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Abstract

This thesis discusses the modeling and robust passivity-based control of an eel-like robot.
The eel is modeled as a multi-body system composed of N rigid ellipsoidal segments,
evolving in a perfect fluid. The effect of the added inertia is taken into account and
an Euler-Lagrange formalism is used to derive the equations of motion. The model is
validated against results from the literature and other results from an existing CFD code
developed at Université Catholique de Louvain. Then, a robust controller exploiting the
passivity properties of the system is derived in the context of input-output stability theory:
a Very Strictly Passive controller is synthesized in an optimal way via Riccati equation
and Kalman-Yakubovich-Popov lemma (Positive Real lemma), and the robustness of the
controller is assessed by the introduction of various disturbances in the system. Finally,
a Line-Of-Sight guidance block is added on top of the controller to achieve straight-line
tracking, and the simulation results are compared with the literature.

Keywords: Eel-like Robot, Model-Based Control, Dynamical Modeling, Multi-Body
Systems, Very Strictly Passive, Robust control, Passivity, Line-Of-Sight Guidance.
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Introduction

IO-INSPIRED robotics gives rise to a prolific literature concerned with the model-
B ing, implementation and control of various types of systems taking advantage
of their biological counterparts [6]. In particular, recent advances have been achieved
in the field of underwater robotics with autonomous systems capable of mimicking the
locomotion of biological fish [7], [8]. These robots inspired from nature are now able to
move more efficiently in aquatic environments, by contrast to traditional systems relying
on energy-consuming man-made propellers [9], [8]. The applications are numerous: marine
transportation, underwater installation maintenance, scientific exploration, save and rescue
missions or underwater warfare with increased maneuvrability.

Not only bio-inspired underwater robots open the way to tremendous increases of
efficiency in marine locomotion, but their study can also improve our understanding of
biological systems in many ways. Indeed, it is widely known that there exists a synergy
between robotics and biology — the modeling and design of fish robots offering a better
understanding of the swimming mechanism among biological fish, such as lamprey or eel

[10], [11], [12].

Especially, this thesis covers the modeling and control of an eel-like robot (see Figure |1)
for its potential applications in underwater locomotion and better understanding of biolog-
ical systems.

Figure 1: A biological eel, a robotic counterpart (the platform developed at Université
Catholique de Louvain), and a simulation snapshot (from the VPM-2D simulator developed
at Université Catholique de Louvain). Images courtesy of [1] and [2].



The focus of this work is on control design, more specifically the design of a model-based
controller in order to achieve efficient locomotion in the presence of disturbances and un-
modelled dynamics. Indeed, a robot swimming underwater is submitted to various external
disturbances (waves, eddies, streams, ...) that may divert it from its goal. Moreover, due
to the complexity of the fluid-structure interaction, developing a Workableﬂ and realistic
model of the hydrodynamic forces acting on the robot is often beyond reach. For that
particular reason, it is highly desirable to design controllers that are robust to model
uncertainties (unmodelled dynamics, parameters uncertainty), so that model imperfections
are alleviated by flexible control architectures.

Consequently, this thesis proposes a passivity—basedﬂ controller that can achieve tra-
jectory tracking in joint space (inner-loop control) while guaranteeing a certain degree
of robustness to unmodelled dynamics and external inputs. Two main tools will be used
throughout this work in order to carry out this task: a simplified inviscid simulator built
on MATLAB / SIMULINK aiming at designing the controller at no cost (quick simulation
time) and a high-fidelity viscous-flow simulator developed at Université Catholique de
Louvain (VPM-2D), used to validate the design. A consistent part of this work is thus
dedicated to respectively develop and validate these simulators, before tackling the control
design problem. Finally, the developed controller is integrated in a complete guidance loop
in order to achieve path following.

The objectives of this thesis are summarized as follows:

e develop a simplified but realistic model of an eel-like swimmer. By "realistic" we
mean that the model can qualitatively reproduce the behavior of more complex
models, based on Computational Fluid Dynamics (CFD) methods (e.g the VPM-2D
simulator). By "simple" we mean that the hydrodynamic efforts can be formulated
analytically and the model used in a control-oriented perspective.

e validate the model against literature results (from which the model is inspired) and
draw conclusions on the comparison with high-fidelity simulators such as VPM-2D.

e using the model presented, design a robust inner-loop controller and test it on both
simulation environments (inviscid simulator and VPM-2D).

e close the loop with a guidance algorithm.

In that respect, this thesis starts by a review of the state of the art in fish-like and
anguilliform robotics. Additional topics are also covered such as the applications of such
robots, the control and modeling aspects, and a quick review of bio-inspired robotics.

Then, the resources available for this project are introduced in Chapter 2} VPM-2D is
presented, along with the robotic platform developed in the context of a former master’s
thesis. Experimental tests on the robot are then carried out: predictions from the CFD
simulator are compared against experimental results, and a localization method is also
implemented.

!By workable, it is intended that the model is to be used in real-time or can be easily used in a control
design perspective. Analytic models are thus "workable" design solutions, by contrast to computationally
intensive numerical methods.

2Passivity is a control-theoretic concept characterizing systems whose energy can be bounded by some
known limits; to that extent, passivity is intrinsically related to stability of the system of interest and a
variety of robust control approaches exploit this model-based property (more on this later).



Chapter [3| is dedicated to the modeling of a N-link eel-like robot using the perfect
fluid assumption. The kinematics and dynamics of swim are established. Validation of
the model by simulations is then investigated in Chapter [4] including energy checks and
comparison of the presented model with results from the literature.

The core of this thesis is covered in Chapter 5|, where the design and implementation
of an inner-loop controller is discussed. The passivity properties of the system are first
unveiled from the model, before being exploited for the synthesis of a robust controller.
The obtained controller presents a hybrid form, combining the characteristics of an optimal
state feedback controller (in a Linear-Quadratic-Regulator fashion) with the robustness
properties guaranteed by the so-called passivity theorem. The controller is simulated and
its performances are assessed by comparison with a benchmark controller in the presence
of disturbances.

Finally, Chapter [6] covers the implementation of a guidance controller, and the results
are compared with the literature.



Chapter 1

Literature Review

The interest for fish-like robots arises from the amazing performances of their biological
counterparts. They can achieve "acceleration up to 20 times the gravity, their speed ex-
ceeding 70 km/h" [I3]. Their remarkable maneuvrability — i.e., 180° turn without slowing
down and radii of curvature about 10 times their length — far exceeds the capabilities of
man-made vehicles. Indeed, the efficiency of the swimming mechanism is about 10 times
higher than blade-propelled submarines [13].

Fish are commonly classified by the way they swim; many sorts of swimming behaviors
have been reported: carangiform, sub-carangiform, ostraciform, anguilliform, and so on [14].
The latter characterizes the swim of lampreys or eels, and is of particular interest due to the
high energy efficiency achieved by these fish [15]. Especially, the focus of this thesis in on
anguilliform swimming and the control of eel-like robots, for there advantageous character-
istics acquired from millions of years of evolution. An eel-like swimmer achieves propulsion
by propagating oscillatory waves of increasing amplitude along its body, from head to tail.
Maneuvrability benefits from the large deformations withstood by their body, along with
the high inter-segmental coordination of their spinal chord. Studies have shown that eels are
5-6 times more efficient than any other fish — one of the main mystery in animal kingdom
being their long annual migration from coastal Europe to Sargasso sea (circa 6000 km, [15]).

These incredible performances motivate the current research on biomimicry and the
understanding on how nature can be mimicked in order to reproduce evolutionary-selected
patterns in our robotic systems. Therefore, our investigation starts by a review on bio-
inspired robotics in general, before covering fish robots and eel-like robots in particular.
Finally, this Chapter reports advances in eel-like locomotion in a control-oriented perspec-
tive with the investigation of key concepts such as Central Pattern Generators (CPG) or
dynamic modeling.

1.1 Bio-inspired Robotics

The study of biological organisms and self-organization can strongly benefit the design of
autonomous robots. While industrial robots operate in highly structured and predictable
environments with a focus on speed, precision and cost-effectiveness, bio-inspired robots
have to cope with wild, changing, uncertain situations and react quickly in unstructured
environments [6].

The complexity of the biological world is reflected in the many types of robots developed



so far: these range from molecular and cellular reproduction to primates, including aquatic
animals and the insect world [6].

The worked-out principles of biological systems are transferred to robot design by mim-
icking the key characteristics of biological structures [16]. In 1949, pioneer of cybernetics
Grey Walter explicitly used behavior-based concept for his two electromechanical Tortoises,

see pictures in Figure 1.

PHOTO-CELL - - -~

Figure 1.1: Elmer and Elsie, the "tortoises", had two photo-sensitive cells each, and
demonstrated an impressive behavioral repertoire to external stimuli. They are considered
as the first ever example of an autonomous electronic robot.

The field has grown quickly over the years. Researches focusing on locomotion have
been carried out e.g. on the switching between swimming to walking with an amphibious
spinal-cord-model robot [18], or on undulatory vehicles with a neural circuit-based controller
(or CPG-like model) driving muscle-based linear actuators through a basic biomimetic
plant [19], [20].

Neural modeling triggers research e.g on spatial memory formation and navigational
skills among rodents [21], thus showing an example of how biology can benefit from robotics.

In [22], Pfeifer reports a growing interest in the notion of "embodied agent" dealing with
highly connected sensors, actuators, limbs and neural system. The concept of morphological
computation is coined to define the correlation between brain, body and environment [23].
FEmbodied agents are simpler, more robust and adaptive than those based on classical
control schemes and are capable of cooperation in order to accomplish specific tasks with
much less computational power [24].

In [25], morphologically and behaviorally different robots are used to illustrate the
influence of morphology and sensor organisation on locomotor capabilities of an autonomous
agent.

Orientation and navigation behaviors for homing are studied exploring optical flow tech-
niques [26] or using morphological robots able to track the sound of insects like crickets [27].

Adaptive machines capable of changing their shape in order to achieve their tasks are
investigated in [28]. They are built with many degrees of freedom and different materials,
taking nature as a "design teacher".



1.2 Robotic Fish

A progress report of fish-inspired mechanical systems is reviewed in this section.

Such autonomous vehicles are essential tools for example in environmental monitoring
systems [4] or to estimate the level of pollution in water [29]. Biomimetic robotic fish are
also useful as an educational and research tool for innovative approaches in temperature
sensing, control, navigation and communication [30]. Robotic fish may also find applications
in marine or military fields where hazardous waters, mine countermeasures, toxic agents
on the cluttered sea bed, leakage in oil pipelines, etc., require fast response miniaturized
solutions. [31]

Efforts to build robots that mimic the kinematics of undulatory fins are essential
to improve the maneuvrability of Unmanned Underwater Vehicles (UUV) with highly
responsive multidirectional movements. Improved agility and propulsion are the biggest
advantages of robotic fish over their propeller-driven cousins.

Robotic fish intends to use characteristics of the real fish, but not all fish fall in one
determined group. There is a variety of biological mechanisms for propulsion in water
(fish locomotion). The major form of locomotion among fish is anguilliform swimming
(e.g eels and morays) achieved by means of sinusoidal lateral movements of the body and
median fins. In sub-carangiform swimming (e.g salmonids) the propulsion is provided
by the tail and the posterior half of the body. Then comes carangiform swimming (e.g
makrell) in which propulsion is achieved mostly by means of rapid oscillations of the
tail. By contrast, thunniform swimming (e.g tunas) allows a rapid advance thanks to
mid-body muscles. Finally, ostraciiform swimming (e.g boxfishes) is a type of locomotion
performed by inflexible fish and characterized by undulation restricted to the caudal fin [14].

RoboTuna, the first fish robot ever, was built in 1994 at MIT. To mimic the undulatory
swimming, the eight-link robot is driven by means of external brushless motors. A flapping
foil exploiting external fluid forces is used to produce higher accelerations. The aim of the
work is to study fluid-mechanics principles, propulsion systems and the role of vortices in
efficient swimming [32]. Improvements in terms of obstacle avoidance, up-down motion
and vorticity control propulsion have since then been developed by the Draper Lab (MIT)
exploiting the body and tail kinematics of RoboTuna.

The VCUUV (Vorticity Control UUV) — nammed after the vorticity control mechanism
used by natural fish to propel and maneuver — is a replica of the yellowfin tuna, following
its morphology and kinematics. Four active links are used to perform the desired body
undulations, allowing significant improvements of the maneuvring capabilities by contrast
to RoboTuna [9).

A carangiform fish is mimicked with a three-link robot by a research team from Califor-
nia Institute of Technology in 2000, see [33], [34]. The robot consists of a rigid body part at
the front, a large wing-like tail at the rear, and a slender stem (or caudal peduncle) which
connects the two. Experimental tests are then conducted to test the quasi-steady flow model
for predicting the thrust generated by the flapping tail. The fish-like swimmer is also able
to "perform a very rapid turn in a small space with a single dramatic body motion" [33], [34].

Boxybot (see picture in Figure [1.2)) is a fully autonomous robot developed at Ecole
Polytechnique Fédérale de Lausanne [3]. The control architecture is based on a Central



Pattern Generator (CPG), implemented as a network of coupled oscillators able to generate
coordinated patterns of rhythmic activity with simple control inputsﬂ It is a swimming
and crawling robotic fish using ostraciiform (and labriform) modes. It is equiped with
caudal and pectoral fins used for the ostraciiform mode, while the caudal fin can be used as
a rudder in labriform mode. The robot is equipped with light sensors, allowing to follow a
bright light moving slowly. The CPG implementation allows to switch easily from forward
to backward gait, or from swimming to crawling.

Figure 1.2: Boxybot, a hybrid crawling and swimming robot from EPFL. Images courtesy

of [3].

A self-contained soft-bodied robotic fish capable of rapid continuum-body motion and
performing sudden escape maneuvers is described in [36]. The compliant body emulates
the slender anatomical form of a fish. Pressurized fluids are used to power fluidic elastomer
actuators. The stored fluids are distributed to the robot’s actuators by both a gas regulation
mechanism and delivery system. Its closest precursor, the remote-controlled Airacuda fish
from FESTO, can also perform static diving and swimming thanks to onboard pneumatic
actuation system. The four pneumatic muscles allow to achieve a flexible body movement
and steering [37].

1.3 Eel-like Robots

Anguilliform (eel-like) fish achieve locomotion by propagating undulations of increasing
amplitude along their body from head to tail.

This locomotion gait transposed to a robotic platform is a highly desirable solution
for achieving flexible and quick maneuvers, with applications to deep-sea exploration or
maintenance of highly constrained and inaccessible terrains [38].

This section reviews some of the eel-like robotic platform investigated in the literature.

Amphibot II (a new version of a two-dimensional-motion-capability snake-like robot) is
capable of crawling and swimming. It is a seven actuated segments robot with an on-board
CPG based on a system of amplitude-controlled phase oscillators generating a travelling

"Various designs for such neural control architectures (capable of producing the patterns of stable and
permanent oscillations necessary for eel-like swimming) were developed in [35].



wave propagated from head to the tail [39].

In [40], an analytic model of an eel-like swimmer based on the Large Amplitude Elon-
gated Body Theory is combined with a Newton-Euler-Featherstone approach for integrating
the equations of motion. A robotic platform, AmphiBot III, is developed to test the hy-
potheses of the simulation environement. The actuated segments are mechanically and
electrically connected by an elastic connector. The head segment contains the locomotion
control board and an embedded radio device. The seven modular body segments contain
each a power board implementing a Proportional Derivative (PD) position controller, a
Direct Current gear-motor driving the elastic connector and a battery. The tail segment
supports a rigid caudal fin.

ACM-RS5 is a three-dimensional amphibious snake-like robot developed for search and
rescue missions. It is an extension of the 3-D active cord mechanism HELIX (full-body
helical motion) in [4I]. ACM-R5 is composed of several modules with yaw and pitch
degrees of freedom thanks to two pairs of sector gears located perpendicularly on its both

sides [42].

The 3D-printed « Envirobot » (see picture in Figure , from Ecole Polytechnique
Fédérale de Lausanne, collects environmental informations to detect sources of water
pollution. It consists of a bio-inspired lamprey-like robot with a head-unit, containing most
of the processing capabilities. The numerous modules of the robot contain each a small
electric motor but also physical, chemical and biological sensors. Some modules have tiny
chambers that host bacteria or fish cells (bactosensor chip) whose reactions with water
pollutants can be analyzed in real time [4]. As a major enhancement, visual capabilities
have been added to Envirobot using a head module with two wide-angle onboard cameras

[43].

In, [44], the capabilities of Envirobot in terms of thrust, power consumption and velocity
are compared with blade-propelled UUV.

Figure 1.3: Envirobot is capable of detecting pollutants present in water in real time.
Images courtesy of [4].

Eelume is a subsea eel-like autonomous agent capable of performing operations of
inspections, maintenance and repairs for oil and gas installations at reduced costs. Able to
change shape and produce lateral and longitudinal thrust forces, the robot is tether-free
and camera-equipped, see Figure [5].



Figure 1.4: Eelume is an example of industrial applications of eel-like robotics: this subsea
robot is used in inspections, maintenance and repairs for oil and gas installations. Images
courtesy of [5].

1.4 Modeling and Control of Eel-like Robots

1.4.1 Modeling

Modeling of eel-like robot is abundantly referenced in the literature. For example, in
[40], Lighthill theory (1960) for a slender body moving in a fluid is used to establish the
Equations Of Motion (EOM) with a Newton-Euler formalism. A different approach based
on the resolution of Laplace equation for a potential and inviscid flow is used in [45],
allowing to derive the Lagrangian of the system fluid and body as depending only on the
body configurations. The action of the fluid is modelized naturally as an addition to the
inertia of the body.

More sophisticated 3D models also exist in the literature along with models considering
the system as a continuum, [46]. By contrast, a very simple control-oriented model is

proposed in [47].

1.4.2 Control

Regarding the control problem, most of the results are inspired from (ground) snake
robotics research from the 1990’s, see [48] for a review. Most of the approaches reviewed are
based on simple control strategies and model-free control, due to the difficulty to capture
the complexity of the model. For example, in [38], a PD controller combined with Line Of
Sight (LOS) guidance is used to achieve trajectory following. In [49], an approach based
on integral LOS is used, allowing to follow trajectories in the presence of disturbances
(streams) thanks to integral action. This approach is further extended in [50] using an
inner-loop model-based controller: starting from the simplified control-oriented model
developed in [47], the nonlinear dynamics is cancelled through feedback linearization in
order to achieve joint space trajectory tracking.

1.4.3 Bio-inspired Control: Central Pattern Generators

Animal locomotion is fascinating: neurobiological researches has found that the rhythmic
behavior induced by locomotion is not regulated by a sensory consequence of moving
body parts, but by neural networks properties [51]. These neural networks responsible



for locomotion among vertebrates are called Central Pattern Generator (CPG). They
are nonlinear coupled oscillators capable of generating and modulating stable oscillatory
patterns involved in locomotion activities. Implementation of a CPG for controlling motion
thus yields a robust bio-inspired solution for generating stable oscillatory signals [52]. These
oscillatory signals can then be used as an input for an inner-loop controller in order to
achieve rhythmic activities such as swimming or crawling.

The advantage of CPG over traditional methods is the low dimensionality of the input
used for the modulation: while traditional approaches use sensory feedback information
such as speed, position, gait pattern, etc., CPG inputs are usually very simple. However,
most of the time, CPG have to be tailor made for specific applications [3].

The CPG, like its biological counterpart, can produce modulated and coordinated
patterns of rhythmic activity as swimming and crawling such in [3], the agility of the
BoxyBot robot is demonstrated using a CPG-based control approach. The control archi-
tecture is shown to achieve stable rhythmic patterns and rapidity switch between different
locomotion behaviors with smooth trajectories despite abrupt changes of control parameters.
Multiple others robots have been designed using a CPG-based architecture. For example,
a CPG-based controller is implemented for the locomotion control of a quadruped robot in
[53]. The lying down behavior observed among cats and dogs could be reproduced using
this approach.

In [54], flexible and precise turning maneuvers in both forward and backward swimming
are implemented for a sub-carangiform robot with CPG control.

An other application of CPG for bipedal locomotion control is achieved with a 23
degrees of freedom simulated humanoid robot. The novel CPG system can learn walking
trajectory signals in a supervised learning framework: « Using adaptive rules implemented
as differential equations, parameters such as intrinsic frequencies, amplitudes, and coupling
weights are automatically adjusted to replicate a teaching signal.” [55] When the teaching
signal is removed, the CPG is capable of reproducing the learned pattern and achieve
walking gait.
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Chapter 2

Presentation and Experimental
Validation of the Simulator
VPM-2D

HE simulator VPM-2D developed at Université Catholique de Louvain is a high-
T fidelity CFD code combining a Vortex Particle-Mesh method with a Multi-Body
System solver for articulated structure-fluid interaction. This Chapter aims at validating
the simulator via experimental results. After introducing the simulator and the robot
serving as a test-bench, the experimental methodology is described. Then, the results of
the experiments are presented and discussed, allowing to make some suggestions on future

design and give a direction to this work.

This Chapter has a special place in this thesis as it deals almost exclusively with
experimental work. In that respect, a particular emphasis is put on the separation between
the experimental methodology, the presentation of results, and the discussion.

2.1 VPM-2D

The VPM-2D simulator ("Vortex Particle-Mesh for 2D problems") is a CFD code developed
at Université Catholique de Louvain aiming at solving complex flows arising from the
interaction of fluid-solid structures. Originally developed by Grazzola in [I] for studying
the interaction between a fluid and a body with prescribed deformations, the simulator
has since then been extended to tackle a priori unknown deformations with the treatment
of systems of articulated bodies by Bernier in [56].

In its current form, VPM-2D is thus a hybrid solver for 2D problems that combines a
Vortex Particle-Mesh (VPM) method with a Multi-Body System (MBS) solver.

VPM methods for solving incompressible flows past deforming bodies consist in a
Lagrangian discretization of the Navier-Stokes equations in their vorticity formulatiorE]
[56]. The classical VPM approach considers the kinematics of the moving bodies as known
a priori, whereas the hybrid approach used here first computes the hydrodynamic efforts
acting on the structure with the VPM method and then solves the internal dynamics of
the articulated bodies with a MBS solver.

The velocity field can then be recovered from Poisson equation
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The level of refinement intended here aims at taking into account highly nonlinear
phenomena occuring in the flow, such as turbulences, wake of other moving structures and
vortex shedding due to obstacles.

The hybridization of the VPM and the MBS solvers yields the following algorithm [56]:

e Velocity update. At first, the velocity field is updated by solving the Poisson equation
relating velocity and vorticity fields.

e Projection. Then, in the so-called projection step, the flow is solved by considering
that the fluid is unconstrained by the immersed bodies. In other words, the fluid is
set free to move in the region occupied by the solid, as if it was vacant. This results
in an addition to the momentum and angular momentum of the bodies.

o Hydrodynamic and hydrostatic torques. The hydrodynamic torques acting at the
joints of the bodies are computed from the results of the projection method at the
current time step and the penalization from previous time step. In the case of
neutrally buoyant systems, the hydrostatic forces and momenta are zero, otherwise
they have to be taken into account at this stage.

e MBS solver. Based on the actuation torques (generated by a controller) and the
hydrodynamic torques obtained previously, the dynamic equations of the articulated
bodies are integrated with an adaptive-time-step fourth-order Runge-Kutta-Fehlberg
method. The new configuration of the system is thus obtained.

o Shape update. The motion of the bodies during the current time step is translated
into a characteristic function describing the new shape of the articulated system.

e Brinkman penalization. The no-slip condition at the interface fluid-solid is enforced
using a Brinkman penalization of the velocity field. Basically, this methods consists
in adding a penalization term in the Navier-Stokes equations to bring the velocity
of the fluid inside the region occupied by the solid to a prescribed body velocity. A
penalization of the vorticity is also performed; the penalized forces computed will be
used in the next time step for the computation of the hydrodynamic torques acting
on the bodies.

e Vorticity update. Finally the vorticity field is updated by evaluating the spatial
derivatives with second order centered finite difference schemes.

In the context of this thesis, the algorithm above is applied to eel-like swimmers, see
Figure [2.1] for a typical MBS diagram. The articulated structure consists of N ellipsoidal
rigid bodies assembled in an open chain with rotational joints. The flow is solved in the 2D
plane containing the ellipses. The torques 7; applied at the joints can be specified at each
time step (using a controller). The following geometric parameters are reported on this
Figure: the link length 2a, the minor semi-axis b, the tip-to-joint distance ¢, the number
of links N and joints N — 1. The latter defines the number of generalized coordinates
n=N+4+2:

e three generalized coordinates are used to specify the pose of the first link: x,y and 6.

e N — 1 generalized coordinate are used to describe the (relative) rotation of the N — 1
joints: ¢17 ¢27 ) ¢N—1
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Figure 2.1: N-segment eel-like robot MBS diagram.

Also the following physical parameters are of paramount importance to characterize
the flow: the density of the fluid p and the kinematic viscosity of water v. The density of
the solids ps should also be specified.

The next section aims at presenting a robotic platform to reproduce in an experiment
the conditions of the VPM-2D simulator.

2.2 The Eel-like Robot

In order to validate the simulator, an eel-like robot was designed by former master’s
students [2]. The simplified design matches the conditions of the simulator and the ease of
assembly of the different components makes it an ideal platform to critically assess the
simulations against experimental tests.

From the functional analysis performed by the students, the robot supposedly has the
following characteristics/abilities in order to comply with the assumptions of the Simulatorﬂ

e critical parts (actuators, wire connectors) are made waterproof and emerged.
e the robot is stable in water and neutrally buoyant.
e the mechanical parts are easy to assemble/disassemble.

e the robot is free to move forward in the pool of the LEFT Hall at Université Catholique
de Louvain.

e the bodies have ellipsoidal geometries.

2The experimental tests in the following sections will critically assess if the robotic platform indeed
complies with these assumptions.
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e a significant height is given to the ellipsoidal bodies evolving in shallow water in
order to avoid simulation-unmodelled boundary effects?]

e the robot is equipped with a single-board computer capable of controlling the actua-
tors and acquiring data.

The robot that has been designed following the guidelines above is presented in Figure
2.2 The robot consists of N links free to rotate about the vertical axis. In the present
experiment, N = 4 links only are used. Each link consists of the assembly of a transmission
shaft and a Dynamixel AX-12A motor (maximum torque: 1.6 Nm). Then, the assembly
is inserted into a hollow ellipsoidal paddle as shown in Figure The links are jointed
by connecting the motor shafts to the hollow metal rods of the next link as seen in Figure[2.4]

Figure 2.2: Eel-like robot SolidWorks drawing. In the present experimental setup, N = 4
links are used with N — 1 = 3 actuators operating. Image courtesy of [2].

The main dimensions of the robot are (referring to Figure : major semi-axis of an
ellipse @ = 0.1 m, minor semi-axis b = 0.01 m, tip-to-joint distance ¢ = 0.01 m, height
h = 0.3 m. The detailed drawings of the robot with all dimensions may be found in [2].

The single-board computer used for controlling the Dynamixel motors and acquiring
the data is the Arduino Micro. It is powered by an ATX power supply unit connected to
the grid. In practice all computations are performed offline for the ease of data acquisition.
The Arduino board and the Dynamixel motors are thus interfaced with a long cable.

Finally each motor is assigned with a color tag and the robotic platform is put in the
LEFT hall pool, as seen in Figure [2.5] Each operating motor is assigned an identification
number from 1 to 3 (from head to tail). In order to localize the robot with respect to a
reference frame, the x, y-frame is collocated with the top of the image as shown.

3Indeed, the VPM-2D being a 2D simulator, it is desired to reproduce 2D-like conditions in the physical
world.
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(a) Side view
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(b) Top view

Figure 2.3: Assembly motor (4) + transmission shaft (2) inserted into the hollow ellipsoidal
paddle (12). Image courtesy of [2].

Figure 2.4: Connection between links: the motor shaft is inserted into the hollow transmis-
sion shaft of the next link. Image courtesy of [2].
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Figure 2.5: Experimental setup: the N = 4 links eel-like robot swimming forward in the
LEFT hall pool. Image acquired by a camera (Iphone 6) placed atop the scene.

2.3 Experimental Validation

2.3.1 Methodology
2.3.1.1 Objective

The objective of the experiment is twofold: on the one hand it aims at validating the
VPM-2D simulator, on the other hand it aims at assessing the suitability of the platform
designed. The following key-points are achieved:

e buoy (keep afloat) the robot in shallow water by proper ballasting.
e achieve inner-loop control, i.e joint angles control of the actuators.
e acquire torque and joint angle measurements.

e achieve localization of the robot.

Collecting and processing the various data allows to compare the behavior of the
robot in the pool with the prediction from the simulator — namely the predicted joint
torque and predicted position of the robot are compared with the experimentally-acquired
data. In addition, the platform is evaluated throughout the experimental process based
on qualitative criteria (such as "how easy can the robot be stabilized in water") and
quantitative criteria (e.g the matching between the desired joint angle trajectory and the
one achieved by the Dynamixel via the built-in controller).

2.3.1.2 Preliminaries

The robot designed by Barbason and Vanderweggen (see [2]) is used without any additional
structural modifications. The Arduino code is adapted slightly to modify some parameters
and acquire desired data.

At first, the wire connections and communication between the micro-computer and
the actuators are tested outside water. Then, the robot is assembled by mechanically
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connecting all 4 segments together and inserting the transmission shafts supporting the
motors into their paddle casings. The critical parts (wire connectors and actuators) are
sealed with a combination of plastic foils and tape. Finally, the robot was put in the water
and kept afloat by properly ballasting the hollow paddles.

2.3.1.3 First Experiment: Inner-Loop Control

The first experiment aims at assessing the ability of the Dynamixel to follow a trajectory in
joint space thanks to its built-in controller. Unfortunately, it is not possible to modify the
built-in controller without rewriting the firmware (which is hard to do and may damage
the Dynamixel). The user can only specify a desired position (position control), with no
possibility to do torque control or implement a custom controller. The following trajectory
in joint space is chosen to achieve forward anguilliform motionﬂ

¢:(t) = a(t)g(i, N) sin(wt + i9), (2.1)

where ¢ is the desired relative joint angle of actuator 7, g(i, N) = % is a gait pattern for
anguilliform motion with an incremental increase in amplitude from head to tail, w = 27 f,
where f = 0.25 Hz is the frequency and § = —F the phase shift between the joints. For
practical reasons, we use an amplitude of the form: «(t) = 1.49 (1 — exp (—t/3))rad for
a gradual increase of the oscillations with time. By doing so, the disturbances generated
in water at start-up are limited. Note that the law given in equation still has to be

adapted to fit the format of the Dynamixel registers (see the datasheet [57]).

When the robot is kept afloat in steady water (with the presence of the user in the
pooﬂ ), the micro-controller is turned on and starts executing the code. ; the joint angles
are measured in real time by the Dynamixel built-in sensors.

2.3.1.4 Second Experiment: Color Detection for Localization

In this second experiment, video processing with feature detection is used to localize the
robot thanks to a video camera placed atop the scene. The algorithm chosen for the
processing is color detection for its relative simplicity: a green tag is placed on the tail
of the robot and the images are filtered out to obtain only green pixels. Because color
detection is highly sensitive to noise and lighting conditions, a robust and fast clustering
algorithm named DBSCAN (Density-Based Spatial Clustering of Applications with Noise,
[58]) is applied on top of that to eliminate potential outliers and noise. Finally, in order to
extract distances information in an image, a known length object is placed in the scene
and all measured distances in pixel space are converted into physical space by comparison.

The color chosen for the tag is green as it is unlikely that a green object present in
the pool interferes with the detection process. The color tag is attached to the tail of the
robot but any other segment position can be inferred from there with joint angles informa-
tion. The known-length object used is a tape of 20 cm placed on the side window of the pool.

The joint angles of the robots are controlled (inner-loop control) with the same desired
trajectories as previously.

4see Chapter @ for a presentation of this guidance law.
5The user has to continuously follow the robot to prevent it from sinking in water, with a risk for the
actuators.
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Note that the localization was not performed in real time but only in post-processing
for validation purpose. Further work would involve running the color detection algorithm
in real time — probably with an external computer linked to the camera. The camera
can be attached to a robotic movable frame capable of following the robot. This would
allow to process the images and obtain the position relative to the camera frame in real
time for guidance (outer-loop) control. This is feasible as the images can be processed
in a reasonable time thanks to the fast algorithms used. Moreover the velocity of the
robotic frame can be programmed by estimating the velocity of the robot a priori (e.g by
simulation). Finally it is worthwhile mentioning that the absolute localisation would not
be required to achieve straight-line following in the pool: only the cross-track error between
the robot and the path is needed, which can be acquired each time a frame is processed.

2.3.1.5 Third Experiment: Torque Measurement

This experiment aims at measuring the hydrodynamic torque applying at the last joint.

The robot is controlled in inner loop as previously, but this time the desired joint angle
associated to the last actuator (actuator number 3, in Figure is set to zero so that
a proper static torque measurement can be acquired. Indeed, following the datasheet of
the Dynamixel, a dynamic torque measurement is not reliable enough and only a static
measurement (i.e when the actuator is holding a still position) makes sense. Note also
that the built-in torque sensor of the Dynamixel is not outputting a torque measurement
directly, but a measure of electric current. Thus, the current-to-torque conversion has to
be performed following the discussion in [59].

2.3.1.6 Programming VPM-2D

This section describes briefly the simulation set up (choice of parameters, control law, ...).
Practical information such as which functions to be modified and other code-related issues
are reported to Appendix [A]

The usual parameters are chosenlﬂ and recalled here: ¢ = 0.1m, b = 0.01lm, ¢ = 0.01m,
v=1e—6 m?/s, N = 4.

As the Dynamixel motors implement a PD-type controller, the following control law is
used in simulation (obtained heuristically):

7 = 500(¢} — ¢;) + 50(dF — ;) (2.2)

where 7; is the actuation torque for joint i, ¢; is the generalized coordinate associated
with the motion of joint ¢ and ¢} is the desired trajectory (obtained via equation ({2.1))).
Note that a saturation on the actuation torque is enforced to take into account the limita-
tions of the Dynamixel.

2.3.2 Results

The results of the first experiment are shown in Figures [2.6] and [2.7] for the trajectory
following in joint space.

5Using the notations introduced in Figure Be careful that in the simulator framework, the longitudinal
dimension of the ellipse is specified using the major axis 2a, and not with the major semi-axis a.
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Figure 2.6: Comparison between desired and achieved joint space trajectories for joint
number 1.

Figure compares the joint desired trajectory issued by the law given in equation
(dashed red line) with the trajectory achieved by the built-in controller of the Dynamixel
(blue solid line) for actuator 1. The other joints presenting similar curves, they are thus
not displayed for the sake of conciseness.

The amplitude increases gradually as expected (due to the "gradual-increase" amplitude
aforementioned) and reaches its terminal value after about 6 s. Discrepancies between the
desired and achieved trajectories are sometimes observed at the peaks with relative errors
up to 8%. Very important and sudden discrepancies (like the one arising around 5 s) may
be reasonably assimilated to noise in the measurement process.

Sometimes however, discrepancies are more important and the tracking is more chaotic
(for example in the presence of disturbances in the water) as illustrated in Figure for
actuator 2. Brief but important excursions from the desired trajectory are observed which
alters the quality of tracking.

The following qualitative observations are also made in this first experiment:

e The observed gait looks like anguilliform motion.

e The robot is not perfectly stable due to the large weight above water (Dynamixel
motors), which requires to manually interact with the robot at some point.

e The robot is able to achieve forward motion but with some drift from a straight line,
which requires to manually interact with the robot at some point.

e A human presence in the pool is required as it is not possible to interact with the
robot from the outside. Consequently, the user has to follow the robot inside the
pool, which in turns perturbs the robot and worsen the stability and directionality
issues aforementioned.
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Figure 2.7: Illustration of a discrepancy occuring in the trajectory tracking for joint 2.

e The assembly of all the mechanical parts is easy.

e The ballasting process is a fail and try process: it consists in adding lead balls
into the paddle casings of each link and test the buoyancy of the robot in water.
Unfortunately, if too many lead balls are added, the robot has to be put out of the
water and disassembled to remove some.

The output of the second experiment is presented in Figures and

Some frames obtained via color detection (and DBSCAN) are shown in Figure At
each time step, the algorithm acquires a frame from the video camera (upper images) and
extracts a thresholded image from the original RGB image so that the region considered
as "green" appears (lower images). Then the DBSCAN algorithm is applied to eliminate
outliers, the centroid of the remaining region is computed and highlighted by a yellow mark.

Figure [2.9] aims at assessing the ability of the color detection algorithm to localize
the tail by comparing expected y-axis tail positions over time (inferred from joint angle
measurements, i.e odometry) with measured tail positions by color detection. The blue
curve (inferred position) is obtained by first acquiring the measured joint angles of all
actuators and then performing the required trigonometric computations. The red dots are
the successive estimated positions of the tail (centroids of the filtered cluster of green pixels
detected in the current image). Errors between the expected and measured amplitudes up
to 7Tcm are observed (corresponding to relative errors up to 15%), along with shifts in time
of up to 0.5 s. It should be noted that color detection measurements are not available at
each time step: for example around ¢ = 14s a measurement is not available for almost 1s.
Note that the time scale in this Figure does not start at zero since the measurements start
only when the robot enters the field of view of the video camera, after a few seconds.
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Figure 2.8: Successive frames outputted by the color detection algorithm: the green tag
attached to the tail of the robot (upper image) is detected and identified by a yellow marker
(lower image)

Figure is a comparison between the measured position of the tail (red dots) and the
simulation results from VPM-2D with the parameters and controller specified previously.
The same qualitative motion pattern is observed for both, with position errors up to 7cm.

The last experiment result is presented in Figure In this Figure, the measured and
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Figure 2.9: Validation of the color detection experiment: comparison between the expected
trajectory of the tail (inferred from joint angles measurement) and the measured trajectory
with the color detection algorithm.
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Figure 2.10: Validation of the VPM-2D simulator: comparison between the predicted = —y
path of the robot using a VPM-2D simulation and the measured path by color detection of
the robot’s tail.

the predicted reaction torque at the last joint (static) is plotted versus time. The results fall
within the same order of magnitude and both curves have the same oscillatory qualitative
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behavior. Nevertheless, a phase shift of approximately 1 s and a (maximum) peak-to-peak
differences of 0.2 N.m between the predicted and measured results are observed.
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Figure 2.11: Comparison between the predicted static torque (VPM-2D) and the measured
static torque at the last joint.

2.3.3 Discussion

The first experiment aims at assessing the ability of the platform to achieve forward motion
and follow a prescribed trajectory in joint space. From the results, the capabilities of
the Dynamixel motors equipping the platform are acceptable, with a rather good match
between the desired and achieved trajectories. However, they are quite sensitive to dis-
turbances in water (arising from the robot itself or by the user walking along in the pool)
and wavelets reflected by the pool boundaries. The disturbances cause important local
discrepancies regarding the joint-space trajectory tracking, which in turns affects forward
motion. Since the outer loop is not closed — i.e there is no guidance control — the robot
deviates from a straight-line path. Moreover, stability issues are observed. This has to be
corrected by interacting manually with the robot as explained, which in turns causes more

disturbances.

Definitely, at this stage, the robot is not able to swim autonomously in the pool without
a sporadic human help to stabilize it, but the platform may be kept afloat in the right
direction for long enough in order to acquire relevant data for the simulator validation.

Further work should be done in order to improve the following aspects:

e Stability. Other master’s students are currently working on the stability issues
by revisiting the robot design: adding a bark-like floating structure to the links.
Unfortunately their prototype was not ready yet when the present experiments were
carried out.
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e Forward motion. Closing the outer loop with a guidance controller is an obvious
next step to achieve forward motion. The present work demonstrates the viability of
using a combination of color detection with a clustering algorithm DBSCAN for the
localization in post-processing. Future work will focus on adapting the set up for
a real-time implementation: this includes running the algorithm on an embedded
micro-computer, dealing with the motion of the camera frame and implementing a
guidance algorithm.

e In order to avoid wavelets reflected at the boundaries, tests should be performed in a
larger pool. The width of the pool is actually less than 2 m, which causes important
perturbations. Moreover, the dimensions of the pool at this stage prevents testing
any guidance algorithm other than straight-line following — and even in that case, an
important overshoot may be observed as discussed in Chapter [6]

e Tuning the parameters of the control law. A slowly increasing factor was already
added so that the robot starts oscillating smoothly, but the stability may be improved
by fine tuning the gait parameters such as the frequency and amplitude of oscillation.

e Torque control. The main drawback of the Dynamixel is its sensitivity to external
disturbances. Combined with the impossibility to achieve torque control or use a
custom controller, the relevance of this actuator is questionable. Indeed, the user is
dependent of the built-in controller, which is not adapted to exploit the knowledge
one can have on the environment. A significant improvement would thus to replace
the Dynamixel by a torque-controllable actuator and design a controller capable of
robustly tracking a trajectory in the presence of disturbances, possibly using real-time
information from the environment (model-based control).

The second experiment aims at comparing the simulation-predicted position of the
robot with the measured position from a localization system. The localization consists in
video processing with feature detection. A color detection algorithm is combined with a
clustering algorithm (DBSCAN) to detect the tail of the robot. From this experiment, it is
possible to validate the predictions of the simulator.

Indeed, on the one hand a satisfying match is observed between the results of the color
detection and the inferred position of the tail from joint angle measurements (odometry). A
7 cm error is observed, which seems reasonable for camera-based localisation and accounts
for inevitable deformation of distances with camera images, uncertainties in the exact
localization of the tail due to the large size of the color tag (a square of about 4 cm?) or
errors in the measurement of the known-length tape in pixel space. Remarkably, thanks
to the filtering action of DBSCAN, there seems to be no False Positivﬂ (FP) that would
alter the quality of the data. There are however some False Negativeﬂ (FN) at some point,
probably due to the changing lighting conditions (the robot passes beneath a luminaire
which affects the deteceted RGB image). This is however not a problem even for a real-time
implementation as the detection rate stays below 1 s anyways.

On the other hand, the second experiment allows to draw a significant parallel between
the simulator predictions and the behavior of the robot. There is indeed a good match

"FP: the algorithm mistakenly detects a target that is not the object of interest.
8FN: the algorithm fails to detect the object of interest despite present in the frame.
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between the measured path and the predicted path, which shows VPM-2D is a good proxy
for realistically simulating the motion of anguilliform swimmers. Note that the simulator
slightly underestimates the lateral motion of the real process.

The third experiment — hydrodynamic torque measurement at the joint — is a little
bit less conclusive in the sense that the match is not as good. A surprising phase shift
is observed between the expected and measured results, and the simulator is shown to
overestimate the hydrodynamic torque at the joint — which explains why the amplitude
of the oscillations predicted by the simulator are smaller than measured. Nevertheless,
these discrepancies are mitigated by the fact that the torque sensor of the Dynamixel
are not reliable enough as stated by the manufacturer itself in the datasheet [57]. New
measurement should be carried out with proper torque sensors, e.g using a strain gauge.

2.4 Conclusion

This Chapter was dedicated to the validation of the VPM-2D simulator with an experiment.

The VPM-2D simulator, along with the robot used in the experiments were first
presented.

After that, three experiments were carried out: the first experiment aimed at assessing
qualitatively and quantitatively the suitability of the platform to follow a desired trajectory
in joint space and achieve forward motion. The results showed satisfying tracking capabili-
ties of the actuators for acquiring relevant data, but highlighted the lack of stability of
the platform, drift from straight-line motion, and the sensitivity of the Dynamixel motors
to disturbances from the fluid. Some improvements may be done regarding the following
aspects: implement an outer-loop controller, implement a custom inner-loop controller with
torque-controllable actuators, review the design of the platform regarding the stability.

The second experiment focused on a camera-based localization relying on color detection
and pixel clustering (DBSCAN). The localization was successfully validated by comparison
with predicted positions from odometry. The information from the localization allowed
to validate the VPM-2D simulator by comparison between the detected and simulated paths.

The third experiment was related to static torque measurements at the last joint for
comparison with the simulated results. The observations are not conclusive due to the
poor reliability of the sensor used, but the results obtained fall within the same order of
magnitude.

As a conclusion, this chapter allowed to identify the strengths and the weaknesses of
the resources available for this thesis. On the one hand, the VPM-2D simulator captures
correctly the behavior of an eel-like swimmer, in particular the robotic platform designed.
However, this knowledge comes at the cost of long simulation times (about 12 h for 10
s of simulation in closed inner loop). On the other hand, the robotic platform provides
satisfying experimental results for the validation, but suffers from important design issues
regarding the stability and the controllability, which prevents its use as an autonomous
agent.

The direction chosen for this thesis is to focus on the controllability problem, whereas
another team of students will focus on the design aspect (such as solving the stability
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issues, replacing the Dynamixel actuators by torque-controllable actuators, and so on).

Acknowledging the limitations of the built-in controller used in the Dynamixel, we seek
a robust controller capable of exploiting the information from the environment. Such a
model-based approach is thought to overperform the model-free PD-like controller used in
the Dynamixel. Moreover, a guidance loop will be added for the purpose of path following.
The next Chapters cover the design of these inner- and outer-loop controllers. However,
before tackling model-based control, a suitable model of an anguilliform swimmer has to
be established. By "suitable", it is intended realistic and simple. Indeed, the VPM-2D
simulator already offers a high-fidelity description of the behavior of the system, but it
is not a viable solution for control design due to time limitation. The object of the next
Chapter is thus to develop a simplified model of an eel in a control design perspective. The
VPM-2D simulator, however, will be used throughout this thesis in order to validate the
tools and controllers developed.
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Chapter 3

Modeling

HIS chapter is an investigation of the simplified dynamics of a N-link eel-like robot,
T using an inviscid incompressible formulation of Navier-Stokes equations. The
motivation arises from the long simulation times experienced with VPM-2D and the desire
to obtain an analytic formulation of the dynamics, exploitable for designing a model-based
controller. At first, the assumptions made on the fluid and the bodies are listed and
discussed. Then, the mathematical formalism used for the treatment of the dynamics and
kinematics is presented. The kinematics of a N-link eel is formulated next, along with
the configuration and time rate of the kinematics. Finally, the dynamics of the system
is established. The approach is inspired from the work of [45], but extends it with the
explicit development of the Equations Of Motion (EOM) with Euler-Lagrange formalism.

3.1 Assumptions

First, the various assumptions made for describing the fluid and the bodies (eel) are listed
below.

3.1.1 Assumptions on the fluid
e F1. Incompressible fluid.
e F2. Inviscid fluid.

F3. Irrotational flow.

e F4. The volume occupied by the fluid is infinitely large and the fluid is at rest at
infinity.

e F'5. The region occupied by the fluid is topologically connected.

Assumptions F'5 is obviously satisfied and will be used to justify the application of a
mathematical result later on. Assumption F4 is also of practical mathematical use and
basically implies that the motion will not be perturbed by external actions (e.g stream,
obstacles or wave reflection at the boundaries of the real fluid). If ever these effects occur,
which would be the case for any real robot swimming in a pool for example (wave reflection
on the walls), they can be treated as small perturbations of the model presently established.
F1, F2, F3 are important assumptions allowing to simplify and solve for Navier-Stokes
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equations. While F1 is not a strong assumption for a fluid like water which is basically
incompressible in normal conditions, F2 and F3 are trickier. F2 says that the fluid can only
exert pressure forces on the body (no shear) and F3 states that the motion of the fluid is
entirely due to the solid. However, making these assumptions results in neglecting the impor-
tant mechanism of vortex sheddinﬂ that also plays a role in the locomotion of the swimmer.

In Kanso [45], it is suggested that F3 can still be enforced while taking into account
vortex shedding. Indeed, the physics of the mechanism can be treated using "point vor-
tices" that are local singularities of the flow with non-zero vorticity, while the flow is
assumed to be irrotational everywhere else [60]. F2 also still holds as it is pointed out
that the vortices generated from the separation of the thin boundary layer of the swim-
mer are actually negligible compared to other sources of vortex. Kanso’s suggestion is
thus to use a simplified model based on the perfect-fluid assumption with potential flow,
and then possibly add a model of the vorticity on top. As highlighted by Porez in [40],
the technique is however computationally expensive which prevents any real-time operation.

In a control design perspective, the simplified model without vortex shedding is thought
to capture the dynamics of swim with a sufficient level of fidelity. In other words, we coin
that the main propulsive source for eel locomotion is not vortex shedding, but body-to-water
transfers of momentum through forces exerted on the fluid. Moreover, we coin that the
inviscid assumption, allowing tremendous simplifications, yields a sufficiently realistﬂ model
for performing low cost simulations and control design.

3.1.2 Assumptions on the body

e B1. The system is neutrally buoyant.
e B2. The system consists in a chain of N articulated rigid bodies, denoted B;.
e B3. The bodies are ellipsoidal cylinders of infinite height.

e B4. There is no hydrodynamic coupling between links.

Assumptions B3 and B1 allow to treat the dynamics as a 2D problem. B1 is easily
achieved, even for the biological fish in agreement with natural observations - it is required
that the density of the bodies is equal to the density of the fluid. B3 justifies the slender
shape for the paddles in Chapter

B2 is not true for biological fish (elastic body), but can easily be achieved with robotic
fish. B4 is a simplification that allows to obtain an analytic formulation of Navier-Stokes
equations as it will be seen later. It has been shown in [45] that neglecting the influence of
other links yields a significant underestimation of the force acting on the bodies. However,
taking into account the coupling would imply computing numerically some fluid parameters
in real time (using for example costly boundary element methods) which is not acceptable
for robotic applications. Nevertheless, it has been reported in [45] that the qualitative

"Vortex shedding is the emission of vortices subsequent to the separation of the boundary layer around
solids moving in a fluid.

20f course, the model obtained by assuming no viscosity would never achieve the level of fidelity of
a VPM-2D simulation. By "sufficiently realist" we mean that the qualitative behavior of the eel can be
reproduced with this assumption. This ascertion will be valided in the next Chapter.
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behavior of the motion is still faithfully captured when assuming no coupling. So, in a
control-focused perspective, this assumption is acceptable.

In the remainder of this thesis, the aforementioned assumptions are referred by their
number to justify mathematical developments or explain discrepancies in simulation results.

3.2 Mathematical formalism

First of all, a mathematical formalism for treating rigorously dynamic problems is intro-
duced, inspired from [61]. The formalism introduces the concept of "vectrix" as a systematic
tool to establish vectorial equations and resolve them in various reference frames. Remark-
ably, vectrices allow to define naturally the rotational operators ("rotation matrices") as
elements of the special orthogonal group (SO(3)). In what follows, a systematic distinction
will be made between a physical vector and its component in a particular frame. The extra
effort will pay off later on when dealing with multiple reference frames.

Let P be the space of physical vectors (also known first order tensors). To a reference
frame JF},, we associate a vectrix defined in terms of its basis vectors:

1
i

=177, (3.1)

i

where the b € P stand for mutually orthonormal physical vectors called the basis
vectors. Any physical vector 7 € P can be expressed as a linear combination of the basis
vectors of frame Fyp, i.e be resolved in frame F;, as follows:

7 = Fn, (3.2)

where r;, € R3 is the component of the physical vector resolved in F,. A vectrix can thus
be viewed as a hybrid object between a vector and a matrix as it carries physical vectors
but is subject to the usual operations on matrices (transposition, multiplication, and so on).

Let us define ? by the linear mapping from P to P such that:

T.7cP, V7 eP, (3.3)

ie 7 is a linear operator turning one physical vector into another. We call ? a second
order tensor or dyadic. A second order tensor can be resolved in an arbitrary frame F; as
follows:

T = FIT, %y, (3.4)

Let F, be another frame defined by its vectrix:

71
Fo=| 3% . (3.5)
73
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then, the Direction Cosine Matrix (DCM) between the frame Fp and the inertial frame
Fo is an element of the special orthogonal group noted Cg,, € SO(3) and defined by:

Cup = Fu- FT. (3.6)
with, by orthogonality of SO(3):

CuCly=ClCo =1, (3.7)
where I stands for the identity.
Now we tackle the problem of transforming the components of a physical vector from

one frame to another. Pre-multiplying equation (3.2]) by the vectrix F,, and resolving 7
in frame F, yields successively:

Fo.7 = FuFln, (3.8)
?a?gra = ?a?grb, (3.9)

Noting that ?a?({ =1 by (3.7) and using the definition of the DCM in (3.6[), we have:

ro = Cabrba (310)
which shows how any vector resolved in frame F;, can be resolved in frame F, via the
DCM.

Conversely, we have:

r, = Cliry, (3.11)

Similarly, any second order tensor resolved in frame Fp can be resolved in frame F, via
the suitable transformation. Respectively pre- and post-multiplying equation (3.4)) by ?a
and ZT, and using the definition of the DCM in (3.6) yields:

FTF = FEIT,F 7T, (3.12)

T, = Cy T, CJ,, (3.13)

which gives the desired transformation.

Finally we introduce the skew-symmetric operator .* as the mapping from R? to the

Lie algebra of SO(3), defined by the relation : v x u = v*u, ¥v,u € R3. In particular,
defining w?® the angular velocity of frame F, with respect to frame F, and resolved in F,
, the derivative of the DCM is given by [62]:

Cab = wﬁ“XCab. (3.14)

If moreover the DCM reduces to a simple rotation of angle § about an axis defined by
k,, then the following holds [62]:

d

L = KCp, 3.15
a0 b a b ( )

30



3.3 Kinematics

This section introduces the kinematic equations of the system, describing the geometry of
motion without any concern for the cause of motion. Referring to Figure [3.1] representing
a N-segment eel-like robot (multibody system in open chain), let F, be the absolute or
inertial fram defined by the dextral orthonormal basis of physical vectors E)l, 72, @’

(73 pointing outside the plane), let 73, be the frame attached to the i-th body, defined
—1 —2 —3
by the dextral orthonormal basis of physical vectors b; , b; , b; , and let us introduce the

vector of generalized coordinatesﬁ qeR" n=N+2:

q= [ pU ] (3.16)

qs
with qo = [z y 6]7 the so-called body variables or group variables and qs =
[p1 ¢2 ... ¢n_1]" the shape variables. The body variables are not directly controllable

and describe the pose of the first segment; the shape variables are directly controllable via ac-
tuator torques and consist in the joint relativeﬂ angles (counted positively counterclockwise).

The geometric characteristics of a segment are: the major semi-axis of the ellipse a, the
minor semi-axis of the ellipse b, the the tip-to-joint distance c¢. The length L = 2] = 2a + 2¢
is also used abundantly in what follows.

Figure 3.1: N-segment eel-like robot kinematic.

From the Figure above, we can define the DCM C,;, that characterizes a z-axis rotation

3In the remainder of this thesis, the axis oriented along 71, 72, @? will be referenced as "r-axis",
"y-axis" and "z-axis", respectively.

4There are indeed n = N + 2 degrees of freedom. The system being constrained to planar motion
(because of the neutrally buoyant assumption), the first segment has 3 degrees of freedom while there is
only 1 degree of freedom in rotation per body for the remaining N — 1 segments.

5For the sake of conciseness, the denomination "relative" is dropped in the remainder of this thesis.
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of angle Q(i) = 0 + Y5_! ¢5 from Fy, to Fy:

cos (Q(i)) —sin(Q(7))
Cap; = | sin(Q(i))  cos(Q(7))

0
0, (3.17)
0 0 1

Let v} and @] denoteﬁ respectively the linear and angular velocity vectors of (the center
of mass of) body i; we call "twist" of body i the following augmented vector:

g-| 2] .19

Resolving the twist in inertial frame yields:

- Coab, Viy, Vi,
&, = Cap,&iy, = = ; (3.19)
ba ba

Cabiw» w,

bi la

where Cabi stands for the augmented DCM defined by:

~ Cup, 03x3
¢, = i . 3.20
bi [ 033 Cop, ] (3.20)

Now let us introduce r;,(q) € RS the generalized-coordinate-dependant pose of body i
resolved in inertial frame, such that &;, = ¥;,. Application of the chain rule to the latter
equation yields:

Eia = I'"L'a = Qk = Jl (q) q? (321)

where J; is identified as the Jacobian of body 4 by analogy with robotic manipulators. It
represents the relation between the generalized coordinates and the twist of link 7 resolved
in inertial frame.

The Jacobian for the N-link eel-like robot presented in Figure [3.1] can be obtained by
an explicit evaluation of formula (3.21)). The detailed computation of the Jacobian, along
with the Jacobian transpose and Jacobian derivative is deferred to Appendix [B]

3.4 Dynamics

In this section, the EOM are derived using a Lagrangian formulation. The expression of the
Lagrangian is obtained by considering the whole system body and fluid following a method
reported by Lamb in [63] and dating back from Kirchhoff’s work when he developed a theory
of solids moving in potential flows. Following Kirchoff’s method, the obtained Lagragian of
the whole system can be reduced to the kinetic energy of the body along with the contri-
bution of the fluid via the concept of "added inertia": intuitively, when moving, the body
carries a portion of the fluid which can be modeled by an addition in the inertia of the body.

5Pay attention to the subscript "i": it is used to characterize a body-i-related quantity, not to say that
this quantity is resolved in the i-th body-attached frame. By contrast, the notation "b;" used as a subscript
for the component of a vector means that this vector has been resolved in body-i frame
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This idea of augmenting the mass of the body, though really intuitive, can actually
be shown to derive rigorously from an analytic resolution of the simplified Navier-Stokes
equations using the assumptions on the fluid and the body. This is the object of this section.

First, the Lagrangian of the whole system fluid and body is given by:

N
L= T +Ts (3.22)

i=1

where 75, and Ty stand for the kinetic energy of the i-th body and the fluid respectively:

To = 36 M, €, (323)
_1 2
Ti=3 [ ol de. (324

where ﬁl is the augmented tensor (stacked just as vectrices are) obtained by assembling
the mass and second-order moment of inertia tensors associated with the i-th body, p is
the density of the fluid, U is the velocity vector field of the fluid and the integration is
performed over the volume V of the fluid. First let us note that the integrand p| @ ||3 € Lo
since, from F4, the velocity vanishes at infinity. So the integral is bounded and the infinite
volume fluid has a finite energy.

In equation ([3.24)), U satifies the Navier-Stokes equations, given here in their vorticity
formulation:

o0
ﬁJr(ﬁ.v)ﬁ:(ﬁ.v)ﬁ—ﬁ(vﬁ)
(3.25)
+%Vp><Vp+V>< <W>+Vx (),
p p p
and:

9 L. (i) =0 (3.26)
ot P =5 '

%
where 3 = V x ¥ is the vorticity of a fluid particle, ﬁ accounts for the sum of external
forces acting on the body, 7 is the viscous stress tensor, p is the local pressure.

It is widely known that there (probably) exists no closed form solution of the equations
above in the general case. However, using the hypotheses discussed in section |3.1} it is
possible to make the following simplifications:

On the one hand, by F1, the continuity equation (3.26]) reduces to:

V-4 =0. (3.27)
On the other hand, by F3, the vorticity is zero which implies that:

Vxd=0 (3.28)
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Thus, from equation ([3.28) and using F'5, there exists a well defined potential flow ¢,
such that the velocity U derives from that potential:

U = V. (3.29)
Replacing in equation (3.27)) yields the well known Laplace equation:

A¢ = 0. (3.30)

This stands for a degenerated form of the Navier-Stokes equations, for which an analytic
solution can be sought. Kirchhoff showed that it is possible to express the scalar potential
¢ as a function of the geometry and twist of the submerged body only [63]. This intuition
is a direct consequence of F3: the motion of the fluid is entirely due to that of the body.
Consequently it can be shown that the fluid velocity vector along the normal n, of body i
boundary 0B; at any point is equal to the normal velocity of the surface at that point:

Vo -ni = (0, x T +70)nj, (3.31)

where w; and v are given by the twist equation and 7 is the position vector of
an arbitrary point on the boundary of the body. From there, we conclude that ¢ has the
desired form involving the vectorial potential functions Z and @ depending only on body
1 geometry:

N
¢ =D WX+, (3.32)

the latter equation satisfying Laplace equation (3.30) with the following Neumann
conditions:

V- m =, (3.33)
VX -m =T xn. (3.34)

Now, using the following remarkable identity:

V- (¢Vh) =0 L+ Vo- Vo, (3.35)

along with the potential formulation of the velocity in equation (3.29) and Laplace
equation (3.30)), one can successively rewrite the fluid kinetic energy in (3.24)) as:

T = 5 lyelldl3de
= 2 JypVe-Vodo (3.36)
= 3Jy V- (V) dv
Applying Green’s theorem:

1 i
Tr=—3 /ZN o, POVO T dS (3.37)

7
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where the minus sign is due to the orientation of the normal to the i-th body surface 72,

pointing inward the fluid. Note also that the integral term corresponding to the boundary
of the domain at infinity is zero, in agreement with F4.

Finally, applying Kirchhoff’s hypothesis in (3.32)):

o I s= T
7} = 22 12 1wX1ij'—|-U-:ijw]'

)

(3.38)

_l’_

D= | ST
w; =i V5 + U; ‘I)ij’l)j,

— = —
with Xj;, Z;; and ®;; being the added masses/inertia associated respectively with
rotational motion, coupled rotational-translational motion and translational motion, defined

byl

—
Xij=r |, X, @V -x;7 ds, (3.39)
-
By = p/aB. X, @V-pirds, (3.40)
—>

Note that the integral over the N bodies boundaries in equation eq:dev3 is written as the
sum of the integrals over each boundaries, then the integral and summation operators have
been permuted ; this is mathematically consistent as the integrand is Lebesgue-integrable
(following from F4).

Two major simplifications are now made:

e First, we consider no coupling between rotational motion and translational motion
thanks to the two symmetry axes of the ellispoidal shape of the bodies and the 2D
nature of the problem (B3). Consequently Z;; vanishes.

° From B4, the influence of body i on body j is assumed negligible, resulting in ij
and <I>l] to vanish for ¢ # j. The validity of this hypothesis is discussed in [45].

In other words, the kinetic energy can be rewritten as:
7} = Zz 1 _gX’L’LwZ _>(I)
= 2 Ez 1 § éza
v

where M;; is the augmented tensor of added inertia and resolves in body ¢ frame into a
diagonal matrix depending only on the geometry.

(3.42)

"The operation ® stands for the dyadic product between two first order tensors, generating a second
order tensor.
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It is worthwhile mentioning that the fluid-related kinetic energy obtained in (3.42) is
now expressed in terms of the twist (body quantities), and can be directly added to the
body kinetic energy in equation (3.23)) to form the total Lagrangian of the system:

N
ﬁzézg(wﬁﬂi)g (3.43)
=1

In [64], Newman gives a way of computing the body-resolved tensor of added inertia
for various geometries. It is thus tempting to resolve in body frame the physical vectors
and tensors present in the Lagrangian as follows:

1 .
L=3 > &, (MG, +M;, )€, (3.44)
=1 T

i,

where D;, is the so-called body-resolved (configuration independent) wet inertia matrix.
For an ellipsofdal geometry (B3), and dropping the index i as all bodies are (geometrically)
the same: Dy,, = pmb? + m, Dy, = pra® + m, Dy = gpm(a? — b%)? + 1m(a® + b?), all
other components zero.

The above formulation in terms of body-resolved quantities is useful for computing the
wet inertia matrix. However, in order to use Euler-Lagrange formalism, a formulation in
terms of the generalized coordinates is sought. Thus, using the transformation from F, to
F, given by equation , and invoking the generalized coordinates via yields:

L = % Y S;I:z CabiDibi C;rbisiw
% Zij\; a3 D Jiq, (3.45)

where the absolute-frame-resolved wet inertia matrix is: D;, = M$ + M,;, =
CabiM?ib‘C;zrbi + M, (Mibi
tance to stress that this matrix is configuration dependant, through the added inertia
matrix. In other words, the added inertia of the body varies with the generalized coordinates.

is invariant under z-axis rotations). It is of paramount impor-

Introducing the generalized Inertia matrix:

N
D=>"JD;J., (3.46)
i=1
the Lagrangian can be expressed more compactly in matrix form:

1
L= §qTDq, (3.47)
The Euler-Lagrange equations can now be used to establish the dynamics:
d (0L oL
(=) 2= = 3.48
dt (8(’1) oq Q ( )

where Q is the RV*2 generalized force vector given by:

: (3.49)

N oo o
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with = 72 .. TN_1]T the joint torque vector.

Applying Euler-Lagrange yields the EOM:

Dq+<p_1(§;->T)q:Q (3.50)

where the term in bracket can be identified as the Coriolis matrix C(q, §) = D— 3 5( gEQ)T‘
Note that the term 6Dq defines a matrix whose j-th column is the vector: al: q. Also, the

dependency on the torque input in the generalized force vector can be shown via Q = Ht,
with:

H— 0353 03 N—1 (3.51)
On—1x3 In—1xn—1

This formulation of the EOM will be useful for future theoretical analysis. However, it is
not suitable for a computer implementation for which it is desirable to have componentwise
expressions of the Inertia and Coriolis matrices. For that purpose, the scalar form of the
Euler-Lagrange’s equations may be used:

Z Dyjdj + Z Z ckqidy = Qr, (3.52)

1=1j5=1
where the Christoffel symbols are defined by:
1 8ij 6Dkl 6Dlj
Clik = — + — 3.53
T2 ( oq Oq;  Oqy (3.53)
The derivative terms can be obtained by an explicit derivation of the Inertia matrix:
%)) IEEN) o) +OD; T Ok
— = D “ D, . 3.54
aqm Z:1 aq 'LaJ’L +J a J’L +J 1a aqm ( )
with:
8Dia _ 8M(Ll7,a
Oqm — 9qm oCT,
8Cab1 .
= T M, €O, + Can MG, 5 (3.55)
99(i) ( 3><Ma + M ~3><T)
IGm g a
0Q ~
8q£:) ( 3><Ma M%aagx)
where &3% = diag(al™,a3") and a> = [0 0 1]7 is the component of the vertical axis

resolved in 1nert1a1 frame. Note that .* stands for the skew symmetric operator. The
Jacobian, Jacobian transpose and Jacobian derivative are given in Appendix

This achieves the development of the EOM of the N links eel-like robot presented in
Figure
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3.5 Conclusion

This Chapter is concerned with the development of a simplified dynamic model for an
anguilliform swimmer in a perfect fluid. The simplifying assumptions made in this Chapter
allow to treat the hydrodynamic efforts as an addition to the inertia of the body. This
allows to combine the Lagrangian of the fluid and the body into a form that depends
exclusively on body configuration-related variables (twist).

This approach is inspired from the work of Kanso [45]. However, contrary to Kanso, an
explicit derivation of the kinematics (see Appendix [B) and the EOM using Euler-Lagrange
formalism is proposed here.

Indeed, to the author’s knowledge, neither in Kanso’s paper, nor in any posterior
literature implementing Kanso’s approach, were the EOM explicitly established in the
Euler-Lagrange formalism, as done here. Indeed, Kanso’s approach consists in establishing
the Lagrangian of the system, then applying the so-called "Lagrange-Poincare reduction",
method whose mathematical formulation heavily relies on group theory, geometrical
mechanics and algebraic topology.

By contrast in this thesis, the Lagrange-Poincare part is bypassed and, starting from
the Lagrangian, the classical and widely-known Euler-Lagrange approach is used. The main
contribution of this Chapter is thus a different formulation of Kanso’s work, maybe more
suitable for the control engineering community as it does not require heavy mathematical
background?®]

The interest of the model presented in this Chapter is twofold. On the one hand, it offers
an analytic formulation of the hydrodynamic efforts, in terms of the system configuration
and geometry only (via the added inertia). Such an analytic formulation can be used in a
control design perspective, as will be the case in Chapter o} On the other hand, the model
derived here can be used to develop a simulation environment suitable for quickly testing
controllers at no cost, by contrast to the VPM-2D simulator, much more computationally
intensive and time-consuming.

The question now arising concerns the reliability of such a simplified model. Indeed, the
perfect fluid and irrotationality are strong assumptions that cannot be asserted carelessly
as they may lead to physical non-sense. The next Chapter thus addresses the question of
the validity of the presented model.

8Note however that many authors from the control community use the concept of added inertia in their
model, without explicitly referring to the perfect fluid and irrotationality assumptions that motivate its
introduction.
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Chapter 4

Model Validation

The model derived in Chapter [3] is used to develop a new simulation tool for rapidly
designing and testing controllers for eel-like swimmers. The so-called "inviscid simulator"
(by contrast with the "viscous-flow" VPM-2D simulator) is validated against literature
results (from [45] using the same hypotheses) and compared to viscous-flow simulators, in
particular VPM-2D. Finally, energy checks are conducted to verify if the model satisfies to
the conservation of mechanical energy.

4.1 Simulation Results

The model developed in the previous Chapter was implemented on MATLAB / SIMULINK,
with the possibility to specify any desired number of links. In a model validation perspective,
we simulate a N = 3 links robot since it is the benchmark commonly used in the literature
to compare results. At each time step, the inertia and Coriolis matrices established in the
previous section are assembled and the acceleration at time step k given by:

dr = Dy (11, — Cray) (4.1)
is integrated with an explicit (4,5) Runge-Kutta method.

In the study of locomotion of dynamical systems, it is common to enforce a specified
kinematic pattern at the joints and simulate the evolution of the other variables. The
following prescribed trajectory in joint space has been studied in the literature (for example:
[45], [56]) and will serve as a benchmark for testing the forward motion of the system:

¢1 = —cos (t — ;T), (4.2)

2 = —cos (t). (4.3)

The parameters of the system are chosen as follows (the reader is referred to Figure
for the notations):

e ellipse aspect ratio § = 10
e tip-to-joint distance: ¢ = 0.2a

e via B1, the density of the fluid is equal to the density of the body: p = pp.
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e the characteristic length L = 2] = 2a + 2c is used for nondimensionalization.

The simulation is launched with the following initial conditions: q=[0 0 0 0 -1]T
andq=[0 0 0 0 0]T. Figure shows the prescribed joint trajectories enforced
by the sinusoidal pattern and . Figure shows the body variable evolution
(namely x,y and 6 — pose of the first segment, referring to Figure over time. The
Figure shows that forward motion is achieved with the characteristic oscillatory motion
pattern of an eel. The angle # is oscillating around a constant value of —0.5 rad, which
implies that the eel moves forward in a straight direction oriented south-east, as expected
from the observed evolution of x and y.

Time (s)
Figure 4.1: Prescribed kinematic pattern at the joints (controllable or shape variables)

In order to validate the model against results from the literature, the trajectory
of the second link’s centroid is first nondimensionalized by the characteristic length L,
then reported in the z, y-plane of Figure (green curve). A comparison is done with
the trajectories obtained in the same conditions for various simulators in the literature:
VPM-2D (blue), Kanso’s inviscid model [45] (black) and Eldredge’s viscous solver [65] (red).

The Figure shows the match between the present work and Kanso’s model (the dis-
crepancy only comes from the interpolation of the data by hand from Kanso’s paper),
which demonstrates the validity of the present computer implementation of the model
and also the equivalence between the Euler-Lagrange and Lagrange-Poincare methods for
establishing the EOM, see the conclusive remark of Chapter

The comparison between the inviscid and viscous models shows a qualitatively similar
behavior. The discrepancy between the viscous and inviscid models arises mainly from
the unmodeled viscous dynamics in the inviscid model: the inviscid model is faster as
there is no viscous forces (proportional to velocity) acting on it. Remarkably, the match
between the viscous and inviscid models is pretty decent at the beginning: this is because
the velocity of the "viscous swimmer" is low, and so are the viscous forces acting on it.
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Figure 4.2: Trajectory in the body variable space.
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Figure 4.3: Nondimensionalized trajectory of the central body centroid. In blue and red:
viscous-based models ; in green and black: inviscid Kirchhoff theory model.

However, as the viscous swimmer gets faster, the viscous forces are more important and
the discrepancy is higher.
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4.2 Energy check

Remarkably, the kinetic energy of the system, that may be identified to the Lagrangian
in equation , only posses quadratic terms in . In the most general case however,
the positions of the particles composing a system not only depend on the generalized
coordinates, but may also depend explicitly on time. In that case, the total kinetic energy
of a system 7 is summed up by the contribution due to a quadratic function of q noted
T2, a linear function of q noted 71 and 7y, not a function of q. Using this notation, the
Hamiltonian usually defined in terms of the generalized momenta p;:

n
H=> pidi—L, (4.4)
i=1
can be written more compactly as:

H="Ts—To+V, (4.5)

where V is the potential energy of the system.
In our case we thus have (V =0 and 7o =0 ):

H=To=T = Emnechs (46)

where &p,ccn, is the total mechanical energy. This shows the equality between the
mechanical energy and the Hamiltonian.

Taking the derivative of the Hamiltonian given by equation (4.4)), it is easily shown
using Euler-Lagrange equations that:

n
H=> Qigi— %f. (4.7)
i=1
From equations and , we conclude that the total mechanical energy is con-
served if no torque is applied to the system via the actuators. Indeed, because there is no
explicit dependence of the Lagrangian on time and no generalized forces applied to the
system, the Hamiltonian is thus constant (and so is the mechanical energy).

The conservation of the total mechanical energy can be verified numerically by
simulation. The following experiment is done: the system is given an initial velocity
(@=[0 0 0.2 0 0]") and no torque is applied at the joint, i.e the system passively
reacts to its environment (whose effect is included by nature in the dynamics of the system
via the body-fluid Lagrangian). Figure shows the evolution of the total kinetic energy
over time. As expected from the energetic analysis above, the total mechanical energy is
conserved in the absence of non-conservative forces such as actuator torques (and viscous
forces — not taken into account in the model).

Note however that if joint torques are applied, the assumption on the non-conservative
forces does not hold, and the Hamiltonian derivative (4.7)) is not zero anymore:

H=1 Qi #0. (4.8)

=1
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Hence, the total mechanical energy is not conserved anymore as seen in Figure
showing the evolution of the mechanical energy subsequently to the application of a
sinusoidal torque pattern in joint space.
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Figure 4.5: Variation of the total mechanical energy under actuator torques.
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4.3 Conclusion

The model developed in the previous Chapter is simulated and compared with results from
the literature.

In particular, simulations are confirming the prediction, following an energy check, that
the total mechanical energy is conserved under some assumptions.

The most important result of this Chapter is the comparison of simulations with other
models found in the literature. On the one hand, the model achieves the same trajectory as
Kanso’s swimmer in the same conditions, which validates the inviscid simulator presented
in this work. On the other hand, the comparison with the viscous flow simulators shows a
qualitative match between models.

Obviously, the inviscid simulator is not able to capture the full nonlinearities in the
fluid as VPM-2D does. Moreover, it will never replace a high-fidelity solver in the context
of CFD analysis. However, it was shown in this Chapter to predict the locomotion of an
eel-like swimmer to a satisfying-enough extent. Thus, from now on, the inviscid simulator
will be regarded as a good proxy for the swimming process and will be extensively used in
the next Chapter in order to design and test a model-based controller.
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Chapter 5

Passivity-based Robust Control

A robust control approach based on the passivity properties of the system is implemented
in this Chapter. The Chapter starts by a review of fundamental concepts in Input-Output
(I - O) stability theory, passivity theory and the mathematical theory of positive real
matrices: the concept of LLo-stability, along with the important passivity theorem and
Kalman-Yakubovich-Popov (KYP) lemma are presented. Then, the passivity properties of
the system are highlighted: the I-O map between actuator torques and joint angle velocities
is shown to be passive. In agreement with the strong form of the passivity theorem, a
negative feedback interconnection of a passive system with a Very Strictly Passive (VSP)
controller yields Lo-stability of the closed loop. Thus, a VSP controller is sought in the
form of a (linear) Strictly Positive Real (SPR) transfer function, synthesized in an optimal
way using a Linear Quadratic Regulator (LQR) approach and KYP lemma. The present
work also extends an existing design technique to underactuated systems. After that,
the negative feedback interconnection of the plant and the SPR controller is achieved,
and tested in simulation for both the inviscid simulator and VPM-2D. Several types of
disturbances are introduced in the system to assess the robustness of the control approach,
and the results are shown to outperform classical PD approach for joint inner control.
Finally the limitations of the SPR robust control approach are identified in simulation and
some potential extensions are proposed.

5.1 Mathematical Foundations of I-O Stability Theory, Pas-
sivity Theory and Positive Real Matrices

This section is not an exhaustive introduction to passivity-based control. The reader is
directed to [66] for a detailed presentation.

The concept of Input-Output (I-O) stability is motivated by the limitations of Lya-
punov’s stability theory. If Lyapunov’s stability theory offers a variety of tools to character-
ize the convergence of nonlinear systems trajectories submitted to initial conditions, it says
nothing on what happens in the presence of external inputs such as noise or disturbancesﬂ
In a robust-control design perspective, it is thus desirable to use a theory describing the
input-output map of a dynamical system, rather than its stability with respect to an
equilibrium point given an initial condition [67]. I-O stability theory offers a mathematical

Tt does not mean that Lyapunov’s theory is invalidated by I-O stability theory, nor that the latter
extends the former strictly speaking. Instead, they are completing each other, and Lyapunov stability
theory will even be used later on in this Chapter without contradicting or interfering with I-O stability
theory.
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formalism to characterize the stability and response of a dynamical system submitted to
"sufficiently bounded" signals.

The term "sufficiently bounded" is first clarified by the following set of definitions [66],
[67], [63].

Definition 1 (Square Integral Functions Space LLg). The space Lo is the space of all square
integral functions defined by:

Ly {u R* Rmy/’ dt<cm} (5.1)

where u is an arbitrary function. The Lo space is a Hilbert space on which the norm is
induced by the inner product:

(u,v) := /OOO uT(t)V(t)dt, | al2:= 1/ (u,u), (5.2)

where u € Lo, v € Lo, (.,.) is the inner product, and || - ||2 the La-norm.

Definition 2 (Truncation of a Function). The truncation of a function u, denoted
ur : RT - R™, T € R" is defined by:

Cfu@) o<t<T
up(t) = { 0 toT (5.3)
Definition 3 (Extended Ly Space). The extended Ly space is defined by:

Lo := {ll :RT > R™ ‘ llT(t) €Ly, VT € R}, (5.4)

where Lo C LLoe. The LLo. space is a Hilbert space on which the truncated norm:

| ur o= \/ 7wkt ae =/ [ o Ouoie = u ler, (55)

is induced by the truncated inner product:

[e%) T
<wwﬂ:/'@@w@w:/uRm@ﬁ:mw% (5.6)
0 0
where u € Ly, and v € Lo,

Signals that are in s can be thought as "finite" energy signals, or "sufficiently bounded"
signals. The space Lo, extends Lo, allowing for the use of a wider class of "sufficiently
bounded" functions, as shown in the following examples.

Example 1. The function f(t) = e'sin(t) ¢ Ly. However, f(t) = e!sin (t) € Lo

This second example is more practical and show how the extended Lo, space includes
"everyday-life" signals like a step of constant magnitude:

Example 2. Consider the Heaviside function (step of constant magnitude a) Yt €
RT, H(t) = a. Obviously, H(t) ¢ La, however H(t) € Lae.

The definition of an I-O-stable or Lg-stable system can now be precised [67]:
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Definition 4 (Lg-stability). A system represented by the operator G : Loe(U) — Loe(Y)
(I-O representation), mapping the inputs w € Lo (U) to the outputs 'y € Lo (Y) wvia
y(t) = (Gu)(t), is said to be Input-Output La-stable, or simply La-stable if,

ucly(U) —»yelsy(Y) (5.7)

The concept of I-O stablility can thus be summed-up by the following key idea: a
system is I-O stable if "finite energy in yields finite energy out" [67]. As an example, a
pendulum would be LLo-stable with respect to its equilibrium position as any finite input
brings it back to its equilibrium position. However an inverted pendulum is not Lo-stable
per se as any finite-energy input pushes it away from its equilibrium position.

Within the context of I-O stability, two powerful results have been around since the
1980’s: the small gain theorem (a fundamental tool, notably used in H.o.-loop robust
control) and the passivity theorem. The latter will be of particular interest in this Chapter
as it offers a way of achieving robust and stable closed loop for systems presenting the
so-called "passivity" property.

Intuitively, a dynamical system is passive if it only dissipates energy without producing
any. The term originates from circuit theory where a passive network is made of resistors,
capacitors and inductors. Using an electromechanical analogy, a dynamical system is
passive if it can be reduced to the three fundamental mechanical elements: mass, spring,
damper. It is no coincidence that engineers pioneering at the pre-computer era were
simulating the behavior of dynamical systems by experimentation on equivalent electrical
circuits.

Evaluating the performances of an electric circuit (e.g stability) is usually done by
applying test signals at some point (input) and measuring the response at some other point
(output). Likewise, the concept of passivity for mechanical system only makes sense when
defined with respect to a given I-O map (hence its right place in I-O stability theory).
Usually, in a dynamical system, passivity arises for collocated quantities like forces and
velocities or torque and angular rates.

More formally, the passivity of a system with respect to a given input-output map is
defined mathematically by [67]:

Definition 5 (Passivity). A square system y(t) = (G)u(t), G : Lo (U) — Lac(Y') is Very
Strictly Passive (VSP) if there exists real constant § > 0, € > 0 and 3 such that:

(w,y)r > dllul3r + €llyll3r + 8, Vu€Loe(U), VT €RF (5.8)
In particular, the system is:
o Input Strictly Passive (ISP) when the above equation holds with § > 0 and e =0
e Qutput Strictly Passive (OSP) when the above equation holds with § =0 and € > 0
e passive when equation holds with § =€ =0

The above definition states that a system is passive with respect to a given input-output
map if the scalar product of its input-output pair is bounded from below [69]. For collocated
input-output map such as force-velocity, voltage-current or torque-angular rate, the product
represents the instantaneous power externally supplied by the system and the inner product
(integral over time) represents the energy. This energy is thus bounded and the bound is
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a measure of the total finite energy available in the system for a given initial condition.
The passivity property thus states that there is a finite limit on the energy that can be ex-
tracted in the system. [70]. The VSP-ness of a system stands for a stronger form of passivity.

The passivity theorem can now be stated [67], [66]:

Theorem 1 (Passivity Theorem). Consider the negative feedback interconnection of
G1 : Loe — Loe and Go : Loe : Lo — Loe shown in Figure[5.1. If Gy is passive and Ga is
VSP, the negative feedback interconnection is LLa-stable.

Proof. see [67] using the dissipativity formalism (a generalization of passivity for non-square
systems) or [71]. O

l C

\

Q
—

Figure 5.1: Feedback interconnection of a passive system with a VSP system. Passivity
theorem states that the closed loop is input-output stable. The signals d and n represent
external inputs (e.g disturbances and noise).

The passivity theorem states in particular that if a system G; is passive with respect
to an I-O map, it is possible to design a VSP controller G, stabilizing the closed loop in
the sense of I-O stability. In other words, such a feedback interconnection would be robust
to finite Lo-norm external input (disturbance, noise). The passivity theorem is thus of
paramount importance in robust control theory: it is a practical tool for achieving Lo-stable
interconnections of passive/VSP systems. For example it tells which signals should be
fed-back and fed-in. It also tells which type of controller should be used. However, the
passivity theorem does not tell how to obtain a particular type of controller, say a VSP.

A result known as the Kalman-Yakubovich-Popov lemma provides a practical criterion
for designing VSP controllers. But before, we need some technical results related to the
theory of positive real matrices [67]:

Definition 6 (Positive Real Transfer Matrix). A rational transfer matriz G(s) € C™*™
is Positive Real (PR) if:

e all elements of G(s) are analytic in Re{s} > 0, and
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e G*(s) + G(s) >0 in Re{s} > 0, or equivalently:

— the poles on the imaginary axis are simple and have non-negative residues, and

— G*(jw) + G(jw) > 0,YVw € R with jw not a pole of any element of G(jw).

Definition 7 (Strictly Positive Real Transfer Matrix). A stable rational transfer matriz
G(s) € C™*™ is Strictly Positive Real (SPR) if G(s — ¢§) is PR for some § > 0; that is, if:

e all elements of G(s) are analytic Re{s} >0,
e G*(jw)+ G(jw) >0, w € R,
e Z=G"(c0) 4+ G(o0) >0, or limy, 00 w?[G*(jw) + G(jw)] > 0 if Z is singular.

Geometrically these definitions mean that the transfer function is mapping the closed
right half of the complex plane to the closed right half of the G(s) plane. The definitions
are motivated by circuit theory where passive networks are represented by a (strictly)
positive real rational transfer function [72].

We are now in position to state the KYP lemma [72]:

Lemma 1 (Kalman-Yakubovich-Popov). Let an observable and controllable LTI system
whose state-space realization is given in standard form:

X = Ax + Bu, (5.9)

y = Cx + Du. (5.10)

The system above is Strictly Positive Real (SPR) iff there exists real matrices P = PT > 0
and Q = QT > 0 such that

PA+ATP = —Q, (5.11)
PB=CT, (5.12)
Proof. see [71]. O

This result is also often referenced in the literature as the "positive real" lemma.

An important corollary of this lemma, related to Linear Time-Invariant (LTI) systems,
states as follows:

Lemma 2 (VSP-ness of LTI SPR Systems). Let a LTI system whose state-space realization
s given in standard form:

X = Ax + Bu, (5.13)

y = Cx + Du. (5.14)
If the triple (A, B, C) is SPR and the matriz D = DT, then the system is VSP.
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Proof. If the triple (A, B, C) is SPR, it satisfies KYP lemma. Let us consider the energy-like
function:

V= %XTPX. (5.15)

Deriving with respect to time and expending yields:

YV = x'Px,
(5.16)
= x'PAx +x'PBu.
By virtue of KYP lemma:
V = —Ix"Qx+Cx'u,
(5.17)

= —%XTQX +yu—u'D"u

Now using the fact that the Q and D matrices are symmetric, the weighted norms
associated with these matrices can (in particular) be bounded from below by their minimum
real eigenvalues A, as a consequence of the spectral theorem:

- 1
Y < —§A(Q)XTX +y'u—AD)u'u (5.18)
Integrating both side from 0 to T
1
V(T) = V(0) < —§A(Q)IIXH% +(y,u)7 — A(D) |7 (5.19)
and the system is thus VSP:
1
—V(0) + §A(Q)IIX||2T +AD)fullF < (y,u)p (5.20)
O

This important result draws a parallel between VSP and SPR systems: if one can find
a LTT system whose transfer function is SPR, lemma [2| states that the system is also VSP.
The KYP lemma then provides a practical way of designing a SPR LTI. The problem of
designing a VSP controller now reduces to finding a SPR controller, which is a significantly
simpler task via the KYP lemma.

To put in a nutshell, this section introduced the benefits of I-O stability theory for
robust control design. In particular, the concept of passivity is central and the passivity
theorem guarantees Lo-stablility for feedback interconnections of passive and VSP systems.
A LTT system is then a good candidate for easily designing a VSP controller: KYP lemma
offers a practical way of making it SPR, and lemma [2| guarantees it is VSP. But before
tackling the problem of designing a passivity-based robust controller, it remains to prove
that the plant to control is passive. This is the object of the next section.

5.2 Passivity

The previous section introduced a theoretical frame to robustly control a passive system.
In the context of this thesis, it is desirable to apply these techniques to an eel-like robot.
The following questions now naturally arise: "Is an eel-like robot passive with respect to
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some controllable I-O map 7" Or, more precisely, "Is a simplified model of the eel (e.g the
inviscid model) passive with respect to some controllable I-O map ?"
This section provides an answer by highlighting the passivity properties of the system.
We first start by showing a technical result that will be of valuable use in the demon-
stration of the passivity:

Lemma 3. The matrix n = D — 2C, where D and C are defined in C’hapter@ is skew-
symmetric.

Reasoning componentwise:

a=1 a=1
" (0D oD )
:Z<8“5_ 870‘ do (5.21)
a=1 Gy qs
So by symmetry of the Inertia matrix, we conclude that 7,3 = —n3, and the matrix n

is skew-symmetric.
Now we can prove the main result of this section:

Theorem 2. The system given by equations (3.50) is passive with respect to the T - Qs
input-output map.

Consider the Hamiltonian (equal to the Lagrangian) in equation ({3.47)):

1
H = quDq. (5.22)
Taking the derivative and integrating both sides from 0 to 7" yields:
T . T 1 .
/ T dt = / Q"D+ Sq DG dt (5.23)
0 0
T T 1.
H(T) — 1(0) = / q (D('j+ 2Dq) at (5.24)
0
Using the EOM (33.50)) yields:
H(T) = H(0) = [ " (Q+iDa—Cq) dt
= Jya"Qadt+ f) 347 (D - 2C) qdt (5.25)

= Jya"Qdt+ [} 3aTngdt

By Lemma |3} the matrix 7 is skew-symmetric. Thus, we have: x'nx = 0, Vx € R” and
equation becomes:

T
H(T) — H(0) = /0 q'Qdt, (5.26)
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and:

HT) = HO) = [ 4] qﬂ["g“]dt

-
= ffalrat (5.27)
= <(157 7'>T

Thus, since the energy of the system is a positive scalar:

~H(0) = B < (@s, T)p (5.28)

which achieves the proof.

This section showed that the system, within the assumptions of the inviscid simulator, is
passive. The passivity theorem may thus be applied to design a robust inner-loop controller
for the eel, using a VSP controller. The next section thus focuses on the design of a VSP
controller.

5.3 Optimal Design of a Robust VSP controller

Lemma [2] guarantees the VSP-ness of an LTI system if it is SPR. We thus seek a SPR LTI
controller with state-space matrices A., B, C. and D, to be determined in an optimal way.

5.3.1 Methodology

There are many ways to design a SPR LTI system [73]. The optimal model-based approach
proposed here inspires from a LQR-synthesis combined with the use of KYP lemma, and
has been introduced by McLaren and Slater for the control of large space structures in
[74]. The novelty proposed here is the extension of the method to underactuated systems
(whose number of generalized coordinates (states) is not equal to the number of control
inputs). Indeed, the LQR approach supposes that all states be controllable directly, which
is obviously not the case here as no control action can be applied to the body-related
variables. An adaptation of the method is thus proposed, involving linearization of sub-
parts of the overall dynamics. Then, Riccati equation is used to synthesize the output
matrix C., the state matrix A, is obtained as a consequence of the state feedback law
in a LQR fashion, whereas KYP lemma is invoked for the design of the control matrix
B.. Finally the feed-forward matrix D, is chosen as a very small positive gain to avoid
amplifying high frequency noise and make the system VSP. The chosen approach is thus
dual in the sense that it combines the robustness of SPR design with the optimality of
LQR. Note that the present method is but one approach; in practice, the design flexibility
has virtually no limits as long as the controller is made SPR through KYP lemma. The
LQR optimality is not a requirement, and other techniques may be used.
The design methodology is now explained in details.

Let us first consider the plant nonlinear dynamics, given by equations (3.50|) and
recalled here:

D(H)i(t) + C(H)q(t) = Hr(t). (5.29)
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with:
H— 0353 03 N—1 (5.30)
Onv—1x3 In—1xn-1

In the context of LQR design for nonlinear systems, it is first desired to linearize the
plant about an equilibrium point in order to build a linear state observer of the plant in
state-space form.

In their paper [74], McLaren and Slater linearize their plant about an equillibrium
point, which makes sense because the state of the system can be steered directly toward
the equilibrium point (around which the linearization is valid). However, this is no longer
the case here: the so-called body-related variables q; are not directly controllable in torque,
by contrast to the shape variables ;. Concretely, it means that linearizing the plant about
an equilibrium point does not really makes sense for the whole system in the context of
the inner-loop control where the body variables cannot be steered to a desired position
without the use of an outer-loop controller. Instead, the linearization should be performed
on a sub-part of the whole system, namely on the sub-system describing the dynamics of
the shape variables — which can be steered toward the equilibrium point in inner loop.

Introducing the following partitioning between the shape and body parts of the Inertia
and Coriolis matrices:

| Dup | Dyps

D= [Dsb D ] (5.31)
| Cup | Cos

C= [ e ] (5.32)

with Dy, Cpp € RSXSa Dys, Cps € RSXN_la Dy, Cy € RN=1X3 and Dys, Css €
RN=IXN=1 "the sub-system of the shape dynamics is thus given by:

Dpp(t) + Dsss(t) + Cop(t)qn(t) + Css(t)qs(t) = T, (5.33)

where the matrices Dgs and Cg, are shape-related sub-blocks of respectively the full D

and C matrices, and Dy, and Cg, are body-related sub-blocks.

Nevertheless, the shape-dynamics subsystem above is still coupled to the body variables
via the Dy, and Cg, matrices, and still cannot be linearized about the shape configuration
only. In order to get rid of the parasitic body dynamics in , a feedback linearization
prewrap 7! such that 7 = 7, + 7/ = 7, + D (t) + Csb(t)qb(t), should strictly speaking
be applied as follows:

Dy (T) + Dl (t) + CapH(T) + Cus()as(t) = 7o + Doin) + Corfrip0),  (5.34)

where the ~ notation stands for estimated matrices evaluated at the current configuration.
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The cancelled shape dynamics thus becomesﬂ

Dysis(t) + Css(t)qs(t) = T, (5.35)

and a proper linearization would thus be performed about an equilibrium shape config-
uration (obviously the point q; = 0 as the joints oscillate around this position in case of
forward motion). In practice, however, the feedback linearization pre-wrap alters signifi-
cantly the performances and may be prohibitive if the model of the plant does not fit well
with reality. So, in the present approach, the mathematical rigour is sacrified at the benefit
of improving the performances and the following is done: the linearization is performed on
the decoupled shape-related sub-plant in equation , but the feedback linearization
step is not added, meaning that the effective shape-related sub-plant is still and the
control input is just 7 = 7, without the cancelling terms. In other words, the body coupling
in the shape dynamics is ignored and the shape decoupled sub-plant is regarded as a
good proxy for the overall shape dynamics , which is a strong and arguable assumption.

The motivation for ignoring the body-coupling in the shape sub-block dynamics arises
from the fact that the inner-loop controller we are designing in this section acts only on the
shape variables and can thus be rendered "blind" to the body variable dynamics. Moreover,
it is most likely that the dynamics of the shape variables evolves on a smaller time scale
than the dynamics of the body variables: typically, variations in the pose of the eel are
occurring at the rate of the outer-loop controller, whose update rate is significantly lower
than the update rate of the inner-loop controller (driving the change of the joint angles).
Finally, let us note that even in the worst case in which the model does not match with
the process, only the optimal benefit of the LQR approach is lost, without altering the
robustness properties guaranteed by the SPR-ness/VSP-ness through passivity theorem ﬂ
In practice it will be shown latter that despite this strong assumption is made, the optimal
properties inherent to the LQR synthesis are conserved.

So, in order to linearize the decoupled sub-block in ([5.35)), the following state-space

form realization is considered:

X(t) = =D} (t)Css(t)x(t) + DL (1) T, (5.36)

Ss

y =X, (5.37)

with the state x = 4, and outputﬂ Yy = {s. The linearization of the shape dynamics is
now performed about the equilibrium point ¢s = 0 and yields the (square) matrices A,
and B,,.

2Tt may be shown straightforwardly by adaptation of the demonstration of theorem [2| that this new
feedback-linearization-prewrapped system has also a passive I-O map.

3There is indeed a large flexibility in the choice of the state matrices of the LTI controller: as long as
the controller is SPR (and then made VSP), the passivity theorem still applies and the stability properties
of the closed loop are guaranteed, no matter how suboptimal the matrices are or no matter if they fit the
plant or not.

4The choice of the shape variables as an output to the system is motivated by the passivity theorem:
the robust feedback interconnection has to be achieved using the input-output map with respect to which
the system is passive.
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As in the LQR framework, let us now consider a Luenberger observer of the plant,
whose dynamical equations are given by:

X(t) = ApR(t) + Bp7 (1) + Be(y(t) — §(1)) (5.38)

with §(¢) = %(¢). The ” notation accounts for the estimated nature of the state and
output (the estimates X and §) by contrast to the real state and output (x and y). The
correction term B.(y(t) — §(¢)) is used to correct the dynamics of the estimated state
as a function of the error between the measured output and the reconstructed output.
Also, B, is the Luenberger matrix, and y = s as defined previously. This state observer
aims at mimicking and dynamically estimating the behavior of the nonlinear plant via the
linearized version.

A state feedback law of the form 7 = —C_.X is now fed back to the plant (and thus to
the observer) in a LQR fashion, achieving the interconnection of the Luenberger observer
with the plant. The dynamics of the Luenberger observer + state feedback controller thus
becomes:

X(t) - (Ap - BpCc - Bc)ﬁ(t) + ch(t) (5'39)

£(t) = CA(1) (5.40)

X(t) = Aci(t) + ch(t) (5'41)

£(1) = CA(1) (5.42)
Note that:

e the input of the state observer is the output of the plant: y = qs.

e the output of the state observer is the (opposite of the) input of the plant: &€ = —7.

Thus, the system formed by the Luenberger observer with the state-feedback gain is
the desired controller, and the negative state feedback law achieves the negative feedback
interconnection suggested by the passivity theorem. Now it remains to choose the matrices
of the controller:

Design of C.. The choice for the matrix C. follows directly from the classical LQR
theory: C. is the gain matrix of the state-feedback law, chosen as to solve a quadratic
minimization problem. The problem consists in dynamically choosing the input to the
nonlinear plant (and thus the matrix C.) so that the following quadratic performance
criterion is minimized:

T
min J = / x'Q;x + u'Rudt, (5.43)
0

where Q1 > 0 and R > 0 are tunable penalty matrices allowing a trade-off between ac-
tuator consumption and convergence speed of the system. For example, if one take Q; = ¢I
and R = I (where I is the identity with proper dimensions), decreasing ¢ would penalize
the input and thus yield more energy efficient responses, at the expense of convergence
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performances.

When the horizon is infinite (i.e 7' = 00), it is well known that the solution to the
above problem consists in choosing an input of the form 7 = —C.X (already enforced
previously) where the output matrix is given by C, = R_lB;X, with X solution of the
following Algebraic Riccati Equation (ARE):

XA, +A X —XB,R 'B/X + Q; = 0. (5.44)

The latter equation can be solved numerically.

Design of B.. The matrix B, is designed to make the controller SPR. Invoking KYP
lemma, it can be chosen as:

B. =P !(C], (5.45)

where P = PT > 0 is solution of the Lyapunov equation:

PA.+ AP = —Q,, (5.46)

where Qo = Q;— > 0. Introducing A, = A, — B,C. — B, = A, — B, in equation
yields:

PA, +A/P=—(Q:—C] - C,) = —Qs, (5.47)

The matrix Q3 should be symmetric definite positive for the solution P to be unique.
In practice, this can be achieved for Qg sufficiently high.

Design of A.. The matrix A, follows directly from its definition: A, = A, —B,C.—B,,
but the user has to check a posteriori that it is Hurwitz as nothing guarantees it. It is also
possible to choose A. = A, —B,C. in case the previous choice is not Hurwitz, as explained
in [73].

Design of D.. Finally, in agreement with lemma [2 the controller is made VSP by
adding a feed-forward matrix of the form:

D, = 6L (5.48)

with a small 9 > 0 in order to avoid amplifying high frequency noise.

Note that the design method presented here is but one approach to synthesize a SPR
LTI. Other approaches are described in the literature [73]; some are using more sophisticated
design procedures such as the Ho-synthesis.

5.3.2 Trajectory Following

As in the LQR framework, the controller above stabilizes the plant about the origin. In
order to achieve trajectory tracking in joint space, the error between the desired and
effective trajectory has to be fed-back to the plant input. However, cares must me taken as
to make sure that the addition of a feedback loop to the plant will not destroy the passive
mapping guaranteed by theorem [2| The following theorem states that proportional action
does not destroy passivity:
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Theorem 3 (Conservation of Passivity). A proportional control prewrap of the form:
™ = —kpyAqs = —kp(qs — q}), k, > 0, applied to the system (5.29), conserves passivity
with respect to the T - (s input-output ma;ﬂ.

Consider the energy-like function:

1 1
V= 5qTDq + 5k,,AqSTAqS. (5.49)
Taking the derivative and integrating both sides from 0 to T yields:
T. T N 1 Ty . T
/ Vdt = / q Dq+ 54 Dq + kpq, Aq, dt, (5.50)
0 0
T 1.
V(T) — V(0) = / q (Dq + 2Dq> + kpq] Aqs dt. (5.51)
0
Using the EOM ((5.29)) yields:
V(T)=V(0) =[] 4" (Q+3Da—Ca) + k! Ag, dt,
= Jo aTQdt + 5q"nd + kyal Agudt, (5.52)

= JFal(r +77) + kpyal Aqs dt,

where lemma [3| was invoked (skew-symmetry of 17). Now introducing the prewrap
yields:

V(T)=V(0) = Jg 4i(T — kpAqo) + kpa] Ag.dt,
(5.53)
= T qlrdt,
and thus, since the energy-like function chosen is a positive scalar:
—V(0)=8<{qs,T)p, (5.54)

which achieves the proof.

5.3.3 Feedback Interconnection and Stability Discussion

The negative feedback interconnection of the passive system discussed in section with
the VSP controller discussed in section is shown in Figure The obtained system is
perturbated by external inputs d (disturbances) and n (noise).

The passivity theorem states that the closed loop is Le-stable, or more informally
robust to any bounded external input ("finite energy in yields finite energy out"). We
will however show an even stronger result, related to Lyapunov stability theory, and valid
when the closed loop is not submitted to any external input (autonomous system). The
classical LaSalle’s invariant set theorem in Lyapunov stability theory will be used in the
demonstration of this result; the reader not aware of these results is referred to Appendix
[C| for a statement of LaSalle’s theorem and a reminder on Lyapunov stability concepts.

We are now in position to demonstrate the following theorem, characterizing the
stability of the closed loop:

5The asterisk denotes a desired joint angle issued by a guidance controller (tracking problem).

o7



4.0 , Dynamics >

- M(q)i +C(q,0)d = Q qs
Kinematics

Cap =" Cas

Tp Proportional
prewrap

3 SPR controller A n

Q

Figure 5.2: Feedback interconnection of a passive system with a linear SPR controller.
Passivity theorem states that the closed loop is input-output stable.

Theorem 4 (Stability of the Closed Loop). Let the nonlinear plant be described by ([5.29)):

D(t)q(t) + C(t)q(t) = Hr (1), (5.55)
and the VSP controller realising the negative feedback interconnection of Figure [5.2:

4(1) = AK() + Bods 1) (5.56)
S(t) = Ccﬁ(t) + chs(t) (5'57)
T(t) = —kpAqs(t) — &(t) (5.58)

where the triple (A¢, B¢, Ce) is SPR, D. =D} > 0 and k, > 0. Then, the (equilibrium)
point (Aqs,q,X) = (0,0,0) is asymptotically stable.

At first, note that the validity of (Aqs, q,X) = (0,0,0) as an equilibrium point is checked
trivially by introducing x =0, ¢ = 0 and q = 0 in the equations (5.55|) - (5.58).

Then, consider the energy-like function:

1 1 1
V= 5d' D+ 3k AqAq, + RTPR. (5.59)

o8



Differentiating with respect to time and expending yields:

v

IN

DA+ ADy +hilAg 5P
—§TCq+-qTHT AcX+Bcq

KYP lemma

14™Dq - q"Cq+ ¢ HT + kpyql Aqs + &TPAK + +&T PB. s,
N~ \?/
al cl

14" (D -20)q +4! (—kpAqs — &) + kgl Aqs — 28TQuk + (C%)Tqs,
~—— N——
0, skew-symmetric £—Dcqs
_q;l'g - %ﬁTQﬂ’i + ET(.]s _q-erIQSv
N~
qre

1aTA o T T -
—35X QQX — (s Dc qs,

—%sziag(Qg, D.,0)z,

(5.60)

where z is obtained by stacking X, qs and Aqs together. The system is thus Lyapunov
stable, but this result does not allow to conclude to asymptotic stability yet, since the
matrix diag(Qs, D, 0) is positive semi-definite.

Let us try with LaSalle’s invariant set theorem (stated in Appendix . At first, note:

T .
| vaa.ana <o
V(Aq,(T), 4(T),R(T)) — V(Ag(0), 4(0), %(0)) < 0,

V(Aqs(T),4(T),X(T)) < V(Ags(0),4(0),%(0)).

As such, the compact set € can be defined by:

Q= {(Aqs,q,%) € R" [ V(Aqs(T), 4(T),%(T)) < V(Aqs(0),4(0),%(0))}.

Now consider the set:

E ={(Aqs,q,8%) € Q |V =0}.

(5.61)

(5.62)

(5.63)

(5.64)

(5.65)

This set is populated by & = 0 and ¢, = 0 since V = 0 < —%ﬁTQgﬁ —q/D/qs =0. Let
us now build the largest invariant set in F.

The result ¢; = 0 implies that ¢s = 0. Thus, from the EOM: 7 =0 < 0 = —k,Aqs — §.
Replacing by € = C. X +D. qs = 0, the conclusion is Aqs; = 0.
~ ~~

0 0
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Thus, the largest invariant set in F is:

M = {(Aqs,4,%) € E'| (Aqs(t), q(t), X(t)) = 0} (5.66)

As a conclusion, from LaSalle’s invariant set theorem, the trajectories of the closed-loop
asymptotically approach M, i.e (Aqs(t),q(t),%(t)) — (0,0,0) as t — oo.

Theorem [4] states that the proposed controller stabilizes asymptotically the system
around a desired trajectory (Aq(t) — 0), in the absence of disturbancesﬁ (autonomous
system). The passivity theorem then takes over in the presence of a wide envelope of
disturbances (robustness via Lg-stability).

These theoretical results offer a comfortable margin in terms of stability and robustness.
The next section deals with assessing the highlighted performances against simulation

results.

5.4 Simulations

5.4.1 Methodology

The controller discussed in the previous section is synthesized for a N = 3 links eel-like
robot, based on the nonlinear inviscid model developed in Chapter [3] The synthesis can be
automated easily and sizes directly to any number N of linkﬂ All state-space matrices
are pre-computed offline, which prevents any computational burden. When the controller
has to be implemented on digital systems — as is the case for the VPM-2D simulator —
the continuous-time realization no longer holds. In practice, a discrete-time realization of
this controller is obtained via either a Zero Order Hold (ZOH) or a Tustin approximation
method — a ZOH discretization was used here, see Appendix [A]

The following simulations will be performed (on the inviscid simulator, otherwise
mentioned):

e Comparison of the performances of the SPR with a benchmark controller in the
presence of noise / disturbances.

Simulation of the SPR with various levels of noise / disturbances.

Effect of the initial conditions on the trajectory tracking.

Effect of actuator saturation.

Effect of varying the tunable parameters of the controller (e.g penalty matrices).

Effect of unmodelled dynamics: simulation of a discrete-time implementation on
VPM-2D.

For each simulation, the following parameters are used (referring to the notations of the
previous Chapters): L = 0.4m, b = 0.02m, ¢ = 0.04m, v = le—4 m?/s (only for VPM—Q[ﬁ),

SWhen large external inputs are applied on the closed loop through disturbances and noise, the system
is no longer autonomous and the asymptotic property drops. However, the system remains Lyapunov stable
as the time derivative of the energy-like function (Lyapunov function) is negative semi-definite, and the
passivity theorem still enforces Lo-stability.

"And potentially to any plant dynamics as long as it has a passive map.

8The viscosity is increased in order to accelerate the simulations.
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ps = p = 1000 kg/m>.

Whenever robustness to external input has to be assessed, white noise is introduced
either as a disturbance or as sensor noise. As a reminder, theoretically, white noise is an
uncorrelated stochastic process with a constant Spectral Power Density (SPD) and infinite
energy. In the following, the terms "noise level" or "noise power" refer to the SPD in [W],
which is related to the signal magnitude squared.

As previously the results are first presented, then discussed in a separate section.
Otherwise stated, when the term "trajectory' is used, it is intended "trajectory in joint
space" (inner-loop control).

5.4.2 Results

At first, the closed loop obtained is tested in simulation against the introduction of distur-
bances: a 1 W SPD white noise is introduced as a disturbance (d, see Figure |5.2)). The
usual sinusoidal trajectory in joint space is generated, but this time it is not enforced at
the joints as it was the case for the validation, but rather it is followed by the inner-loop
controller. As a way of comparing the performances in terms of disturbance rejection, the
experiment is carried out in the same conditions with the PD controller given by
(benchmark). The SPR is synthesized as explained in the previous section. Both controllers
yield a perfect trajectory tracking in the absence of disturbances. Then, the disturbances
are added, and the results are shown in Figure for joint 2. The Figure shows that the
system driven by SPR control still tracks the desired trajectory with no visible drift for a 1
W SPD white noise, whereas the behavior is more chaotic with PD control (mean errors of
about 0.2 rad).

PD control

Joint angles (rad)
o

0 10 20 30 40 50
SPR control
%\ T T
]
Na¥
&
&0
a
v}
=
o
H Il Il Il Il
0 10 20 30 40 50
Time (s)

Figure 5.3: Comparison of PD and SPR controller in the event of the addition of disturbances
to the system. Both controllers were initially fine tuned in the absence of external inputs.
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Figure 5.4: Evolution of the mean error between desired and achieved trajectory for different
disturbance SPD.

SPR control

Joint angle (rad)

5 10 15 20 25 30 35 40 45 50
PD control

Joint angle (rad)

5 10 15 20 25 30 35 40 45 50
Time (s)

Figure 5.5: Comparison of PD and SPR controller in the event of the addition of noise to
the system. Both controllers were initially fine tuned in the absence of external inputs.

The next set of simulations aims at assessing the limitations of the SPR controller in
terms of disturbance rejection. Figure is obtained by simulating the SPR-controlled
plant at various SPD levels: for each power level of disturbance, the mean error between
the reference signal and the achieved one is collected. The noise level is progressively
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Figure 5.6: Effect of initial disturbances on the closed loop.

increased in each new simulation. For a SPD of about 20 W (which corresponds to a
disturbance torque of about 5 N.m), the error reaches 0.2 rad — the same mean error than
for the PD-controller in Figure [5.2

The sensitivity of the two controllers to sensor noise is tested in simulation in the same
fashion than previously: a 1 W SPD white noise is introduced in the system as a sensor
noise (n, see Figure . The initially fine tuned controllers are now perturbated by this
noise level, as seen in Figure 5.5l This time, the sensitivity of the SPR controller to sen-
sor noise is more important for the same SPD level as small drift oscillations are now visible.

Figure highlights the sensitivity of the closed loop to initial conditions (in the
absence of external inputs). Trajectory tracking in joint space is achieved for different
initial conditions: when the system starts with a zero cross-track error, there are no
discrepancies between the achieved and desired trajectories, but when the cross track error
increases, ringing appears. In the second subplot, the system initial condition for joint 2 is
¢2(0) = —0.7 while the desired initial position is ¢3(0) = —1. This causes the system to
oscillate slightly at start, before locking to the desired trajectory afterwards. These start
up oscillations increase even more for the initial condition ¢2(0) = 0, before being damped
out afterwards.

The next simulations aim at evaluating the situations in which the passivity theorem
may be violated.

At first, the effect of unmodelled dynamics is assessed via VPM-2D simulations, see
Figures [5.8] and [5.9] . Note that the simulation was initiated with a discrepancy between
the initial configuration and desired initial configuration to assess the effect of the initial
conditions. Figurel[5.8 compares the evolution of the desired and effective trajectories of the
joint angles for both actuators: overall, the trajectory tracking is efficient. focuses on
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Figure 5.7: Effect of torque saturation on the closed loop.
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Figure 5.8: Effect of unmodelled dynamics (VPM-2D simulation) and initial disturbances
on the closed loop.

the very first seconds of the simulation to show how the closed loop reacts at the begining:
small and quickly damped oscillations (ringing) occurs before the trajectories stabilize.

Then, the effect of actuator saturation is investigated in Figures [5.7] for the inviscid
simulator and for the VPM-2D solver. In the upper subplot of Figure trajectory
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Figure 5.10: Effect of unmodelled dynamics (VPM-2D simulation) and actuator saturation
on the closed loop.

tracking for joint 1 is shown without any saturation. The lower subplot shows the poor
performances achieved in the event of actuator saturation: a maximum / minimum torque
of £2 N.m is enforced (any commanded torque in excess would be capped to one of these
thresholds), and the performances are momentarily affected, before the system recovers.
The same effect is observed in Figure where the simulation was performed with the
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Figure 5.11: Effect of saturation in the z, y-path.

same saturation conditions (but with a different reference gait) on the VPM-2D simulator.
A slighter perturbation occurs at the beginning, before the system locks on the desired
trajectories in joint space.

Figure [5.11] shows the influence of the slight perturbation in joint space from actuator
saturation in the x, y-path of the swimmer: the trajectory of the articulated body centroid
is reported in the z, y-path for the case without saturation (smooth trajectory tracking
in joint space) and with actuation (perturbation in joint space). A discrepancy of a few
cm is observed between both paths, showing the sensitivity of the swimmer’s body space
trajectory to perturbations in shape space, and the importance to alleviate for the latter.

Finally the influence of the design parameters of the SPR is investigated. The most
interesting parameters for which the designer has wide liberty in the design process are
the Q; and R matrices in the minimization criterion . Taking as suggested before:
Q1 =q¢l and R =1, it is possible to adapt the trade-off existing between fast convergence
and low-energy control. Two cases were simulated and reported in Figure the above
sub-plot stands for a good trajectory tracking with fast convergence (¢ = 1000), whereas
the sub-plot beneath shows slower tracking performances, with a constant delay between
the desired and effective trajectories (¢ = 30). Nevertheless, from Figure comparing
the torque evolution for the two cases, faster convergence comes at the expense of an
aggressive input torque profile (blue curve) while slower convergence is achieved with a
less demanding torque input (red curve).

5.4.3 Discussion

Figures [5.3] and [5.4] show the remarkable disturbance rejection capabilities of the SPR
controller. In the first one, the SPR controller is shown to outperform the benchmark for
a given SPD level: the PD-controlled closed loop suffers from important degradation of
performances, whereas the SPR-controlled closed loop does not suffer from external inputs
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Figure 5.12: Effect of varying the penalty matrix on the performances of the closed loop.
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Figure 5.13: Effect of varying the penalty matrix on actuator torques.

at this power level. The second Figure shows, for the SPR~controlled plant, the evolution
of the error between desired and achieved trajectories as a function of the disturbance level.
For a given level of performance (a 0.2 rad mean error) there is half an order of magnitude
between the disturbance levels rejected for the two controllers: the PD-controlled plant
suffers from a mean error of 0.2 rad with a disturbance torque of 1 N.m whereas the
SPR-controlled plant achieves the same performances with a disturbance of 5 N.m. We
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conclude that the SPR-controlled plant is 5 times more robust to disturbances than the
PD-controlled plant.

Figure shows that the SPR controller is more sensitive to sensor noise (for a given
SPD level) compared with the disturbance rejection performances in However the
proposed controller still overperforms PD control in terms of noise filtering.

The SPR control approach thus meets in practice the robustness properties guaranteed
by the passivity theorem (Lo-stability). The improvement from the benchmark controller
is significant. However, it should be noted that these performances were expected in
the context of the inviscid simulator, for which the plant is passive. Passivity may be
destroyed in a variety of cases (actuator saturation, unmodelled dynamics, etc.,) and in
these situations, the closed loop may loose the LLy-stability guaranteed by the passivity
theorem. The next set of simulations aimed at verifying the performances of the closed
loop in all these situations in which the passivity theorem does not apply.

As shown in Figure actuator saturation significantly alters the performances at
the begining (when the demanded input is high) before the system stabilizes. This oc-
curs because the input-output map guaranteeing the passivity of the plant is actually
not valid anymore in the event of saturation as the admissible inputs are capped to the
saturation threshold. When the demanded inputs are within the saturation limits, the
passive input-output map is restored and the system converges toward the desired trajectory.

Then, the sensitivity to the initial conditions was highlighted by Figures and
for both the inviscid simulator and the VPM-2D solver. This is because the control
command is too aggressive, and thus introduces overshoot and ringing. This is one of the
main drawback of the presented controller, but it can be alleviated easily in practice by
either slowly initiating the system so that the desired initial configuration is collocated with
the actual initial configuration (for example, this was done in Chapter [2l with the gait whose
amplitude was progressively increased at start) or by decreasing the penalty on the state
from equation (the Q1 matrix) so that the actuator authority is decreased and the
command made smoother. The latter solution however comes at the cost of a slower, less
reactive tracking. The trade-off between small actuator authority and efficient regulation
was highlighted by Figures [5.12] and [5.13} increasing the penalty on the state yields a good
but energy-intensive tracking, and conversely. In practice, tuning the penalty matrix Q;
offers to the designer the liberty of choosing between energy efficiency or performances.

It is even possible to imagine that this parameter would be adapted online, depending
on the requirements: should the system perform aggressive and fast maneuvers, the penalty
can be increased; should the system enter an energy-saving mode, the parameter can be
reduced. This would however require the system to solve the Riccati equation in real time to
perform a new SPR synthesis online. This could be conceived if sufficient time is allocated
to change the SPR structure, for example if the system switches from an energy-consuming
to a rest mode with no emergency. In a biological analogy, it would be e.g the eel resting
after a long hunt. If however the change has to be applied within one-tenth of a second, in
case for example a predator chases the eel in our biological analogy, then the approach is
jeopardized due to relatively high computation costs involved with ARE solvingﬂ

9There are however recent advances in applied mathematics providing analytic solution for the ARE
equation under some assumptions (e.g [75]). An interesting extension of this work would thus to implement
a real-time SPR synthesis. Beyond the energy-focused motivation, it may also be attractive to synthesize
the SPR dynamically for implementing a gain-schedulled controller, as discussed later.
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Finally, the results from the VPM-2D simulations show good performances of the
proposed controller. Despite the SPR was designed based on an inviscid model (simplified),
the robustness (passivity) properties are conserved when replicating the controller on the
simulator. A slighter influence from saturation and initial conditions are observed with
VPM-2D, maybe because the observed ringing in the inviscid simulator is damped out by
viscous forces in VPM-2D.

Overall the SPR controller is robust to unmodelled dynamics (viscous forces) and is thus
well suited to control the simulator. Since the transition from the inviscid to the viscous
simulator was successfully achieved we can, without being reckless, draw conclusions on
the potential success of an implementation on the robotic platform. Unfortunately this
hypothesis could be tested for the reasons raised in Chapter [2| (in particular because the
Dynamixel are not torque-controllable and the platform is unstable). Future work would
involve testing the SPR controller with proper actuators and a stable platform.

5.5 SPR control: perspectives and limitations

To sum this up in a nutshell, from the discussion above and from the theoretical properties
established previously, the advantages and drawbacks of SPR. control are discussed up below.

The controller proposed has many advantages:

e Scalability. The synthesis can be adapted to any link number or even any plant as
long as it has a passive map.

e Quick and automated synthesis. An algorithm was written following the cooking
recipe detailed in section and the synthesis can be realized within seconds, solving
the Lyapunov equation and ARE numerically with MATLAB.

e Automatic synthesis.

e Offline computation. The synthesis is done offline; all that remains to do online is
the integration of the state space model, so that this controller is computationally
inexpensive. It is still unclear yet if it would be possible to synthesize the controller
in real time; this would mean solving the ARE and Lyapunov equations fast enough,
or obtain analytic solutions. The implications would be tremendous for at least
two reasons: on the one hand it would allow linearizing the plant for each current
configuration, yielding a nonlinear gain-schedulled controller (more on this below),
and on the other hand it would allow real-time changes in strategy regarding the
design parameters (e.g switch from an energy intensive mode to a rest mode).

e Robustness. Through passivity theorem, there is a LLo-stability guarantee of the
closed loop, as long as the passive map is not violated.

e Asymptotic stability (in the absence of external input). Through theorem |4} the
asymptotic stability of the closed loop is guaranteed as long as the external inputs
are negligible.

e Optimality. In the sense of a quadratic criterion inspired from the LQR paradigm,
and based on a linearized model of the plant.
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e Flexibility. The controller can be tuned to achieve either aggressive maneuvers or
slower tracking. An easy interpretation of the tunable parameters is available.

The controller has the following drawbacks:

e Model-based. A reliable model of the plant is needed to make a relevant use of the
LQR-like synthesis. Note that even if a poor model is available, or even if no model
at all is available, the controller still achieve robust (but suboptimal) convergence as
long as the SPR-ness/VSP-ness is kept.

e Passivity-based. The passivity theorem may be violated in the presence of non-
idealities: actuator saturation, faults, delays, unmodelled dynamics...

e Sensitivity to initial conditions and actuator torque.

e Conceptual difficulty. The approach proposed is way more complex than a PD
controller.

e Linearity. The controller is LTI and the linearization is only valid around an
equilibrium position. The nonlinear dynamics is thus totally ignored. This could
be alleviated via gain schedulling: various SPR controllers are designed at different
operating points offline, and they are interpolated online as done in [73]. Moreover,
contrary to classical gain-schedulling where the stability of the controller can only be
assessed empirically by extensive simulations, this SPR-based approach relies on the
I-O stability theory for Ly-stability guarantees: indeed, it is possible to show that
a network of linear SPR system is VSP and apply the passivity theorem. Finally,
new extensions could also involve the online synthesis of SPR controllers, aiming at
forming a continuous gain-schedulled network.

5.6 Conclusion

This Chapter focused on the design of a passivity-based robust controller. The model-based
approach combines a robust (in the Lo-stability sense) and optimal (in a LQR sense)
frameworks via the synthesis of a SPR LTT controller made VSP via KYP lemma. Strong
theoretical results allow to guarantee the robustness properties of the closed loop, as long
as the passivity properties are preserved. Such theoretical results on the robustness of
the system are important in modern control theory as more and more autonomous agents
are going to interact with humans in safety-sensitive situations (e.g autonomous vehicles,
automated weapons, ...). In this context, having guarantees of reliability of the autonomous
agents is of paramount importance.

The proposed controller was tested in inviscid simulations and on the VPM-2D simula-
tor. It was shown to outperform the classical PD approach in the presence of disturbances
and noise and to fit well to the VPM-2D simulator without any modification of the design.
Finally the limitations of the controller were identified, such as instabilities arising with
passivity violation (actuator saturation), or the sensitivity to initial condition (due to
aggressive input profile). In practice the observed discrepancies may be mitigated by tuning
properly the state penalty matrix, at the cost of less energy-efficiency.
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This Chapter successfully solves the inner-loop problem to control the joints and achieve
trajectory tracking in joint space. The question now arising is how to achieve trajectory
tracking in the x, y-plane, i.e steering the body variables to a desired configuration. This
question, related to outer-loop control, is addressed in the last Chapter.
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Chapter 6

Guidance

A simple guidance algorithm is presented in this chapter to close the loop on the controller
developed previously and achieve straight-line path following. The algorithm is tested in
the inviscid simulator, with a SPR controller running in inner loop.

6.1 Line-Of-Sight Guidance

A simple gait generator based on the developments in [38] is implemented. The gait is
responsible for giving the joints a desired angle ¢; to be followed by the inner-loop controller
presented in Chapter 5} A typical sinusoidal gait is given as follows:

¢; (t) = ag(i, N) sin(wt + (i — 1)d) + ¢o, (6.1)

where ¢(i, N) is the gait pattern, a the amplitude of oscillation, w the frequency, § a
constant that adjusts phase shifts between the different segments and ¢g the turning gait pa-
rameter (more on this later). For anguilliform swimming, typically we have: g(i, N) = ]]\\;—I_i

The motivation for these bio-inspired desired oscillations ¢; arises from the following
biological observation: eels are propagating oscillation waves of increasing amplitude down
the spinal cord with a constant phase delay d between segments. The subsequent muscle
contractions are responsible for propelling the eel forward [76]. When turning, eels produce
the same rhythmic pattern, but biological observations pinpointed an important increase
¢o in the curvature of their body on the turning side [76].

On top of that gait generator, a heading controller based on Line-Of-Sight (LOS)
guidance is used to issue the control variable ¢y proportional to the error between the
desired and actual heading. This variable is used as an offset in the desired joint angle
generation in order to achieve turning gait. The heading control law is:

b0 = ko(¢p — 0), (6.2)

where kg is a fine tuned gain, 6 is the heading of the robot (in the present case, the
head segment heading was taken as a proxy for the global heading) and v a desired heading
obtained using LOS guidance to achieve straight-line following as illustrated in Figure [6.1
and given by the formula below:

¢ = —tan~" (IZ’) , (6.3)
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where p, is the cross-track error between the robot and the straight-line path, and A
is a look-ahead parameter taken as a rule of thumb twice larger than the length of the robot.

Figure 6.1: Principle of LOS guidance: the heading of the system is steered toward the
look-ahead target.

The heading controller and gait generator described above are known as the outer-loop
control block or guidance block. It feeds the inner control block with desired joint space
trajectories. The entire control loop is shown in Figure 6.2

QOuter controller - Guidance Inner controller
ittt 7orooooooos !
A : Heading conn;oller %o Gait %vinerator 1 ¢ : SPR c?-nm)"cr | T M(I?yrlzrm::s .
Y v (Zi) r»g(v‘,n)si:‘(:f) : (i-1)5) : ' Proportional : Iq(‘ilner;;;t;c_s
1l o =rke(w—0) +do I : prewrap | Gy = wC,
b o oY L____ '
Py Q.4

Figure 6.2: Closed loop: outer loop responsible for path following (issuing a desired
trajectory in joint space); inner loop for achieving the desired trajectory.

6.2 Simulation Results

The values of the parameters chosen for the simulation are collected in Table [6.1] The
influence of these parameters is abundantly discussed in the literature, e.g in [38]. They
were obtained similarly in the present case by trial and errors, based on their physical
interpretation. The geometric characteristics of the swimmer are collected in Table [6.2]
using the usual notations (see Figure

The simulation results for straight-line following are shown in Figure [6.3] where the
x,y-position of the first segment in Figure [3.1] is plotted. On this Figure, the system
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Table 6.1: Guidance parameters used in the simulation

N 5

ko 1

A (m) 4

w (deg/s) 50

a (deg) 75

0 (deg) 30
q(0) 0 3 0 0 0

Table 6.2: Geometric parameters of the eel-like swimmer

a (m) || 0.2
b (m) || 0.02
¢ (m) || 0.04

is steered toward a straight-line path (aligned with a1y in Figure , starting with an
initial cross-track error of p, = 3 m and with an initial heading direction parallel to the
path. As for any LOS algorithm (they are widely used in a variety of platforms, such
as unmanned aerial vehicles or underwater unmanned vehicles), the performances are
tributary of the look-ahead distance parameter: a large look-ahead distance yields an
overdamped slow convergence , while a small look-ahead distance generates an oscillatory
and fast convergence. Here the right trade-off is found with not too much oscillations.
However, an initial undershoot is inevitable in that case, causing the robot to initially go
in the wrong direction as seen. An initial undershoot and an overshoot of approximately
0.25 m (8% overshoot) are observed.

3.5

251 | 1

15F ‘ .

y [m]

1 I I I I I
-5 0 5 10 15 20 25

x [m]

Figure 6.3: Straight-line following, starting with a cross-track error of p, = 3 m and with
an initial heading direction aligned with the path.
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These results compare well with results obtained in the literature, see for example [38].

These result should however be mitigated by the slow convergence time (not shown
on the graph). The best we could achieve with this algorithm is a settling time of 100 s.
A similar result is reported in the literature. Note that the speed of the swimmer may
be increased by increasing properly the amplitude and frequency of the sinusoidal gait
generator in .

Also, the present algorithm only allows to achieve a straight-line following (extensions
should be sought to achieve curved path tracking).

This is not really the kind of performances expected from an eel-like swimmer: swifter
and faster motions would be expected.

6.3 Conclusion

The problem of guidance is addressed in this Chapter and solved with a classical LOS
guidance algorithm combined with a bio-inspired sinusoidal gait pattern generator. The
closed-loop is shown to achieve straight-line following with initial cross track error of p, = 3
m. The performances obtained are similar to what has been achieved in the literature.

Although the obtained results are good in the sense that they demonstrate the scal-
ability and validity of the controller developed in Chapter [f| the proposed approach is
not quite satisfying for two reasons: it does not allow curved path following or trajectory
tracking, and it does not yield fast enough convergence.

In order to improve these two issues in future work, some new cutting-edge researches
are proposed: for example the use of Deep Reinforcement Learning (DRL) for finding the
energy efficient patterns in swimming as reported in [8] or dynamical optimization proposed
by the Extremum-Seeking (ES) guidance paradigm, see [77]. In the first approach, a deep
neural net was trained in the event of cooperative swimming between two fish: one of the
fish swims in the wake of a leading fish, aiming at exploiting vortices created in the flow
for propulsion. After the fish has been trained on many simulations, it is able to reproduce
the guidance scheme associated with the optimal energy-efficient behavior observed among
natural fish. The second paradigm is concerned with ES control, which seeks a solution for
an optimization problem in real time. ES control can be adapted to the guidance step in
order to solve a dynamic optimization problem involving an unknown performance index:
e.g in the context of anguilliform swimming, the aim of the guidance controller may be to
minimize in real time an energy function so that minimum-energy trajectories are found,
exploiting information from the environment such as pressure gradient or flow speed.

Approaches based on CPG as discussed in the first Chapter are also of particular
interest for building robust oscillatory patterns [20].

Finally, additional simulation results are expected in order to test this algorithm on

the VPM-2D simulator. The simulation times for guidance are however much higher than
for inner-loop control.
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Conclusion

This thesis was concerned with robust passivity-based control of an eel-like swimmer.

The motivation for a robust controller arose from these two observations:

e The difficulty of obtaining a workable and reliable model of the plant. Indeed,
modeling the exact hydrodynamic fluid-structure interaction is a complex process
requiring sophisticated numerical methods (for solving Navier-Stokes equations).
Unfortunatly, though reliable, these methods are untractable when it comes to a
real time implementation on a micro-controller for the purpose of controlling the
real system. By contrast, simplified models are workable solutions for both control
synthesis (using them as a simulation environment) and control execution (use the
simplified model of the plant in real time), but they are by essence "non-reliable" as
they fail to capture the full complexity of the process.

The wide variety of external disturbances acting on the plant. Ranging from eddies
and vortices present in the flow, to streams and waves diverting the robot away from
its goal, the role of external disturbances in underwater applications is significant
and may cause important alterations of the performances.

In that respect, designing a controller that is robust to both unmodelled dynamics and

external inputs is a highly desired achievement, and the direction taken in this work was
to focus on the inner-loop control for achieving robust trajectory tracking in joint space
with disturbance rejections. A consistent part of this work was also concerned with the
derivation of a serious model of an eel-like swimmer, as the initial objective was to do
"model-based" control. The final result — a SPR/VSP robust controller — thus reflects this
dual objective as it demonstrates robust stabilization in the presence of disturbances, while
being a model-based approach fitting optimally with the process (through the passivity
framework and also from the optimal LQR~inspired synthesis).

Beyond this schematic view on the work achieved so far, many other results were

obtained in this thesis and are summarized below:

e Experimental tests were carried out with the platform developed by former master’s
student. The test concluded that the robot was not suited to be used as an autonomous
agent as it was suffering from stability issues and lack of controllability. The tests
allowed nevertheless to give some recommendations on further work for improving
the robot: replace the motors by torque controllable actuators, use reliable torque
sensors, improve the stability, etc. Moreover, this test-bench — though not perfect —
was sufficient for acquiring the data required in the validation of the simulator.
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e The VPM-2D simulator, a high fidelity CEFD code developed at Université Catholique
de Louvain, was validated against experimental results. The trajectory in the z, y-
plane predicted by the fluid solver was shown to correspond qualitatively with the
trajectory achieved by the real robot.

e A localization system based on camera vision and color detection was implemented
and validated. The system was however only used offline in post-processing.

e A model of an eel-like swimmer, based on the perfect fluid and irrotationality
assumptions is established and validated against simulation results and literature
results. The model treats the fluid-structure interaction as an addition to the inertia
of the body. The derivation is inspired from an existing result in the literature, but
the original result is extended in the Euler-Lagrange framework, instead of relying
on the math-heavy Lagrange-Poincare approach. Comparisons with results in the
literature showed that the model is consistent with respect to the original approach
from which it was derived. Moreover, comparisons with VPM-2D allowed to conclude
that the model presented is a good proxy for an eel-like swimmer, in a qualitative
sense. As such, it was decided to use the proposed inviscid simulator as a tool for
developing a controller.

e The passivity properties of the plant were unveiled from the inviscid model established,
and a passivity based-approach was thus used: as passivity theorem states that a
passive plant may be stabilized robustly by a Very Strictly Passive (VSP) controller,
our interest focused on a linear Strictly Positive Real (SPR) controller — whose VSP-
ness is guaranteed by the fundamental Kalman-Yakubovich-Popov (KYP) lemma.
The synthesis of the SPR controller is done in an optimal way using a linearization
of a model of the plant (actually a sub-part of the plant), then performing a LQR-
inspired design. Simultaneously, the SPR-ness/VSP-ness assumptions are verified
via KYP lemma. As an original contribution, the present work thus extends the
SPR control approach to underactuated systems, and applies for the first time this
kind of robust technique to underwater robotics. Simulation results showed the good
robustness properties of the closed-loop, identifying however some drawbacks: on the
one hand, altered performances are observed in some problematic situations where
passivity violations may occur (e.g in case of actuator saturation) and on the other
hand, a relative sensitivity to initial disturbances is identified. The word "relative" is
employed because it was shown that by changing the penalty on the state (using an
LQR analogy), the latter problem can be alleviated.

The advantages of the SPR approach are numerous: robustness and stability, opti-
mality (in the sense of the LQR paradigm), scalability (automatic synthesis for any
number of segments), offline synthesis (yielding low computational effort), intuitive
tunability, etc.

e a guidance algorithm was implemented to close the loop on the controller designed
and the closed-loop system was shown to achieve straight-path following. However,
the performances obtained — though being comparable to what is achieved in the
literature — are far below what nature can achieve.

From the results obtained so far, future work should focus on the following points:

e Implement the guidance on the VPM-2D simulator.
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e Improving the guidance. The results obtained are not satisfying enough from the
perspective of what is achieved in nature. CPG-based methods should be investi-
gated. Methods relying on recent advances in Deep Reinforcement Learning are also
promising, see the work in [8] where the optimal locomotion behavior is learned from
training a deep neural net in efficient-swimming situations.

e Implement a gain-scheduled SPR/VSP controller. Indeed, the SPR/VSP-synthesis is
based on a linearization of the plant about an operating points. Possibilities exist
to implement gain-scheduled controllers linearized at many operation points and
interpolated in real time by a scheduling signal. The passivity theorem would still
guarantee the robust stability of the closed loop as the network interconnection of
many VSP systems can be shown to still be VSP.

e Compliant and energy harvesting-based control approaches should also be investigated:
for example, control techniques exploiting interesting nonlinearities in the flow (such
as vortices in the wake of obstacles or other swimmers) could be developed in order
to achieve energy efficient swimming. Energy harvesting through damping elements
coupled with the actuators is discussed in [56], and vortice-based swimming in [78].
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Appendix A

Programming VPM-2D

The solver VPM-2D is implemented in C++ and the code is available on demand to the
research team.

The file StudyCaseDaRobotFish.h located in the source/studyCases folder can be
modified to specify physical parameters such as the density of the fluid and body, the fluid
viscosity, the dimensions of the links, the number of links, and other simulation parameters
such as the terminal time or the mesh refinement.

In the context of this thesis, the main part of the algorithm to focus on is concerned
with the MBS solver. Indeed, one of the objective of this thesis is to design a control law
issuing the relevant actuation torques. In order to modify the MBS step to include a cus-
tom controller, one has to write the SegmentedFish.h file located in the source/shapes
folder of the VPM-2D package. In particular, the "methods" (functions) rungeKutta,
updateInSpace and fPrime are useful: the two first functions allows to perform integra-
tions if required (e.g for the computation of the integral term of a Proportional-Integral-
Derivative controller, PID; or for more advanced dynamical controllers) while the latter
allows to directly implement a control law by modifying the actuation torques. It is
also worthwhile mentioning the "constructor' SegmentedFish that allows to specify initial
conditions for the generalized coordinates.

When implementing any controller on the simulator, it should be expressed in a
discretized form first. For controllers given in a Linear Time Invariant (LTI) state-space
realization (as is the case in Chapter [5)), a Zero Order Hold (ZOH) discretization method
can be used, for example. Let the following state-space realization of a continuous-time
LTT system:

X(t) = Ax(t) + Bu(t), (A.1)
y(t) = Cx(t) 4+ Du(t). (A.2)

The ZOH discretization converts the above system into its discrete-time analogon via
the following transformations [79]:

® = exp (AT), (A.3)

I'= /OT exp (Aa)Bda, (A.4)
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where T is the discretization step and the discrete-time formulation is given by:

x[k + 1] = ®x[k]| 4 Tu[k],

ylk + 1] = Cx[k]| + Du[k].
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Appendix B

Derivation of the Jacobian,
Jacobian Transpose and Jacobian
Derivative

The body-i-related Jacobian J; is a matrix relating the absolute-frame-resolved twist of
body i with the generalized coordinates:

. 5I‘z‘a . .
G =t = > 5cde =31 (@) G, (B.1)

Reasoning on the equation above, it appears that each element (&;,);, Vj taken inde-

pendently is the sum of the n generalized coordinates weighted by the n terms %,

k={1,...,n}, Vj. These terms are thus linked to the Jacobian by:

(Ji)jk = ag;;)j (B.2)

which provides a practical way of computing the Jacobian componentwise by direct
differentiation of r;,.

By a quick trigonometric consideration, the pose of the centroids of all considered links
resolved in F, is given as follows:

[+ LY cos(

y+ L ZE;% sin (

We recall that Q(a) = 0 + 39—} ¢;.

Deriving the pose in a fashion dictated by equation the following non-zero compo-
nents of the Jacobian are obtained:
A(ri )

= =1 B4
Ji E , (B.4)
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J22 = 8y - 1, (B5)
g = 25 S (00 @)@ - Lain (@) 0@, k2, (o)
1k o £ ’ ’
6(7"1' )2 =t . .
Jok = —2 = L cos (Q(1)) Q1) %2 + = cos (Q(1)) Q1) *2), k>2,  (B.7)
I, =1
_0(ri)s _ A (anes)
Jor = O = Q) , k>2, (B.8)

all other components zero. The term Q(a)(@k-2) = 9=(2)
and 0 otherwise.

Equations - can be readily used to algorithmically generate the Jacobian.
The transpose of the Jacobian follows straightforwardly from the above equations.

isequal to 1if 2 < k < v + 2,

The derivative of the Jacobian with respect to the m-th generalized coordinate is also

of valuable use. It can be obtained by derivation of equations (B.4]) — (B.8]). The non zero
terms are (k > 2, m > 2):

1—1
<6J1k)lk =LY cos (Q(I)) Q1) m-2m-2) — éCOS (Q(4)) Q(i)\#—2>m=2)  (B.9)

i—1
(52) =~ 3 sin (Q) Q®-=m-2) — Zsin (Q(0)) Qi) #-+m2,  (B.10)

all other terms zero. The term Q(a)(@k-2:4m-2) — % isequalto1if2 < k < a+2
and 2 < m < o+ 2, 0 otherwise.
Equations and (B.10)) can be readily used to algorithmically generate the Jacobian

derivative.
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Appendix C

LaSalle’s Invariant Set Theorem

LaSalle’s invariant set theorem is a classical result used when the traditional Lyapunov’s
second method does not allow to conclude on asymptotic stability (i.e when the time
derivative of the Lyapunov candidate function is negative semi-definite). LaSalle’s invariant
set theorem provides a guarantee of convergence of the system trajectories toward a so-
called invariant set under some assumptions. One of the important assumptions is that
the system be autonomous (i.e not submitted to any external inputs), which is typically
the case for closed-loop systems with initial conditions. First, the following definitions of
stability are recalled:

Definition 8 (Lyapunov Stability and Asymptotic Stability). Consider the following
autonomous system:
X(t) = f(x(t)), xo=x(0), (C.1)

with an equilibrium at X, such that f(x.) = 0. Then:

e The equilibrium point is said to be Lyapunov stable if, Ve > 0, 361 > 0 such that, if
| X0 — Xe|| < 01, then ¥t > 0 one have ||x(t) — X.|| < €.

o The equilibrium point is said to be asymptotically stable if it is Lyapunov stable and
02 > 0 such that if || X0 — Xe|| < 02, then lim; o ||X(t) — X|| = 0.

The illustration of the Lyapunov stability concept, using the notations above, is shown

in Figure

Figure C.1: Lyapunov stability.

LaSalle’s theorem for autonomous systems is now stated [71]:

Theorem 5 (LaSalle’s Invariant Set Theorem). Consider the following autonomous system:
x(t) = f(x(t)), xo=x(0), (C.2)
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and let Q be a compact positively invariant set with respect to (C.2), i.e x(0) € Q =
x(t) e Q VteRt.

Let V be a continuously differentiable function such that, along the trajectories of (C.2)):

V(x(t)) <0, Vx(t) € Q. (C.3)
Let:
E={x(t) e Q| V(x(t)) =0}, Vx(t) € Q. (C.4)

Let M be the largest invariant set with respect to (C.2|) contained in E. Then, every
solution of (C.2)) starting in £ approaches M as t — oo.
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