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Abstract

Fish have perfect body mechanisms and swimming modes for underwater
locomotion, and provide ideal models for the propulsor design of fish robots. This
thesis investigates modeling and control of swimming gaits for multiple degree of
freedom (DOF) fish-like robots. An experimental-based approach is conducted, i.e.
online generation and tuning of swimming gaits for fish robots according to its

locomotion performance.

The online modeling aims to achieve fish-like swimming locomotion on robots, and
optimal swimming gaits associated to fast swimming speed and high energy
efficiency of locomotion. The investigation consists of two parts. Firstly, the online
gait generators are formulated by using artificial central pattern generators (CPGS).
Secondly, the gait is tuned by using a closed-loop swimming control system
incorporated with the CPG model. In order to obtain diversified gait patterns and gait
transitions, different structure and coupling ways of CPGs are discussed so that
feedback control laws can be imposed on the CPGs to shape the swimming pattern.
The parameters of the oscillators are tuned as fish robots swims, without causing
jerks or losing coordination of motions. The implementation of the system includes
the combination of CPGs and closed-loop swimming control, which is initially
applied in a special case of adaptive swimming: the station-holding control in
adverse unsteady flow. Subsequently, the system is utilized, together with genetic
algorithm (GA), to produce fast or energy-efficient swimming gaits for multi-DOF

fish robots.

Three types of fish robots have been deployed as experimental platforms for the
research work here. Experiments are conducted to assess the CPG-based gait
generation and the closed-loop swimming control system, including sine function
based gait generators, robust gait generation and station-holding control of fish
robots, multi-DOF swimming gait coordination and gait transition by using artificial
CPGs, robust swimming gait tracking control, and online optimization of swimming

performance by using GA and CPGs.
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Chapter 1 Introduction

This thesis presents the research work on modeling and control of swimming gaits
for multiple degree-of-freedom (DOF) fish-like swimming robots. Focus is the on-
line swimming gait generation by using coupled nonlinear oscillators (which are also
regarded as model of artificial central pattern generators) and on-line optimization of
swimming performance by combining Genetic Algorithm (GA) and CPG model. The
research background, motivation, and outline of the thesis will be discussed in this

chapter.
1.1 Background

The advent of new technologies in biology, materials and robotics brings the
possibility to the realization of biomimetic propulsion and fish-like swimming robots
[1-3]. Such a robot is a special type of Biologically-inspired Underwater Vehicle
(BIUV) that obtains thrust by imitating behaviors of aquatic animals [4]. BIUVs are
driven by biomimetic fins, flippers, or bodies rather than conventional screw
propellers. Similar as the conventional Autonomous Underwater Vehicles (AUVS),
the BIUV systems have a wide-range of applications in many different areas: marine
sourcing, seabed charting, military surveillance, environmental assessments, sea
exploring, uncovering of mines and conducting of scientific research, etc. [3, 5].
Besides, the BIUVs have their unique properties superior over the conventional
AUVs, especially in propulsion efficiency aspect. Among locomotion patterns of

underwater animals, the swimming of fish attracts extensive interests of research [2].

Over millions of years of evolution and natural selection, fishes have developed
perfect body mechanisms and swimming modes for underwater locomotion. It has
been reported that the swimming efficiencies for most of the fish species is higher
than 80% [6]. Some thunniform fishes can even swim with efficiency more than 90%,
while the average efficiency of the current screw propellers are located between 40%
to 50% [6]. Additionally, fishes can make turning with a turning radius less than 10%

to 30% of their body length and maintain the high speed at the same time. This



remarkable talent is far beyond the capability of any current ships whose turning
radius is usually much bigger than its hull length and the turning speed must be less

than the half of the normal cruising speed [6].

Compared to the screw propellers, the motion of fins or bodies of fish can provide
more flexible maneuverability, which can be used to achieve fine posture adjustment
for underwater robots [7]. These abilities inspire innovative designs which improve
the ways that man-made systems operate in and interact with the aquatic
environment [8]. The underwater ecology is also an important concern in the study of
the BIUVs especially when marine life has been deteriorating due to the extensive
use of propellers which produce large bandwidth noises in the wake. The swimming
patterns of fish generate noise-free thrust. This consideration also pushes engineers

to innovate by constructing vehicles without rotary propellers [9].

Fish provide ideal models to the biomimetic propulsor design of swimming machines
[5, 6, 10]. Over the past two decades, the interests on robotic fishes have experienced
an increasing trend. In the robotics community, the research on the fish robots has a
straightforward objective: to transform the conceptual design of the biomimetic fish
into novel underwater vehicles that can serve humans. The accomplishment of this
objective requires studies in many aspects: the mechanical design of the fish robots,
materials of biomimetic propulsors, actuation and actuator designs for underwater
environments, the sensors and electronic systems for underwater measurements,
control of swimming for highly efficient locomotion, intelligent control strategy for
autonomous manipulations, etc [2, 3, 11, 12].

In this thesis, the kinematics modeling and control of swimming gaits for multi-DOF
fish-like swimming robots will be discussed. Modeling and control of fish-like robots
include several different levels. High level control concerns about the problem of
navigation, obstacle avoidance, path following, swarm, etc; the middle level
addresses the issue of swimming motion planning and swimming gait generation by
using kinematics models; the low level control of swimming implements planned

swimming gaits on actual fish prototypes which ensures that the mechanical



propulsor can precisely track those control signals. The thesis presents the research
work covering the last two categories: the kinematics modeling of swimming gaits,
on-line generation and tracking control of gaits for multi-DOF robotic fish systems.
In the thesis, the multi-DOF refers to those coordinated and involved in thrust
generation. Each DOF corresponds to an actuator running with a continuously
oscillatory pattern (some special cases such as pectoral fin in BCF type robot which
sometimes runs in a non-continuous mode like a rudder to control the posture of the

robot [13, 14] will not be the issue of this research).

The purpose of the modeling in this study is not only to achieve fish-like swimming
motion on robots, but also to find optimal swimming gaits that can enhance the
locomotion performance in terms of swimming speed and efficiency. Here the term
gait is borrowed from the legged locomotion or robotic arms to define the control
input for the actuator that drives an individual robotic body element involved in
thrust generation. In essence, the motion planning and gait generation for a multi-
DOF robotic fish is not much different from the classical planning problem in robotic
arms dealing with the issue of trajectory following versus gait generation. However,
the former has its own specialties: 1) the motion should be coordinated in order to
produce propulsion for the robot in water environment; and 2) such motion pattern
should vyield an energy-efficient locomotion since increasing the efficiency of

underwater vehicles is a major goal in development of robotic fishes.

1.2 Motivation

From a robotics perspective, enhancement of the energy efficiency of locomotion is
still the kernel issue in the study on robotic fishes even if current research interests
extend to diversified topics such as application of smart materials, new actuation
methodology and micro swimming robots, etc [12, 15]. Finding optimal swimming
patterns for a fish robot is a complex problem due to the unknown hydrodynamics
and physical properties of actual robots. Biomimetic methods are traditionally
adopted to obtain fish-like motions on swimming machines. Observations on real
fish’s swimming motion provide reference systems, the body motion functions which

are used to generate swimming gaits for multi-DOF swimming robots. Then the
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research will focus on finding a suitable body motion function that can produce
optimal locomotion. The disadvantage is that the machine swimming like a real fish
in shapes does not guarantee it achieves the same high efficiency [5]. Another
solution is to conduct large amounts of experiments and find empirical results to
refine the body motion functions. Stochastic searching techniques such as Genetic

Algorithm are applied in optimization of control parameters [16-18].

Direct theoretical analysis of hydrodynamics, computation fluid dynamics (CFD)
simulation or indirect analyzing of flow by measuring the vortices shed in the wake
of swimming fish have been studied for years to explain the secrets of highly
efficient fish swimming. The results help to supervise the locomotion control of fish
robots [2, 8]. In-depth understanding of swimming hydrodynamics is always
preferred because it provides guideline to find the optimal system parameters. With
the advancement in computing technology, simulation of swimming becomes
available through Computational Fluid Dynamics (CFD) tools, which helps to find
the relationship between swimming performance and its motion patterns [16].
Recently, the theories about wake structure and vorticity control and measurement
technologies based on Particle Image Velocimetry (PIV) provide more direct way of
analyzing the water flow around fish body, which effectively guides the design of
swimming control systems [17-21].

In the present research, the intention is not to develop deterministic theories that can
provide a full explanation of swimming dynamics of fish robots, but solve the
problem by using experiment-based approaches, i.e. through on-line processing of
performance data of a fish robot to find optimal swimming patterns. For a given fish
robot, digging its ultimate potentials in the locomotion is of more value for real-
world applications. The intention of on-line swimming optimization of swimming
locomotion is stem from this consideration. The term on-line means that the
swimming motion is not predefined but autonomously generated by the control
system as the robot runs. It also requires that real-time feedback of the locomotion

performance can be included in the swimming gait generation.



Current robotic fish systems suffer from a common problem: a closed-loop control
scheme for swimming machines is not well established yet due to the absence of
real-time feedback of water flow information around the fish body [5]. Without this
closed-loop control, the swimming gait can hardly be adaptive to the flow.
Coordination of swimming motions for multi-DOF fish robot is also an issue to be
addressed. Coupled nonlinear oscillators (CNLOs) will be used to perform the on-
line swimming gait generation and coordination of motions. The CNLOs are also
regarded a model of artificial Central Pattern Generators (CPGs). Biological CPGs
are entities found in the spinal cord of vertebrates or in some invertebrates [15, 22,
23]. They produce rhythmic motion patterns and coordinate the moving elements of
bodies, limbs, fins, or wings for locomotion of animals [24-26]. The CPG model can
be applied in control and coordination of locomotion for multi-DOF robots [25, 27,
28].

The CPG based approach is adopted for four reasons: (i) CPGs produce stable
rhythmic patterns which are ideal for controlling the oscillation or undulation of
swimming robots; (ii) the gait patterns produced by CPGs are robust to reject the
external disturbance; (iii) the mechanism of interlinked CPG neurons provides a
solution to coordinate motion of multiple-joint robots and (iv) the most attractive
property for the present research, CPGs are ideally suited to integrate feedback
signals into differential equations, which provide opportunity to obtain mutual
entrainment between the CPG and the robot to achieve adaptation of swimming gait
to water flow [15]. With the sensory feedback from robot-water interaction,
locomotion with optimal energy consumption can be expected [29]. A closed-loop
locomotion control system will be developed for robotic fishes [15] and Genetic
Algorithm (GA) will be applied to refine the parameters of CPG based control
system. The proposed CPG model for locomotion is expected to generate gait
patterns adaptive to the surrounding water flow [29].

By virtue of the above-mentioned works, the proposed research will contribute to the
performance enhancement of swimming robots in terms of swimming speed, energy

efficiency, and maneuverability. In long term, the methodology developed in this



research is expected to be applied on other types of robots to obtain natural and

energy-efficient locomotion.
1.3 Objectives, Methodologies and Scope

This research aims to obtain a model which can on-line generate swimming gaits for
multi-DOF robotic fish systems by using CNLOs. Together with Genetic Algorithm
optimizing the system parameters, a closed-loop swimming motion control system
with feedbacks from robot-water interactions will be also developed to produce
optimal swimming patterns in terms of swimming speed or energy efficiency. In
order to achieve the specified objectives, the following works have been
accomplished:

1. Several robotic fishes for specified task requirements have been developed to
achieve fish-like locomotion. Offline motion planning based on sine generators
has been conducted and tested on different types of fish robots.

2. The applications of nonlinear oscillator in generation of robust swimming gaits
were investigated. A special case of adaptive swimming, the station-holding
performance of real fish is implemented on a fish robot. The feedback control
laws that tune the parameters of nonlinear oscillators were derived.

3. Multiple coupled nonlinear oscillators were adopted to build artificial CPGs and
model the kinematics of multi-DOF swimming gaits. The structure, equations
and coupling schemes of the CPG model were detailed. The applications of the
CPG model in different fish robots are discussed and tested in experiments.

4. A robust tracking controller was applied in tracking the gait signals produced by
CPGs.

5. Genetic Algorithm was adopted as an optimization tool to on-line tune the
parameters of CPGs in the closed-loop control system. The application of GA in
fish robots was studied. An efficiency measurement method based on feedback of
water reactive force exerted on fish robots was developed to evaluate the
swimming efficiency. The fast swimming mode and energy-efficient swimming

mode of a multi-DOF fish robot were found in experiments.



1.4 Outline of the Thesis

There are eight chapters in the thesis. Following the general introduction to the
present research in this chapter, the literatures in related areas are reviewed in
Chapter 2. The contents of literature review include three major parts: theories
regarding the kinematics and dynamics of fish swimming, designs of biomimetic
propulsors and fishes, modeling and control of swimming motion by using nonlinear
oscillators or CPGs. The designs of fish robot prototypes used in the present research

are also introduced in this chapter.

Modeling of swimming gaits for multi-DOF fish robots based on sine functions is
discussed in Chapter 3. The highlight is to derive analytical gait control functions
according to the topological structures of biomimetic propulsors. Also, an analytical
method for predicting the swimming performance of fish robots is discussed in the
chapter. Experiments were conducted on a fish robot to validate the theoretical

analysis.

Gait generation by using a nonlinear oscillator will be discussed in Chapter 4. The
property of the oscillator is analyzed. As an application of the robust swimming gait
generation, the station-holding performance of real fish is implemented on a fish
robot. Feedback control laws are developed to tune the parameters of the gait
generator. Experiments are provided to show the effectiveness of the control method.

In Chapter 5, the coupling schemes for multiple nonlinear oscillators are developed,
based on which an artificial CPG model used to coordinate swimming motions will
be formulated. The couplings schemes and the topological structures of multiple
oscillators are the focuses. Applications of the CPG model are illustrated on an eight-
DOF knifefish prototype with a single fin propulsor and a six-DOF manta ray robot

with two sided flapping fin propulsors respectively.



Robust swimming gait control includes two aspects: robust gait generation and gait
tracking. The latter is discussed in Chapter 6. Usually PID controllers are adopted as
this motor-level controller [5, 15, 30]. However, it was found in experiments that
precise tracking of the gait signals in water environment is hardly obtained due to the
un-modeled hydrodynamics. A robust tracing system is developed to solve this

problem.

Genetic Algorithm in optimization of swimming locomotion together with CPGs in
generation and coordination of swimming gaits for multi-DOF fish robots is explored
in Chapter 7. It is aimed to find optimal body curves which are associated to optimal
swimming performance. An efficiency measurement method based on feedback of
water reactive force exerted on the fish robot is developed to evaluate the swimming
performance. The feedback is used to establish a closed-loop swimming control
system. The eight-DOF biomimetic propulsor is used to test the optimization method.
Two objectives are achieved: the optimal swimming speed and optimal energy

efficiency.

The last chapter, Chapter 8, is a summary of the whole work discussed in the thesis.
A plan of the future search is also proposed in this chapter. Four appendixes are
provided as supplementary materials of the thesis. The contents include: design
process of a PD controller for gait tracking control in Appendix A, gait modeling for
fish robots with serial open chain mechanisms in Appendix B, technical details of

force sensors in fish robots in Appendix C, and source codes of GA Appendix D.



Chapter 2 Review of Related Works

The research on robotic fishes is related to many different areas like biology, robotics,
fluid mechanics, mechatronics, material, control science, etc. In this chapter, works
that directly contribute to the present thesis are outlined. Those works are briefly
introduced in three parts. In Section 2.1, the inspirations from fish anatomy and
morphology to the bionic fish design will be reviewed. The current designs of fish
robots will be discussed in Section 2.2. The designs of fish robot prototypes for the
present research will be introduced in Section 2.3. The work on modeling and control
of swimming gaits for multi-DOF fish robots, especially the coupled nonlinear

oscillator and CPG based approaches will be outlined in Section 2.4.
2.1 Biological Inspirations to the Design of Propulsor

Different communities in science and engineering are involved in the study of fish-
like BIUVs, i.e. robotic fishes. Among them, the works from fields of biology, fluid
mechanics, hydrodynamics and robotics make major contributions to this area.
Terminologies and nomenclatures in biology routinely transplanted and/or totally
accepted by engineers in design of robotic fishes will be introduced in this section.
And the inspirations from fish anatomy and swimming modes to the design of bionic

propulsors will be discussed.

2.1.1 Classification of Fish Swimming

Biological fins and body structure of fishes are good models for engineers in
designing the bionic propulsor. Fig. 2.1 illustrates the terminology used to identify
morphological features of fish, as it is most commonly found in literature and used
throughout this text. The fin dimensions normal and parallel to the water flow are
called span and chord, respectively [8]. Breder [31] presents a set of nomenclatures
classifying fish into several basic types according to the body structure and
swimming pattern. The classification of fish is based on two main factors: (1) the
extent to which propelling process is based on undulatory motion versus oscillatory

motion and (2) the body structures or fin segments that are most active in generating



propulsion. Fish swimming is divided into body and/or caudal fin (BCF) locomotion
and median and/or paired fin (MPF) locomotion. This classification consists of two
levels: the first level characterized by BCF or MPF describes what may be called the

swimming type and the second level describes the swimming mode for each type.
dorsal fin ---------------- .

/ caudal fin
(tail) 1-.I

- —O —2— _’Cj SRR main axis - —)— -d-- lnc;.lian
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pectoral fins peduncle .~

! _‘__,.-pclvic fins anal fin - -
paired

Fig. 2.1 Terminology used to identify fins in different swimming modes [8].
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Fig. 2.2 Relationship between swimming propulsion and swimming functions [32].

Based on this classification, Lindsey [32] and Webb [33] summarized the internal
links among the types classified by Breder. Further, Webb [34] presented a more
detailed and comprehensive classification which categorizes the fish swimming into
BCF periodical propulsion, BCF transient propulsion, MPF propulsion and MPF
casual swimming or no swimming. Fig. 2.2 shows the relationship between
swimming propulsion and swimming functions, which is given by Lindsey [32].
Although the classification is questioned for being oversimplified in biology area, the

nomenclatures are widely accepted by researchers in engineering areas [8]. For
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biologically inspired underwater vehicle, Berder’s classification is sufficient to

provide information for the design of the bionic propulsor.

2.1.2 Fish Swimming Modes

(a) Swimming Modes with BCF Propulsion

Most of fish families obtain propulsion through BCF swimming. This swimming
type is characterized by five modes: anguilliform, subcarangiform, carangiform,
thunniform and ostraciiform. Fig. 2.3 depicts the five swimming modes identified

within BCF propulsion, based on the degree of body undulation.

[ Anguilliform Subcarangiform Caranglform Thunniform ] [ OstraciiformJ
JA_(ZL‘ e
QSRR ) 1 < el @_7:@"@

“Undulatory Oscillatory
= W:\—‘
Lamprey Trout Mackerel Bass Longhorn

Fig. 2.3 Swimming modes identified within BCF propulsion and their example
species (adopted from [32]).

Fig. 2.4 Gradual changing of BCF swimming movements from (a) anguilliform,
through (b) subcarangiform and (c) carangiform to (d) thunniform mode [8].
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The swimming modes involved in BCF swimming may be more than one type, either
at the same time or at different speeds [8]. Fig. 2.4 illustrates the gradual changes of
swimming modes from purely undulating (anguilliform) to purely oscillation
(ostraciiform). These varying swimming modes come along with distinct body

structure whose active portion involved in propulsion generation is different [2, 8].

(a) Swimming Modes with MPF Propulsion

Fig. 2.5 shows the specific swimming modes identified within MPF propulsion and
the typical species of each kind, based on the (extended) classification scheme
proposed by Breder. Undulatory swimming modes are also used by many fish as the

major way of propulsion in steady swimming [18].

p ectorals dorsal anal dorsal & anal
| Rajiform J Diodontiform Amiiform J { Gymnotiform J \\ Balistiform |
sl g lxTool o) LA,

Stingray Puffer fish Bowfin Knifefish Trigger fish
Fig. 2.5 Swimming modes identified within MPF propulsion and their example
species (adopted from [32]).

Among those types of fish, a significant number of MPF swimmers obtain thrust
through the purely undulatory fin motions. An estimated 15% of the fish families use
non-BCF modes as their routine propulsive means [8]. And a significant number of
fish typically relying on BCF modes for propulsion employ MPF modes for
maneuvering and stabilization. Median or paired fins are normally used as the
propulsor. Such fins consist of a set of muscles and bones that can produce backward
traveling wave toward the opposite direction of heading during steady forward
locomotion. They are also used for highly flexible maneuvering and stabilization in
transient movements. A remarkable feature of this type is that MPF swimmers using
long fin as propulsor can generate waves of opposite direction and hence swim

backward without turning of the whole body. Like BCF propulsion, they can also
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generate adequate thrust to be used for locomotion, but at generally low speeds
compared with that of the BCF type [8].

(c) Swimming Mode of Manta Ray

Manta ray (manta birostris) use median paired fins to swim. They are the largest
species of ray’s family, classified under class chondrichthyes, along with skates and
sharks [35]. Manta ray could be recognized from its diamond-shaped flat body.
Brower used several sequentially posed pictures of manta ray to produce the
quantified dimensions of manta ray body [36]. The motion exhibited by manta rays is
not undulating as stingrays or other types of rays. Similar to cownose, eagle and bat
ray, manta ray is considered using flapping pectoral fin to swim [37]. It exhibits
rajiform motion during its swimming across the ocean. A full sequence of manta ray

locomotion in both downwards and upwards flapping is illustrated in Fig. 2.6.
/

/o sl o

A ,&

(g) (h)

(d)

Fig. 2.6 Klausewitz's illustration of manta ray locomotion: (a)—(e) the down stroke

flapping motion and (f)—(i) upstroke flapping motion (adopted from [38]).

Klausewitz [38] divided the structure of manta ray’s pectoral fin into basal row, the
first third of the fin adjacent to the body, and distal row, the rest of the fin up to the
tip. The locomotion of manta ray can be qualified as illustrated in Fig. 3: (a) Distal
part is at its extreme upwards orientation, basal part relatively stays horizontal; (b)—
(d) distal part is pulled down gradually, basal part is kept approximately horizontal;
(e) Completion of downward flap, distal part nears its extreme downward orientation,

basal part bends slightly downward; (f) The distal part still nears its extreme
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downward orientation, basal part immediately starts to move upward, pulling the
distal after it; (g)-(h) Distal part is pulled up gradually, basal part is kept
approximately horizontal; (i) Completion of upward flap, distal part approaches its
extreme upward orientation, basal part bends slightly upward. This analysis is further
investigated by the motion study conducted by Brower[36]. In his work, he obtained
the front profile of a swimming manta ray. The profiles show that the upstroke only
takes about half time of down stroke [36].

2.1.3 Generation of Thrust

It is commonly accepted that the propulsive force of swimming is highly related to
the mechanism of momentum transferring between fish and water interaction [10, 39,
40]. One of the effective ways to study this mechanism is to study the vortex caused
by fish swimming. Vortices in the wake have a reversed rotational direction
compared to the von Kaman vortex street, which is observed in the wake of

stationary objects such as cylinders or airfoils [8, 41] (Fig. 2.7).

Fig. 2.7 The von Kaman vortex street (left) and the wake of a swimming fish that

has reverse rotational direction of vortices [8].

Although the mechanism of the vortices generation is still unclear, the observed
phenomenon, named reverse von Kaman street, appears to be tightly associated with
thrust generation [8, 42]. It has been demonstrated, that fish uses two different modes
of vorticity control in straight-line swimming to optimize performance by utilizing
body-generated vortices [43]. The constructive mode employs a vortex reinforcement
scheme, whereby the oncoming body-generated vortices are repositioned and then
paired with tail-generated same-sign vortices, resulting in a strong reverse Kaman
street, and hence increased thrust force. The destructive mode, in contrast, employs a
destructive interference scheme, in which the body-generated vortices are
repositioned and then paired with tail-generated opposite-sign vortices, resulting in a
weakened reverse Kaman street, thus extracting energy from the oncoming body-

shed vortices and increasing swimming efficiency [43].
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The vortexes in the wake of fish swimming can be measured by instruments. The
well-developed Computational Fluid Dynamics (CFD) software provides powerful
tool to analyze and predict these vortices. The deforming body of fish interacting
with the surrounding fluid is described by the incompressible Navier-Stokes
equations. CFD software is used to solve the Navier-Stokes equations completely.
The principle of CFD is based on finite difference method and finite volume method.
Both attempt to change differential equation to discrete equations [44-46]. It helps to
simulate the vortex generated in the swimming from which information of flow filed
is obtained and hence helps to understand the dynamics of fish-water interaction [16,
18-20, 47-52]. Vortex can also be generated in a pulsatile way as exhibited by squid
[7]. The thrust generation by those biorobotic devices is believed to be useful to
improve the low-speed maneuvering and station-holding capabilities of traditional

propeller driven underwater vehicles [7].

As computational tools, the CFD and DPI1V are not suitable for the design of control
scheme for the control of bionic propulsor, especially for the design of a real-time
controller. However, the results from these technologies provide quantitative
information about fish-flow interaction and therefore help in the modeling of aquatic

locomation.
2.2 Mechanisms of Biomimetic Propulsors and Robotic Fishes

From mechanical viewpoints, it is feasible to model vertebras of slender fish body or
bones of its flexible fins as short rigid links. Subsequently, the body or fin of a
robotic fish can be schematically represented as mechanical linkage systems
connected by means of revolute joints. A robotic fish contains limited number of
such links, which renders it an approximation of real fish. The more the links of a
robotic fish has, the more approximation can be achieved. As a result, more degrees
of freedom incorporated in the design of robotic fish would be preferred for flexible
moving performance. There are two main topological structures in the mechanical

design: the parallel linkage mechanism and planar serial open chain mechanism.
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A good review of biorobotic AUVs can be found in [4]. In this thesis, the multi-DOF
refers to those coordinated and involved in thrust generation. Each DOF corresponds
to an actuator running with a continuously oscillatory pattern. Some other patterns
such as using of pectoral fins in BCF type robot which sometimes runs in a non-
continuous mode like a rudder to control the posture of the robot [14] is not the scope
of the thesis. The fish robots typically using oscillation or undulation of body fins as

major way of propulsion will be reviewed.

2.2.1 Median and/or Paired Fin (MPF) Type Fish Robots

The development of biomimetics, bio-fluid mechanics, intelligent control,
mechatronics and new materials make it realizable for a machine to obtain thrust in
water by learning the movement of real fish. From the last decade of the 20" century,
many of such fish-like machines have been built. Breder’s classification of fish
swimming is commonly accepted in engineering community [8]. According to its
classification, the robotic fish are also developed to mimic the BCF and MPF

swimming types.

Bionic MPF propulsion is a hot topic in robotic fishes owing to its flexible
locomotion capability. Undulatory swimming motions are often observed in MPF
fish. Fish generating thrust through undulating fins shows relatively high flexibility
and maneuverability. Its muscle and bone structure are important reasons accounting
for this superior performance. As a result, undulating species are also good models
for the propulsor design. To achieve the same maneuverability as real fish,
undulatory propulsor routinely adopts the parallel mechanism and flexible membrane
material that quite resembles actual fin of real fish that has significant number of
degrees of freedom. Fig. 2.8 shows the basic topology of such parallel mechanism

design inspired by the MPF undulatory swimming modes.
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Fig. 2.8 Parallel links used to fit the body/fin of MPF swimmers.

unclulating

undulating
anal fin

long pectoral
pair fins

Fig. 2.9 Fundamental structures of undulatory fins found in amguilliform,

gymnotiform and rajiform swimmers respectively [12].

The mechanical fin rays replace the bones of real fish in undulatory machines to
provide actuation of biomimetic fins. Generally these fins are made of flexible and
elastic material to enhance its compliance in swimming. Fin rays oscillate alternately
with specific amplitude and frequency, which generate a traveling wave along the
long fin. Nearly all the current fish prototypes of undulatory MPF fish adopt this
scheme as the design model. Configuration of long fins on fish robots follows the
cases in real fishes. Single or paired long undulatory fins are commonly adopted in
robotic fishes. Fig. 2.9 shows three fundamental structures in robotic fishes with long

fin propulsor.
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Fig. 2.10 An experimental undulating fin device using parallel bellows actuators [53].

Pure undulatory swimming mode exists in both BCF and MPF swimmers. For
undulatory BCF swimmer, both serial chain mechanism and the parallel mechanism
are used. For the design of the latter, the number of fin rays appearing at the parallel
mechanisms can be expanded by incorporating more actuators without increase the
payload for actuators and the motion of those fin rays can be controlled
independently, which totally differs from the serial chain mechanism employed by
BCF swimming machines. As a result, the parallel mechanism is adopted more

commonly in the MPF undulatory swimming machines.

Fig. 2.10 shows an early design of undulating fin device built in Heriot-Watt
University in 2001. This mechanical fin consists of elastic fin membrane driven by
eight parallel bellows actuator (PBA). However, due to the bulky size and large

inertia of the actuator, the swimming performance of this bionic fin is limited.

In the design of undulatory propulsors, the mechanical fin rays replace the bones of
real fish. Generally, these fins are made of flexible materials to enhance its
compliance in swimming. Fin rays oscillate alternately with specific amplitude and
frequency, which generates a traveling wave to obtain thrust. Nearly all the current
prototypes of undulatory MPF fish with undulatory propulsors adopt this scheme as
the design model [54, 56, 57, 60].
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Fig. 2.11 Undulatory propulsor in MPF fish robots. Pictures of prototypes (a)-(h) are
adopted from [26, 54-59] respectively.
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Similar design makes use of other types of actuators, which can effectively increase
the velocity of swimming. One of the representative achievements in designs of MPF
swimming machines in recent years is the robotic fish developed by Osaka
University. Three generation of prototypes are built since 2002 [59]. Fig. 2.11 shows
the prototypes of first and third generation. With the multi-DOF mechanical design
and high performance servo system, the robotic squid can perform versatile
maneuverability in swimming [55]. Fig. 2.11f-h show the robotic stingray [60] and
robotic Knifefish (NKF-I and NKF-I1) [57, 58] developed in Nanyang Technological
University. Modular designs are adopted in the prototypes. Other examples are
shown by Fig. 2.11c-e [26, 55, 56]. More fish robots using MPF swimming type in
recent literatures can be found in [61-65].

2.2.2 Body and/or Caudal Fin (BCF) Type Fish Robots

Most of the BCF swimming machines are designed by using planar serial chain
mechanisms. Fig. 2.12 shows an example of design that simulates the flexible fish
body or fins with 5 rigid links that fit the segment of fish body or fin. This structure
shares the same idea with the design of robotic arm. The difference lies in that
usually one end a robotic arm is constrained to a base and an end-effector is mounted
on the other end, while both ends of the chain of a robotic fish are free in aquatic
locomotion. One end of the chain is designed as the fish head and the other end, the
so-called end-effector, which is commonly seen in robotic arm acts as the tail or

caudal fin.
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Y

Fig. 2.12 Serial chain of linkages used to fit the body/fin of BCF swimmers.
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Fig. 2.14 RoboTuna (left) and its improved version RoboPike (right) developed in
MIT in 1994 and 1995 respectively [67-70].

In the control of robotic fish locomotion, the rigid links fit the actual body curve of
real fish. If the body curve of the real fish is interpreted by its center line of its spine,
the serial chain design is actually a kind of curve fitting by using the straight line
segments. The fitting error depends on the number of links and the extent that the
body bends. The ideal design comprises lots of links to fit the curve. However, this
brings about the difficulty in control and mechanical component design. What’s
more, the design with higher degrees of freedom may not be energy-efficient because
the actuators pay more energy to drive the bulky body. As a result, a lot of the
current designs of robotic fish employ two to five links and they provide good
performance in simulating the swimming of real fish in terms of locomotion when
equipped with well selected body shape and material.
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Fig. 2.15 Robotic fish developed in Essex University: photo of the swimming robot
(left) and its internal structure (right) [71-73].
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Fig. 2.16 Examples of BCF type fish robots. Those pictures of prototypes (a)-(h) are
adopted from [12, 74-78] respectively.
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Early realization of robotic fish can be traced to the year of 1978 when the Small-
scaled Automatic Mechanical Fish was developed in University of the Ryukyus in
Japan [66] (see Fig. 2.13). There were two hinges: one connecting the body and the
tail, and another connecting the tail and the caudal fin. Both hinges were free to
rotate around the joints. The Scotch-yoke mechanism was employed to perform
oscillatory motion [66]. Afterwards, the birth of RoboTuna (see Fig. 2.14) in MIT in
1994 triggered the extensive research interests in biomimetic swimming robots all
over the world. RoboTuna has a 1.2m long body made of 2843 mechanical
components. It simulates the swimming and body structure of a real tuna. The
swimming speed reaches 2 m/s through the oscillation of the body and caudal fin.
The improve version, the RoboPike was built in 1995 (see Fig. 2.14). It was used to
study the fast maneuverability and the Vorticity Control Theory [67-70].

Fig. 2.15 shows another famous fish robot which demonstrates the state-of-art
technology in the prototype design. It was developed by the team of Dr. Hu in Essex
University in 2006 and was thought as the one most closest to a real fish till now [71].
It mimics a typical carangiform swimmer with flexible and smooth swimming
motions in water. Many other BCF type fish robots were developed in the study of
bionic propulsion in recent years (see Fig. 2.16). The propulsor designs mostly
adopted serial open chain mechanism, i.e. using linkages to fitting the body curves of
fishes. The swimming modes cover from pure undulation in anguiliform to pure
oscillation in ostraciiform. Some recent designs of fish prototype can be found in [12,
74-79].

2.3 Fish Robots Developed by Robotic Fish Team of Nanyang

Technological University

Several fish robots have been developed by the Robotic Fish Team of Nanyang
Technological University, including two BCF type fish robots inspired by Asian
arowana fish (NAF-I1 & I1), two MPF type fish robots inspired by the Black Ghost
Knifefish, and two MPF type robots inspired by manta ray. Every fish robot has two
generations of prototype. The second generation is improved from the previous one

and has been used as experimental platforms to validate the proposed gait control
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methodologies for the present work. These prototypes are shown in Fig. 2.17. The
captions (a)-(f) in the figure explains the name of each robot. A summary of the fish

robots are given in Table 2.1.

(a) Nanyang Arowana Fish — | (NAF-1) [80] (b) Nanyang Arowana Fish — Il (NAF-11) [81]

(e) Robotic Manta - I (RoMan-1) [83] (f) Robotic Manta - 1l (RoMan-I1) [84]

Fig. 2.17 Prototypes of fish robots developed in Nanyang Technological University

in recent years.
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Table 2.1 A list of fish robots developed by the Robotic Fish Team of Nanyang
Technological University.

Swimming | Dimension, L x | Mass Max.
No.| Name of Robot | Year |Type DOF
Mode HxW (mm) | (Kg) Speed
Nanyang Arowana ) 0.04 m/s
1 . 2006 450 x 100 x 120 | 4.9 | 2 active
Fish - I (NAF-I) BCE Sub- 0.08 BL/s
Nanyang Arowana carangiform 1 active | 0.33 m/s
2 ) 2008 661 x 260 x100 | 6.8 .
Fish - Il (NAF-IT) 1 passive | 0.5 BL/s
Nanyang Knifefish - | ) 0.09 m/s
3 2005 850x200x 15 | 10 | 8active
(NKF-I) ) 0.11 BL/s
_ Gymnotiform
Nanyang Knifefish - . 0.35mfs
4 2009 600x150x8 | 5.6 | 8active
I1 (NKF-11) 0.58 BL/s
_ MPF _
Robotic Manta - | 8 active | 0.25 m/s
5 2009 550 x 180 x 900 | 6.1 .
(RoMan-1) N 6 passive |0.45 BL/s
_ Rajiform
Robotic Manta - 11 . 0.4 m/s
6 2010 500 x 105x 960 | 7.3 | 6active
(RoMan-I1) 0.8 BL/s

2.3.1 Design of Fish Robots with Parallel Mechanism
Among the fish robots listed in Fig. 2.17 and Table 2.1, the NAF-II, NKF-II, and
RoMan-I1 are improvements of previous designs and have been adopted in the

present work. The prototype designs of these robots are presented in this section.

(a) Prototype Design of an Eight-DOF Knifefish Robot (NKF-I11)

Although the propulsor designs for different fish robots may not be the same, their
fundamental mechanisms share the same topological structure: either parallel
mechanism or serial open chain mechanism. The types of fish robots are divided by
this categorization. An eight-DOF fish robot inspired by Black Ghost Knifefish (see
Fig. 2.18) has been developed by our team. This kind of fish uses a long anal fin
beneath the body to generate thrust. When it swims, the fin produces traveling wave
propagating to the opposite direction of swimming. The rigid body holds straight
unless it performs turning. The wave direction can be switched and by this way, the
fish is able to swim backward without turning its body. The fish robot is designed to

simulate such flexible motions.
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Fig. 2.18 Black Ghost Knifefish.

Parallel fin mechanism is applied in the propulsor design. Usually fin rays are
covered and interlinked by membranes made of flexible materials such as silicon
rubber. As shown by examples in Fig. 2.11(a)-(e), the biomimetic fin rays are
parallel-arranged on a fixed baseline and covered by a flexible membrane. The fin
rays are connected on a free baseline through cranks. The use of parallel mechanism
may benefit from easy implementation of motion control. However, it suffers from
the limitation of work space. When fin rays oscillate, the membrane will expand and
retract in certain range. The oscillation amplitude of a fin ray is limited by the range.
Therefore, in designs of current MPF fish robots, the fin ray is normally short in
order to oscillate within the workspace and reduce the water reaction [26, 54-59].

In the design of Knifefish robot (NKF-1 & 11), a different design is proposed. The fin
rays are connected on a free baseline through cranks. Each crank is directly driven by
a motor and baseline moves as all cranks oscillate. With this mechanism, the fin
membrane can be rigid and pure undulation can be obtained by the propulsor.
Additionally, the fin ray can be longer than those in other designs, which helps to
increase the area of fins. Fig. 2.19 shows the overall view of the prototype. The
prototype is made up of a controller box, a buoyancy tank, eight waterproofed motor
housings and eight pairs of fin plates which construct the long propulsor. Physical

specifications of this propulsor prototype are listed in Table 2.2.
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Eight-DOF propulsor

Controller box

Fig. 2.19 Prototype of an Eight-DOF Knifefish Robot: (a) isometric view and (b)

front view.

Table 2.2 Physical specifications of NKF-I1.

Mass Approximate 5.62 kg
Propulsor Dimension | 600mm (L) x 150mm (H) x 8mm (W)
Actuator Eight brushless DC servo motors
PIC18F-2431 and PIC18F4520 for free-run robot
Controller ™ .
CompactRIO ™ embedded system for lab testing
Power source 7.2VDC, 4500mAH Ni-MH battery
Swimming speed 0.35 m/s, 0.58 BL/s (max)
Operating time Approximately 1 hours (fully charged)
Communication FM radio frequency or wired connection to computer
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Fig. 2.20 The fundamental element of the propulsor: (a) CAD model of the
propulsor in an undulatory waveform; (b) a pair of sliders; and (c) the schematics of

the two-DOF five-bar slider mechanism.

The long propulsor is made of interconnected thin sliding plate modules. Each
module comprises two relatively sliding plates. The fundamental mechanism is a
two-DOF five bar linkage, as shown in Fig. 2.20b-c. The prototype contains eight
such slider pairs and it can have more if necessary. According to Fig. 2.20c, the

mobility (DOF) of the propulsor can be obtained through the following calculation:

Number of cranks: 8
Number of sliding segments: 14
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Number of single revolute joints: 10
Number of double revolute joints: 6
Number of sliding joints: 7

Mobility M = 3(8+14) - 2(10+2X6+7) = 8

This propulsor can be regarded as a two-dimensional waving plate. An arbitrary
traveling wave can be generated through alternate oscillations of cranks (see Fig.
2.20a). The parallel mechanism of the propulsor makes it possible to control the
oscillation of the each crank independently. This mechanism design also suffers from
the problem of workspace because large-amplitude oscillation will cause disconnect

of fin sliders. For KNF-II, the maximum oscillation angel of cranks is 50°.

(b) Prototype Design of a Six-DOF Manta Ray Robot (RoMan-11)

Many MPF type fish adopts two sided fins to produce thrust. The motion patterns of
the later are more versatile. A fish robot (RoMan-11) inspired by manta ray has been
developed. As shown in Fig. 2.21, two sided flapping fins are employed as
propulsors. A manta ray exhibits rajiform motion (the thrust mainly generated by the
movements of two flapping pectoral fins) during its swimming in the ocean [7].

Several reasons motivate the development of the fish robot.

Firstly, the flapping motion is thought of an effective way of producing thrust [7]. It
is hoped that a robotic manta ray could benefit from such efficient propulsive
mechanism, if it can simulate the motions of a real manta ray. Secondly, unlike some
of other fish that obtain thrust by oscillating their bodies and caudal fins, a manta ray
has a big and flat body that can keep it stable during swimming in the course of
flapping, undulating, and/or gliding. Such a unique feature facilitates the robotic
manta ray a promising underwater vehicle for marine purposes as instruments,
equipment, or payloads can be accommodated inside the body. Thirdly, like other
fishes using Median/Paired Fin (MPF) locomotion mode [35, 85], the manta ray
exhibits high performance maneuverability in water, which is an ideal feature for a

fish robot to possess.

29



Skull
- Gill Bars

s . Pectoral Girdle

-Radial
8, Cartilages

Fin Rays
Backbone
Pelvic Girdle

Dorsal Fin :

Pelvic Fin/f
Tail 4

(a) (b)
Fig. 2.21 (a) A manta ray and (b) terminologies used to identify its bones, muscles,

and fins (adapted from the work by Prof. R. Aidan Martin at the Zoology Department

in the University of British Columbia).
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Fig. 2.22 Scaled diagram of a manta ray. Dimensions of the two fins and body are

normalized to the wing span [86].

Manta ray could be recognized from its diamond-shaped flat body. The shape and
size of its two wing-like fins and the streamlined body play important roles in the
swimming. The scaled diagram of a manta ray is shown in Fig. 2.22. The structure of
a manta ray robot simulates that of the real fish, which is expected to share the
similar high performance for the robot. Prototype of the robotic manta, RoMan-I1 is
shown in [86]. The proportions of all body parts approximately follow those of the
real manta. Note that due to the mechanical limitation, the fin width of RoMan-II is
slightly smaller than 0.35 wing span. Such configuration ensures enough strength of

the large soft fins.
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Fig. 2.23 (a) CAD model of a manta ray robot (the figure shows the internal frame
and fin membrane is not covered on fin rays); and (b) fin ray and fin membrane

configuration of one side.

The manta ray robot discussed in the present work is an improvement of RoMan-I
[87]. The fish prototype is shown in Fig. 2.23. There are totally six DOF involved in
flapping motion and three controlled fin rays are arranged on each side. The bionic
propulsor (the flapping fin) is designed with three fin rays at each side, as shown in
Fig. 2.23. Fin rays are parallel-connected and actuated independently by brushless
servo motors. Fin rays are made of elastic material (Polypropylene) in order to add
compliance of motion. This design is simpler than those using smart materials [88,
89] or multi-joint linkage mechanisms [1, 2, 12]. Fin rays are designed as uniform
strength cantilever beams in order to reduce the mass without causing structure
failure in oscillations. Fin membrane is made of silicon rubber and attached to the

three fin rays.
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Fig. 2.24 Overview of the manta ray robot RoMan-I1: (a) dimension of key features

and (b) isometric view.

In the prototype design, the elastic fin ray is made of Polypropylene (Young’s
modulus is 1350 MPa and density is 946 kg/m®). A fin membrane in silicon rubber
sheet is taken as the cover of the fin rays. With such an arrangement, fin motion
control becomes less complex and consumption of energy could also be reduced. On
the other hand, fin rays and actuators are mounted to the fish body where the control
electronics and buoyancy modules are accommodated. The huge-and-flat body
enables the fish robot has better payload capacity. The payload could be any devices
that can be accommodated into the body of the robot, such as the extra battery,
communication devices and various sensors for autonomous locomotion control. The
physical specifications of the manta ray robot are listed in Table 2.3. The mass of the
robot without payload is 4.8 Kg. With extra 2.5 Kg, the total mass reaches 7.3 Kg
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and in this case the robot obtains neutral buoyancy in water. With one full charge of

battery, the robot can operate 6 hours in testing.

Table 2.3 Physical specifications of RoMan-11.

Mass Approximate 7.3 kg (include 2.5 Kg payload)

Propulsor Dimension | 500mm (L) x 105mm (H) x 960mm (W)

Actuator Six brushless DC servo motors

Controller PIC18F-2431 and PIC18F4520

Power source 7.2VDC, two sets of 4500mAH Ni-MH battery

Swimming speed 0.4 m/s, 0.8 BL/s (max)

Operating time Approx!mately 6 hours for SV\./lr.nmlng (fully charged)
Approximately 9 hours for gliding (fully charged)

Communication FM radio frequency or wired connection to computer

The use of elastic fin rays can improve the propulsion efficiency [77, 90]. When
flapping in water, fin rays oscillate alternately to drive the fin membrane so as to
generate thrust. Larger thrust can be obtained by increasing of frequency and/or
amplitude of flapping fins. However, due to the power limitation of actuator, the
effect of this method is also limited. As the fin rays can be regarded as vibrating
cantilever beams (see Fig. 2.23b), another way to augment the thrust is to drive a fin

ray at its resonance frequency so as to increase the flapping amplitude.

When a fin ray oscillates in water, the alternating reactive force from water is
equivalent to a nonlinear damping effect. Besides, the fin rays together with soft fin
membranes (silicon rubber) cause the movement of surrounding water, which leads
to the added-mass effect [90-92]. It has been reported that the added-mass will
reduce the natural frequency of a cantilever beam immersed in water [91, 92]. As a
result, the resonance frequency of fin ray oscillation will be lower than the first order
natural frequency of the beam in the air. Ansys Workbench™ software has been used
to find the first order natural frequency of fin rays (see Fig. 2.25). For example, the
middle ray has a natural frequency of 11.3 Hz in air. The efficient oscillation

frequency was found to be 1.3 Hz in water testing (see Fig. 2.26).

33



18t Frequency Mode In Range (113233 Mz ) W-l
= Onmum

15673

u..

L  length of fin ray
H  thickness

W, width of base end
7, width of distal end

7 =20mm

Fig. 2.25 A simulation of the first-mode vibration of the middle fin ray by using
ANSYS Workbench.
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Fig. 2.26 Frequency response of fin ray in water. The vertical axis denotes the ratio
between the amplitude of distal end of fin (Aq) and the excitation frequency of motor

(Ae). Horizontal axis is the excitation frequency in Hz.

2.3.2 Designs of Fish Robots with Serial Open Chain Mechanism

A two-DOF BCF type fish robot (one controlled DOF and one passive DOF) is
developed by our team. This robot is an improvement of the robot presented in [93].
Original design of the fish robot (NAF-I, [93]) is found not so efficient in thrust
generation, which is not a suitable platform to perform further research regarding the
on-line motion planning. As a result, the mechanisms are simplified and it comes to
the NAF-II. This fish robot has been detailed in [30, 81, 94]. In this section,
mechanisms of the robot are reviewed. The contents of this section are modified
from [30] and [81].
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Fig. 2.27 CAD model of a two-DOF BCF type fish robot [81].

Table 2.4 Physical specifications of NAF-11 [95].

Mass Approximate 6.8 kg
Dimension 661mm (L) x 260mm (H) x 100mm (W)
Actuator 2 units 6W Maxon™ DC motor

Microcontroller

PIC18F-2431, PIC18F4520

Power source

15VDC, 4000mAH Ni-H battery

Swimming speed

0.33 m/s, 0.5 BL/s (max)

Operating time

Approximately 4 hours (fully charged)

Communication

433 MHz RF serial communication

Fig. 2.27 shows the CAD model of a fully assembled fish-like underwater vehicle
after the embodiment design process. The NAF-11 comprises of four main individual
modules: tail fin module, electronics housing module, ballast tank module and head
module (including sensors and power unit). As these parts are designed in a modular

manner, each module can be easily replaced should there be a change in the design or

additional functions are required to be incorporated to the robotic fish.

NAF-I1 uses a caudal fin to provide the propulsion, which is commonly employed by
carangiform swimmers, such as the arowana or the herring. The caudal fin
mechanism is driven by a single DC motor with a set of miter gears to convert the
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horizontal axis of rotation into vertical axis. The adjustable movable pin and
prismatic joint will determine the resultant angle at Joint 2. The angle at Joint 2 can
be adjusted by sliding the movable pin along the bar. By using this design, a
parametric study on the effect of Joint 2 angles of the tail mechanism during the
experimental phase can be conducted. The last joint of the tail fin mechanism is a
spring-loaded passive joint, which introduces a certain degree of flexibility to the tail
fin mechanism. Studies have shown that a properly selected chord-wise flexibility
can have significant effect on the performance of oscillating foils [90, 95]. Joint 3
was designed in such a way that the spring constant can be changed, in order to study
the effect of the different degree of flexibility of the caudal fin had on the swimming

performance of the robotic fish.

A counter weight driven by a DC motor through a lead screw is mounted on the
electronic holder. The function of the counter weight is to provide titling feature to
NAF-II. Thus, even without the present of ballast tank, the robot can still dive into
the water by adjusting the position of the counter weight. A ballast tank is
incorporated onto the robotic fish to allow the fish to navigate in the vertical
direction. This ballast tank utilizes a single piston and is driven by a DC motor
though a pulley and belt system. Physical specifications of the fish robot are listed in
Table 2.4.

The fish head module was designed to house various sensors, which are sensitive to
noise and the battery pack. Moreover, the fish head has a smooth surface to viscous
drag. The round shape in the front also helps to reduce the form drag during
swimming. The electronics housing module shields the electronic components from
the harsh underwater environment and acts as a base body where enhancement
modules can be mounted. This is also the module where the microprocessor, motor
controllers, radio frequency receiver and navigation sensor for the robotic fish are

located.
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Fig. 2.28 Swimming speed test of NAF-II under different values of tail beat
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Fig. 2.29 Type of Tail Fins Tested: Area A: 7711 mm?, Aspect Ratio: 8.71; Area B:
9906 mm?, Aspect Ratio: 6.82; Area C: 14096 mm? Aspect Ratio: 4.80; Area D:
21082 mm?, Aspect Ratio: 3.21.
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In the design of NAF-II, the following system parameters should be considered as
they have significant influence on the swimming performance: the drag of the body,
the shape of the tail fin, and the stiffness of the spring. The suitable values of
parameters can be found from large amount of empirical tests with the use of
statistical methods [95]. Rigid connection of the tail fin and three different spring
connections with constants 0.98, 2.45 and 4.61 N/m? were tested. It is found that
using of a spring will improve the propulsion performance. The 0.98 N/m? spring
produces largest thrust [95]. The selection of caudal fin is based on the aspect ratio
(see Fig. 2.29). Basically, a fin with a higher aspect ratio is more efficient than that
with a lower aspect ratio because the fin would induce less drag per unit of lift or
thrust produced [8]. The fin A in Fig. 2.29 is selected for NAF-11 [95]. With these
configurations, the swimming performance was tested and plotted in Fig. 2.28.

2.4 Modeling and Control of Swimming Gaits for Fish Robots

Traditionally, the rhythmic pattern of fish swimming is modeled by sine or cosine
function in offline motion planning. Predefined body motion functions are used to
find the amplitude and phase of those sinusoidal gait generators. The coordination of
multiple gaits depends on the phases of gait generators. More recently, CNLOs are
more and more often applied in swimming control, which makes the on-line
generation of swimming gaits possible. Gait generators are used in swimming
locomotion control with open-loop or closed-loop schemes. Some work on
kinematics modeling and control of swimming gaits for multi-DOF fish robots will

be reviewed in this section.

2.4.1 Kinematics Modeling of Swimming Gait Based on Sine Generators

Locomotion of fishes relies on rhythmic activity to move forward through
undulations and/or oscillations of fins and/or body [30]. Badly chosen gaits will
agitate the robot without guarantee that all system elements (vertebrae) will be
involved in the thrust generation effectively [97]. A vast of applications of swimming
gait control is based on sine or cosine functions decomposed from fish body motion
functions. Other methods are also documented in current literatures such as the

finite-state machines, heuristic control laws [98] and Lagrangian function [78].
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Fig. 2.30 Illustration of fish body curve and envelop during swimming (top view). In
robotic fish control, the body curve is usually defined with a 2-D travelling wave

equation called body motion function [99].

linear envelop quadratic envelop elllptlc envelop

Fig. 2.31 Waveform commonly used by undulatory swimming machines with
parallel mechanism designs (a) waveform with linear envelop; (b) waveform with

parabola envelops; and (c) waveform with elliptic envelop [12].

In order to maintain the coordination of multiple gaits, those gait generators are
derived from predefined motion reference system. As one kind of guidance system,
the body motion functions defined in biological literatures is applied to generate
proper swimming gait of swimming machines. By using the body motion function
(also called motion library in some literatures such as [100]), the separate gait
function (control signals for each actuator) for each actuator will be derived from this
function. The resulting motion of the robotic fish is obtained by composition of the
elementary motions for each actuator. One commonly used fish motion function is
suggested by Lighthill [101] as

y=f(xt)= fe(x)sin(Z;rft+27ﬂx) (2.1)
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where f(x, t) is a 2-D wave function that describes the position of fish body along its
central line of spinal cord at a specific time instance t, fo (x) is the envelop function,
which could be in linear, quadratic or elliptic forms, f is the oscillation frequency of
body segment and determines the speed of the traveling wave, and 4 is the wave
length. The body curve is illustrated by Fig. 2.30. The commonly used envelop is
shown in Fig. 2.31. The figure shows the body wave adopted in the straight-line
motion. Other types of motion such as turning can be controlled by adding
modulation terms to Eq. (2.1) [71, 102, 103] or by a framework derived from the
hydrodynamics analysis of fish swimming [104-106].

Other guidance systems are derived from the Lighthill’s. The body motion function
can also be extended to control different swimming motion such as turning by
superposition of modulating terms [97]. Similar method by using modulating terms
can also be used for anguilliform locomotion in [74], carangiform locomotion in [71]
and many other robotic fishes [57, 107, 108]. It is natural to control oscillation of fish
body segments by using sine or cosine functions to fit the curve defined by body
motion functions. The gait control functions are completely determined by the body
motion functions and they can hardly be tuned when the fish robot swims. Otherwise,

those gaits will lose coordination.

2.4.2 Models of Central Pattern Generators (CPGs)

It is believed that the fish swimming performance is related to the shape of the body
curve. The envelope parameters in Eq. (2.1) can be obtained by observation of
behaviors of real fish captured by video cameras [12, 101, 109]. To enhance the
performance of swimming, some literatures also suggest the application of the
computational fluid dynamics (CFD) analysis techniques to find the optimal values
of these parameters either in energy-efficient mode or fast-swimming mode [16, 108].
In experiment-based research, global searching techniques such as Genetic
Algorithm is employed to study envelop parameters [110-112]. Those methods are
mostly on an offline basis. Once the body motion function is changed, the gait
control functions have to be re-derived in order to maintain coordination of motions.

It is desired to have a method that when parameters of each gait function are changed,

40



the gaits are still coordinated. The artificial Central Pattern Generators (CPGS)

provide such facilities.

CPGs are neural networks capable of producing coordinated patterns of rhythmic
activity without any rhythmic inputs from sensory feedback or from higher control
centers [11]. Biological CPG is a kind of neural circuit found in both invertebrate and
vertebrate animals, including humans [113] that can produce rhythmic patterns of
neural activity. The rhythmic actions of animals (running, chewing, swimming,
flying, etc.) produced by biological CPGs can be simulated by artificial neural
networks in the locomotion of robots. One special property in CPG is that the
generation of rhythmic motion patterns does not need rhythmic inputs, i.e. CPGs are
self-sustained systems. Reviews of CPGs in their neurobiological aspects can be
found in [15, 114, 115].

Early investigation of CPGs can be found in [116] where the rhythmic animal’s
nerve behavior under simple stimuli were reported in the year of 1912. Later, CPGs
were found generally existing in many kinds of animals and many different ways of
rhythmic activities. Representative researches were made on primitive fishes like
lamprey [117-121] and even mammals such as the cat [122]. In the experiments on
lamprey, when the spinal cord of the animal was isolated for the fish body and was
activated by simple electrical or chemical stimulations, it still produced locomotion
patterns (the so-called fictive locomotion [23]) which were quite similar to that
produced by the intact spinal cord [15, 22, 23, 25]. Grillner [25, 121] studied
swimming in the lamprey and presented a neural network model of CPGs that
controls motion in the animal. A lamprey consists of approximately 100 segments in
its body. Its locomotion is obtained by propagating waves of excitation down the
spinal cord with a constant phase delay between equidistant segments so that the
resulting muscle contractions lead to a traveling wave [25, 78]. The spinal cord of the
lamprey can live for several days after removal from the body. In experiments of
fictive swimming [25], the motor pattern produced in the isolated lamprey spinal
cord show that if excitation is introduced at the “head” of the spinal cord, the motor

impulses generated by the spinal cord match the traveling wave used for forward
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locomotion (this is fictive swimming). Excitation introduced near the “tail” of the
spinal cord lead to motor impulses that would lead to a wave traveling toward the
head of the animal (backward fictive swimming), leading to backward propulsion
[25]. This feature is modeled with neural networks and applied on the swimming
robotic fishes (see Fig. 2.32). Those results show that the CPGs in spinal cord are
sufficient generate coordinated locomotion pattern without the extra commands from

the brain.
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Fig. 2.32 Segmental neuronal network that coordinates locomotion: (a) a schematic

representation of the brainstem, segmental and sensory components of the neural
system that generate burst activity; and (b) a schematic representation of the activity

patterns of the different nerve cells and their time relations (adopted from [121]).

In the experiment on a cat [122], when the de-cerebrated cat was put on a running
treadmill, the cat could still walk on the treadmill. It could even change its gait
patterns by changing the stimulation level to the spinal cord. This result reveals that
the spinal cord itself can control the complicated locomotion and the brain only
provides the stimuli with simple signals (electrical or chemical signals) [122]. And it

provides an excellent example of distributed control.

A lot of work has been done toward explain or simulate behavior of biological CPGs
by using math tools. Different levels of the artificial CPGs are established [15]. The

biophysical model is constructed based on the Hodgkin—Huxley type of neuron
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models. Such modeling method is somewhat like the modeling of artificial neural
networks: explain how ion pumps and ion channels influence membrane potentials
and the generation of action potential [15, 22]. The second way is to use leaky-
integrator neurons or integrate-and-fire neurons to establish a connectionist model.
The research on these models focuses on the generation of oscillation and the
coupling of neurons by using the well-developed structure of oscillator networks
[123]. Coupled nonlinear oscillator model is another important way of simulate
CPGs. Although some researchers insist that CPGs should only be modeled by the
first way, the CNLO model has been well accepted as artificial CPGs. Technically,
as long as the behavior of a dynamical system can successfully simulate the rhythmic
motion pattern, that system can be regarded as a CPG model. The research of this
kind of model focuses on design of coupling schemes in order to achieved

synchronization of large population of oscillators [11, 15, 124, 125].

2.4.3 Modeling of CPGs by Using Coupled Nonlinear Oscillators (CNLOs)

An excellent summarization and formulation of CPGs based on CNLOs are
documented in [126]. More generally, fundamentals of the synchronization of large
population oscillators have been well documented in text books such as [127] and
[128]. In the CNLO model, the major issue is to find the connections among
oscillations in order to maintain stable phase difference, i.e. phase locking. As a
result, development of coupling schemes will be the focus [126]. Besides, the
theoretical work like formulation of an oscillator, stability analysis, and bifurcations

are the issues in application of this model.

Many different CNLO systems can be applied to establish artificial CPGs. Matsuoka
oscillator is one of the most commonly used oscillators in locomotion control of
robots. This is a switched linear system (or piecewise linear system [126]) which
consists of a set of ordinary differential equations (ODEs) with piecewise state
variables [26, 129-131]. In [11], amplitude-controlled oscillator model was presented
to control the locomotion of a robotic salamander. In the nonlinear ODEs of this
oscillator, the phase difference, intrinsic frequency and the amplitude are explicitly

defined with tunable parameters, which provide a simple way to on-line adjust the

43



locomotion gaits by tuning the corresponding parameters [11, 28, 132, 133]. Hopf
oscillator is also a commonly used tool to model CPG. This is another kind of
amplitude-controlled oscillator. As it produces harmonic patterns, it is suitable to
generate swimming gaits for fish robots [134-137]. Van Der Pol oscillator is another
well-know tool in modeling of CPGs partly because CPGs based on large population

of this oscillator can benefit from the fast phase locking [126, 138].

As the CNLO model is defined by ODEs, methods for analyzing ODEs can also be
applied to the CPG model. Therefore, the CNLO based CPG model is more flexible

in applications of locomotion control.

2.4.4 Control of Swimming Gaits by Using CPGs

A very excellent review on the applications of CPGs in locomotion control of robots
can be found in the work of Ijspeert [15]. In his paper, ljspeert identified several
advantages of CPG in control of robots: (i) rhythmic pattern generated by CPGs is
robust due to the Ilimit cycle; (ii) CPGs are suitable for the distributed
implementation; (iii) on-line modulation of CPG parameters are possible; (iv)
sensory feedback can be coupled into the CPG model so as to shaping the CPG
output; and (v) learning or optimization algorithms can be applied together with
CPGs. This is a complete summarization of the benefits by using CPGs in robots.

Actually, all these advantages will be utilized in the present thesis.

As CPGs are capable of producing high-dimensional coordinated oscillatory patterns,
they are suitable to control the swimming gaits of fish robots. Fig. 2.33 shows an
excellent example of CPG in locomotion control of robot. The robot can walk on
land with the coordinated motions of four limbs and the six-DOF body performing a
standing wave. In water, a traveling wave is produced by the body and swimming
locomotion can be obtained. CPG model is used produce the gait control functions
that coordinate motions and control the gait transition between walking and
swimming. This is a typical application of CPG in locomotion control of robots. In
the year of 2008 when [28] is published, the author argued that the CPG in

swimming robot control was still rare.
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However, in the past two year, many works attempt to use CPGs in control of
swimming robots. In anguilliform swimming, a travelling undulation of the
elongated body from head to tail causes the forward swimming. To simulate this kind
of motion, CPG models are developed and implemented using finite-state machines

in [139] and systems of coupled oscillators in [11].
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Fig. 2.33 An application of artificial CPG in controlling of swimming and walking of

a salamander robot: (a) the robot prototype and (b) configuration of the CPG model
(adopted from [11]).

Similar to the aquatic anguilliform swimming gait, the gait of a terrestrial snake
robot can also be driven by CPG models, which is illustrated in [27] and [140]. On a
fish prototype [26] inspired by Gymnarchus niloticus and modeled as a multi-joint
dynamic system with parallel connections, a CPG governing the locomotion of fish is
implemented. In another work [28], a CPG model is implemented on a fish robot
with three actuated fins capable of swimming in water and crawling on firm ground.
More recent applications of CPGs in swimming robot control are documented in

[130, 133, 136, 141].

The control system of a biomimetic underwater vehicle generates actuator signals to

drive the actual velocity and attitude of the vehicle to the value commanded by the
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guidance system [5]. There are many topics in the control of swimming machines. A
good review of mechanisms and control of swimming robots can be found in [100].
In the work, the considerations for the control of biomimetic swimming machines are
outlined [100]. This thesis talks mainly about deriving of swimming gait control
functions and gait tracking control. For the former, current literatures focus mostly
on the motion planning problems by using external cameras to provide the
environment feedback [142]. The key issue is to devise a proper gait generator that
can coordinate swimming gaits for multiple degree-of-freedom (DOF) and hence
achieve desired performance such as obstacle avoidance and path tracking [76, 78,
143].

An on-line swimming gait generation without machine vision feedback is discussed
in [28]. By using an artificial Central Pattern Generator (CPG), the fish robot in [28]
can perform smooth gait transition from crawling to swimming according to the
feedback provided by a water detection sensor. In another example of closed-loop
swimming control [144], adaptation to irregular boundaries of locomotion area is
implemented on an undulatory robot. In [135], the station-holding performance in
one-dimensional unsteady flow is implemented on a multi-DOF fish robot. A
nonlinear oscillator is used as gait generator and feedback control laws are designed
to tune the output of the oscillator [135]. In this thesis, GA will be used to optimize
the locomotion performance by tuning parameters of CPGs directly. Another way is
illustrated in [145], where the frequency adaptive oscillator is used to manipulate the
vorticities. The advantages of on-line motion planning and closed-loop swimming

control in fish robots are well illustrated by these examples.

Once the gait signal (gait control function) is at hand, the tracking of the signal turns
to be a classical motion control problem [30]. The low-level controller (motor
controller) will be used to tracking the given swimming gaits. Because of the
nonlinear hydrodynamics of water environment, such low level controller is
necessary to regulate the system to track the desired the swimming gait. PID
controllers are the most commonly used tools [30, 146, 147]. Similar work can also
be found in [11, 23, 137, 148]. Other control methods are also implemented [146].
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Morgansen et al. build a nonlinear model for the control of carangiform locomotion
[149]. This model is based on quasi-steady fluid flow. By using this model, the
authors propose gaits for forward and turning trajectories and analyze system
response under such control strategies. Yang et al. studied the nonlinear tracking
problem [150]. A time-varying, smooth Lyapunov-based feedback control law for
tracking the nonholonomic fish robot is presented, which gives asymptotical

convergence to a desired trajectory generated by a reference fish robot.

Ohgishi et al. uses a numerical and experimental method to study a double jointed
fish robot utilizing self-excitation control [151]. The fish robot is composed of a
streamlined body and a rectangular caudal fin. The body length is 280 mm and it has
a DC motor to actuate the first joint and a potentiometer to detect the angle of the
second joint. The signal from the potentiometer is fed back into the DC motor, so
that the system can be self-excited. In order to obtain a stable oscillation and
resultant stable propulsion, a torque limiter circuit is employed. Ariyanto et al. use
the method of identification to figure out the control model of robotic fish [152]. By
using data collected from inertial sensors, a suitable mathematical model explaining
fish turning dynamics is obtained through system identification method. The
identified model matches well with the experimental results and thus can be used for

the design of controllers [152].
2.5 Summary

The chapter reviews the work related the current research in three major aspects:
biological and biomimetic aspects of fish and their inspirations to the fish robots, the
fish robot designs, and control of fish robots based on artificial CPGs or CNLOs. The
research on fish robots actually covers more comprehensive aspects. Detailed
analysis of those works and the inspirations to the present thesis will be specified in

the following chapters.

A part of literatures directly relevant to the present thesis is reviewed in the chapter.
A complete review on fish robots can hardly be achieved. Kinematics of real fish’s
swimming has long been a research focus in fish biology. Plenty of the results in this
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area (the body motion function, for example) can benefit the control fish robots.
However, those biological works are not detailed in this chapter because the thesis
will finally focus on the on-line generation of motion in a purely engineering
perspective. The mechanical designs of fish robots are not confined in those with
multiple rigid linkages, as listed in Section 2.2. Other types of mechanical designs
such as those made up of smart materials and cable-driven elastic linkages are not
reviewed. The mechanisms of majorities in current literatures, which are helpful for
our own designs, are summarized. Finally, the control aspect of the fish robots covers
varieties of knowledge in engineering. Even the artificial CPG itself can be a big

topic. Those mostly related are included in this chapter.
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Chapter 3 Off-line Generation of Swimming Gaits Using

Sine Generators

This chapter is dedicated to develop an off-line approach to modeling the swimming
gaits of multi-DOF fish robots by using sine function based generators. For fish
robots, since linkages move with oscillatory patterns, it is natural to use the sine or
cosine functions to model the swimming gaits. This is a kinematics aspect of fish
swimming. The swimming mechanics will also be analyzed by using Lighthill’s
Elongated Body Theory. The chapter starts with the discussion on modeling
swimming gaits by sine generators in Section 3.1. In Section 3.2, the research
focuses on deriving the equations that can predict the swimming performance of a
fish robot. Experiments on a robot will be presented in Section 3.4 to validate the

theoretical analysis.

3.1 Modeling of Swimming Gaits

Generation of an undulatory waveform by fins can be regarded as a process that all
fin rays of fish oscillate alternately in a certain sequence and drive the membrane of
the fin to stretch or retract, which forms an undulatory wave along the fin. As a result,
the gait planning for generation of undulatory motion becomes the problem of
finding the sequence and oscillation functions of biomimetic fin rays. Application of

sine functions in swimming gait generation will be discussed in this section.

3.1.1 Modeling of Harmonic Swimming Gait

The aim of swimming gait modeling is to find out the appropriate time-dependant
control functions. For the parallel mechanism, the linkages are controlled to produce
traveling waves. Because the linked fin rays are controlled independently within its
workspace, the function describes the absolute angle of those links. The traveling
wave is regarded as harmonic wave in most cases or non-harmonic wave for some

other species (see Fig. 3.1).
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Fig. 3.1 Modeling of waveform on a long undulatory fin: (a) the profile of
intersection line between fin surface and the x-y plane is normally modeled as (b) a

harmonic wave or (c) non-harmonic wave.

| f.(x)]

Revolute joint RS /
fixed on fish body AN
(OIEENN

Fig. 3.2 Parallel linkage mechanisms used in the fish robots: (a) the parallel
connection of fin rays and (b) the structure of single fin ray (rigid link).

Fig. 3.2 illustrates the parallel connection of four such links and the basic structure of
a single fin ray (rigid link). To generate a travelling wave, the basic gait function is
still in a sinusoidal form. The successful simulation of undulatory swimming
depends on the determination of oscillation amplitude of fin rays and the phase lag
between adjacent links. Here the position of first link joint is set as the origin, the
longitude of fin as the x axis. For simple harmonic waveform the amplitude of

oscillation A; can be derived from the following equation:

LI o
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where fq(x;) is the envelop equation (see Fig. 2.30), A; is the oscillation amplitude, I
is the length of fin ray and x; is the longitudinal position of the i"" joint, as depicted
in Fig. 3.2. The phase difference between two adjacent links depends on the wave
number, the wavelength, the distance between two adjacent links and the number of
links used to simulate the undulatory wave. Their relationship is given by following
equation:

Py :Qd,l_zfxi 1=12,..,n (3.2)

where ¢q4; is the phase difference between adjacent fin rays. Gait functions for the
generation of simple harmonic undulatory wave by parallel connected fin rays can
then be obtained. Their motions are governed by a set of time-dependant sinusoidal
function given by:

O.(t)=Asinzft+o,,) (3.3)
The bi-directional swimming locomotion can be obtained by changing the sign of the

phase difference, ¢qi=-¢q,.

3.1.2 Modeling of Non-harmonic Swimming Gait

In Fig. 3.1 and many of current literatures [26, 54-59], an assumption is made that
the fin rays are rigid ones and they do not bend during swimming. This is a
simplification of fin rays of real fish, which are usually flexible ones. Bending of
flexible fin rays exists due to the reactive force when they oscillate in water. With
such an assumption, two kinds of motion will be ignored. Firstly, if fin rays in Fig.
3.1 or Fig. 3.2 are flexible, undulatory motion will appear along the z-axis. This
undulation can help to reduce the reaction force on the fin membrane, as manta ray’s

case mentioned in Section 2.3.1 [77, 90].

Another motion loss is the no-harmonic waveform (See Fig. 3.3). It has been
reported that Gymnotiform swimmers produces non-harmonic wave pattern during
forward swimming [109]. In [109], it is proved that such wave is caused by the effect
of the natural compliance of flexible fin rays to the oncoming flow. As a result, by

using inclined fin rays (see Fig. 3.4b), non-harmonic waveform can be produced.
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forward swimming wave direction —=

anterior posterior

backward swimming wave direction ——

Fig. 3.3 Non-harmonic waveform generated by Gymnotiform swimmers in

forward/backward swimming.

>

Upright ray

Motor

Fig. 3.4 The fin rays with different inclined angles. The left unit with =90 <is named
the upright ray, while the right unit with < 90<is called the inclined ray [109].

Non-harmonic gaits are also observed in Manta Rays. Klausewitz studied the
flapping of manta ray and found that the upstroke only takes about half time of the
down-stroke in one flapping cycle [36]. This indicates that harmonic functions (sine
function, for example) may not be an accurate way to simulate the locomotion
pattern of a manta ray. The forward thrust of manta ray can be produced on both
upstroke and down-stroke flapping. However, the down-stroke motion will
contribute major part of thrust [36]. Therefore, it is worth applying non-harmonic
gait patterns in locomotion control of fish robots may in order to improve the

propulsion performance.
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Fig. 3.5 A curve of non-harmonic oscillation for the i"" fin ray.

The gait function of the single fin ray developed in [109] is still a harmonic function.
Because of the inclination of fin rays, the wave generated by the undulatory fin is
asymmetrical [109]. Instead of using this hardware method, gait functions for general
designs with straight (upright) fin ray will be obtained in the following derivation.
By changing the wave shape parameters, fish prototype can simulate waves with

different shapes.

It can be assumed from Fig. 3.3, that this kind of wave is formed by oscillations of
particles with more than one frequency component in a continuum of media.
Therefore, the aim of motion planning is to find the oscillation functions with those
frequency components for every biomimetic fin rays. In order to perform parametric
study in future work, the oscillation is modeled by cubic spline curve fitting with a
parameter o that defines the shape of the curve. Fig. 3.5 shows a curve of non-
harmonic oscillation for a biomimetic fin ray. The non-dimensional parameter o is
defined as t,/0.5T. Then

t, =max(9)] = T (3.4)

According to Eq. (3.4) and Fig. 3.5, if a=0.5, the curve becomes symmetrical, if
0.5<a<1, the oscillation of fin rays will cause a forward swimming waveform as
depicted in Fig. 3.7(a) and a backward swimming waveform is obtained as 0<a<0.5.
Next cubic spline is applied to fit this curve in time domain [0, T/2]. The general

form of the fitting function is
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0,(t) = Bt + B,t* + Bt + B, (3.5)

From Fig. 3.5, conditions (by assuming unit amplitude, A=1) are obtained as

0)=1 0(0)=4(T)=0and §(t,)=0 (3.6)
and subsequently
B 2, 4T /2
B3 t 2t -T/2)°
52 =| -1/t *-2t B, (3.7)
' 2/t +1°B,
BO
0

Now the gait function #;(t) within [0, T/2] can be obtained. Because of the periodicity
of gaits, the gait function should be odd expanded in the region of [-T/2, T/2]. After
the odd expanding, the oscillation equation can be given by:

B,t’ +B,t> +Bt te(0,T/2]

3.8
Bt -B,t?+Bt te(-T/2,0] 38)

o (x,t) :{

It should be noted that the gait function given by Eq. (3.8) is still coupled with the
position of fin rays implicitly. To control the separate actuators, it is necessary to
find control functions dependent only on time. Since the wave is non-harmonic
which contains more than one frequency component, it is desired to express this

Wave as
y= 1,00 b;sin[ j2zft+g,)) ] (3.9)
j=1

where ¢j(x) is the phase lag of different fin rays, bj is the coefficient of components
with different frequencies in Fourier series of 6i(t) and ¢q is determined by Eq. (3.2).

Therefore, the gait for separate fin rays should be
g(t) = f(x.t)= fe(xi)zbj sin(2jz ft+ joy;) (3.10)
j=1

Backward swimming gait can be obtained by changing the sign of ¢;. In the actual
application, it is not necessary to include infinite number of frequency components.
Out experiments show that smooth swimming can be achieved by using only three

components.
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3.2 Analysis of Swimming Performance Based on Lighthill’s

Elongated Body Theory

This section discusses the application of Lighthill’s Elongated Body Theory (EBT)
[101] in analysis of swimming performance of fish robots. The theory makes use of a
set of partial differential equations to predict the thrust and efficiency of swimming
under rhythmic and symmetric body motions [101, 153]. EBT is a descriptive tool,
other than a predictive tool for fish swimming. It can well explain the relation
between the swimming motion pattern and the swimming performance. It cannot be
used to predict the performance. The section shows that by applying certain
assumptions, it can also be extended to predict the swimming performance of fish
robots [153].

3.2.1 Lighthill’s Elongated Body Theory

In 1971, Lighthill developed the Large-amplitude Elongated Body Theory (EBT)
[154]. In the theory, the fish is modeled as an elastic thin plate. Lighthill’s theory is
applicable to long slender fish without prominent body-fins and a gradual taper in
dimensions to the caudal fin. In order to simplify the problem, flow is usually
assumed inviscid, incompressible and irrotational [78, 155, 156]. Based on this
theory, kinematics model of the fish locomotion can also be obtained. In the work by
Tan et al. [105], it is used to establish a turning motion control framework for BCF
type locomotion. Other applications can be found in more recent studies [18, 99, 105,
153, 157]. For a swimming robot, it is important to explore the swimming
performance regarding the swimming energy consumption, velocity and thrust.

Lighthill’s EBT theory is sufficient to give these quantities.

z
A’»
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Slender fish
y

fOun) | T~

Top view

Fig. 3.6 A slender fish model.
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Lighthill [101] was the first to apply the methods of slender body theory (see Fig. 3.6)
to fish swimming in an inviscid fluid medium. The theory gives a solution to
evaluation of swimming performance at the equilibrium speed, i.e. the steady
swimming. Although it intends to explain a biological phenomenon, it is of great
value when used to the engineering area, especially to the biomimetic fish control.
According to Lighthill’s model [8], the velocity of a fish body’s cross section can be
seen as a moving water slice. The velocity of lateral swimming motion, v(x, t), can be

derived by the total differential of the body motion function:

vty = T G FY (3.11)
ot ox
in which
p=9_2,u° (3.12)
dt ot ox

Note that U is the forward steady swimming speed of fish, t is time, and D is a total
differential operator used to simplify the derivation. The lateral force, Fy, exerted by
the body on the water slice can be computed by the rate of change of the momentum:

F, = D[M (x)v(x,1)] (3.13)

where M(x) = pz(H/8)? is the apparent mass of the cross section per unit length, H is
the height of the propulsor and p is the water density. In the following derivation,
assume that M and v denote M(x) and v(x,t), respectively. The power used to generate

lateral motion, P, can then be obtained as follows:

L of (X, t)D(M v)dx ZQJ’L(MVQ—EMVZ)deLUMvﬁ (3.14)
ot7o ot 2 ot x=L

Pt) =
in which L is the total length of fish body. In another hand, by applying the energy
balance principle, the energy produced by the lateral movements of fish can also be

thought of the sum of two following parts, as given by
P@:EU+ﬁD%MWNx (3.15)

where Fr (= Fy) is the thrust force and FtU the propulsive power, the second term
(the integration) on the right hand side is kinetic energy acquired by water slice and
fish body. By comparing the two expressions of P(t) from Eq. (3.14) and (3.15), the
thrust force Fr can be expressed as
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o 1, 0 (L,, Of
Eﬁﬁ{Mwa~§vﬂH—5LM%;W (3.16)

3.2.2 Application of EBT in Multi-DOF Fish Robots

Note that the EBT is a descriptive tool, other than a predictive tool for fish
swimming. When the swimming motion pattern (the BMF) is given and the
swimming speed is known, the thrust and power consumption can be computed by
using Eq. (3.16). That is to say, it can well explain the relation between the
swimming motion pattern and the swimming performance. It cannot be used to
analyze the performance. For fish robots, it is needed to predict the swimming speed
and thrust under given BMF, which is a different problem. Therefore, the EBT
should be modified in order to become a predictive tool. This can be done by

applying the following assumption.

At steady swimming, the swimming speed reaches equilibrium at a constant value U.
It is natural to assume that, under steady swimming, i.e. at the equilibrium forward
velocity U, the averaged thrust over one period of fish undulating or oscillation is
balanced by the averaged drag force of water. This equilibrium state can be reflected
from the balanced force on the robotic fish as:

Ezﬁ:%ﬁw (3.17)
where C is a coefficient related to characteristic cross-sectional area of fish and its
body drag. The expression of swimming speed U can then be predicted by

equating Egs. (3.16) and (3.17):

U - \/ (of /at)° (3.18)
(0F )% +64C / (zH?)

By substituting Eq. (3.18) into Eq. (3.17), the thrust force can be predicted as

— PC(0F 1 at)?
Fr ~ 2 2
2[(8f/8x) +64C / 7H }

(3.19)
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By using above mentioned derivations, the swimming speed and thrust can be
predicted. Equations (3.18) and (3.19) build a bridge between the swimming motion

patterns and the consequent swimming performance.
3.3 Experiments of Gait Control on Fish Robots

The EBT is applied to analyze the swimming performance of the fish robot. This
theoretical tool is validated by experiments on NKF-II. The fish robot is controlled
by the gait functions discussed in Section 3.1.1. The theoretical and experimental

results are presented in this section.

3.3.1 Theoretical Prediction of Swimming Speed

When a swimming motion pattern (described by the BMF) is given, Eq. (3.18) can be
used to evaluate the swimming performance. It is necessary to know the value of C
in order to compute the swimming speed. One way is to measure the drag by pulling
a fish body at a given speed in still water [108] An alternative way to experimental
determination is to perform a CFD simulation on the fish robot [16]. In our research,
we adopted the first method with the configuration shown in Fig. 3.8 since a robot
prototype is available to facilitate the experiment. The propulsor prototype was
pulled to move in water by a string at certain speed. A force sensor was used to
measure the tension on the string. At steady swimming, it can be assumed that the
constant moving is the result of balance between the drag and the tension. By using
Eq. (3.17), the value of C can be obtained and C = 0.181 m? for NKF=I1.

Different body motion functions will result in distinct swimming speed. In order
validate the equations derived in this chapter, the following BMF is adopted to test
the gait generation and performance prediction:

f (x,t) = Asin(kx — at) (3.20)
where w=2zf'and k is a wave number. The partial derivatives of Eq. (3.20) used in Eqg.
(3.18) and (3.19) should be found for the given motion of the fish prototype. The
average value over one cycle of rhythmic swimming should also be derived. These
time-averaged values are simply obtained by integrating each function of the body
motion and dividing by the period.
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Partial derivatives with respect to time t

= —wAcos(kL — wt)

(%)2 = w’ A% cos® (KL — at)

x=L

(q)2 =ﬂjaa)zAz(:osz(kL—a)t)dtzla)zA2
o | 2m 2

Partial derivatives with respect to longitudinal position x

al kAcos(kL — at)
OX
x=L
(i)2 =k?A? cos® (KL — at)
OX et
(q)z :ﬂ EkZAZ COSZ(kL—a)t)dtzlszz
x|, 2w 2
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By substituting the partial derivatives into Eq. (3.18), the steady swimming speed is
predicted as:
2r f

U= (3.21)
JKZ+96C / (zAZH?)

The geometries of fish prototype are L=0.65m and H=0.15m. By substituting the
geometry and various frequency-amplitude combinations into Eg. (3.21), the
quantities related to the steady swimming speed can be predicted. Theoretical plots
of steady swimming speed as functions of amplitude for various frequencies are
given in Fig. 3.7. The overall trend is that swimming motion with the higher

frequency or amplitude theoretically generates the higher speed.
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Fig. 3.7 Swimming speed predicted by using Eq.(3.21) for NKF-11 (C = 0.181 m?).

3.3.2 Experiments on NKF-I1I

The NKF-II is designed for free-run mode in open water area. Here, free-run refers
to that the fish robot swims in open water area (for example, a large pool) without
any external constrains like a harness or rope to constrain its motion. For ease of the
measurement of swimming performance, a duplicate of the biomimetic propulsor in
the fish robot is made and tested in a lab water tank, as shown in Fig. 3.8. In the
experiments, the prototype performs straight-line swimming on the linear guide.
Three laser sensors (A, B, and C) are used to detect the edge of the head and control
the process. The inactive parts of the prototype (including actuators, wires, sensors,
and structural frames) are exposed in air while the active part of the prototype (the
propuslor) is submerged in water to propel the entire prototype. The bulky inactive
part is intended to be off the water because the large body drag can be avoided in this
way. Given that the friction force from the linear guide is insignificant, this
configuration allows us to concentrate only on the optimal swimming patterns

without considering the effects casued by the body drag and frictions.
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Fig. 3.8 (a) Front view illustration of experiment configuration. The propulsor is in

the rest position. Three laser sensors (A, B, C) are used to detect positions. (b) The

propulsor prototype hanging in the lab water tank.

By using this simple harmonic wave function, the eight swimming gaits can be
derived from Eq. (3.1)-(3.3) and given by

. A . V4 .
O () =sin"(—)sin@2zft-=) i=1,2,....8 3.22
(1) (0'06) (27 4) (3.22)

Empirical tests have been conducted to evaluate the swimming speed of the
biomimetic propulsor. Eq. (3.22) is adopted to control the eight motors. Different
frequency and amplitude were applied. The experiment data are listed in Table 3.1.
Comparison between the swimming speed and controlling parameters is shown in
Fig. 3.9.
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Fig. 3.9 Comparison of theoretical speed (dashed curves) and experimental speed
(solid curves): (a) theoretical calculation is in good agreement with the experimental
results in the frequency of 1.0-1.6 Hz and amplitude of 0.03-0.06 BL. The speed and

amplitude are normalized in body length.
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Table 3.1 Data of speed collected in experiments

Amplitude Speed at different frequencies, (BL/s)

(perBL) | 0.8Hz 1Hz 12Hz 14Hz 16Hz 18Hz
0.03 0.08 0.17 0.21 0.26 0.33 0.40
0.04 0.13 0.22 0.31 0.36 0.44 0.51
0.05 0.18 0.29 0.38 0.45 0.53 0.55
0.06 0.20 0.32 0.42 0.51 0.54 0.49
0.07 0.25 0.36 0.45 0.53 0.55 0.47
0.08 0.29 0.42 0.49 0.54 0.56 0.48

A general trend can be observed from experiments that the swimming speed
increases as the increasing of both amplitude and frequency, which is in accordance
with the theoretical prediction. Both groups of data are plotted in Fig. 3.9 for a
comparison. It can be seen from Fig. 3.9a that in 0.8 Hz < f < 1.8 Hz and A < 0.06
BL, the theoretical speeds is in good agreement with the experimental one. Fig. 3.9b
shows two cases that there are significant discrepancies between the theoretical
speeds and the experimental speeds. The speed decreases with the increasing of
amplitude at f=1.8 Hz. This speed drop is caused by the power limitation of electrical
motors because power drain exceeds the capability of servo motors. Additionally,
when large amplitude is applied, much energy is wasted in pushing water aside, other
than propel the fish robot forward. This reason also accounts for the dropping of the
speed at large amplitude. At f=0.8 Hz, the experimental device swims at relatively
low speed, the friction on the sliding carriage (see Fig. 3.8) may dominate and it

reduces the swimming speed.
3.4 Summary

This chapter discussed sine function based swimming gait planning and an analytical
explanation of swimming mechanics of fish robots. The solution to gait planning
problem for fish robot with parallel mechanism is illustrated and tested in
experiments. The EBT is applied to analyze the swimming performance of a fish
robot and validated by experiments on NKF-II. This chapter shows an off-line

control method for fish robots, which is a conventional way to obtain swimming
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locomotion. It does not solve the problem that in what manner the swimming
performance of a fish robot will be better. This question will be answered in the

following chapters by using on-line gait generation method.

Only basic fish locomaotion, the straight-line forward/backward swimming, is
addressed in this chapter. Other types of locomotion such as turning, fast start, and
C-sharp turning are not discussed. In [105] and [104], a turning control framework
has been developed. More locomotion types have been well studied in [71, 106, 158].

These works will inspire the future studies on more versatile locomotion.
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Chapter 4 On-line Generation of Swimming Gaits Using

Nonlinear Oscillators

Sine functions are commonly used models to generate oscillatory swimming gait of
fish robot and have been successfully implemented in many applications [12, 54, 56,
109]. However, there are some limitations with these generators. Firstly, it is not
suitable for on-line gait generation and gait tuning. The amplitude, frequency and the
phase of a sine generator is defined based on the pre-selected fin motions. They can
hardly be on-line tuned for the need of adaptation to the environment because this
may cause the unsmooth motions. Secondly, the modeling method is not generic.
When used for different fin motions or different fin prototypes it has to be tailored to
accommodate various applications. To avoid these disadvantages, a nonlinear

oscillator is adopted as the swimming gait generator.

The nonlinear oscillator provides a solution to on-line adjustment of the swimming
gait according to the environment feedback, which will make the adaptive swimming
locomotion possible for fish robots. Combined with feedback control laws, the
parameters of the generator can be dynamically tuned, from which the adaptive
swimming can be obtained. As an example of adaptive swimming, station-holding
performance exhibited by real fish is studied and implemented on a biomimetic fish
robot. A control method that enables the swimming of robotic fish systems adaptive
to variational flow will be developed. The application of a nonlinear oscillator in
swimming gait generation is discussed in Section 4.1. As a case of adaptive
swimming, station-holding performance of real fish in adverse unsteady flow is
studied and implemented on a fish robot, which is discussed in Section 4.2.
Simulations are performed to test the feedback control laws in Section 4.3.
Experimental results will be presented in Section 4.4.
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4.1 Gait Generator Based on a Nonlinear Oscillator

High performance aquatic locomotion needs on-line motion planning to achieve the
swimming adaptation to the environment surrounding fish robots. This property can
hardly be achieved with sinusoidal function based gait generator because the on-line
changing of parameters (phase lag, frequency or amplitude of a sine generator) of
these generators may cause discontinuity or jerk of motions. A mathematic model
that generates on-line steady harmonic gaits is necessary. The gaits are also required
to be adjusted continuously and smoothly according to environment feedback. A

nonlinear oscillator will be applied to model the rhythmic swimming gait.

The normal sine generator is not robust because when there is an abrupt change in
amplitude or frequency, the motion may not be smooth, even not continuous. Fig. 4.1
shows the outputs of a sine generator in the case that amplitude or frequency is
increased at the time instance t*. It can be seen that the motion is not smooth in both
cases. The decrease of those parameters causes the similar results. The smooth
transition of swimming gaits is important for fish robots because it ensures that there
is no jerk or discontinuity in locomotion. The actuators therefore get free from the
potential damage caused by the jerk.
gait = Asin(2m‘e‘)

YA

Frequency increased

BV N AN NN
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'20 1 étim;(s)' s 5

Fig. 4.1 Outputs of the sine generator where amplitude A is changed from 1 to 2
(upper) and frequency f is changed from 1 to 2 (lower). All changes of parameters

occur at time t*=2.5s. At other time (t* is random), discontinuity may also appear.
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Fig. 4.2 An example of unsmooth motions recorded in experiment. The tail fin of

NAF-1I was driven by a DC motor and controlled with a sine function. The angular
position is shown and normalized to 1. The change of frequency is changed from
1Hz to 2Hz at t*.

Fig. 4.1 only shows theoretical case that the online changing of parameters will cause
unsmooth of motions. In actual experiments on the tail oscillation of NAF-II (see
Fig. 2.27), the situation is even worse. A sine signals (frequency f = 1 Hz) was
applied to the fish tail and the tail beat is recorded by using the rotary encoder. At a
random time t*, the frequency was manually changed to 2 Hz. This changing causes
the irregular shaking of the fish tail. The shaking appeared because in this case, there
is a large discrepancy between the actual position of the motor and the command
signals. This situation would not stop until the motor could track the control
command after several seconds. This phenomenon was recorded and plotted in Fig.
4.2

In order to solve the above-mentioned problems, a nonlinear oscillator is applied to
model the swimming gait. Here the Hopf oscillator is selected, which is defined by:
U=k(A>—u*-v)u-2zfv 4.2)
V=Kk(A*—u’-Vv*)Vv+2rfu 4.2)
where u and v are two state variables of the oscillator which are all functions of time
t (t > 0), A is a positive number that determines the amplitude of the steady state
oscillation, f is the oscillation frequency and k is a positive constant which regulates

the speed of convergence.
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4.1.1 Generation of Harmonic Swimming Gait Pattern

Many different oscillators can be used for modeling the motion pattern of oscillatory
motion of caudal fin [22, 28]. Hopf oscillator is chosed because of its harmonic
steady state output, which is suitable for modeling the swimming gaits along a
straight path. The output of the oscillator is illustrated in Fig. 4.3. The steady state

output of the Hopf oscillator can be given by

u~ Acos(27z ft + ¢,) (4.3)
vV~ Asin(27 ft + @,) (4.4)

where ¢ is determined by the initial states of the oscillator.

Another attraction of this oscillator is its limit cycle, which is illustrated in Fig. 4.4.
Starting from eight different points (four inside the limit cycle and four outside the
limit cycle), the states always asymptotically converge to a limit cycle with radius A
as time gets large. Given that (0, 0) is a stable equilibrium point (a point attractor) of
the Hopf oscillator, the initial value should avoid this point. They can be theoretically
set as any values near the limit cycle.

Robustness of the oscillator is also a significant property. Under perturbations of two
cases: the system starts evolving from a random initial condition and parameters of
the oscillators are changed, the system can also continuously converge to a new
stable state. The output of the oscillator is always kept smooth owing to the
integration in solving the nonlinear differential equations [15]. As shown in Fig. 4.3,
initial state of the oscillator is set to (0.5, 0.5) at t=0s. The oscillation naturally
evolves into a stable harmonic pattern with A=1 and f=1 Hz. This feature makes it
possible the posture of a robot will not necessarily return to a prescribed status when
the system restarts in locomotion control. Instead, the limbs of robots can start to

move from any initial positions in the workspace.
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Fig. 4.3 Output of Hopf oscillator. The initial states are set to (0.5, 0.5). The
amplitude and frequency are normalized to 1.
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Fig. 4.4 The phase portrait of the oscillator. The figure illustrates that the system

starts evolving from eight different initial states (point 1-8) and they finally converge
to the limit cycle. The radius and frequency are all normalized to 1.

In Fig. 4.5, when the radius is changed from 1 to 2 (upper) or frequency is changed
from 1 Hz to 2 Hz (lower), it can be seen that the oscillations naturally become

stronger or faster with smooth transition respectively, which is different from the
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cases in Fig. 4.1. When used in control of swimming, this asymptotic stability
provides possibility to generate gradually changing gait signals, which makes the
adaptive swimming gaits generation feasible. The robustness of the oscillator allows
a continuous and smooth transition of gait. And the asymptotic stability ensures that

the transition always converges to a stable one.
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Fig. 4.5 An example of fin ray motion controlled by Hopf oscillator. State u of the
oscillator is used as the control signal, i.e. #(t)=u(t). The initial state is the same as
point 1 in Fig. 4.4. The radius is changed from 1 to 2 (upper) or frequency is changed
from 1 Hz to 2 Hz (lower) at t*.

4.1.2 Generation of Non-harmonic Swimming Gait Pattern

Steady states output of the Hopf oscillator have harmonic patterns (see Fig. 4.3).
Therefore it is suitable to model the swimming gait depicted in Fig. 3.5. Non-
harmonic gait can also be achieved with Hopf oscillator by applying adaptive
frequencies in one cycle of fin ray oscillation. It can be assumed that the asymmetry
of the wave shape depicted in Fig. 4.6 is caused by the different frequencies involved
in one cycle. The switching of frequencies depends on the shape of the non-harmonic
wave. It can be assumed that higher frequency component f; accounts for the fast
rising phase (upstroke) and lower frequency component f, explains the slow
declining phase (down stroke), respectively.
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According to the symbol definition in Fig. 4.6, we have
1
b 2aT

(1
2T 21-a)T

f (4.5)

(4.6)

where a is a shape ratio that determines how much time the rising phase takes in one

cycle and 0<a<1

A function used to switch the frequency between f; and f, is necessary. Instead of
normally used piecewise function which can provide a non-continuous switching, the
uni-polar sigmoid function is employed to achieve the smooth switching, which is
given by

1

S(t)=
®) 1+e"

(4.7)

During one cycle of the oscillation, two different frequencies are exhibited by the
non-harmonic gait. It is necessary to adopt a function to switch the two frequencies.
A normal way is to use piecewise function by defining the region where the two
frequencies should be applied, as shown in Fig. 4.7a. However, one intension
adopting CPG-based control is that we hope that the online modulation of swimming
gaits can be controlled by a simple and continuous signal, instead of manual setting
of different control values. Comparison of the piecewise function and the sigmoid
function is illustrated in Fig. 4.7. This property can be achieved by the sigmoid
function. It can switch the two frequencies continuously and smoothly. In the
following chapters, this idea will also be used to perform other types control signals
in CPG-based control model in order to achieve easy tuning of motions.
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Fig. 4.7 (a) Piecewise function and (b) uni-polar sigmoid function.
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Fig. 4.8 The swimming gait patterns modeled by Hopf oscillator (6=u). In this

example, frequency f=1Hz and 7 =40. The amplitude is normalized to 1.

If the state u of the Hopf oscillator (Eqgs. (4.1) and (4.2)) is selected as the output to
control the swimming gait, state v can be used to determine when the frequency will

be switched between f; and f,. The adaptive frequency f can then be given by

f(@t)=f+(f,—f)S(zv) (4.8)
where 7 is a positive time constant that tunes the speed of switching and v is a state
variable of Hopf oscillator. In this case, the state variable u will be used as the output
to control the swimming gait. The switching of frequency occurs when |u| reaches its
maximum value and v is zero (see Fig. 4.3,). There is 90° phase difference between u
and v, which is satisfy the switching condition. Therefore, the variable v can be used
to trigger the switching. Substitute Eqs.(4.5)-(4.7) into (4.8) and obtain

1 N (2a-1)
2T 20(l-a)1+e™)T

(4.9)

Fig. 4.8 shows gait patterns generated by the nonlinear oscillator. With Eq. (4.9),
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both harmonic gait («=0.5, i.e. the rising phase equals to the decline phase) and non-
harmonic gait are obtained. Eq. (4.9) gives a solution to the problem that the shape of
swimming gait shape can be adjusted by tuning of only one parameter, a. The
sigmoid function ensures that the switching is continuous for a. Therefore, the gait

pattern can also be on-line tuned smoothly.
4.2 Closed-loop Swimming Control: A Case Study of Station-holding

Since the controlling parameters of the nonlinear oscillator can be on-line tuned
causing no jerks of motion, it is suitable to be used in closed-loop swimming control
so as to achieve high performance locomotion. This section discusses an example of
its application in station-holding control of fish robots. The aim of is to control
swimming of robotic fish system adaptive to the adverse flow with varying flow rate

and capable of holding its position.

4.2.1 Station-holding in Adverse Unsteady Flow

Station-holding in fish is a remarkable example of adaptation to unsteady flow,
which has been well documented in biology studies [14, 159, 160]. Firstly,
observation on the behavior of a real carp fish in such a condition in a water tunnel
(see Fig. 4.9) is made. The fish sample belongs to typical BCF type species. It uses
the oscillation of its caudal fin as propulsor to generate thrust [8], which is also a
major way of propulsion in current fish robots [12]. The motion of fish in still water
shows steady patterns with approximately constant tail beat frequency and amplitude
in a relatively long time period (here amplitude and frequency are defined as
controlling parameters). If there is a sudden increase of incoming flow rate, i.e. the
fish have to swim against the water current, it can quickly perceive this change and
make adjustments on the swimming pattern. Both controlling parameters are
augmented with the increase of flow rate. In such a way, fish can generate larger
thrust to against the higher drag and hold their positions un-shifted.

Assume that the maximum steady swimming speed of a fish is Vi. The flow rate is
said to be low if the adverse flow speed is less than 0.5Vs (Reynolds Number Re <
2.24x10™) and it is said to be high if the adverse flow speed is higher than 0.5V
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(2.24x10™< Re <4.48x10™). At low flow rate, the fish sample can quickly adjust its
tail beat frequency as soon as it senses the change of flow. The fish is not flushed
away from its original place. The fish sample has to produce larger thrust to swim
against the higher adverse flow speed. Once the flow rate is larger than V; the fish

can hardly hold its positions in the flow.

At relatively high flow rate (2.24x10< Re <4.48x10™), the adjustment of gaits
exhibits three stages. At first, the fish does not respond so quickly and is washed
away from its original place along the flow direction. In this stage, the fish tries to
swim back to its original position with the two controlling parameters increased.
Larger amplitude is observed, which is due to the need of sufficient thrust [99]. Then
the fish gets adaptive to the flow environment and swims back. As the fish
approaching the original place, it reduces the amplitude slightly and keeps the beat
frequency higher than that at low flow rate. The decrease may be explained by the
fact the fish reduces the energy cost as it becomes adaptive to the flow. After short
period of regulating, the gait is gradually changed to a new steady pattern. The

swimming motion goes into the third stage.
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Fig. 4.9 A water tunnel apparatus. The observation of fish sample [81] and the

robotic fish experiment are conducted in the Test Section.
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Fig. 4.10 (a) Snapshot of fish swimming in the water tunnel. It swims against water
flow at the second stage with about 4 Hz tail beat frequency. These pictures show the
case that fish swims in the second stage where the high frequency tail oscillation is
performed. (b) The position variation of the sample fish in the adverse flow. The
flow rate is 0.2m/s (approximately 1 BL/s).

Development of a control system that can handle all kinds of flow conditions is not a
scope of this chapter. The swimming motion control of robotic fish in unknown

unsteady flow is a challenge. One important reason is that the control system of a
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fish robot lacks of effective sensing system to know the real-time flow information.
A suitable control strategy can hardly be decided without this facility. As far as we
know, the station-holding control discussed in this thesis is the first implementation
of such capability on a fish robot, although it is conducted in a very ideal
environment by adopting one dimension unsteady flow. To simplify the problem, the
flow situation is restricted by following properties: 1) the flow rate is variable; and 2)
the flow is one-way and one-dimensional. Two issues exist in the station-holding
control. Firstly, the adaptive swimming control needs feedback of water environment,
which is hardly obtained due to the lack of proper sensors [5, 161]. Secondly, the

current study on the adaptive swimming control method is not sufficient yet.

Real fish possess sensing organs called lateral lines by which they perceive the
pressure, velocity and the orientation [162]. Fish are capable of adapting themselves
to the turbulence by changing the swimming gaits relying on the sensory feedback
from the lateral line. However, there are currently no sensing devices like the lateral
line available for a robotic fish. The idea of the artificial lateral line is still under
proof of concept [161], which makes the closed-loop swimming control difficult. In
this initial study, developing a sensing system for fish robots is not an issue in the
present work. The sensory signals are obtained through normal displacement and

velocity sensors in a water tunnel apparatus.

There are some studies on the station control of large autonomous underwater
vehicles (AUVSs) in complex water environment like rivers and oceans. The actual
implementation on AUVs is based on the large-area flow information (obtained by
meteorological satellite, for example) [163, 164]. In recent years, some research
teams are devoted to develop artificial lateral lines to detect the micro change of flow
situation [161]. The more complicated station-holding control may benefit from these

new sensors in future works.
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4.2.2 Control Laws for Station-holding Control

(a) Cases with Single DOF

The fish robot (NAF-1I) shown in Fig. 2.27 will be used to illustrate the station-
holding control. As implied by the real fish, a BCF-type robotic fish can achieve the
similar adaption to unsteady flow by real-time adjusting two controlling parameters.
Feedback control laws that regulate the controlling parameters can be employed to
guide the tuning. It is naturally assumed that these two parameters all rise if there is
an abrupt speed increase of incoming flow. In the beginning, the fish augments both
parameters for larger thrust to overcome the drag. Then as the swimming becomes
adaptive to the flow, the frequency or amplitude may be slightly decreased to save
the energy. Additionally, the evolving of both parameters is coupled.

| d flow direction

< v QY
v v

«—o 0
swimming direction
Fig. 4.11 lllustration of a robotic fish swimming against flow. d is the actual

displacement. d, denotes the reference position of the fish. V is the flow velocity.

Several assumptions are made. Firstly, it is assumed that once the fish senses the
increase of incoming flow, its tail beat frequency jumps to a certain value
proportional to the flow rate. Secondly, as the fish is washed away by water flow, the
frequency gets larger with the distance increment with respect to its original position.
Thirdly, the frequency becomes larger as the relative speed between fish locomotion
and the water flow rises. This is apparent because the drag increases proportionally
to square of relative speed [8]. Finally as the fish is flushed away from the origin, the
controller should ‘memorize’ this position error and try to reduce the distance.
Therefore, the controller for the frequency should also contain the information of the

integration of position errors. Given that the reference input position is zero (d,=0) in
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station-holding problem (in this case the position error is e=d,-d), the control law for

frequency can be interpreted as:
f=—kd -k, —d)-k,[ dot (4.10)

where ki, ko and ks are positive constants. Definitions of other symbols can be found
in Fig. 4.11. Rewrite Eq. (4.10) and obtain

f=—(kd —kd+k,[ dst)—kV (4.12)

The last term of Eq. (4.11) can be seen as a feed forward of the flow information.
The control law for the amplitude can also be structured in a similar manner. The
value of amplitude is proportional to the adverse flow rate and the distance d. With
the coupling of frequency, the control law can be given by the following equation.
A=-kd—-kV —k,f (4.12)
where k4, and ks are positive coefficients; ks represents the coupling strength with the
frequency. Note that the coupling coefficient, kg is necessary because it ensures that
the actuator will not reach its power limitation when frequency increases. For a
practical physical system, the value of A and f are bounded by the maximum
allowable power. Given the steady state output of the Hopf oscillator can be given by
Eq. (4.3), its first order and second order derivatives are limited by the maximum
speed and acceleration of an actual actuator respectively. Therefore, following
conditions for A and f (by differentiating u) exist:
Af <Q (4.13)

Af2<a, (4.14)

where Qn, and o, are angular and acceleration limits determined by the actuator.

(b) Cases with multi-DOF

The station-holding control for multi-DOF fish robots consists of two aspects:
coordination of swimming gaits [125, 165] and the adaptation process where the gait
patterns are modulated by feedback control laws. The former (see Fig. 4.12) can be
achieved by multiple CNLOs, which will be detailed in the following chapters and
the later is discussed here. The control law for one-DOF fish robot in previous
sections can be extended to the multi-DOF case. According to Eqgs. (4.11)-(4.12), six
parameters are needed to decide one pair of controlling parameters for each oscillator,
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and there are totally eighty-four parameters need to be found for the prototype in Fig.
2.19. Actually, it is not necessary to develop such a complex mathematical method to
determine all these parameters. There are ways to reduce the complexity of the
computation by looking into the swimming patterns of real fish.
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Fig. 4.12 Control structure of station-holding control on multi-DOF fish robots.

For the prototype in , this means the amplitude for the last actuator is derived from
(4.12) and the rest are derived from the envelop function. The whole control structure
can be described by Fig. 4.12. The determination of amplitudes and frequency can be

made by the following control laws:

f=f =—(kd —kd +k; [ dot) —kV (4.15)
A, =—K,d —kV —k, f (4.16)
_A
A= (4.17)
Af<Q. (4.18)
Af?<a, (4.19)

The gait signals for the propulsor prototype can be obtained by solving equations
(4.15)-(4.19). See the illustration of the fish body curve in Fig. 2.30. The amplitudes
of oscillations become gradually larger from head to tail and they obey satisfy the
envelop function, which is thought to be an efficient way of locomotion [16]. Here,
the linear envelop is adopted to simplify the problem [16, 71]. Given that higher
amplitude consumes more energy and there is power limit for an actual actuator, it is

necessary to determine the maximum amplitude with the feedback control law.
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4.3 Simulation of Station-holding Control
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Fig. 4.13 Overview of the control scheme. The Hopf oscillator generates the periodic
tail motion pattern. A feedback control scheme is applied to regulate the frequency
and amplitude. The amplitude is also couppled with frequency by a proportional

coefficient ke. Flow rate is a feedforward quantity to the controller.

A simulation is performed to test station-holding control laws. Swimming gait of the
fish robot is produced by the Hopf oscillator. Feedback control laws are applied to
modulate the output of the oscillator. The closed-loop control scheme is illustrated in
Fig. 4.13. The dynamics modeling of the robot locomotion is necessary for the
simulation. Let M denote the mass property of the robotic fish, Fp be the body drag
and Fr be the thrust generated by tail. The dynamics of the fish can be simply
interpreted by:

Md =F —F, (4.20)
It can be assumed that the fish tail is a pure propulsor and the drag completely comes
from the fish body. Then Fp is given by:

F, = % pC,S.(d-V)? (4.21)

where p is the water density, Cq is the drag coefficient and S is the cross-sectional

area of fish body.
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Fig. 4.14 Simulated results of station-holding control. The displacement and the
absolute velocity are shown. The parameters in (9) are M=6.8kg, p=1000kg/m?,
Cy=0.63 and S.=0.02 m*.
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Fig. 4.15 Evolving of the tail beat frequency, amplitude and the swimming gait
control signal. The paramters in (3)-(5) are chosen as k=1, k;=2.0, k,=0.8, k3=25.0,
k4=0.5, ks=28.0 and k¢=0.02.

To evaluate the thrust force, experiments were conducted to find the relation between

the thrust and the controlling parameters by using statistical methods based on
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Buckingham’s theorem [166]. A semi-empirical model, Fr= F+1(A, f, V), is developed
in to model the thrust. According to the derivation detailed in [166]. The dynamics of
the swimming robots can then be given by:

d’=ﬂFT(A, f,V)—épcdsc(d —V)Z} (4.22)

J3A

+0.65}(23in§+sin7+sinA) (4.23)

_ 0.4032A%° 7 { 3.9A %

TV +0.28Af )% | (V +0.28Af)*
With Eq. (4.23), the thrust force can be predicted by knowing controlling parameters
and the flow speed. It is only used in the simulation to find the some general trend of
coefficients for Egs. (4.11) and (4.12). Better coefficients will be determined in
actual experiments. The problem of station-holding in the adverse water flow is
actually a position control with zero input (d,=0). Fig. 4.14 shows a result of the
simulation. When the flow rate steps to a certain value and the robot swims in the
adverse current, the robot begins to regulate the tail oscillation patterns. In the first
stage, the robot is washed away from zero position. The absolute swimming is
toward the negative direction. After several seconds setting, the robot adapts itself to
the adverse current and approaches to its origin gradually. The evolving of the
controlling parameters is illustrated in Fig. 4.15. The robot keeps tuning the motion
of its tail continuously and smoothly until the oscillation evolves to a new stable

pattern.

Due to the size limitation of our lab water tunnel, actual experiment was not
conducted. Instead, a simulation is performed by the help of the thrust predictive
model of this prototype obtained in experiments, as that for the one-DOF fish. In the
simulation, the flow rate V jumps from 0.03m/s to 0.1m/s. Linear body curve envelop
is adopted.The maximum amplitude 65 is derived from Eq. (4.16) and all other
amplitudes are obtain from Eq. (4.17). The gaits keep varying depending on the
feedback from environment and holding a stable phase difference. Those gaits
generate a full cycle traveling waveform along the fish body (n;=1). The evolving of
the eight swimming gaits is illustrated in Fig. 4.16. The station-holding performance
is as similar as that of the one-DOF fish (in Fig. 4.14).
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Fig. 4.16 Simulated swimming gaits for a multi-DOF fish robot. Control parameters

are set as: n;=1, k=8.0, ¢=1.0, k;=8.0, k»=4.0, k3=6.0, ks=200, ks=240, and ks=1.2.
4.4 Experiment of Station-holding Control

4.4.1 Experiment Setup

The experiment is conducted in the water tunnel apparatus shown in Fig. 4.9. The
configuration of the experiment is shown in Fig. 4.17. The fish swims against one-
dimensional adverse flow in the water tunnel. A linear conductive plastic resistance
sensor is mounted on the fish robot through a rigid bar connection to measure its
actual position. The absolute swimming velocity is obtained from the derivative of
the position. The forth-order backward derivative algorithm is applied to achieve
high precision differentiation. A pendulum pulled by a soft string is submerged in
water to visually indicate the strength of flow speed by its deflection angle. The

accurate information of flow is provided by a volumetric flow rate meter to the
closed-loop control system.
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Fig. 4.17 Configuration of experiment in water tunnel.

NI1-9514 servo module NI-9073 cRIO real time controller

Wire branching box  Motor amplifier NI1-9219 analog input module

Fig. 4.18 Control hardware based on N1-9073 CompactRIO ™ real-time controller.

Equations (4.1)-(4.14) are solved in Labview™ development environment and
implemented with the CompactRIO™ embedded controller. The sampling period of
control loop is chosen as 20ms, which is proved sufficient to maintain the real-time
property in the experiment. The whole control philosophy is that the nonlinear
oscillators work as an oscillatory swimming pattern generator with constant steady
amplitude and variable frequency. The feedback controller tunes this frequency and
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modulates the output of the oscillator. Upon implementation, a robust tracking
controller (will be discussed in Chapter 6) is applied as a low level controller in order
that the tail DC motor can track the set points obtained from the oscillators. This is
necessary because it makes sure that the tail motion exactly follows the commands

derived from the oscillator [30].

4.4.2 Experimental Results

Firstly, parameters ks and ks are evaluated for feed forward terms in Egs. (4.11)-
(4.12). 1t is assumed that the fish robot in the following two scenarios swims with the
same controlling parameters: 1) water is still and robot moves forward at constant
absolute speed U with respect to the ground; and 2) water moves at constant speed U
and the robot swims against flow while keeping stationary with respect to the
ground. The fish robot can be tested in free run mode in still water. The relation
between the swimming speed and controlling parameters can be obtained. Then
values of ks and ks are found through dividing frequency/amplitude by flow velocity
respectively. For our fish robot, the predictive model in [166] is applicable for
finding the values of these parameters. One way to evaluate ki-kg is to use the Bode
diagram, as suggested in [167]. But an accurate dynamic model of the fish robot is
needed to plot the Bode diagram. Although a predictive model in the simulation is
available, it is not so accurate for finding the proper parameters. In our experiment,
these parameters are tuned manually based on actual response of station-holding
control [168].
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Fig. 4.19 Snapshots of the adaptive swimming from t, to t;. The locomotion
experienced three stages: I) both controlling parameters increase as the robot is

flushed away in t=25-30s; 1) swims back in t=30-42s and I11) get stable when t>42s.
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Fig. 4.20 (a) Variation of flow speed in water tunnel; and (b) the response of the
station-holding control. The coefficients in (1)-(6) are k=8.0, 1=1.0, k;=16, k,=1.5,
ks=12, k;=28, ks=105, ks=1.6, 0,=0.785rad/s and 0;=2.36 rad/s>. Note that the flow
rate may not be changed sharply as described in the figure. The figure only shows the

flow control command.

The step responses of the control system are tested, which is depicted in Fig. 4.20.
The example of swimming between t, and tsis illustrated in Fig. 4.19. Firstly, a low
adverse flow rate is set and the robot easily gets adaptive to the flow (the fish robot
quickly adjust its swimming gaits to hold its original position). Then the flow speed
is increased to 10cm/s at time t;. At first the robot is flushed away from the original
position. The controlling parameters increase correspondingly to generate higher
thrust against the flow. After about ten-second setting process, the robot swims back
to zero position and maintains stable. At t, the flow rate is increased to 15cm/s (this
flow rate is equivalent to the 0.5BL/s, which is a relatively large value for the present
fish robot). The setting process is similar except that the there is an obvious
overshoot (t=35-38s) and the fluctuation near the zero position is relatively large
(t=40-55s). At t3 a decreasing step response is tested by reducing the flow rate. As
shown from t=55s to 70s, after short period of overshooting, the robot gets stable

again. The evolving of the controlling parameters is shown in Fig. 4.21.
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Fig. 4.21 The evolving of the tail beat frequency and amplitude. The time line
definition follows Fig. 4.20.

Experimental results show that the station-holding control system is stable and the
controlling parameters are convergent as time gets large. There is an obvious gap
between the actual coefficients for control laws obtained from experiments and those
from the simulation. This suggests that the model in (4.22) is not sufficient to
describe the dynamics of the robot-water interaction. This equation provides only a
static description of thrust and controlling parameters. In the transient swimming
condition, the accuracy of this model may not be sufficient. However, the simulation

is still useful and it can provide a qualitative understanding of the controller design.

In the simulation, the coefficients in the control laws are k=1, k;=2.0, k;=0.8,
ks=25.0, k4=0.5, ks=28.0 and kg=0.02, which will achieve station holding
performance on NAF-II as shown in Fig. 4.14. In experiments, the coefficients are
initially set as same as those in the simulation. But due to the discrepancies between
the NAF-11 and its mathematical model in the simulation, these coefficients do not
work well for the actual robot. The coefficients are tuned manually according to the
experiment results. Fig. 4.19 - Fig. 4.20 show the improve results with coefficients of
k=16, k,=1.5, k3=12, k4=28, ks=105, and ke=1.6. These values are adopted in the

experiment on NAF-I1.

88



4.5 Summary

The modulation of parameters of Hopf oscillator will not cause the unsmooth
motions, even if the system is under evolving. Therefore, it is suitable to be a robust
swimming gait generator. As an application of the nonlinear oscillator, swimming
adaption to one-dimensional adverse unsteady flow is studied and implemented on a
fish robot. Feedback control laws that enable a fish robot to keep its station are
proposed. By dynamically tuning the controlling parameters, the fish robot can adjust
its swimming gaits gradually adaptive to the variation of flow. The control laws were

tested on a BCF type fish prototype in water tunnel.

The station-holding control discussed in this chapter is a relatively simple case. As
far as we know, this is the first implementation of station-holding on fish robots. The
inspirations from this simple illustration are expected to inspire more complex
adaptive swimming control. The actual situation of water environment (river, sea, for
instance) may be much more complex where the flow is multi-dimensional and
turbulent. The manipulation of fin/body motion is therefore a more complicated
exercise, which can hardly be achieved on a fish robot. Lack of effective flow sensor
is also a big obstacle to achieve the station-holding performance in such flow
environment. These problems are expected to be solved in future studies.
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Chapter 5 Coordination of Swimming Gaits Using Coupled

Nonlinear Oscillators

Pure oscillation is seldom adopted as a major way to obtain thrust. Usually, multi-
DOF undulatory motions are more or less involved in thrust generation for most
fishes. Bionic propulsor in fish robots simulates natural and flexible undulatory
motions by incorporating multiple oscillatory joints in mechanisms. In this chapter,
the application of nonlinear oscillators in modeling of swimming gaits for bionic
propulsors is explored. A single nonlinear oscillator can be used to generate the
fundamental rhythmic pattern for an oscillatory joint and multiple such oscillators
can be interlinked to coordinate motions of a multi-DOF propulsor. The analytical

derivation of coupling scheme among oscillators will be discussed.

CNLOs are more and more often employed to model the rhythmic movements in
robotics area such as legged walking, flying and swimming [22, 28, 144, 148]. They
can also be regarded as models of artificial Central Pattern Generators (CPGs) used
in the inter-limb coordination for multi-DOF legged robots and more recently in
swimming gait generation for fish robots [26, 28, 129, 130]. Compared with the sine
function based gait generator, this modeling method is expected to have the
following advantages: i) the swimming gaits for multiple joints are not pre-defined
but on-line generated, which makes the adaptive swimming to the environment
feasible; ii) different types of gait patterns can be obtained to achieve versatile
aquatic locomotion; iii) an analytical and generic solution to the problem of
modeling the biomimetic undulatory fin motion can be available; iv) the swimming

gait can be on-line tuned with simple control signals.

These features will be illustrated through theoretical analysis and experiments on
fish robots. Firstly, the connections for multiple oscillators are established in Section
5.1, i.e. synchronization of multiple nonlinear oscillators. An artificial CPG model
used for coordinating swimming motions will be formulated. The application of the

CPG model is then illustrated by experiments on an eight-DOF undulatory long fin
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prototype, which is described in Section 5.2. In Section 5.3, the model is applied to
the locomotion control of another fish robot, a six-DOF robotic manta ray, which
illustrates generation of versatile locomotion by different configurations of coupling

schemes.

5.1 Coupling of Multiple Oscillators: A Model of Central Pattern
Generators (CPGs)

Here a method used to model the CPGs for quadruped locomotion in [169] is
adopted and modified to derive the swimming gaits for bionic propulsors. It can be
assumed that movements of all oscillating joints are driven by the identical nonlinear
oscillators. Multiple Hopf oscillators are chosen to perform the gait pattern
generation for all joints and coupling scheme will be developed to make those

oscillation synchronized, i.e. achieve phase locking among oscillators.
5.1.1 Coupled Oscillators with Stable Phase Differences

Without lose of generality, consider the canonical form of identical nonlinear
dynamical systems defined in Egs. (4.1) and (4.2) [170]:

—u2_v2yy — _ )
k(1 uI2 v,z)uI 2 v, N Pu; 5.1)
K(1-u=Vv,)y, + 27 fu, Pyi

Xi :F(Xi)+Pi :[
where F(X;) represents a nonlinear system defined by the Hopf oscillator, X;i=(u;, vi)
is the state vector of the i system and Pi=(pui, Pvi)" is a perturbation vector. The
coupling of oscillators can be achieved in the way that one oscillator perturbs
another and in order that a stable phase difference between the two oscillators are
maintained. This phenomenon is a case of phase locking [127]. The difference

between uncoupled and coupled oscillators is explained in Fig. 5.1.
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NN,
VALV
Without coupling between two oscillators, u; and u, are identical
(a)
Py @ Py
u
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\V/EANVIAN TN

Oscillator 1 perturbs oscillator 2. u, maintains a stable phase difference ¢4 with uy

(b)
Fig. 5.1 Output of two uncoupled (a) and coupled oscillators (b).

At first, the coupling term for two Hopf oscillators is derived and extended to
multiple oscillators afterwards. For the ease of deriving, Eq. (5.1) can be
transformed into polar coordinates interpretation by using relations u;=ricose; and
Vi=rising;:
U, =, COS @, — gy sing, + p,; = K(L—1°)K oS, — wr sing, + p,; (5.2)
V; =fising, + g, cosg, + p,; =k(1- riz)ri sing, + @r;, oSy, + p,; (5.3)

where r and 6 are the length and angle of the vector starting for origin to the point (x,

y) in the phase plot. After equating the coefficients of cose; and sing;, we obtain:

Hotllt]
£ [KA=F)6] [Py

where (ri, ¢i)" is the system state vector in polar coordinates, o (w=2xf) is the natural
frequency of the unperturbed system, F, and F, are dynamical systems describing
the evolution of ¢; and r;, vector (pr,, p(,,,,-)T corresponds to P;. Its two elements are
components of the perturbation acting in direction of the radius and phase

respectively.
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5.1.2 Formulations of Coupling Schemes

(a) Two Oscillators with One-directional Coupling

To simplify the problem, consider holding of an arbitrary phase difference between
two oscillators by introducing a one-directional coupling: oscillator one perturbs
oscillator two and there is no reverse perturbation. In this case, P, equals to zero and
P, is an unknown vector which needs to be derived. The coupling scheme is shown
in Fig. 5.2.

Oscillator 1 Oscillator 2

Coupling P, G
Py 2

l CPG1 l CPG2

Fig. 5.2 Single —directional coupling between two oscillators.

As U, is taken as the output of oscillator two, it is not perturbed directly by u;. An
indirect manner is applied by using the output of the oscillator one to influence the
state v, of the oscillators 2, as shown in Fig. 5.2. This can be done because u; is
internally coupled with v;. Therefore,

p,,=0 (5.5)

If there is no coupling between two oscillators and they start to evolve from the same
initial state, u; always equals to up. With coupling, it can be assumed that oscillator
two gets synchronized to oscillator one when the phase of oscillator one reaches
@1t+o0. Here an intermediate angle ¢ is introduced to control the phase difference ¢g.

The coupling term on oscillator two can then be defined by

Lo et
P, = _ _ (5.6)
Py &y, &1, cos(¢, +6)

where ¢ is a positive constant that determines the coupling strength.
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Fig. 5.3 Hlustration of perturbation in direction of phase angle ¢.

In a polar coordinate system, the phase difference is caused by perturbation acting in
direction of phase (see Fig. 5.3), i.e. tangential to the limit cycle. This direction for
oscillator two (unperturbed) is given by:

e,, = o =(-sing,, cosp,)’ (5.7)
| X, |

The perturbation on the phase is obtained by
P2 =P; €, (5.8)

By substituting Egs. (5.6) and (5.7) into (5.8), p,,2 can be given in terms ¢ and g¢,:
p,,=P, e, =er {cos(5—(pdyz) cos’ ¢, —%sin(5—¢d‘2)sin(2¢z)} (5.9)

In a phase locking regime, two oscillators evolve with stable phase difference ¢q :

Po2 =0, — P~ const.|H+w (5.10)

From Eg. (5.10), we have
Pi2=Py— P =0y,+P,, (5.11)
where wq,=wy-w1. The two oscillators are synchronized with a constant phase
difference ¢q, after a short transient phase evolving (from 0 to ty). Therefore, in

steady state we have:

lim L: 9, ,dt =0 (5.12)

t—o0
The integration of Eq. (5.12) over time t can be done implicitly by integration over
@, In the steady state of the system [126]. If the system evolves into the steady state
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since p,=® (at t=ty), then phase locking is maintained after p,=®>®, (t>t,). Eq.

(5.12) can be rewritten as:

J~CD0+2(j+1)7r .

(Pd,zd(Pz =0

Dy+2j7

. L <
(Dd,res :(leoj¢0 (Dd,Zd(DZ = JZ;;

Then substitute the (5.11) into (5.13), the following result can be obtained:

Py s = 2700, , + €N (COS P, ,COSO +SiNg, ,SINO) =0

By solving Eqg. (5.14), the intermediate angle ¢ can be obtained:

T
OrQ,,——
¢d,2 2
Substitute (5.15) into (5.9), we obtain:

T
P, =¢nh COS((/’l + @, _E)

= £(U,C0S g, , +V,5IN 9, ,)

The coupling terms in condition of one-directional coupling can be given by

o

0
P2 =|: . }
&(u,sing, , +V,cose,,)

(b) Two Oscillators with Mutual Coupling

(5.13)

(5.14)

(5.15)

(5.16)

(5.17)

(5.18)

The coupling between two oscillators is not necessarily one-directional [169]. The

output of oscillator i can also be used to influence the evolving of oscillator i-1. In

this case, oscillator i-1 is coupled with oscillator i with a contrary phase difference,

as shown in Fig. 5.4. The coupling terms P;.; and P; can be obtained in a similar

manner as that in the derivation for Eq. (5.6), which means P;.;=[0, u;]" and Pi=[0,

eui-1]". The coupling terms for two mutually coupled oscillators can then be given by

0

P, = ,
i {E(Vi oS, ; —U;Singy )

0 -
Pl
{3(Ui—1 Singy; +V,_;C0S@y )
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Oscillatori-1 Oscillator i

Py P
| |
CPG i-1 lcpe i

Fig. 5.4 Mutual coupling between two oscillators.

(b) Multiple Coupled Oscillators

For an actual animal or a biomimetic robot, multiple oscillatory joints may be
involved in the locomotion, which requires more oscillators to generate coordinated
gaits. In this case, multiple coupling may be imposed on one oscillator, for example,
the oscillator i in Fig. 5.5. The figure shows a chain structure of three serially
connected oscillators. Oscillator i are influenced by the outputs of the oscillator i-1
and oscillator i+1. In this case, Pj.; can also be defined by Eq. (5.19). P; and Pj,; are
defined by:

0
P, ={ ) ] } (5.21)
£(U;_, Sin g, i TViaCoSey; —usingy ., +V;,; COS, ,i+1)

0
P.,= ) 5.22
i |:g(ui SIN@y i1 TV, COS%,M)} ( )

Oscillatori-1 Oscillatori Oscillator i+1

P, P P, P
l I w l I TPa,i> Py i+
| |

lcpe i1 lcpe i JCPG i+1

Fig. 5.5 Couplings among three oscillators.

96



5.1.3 Configurations of Oscillators

outputs
§

1 (a)

outputs
s

(b)

_2_| 1
time (s) >

Fig. 5.6 Outputs of two oscillators with one-directional coupling and different
coupling strength: (a) e=5 and (b) ¢=0.8. Other parameters are: k=10, p4=-1rad, r=1,
and f=1Hz.

outputs

outputs

o4 for case (a)
20-

o
1

ase difference (deg)

5 -40-

-60 '

-90-;
Fig. 5.7 Evolving of gait transition and phase difference: (a) gait transition under

one-directional coupling; (b) gait transition under mutual coupling; and (c) evolving

of phase difference.
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One-directional coupling is adequate to maintain stable phase difference between
oscillators. And this scheme is easy to be implemented in robot control. The
shortcoming is that the gait transition will be relatively slow. In undulatory motion
control, when a forward swimming becomes a backward swimming, the phase lag
between two adjacent oscillators will flip into the phase lead. Such large changing of
phase difference will cause the slow gait transition. This problem can partly solved
by increasing the coupling strength. However, large coupling strength distort the
shape of output wave (see the example shown in Fig. 5.6a). In Fig. 5.6b, it can be
seen that the harmonic gait pattern is maintained, but the evolving of the phase

difference becomes slower.

By applying mutually coupling scheme, the transition becomes faster. Fig. 5.7 shows
the evolving of the phase difference for different coupling. For (a) and (b), initially
the phase lag between u, and u; is set to 1 rad. At time to, the phase lag is changed to
-1 rad. Parameters are: ¢=0.8, k=10, r=1, and f=1Hz. It can be seen that mutually
coupling results in faster transition (t;<t,). The disadvantage of mutual coupling is
that implementation of this scheme requires more computing cost. In circumstances
where fast gait transition is not a critical requirement, one-directional coupling is

sufficient.

The coupling of two oscillators is fundamental for construction of artificial CPGs.
There exist several topological structures of CPGs when more oscillators are
involved. Commonly adopted structures include the chain type [26], the ring type
[171], the radial type [172], the fully connected type [120] and the combinations of
above [11]. Besides, given one type of topological structure, the coupling can be
different, as discussed in previous sections. Fig. 5.8 shows four fundamental

structures.
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Fig. 5.8 Fundamental topological structures of n multiple coupled oscillators: (a)
chain type; (b) radial type; (c) ring type; and (d) fully connected type (number of

oscillators is restricted to four).

The topological structure of coupled oscillators simulates that of biological CPGs by
connecting mutually-affected neurons together. However, the structure shown in Fig.
5.8 is only an engineering simplification of the real CPGs which are complex
network of large amount of neurons. It actually has no direct counterparts in
biological CPGs. Therefore, there are no standard principles that determine which
structure should be adopted. The selection of the structure depends on actual
situation of applications in a robot. For example, for the fish robot, NKF-II,
developed in the present research, the chain structure can be adopted as the fin
segments are serially connected. For a quadruped robot, motions of all its four legs

must be coupled and the fully connected structure can be applied.
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5.2 Application of the CPG Model in on a Fish Robot with Single

Fin Propulsor

The synchronization of multiple oscillators is an extension of two coupled
oscillators. Those coupled oscillators can be thought of CPGs controlling the
locomotion of multi-DOF swimming robots. With different configurations of
oscillators, various swimming motion patterns can be obtained. In this section, an
eight-DOF biomimetic propulsor is taken as an example to illustrate the application
of the CPG model.

5.2.1 Configuration of Oscillators for NKF-11

For the propulsor prototype shown in Fig. 3.8b, there are totally eight oscillatory
joints involved in thrust generation. In order to generate undulatory wave on the long
propulsor, eight oscillatory signals are necessary to coordinated motions. The
oscillation of each joint has specific phase difference with the adjacent ones.
Therefore, it is natural to apply a chain structure of oscillators to build the CPG

model, which is illustrated by Fig. 5.9.

Af Azf &f A4f Asf A%f Azf Agf

vy A A 4 A A 4

el dicslnglies
o MU U DU

iCPGl lcpez icpea iCPG4 icpes iCPGG iCPG? i CPGs

Fig. 5.9 A chain structure CPG model with chain structure and single-directional

coupling for NKF-11.

To simplify the implementation, one-directional coupling is applied. The amplitudes
A are determined by the profile of the undulatory wave. All oscillators (CPGs) share
the same frequency to keep the integrity of the motion [33]. The phase differences
for any adjacent joints are also identical because all joints are equally spaced for the
given prototype. In our experiments, the coupling scheme given in Fig. 5.9 works
well in steady state swimming. However, the gait transition between forward

swimming gait and backward gait under this chain structure is slow. The reason is
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that each oscillator is synchronized with the previous one and the lag dynamics
propagates and accumulates one by one, especially when the number of oscillators is
large. An alternative solution can be adopted by employing the coupling scheme
shown in Fig. 5.10. All oscillators are synchronized to the first one with different
stable phase lags depending on the position of the associated joint on the prototype.
It is observed in experiments that the actual transition time is significant reduced

with the revised scheme.

f f f f

I

v %@,\%% v {pay

|
A% [CPG1 AX [CPG2 AKX [CPG A% lCPG

v v v

&
y
&

Fig. 5.10 Configuration of multiple oscillators with radial structure and single-

directional coupling.

According to configuration shown in Fig. 5.10, the undulatory swimming motion

can be controlled by the following artificial CPGs:

a(t) = Ay, (5.23)
A :sin‘lw (5.24)
u. k(l—u?—v.2)u, — 27 fv. 0
N N T (5.25)
Vi KL-u =V, )y, + 27 fu, U1 SINQy; + Vi1 COS Py ;
2zm
Pai =04 === (5.26)
0 i=1
g={ y ! 5.27)
positive const. 1>1

where i=1, 2, ..., 8, n is the number of DOFs (actuators), n; is the number of waves
on the long propulsor, A; is the amplitude of the i" oscillator, I; is the length of the i"

driving crank, and f¢(x;) is the envelop equation shaping the profile of the undulatory
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wave. Output Eq. (5.23) generates harmonic gait control signals for oscillatory joints

involved in propulsion.

5.2.2 Experiments

Experiments were conducted in the lab water tank with configurations described in
Fig. 3.8. The testing prototype performs straight-line motion on the rail. The
experimental control architecture is described in Fig. 5.11. The hardware
configuration is as same as that in Fig. 4.18. A part of control program is shown in
Fig. 5.12. The nonlinear equations of the oscillators are solved with the fourth-order
Runge-Kutta method in Labview™ running in the NI-9073 real-time controller.
Control commands can be manually set in PC and sent to the real-time controller
through Ethernet connection. Gait signals obtained from Eqg. (5.23) are encoded into
PWM signals to control servo motors, which will be transmitted to motor drive
through a high speed I/0 module NI1-9401 (see Fig. 4.18).

Determination of amplitude and frequency O-_

\‘
©EF—
NI-9073
Ethernet + FTP

Data flow:

R

PROPULSOR PROTOTYPE

Fig. 5.11 Control architecture based on CPGs.
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fli]=fr+{fd-fr)=s; }

Fig. 5.12 The LabVIEW program used to control the swimming motion. The user
defined sub VI, osc.vi, solves equations of CPG model by fourth-order Runge-Kutta

method.

Experiments were conducted to test the swimming performance under CPG-based
control. The testing includes several aspects: i) on-line change of wave numbers by
tuning n, (see Fig. 5.13a); ii) smooth accelerating and decelerating by increasing and
decreasing the oscillation frequency f (see Fig. 5.13b); and iii) the forward-backward
swimming gait transition by flipping the sign of the phase difference ¢4 (see Fig.
5.13c).

The evolving of the swimming gaits for eight fin rays are illustrated in Fig. 5.13d.
When t<5s, harmonic («¢=0.5) forward (p4<0) swimming gaits are applied to
generate a half waveform (n;=0.5) on the long propulsor. From t=5s, full length
waveform is performed with the wave number jumps to one and the phase lag
between two adjacent oscillators increases to 45 subsequently. A seamless evolving
can be seen from Fig. 11d. During t=5s~10s, the accelerating and decelerating
process by changing the oscillation frequency is tested. The traveling speed of the
undulatory wave is tuned in this way and swimming speed is changed subsequently.

The oscillations of joints smoothly get faster, then smoothly slower. The transition
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of forward gaits to backward gaits are performed staring form t=20s. The three red

lines in Fig. 5.13d shows the difference: in forward swimming, the motion of the i

oscillator lags behind the (i+1)™ while in backward swimming the motion of the i"

oscillator leads the (i+1)™.

n,=0.5

()

f=1Hz

f=1Hz

(b)

D 0-|pa=-22.5°

Pq=-45°

(08} =450

(©)

gait control signals
0 65 6, 65 0,

0,

Os
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10 15 20
time (s)

25

Fig. 5.13 The experimental swimming gait control signals generated by the CNLOs

(CPG model): (a)-(c) on-line tuning of control parameters and (d) the evolving of

gaits for eight driving cranks. The amplitudes are normalized to 1. Parameters in Eq.
(5.23)-(5.27) are: n=8, &=1 and k=10.

Under the control signals given in Fig. 5.13, swimming speeds were recorded and

plotted in Fig. 5.14. Note that the control parameters illustrated in Fig. 5.13a-c are

modeled with piecewise functions in experiments. It can be seen that even if those

parameters are not smoothly tuned, the gaits are still continuous and smooth. This is

one of the most attractive properties of the CPG based method. By applying the gait
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control signals, smooth and natural locomotion of the biomimetic propulsor is
obtained in experiments.
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Fig. 5.14 Swimming speed of NKF-11 under control of gait signals given in Fig. 5.13.

Amplitude is 0.05 BL (30mm) Negative speed indicates (t > 22s) the prototype

performs backward swimming.
5.3 Application of the CPG Model on a Fish Robot with Paired Fins

The manta ray robot (RoMan-I1) uses two symmetrical sided fins as propulsor. Each
fin consists of three driving fin rays which oscillate alternately to produce thrust.

The CPG model is also suitable to control the locomotion of RoMan-II.

5.3.1 Configuration of Oscillators for RoMan-11

For RoMan-I11, each fin is driven by three brushless servo motors and totally six
oscillators are needed to generate the swimming gaits for six fin rays. Every three
oscillators are coupled with a chain structure for one side of fin control. All
oscillators are coupled with the first oscillator. The configurations of oscillators are
shown in Fig. 5.15. Both sides can be controlled independently and there are no
mutual couplings between the two sides, expect for the first oscillators of both sides
(oscillator one and oscillator four in Fig. 5.15).
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Motion Controller for RoMan-II
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Fig. 5.15 CPG based motion control structure for RoMan-Il. CPG1-3 control the left
fin motion and CPG4-6 control the right. For this robot, n=3 and n;=0.5.

According to the analysis in Chapter 2, in one cycle oscillation of a fin ray, the
upstroke only takes about half time of the down stroke [36]. This indicates that
harmonic functions (sine function for example) may not be accurate models to
generate gait pattern of a manta ray robot. The swimming gait for RoMan-11 can be
modeled with a non-harmonic pattern. The adaptive frequency defined in Eq. (4.9)
will be used to shape the gait pattern with a=1/3. The locomotion control equations

for left side motion of RoMan-I1 are given below:

(1) = Ay, (5.28)

F(Xi)+<{o} i=1
V4

[u} - (5.29)
Vi 0
mou) g[ulsin[(i ~1)g, ]+, cos[( —1)<od,L]}’ =23
3 1
f(t)= E(1+ 1+e_w) (5.30)

where F(X;) is the i"" Hopf oscillator defined in Eq. (5.1), T is the nominal flapping
period, and ¢q is the phase difference between two adjacent oscillators in the left

fin.
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The equations for the right side are similar to that of the left side. The mutual
coupling between the first two oscillators with zero phase difference is necessary in
this case. When the robot swims forward along a straight path, it is necessary that the
two fins perform exactly the same motion. This symmetry of motion may not be
maintained without the mutual coupling. The coupling with zero phase difference
will make oscillator one and four always locked in phase. All other oscillators are
coupled with the first oscillators. Given that the flapping motion of the manta ray is
not pure undulation, it is assumed that the fin generates half cycle waveform in

forward swimming (n,=0.5). As a result, the phase difference can be given by:

2zm T
Py =Par = Pa :_—n =—§ (5.31)

5.3.2 Control of Turning by Tuning the Phase Difference

CPGs in one side share the same nominal frequency to maintain the continuity of
motions. The frequency and amplitude for both sides may be different when the
robot performs turning motion. The unbalanced thrust forces generated by the two
sides can cause the steering of locomotion. Fig. 5.16 illustrates several cases of
steering. For example, if left side amplitude or frequency is smaller than that of the
right side, the robot will turn left (Fig. 5.16c).

The unbalanced thrust forces of two sides may be explained by the different
amplitude and/or flapping frequency. Instead of changing amplitudes or frequencies
of both sides, here another way to control the turning motion by tuning the phase
differences is presented. Take cases in Fig. 5.16c-d as examples. If the phase
difference in the left side, ¢q,, decreases from g¢yq, the left side will generates weaker
and weaker forward thrust and the robot will turn to left (Fig. 5.16¢). If ¢q4 is
smaller than zero, the left side will generate backward thrust and if ¢4 =- ¢4, the
robot can perform pivot turning (Fig. 5.16d). This analysis is also applicable for ¢4
when the robot turns to the right. A new variable, g, is introduced to control the
turning motion. By changing value of g, the swimming direction can be controlled.
The relationship between the swimming direction and q is listed in Table 5.1 and
described by Fig. 5.17.
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Fig. 5.16 Illustration of thrust forces of a manta ray in steering: (a) forward
swimming; (b) backward swimming; (c) turning left; and (d) pivot turning to the left.
FrL. and Frr are thrust forces generated by left side fin and right side fin,
respectively. The flapping frequency and amplitude for both sides are assumed

identical.

Table 5.1 The relationship between the swimming direction and g.

q (pa<0) q=-1 -1<q <0 q=0 0<qg<1 q=1
Swimming | Right pivot Right Swimming Left Left pivot
direction turning turning forward turning turning

Py Posk
1 I I
\ - -1 / —
0 0.5 1 q 0.5 0 q
(@ -1 1 ()

Fig. 5.17 Phase difference for the left side fin (a) and right side fin (b) under the

control of q.

According to Fig. 5.15, the phase differences in the two fins can be defined by using
the bi-polar sigmoid function:
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e (@05 _q

Par = gr@on 4 P (5.32)
1_ e—‘r'(q+0.5)
Par =1 g r@on P (5.33)

where 7’ is a time constant tuning the convergence speed. The sigmoid function is
used because it ensures a continuous and smooth tuning of phase difference. In order

to match the evolving curves shown in Fig. 5.17, the following requirements are set:
(04|~ |04, | <5% and |g, | — |, 5| <5% (5.34)

By combining (5.32)-(5.34), it can be known that the minimum value of g should be
3.66. In actual applications, 7’ can be set to 4. The significance of introducing g in
the control is that the steering of the robot can be controlled by using this simple
variable. It provides a way to incorporate sensory feedback into the CPG model to
tune the swimming direction. Like tuning the frequency and amplitude in station-
holding control, feedback control laws can also be fabricated to adjust g, which is

expect to be useful in accurate direction control.

5.3.3 Experiments

Initial Experiments were conducted on RoMan-11 in a swimming pool. The nonlinear
differential equations in Egs. (5.28)-(5.30) are solved by the fourth-order Runge-
Kutta method with C programming [173]. The control of motors is achieved through
microcontroller (uC) based hardware. Fig. 5.18 shows the hardware hierarchy. One
PIC18F4520 pC is used as master controller whose function includes: determining
frequency and amplitude to slaves, determining phase difference between oscillators,
processing the sensory feedback signal and wireless communication with PC.
Functions of six PIC18F2431 slave puC include: receiving the frequency, amplitude
and phase lag data from master, solving equations for each CPG, and encoding gait

signals obtained from (5.28) into PWM signals to control the servo motor.

109



o MASTER  [=1RF Transceiver | " Remote
PC <::> CONTROLLER <__|Pressur'e Sensor| i Operation i

_______________

— PIC18F4520 .
Proximity Flash Tilt
sensor ﬁ memory | | Sensor | [Compass
12C BUS { !
Slave 1 Slave 2 . e e Slave 6
PIC18F2431 PIC18F2431 PIC18F2431
Y Y Y
Motor 1 Motor 2 .. Motor 6
BLS451 BLS451 BLS451

Fig. 5.18 Control hardware hierarchy for RoMan-11.

Experiments were conducted to test the swimming performance under CPG-based
control. The testing includes several aspects: (i) generation of non-harmonic
swimming gait; (ii) smooth accelerating by increasing the nominal oscillation
frequency fin rays; (iii) left turning motion by increasing q; and (iv) left pivot
turning when g >1. The control signals for flapping, speed changing, and turning are
shown in Fig. 5.19. Variable f and q are two control inputs. Their variations against
time are plotted in Fig. 5.19a and Fig. 5.19b, respectively. By solving Egs. (5.28)-
(5.34), the six gait control signals can be obtained, which is illustrated by Fig. 5.19c.

Initially, the CPG model generates a non-harmonic gait pattern. Both fins produce a
backward traveling wave and the robot performs forward swimming (t=0 s t015 s).
The wave number is selected to 0.5 to mimic ray-like swimming. A stable phase lag
can be maintained as indicated by the dashed lines in Fig. 5.19c. It is seen that 6,
leads 6, and 65 in the left fin. It is the same case for the right side. At t=5s, as the
nominal flapping frequency becomes gradually larger, the oscillation smoothly gets

faster and the robot performs accelerating.

110



f=1Hz | | |  f=1Hz

(a)

- -
: (b)

S AV VAT U IUNIYAVAVAVAVAVAVAVAVVAVAN|

|
I

™
S I
I
|
1

left gaits
0,

right gaits
s 05 0,

0
L~
(¢
—

0 5 10 i 15 20 25
time ()

Fig. 5.19 Illustrated experimental results (a) control input f; (b) control input g; and
(c) the experimental swimming gait control signals generated by the CPG model.
The six signals, 61 — 0, are obtained by solving (5.28)-(5.34). The amplitudes are
normalized to 1. Other parameters are: '=4, =20, n=6, 0=0.33, ¢=2.5 and k=10.

During t=10 s to 15 s, the robot performs decelerating as the nominal frequency
becomes smaller. In the region of t=15 s to 20 s, ¢q is gradually decreased under
control of g and the robot performs left turning. The results show that the ¢4 keeps
unchanged, whereas ¢4, becomes smaller until ¢4, =-¢q. In this period, the robot
turns to the left. The turning radius is controlled by g. During t=20s to 25s, the left
fin produces forward traveling wave as 63 leads 6, and 6; and the right fin still
produce backward traveling wave. The robot now performs left pivot turning.
Because oscillators 1 and 4 are locked in phase with mutual coupling, these two
oscillators always evolve simultaneously. Fig. 5.20 shows flapping motions of
RoMan-I1 in forward swimming testing. In experiments, smooth gait transitions are

obtained. The maximum steady forward swimming speed reaches 0.8 BL/s.
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Fig. 5.20 Snapshots of RoMan-II in swimming locomotion in one second (f = 1 Hz).
The robot performs down stoke flapping during t = 0 s to 0.375 s and upstroke
flapping during t = 0.375 s to 0.875 s. Red curves indicate the profile of the left fin
edge.

Turning motion of the robot was tested in experiments to find the turning radius.
According to the analysis in Section 5.3.2, the turning motion can be obtained by
unbalanced thrust of two fins. The testing results of right turning experiments are
listed in Table 5.2.

Turning is achieved by adjusting the motion of the right fin. The motion of the left
fin remains unchanged. In cases 1 & 2, both fins produce backward propagating
wave and the robot swims forward. As the right fin generates weaker thrust due to
lower amplitude (case 1) or lower frequency (case 2) or both (case 3), the robot also
performs right steering. In case 4, as the two fin produces waves propagating to the
opposite direction, the robot should perform right pivot turning with zero turning
radius. However, experiment shows a small radius exists. It may be caused by
imperfect asymmetry of mechanical designs of two fins.

112



Table 5.2 Turing radius test of RoMan-II

Left Fin Right Fin Turning
Case] Motion A(deg) f(Hz) Wave Dir. | A(deg) f(Hz) Wave Dir. | Radius(m)
1 turn right 20 1 Backward 10 1 Backward 0.84
2 turn right 20 1 Backward 20 0.5 Backward 0.71
3 turn right 20 1 Backward 0 0 Backward 0.05
4 Iright pivot turn 20 1 Backward 20 1 Forward 0.01

5.4 Summary

Kinematic modeling of swimming gaits based on CNLOs for locomotion control of
multi-DOF fish robots are formulated in this chapter. The emphasis is place on the
analytical derivation of coupling terms used to maintain the stable phase differences
among oscillators. Those coupled oscillators can be regarded as artificial CPGs that
control the rhythmic motion of biomimetic propulsors. The applications of the CPG
model in swimming motion control of fish robots are investigated and tested on two
different multi-DOF fish robots. Experiments show that the CPG based method has
advantages in terms of the on-line generation of swimming gaits and on-line gait
transitions. This method is expected to be a framework for modeling and control of

swimming locomotion.

Although the hydrodynamic aspects of the locomotion, for example, the adaptation
to actual flow situation and the energy efficient swimming, are not included, the
method discussed in the chapter provides potentials in performance improvement of
those aspects. Firstly, the method provides a simple way to on-line switch motion
patterns, which can be achieved by tuning corresponding parameters as illustrated in
Fig. 5.13 and Fig. 5.19. Secondly, the evolving of the gaits maintains smooth and
continuous as those parameters vary. These features make the closed-loop swimming
control possible. For example, feedback control laws can be developed to tune the
parameters in Fig. 5.13 and Fig. 5.19. In this case, sensory feedback of water
environment is incorporated into the modeling framework, which will be useful to
achieve autonomous or adaptive locomotion. The station-holding control on multi-

DOF fish robots is such an example.
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In experiments on NKF-Il and RoMan-II, the amplitudes of all oscillators are set to
constant values. Those predefined values are adopted just to illustrate how the model
works. The model allows all amplitudes can be different and independently
controlled. The real-time tuning of those amplitudes may influence the swimming

efficiency, which will be investigated in the following chapters.
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Chapter 6 Robust Tracking of Swimming Gaits

Upon implementation on real robots, it is expected that gait control signals can be
tracked by actuators of robots accurately. For example, when it comes to testing what
kind of motion pattern is superior over others in experiments, one basic precondition
is that the robot system can exactly perform the desired motion pattern. Without this
precondition, it cannot be accepted that the experiment data obtained are true
reflections of the specific motion pattern. Because of the un-modeled hydrodynamics
and the uncertainties among parameters of mathematical model of fish robot, it is
critical for the motorized robot system to track the periodical gait control signals in
water environment. The oscillatory gait motion results in reactive force from water,
which brings continuously varying disturbance to the control system. A robust
motion control system is necessary to track the gait signal and reject disturbance.
This motor-level control problem will be addressed in this chapter.

Two methods are applied to solve this problem. Firstly, the disturbance is treated as a
velocity damping with a constant coefficient. Usually, PID controllers are applied as
the tracking controllers [28, 129, 174] for such linear system. In the second method,
the disturbance from the reactive force will be modeled and incorporated into the
controller design. A robust tracking system will be developed for the actuators of a
fish robot to track the periodical input and rejecting disturbance caused by the
interaction force with water. The equations of the robust tracking controller will be

derived in this chapter.

The two-DOF fish robot (NAF-II) actuated by an electric DC motor is adopted to
illustrate the design process of the robust gait tracking controller. The tracking
controller for fish robots with multiple actuators can be achieved by duplicating the
same design process. Firstly, limitations of normal PID tracking controller will be
discussed in Section 6.1. As an improvement, the robust tracking controller will be
formulated in Section 6.2. The robust tracking controller is tested on NAF-II, which

will be presented in Section 6.3.
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6.1 PID Controller for Swimming Gait Tracking

A PID controller can be applied to regulate the gait tracking. However, it is found in
our experiments [7] that the tracking control system is not robust when the frequency
or amplitude of gait control signal is changed because those changes will cause
significant variation of the disturbance and make the assumption of the velocity

damping unreliable, which will be discussed in this section.

6.1.1 Motion Control Model of a Biomimetic Propulsor

Electric motors are commonly adopted robotic as actuators of biomimetic propulsor
[15, 81]. The driven force/torque provided by motors is applied on the join of
linkages to drive the fin or body segment. For each joint, the motor, the linkage and
the related motion transmission mechanism consist of a small mechatronic system,
which is the plant to be controlled. A multi-DOF swimming machine is made up of
several such small systems. The fish robot, NAF-II, is such a system. The thrust of
the robot is contributed by the oscillatory motion of the caudal fin. As the tail
oscillates in water, the caudal fin pushes water aside and causes the distortion of
water, which results in the reactive force. The force is related to the geometry of fin,

the oscillation speed and the feature of fluid, as shown in Fig. 6.1.

The water reactive force can be treated as a damping in the controller design for the
tail fin. In order to obtain a motion control model, it is necessary to know the value
of the damping coefficient (b). This coefficient is related to the geometry of caudal,
the oscillation speed, the feature of fluid, and the attack angle of caudal fin to water
flow. Here we use the following equation to evaluate the reactive force [175].

F, = % pC, SV} (6.1)
where p is the flow density, Cq4 is the drag coefficient, and S is the characteristic
cross-sectional area of the caudal fin and Vs is the sweeping speed of caudal fin. The
reactive force varies periodically with the oscillation of the tail.
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Fig. 6.1 (a) Tail fin mechanism of NAF-1I and (b) the schematic of tail linkages and

the water reactive force (top view of NAF-II).

It can be assumed that the force acts as a velocity damping to the control system,
which is equivalent to a resistance torque (T,) on motor shaft (joint 1 in Fig. 6.1b)
and given by

RF,
G

where R (= 0.07m) is the distance between the joint 1 and the center of the torsion

T, =bd~ (6.2)

spring, G is the gear ratio. To obtain a good performance, the precise evaluation of
this damping coefficient is necessary. The value of damping can be obtained through

experiments in the apparatus shown in
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force sensor water tunnel

Fig. 6.2 Water tunnel and force measurement configuration [81].

An ATI-Gamma™ six-axis load-cell transducer is utilized to measure forces
generated by the fin motion. The transducer reacts to the applied forces and torques
from the fin motion. By combining Egs. (6.1) and (6.2), the damping coefficient can
be obtained

_R°F

~ d 6.3
oV (6.3)

The range of this coefficient is 0.7514~1.12 mN s/rad. A DC motor can be treated as
a linear actuator [146]. The dynamics of the motor-linkage caudal mechanism can be

given as follows:

T, =K, 1=(J6+b6)/G (6.4)

0 dl
V, —KeE:LmEHRm (6.5)

where Ty, is the output torque of the motor, Ky, is the torque constant, & is the angular
position of tail, | is the electric current through the armature, J is the equivalent
moment of inertia of the tail mechanism, Vi, is the supply voltage, K. is the back
electromotive force coefficient, Ly is the inductance of motor, and Ry is the
resistance of motor armature. For the current mechanical system, the response delay
of motor caused by the inductance of armature is much insignificant compared with
the one caused by the inertia of mechanical components. Therefore the influence of

the inductance can be neglected. Base on this assumption, by applying Laplace
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transformation to Egs. (6.4) and (6.5), the open loop transfer function can be
obtained:

o(s) _ GK,, K,
64(s) S(IRs+bR+K_ K,) s(rs+1)

(6.6)

where K, is the open loop gain, z is the mechanical time constant, s is the Laplace
operator and they are given by:
RJ

R 6.7

TR KK, ©.7

K, = _ GKy (6.8)
bR+ KK,

K, =K, (6.9)

The parameters of motor are listed in Table 6.1. The closed-loop tracking can be

described by the block diagram in Fig. 6.3.

Table 6.1 Parameters of motion control model at nominal supply voltage.

Nominal Voltage Vi, (V) 15
Torque constant K, (mN m/A) 14.3
Terminal Resistance Ry, (ohm) 0.902
Terminal inductance Ly, (mH) 0.0882
Tail Inertia J (gcm?) 87.3
Nominal Gear Ratio G 180/m/103
Mechanical time constant z (ms) 8.2

: PID | .y 1
saturation

Y

Fig. 6.3 Block diagram of tail motion control with PID controller.

In short, the open loop transfer function of the gait tracking control system can be

given as follows:
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o(s) _ K,
0,(s) s(rs+1)

(6.10)

where K, is the open loop gain, 7 is the mechanical time constant, s is the Laplace
operator. The tracking control loop can be described by the block diagram in Fig. 6.4.

Os Tracking K, 6

—

- controller s(rs+1)

Y
Y

—
-

Fig. 6.4 Closed-loop gait tracking control.

6.1.2 Limitation of PID Controller

Design of a PD controller (Integral term is absent because the control plant already
contains an integrator) is detailed in Appendix A. The PD controller works well to
the step input (refer to Appendix A). When it is used to tracking control of periodical
gait signals, such good performance is limited to control signals with certain
parameters. Fig. 6.5 shows the simulation results of the tracking to different gait
control inputs by using the PD controller. The controller is designed under parameter
of case 1. Red curve denotes sine-pattern input signals. Good tracking performance
can be observed. In case 2 and 3 where the amplitude and frequency are changed

respectively, the tracking performance deteriorates.

In the design of a PD controller, the external reactive force from water is treated as
linear damping to the control system. This assumption is only an approximation to
the actual circumstance. The water reactive force is proportional to the square of the
sweeping velocity and the damping coefficient varies periodically along with the
periodical gait control input. If the input signal changes or the evaluation of damping
coefficient is not accurate, the controller cannot provide high performance regulation.
One way to solve this problem is to design a PD controller for every input case.
However, because there are numerous combinations of input frequency and
amplitude in practical application, a dynamic programmed PD controller can hardly

be developed.
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Fig. 6.5 Tracking performances for different gait inputs: tracking response by

changing input amplitude (case 2) and influence from change of frequency (case 3).
6.2 Design of Robust Tracking Controller

Since the problem is caused by the unknown input and the inaccurate evaluation of
the damping coefficient, a controller able to eliminate those factors can be developed
by modeling them in the controller design. This controller should be able to
compensate the change of the gait input. It also can provide robustness for the system
to reject the negative effect caused by the inaccuracy of parameters. To achieve this
aim, two principles should be noted in the design: 1) the control system should know
the change of the gait input. That is to say, the controller will provide the system
capability of predicting the input in some extent. The model of the gait input can be
incorporate into the controller design to obtain such prediction. 2) The information of
the water reactive force should be incorporated into the controller design, which
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requires more accurate modeling of the force. The design of such a controller is

discussed in this section.

6.2.1 Modeling of the Disturbance
The value of the reactive force can be obtained in experiments. As the fish tail
oscillates, Fgr can be calculated from readings of force sensor. One experiment result
is plotted in Fig. 6.6. The data was obtained under gait input frequency f= 2.5Hz and
A=82To eliminate noises, the output of the force sensor was filtered through a fourth
order low pass Butterworth filter. It can be seen that the reactive force is also
periodical and it shares the same frequency with the gait control signal. Due to the
spring effect of the caudal fin mechanism, the phase of Fr may not be the same as 6.
The motor torque and the reactive force have effect on the tail mechanism together.
The latter can be looked as a disturbance to the system. According to Fig. 6.6, this
disturbance has the similar form as the gait control input. Since the frequency of the
gait control signal is known, a sinusoidal function is used to describe it, which is
given by:

Tg oc Fy = Agsin(2z ft + ) (6.11)
where Ag is the amplitude of reactive force, and ¢r is the phase difference between
the gait input and the water reactive force. The frequency f is the one of the gait

control signal.

A(deg)

time (s)

Fig. 6.6 Gait control signal and the water reactive force acting on the caudal fin.
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6.2.2 Design of a Robust Gait Tracking Controller

The purpose of the measurement shown in Fig. 6.6 is only to verify that the reactive
force can also be modeled as a periodical signal like the gait control signal. The
amplitude and the phase lag are not necessarily known variables. Actually, in the
following deriving of the robust controller, it can be seen that it is not necessary to
know the value of the amplitude and the phase lag. The robust controller can handle

the effect due to these unknowns.

(a) Formulation of controller

The approach based on error space analysis and introduced in [147] will be employed
to design the robust tracking system for NAF-11. Usually, a feedback controller can
be designed in the system state space. In the controller design for a tracking problem,
a new state space, which is called an error space and derived from original space, can
be fabricated. The tracking error in the original space will be the output of the new
space. A controller can be derived in the error space to achieve zero output. Then the
controller can be converted back into the original space, which will reduce the

tracking error. The following derivation is performed based on this idea.

In the state space model, the external disturbance, Tg, is included. According to Eqg.
(6.10), the state space model of the tail system can be given by

. |e] [0 1 0 0 ]
O=.|= SRS u+B'T =A®+Bu+B'T, (6.12)
0| |0 -1/z]|0] [K,]
P
y=[1 O]L} =Co (6.13)

where @ is the system state vector, A is the state matrix, B is the input matrix, u is
system input, B’ is the disturbance matrix, y is the system output, and C is the output
matrix. Here, the disturbance is incorporated into the control system as part of the
system and the gait control problem is solved in an error space. To build the error
space, firstly the tracking error is defined by

e=0,—-yie G;=e+y (6.14)
By differentiating both sides of Eq. (6.14) two times, we obtain

6, =6+ (6.15)
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The reference gait control input satisfy the following differential equation:
0, + 0’0, =0 (6.16)
where w=2xzf. Substituting Egs. (6.14) and (6.15) into (6.16), we obtain:
(E+V)+a’(e+y)=0 (6.17)
By rearranging Eq. (6.17), explicit input 64 can be eliminated from those equations
and the following relationship can be obtained:

&+ w’e=—(Y+a’y) = —C(0O + 0*0) (6.18)
For further derivation, new state y is introduced. It is defined as
y:@mz@{”} (6.19)
V2
With this definition, the Eq. (6.18) can be replaced by
E§=-Cy-o’e=—y,— o’ (6.20)
The state equation of y can then be derived as
7 =0+ RC)
= A® +Bii+B'T; + »*(A®+Bu+B'Ty) (6.21)
= A(O + 0%0) + B(li + w’u) + B'(T; + 0°Ty)
= Ay +Bu+B'(T; + 0’Tg)
where a new definition is introduced:
1 =U+ou (6.22)

Considering Eq. (6.11), the disturbance satisfies the same differential equation as the

gait control signal, which is

Ty + @’ T =0 (6.23)
Substitute (6.22) into (6.21) and obtain
0
7=Ay+Bu={ 72 }{ }u (6.24)
-y, 1T K,

It can be noticed that in the state Eq. (6.24), the reference input signal 4 and the
disturbance Tr become implicit. Egs. (6.20)-(6.24) show information about the
relationship between tracking error e and the newly introduced states. Then the
problem of tracking reference gait input 64 and rejecting the disturbance Tg in

original system can be converted into a new problem where the tracking error e
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becomes the output of this new state space system. A suitable control law can be
designed in the error space. And the new control law regulates this error space
system in the order that the error tends to zero as time gets large. If the states of the

new error space system can be defined as:

e=[e ¢ n nl (6.25)

The error space can then be defined by

0 1.0 0 e 0

2 _ é 0
po| @ O L0 pe Y, (6.26)

0 0 0 1 12\ 0

0 0 0 -1z||r| K

A full order state feedback controller is applied to the error space system. The control

law is given by

,u:O—[k4 Ky kK, kl]- (6.27)
N

V2
where k; (i=1, 2, 3, 4) is the feedback gains. In this error space, in order to get desired
dynamics and zero tracking error, values of feedback gains can be obtained through
pole placing method. Theoretically, when the system performance is defined by the
desired closed-loop poles, a response with zero steady state error can be achieved by
pole placing method [147]. The feedback gains in Eq. (6.27) can then be computed
through Ackermann’s formula [147].

The above design of control law is conducted for the error space. The expression of
control law for the original gait control system in terms of the actual system state can
then by derived. By combining Eqs. (6.24)-(6.27), we obtain:

p=l+o’u=—(Ke+kg) [k, k] (©+ax®) (6.28)
Rearrange Eq. (6.28) and combine like terms:
(U+KBO)? + 0® (U+KO) + (ke +kse) =0 (6.29)
where K = [ky, ki].
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Fig. 6.7 Block diagram of the closed-loop system with a robust controller.

Eq. (6.29) defines the dynamics of the robust controller. It can be seen that that the
system is made up of two parts. One part is the full order state feedback controller for
the motor-linkage system and the other part is a feed forward regulator which can be
given by the following transfer function between output of the controller x; and its

input e:
w, (S) Kss + K,
—_ 6.30
e(s) s?+ @’ (6.30)
Its state space interpretation is
. 0 1 K
W= ", “IW+| ®le (6.31)
-o° 0 K,

where W=(w1, w»)" is the state of the controller. By using this controller, the overall

feedback control system can be described by the block diagram depicted in Fig. 6.7.

It can be seen from Fig. 6.7 that the overall control system comprises three loops.
The inner loop includes the full-order feedback control loop of the plant and the
feed-forward controller loop. The outer loop is an output feedback loop. The
controller is actually an oscillator which shares the same frequency as the input
signal and therefore as that of the disturbance. This characteristic ensures the
tracking control system can accurately perform the periodical gait control input under
disturbance with the same frequency. According to Fig. 6.7, the transfer function of
the full-order feedback controller is

u(s)
o) k, + K—Os (6.32)
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According to Eqg. (6.30) and (6.32), the control law of this robust tracking system can

be given as
u(s) = — kgs i kg e(s) - (K, + L 5)6(s) (6.33)
S +w K,
The total open-loop system is:
G(s) =y KalsHks Tks) (6.34)
(s +@)[s” +(k, +1/7)s+k,K]
The transfer function of the total closed-loop system is:
K
KKy (s+-2)
o(s) _ T Kk (6.35)

Oa(8) % 1 (, + 1)5% + (K Ky + @2)S% + [P (ky + 1) + koK Js + Ky (07K, +K,)
T T

(b) Simulation of the Robust Tracking
The theoretical analysis shows that the robust control scheme can bring about a zero-

error response to the periodical gait control input. It can be reflected by equations
(6.21)-(6.23). In equation (6.21), the disturbance term B'(Ty +a)2TR)WiII be zero as

the external disturbance T satisfied the second-order differential equation defined in
Eqg. (6.23). This indicates that the external disturbance is eliminated in the error space
and it will not affect the tracking performance if the robust tracking controller is
applied. In the error space analysis, the tracking error e in the original space becomes
the system output. The feedback controller defined by Eq.(6.27) in the error space is
designed for zero-input, which will lead to zero output if the error space system
processes appropriate poles. This can be achieved by the well-known pole placement

method.

To verify the design, a simulation is performed in Matlab™ Simulink. For the caudal
fin prototype shown in Fig. 6.1a, the gait input signal with f=1Hz and A=209s tested
first. The desired poles for the error space system are set to (-10+15j; -50450j). By

using Ackermann’s formula, the gain vector can be obtained:

[k, ks k, k]=[-13239 -126.47 7.2121 -0.0079] (6.36)
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Fig. 6.8 Response to gait control input with f=1Hz and A=20°

The closed-loop transfer function is:

o(s) _ 1.278x10°(s +10.46)

0,(s) s*+154.2s% +7325s? +1.339x10°s +1.625x10°

In the simulation shown by Fig. 6.8, the disturbance described by Eq. (6.11) is added

into the system. This disturbance has amplitude as strong as 20% of the motor’s

nominal torque and a random phase lag gr. In such an extreme situation, the system

can still tracking the input with almost zero errors after a short setting time (see Fig.

6.8). As the theoretical analysis implies, the tracking error converges to zero over

time. More simulations can be performed for different gait control inputs. Fig. 6.9

shows another example where f=2.5Hz and A=122 The tracking system will show

the similar performance for different gait control inputs.

128



15 T T T T T
Gait input 5 5 5
oo e T S5 o - S doceea -
Response : : :
=
(B}
Z
R . S T e e
[
o
o
(%2}
2.
AQ fmm-mmmemnes
e i i i i i
0 0.2 0.2 0.5 0.8 1 1.2

time (s)

Fig. 6.9 Response to gait control input with f=2.5 Hz and A=12°
6.3 Experiments of Gait Tracking Control

6.3.1 Control Hardware

A set of experiments has been conducted on NAF-II in a lab water tank to test the PD
controller and the robust tracking controller. The electronic control of the fish
prototype is implemented based on a microcontroller based real-time hardware. The
main tasks of the control hardware should perform include: (i) processing the signals
from various sensors such as the tilt sensor, compass, the pressure sensor, etc; (ii)
communicating with host computer and remote controller; and (iii) implementing

real-time motion control algorithms to drive the actuators.

Master-slave control hardware is designed to perform these functions, as depicted in
Fig. 6.10. A 8-bit micro-controller, PIC18F4520, is used as the master controller. It
reads the sensor outputs and manages various tasks including sending commands,
communication and task assignment. The communication with host PC is through the
wireless university serial asynchronous transmission. The internal communication is

based on the 1°C bus. The motion control is taken by a PIC18F2431 micro-controller.
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This controller runs at 40MHz, which is fast enough to perform the calculation of

control algorithms.

The controller generates complimentary 20KHz PWM signals to achieve a bi-

directional motor control. The PWM signals are isolated from the power amplifier by

an optical coupler, which enhances the stability of the electronic control system. The

local controller PIC18F2431 performs the control algorithms and records the actual

position data of tail fin. Then those data are transmitted through a RF transceiver to

the host PC for further analysis.

Rsr32|  MASTER
pc K—| CONTROLLER

Remote |

\—
— PIC18F4520 T
Proximity [ Flash Tilt
sensor ﬁ memory | | Sensor
12C BUS i} ]
: Hl:‘ Optical Power
Motion Controller |5 isolation |— amplifier | ~| Posture
PIC18F2431 Wi | LCP2630 L298N control
Quadrature Encoder f—  Fishtail system J

master controller circuit board.

1/0 ports for sensors and control signals

(@)

RF transceiver

(b)

Fig. 6.10 Control hardware of NAF-II: (a) a master-slave control hierarchy and (b)
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Upon implementation of the control algorithms, the sample rate is set to 256Hz. This
sample rate is fast enough to minimize the difference between the continuous and
digital controller design for a DC motor driven mechanical tail system. This sample
rate is chosen as the 2’s integral power to make use of the shift operation in
calculation, which is much faster than the normal multiplication. This technique
helps to maintain the real-time property of the control system. With the sample rate,
the servo cycle is approximately 4 ms. The selection of the sample rate must
guarantee that the control algorithm can be fully performed in one servo cycle. The
robust control algorithms are performed in PIC18F2431. The 40MHz internal CPU
speed of this microcontroller ensures the computation can be finished in one cycle.
The I°C bus is used to transfer simple motion command such as start, stop, turn, and
so on from master controller the motion controller. It does not involve in the
computation of control algorithms. Therefore, the real-time property of the motion

control will not be breached by the slow data rate on the 1°C bus.

6.3.2 Experimental Results

The controller design for tail system in previous sections is conducted in continuous-
time domain. In order to implement the control algorithms in the digital control
hardware, the continuous-time controller needs to be discretized. The Tustin (bilinear)
transform is used to convert the controller into the discrete-time domain, which is
given by:

s=2f 271 (6.38)
z+1

where fs is the sample rate and z is an operator in discrete-time domain. Fig. 6.11
shows the responses to the gait control function with a PD controller. The testing gait
is a sine signal with f=2.5Hz and A=12° Output 1 in Fig. 6.11 is the experiment
result with theoretical controller parameters (K, = 76.7 and Kq =0.302). It can be seen
that there is obvious discrepancy between the input and the output. Significant phase
lag and tracking error appears. This discrepancy may come from the imperfect

modeling of the tail system.
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Fig. 6.11 Experiment results of PD controller with theoretical parameters (output 1)

and manually adjusted parameters (output 2).
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Fig. 6.12 Experiment results of PD control (K, = 47.5, K4 =0.73, f=1.75Hz, and
A=129.

The PD controller parameters are adjusted manually upon experiments. The value of
Kq is increased to reduce the phase lag and K, is decreased to restrain large
overshoots. The actual values are set to K, = 47.5 and Ky =0.73. Accordingly, the
pole and the DC gain of the fore-filter is set to zp=65.1. The response is shown by
output 2 in Fig. 6.11. It can be seen that the error becomes smaller but there still is a
phase lag.
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In on-line locomotion control of fish robot, the frequency and amplitude of the
swimming gait will not be constants. The PD controller has to be redesigned because
in this case, the tracking control system may not be robust enough to handle different
control signals. This can be illustrated by the experiment shown in Fig. 6.12. The PD
controller designed for output 2 in Fig. 6.11 is used to tracking the gait input with
f=1.75Hz and A=12< The tracking performance becomes worse in this case as the

significant difference between the input and output appears.

This problem can be avoided by using the robust tracking design. By using the Tustin
transform, the discrete-time version of the robust tracking control algorithms in Eq.

(6.33) can be given by the following linear difference equation:

u(kT) = —iaju(kT ~jT)+ i[bje(kT — JT)+cjy(KT - jT) | (6.39)
j=1

i=0

where k=1, 2, 3, ... and the coefficients are listed in Table 6.2.

Table 6.2 Expressions of coefficients in Eq. (6.39).

No. J=0 71 j=2 j=3

. 0 30" +417 30" +417 .

! @° +4fs2 »° +4fs2

. kg t2fks | 3k +2f ks 2f ks — 3K, 2fks—k,

! a)2+4fs2 a)2+4fs2 a)2+41‘32 a)2+4fs2
(@® —412)(k, +2k [ K)) | &®(k, -2k /K,)

G | ko+2ki /Ky | ky—2k /K, ;2+Zf52 L~ o ;2+4]152 0

Fig. 6.13 shows the experiment results for gait input with f=2.5Hz and A=122The
desired input, the simulation result, the actual response from experiments and the
actual error curve are shown. This gait input is selected for testing because it is the
most critical control input that needs to be tracking for NAF-I11 (the fish cannot track
inputs with higher frequency or amplitude because of the power limitation of the
motor). In experiments that frequency is less than 2.5Hz, smaller tracking errors and

shorter setting time are achieved (see Fig. 6.13). Although the ideal zero-error
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response is not obtained, which differs from what the theoretical analysis predicts,

the tracking error is reduced significantly by this robust control after a half period of
setting.
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Fig. 6.13 Experiment results of the robust tracking: (a) A=12< f=2.5 Hz and (b)

A=129f =1.75 Hz. The controller parameters are k;=0.0081, k,=5.035, k3=-81.92,
k4=150.6, and f;=256 Hz.
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Because the input structure is modeled into the controller (the inner oscillator loop
shown in Fig. 6.7), the controller can compensate the negative effects caused by the
change of input and varying external disturbance. Therefore, the robustness of the
whole tail motion control system is enhanced. Additionally, an analytical solution to
the robust tracking problem is given, which makes it easier to program the control
algorithms dynamically. The controller parameters of the algorithm can be
automatically changed by analytical equations according to the variations of the gait
input. It is not necessary to try different parameters.

6.4 Summary

The robust tracking discussed in this chapter is in the motor control level and it does
not affect the locomotion performance of a fish robot. The purpose of designing such
a controller is to guarantee that an actuator can exactly follow the command signal.
Experiments show that the robust tracking design can effectively help the robotic fish
system to perform swimming gait with small tracking error. Because the input
structure is modeled into the controller, the controller can compensate the negative
effects brought by the change of input and varying external disturbance caused by
this change. Therefore, the robustness of the whole tail motion control system is

enhanced.

Additionally, the chapter illustrates an analytical solution to the robust tracking
problem, which makes it possible for dynamic programming of the control
algorithms. The controller parameters can be automatically generated by analytical
equations according to the change of gait control signals. Note that in this chapter the
gait control signals are limited within the periodical form, which is associated with
the straight-line swimming of the fish robot. The controller is not suitable for
tracking some transient swimming gaits like those in burst. And the water is assumed
to be still. Flow situation can also influence the tracking performance. The robust

tracking in those conditions can be topics in our future studies.
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Chapter 7 On-line Optimization of Swimming Locomotion

The swimming performances, especially the speed and efficiency, are always main
concerns when it comes to the design of a robotic fish system. In this chapter, the
application of CPGs is further investigated in swimming control of multi-DOf fish
robots in order to achieve high performance locomotion. The swimming gaits
generated by CPGs will ensure that fish robots can swim, but will not guarantee the
good performance swimming motions. The reason is that behaviors of CPGs are
completely governed by the self-sustained dynamics of nonlinear oscillators. The
CPG model does not know any information about actual states of a robot. This can
be improved by incorporating sensory feedback from robot-water interaction into the
CPG model. In this way, a closed-loop control scheme will be applied to the
locomotion control of fish robots. Together with the optimization techniques, the
optimal locomotion of fish robots can be achieved. The Genetic Algorithm (GA) in
optimization of swimming locomotion is explored together with CPGs in generation
and coordination of swimming gaits for multi-DOF fish robots. Factors of many
different aspects will influence the swimming performance. In this chapter, the
finding of optimal body curves which are associated with optimal swimming

performance is the focus [176].

The chapter is structured as follows. Firstly, a closed loop control scheme combining
genetic algorithms and CPG model will be discussed in Section 7.1. In Section 7.2,
GA will be adopted to find the optimal control parameters associated to the fast
locomotion. On-line measurement of swimming speed is utilized to derive the fitness
in GA. Similar method will be applied to find the cost-efficient locomotion in
Section 7.3. The measurement of power and criteria for evaluation of swimming
efficiency will be discussed. The experimental results on the propulsor prototype will
be presented in Section 7.4. In Section 7.5, the optimization approach will be applied
to find the optimal locomotion patterns for other two different propulsor prototypes.

The results and findings in these experiments will be presented.
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7.1 Gait Generation Based on CPGs and Genetic Algorithm (GA)

CPGs will be utilized to generate coordinated swimming gaits and the GA will be
applied to search the optimal control inputs to the CPG model. Two separate
objectives will be achieved: optimization of swimming speed and on-line
optimization of swimming energy efficiency. A closed-loop control scheme is
necessary to perform the on-line optimization, as depicted by Fig. 7.1. The eight-
DOF biomimetic propulsor shown in Fig. 3.8 will be used to test this optimization

method.
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Fig. 7.1 An on-line swimming control scheme. The on-line motion planning is
achived by GA. The robust gait tracking is applied to perform high performance low

level actuaotor control, which has been detailed in Chapter 6 and [30].
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7.1.1 Problem Definition
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Fig. 7.2 Hlustration of fish body curve and envelop during forward swimming (top
view). The dark solid curve represents the midline (or vertebrate) of an undulatory

swimmer. The dimensions are normalized to the body length.

There are optimal swimming fin curvatures leading to the most energy efficient
swimming or fastest swimming in the undulatory locomotion [97]. A desirable
control strategy should ensure all system elements of a propulsor involved in the
thrust generation effectively [55, 56, 177]. First of all, it is necessary to identify what
kind of factors will affect swimming performance. In a systematic perspective, many
aspects should be taken into account such as the streamline of the body shape, the
skin texture, and the locomotion pattern, etc. In this chapter, the focus is placed only
on the control of swimming patterns as the physical properties are already given (the

size, structure, material, and power transmission mechanism, etc.).

Based on Lighthill’s model discussed in Chapter 3, the swimming performance is
related to the envelop of the body motion and the oscillating frequency of body
segments. In Chapter 3, the empirical testing with given controlling parameters is
conducted to find swimming performance and a constant envelop is assumed. Such
an envelop may not lead to energy-efficient swimming. In the present chapter, the

controlling parameters will be explored in on-line swimming.
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The envelop of the BMF is a key factor that affects the swimming performance.
Lighthill proposed a parabolic envelop to explain the swimming kinematics of real
fish. This assumption has also been adopted in robotics to model the kinematics of
biomimetic propulsor. Many works are devoted to find the optimal values of
parameters in the parabola equation [16, 178]. One question arises: will the optimal
swimming pattern of a man-made propulsor share the same form as that of a live
fish? In the on-line optimization of the present paper, the envelop is assumed to have
an arbitrary form. Finding the form would be a goal of the proposed approach.

Biomimetic propulsors normally consist of a limited number of segments such as
linkages or other types of mechanical components. These segments oscillate
coordinately and collectively to fit the body curve during swimming. Achievement of
swimming locomotion depends on oscillations of all segments, which is associated to
two key parameters: the amplitude A and the frequency f (see Fig. 7.2). Therefore,
the parameter set (S) to be solved in the on-line optimization will be
S={AA, ... A; f} (7.1)
Note that the wavelength 1 is not included in the parameter set because it is a
dependent variable of amplitudes. The form of envelop can then be obtained by

curve fitting as

f,() = f,(x)|_,, ,=Function(A, A, ..., A) (7.2)

7.1.2 Swimming Gait Generation by Using CPGs

The artificial CPG model discussed in previous chapters is adopted as the on-line
swimming gait generator for the fish robot. The gait control parameters in CPGs
(phase difference among propulsor segments, oscillation frequency, or amplitude)
can be tuned in real-time according to the feedback from the environment. The
swimming speed and the instantaneous power consumption will be evaluated and
taken as inputs for GA to obtain the fitness of the candidate solution. Then improved
system parameters will be produced and applied to CPGs until the optimal objectives

are reached.
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Fig. 7.3 GA-based closed loop control and configuration of oscillators (CPGs).

The structure of the closed-loop swimming control based on CPGs and GA is shown
in Fig. 7.3. The swimming speed and the instantaneous power consumption will be
measured by sensors. The evaluation of speed is simple and can be achieved by using
readings of normal velocity sensors. Evaluation of power will be performed by
taking the instant torque and angular velocities of driving cranks. The significance of
this measurement will be discussed shortly. These two feedback signals help to
evaluate the fitness of the associated gait control parameters.

All oscillators in the CPG model are coupled with the first oscillator. There are

backward coupling between adjacent oscillators. This configuration is made because
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in the on-line optimization, the gait control signals keep changing, which requires the

fast gait transition. The CPG model in this case can be given by:

g(t) = Ay, (7.3)

-
F(X,)+e =1

Vv, COS@, — U, SiN g,

{ﬂ: 0 (7.4)
' F(X,)+e| usin[(i—1)gp,]+ v, cos[(i—1)¢,] |, otherwise

+V;,; COS @y — Uy, SiN g
27m
Qo == (7.5)

7.1.3 Application of GA in Swimming Control

Genetic Algorithm (GA) will be used to tune parameters of CPGs according to on-
line evaluation of swimming performance (see Fig. 7.3). GA is chosen as the
optimization tool because of its good global searching capability and universality in
many applications [178]. GA is also used in many other works such as [16, 108, 112]
to find the optimal swimming patterns in swimming locomotion. The difference
between this thesis and those works is that an on-line optimization is performed by
combing the GA and CPG, i.e. the swimming gaits of fish robot keep improving as
the robot swims. The robustness of the CPG based gait generation ensures that the

motion is smooth and continuous when tuning control parameters.

GA is a stochastic global search method inspired by biological evolution in nature. It
operates on a population of potential solutions which evolves generation by
generation based on the principle of survival of the fittest. The operation of GA
consists of several steps. Firstly, the system variables are randomly assigned to initial
values in the solution domain. Those variables are encoded and processed by three
procedures: the selection, the crossover, and the mutation, until the ending condition
is satisfied. There are a set of algorithms and operations involved in GA. Those
algorithms are adopted to initialize population, compute fitness of an individual, and
perform selection, crossover and mutation operations. The flow chart of a commonly
adopted GA is shown in Fig. 7.4.
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Fig. 7.4 Flow chart of Genetic Algorithm.

One solution of an optimization problem (a group of system variables) is regarded as
an individual. Individuals are encoded into a population of strings, which are called
chromosomes. A fitness function is introduced to evaluate the performance of each
chromosome. A population will be processed by the selection, crossover and
mutation operator based on the fitness of the individual in that population (see Fig.
7.4). New population is then produced used in the next iteration of the algorithm. The
population is improved by repeating the same process, as illustrated by Fig. 7.1.

Individuals evolve toward better solutions and those with higher fitness are more

probably inherited to next generations.
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7.2 Application of GA in Fast Swimming Mode

It is not likely that a fish robot reaches fastest swimming speed while consuming the
least energy. Therefore, the optimal swimming of fish is either in fast swimming
mode or in energy-efficient mode. The considerations in the implementation of GA

in fast swimming model are discussed in this section.

7.2.1 Choosing of Fitness Function
In the optimization of speed, the robot system itself will act as the objective function
in GA. The swimming speed collected from on-line measurement will be the
objective of optimization. Then the swimming speed can be an indicator showing
how well individuals have performed in the search domain. This is a raw measure of
fitness. A fitness function is applied to transform the value of objective into a
measure of relative fitness [179]. Here the individual fitness defined by the ratio
between individual’s raw performance (steady swimming speed U) and the whole
population’s performance is adopted, which is given by
Ui

m

S0

where FIT is the fitness function, U; is the swimming speed, i.e. the raw performance

FIT = (7.6)

of the i"™ individual, and m is the population size.

7.2.2 Representation of Population

The eight brushless servo motors of the fish robot will be controlled by eight outputs
of CPGs (see Fig. 7.3). In the CPG model, oscillators require totally nine parameters
as the system inputs (eight amplitudes and a frequency). All oscillators share the
same frequency in order to maintain the continuity of the body wave. Those
parameters will be encoded into chromosome and processed by GA.

It is observed from real fish that the waveform of fish with elongated body shape
shows a gradual increase in amplitudes from head to tail. This wave profile is proved
efficient in producing of thrust [2]. This phenomenon implies that the amplitudes of

all actuators are subjected to
0<A<A<---<A <A, (7.7)
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where Anax IS the maximum allowable amplitude of actuators. Usually, handling
constraints will make the exercise of GA more complicated. In the present study,
however, the constraint is preferable because it can decrease the dimension of the
search space and hence significantly reduce the number of generations. Real-valued
genes are employed in the GA instead of the commonly used single-level binary
string. Real-valued encoding can increase the level of possible exploration in the
search space without adversely affecting the convergence of GA [180]. In our
applications, it also makes the handling of constraints easier.

7.2.3 Selection, Crossover and Mutation

Selection is a process of determining the number of offspring that an individual will
produce. Stochastic universal sampling algorithm (SUSA) is adopted to perform the
selection operation [181]. Unlike the selection operator, crossover can produce new
chromosomes that have some parts of both parent’s genetic material. Single-point
discrete recombination algorithm is used as in crossover operation for real-valued
chromosome [180]. The generation of new chromes is subjected to constraints given
in Eq. (7.7). Normally fewer new individuals will be produced after selection and
crossover than the size of the original population due to the generation gap. Those
new individuals will be tested in the robot to obtain their fitness and reinserted into
the old population to maintain the size of the population and replace the least fit
members. In GA, mutation is used to randomly modify the elements in a
chromosome, which is acts as a safety net to recover good elements that may be lost
through the action of selection and crossover [181]. The mutation algorithm adopted
from the Breeder GA [180] is adopted to process the real-valued mutation. The
mutation may be benefit from the using of real-coded chromosomes for the higher

mutation rates than binary-coded ones.
7.3 Application of GA in Efficient Swimming Mode

When GA is used to find a cost-efficient locomotion mode, the objective function,
feedback of environment, and fitness function will be different from those in the fast
swimming mode. The evaluation of swimming cost and implementation issues are

discussed in this section.
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7.3.1 Measurement of Power in Locomotion of Fish Robot
The swimming efficiency of a real fish is defined as the ratio of the actual power
(contributed to the propulsion) to the total amount of the power consumed by fish.
The total energy used during steady swimming is commonly referred to the Active
Metabolic Rate (AMR) [182]. In the robotics area, there is a similar measure of
swimming efficiency, which is defined by the ratio between useful power (output)
and the total power input [108]. Hence, the useful power refers to what a fish robot
obtains to move forward is given by

P, =RU (7.8)
Mechanically, the total power (P;) comprises four parts: the useful power (P,), the
power loss in motion transmission from the actuators to the propulsor (P;), the power
used to drive the propulsor itself (Pp), and the power wasted in the wake (Py).
Accordingly, the efficiency can be defined by

P P
n=-4= u (7.9)
P R+R+P+PR,

There is no standard form to measure the swimming efficiency of fish. During the
swimming, the propulsive wave traverses the fish body in a direction opposite to
forward movement. The swimming speed, U, is smaller than the wave propagation
speed, U,,. Therefore, the swimming efficiency of a real fish can be defined as the
ratio U/U,. This definition has long been used as an indication of swimming

efficiency [8].

The information reflected by this efficiency is more on kinematics aspect. For an
actual fish robot, the effective use of power will be more concerned since the robot
could be expected to act as a useful underwater vehicle. Then the ratio between the
thrust power and the effective input power could be a better measure of efficiency
[108]. Here the effective input power comprises two parts: the thrust power and the
power shed into the wake (P;= P, + Py,). This ratio is the so-called Froude efficiency
index [40]. It has been used as a measure of energy efficiency in many off-line based
optimization applications. In on-line motion planning, accurate value of thrust power
can hardly be obtained because it is difficult to differentiate thrust and drag in a

swimming body [40]. Usually, it is assumed that in steady swimming, the thrust is
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balanced by the drag and the latter is easier to be measured. The Froude efficiency
can then be simplified as
P P  FRU

u __ u

P P+P, FU+P,

(7.10)

According to Fig. 7.5, because the instantaneous reactive force on each driving crank
can be obtained by force sensors, the real-time measurement of thrust could be

possible, thus enabling the Froude efficiency available.

7.3.2 Evaluation of Swimming Efficiency: Economic Perspective

The power used in swimming will be measured to evaluate the energy efficiency. For
a motorized bionic propulsor, the total power can be measured by the
algebraic product of the input voltage and the electric current. The swimming
performance can then be reflected by the ratio of thrust power over the total input
power. Two parts of the total power will be wasted by the mechanisms: the power
consumed in motion transmission from the actuators to the propulsor and the power
used to drive the propulsor itself. In a rough estimation, these two parts can be
assumed to have constant values or take constant proportions of the total input power.
This assumption, however, is not accurate enough for on-line motion planning,
because they are often influenced by factors, such as the quality of motors, imperfect
mechanical design of fish robot, property of materials of the robot, etc. In the present
research, the actual output power of motor in body-water interaction is measured.

Force sensors are employed to measure the actual reactive forces imposed on each
driving crank by water. As shown by Fig. 7.5, the driving crank can be modeled as a
cantilever. As the crack oscillates, the reactive force from water will cause the
bending of the cantilever. Strain gauge based force sensors are used to measure the
bending and thus obtain the torque on the crank. The total instantaneous power, P(t),

can then be obtained by

PO = >N, (040 (7.11)

where Tg;(t) is the measured torque caused by reactive force on the i crank and 4,t)

is the angular velocity of the crank.
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Fig. 7.5 Torque measurement at each crank.

As the sliding plates are made up of light materials, the energy loss due to the inertia
force is insignificant. The instantaneous power for all cranks can be measured in
real-time. Therefore, they can be used as feedback signal in closed-loop control [3, 5].

The specifications of force sensors can be found in Appendix C.

In the efficient swimming mode, it is always preferred achieving the fast swimming
speed while consuming energy as little as possible. Finding such an economical way
of swimming is of value for actual robots. In this point of view, it is natural to take
the speed (in Body Length per seconds) per unit power as an indicator showing how
well the input energy is converted into the kinetic energy of robot. This dimensional

measure, lg, can be given by
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In the efficient swimming mode, Eq. (7.12) will be the objective function of GA. The

(7.12)

aim is to find the largest possible I in the locomotion. A similar fitness function as

that in the fast swimming mode is adopted, which is given by

|
FIT = =& (7.13)

7.4 Experimental Results

One motivation of the present work comes from the consideration that the optimal
performance obtained by offline-based approaches might not be the best performance
a fish robot might possess. This hypothesis has been verified by experiments. On-line
locomotion optimization has been implemented on the fish robot. Experiment results
will be presented in this section.

7.4.1 Experiment Setup

In experiments, the eight-DOF propulsor prototype performs straight-line swimming
on the linear guide. The control parameters are updated by GA in every three periods
of crank oscillations. In the first two periods, the robot accelerates until the steady
speed is reached. This two-period time slot is also for evolving of CPG outputs. Then
in the third period, the averaged velocity and averaged power over this period will be
calculated based on data from eight force sensors and the velocity sensor. Once these
values are available, the GA is performed to obtain the improved population.
Afterwards, this new population will be applied to the CPG model and a new round
of testing will start. The whole testing process can be explained by the flow chart in
Fig. 7.6. The parameter set is

S={A,A,...A;f} (7.14)
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Fig. 7.6 Flow chart of the optimization process in experiments.

As many generations in GA will run before an optimum is found, the robot has to
swim in the straight path for quite a long distance. For example, if 50 generations are
performed, each generation contains 10 individuals. The total traveling distance will
be at least 200 m. In the lab water tank, the robot has to perform reciprocating

movements on the linear guide because the guide is not long enough.
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On-line optimization of swimming gaits for a multi-DOF fish robot requires
intensive computing costs because the performing of GA and solving of nonlinear
differential equations of CPGs must be fulfilled within a short servo cycle. As shown
in Fig. 7.3, a PC is utilized to perform GA and the CPGs are parallel handled in an
embedded controller. The hardware ensures the real-time property of the whole
control system. Equations in the CPG model are solved in LabVIEW™ development
environment and implemented with the CompactRIO™ embedded controller. GA is
programmed in Matlab™ software on a PC. An FTP server is built in Matlab™ for
sharing data between CPG and GA.

7.4.2 Performance Testing Based on Offline Approach

A common way to explore the swimming performance of a fish robot is to conduct
empirical testing with different combinations of parameters. Considering the
constraints given by Eq. (7.7), it can be assumed the envelop has a approximately
linear form. In this case, the parameter set will be S = {Ag; f}, and the envelop can be
described by a straight line equation. Amplitudes of other propulsor segments can be
determined by the line equation. Such configuration can significantly reduce the

number of testing runs since there are only two parameters to be explored.

Fig. 7.7a shows the swimming speed testing results. The best speed found in
experiments is 0.618 BL/s (37.6 cm/s). A general trend can be seen that the
swimming speed increases with the increasing of frequency. However, when
frequency is larger than 2.2 Hz, the speed drops due to the power limitation of servo
motors. The same experiment method has been applied to obtain efficiency testing
results, which are shown in Fig. 7.7b. The most economical way of locomotion is
found to have an undulation frequency f = 1.2 Hz and maximum amplitude Ag = 28°.
The envelop and the propulsor profile during fast-mode swimming and efficient-

mode swimming are illustrated in Fig. 7.8a and b, respectively.
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frequency; and (b) energy efficiency vs. frequency. The experiments are conducted
in several groups with different amplitudes. Selection of parameters is subjected to

the power limitation of motors.
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Fig. 7.8 Body curve associated to the optimal speed obtained by off-line testing.

7.4.3 On-line Searching of Optimal Swimming Speed

Because the eight cranks are equally-spaced, the phase difference between adjacent
cranks share the same value (¢qi=n/4). The values of other constants in the CPG
model follow those given in Fig. 5.13. In experiments, nine parameters are encoded
into chromosome for GA. Each generation contains sixteen individuals. Generation
gap is set to 0.9, which is a commonly used value in GA. Due to the mechanical
limitations of the prototype, the maximum value of all amplitudes, Anax, is set to 45°
and maximum frequency is set to 2.5 Hz. Initial tests show that the maximum speed
is not likely appear at frequencies lower that 1Hz. So the range of frequency is set to
1~2.5Hz. The population of the first generation is randomly created, subjected to Eq.

(7.7) and the range.

The nine parameters in the parameter set Eq. (7.1) are encoded into chromosome for

GA. The first generation is listed in Table 7.1. It can be seen that the objectives for
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those candidate solutions spread in a large range. As the GA improves the control
parameters, the robot is expected to swim faster and faster. The performance of the
GA, i.e. the convergence speed, is illustrated by Fig. 7.9. The red curve shows the
evolving of the swimming speed of the best individual in each generation and the
blue curve shows the evolving of the averaged speed of each generation. It is difficult
to formally specify convergence criteria for GA as it is a stochastic search method.
Fifty generations are performed in the search. From Fig. 7.9, it can be seen that the

solution actually begins to converge within several generations.

Table 7.1 Individuals of the first generation in optimization of speed.

# A;...Ag (Degree) f (Hz) U/L (BL/s)
1 1201 232 243 280 299 300 324 346 1.9 0.552
2 |17.1 216 228 245 272 316 358 394 1.3 0.441
3 |30 62 85 139 204 268 320 34.6 1.1 0.281
4 |0 21 25 3 53 63 65 157 1.0 0.05
5 |15 15 22 69 126 193 224 26.60 2.1 0.460
6 |10.1 116 181 183 259 27.7 33.7 36.3 1.3 0.417
7 |15 40 77 154 202 248 284 305 1.3 0.340
8 |07 30 48 7.0 125 155 205 254 1.8 0.401
9 1108 119 156 19.7 213 245 29.4 335 1.8 0.552
10 [ 140 19.0 27.0 295 30.2 30.6 344 382 1.7 0.579
11124 68 87 153 155 19.7 219 28.0 2.4 0.587
12 1 16.1 188 244 263 29.0 350 36.3 414 2.1 0.496
13107 71 82 155 199 26.3 29.7 339 2.2 0.587
14188 157 168 169 21.3 218 294 316 2.1 0.622
15102 22 41 95 106 16.2 228 279 1.5 0.346
16|05 19 72 128 149 200 257 328 1.2 0.290
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Fig. 7.9 Tracking the performance of GA in optimization of speed. Red curves
represent the evolving of the best individual in 50 generations. Blue curves reflect

the averaged performance of all individuals in 50 generations.

The optimal solution is the individual 371 in generation 24, which is listed in Table
7.2. The fastest speed of the fish robot is 39.1 cm/s (0.652 BL/s) and averaged power
is 2.83 W. The wave number produced by the undulatory locomotion is approximate
0.88 in this case. The speed is better than the maximum speed obtained from the off-
line based testing on the same prototype. In those tests, the fish robot is controlled
under different combinations of parameters derived by an orthogonal experiment
design [94]. The best swimming speed obtained from this statistical method is 37.4

cm/s (0.623 BL/s). The on-line optimization apparently achieves better solution.

It is difficult to formally specify convergence criteria for GA, as it is a stochastic
search method. Termination of iterations adopted in the present research is based on
the following conditions: (i) the solution found in on-line testing is better than that
found by off-line test; and (ii) no better solution appears in successive 5 generations.
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If these two conditions are satisfied, the GA will stop evolving and output final
results. The performance of GA, i.e. the convergence speed, is illustrated in Fig. 7.9.
The red curve shows the evolving of the performances of the best individual in each
generation, and the blue curve shows the evolving of the averaged performance of

each generation.

In the optimization of speed, each generation contains 16 individuals and the search
is performed in 50 generations (800 testing runs). It can be seen from Fig. 7.9 that the
solutions actually begin to converge within several generations. The prototype
performs back-and-forth straight line motion on the carriage in the experiment. The
total traveling distance of the robot is approximately 1600 m. It takes 78 minutes to
finish one testing. The best individual is found 41 minutes later after the online

searching started.

Table 7.2 Individuals of the 24™ generation in optimization of speed.

# A;...Ag (Degree) f(Hz) | U/L (BL/s)
369 |00 38 38 38 38 38 294 339| 134 0.177
370 |0.0 29 8.7 16.7 213 29.0 359 36.9| 2.28 0.603
371 |00 3.7 87 16.7 213 29.0 359 36.9| 2.28 0.652
372 |00 3.7 10. 16.7 22,7 30.7 325 338 | 2.28 0.603
373 |00 3.7 87 16.7 227 30.7 359 36.9| 2.28 0.592
374 |00 29 87 16.7 213 29.0 359 36.9| 2.28 0.617
375 |00 29 87 16.7 213 279 359 36.9| 2.28 0.642
376 |20 20 20 20 20 20 20 382| 169 N/A
377 |00 29 87 167 213 229 244 250 | 228 0.560
378 |00 3.7 10. 16.1 227 30.7 309 338 | 218 0.560
379 |00 37 87 167 213 29.0 359 439 | 228 0.600
380 |00 37 87 16.7 227 29.0 359 36.9| 223 0.592
381 |00 37 87 167 213 29.0 359 36.9| 232 0.583
382 |00 3.7 87 16.7 213 29.0 359 36.9| 2.18 0.622
383 |00 29 87 16.7 213 279 359 36.9| 2.28 0.613
384 |00 3.7 87 16.7 213 29.0 359 439 | 2.28 0.587
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Fig. 7.10 Body curve associated to the optimal speed: (a) examples of profiles at
different time in one undulation cycle (T = 0.439 s); and (b) the curves captured in
the experiment at the same time instances. All dimensions are normalized for the
propulsor length. The blue lines illustrate the fish body profiles at different time

instances.

The profile associated to the optimal speed is described in Fig. 7.10. In this figure,
data of the individual 371 in Table 7.2 is used to visually produce the propulsor’s
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profile during its fastest swimming. The wave profile in successive five time
instances in one undulation cycle is plotted. Fig. 7.10b shows the wave profiles of the
testing propulsor at the same time instances in the experiments. It can be seen that

the actual oscillations of cranks can well follow the control commands.

GA is used in a 3-D simulation reported in [16] and system parameter design for a
robot tuna in [178]. In both cases, the envelop of body wave is modeled by a
parabola curve and GA is used to find two curve parameters. Other forms of the body
wave profiles are also used in locomotion control of fish robots. In the present work,
the profile is not prescribed but searched by GA. The envelop can be well fitted by a
third order polynomial function, f¢(x), which is given by

f,(x) =—-0.1323x° + 0.2125x* —0.0194x — 0.0001656 0<x<1  (7.15)

By considering the actual mechanism of the testing propulsor, the normalized
amplitude is computed by the following equation:
amplitude, = (I, sinA)/L (7.16)

where |; is the length of driving crank, A; is from Table 7.2 and L is the length of the
propulsor.

7.4.4 Optimization of Swimming Energy Efficiency

The optimization of swimming efficiency is similar as it in fast swimming mode,
except that the objective function is given by Eq. (7.12) and fitness is evaluated by
Eq. (7.13) in this case. The range of frequency is set to 0.8~2.5Hz. Other settings

remain unchanged. Initial population is shown in Table 7.3.

Each generation contains 10 individuals and the search is performed in 60
generations. The online searching lasts 109 minutes and the best individual appears
after the searching performed 97 minutes. The performance of the GA is shown in
Fig. 7.11. The red curve shows the evolving of the largest efficiency index, Ig, in
each generation and the blue curve shows the evolving of the averaged efficiency of
each generation. Individual 545 in generation 55 is the optimal solution, which is
listed in Table 7.4. The most efficient locomotion of the fish robot will have a speed
of 15.0 cm/s (0.25 BL/s). The power is 0.424 W. It can be seen that relatively large
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amplitude appears in the tail part. This result is in agreement with the conclusion that

most of the thrust is generated by the caudal part for efficient swimming [8].

Table 7.3 Initial individuals in optimization of efficiency.

f U/L P |
A1...Ag (deg) (Hz) | (BLS) | (W) (BLE/J)

1.7 49 57 115 18.0 24.6 253 29.5| 1.6 | 0.41 |1.244| 0.332
16 82 11.7 153 21.7 269 34.7 389| 15 | 0.50 |1.799 | 0.279
9.1 9.6 16.0 22.7 258 27.2 28.3 28.9| 1.8 | 0.49 |2.142| 0.230
3.2 56 7.9 129 182 215 25.7 28.9| 2.2 | 048 |2.285| 0.211
145 185 20.0 23.0 239 25.2 33.1 33.2| 1.7 | 0.51 |1.801| 0.280
8.7 12.1 143 20.2 20.6 27.9 356 38.3| 2.4 | 0.46 |3.329| 0.139
1.2 3.7 93 11.7 195 229 304 348| 16 | 047 |1412| 0.333
9.1 10.5 185 19.5 209 26.3 31.8 36.2| 1.7 | 0.50 |1.684| 0.296
38 7.0 99 114 16.8 23.8 28.3 28.6| 2.3 | 054 [2.329| 0.234
10/ 6.2 9.6 11.1 14.1 193 26.1 27.4 352| 0.9 | 0.04 |0.403| 0.111

© 00 N O Ol & W N K| H

Table 7.4 Individuals of the 55 generation in optimization of energy efficiency.

f U/L P |
# Av...Ag (deg) o) | ®Us) | W) | BLY)

5411 0.0 0.6 6.1 141 148 173 253 295|12 | 0.22 | 0.456 | 0.492
5421 00 06 73 73 148 173 253 295|1.2 | 0.22 |0.398 | 0.545
5431 0.0 0.6 8.6 14.1 16.1 173 253 29.5|1.2 | 0.25 |0.454| 0.560
5441 00 06 7.3 148 16.1 173 253 295|1.2 | 0.24 | 0.452| 0.525
545/ 0.0 0.6 6.1 141 16.6 173 253 295|1.2 | 0.25|0.424| 0.589
546/ 0.0 00 00 00 00 173 253 295|111 | N/A| NA | NA
5471 00 06 73 141 16.1 173 180 25011 | 0.16 | 0.327 | 0.500
548/ 00 06 73 148 16.6 173 253 295| 12 | 0.24 |0.448| 0.536
549/ 00 06 73 141 16.1 173 253 295| 11| 0.22 |0.414| 0.535
550/ 0.0 0.6 8.6 148 16.6 23.7 253 295| 0.8 | N/A | NJA | N/A

158



DF T T T T T
Individual 545 of Generation 55 (0.589 BL/J)
=)
—
Q
-
<
(5}
k=)
=
>
(&}
<
2
L
hram
w
0.1 —Z=— evalving of solution .
—+—evalving of population
D{} | | | | |
10 20 30 40 a0 B0
Generation

Fig. 7.11 Tracking the performance of GA in optimization of efficiency. The best
individual in each generation is plotted in red square. The averaged efficiency index

of 10 individuals in each generation is plotted in blue circle.

Similarly, the envelop of the body wave can be well fitted by a sixth-order

polynomial, which is depicted in Fig. 7.12 and defined by

0 0<x<0.125

f (x) =<-7.289x° + 21.9x° — 24.38x" (7.17)
0.125<x<1
+12.16x° —2.5127x* +0.1707x — 0.00007

Note that in the online optimization for an actual robot, the evolving of the
generations is totally depends on the sensor feedback. The quality of the sensor
signals has a significant effect the convergence of GA. In optimization of speed, the
convergence relies on only one sensor feedback, while in the optimization of energy-
efficiency, the fitness function is computed by using data from 9 sensors (eight force
sensors and one speed sensor), the reliability of the system is lowered. Relatively
large fluctuation appears in the evolving of the generations. Therefore, the

convergence is not smooth as that in speed optimization.
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Fig. 7.12 Body curve associated to the optimal efficiency. All dimensions are
normalized for the propulsor length. The blue lines illustrate the fish body profiles at

different time instances.

The experiments also show the advantages of the power measurement method
presented in Section 7.3. When using electrical power consumption as (product of
voltage and current) power index, the fish robot consumes 15.31 W electrical power

in fast swimming mode and 7.79 W in economic swimming mode. However, by
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using the method given in Section 7.3, the power consumption is only 2.83 W and
0.424 W, respectively. This indicates that most of the input electrical power is
wasted by the mechanisms and the motion transmission. The evaluation of efficiency
based on the electrical power will not be a true reflection of the performance
associated to that swimming pattern. If taking the power waste into account, it is
difficult to find how the motion pattern affects the swimming performance. By using
Eq. (7.11), the actual power acquired by a propulsor is obtained, which makes the

experimental results in efficiency optimization stand on the firm ground.

7.5 Optimization of Locomotion for Different Propulsors

In order to assess the optimization approach discussed in this chapter, more
experiments were conducted on different undulatory propulsors. These propulsors
share the same mechanism as NKF-Il. As mentioned in Section 2.31, modular
designs are adopted in NKF-II. Therefore, a new propulsor can be obtained by
simply removing or adding modules. Two more propulsors have been used in
experiments, including a 6-DOF fin prototype (with 6 pairs of fin sliders) and a 4-
DOF fin prototype (with 4 pairs of fin sliders). The setup of experiment device is the
same as that shown in Fig. 3.8.

Each generation contains 16 individuals. The experiment process is similar to that

conducted for NKF-II. The parameter sets for the two propulsors are

S={A.A,...,A; f} and S={A,A, A A; f}, respectively.

For the optimization of speed, the total number of generation in GA is chosen as 50.
In the experiment, the best swimming speed found is 0.871 BL/s for the 6-DOF fin
and 1.23 BL/s for 4-DOF fin. The experimental results are plotted in Fig. 7.13. The
best speed in each generation is plotted with red circle in the figure. An increasing
trend of the speed can be observed. Envelops of fast speed mode are:

Propulsor with 6 fin pairs:  f_(x) =0.1939x° —0.3585x + 0.2187x+0.0024

Propulsor with 4 fin pairs:  f_(x) =—0.1201x* +0.1766x +0.0064
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Fig. 7.13 Experimental results of the speed optimization for (a) the 6-DOF propulsor
and (b) the 4-DOF propulsor. The left figures show the performance of GA in the
optimization and the right figures show the optimal fin curvatures associated to the

best speed at different time instances.
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Fig. 7.14 Experimental results of the energy efficiency optimization for (a) the 6-
DOF propulsor and (b) the 4-DOF propulsor. The left figures show the performance
of GA in the optimization and the right figures show the optimal fin curvatures

associated to the best speed at different time instances.

For the optimization of the energy efficiency, the total number of generation in GA is
chosen as 60. Each generation contains 10 individuals. The best energy efficiency
index is 0.649 BL/J for the 6-DOF fin and 0.579 BL/J for the 4-DOF fin. The
experimental results are plotted in Fig. 7.14. Envelops of energy-efficient mode are:
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Propulsor with 6 fin pairs:  f (x) =—0.1581x" +0.4317x° —0.3807x" + 0.1673x
Propulsor with 4 fin pairs:  f (x) =0.2327x° —0.4471x* + 0.2184x

The experimental results on the three different propulsors show that each of them has
its unique optimal swimming pattern to obtain faster speed or save the energy. These
patterns can be different in many ways (distinct fin curvature and swimming
frequency). These results strengthen the necessity of the on-line optimization of
swimming locomotion as there is not a standard optimal swimming pattern that is

valid for all fish robots.

The parameter sets and performance data obtained in the optimization of speed are
listed in Table 7.5 for a comparison. It can be seen that by using the fin mechanism
proposed in this research, the 6-DOF configuration of fin sliders yields the fastest
absolute speed. This result seems to contradict a common sense that a larger
propulsor (the 8-DOF one) should have the greater absolute speed because it will
generate larger thrust. One should note that as more fin sliders are involved in the
thrust generation, the drag from water will also increase. Therefore, the absolute

speed may not be better than that with less fin sliders.

Table 7.5 Comparison of the speed optimization for different propulsors.

Fin | L f P le le U/L U
No.| A;...Ag (Degree)

Pairs |(cm) (Hz2) | (W) [(cm/J)(BL/AJ)| (BL/s) |(cm/s)
1| 8 |60|00 37 87 167 21.3 29.0 35.9 36.9/2.28|2.83|13.8| 0.23 | 0.652 |39.12
2| 6 |45|17.8 20.2 235 28.2 318 329 - - |242|2.85(13.75/0.31|0.871 | 39.2
3| 4 |30|25.0 344 358 438 - - - - 1248(3.25(8.79|0.29 | 0.952 |28.56

The reason why 8 pairs of sliders were adopted in the design of NKF-II is that more
such sliders can produce smoother body wave. If the swimming speed is a crucial
criterion for the design of a fish robot, both 6-slider-pair and 8-slider-pair prototype
designs are recommended as they can produce almost the same highest speed
(39.12cm/s vs. 39.2 cm/s, see Table 7.5). The 4-slider-pair propulsor can produce the
highest relative speed. However, it will not be recommended because its energy

consumption is also high. It only advances 8.79 cm with unit power consumption,
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which is much shorter than the other two propulsors. By looking into the energy
consumption aspect of the fast swimming mode, this recommendation is still given as
both propulsors can advance almost the same distance by consuming unit power
(13.8 and 13.75 cm/J, respectively).

If the energy consumption is a key issue to be considered in the design of propulsor,
only the 6-DOF propulsor will be preferred. As shown in Table 7.6, it is the most
energy efficient propulsor among the three. By looking into the swimming speed
aspect of the energy-efficient swimming mode, this propulsor is also the preferable
one because it advances 39.2 cm by consuming unit power. Therefore, if the
consideration of energy efficiency is important, the propulsor should contain 6 fin

slider pairs.

The conclusion that the 6-slider-pair is a preferable design for better energy
efficiency can also be drawn by observing the fin curvature. It can be seen from
Table 7.6 that the amplitudes of the first two cranks of the 8-slider-pair prototype are
almost zero, i.e. the first two fin pairs do not move in such a mode. In this case, the
8-DOF fish prototype actually becomes a 6-DOF one. This phenomenon also
supports that the 6-slider-pair should be adopted in the propulsor design for higher

energy efficiency.

Table 7.6 Comparison of energy efficiency optimization for different propulsors.

Fin| L f U | UL | Ig le
No.| A;...Ag (Degree) P (W)
Pairs| (cm) (Hz) (cm/s)[ (BL/s) |(cm/J) [ (BL1J)

1] 8 60 (0.0 0.6 6.1 14.116.617.325.329.5 1210424 | 151 | 0.25 | 35.6 | 0.589

2 6 45 8.2 13.919.122829.2370 - - 1.42 0.769 |30.12| 0.67 | 39.2 | 0.649
3| 4 | 30 [23 309337398 - - - - 151 1.21 |21.0| 0.70 | 17.4 | 0.579
7.6 Summary

The application of CPG based swimming control for locomotion is further

investigated in this chapter. With Genetic Algorithm optimizing parameters of CPGs

165




according to on-line evaluation of swimming performance, a closed loop swimming
control system for a multi-DOF fish robot is established to find the fastest
locomotion pattern or the most efficient swimming pattern of the robot. This is a
continuous work of our previous study reported in [30, 134, 135].

In the present work, the form of the body wave shape is not predefined. It is
completely determined by eight amplitudes of cranks, which is the solution of
optimization problem solved by GA. The experiments on the fish robot demonstrated
that this consideration is necessary. It can be seen from Fig. 7.8 and Fig. 7.12 that the
optimal body wave shapes of the fish robot found in on-line optimization is actually
different from parabola or a linear form in both cases. The results obtained with on-
line approach, the optimal swimming speed and the energy efficiency, are better than
those found with off-line tests.

GA has been used to optimize the swimming locomotion in many cases. For example,
it is utilized with a 3-D simulation to find the optimal locomotion patterns for the
anguilliform undulation in [16]. In [178], it was adopted to find the optimal control
parameter for a robot tuna. In both cases, the envelop of body wave is modeled by a
parabola curve and GA is used to find two curve parameters. The physical properties
of a fish robot (skins, shapes, materials, motions, etc.) can hardly be identical with
those of a real fish or settings in a simulation. Therefore, it is not convincing to

assume that the optimal body wave shape is also applicable for other fish robots.

The optimal body curve of a real fish is also found and explained by using CFD
simulation in [16] or analysis of hydrodynamics in [176]. Ideally, those results can
directly be used to guide the control of fish robots. However, the expectation is not
supported by our experiments because that the analytical results do not coincide with
curves shown in Fig. 7.10 and Fig. 7.12. This indicates that for an actual robot, the
optimal swimming patterns may not be exactly the same as those exhibited by real
fishes due to the significant physical differences in materials, structures and
dimensions between the robot and real fish. In that sense, the experiment-based
method discussed in this chapter will be of more value for fish robots. In future work,

efforts will be put to customize the theoretical analysis method proposed in those
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publications for fish robots and compare the results obtained by using the two

methods. These two ways are expected to benefit each other.

The results of optimization might only be restricted to the fish robot considered in
this paper. For other fish robots or for a real fish, the pattern may be different from
what is presented in this paper. One may argue that the results are not generic. As a
matter of fact, this is the unique intention of the on-line optimization: different fish
robots have their own optimal swimming patterns. The process of locomotion
optimization discussed in this paper can be informative for optimal control of other
types of fish robots and for understanding the mechanics of undulatory swimming. It
is also hoped that the proposed model can be extended or further modified, not only
for control of swimming robots but also for other types of robots having rhythmic

locomotion patterns.
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Chapter 8 Conclusions and Future Works

The thesis will be summarized in this chapter. Results and conclusions in previous

chapters will be restated and discussed. An outlook of future work will be proposed.

8.1 Thesis Contributions

The kinematics modeling of swimming gaits for multi-DOF fish robots is discussed

in this thesis. Several contributions are presented:

Applications of Hopf nonlinear oscillator in generation of swimming gaits
were investigated and implemented on fish robots. A closed-loop swimming
control system is developed for a fish robot in order to achieve station-
holding performance in adverse unsteady flow. Hopf oscillator was used to
produce robust swimming gaits in this application. According to what we
know so far, this is the first implementation of station-holding performance
on a biomimetic swimming robot.

An artificial CPG model based on CNLOs was formulated to generate on-line
swimming gaits. The coupling schemes and structure configuration of
oscillators of CPGs were analyzed. Applications of the CPG model in
locomotion control of fish robots were discussed. The CPG model has been
applied to control the locomotion of two multi-DOF fish robots (NAF-11 and
RoMan-I1).

A robust tracking controller was developed to regulate the tracking control of
swimming gaits produced by CPGs. This controller ensures that the fish robot
can perform the motions with high accuracy and therefore guarantees the
reliability of the experimental results.

On-line optimization of swimming locomotion has been conducted. By
combining GA with CPGs, a closed-loop swimming control framework is
established for locomotion control of multi-DOF swimming robots. The
method has been tested on three propulsor prototypes. The fastest swimming

pattern and most energy efficient swimming pattern were found.
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8.2 Discussions

The implementation of fish-like locomotion on swimming robots is not the only goal
of the research. It is expected that the swimming performance such as speed and
power efficiency can also be improved through well-designed closed-loop control
system. Sensory feedbacks were incorporated into the CPG model to achieve this aim.
Control laws are fabricated to modulate gait patterns of fish robots, which can yield
adaptive and optimal locomotion. Firstly, the mechanisms of biomimetic propulors
of fish robots and sine-function based modeling of swimming gaits are discussed.
This is an offline approach because those sine generators are decoupled from
predefined fish body motion functions in order to maintain the coordination of
motions. Gait control functions for fish robots with parallel mechanisms and serial
open chain mechanism are derived, respectively. The former is achieved by simply
specifying the phase difference for each generator. The latter is conducted by solving
the optimal problem discussed in Chapter 3. The derived gaits have been tested on
several fish robots.

The research road map characterized by the process from theories to implementations
on actual robots is always preferred. The theories are expected to be able to guide the
design of robot and the high performance locomotion control. However, in practical
world, a perfect theory which can accurately describe the dynamics of real robots is
not easily obtained. Deriving such theories is particularly difficult in robotic fishes
due to several reasons: (i) the dynamics in the robot-water interaction is too complex;
(if) current theories are more or less based on certain simplification and ideal
assumption which may not be satisfied by an actual fish robot. In this sense, the
experiment based approaches would be important in this area. The on-line gait
generation and gait modulation method discussed in this thesis establish a bridge
between those data and the desired control command. Actually, the research in
robotic fish area always goes in two lines: developing theories that can explain the
mystery of high efficiency of fish swimming and finding solutions from experimental
results. For example, the EBT, CFD simulation or the theories about the
manipulating of vortices belongs to the former; the direct analysis of vortex data
obtained in experiments and the method used in this thesis belongs to the latter.
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Hopf oscillator was introduced to perform on-line generation of swimming gait.
Different from sine generators, the frequency and amplitude of the nonlinear
oscillator can be adjusted without causing jerks of motions. This robust property
allowed the on-line tuning of oscillator parameters. By combining feedback control
laws, the station-holding performance in adverse unsteady flow was successfully
achieved on a fish robot. The application of the robust gait generator was extended to
control swimming gaits of multi-DOF fish robots. In this case, the coupling
connections are derived for multiple oscillators. The one way coupling between two
oscillators, bidirectional coupling of two oscillators and multiple couplings to one
oscillator were studied. In applications, the type of coupling was selected according
to actual robot. Generally, the multiple coupling is adopted to obtain faster gait

transition.

The CPG based method is chosen in this research not because it is superior over
other existing methods. The reason is that CPG can provide properties required in the
on-line motion planning of this research. Firstly, the control signals are not
predefined but on-line generated as a robot swims. Secondly, those control signals
should be coordinated even if some perturbations are imposed on the system.
Thirdly, when the control signals are modulated, the coordination property is still
maintained. These properties offer opportunities to modulate the gait shape even if
the locomotion is on the fly. Such regulation can be made by feedback control laws
derived by many well-documented classic or modern control theories. By using this
way, the locomotion and the implementation of closed-loop swimming control on a

fish robot would be easier.

The closed-loop swimming control was further investigated by combing Genetic
Algorithm with CPG in optimization of swimming locomotion. Optimization of
swimming speed and power efficiency were discussed. The optimal speed found by
this on-line optimization was better than that found by off-line based approaches.
The speed per unit input power was used as an indicator of cost efficiency. Under

this criterion, the efficient swimming pattern was obtained in experiments. A
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measurement method was developed to evaluate the swimming efficiency. By using
Eqg. (7.11), the actual power acquired by the propulsor could be obtained, which
made the experimental results in efficiency optimization stand on the firm ground. In
the swimming gait tracking control, the normal PID controller was not adequate to
maintain accurate tracing of gait commands due to the un-modeled hydrodynamics
and the uncertainties among parameters of mathematical model of fish robot. A
robust tracking controller was developed by using the error space analysis. This

tracking controller was proved superior over the PID controllers in our experiments.

The significance of combining the CPG model and feedbacks in a closed-loop
control system is that it enables such control system with intelligence somehow.
CPGs themselves have no intrinsic adaptive capabilities to the environment of
robots. The evolving of states in CPGs could be toward a direction which is
beneficial for a robot or a totally unacceptable direction. Such evolving is completely
decided by governing nonlinear differential equations. The feedback control system
can be used to guide the evolving of CPGs in a manner useful for robots. Another
significance of this method is that for a given swimming robot, it provides a way to
dig its potentials. The station-holding control and the optimization of swimming

locomotion on fish robots are conducted based on those considerations.

8.3 Future Works

In the thesis, several conditions are pre-assumed to simplify the problem. In most
cases, the fish robot is assumed to perform steady swimming in still water. The focus
of the thesis is placed only on the coupling schemes of oscillators and swimming
performance regarding the speed and energy efficiency under this assumption.
Kinematics models are designed to produce swimming gaits for straight-line
locomotion as it is the major way a fish robot moves by. More versatile motions like
burst, fast start, sharp turning, and diving are not topics of this thesis. The application
of CPG based locomotion control in those aspects will be investigated in future

works.
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A relatively simple case of transient swimming is also studied: the station-holding
performance on fish robots. This is a preliminary work in manipulation of transient
movement for fish robots, which is used to illustrate the application of a nonlinear
oscillator in generation of robust swimming gait and the effect of closed-loop
swimming control. The condition is restricted to one-dimensional adverse unsteady
flow. In actual water environment, such as river and ocean, the flow situation will be
much more complicated. The station-holding control, or more generally, the
trajectory tracking control in unsteady flow, will be a critical challenge. One
difficulty is that the effective sensors perceiving tiny changes of flow velocity and
pressure can hardly be obtained, which limits the implementation of closed-loop
swimming control for fish robots. With the improvement of sensors, study on the

movement manipulation in unsteady flow will be a future research direction.

Several prototypes of fish robots and the experiments are presented in this thesis.
These facilities could be useful test beds for study on hydrodynamics of fish
swimming. The efficient swimming may be associated to certain power distribution
along the fish body. The power contributions by muscles at different parts of a real
fish body are also different. Is there an analogy between the biological system and
the experiment results on fish robot? What is the explanation of the power
distribution in the hydrodynamics aspect? And is there any hints can be obtained
from the wake structure associated to the optimal swimming pattern? These could be

interesting questions to be answered in future works.

The process of locomotion optimization discussed in the thesis will be informative
not only for control of swimming robots but also for other types of robots which have
rhythmic locomotion patterns. For fish robots, the swimming speed and energy
efficiency are selected as indications of performance. For other types of robots, the
performance index can be different. The implementation of the method in more
applications would be a direction in future works. Also, different types of CPGs

models and their applications on locomotion control of robots are worth exploring.

In this thesis, an oscillator with harmonic output was used to control fish robots
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because the swimming gaits of fish exhibit such pattern. For other types of robots
with rhythmic locomotion patterns, legged robots, for example, the gaits may not
necessarily be subjected to harmonic patterns. The gait control for those robots can
also benefit from the limit cycle of CPGs. It can be achieved by two ways: (i) train
parameters of a given oscillator network (Matsuoka oscillator, Van Der Pol
oscillator, for instance) by a reference pattern so as that the oscillator can produce
approximate gaits; or (ii) develop a method that can map a known limit cycle to a
desired limit cycle. The research in these two ways is toward to design methods of
artificial CPGs, which will help the CPG based control applicable for more kinds of

robots.

In this thesis and in current literatures related to the CPG based control, the
topological structure and the coupling schemes of artificial CPGs have fixed forms. It
is different for a real animal. When it grows up, an animal’s locomotor nerve system
also keeps developing according to its experience. This means a real CPG has the
ability of learning and self-organizing. This remarkable ability makes the locomotion
of animals highly adaptive to the environment. In this thesis, the adaptation is
obtained through tuning of the parameters of fixed-form oscillator network. A more
exciting way is to develop CPG models which can be trained by experiences and can
automatically re-organize the structure of oscillators or coupling schemes.

Developing such an intelligent CPG will be a promising future research direction.
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Appendix A Design of a PD Tracking Controller for NAF-I1

This appendix is included as a supplement of Chapter 6. The modeling of the motor-
tail system and the PD tracking controller are discussed. In NAF-II, a DC motor

provides torque, Tn, to drive the tail mechanism (see Fig. 6.1).

PID controller is used for the tracking control of tail fin, which is given by
1
PID=Kp+Kig+ KyS (A1)

where K, K; and Ky are coefficient of proportional, integral and derivative terms
respectively. The whole feedback control scheme can be depicted by the following
block diagram [146]. 6 is the control input, i.e. the gait control function derived in
the previous chapter, @ is the actual angular position of joint 1 (see Fig. 2.27). The
open loop system described has already contained an integrator, which can result in a
zero steady state error for the step response. Hence the integral term of PID
controller can be absent, i.e. K; = 0. Two main requirements for the control system
are presented. The overshoot, P.O., is expected to be less than 5% and the setting

time ts to be less than 20ms (2% criterion) to a unit step input, which means:

P.0.=100-e "¢ o4 < 504 (A2)
e s <0.02 (A.3)

where & is the damping ratio of the closed-loop system and w, is the natural
frequency [146]. By solving Eqg. (A.2) we obtain:
£>0.7 (A.4)
Here £ is set to 0.707. By combining Eg. (A.2) and (A.3), the real part of the desired
closed-loop poles can be obtained:
IRe(p)| = éw, 2195.6 (A.5)
The pole of the open-loop system is 1/z=121.7. The desired closed-loop poles are p=-

195.6+j195.6. The PD controller changes the structure of system by moving the pole

of the open-loop system.
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Fig. A.1 Using graphics to calculate the parameter of controller.

Many different methods have been developed to obtain the parameters of PID
controller. Fig. A.1 shows a way utilizing the root locus [146]. By connecting all
zeros and poles of the open-loop system to the desired closed-loop poles, the phase
condition and amplitude condition can be used to obtain the parameters of the PD
controller. The controller will add one zero zp=-K,/Ky to the system. According to

the phase condition, we have

Vi =7 +7,—180" =135 +118.3 —180" = 73.3’ (A.6)
tany,, = _ 1956 (A7)
zp —195.6

By combining Eq. (A.6) and (A.7), the zero can be located.
K
zp=—"=254.3 (A.8)
d
Then by using amplitude condition, the gain of obtain the gain of the open loop
system:

1010.2K, (s +228.1)|
s(s+98.35)

-1 (A.9)
|S:p

Solve this equation and obtain the value of K:

__|pl-[p+9835|

= =0.3016 (A.10)
1010.2| p +228.1|

Then the proportional term can be obtained:
K,=2p-K,; =76.70 (A.11)

Hence the transfer function of PD controller can be obtained:
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PD =76.7 +0.30165 = 0.3016(254.3 + 5) (A.12)

The open-loop gain K, is given by
L 180x14.3x10°°

0= = — =1010.2 (A.13)
RJ 3.1416x0.902 x87.3x107" x103
By incorporating the controller, the feedback control becomes:
% o 76.7+03016s = L A
- B s(s+121.7) -

-15v/ <U <+1%

Fig. A.2 Closed-loop motion control of the fish tail with a PD controller.

Step Response (PD cotroller)
1.‘; T T T T T
System: sys
Peak amplitude: 1.1
12k Overshoot (%) 5.64 d
At time (=ec). 0.0052 System: sys
_________ Settling Time (=zec): 0.0181

Amplitude

(=1

|
MNE, 0.0 D015
R o Wl
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Time (=2ec)

Fig. A.3 Step response of gait tracking with a PD controller.

The final closed-loop transfer function is given by:

0(s) _ 304.7(s+254.3)
0,(s) s?+416.7s+77480

(A.14)

To justify and test the effect of the PD controller, a simulation of the step response is

done in Matlab™

software. Fig. A.3 gives the simulation results of the PD controller.
The system has quick response. By using a mere PD controller, the overshoot (9.64%)
exceeds the expected 5% limit. The PD controller is designed based on the

assumption that the control system has properties of a standard second order system.
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It brings an extra zero (zp=-254.3) to the closed-loop control system, which changes
the dominance of ideal closed-loop poles [146]. This additional zero causes the
overshoot of larger step response than the desired value. A fore filter is employed to
eliminate the influence of this zero. The filter’s pole is set as the zero of the closed-
loop system to eliminate that zero and the gain is set as the same value to make sure
that this filter will not change the gain of the closed-loop system. The transfer
function of the filter can be interpreted as:

filter(s) = —2223_ (A.15)
512543

The modified control block diagram is shown in Fig. A.4. The solid line in Fig. A.5
illustrates its step response, from which the obvious improvement of the overshoot

can be found.

Oy 2543 | + 10102 | o
S e 76.7+0.3016s —— | -
S+2543| - s(s+121.7)

-15v <U <+1%

Fig. A.4 Block diagram of closed-loop system with fore filter.

Step Response
1.4 T T T T T
System: sys
Peak amplitude: 1.1
121 Overshoot (%) 9.84 4
At time (=2ec): 0.0088

| | System: gy=

| Peak amplitude: 1.03

I| Owershoot (%) 2.88

i At time (zec): 0.017 T

Amplitude

=]
T
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0.0 0.015 0.02

Time (zec)
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=]
=]
==
=1
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=

Fig. A.5 Step response with PD controller and fore filter.
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Appendix B Modeling of Gaits for Fish Robots with Serial

Open Chain Mechanism with Sine Generators

For the planar serial open chain design, the linkages comprising the propulsor are
controlled in order to fit a body (or fin) curve defined by body motion functions. The
gait control function describes the relative angles of links with respect to the adjacent
link. The body motion function can be decomposed into the time-dependant gait
functions for every actuator. This gait planning becomes an inverse kinematics
problem, which consists of the determination of the joint angles corresponding to a
posture given by the body motion function. The solution to this problem is of
fundamental importance in order to transform the body motion specifications into the
joint space motions, which allow the execution of body curve fitting by the chain of

rigid links.

There is no standard method for the joint determination and it is difficult to find a
completely analytical solution to this inverse kinematics problem. Hu and Liu [71-73]
presented excellent works on swimming motion control of BCF type fish robot by
using linkages mechanism to fit fish body curve. The authors proposed a method to
achieve high precision curve fitting and compensation of the effect caused by swing
motion of fish head. Smooth, flexible and elegant swimming motion has been
obtained on their fish robot prototype. In other literatures, numeric methods are
applied with a lookup table that consists of the positions of joints at different time
instances. The table is pre-computed and programmed in a microcontroller. When the
robotic fish swims, these positions are read from memory and act as the control input
of actuators. For example, The OscData is | by K matrix that contains the angles of

every joint of a serial open chain mechanism [174],

001 902 00K

Hll 912 01K
OscData[l][K] =

6, 6, %

1-11 1-1,2 1-1,K

in which | is the number of actuators, K is the number of steps per motion cycle and
6 is the joint angle. This numeric method shows good performance in the gait control
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of in many fish prototypes. One major disadvantage of this method is that the

swimming gaits are not on-line generated and it is difficult to adjust the swimming

pattern when the robot swims.

y A

Fig. B.1 Fish body curve fitting through rigid linkages.

In this thesis, the inverse kinematics problem is analytically solved in order to

change the motion parameters as the robot swims. Fig. B.1 shows a section of body

curve and the fitting through four rigid links. Note that (x;, i) is the position of the

revolute joint in the coordinate system, ¥(x, t) is the absolute angle of the i link,

6i(x, t) is the relative angle of the i™ link with respect to previous link, and I; is the

length of the link (i=1, 2, 3,4,...,n). Without loss of generality, if the body length of

the robotic fish is denoted by L and the total number of links is denoted by n, the

following relationship can be assumed,

n

LzZl-zm/I

i
i=1

The relative angle of the i link in Fig. B.1 can be calculated by

O =vi-vi,
and
v, =arctan 21— it
X =Xy

The expression of the relative angle of the i link can then be obtained as

0, = arctan Y1 _gretan Yt Y2 =53

Xi =X Xiig — X,

and
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0, =y, =arctan Y (B.5)

Xl
It is noted that in the swimming motion the i link always rotates about the joint with
previous link. As a result, the constrain equation for the position of joints can be
given by
(yi - yi—1)2 + (Xi - Xi—l) = Ii2 (B.6)
where y, = f(x;,t). The gesture of the fish body defined by the motion function is a

two dimensional function with respect to time and position.

The waveform can be thought of a result of oscillations of all linkages in a
coordinated manner. Those oscillations should be governed by gait functions of time
t. The expression of the gait given by Eq. (B.4) is stilled coupled with the position.
To find out this time-dependant function, look into an example depicted in Fig. B.2.
Here, it can be assumed that the fish body generates n, waveform and the active part
of body is fitted by three rigid links with lengths of I;, I, and I3 respectively. The
oscillation frequency of linkages is setto 1 Hz. The casesatt=0.2sand t=0.6 s are

shown in Fig. B.2 as examples.

The three joint angels in are depicted in Fig. B.3. As those angles show obvious
periodical patterns, they can be modeled by a harmonic function:

arctan i i=1

6(t) = X (B.7)
Asin2zft+¢,;) otherwise

where ¢; is the phase difference between two adjacent linkages.
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Fig. B.2 A body curve fitting example by rigid body linkages. Three links are

employed. All dimensions are normalized to the body length.
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Fig. B.3 Joint angles in one cycle.
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Next the joint angle can be decoupled from the position variables by using the time-
dependant function given by Eq. (B.7). The values of A;j and ¢g4;need to be found. It
can be seen from Fig. B.3 that the Ai is the peak value of the joint angels and ¢q; is
the phase difference of peaks of different joints. Therefore, the procedure of finding
A; then becomes a problem to find the maximum value of the corresponding joint

angel, which can be defined by the following equation:
Yia VYo

7Y grotan Y= Y2y (B.8)

A =max(6) = max(arctan
X =X, Xy =X,

The variables in the equation are subject to the following constrains:
(Y, — ¥ )* + (X —x_,)—r* =0 (Joint rotation)

y, — f(x,t) =0 (Body curve fitting)

6, = arctan Lsin(27r ft)
Xl

i=12,..nand 0<t <%

By further comparing the time of distinct links when the maximum angle value

appears, the phase difference can be given by:
0y, =L -~ Umax(@)]p <2 (8.9)

where t[max(6;)] denotes the time as the i™ link reaches its maximum position with

respect to previous link in one cycle.
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Appendix C Specifications of Force Sensors

The cranks can be regarded as oscillating cantilever [183]. Strain gauges are used to
measure the bending and therefore obtain the interaction force with water (see Fig.
7.5). Cranks are made of high strength aluminum alloy (its Young’s Module is 70
GPa). Four strain gauges are mounted on the polished surface of each crank in form
of Wheatstone bridge, as shown by Fig. C.1 and Fig. C.2.

, 50 mm -
Z~—~_ R1
1 /2T R3 10mm
— |
— R2 R4 T 25 mm Gravity

Weight ‘

Fig. C.1 Geometries of a crank and the bonding of strain gauges.

Fig. C.2 Connection of strain gauges (R1-R4) in form of Wheatstone bridge. A
precision constant voltage source is applied to drive the circuit.
U AR AR, AR, AR

AU == (
4R R, R, R,

*) =Sl (C.1)

where Ui, is the excitation voltage of the bridge, AU is the output of the Wheatstone
bridge, the resistance of the strain gauges are R1=R2=R3;=R;=R, ¢ is the strain and {

is the gauge factor. The specifications of the strain gauges are listed in Table C.1.
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Fig. C.3 Output voltage of force sensors under different balance weights. Circle dots
denote data recorded in calibration. Lines are linear fittings of experimental data. y

denotes the voltage output and x is the mass of balance weights.
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Table C.1 Specification of strain gauge.

Resistance, R | Gauge factor, | Gauge size | Coefficient of thermal expansion

350+ 2.15 +1% 5mm X 3mm 23.0 X 10°/°C

The theoretical output of the force sensor can be obtained by using Eq. (C.1). But the
calculation may not be accurate enough owing to two major reasons: (i) the size of
the elastomer (the aluminum alloy crank) can hardly be precise because of the
imperfect machining; and (ii) because the mounting surface is manually polished by
using sand paper and the strain gauges are manually bonded, the quality of all force
sensors may not be uniform. Calibrations of those force sensors were made to find
the relationship between the input force and the output readings. High precision
balance weight is used to perform the static calibration for each force sensor (see Fig.
C.1). The local gravity acceleration (in Singapore) is 9.7807 m/s?. The linear
calibration results are plotted in Fig. C.3. Linear regression is performed to find the
output equation for each sensor. The average relative error is smaller than 0.5%. The
According to the data plotted in Fig. C.3, the linearity of sensors can be calculated by
L, = Ymac . 100[F.S%] < 0.1% (C.2)
Yes
where Ls is the linearity index, Aymax iS the maximum difference between the
measured outputs of sensors and the value predicted by the regression equations

given in Fig. C.3, and ygsis the full scale reading of sensor output.
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Appendix D Source Codes of GA

The following codes are implemented with Matlab™ 2008. It performs Genetic
Algorithms used in Chapter 7. The codes are mainly revised from the GA toolbox

developed by Sheffield University, Britain.

o
=
o)
o}
o
3
0
[}

o)
o)
o)
0.
3

ype: matlab *.m code

NIND = 2; % number of individuals

MAXGEN = 3; % maximum number of generations
NVAR = 10; % dimension of the function
PRECI = 5; % precision of variables

GGAP = 0.9; % generation gap

o)

s connect to FTP server
cRIO = ftp('155.69.135.151", '"Fisherman', "fish'");
ascii (cRIO);

ObjEx = zeros (NIND, 1);

dlmwrite ('ObjEx.txt', ObjEx, 'precision', '$.1f','newline', 'pc');
mput (cRIO, 'ObjEx.txt');

% create Stat on local disk

Stat = 0;

dlmwrite('Stat.txt', Stat, 'precision', '%d', 'newline', 'pc');

% create ChromEx on local disk

% buidl field descriptor

FieldDR = [ rep([0;45],[1,NVAR-3]) [25;45] [1.0;2.5] [1.0;1.011;
% innitialization

Chrom = CrtChrom4 (NIND, FieldDR); % initial population

[

gen = 0; % counter

dlmwrite ('ChromEx.txt', Chrom, 'precision', '%.1f','newline', 'pc');

mput (cRIO, 'ChromEx.txt');

% obtain obj from FTP

obj = GetObj (cRIO,gen);

gen = gen+l;

record = [obj Chrom];

while gen<MAXGEN
fit = ranking(-obj); % caculate fitness
SelCh = select('sus', Chrom, fit, GGAP); % selection
SelCh = recombin('CrossOverd', SelCh, 0.7); % crossover
SelCh = Mutation4 (SelCh, FieldDR); % mutation

% re-evaluate the objective function

dlmwrite ('ChromEx.txt', SelCh, 'precision', '%.1lf', 'newline',
'pC'),’

mput (cRIO, 'ChromEx.txt');

186



obj sel = GetObj (cRIO, gen);

[Chrom obj] = reins(Chrom, SelCh, 1, 1, obj, obj sel);
generation

CurrentGen = [obj Chrom];

record = [record; CurrentGen];

gen = gen + 1;

trace(gen,l) = max(obj);% tracing the performance

trace(gen,2) = sum(obj)/length (obj) ;

[BestObj BestIdx] = max(obj);

BestGen(gen, :) = [Chrom(BestIdx,:) BestObjl;

end

[OPT OptIdx] = max(BestGen(:,NVAR+1));
Solution = BestGen (OptIdx, :)
dlmwrite('record.txt', record, 'precision', '
plot (trace(:,1)");

hold on;

plot(trace(:,2)', '-.");

grid;

legend ('evolving of solution', 'evolving of population');

saveas (gcf, 'output', 'm'");

[

% End of function

%.2f', "newline'

[

s new

pc');

$file name: CrtChrome.m

$function: create chromosome

Stype: matlab *.m code

0000000 000000000 0.0 0 0 0.0 0 0 0.0 0 0 0.0 0 0 0.0 0 0 0.0 0 0 0.0 O

function Chrom = CrtChrom4 (Nind, FieldDR) ;

% Check parameter consistency

if nargin < 2, error('parameter FieldDR missing'); end
% if nargin > 2, nargin = 2; end
[mN, nN] = size (Nind) ;

[mF, Npara] = size(FieldDR) ;

if (mN ~= 1 & nN ~= 1), error('Nind has to be a scalar');
if mF ~= 2, error('FieldDR must be a matrix with 2 rows');

oe

o\°

Range = FieldDR (2, :)-FieldDR (1, :);
Lower = FieldDR(1, :);
Nvar = Npara-2;
Chrom zeros (Nind, Npara);
Lower = FieldDR(1,:);
Range = FieldDR (2, :)-FieldDR (1, :);
for i=1:Nind

o\°

Chrom(i, :) = rand(l,Npara).*Range+Lower;
end
% Chrom(:,Nvar) = rand(Nind, 1) *Range (Nvar) +Lower (Nvar) ;
amp _d = 8;
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Create initial population
Each row contains one individual, the wvalues of each variable
uniformly
% distributed between lower and upper bound (given by FieldDR)
for i=1:Nind
for j=Nvar-1l:-1:1
Higher(j) = Chrom(i,j+1);
Range (j) = min( Higher (j)-Lower(j), amp_d);
Chrom(i,j) = Higher (j)-rand() *Range(3j);
end
end

o
°
o
°

[

% End of function

matlab *.m code
0.0 0 0 0.0 0 0

0000000000000000000000000000000000000000000000

function obj = GetObj (cRIO, gen)

% Check whether Stat=0
fprintf ('Processing Generation %d \n',gen);
while dlmread('Stat.txt') == 0
pause (1) ;
end
% clear Stat in local disk. then upload Stat to server
mget (cRIO, 'ObjEx.txt');
dlmwrite('Stat.txt', 0, 'precision', '%d', 'newline', 'pc'):;
% return obj downloaded from server
obj = dlmread('ObjEx.txt");
while isempty (ob7j)
mget (cRIO, 'ObjEx.txt');
pause (0.5) ;
obj = dlmread('ObjEx.txt");
end
fprintf ('Optimal Obj. in Generation %d is %.3f\n',gen,
max (obj (:,1)));

[

% End of function

$file name: rank.m
$function: evaluate fitness of individuals
St :

Q

Input parameters:
ObjV - Column vector containing the objective values of the

o e oe
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o\

individuals in the current population (cost wvalues).
RFun - (optional) If RFun is a scalar in [1, 2] linear ranking is
assumed and the scalar indicates the selective pressure.
If RFun is a 2 element vector:
RFun (1) : SP - scalar indicating the selective pressure
RFun (2) : RM - ranking method
RM = 0: linear ranking
RM = 1: non-linear ranking
If RFun is a vector with length(Rfun) > 2 it contains the fitness
to be assigned to each rank. It should have the same length as
ObjV. Usually RFun is monotonously increasing. If RFun is omitted
or NaN, linear ranking and a selective pressure of 2 are assumed.

A0 0° A o° A o° o O° o° d° d° o

o

SUBPOP - (optional) Number of subpopulations
if omitted or NaN, 1 subpopulation is assumed

o° oo

o\

Output parameters:
FitnV - Column vector containing the fitness values of the
individuals in the current population.

o

o

function FitnV = ranking(ObjV, RFun, SUBPOP);

[

% Identify the vector size (Nind)
[Nind, ans] = size (0bjV);

if nargin < 2, RFun = []; end
if nargin > 1, if isnan(RFun), RFun = []; end, end
if prod(size (RFun)) == 2,

if RFun(2) == 1, NonLin = 1;

elseif RFun(2) == 0, NonLin = 0;

else error ('Parameter for ranking method must be 0 or 1'); end
RFun = RFun(l);
if isnan (RFun), RFun = 2; end
elseif prod(size (RFun)) > 2,
if prod(size (RFun)) ~= Nind, error('ObjV and RFun disagree');
end
end

if nargin < 3, SUBPOP = 1; end
if nargin > 2,
if isempty (SUBPOP), SUBPOP = 1;
elseif isnan (SUBPOP), SUBPOP = 1;
elseif length (SUBPOP) ~= 1, error('SUBPOP must be a scalar');
end
end

if (Nind/SUBPOP) ~= fix (Nind/SUBPOP), error ('ObjV and SUBPOP
disagree'); end
% Compute number of individuals per subpopulation
Nind = Nind/SUBPOP;
Check ranking function and use default values 1f necessary
if isempty (RFun),
linear ranking with selective pressure 2
RFun = 2*[0:Nind-1]"'/(Nind-1);
elseif prod(size(RFun)) == 1
if NonLin == 1,
non-linear ranking

oe

oe

o
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if RFun(l) < 1, error('Selective pressure must be greater
than 1');

elseif RFun(l) > Nind-2, error('Selective pressure too
big'); end

Rootl = roots ([RFun(l)-Nind [RFun(1l)*ones (1,Nind-1)]1):;
RFun = (abs(Rootl(l)) * ones(Nind,1)) .7~ [(0:Nind-1)"'];
RFun = RFun / sum(RFun) * Nind;

else

o)

% linear ranking with SP between 1 and 2

if (RFun(l) < 1 | RFun(l) > 2),
error ('Selective pressure for linear ranking must be
between 1 and 2'");
end
RFun = 2-RFun + 2* (RFun-1)*[0:Nind-1]"'/ (Nind-1);
end
end;
Fitnv = [1;

o)

% loop over all subpopulations
for irun = 1:SUBPOP,
% Copy objective values of actual subpopulation
ObjVSub = ObjV((irun-1) *Nind+1l:irun*Nind) ;
Sort does not handle NaN values as required. So, find those...
NaNix = isnan (ObjVSub) ;
Validix = find (~NaNix) ;
and sort only numeric values (smaller is better).
[ans,ix] = sort (-ObjVSub (Validix));

o

oe

oe

Now build indexing vector assuming NaN are worse than numbers,
(including Inf!)...
ix = [find(NaNix) ; Validix (ix)];
and obtain a sorted version of ObjV
Sorted = ObjVSub (ix) ;

o

o\°

o\°

Assign fitness according to RFun.

i=1;

FitnVSub = zeros(Nind, 1) ;

for j = [find(Sorted(1:Nind-1) ~= Sorted(2:Nind)); Nind]',
FitnVSub (i:j) = sum(RFun(i:j)) * ones(j-i+1,1) / (j-i+1);
i =j+1;

end

oe

Finally, return unsorted vector.
[ans,uix] = sort (ix):;
FitnVSub = FitnVSub (uix);

% Add FitnVSub to FitnV
FitnV = [FitnV; FitnVSub];
end

% End of function
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function select (hndl)

ud = getscribeobjectdata (hndl.HGHandle) ;
MLObj = ud.ObjectStore;

select (MLObJ) ;

[

% End of function

990000000000 0000009000000000000000000000000000900009000000000
OO0OO0OO0OO0OO0OO0OOOODOOODODOODODOOODODOODODOOODODOODODOOODODOODODOOOOOODODOODOOOODOO™O
%$file name: recombin.m

$function: recombine pairs of individuals (crossover)
%type: matlab *.m code

00 0 00 00000000000 00 0 00 00 0 00 00 0 00 00 0 00 00 0 00 00 0 00

990000000000000000000000000000000000000000000 0

Syntax: NewChrom = recombin(REC F, OldChrom, RecOpt, SUBPOP)

o° o

o

Input parameters:
REC F - String containing the name of the recombination or
crossover function
Chrom - Matrix containing the chromosomes of the old
population. Each line corresponds to one individual
RecOpt - (optional) Scalar containing the probability of
recombination/crossover occurring between pairs of
individuals. If omitted or NaN, 1 is assumed
SUBPOP - (optional) Number of subpopulations
if omitted or NaN, 1 subpopulation is assumed

A° 0 A A A° o° o° o° o°

o

Output parameter:
NewChrom - Matrix containing the chromosomes of the population
after recombination in the same format as OldChrom.

o° o oe

function NewChrom = recombin (REC_F, Chrom, RecOpt, SUBPOP);

o)

% Check parameter consistency
if nargin < 2, error('Not enough input parameter'); end

% Identify the population size (Nind)
[Nind,Nvar] = size(Chrom);

if nargin < 4, SUBPOP = 1; end
if nargin > 3,
if isempty (SUBPOP), SUBPOP = 1;
elseif isnan (SUBPOP), SUBPOP = 1;
elseif length (SUBPOP) ~= 1, error ('SUBPOP must be a scalar');
end
end

if (Nind/SUBPOP) ~= fix (Nind/SUBPOP), error ('Chrom and SUBPOP
disagree'); end

Nind = Nind/SUBPOP; % Compute number of individuals per
subpopulation
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if nargin < 3, RecOpt = 0.7; end
if nargin > 2,

if isempty (RecOpt), RecOpt = 0.7;

elseif isnan (RecOpt), RecOpt = 0.7;

elseif length (RecOpt) ~= 1, error('RecOpt must be a scalar');
)

elseif (RecOpt < 0 | RecOpt > 1
scalar in [0, 1]"); end
end

, error ('RecOpt must be a

%Select individuals of one subpopulation and call low level function
NewChrom = [];
for irun = 1:SUBPOP,
ChromSub = Chrom((irun-1)*Nind+1l:irun*Nind, :);
NewChromSub = feval (REC_F, ChromSub, RecOpt);
NewChrom=[NewChrom; NewChromSub];
end

% End of function

ile name: mu

o

Syntax: NewChrom = mutbga (0ldChrom, FieldDR, MutOpt)

Input parameter:

o° 0 od° oe oe

OldChrom - Matrix containing the chromosomes of the old
population. Each line corresponds to one individual.
FieldDR - Matrix describing the boundaries of each wvariable.
MutOpt - Vector containing mutation rate and shrink value
MutOpt (1) : MutR - number containing the mutation rate -

probability for mutation of a variable if omitted or NaN, MutR =
1/variables per individualis assumed MutOpt (2): MutShrink -
(optional) number for shrinking the mutation range in the range
[0 1], possibility to shrink the range of the mutation depending
on, for instance actual generation. If omitted or NaN, MutShrink
= 1 is assumed

o° 0 d° o° oe

o° 0 d° o° oe

Output parameter:
NewChrom - Matrix containing the chromosomes of the population
after mutation in the same format as OldChrom.

o oo

function NewChrom = Mutation3 (0ldChrom, FieldDR, MutOpt) ;

o)

% Check parameter consistency
if nargin < 2, error('Not enough input parameter'); end

% Identify the population size (Nind) and the number of variables
(Nvar)
[Nind,Nvar] = size (OldChrom) ;

size (FieldDR) ;

[mF, nF] =
= 2, error('FieldDR must be a matrix with 2 rows'); end

if mF ~
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if Nvar ~= nF, error('FieldDR and OldChrom disagree'); end
if nargin < 3, MutR = 1/Nvar; MutShrink = 1;
elseif isempty (MutOpt), MutR = 1/Nvar; MutShrink = 1;
elseif isnan (MutOpt), MutR = 1/Nvar; MutShrink = 1;
else
if length (MutOpt) == 1, MutR = MutOpt; MutShrink = 1;
elseif length (MutOpt) == 2, MutR = MutOpt(l); MutShrink =
MutOpt (2) ;
else, error (' Too many parameter in MutOpt'); end
end
if isempty (MutR), MutR = 1/Nvar;
elseif isnan (MutR), MutR = 1/Nvar;
elseif length (MutR) ~= 1, error('Parameter for mutation rate must
be a scalar'):;
elseif (MutR < 0 | MutR > 1), error('Parameter for mutation rate
must be a scalar in [0, 1]'); end
if isempty (MutShrink), MutShrink = 1;
elseif isnan (MutShrink), MutShrink = 1;
elseif length (MutShrink) ~= 1, error('Parameter for shrinking

mutation range must be a scalar');

elseif (MutShrink < 0 | MutShrink > 1),
error ('Parameter for shrinking mutation range must be a scalar
in [0, 1]");
end

%

Matrix with range values for every variable
Range rep (0.5 * MutShrink * (FieldDR(2,:)-FieldDR(1l,:)), [Nind

11);

o

3 zeros and ones for mutate or not this variable, together with

Range
Range = Range .* (rand(Nind,Nvar) < MutR);
% compute, if + or - sign
Range = Range .* (1 - 2 * (rand(Nind,Nvar) < 0.5));

oe

used for later computing, here only ones computed

ACCUR = 5;

Vect = 2 .~ (=(0: (ACCUR-1))");

Delta = (rand(Nind,ACCUR) < 1/ACCUR) * Vect;
Delta = rep(Delta, [l Nvar]):;

o

¢ perform mutation
variation Range.*Delta;
NewChrom (:,Nvar-2)=01dChrom(:,Nvar-2)
for i=1:Nind
for j=Nvar-3:-1:1
MutedCh OldChrom (i, j) +variation(i,Jj);
if MutedCh<= NewChrom(i,j+1) NewChrom(i, j)
elseif O0ldChrom (i, j)<=NewChrom (i, j+1)
OldChrom (i, J);
else NewChrom (i, J)
end
end

+ variation(:,Nvar-2);

= MutedCh;
NewChrom (i, 3J)

= NewChrom (i, j+1);

193



end
NewChrom(:,Nvar-1) = 0OldChrom(:,Nvar-1) + variation(:,Nvar-1);
NewChrom(:,Nvar) = OldChrom(:,Nvar) + wvariation(:,Nvar);

% Ensure variables boundaries, compare with lower and upper
boundaries
NewChrom = max (rep (FieldDR(1l,:), [Nind 1]), NewChrom);
NewChrom = min(rep(FieldDR(2,:), [Nind 1]), NewChrom);

o)

% End of function

%$file name: reins

$function: recombine pairs of individuals to produce new ones
Stype: matlab *.m

2900 99900000000000000000000000000000009

8990000000 0

Input parameters:
Chrom - Matrix containing the individuals (parents) of the current
population. Each row corresponds to one individual.
SelCh - Matrix containing the offspring of the current
population. Each row corresponds to one individual.

o 0o oe

d° 0 od° oe oe

SUBPOP - (optl) Number of subpopulations
if omitted or NaN, 1 subpopulation is assumed
InsOpt - (optl) Vector containing the insertion method parameters
ExOpt (l): Select - number indicating kind of insertion
0 - uniform insertion
1 - fitness-based insertion

if omitted or NaN, 0 is assumed
ExOpt (2): INSR - Rate of offspring to be inserted per
subpopulation (% of subpopulation) if omitted or NaN, 1.0
(100%) 1is assumed
ObjVCh - (optional) Column vector containing the objective values
of the individuals (parents - Chrom) in the current
population, needed for fitness-based insertion
saves recalculation of objective values for population
ObjVvSel - (optl) Column vector containing the objective values
of the offspring (SelCh) in the current population, needed for
partial insertion of offspring,saves recalculation of objective
values for population

A0 0 A o° 0 O° o° o° o o°

o° 0 d° oPe oe

Output parameters:

Chrom - Matrix containing the individuals of the current
population after reinsertion.

ObjVCh - if ObjVCh and ObjVSel are input parameter, than column
vector containing the objective values of the individuals
of the current generation after reinsertion.

o° 0 d° oPe oe

o oo

Check parameter consistency

if nargin < 2, error('Not enough input parameter'); end

if (nargout == 2 & nargin < 6), error('Input parameter missing:
ObjVCh and/or ObjVSel'); end

o\°

[NindP, NvarP] = size (Chrom);
[NindO, NvarQ] = size (SelCh);
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if nargin == 2, SUBPOP = 1; end
if nargin > 2,
if isempty (SUBPOP), SUBPOP = 1;

elseif isnan (SUBPOP), SUBPOP 1;
elseif length (SUBPOP) ~= 1, error ('SUBPOP must be a scalar');
end
end
if (NindP/SUBPOP) ~= fix (NindP/SUBPOP), error ('Chrom and SUBPOP
disagree'); end
if (NindO/SUBPOP) ~= fix (NindO/SUBPOP), error ('SelCh and SUBPOP

disagree'); end

NIND = NindP/SUBPOP; % Compute number of individuals per
subpopulation

NSEL = NindO/SUBPOP; % Compute number of offspring per
subpopulation

IsObjVvCh = 0; IsObjVvSel = 0;

if nargin > 4,
[mO, nO] = size (0ObjVCh);
if nO ~= 1, error('ObjVCh must be a column vector'); end
if NindP ~= mO, error('Chrom and ObjVCh disagree'); end
IsObjVvCh = 1;

end

if nargin > 5,
[mO, nO] = size(0ObjVSel);
if nO ~= 1, error('ObjVSel must be a column vector'); end
if NindO ~= mO, error('SelCh and ObjVSel disagree'); end
IsObjVvSel = 1;

end

if nargin < 4, INSR = 1.0; Select = 0; end
if nargin >= 4,
if isempty(InsOpt), INSR = 1.0; Select = 0;
elseif isnan(InsOpt), INSR = 1.0; Select =
else
INSR = NaN; Select = NaN;
if (length(InsOpt) > 2), error('Parameter InsOpt too long');

0;

end
if (length(InsOpt) >= 1), Select = InsOpt(l); end
if (length(InsOpt) >= 2), INSR = InsOpt(2); end
if isnan(Select), Select = 0; end
if isnan (INSR), INSR =1.0; end
end
end
if (INSR < 0 | INSR > 1), error('Parameter for insertion rate
must be a scalar in [0, 1]1"); end
if (INSR < 1 & IsObjVvSel ~= 1), error('For selection of offspring
ObjVSel is needed'); end
if (Select ~= 0 & Select ~= 1), error('Parameter for selection
method must be 0 or 1'); end
if (Select == 1 & IsObjVCh == 0), error('ObjVCh for fitness-based
exchange needed'); end
if INSR == 0, return; end
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NIns = min (max (floor (INSR*NSEL+.5),1),NIND); % Number of
offspring to insert

[

% perform insertion for each subpopulation
for irun = 1:SUBPOP,

% Calculate positions in old subpopulation, where offspring
are inserted

if Select == 1, % fitness-based reinsertion

[Dummy, ChIx] = sort(-0ObjVCh((irun-1)*NIND+1l:irun*NIND)) ;
else % uniform reinsertion

[Dummy, ChIx] = sort (rand(NIND,1));
end

PopIx = ChIx((l:NIns)')+ (irun-1)*NIND;
% Calculate position of Nins-% best offspring
if (NIns < NSEL), % select best offspring
[Dummy, OffIx] = sort(ObjVSel ((irun-1)*NSEL+1l:irun*NSEL)) ;
else
OffIx = (1:NIns)';
end
SelIx = OffIx((1l:NIns)')+ (irun-1)*NSEL;
% Insert offspring in subpopulation -> new subpopulation

Chrom(PopIx,:) = SelCh(Sellx,:);
if (IsObjVvCh == 1 & IsObjVSel == 1), ObjVCh (PopIx) =
ObjVvSel (SellIx); end

end

[

% End of function

$file name: powerl.m

$function: main program for optimization of energy efficiency
$type: matlab *.m code

5555555555555 %%555%%55%5%%%55%5%%%555%%%55%5%5%%55%5%%%5%5%5%5%%

NIND = 10; % number of individuals

MAXGEN = 60; % maximum number of generations

NVAR = 10; % dimension of the function

PRECI = 5; % precision of variables

GGAP = 0.9; % generation gap

% connect to FTP server
cRIO = ftp('155.69.135.151", '"Fisherman', '"fish'");
ascii (cRIO);

ObjEx = zeros (NIND, 1);
dlmwrite ('ObJjEx.txt', ObjEx, 'precision', '%$.2f','newline', 'pc');
mput (cRIO, 'ObjEx.txt');

% create Stat on local disk

Stat = 0;

dlmwrite('Stat.txt', Stat, 'precision', '%d', 'newline', 'pc');

% create ChromEx on local disk

% buidl field descriptor

FieldDR = [ rep([0;40],[1,NVAR-3]) [25;40] [0.8;2.5] [1.0;1.011;

[

% innitialization
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Chrom = CrtChrom4 (NIND, FieldDR); % initial population

[

gen = 0; % counter

dlmwrite ('ChromEx.txt', Chrom, 'precision', '%.2f', 'newline',

mput (cRIO, 'ChromEx.txt');

% obtain obj from FTP
data = GetObj (cRIO,gen);
obj = data(:,1);

print obj = obj'

gen = gen+l;

ChRec = [obj Chrom];
PowerRec = data;

while gen<MAXGEN
fit = ranking(-round(obj)); % caculate fitness
SelCh = select('sus', Chrom, fit, GGAP);
SelCh = recombin('CrossOverd', SelCh, 0.7);
SelCh Mutation4 (SelCh, FieldDR) ; %

o° oP

% re-evaluate the objective function

vpCV);

selection
crossover
mutation

dlmwrite ('ChromEx.txt', SelCh, 'precision', '%.2f', 'newline',

vpcv);
mput (cRIO, 'ChromEx.txt');
data sel = GetObj (cRIO, gen);
obj sel = data sel(:,1);

tmpl = obj;

[Chrom obj] = reins(Chrom, SelCh, 1, 1, tmpl, obj sel);
generation
ChRec = [ChRec; [ob]j Chrom]];

[data tmp2] = reins(data, data sel, 1, 1, tmpl, obj sel);

new generation
PowerRec = [PowerRec; datal;

gen = gen + 1;
trace(gen, 1) max (obj) ;% tracing the performance
trace(gen,2) = sum(obj)/length (obj);

I~

[BestObj BestIdx] = max(obj);
BestGen (gen, :) = [Chrom(BestIdx,:) BestObjl;
end

[OPT OptIdx] = max(BestGen(:,NVAR+1));
Solution = BestGen (OptIdx, :)
dlmwrite ('ChRec.txt', ChRec, 'precision',

plot (trace(:,1)");

hold on;

plot(trace(:,2)"', '-.");

grid;

legend ('evolving of solution', 'evolving of population');
saveas (gcf, 'output', 'm'");

[

% End of function

$.2f', "newline'

)
4

pc');
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