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Chapter 1: Introduction

1.1 Motivation

Remotely operated vehicles (ROVs) are widespread and versatile, being ap-
plicable to deep-sea exploration and mining [1], marine research [2], hull inspec-
tion [3], and wreckage surveying [4]. To accomplish these tasks, ROV control is
typically accomplished through a variety of methods ranging from direct human-in-
the-loop control to autonomous, logic-driven control [5]. Controllers for autonomous
or semi-autonomous operation have been designed through a variety of feedback
frameworks, including feedback linearization [6, 7], robust control [8, 9], and adap-
tive control [9, 10].

Most ROV operations are accomplished by semi-autonomous or full human
control, whereby direct commands from an operator are either processed by a con-
troller or fed directly to individual thrusters [5]. Direct-controlled ROVs typically
have orthogonal thruster con gurations that allow for intuitive translations from
commands to thrusts, but such actuator placement can complicate the vehicle de-
sign. As a result, fewer thrusters are often used, thus limiting maneuverability
of the ROV [5]. To maintain generality, this work analyzes an ROV that has a

speci ¢ thruster placement con guration to accomplish fully actuated control. An
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auto-stabilizing control system is assumed to process user commands into setpoints.
To improve tracking performance of user-de ned trajectories, actuator dynam-
ics are often important factors to take into account for controller design [11{13].
This often involves creating a feedback loop on the thrust output of ROV thrusters,
which is not a directly measurable quantity in practice [14]. Instead, motor dynam-
ics of thrusters are typically modeled by measurable states like propeller speed which
typically can be measured [15]. This means a mathematical model of thrust must
be used based on thruster states to determine what commands must be given to
achieve a desired thrust. A variety of thrust models have been proposed and remain

a common point of research for accurately describing thruster behavior [11,12,16].

1.2 Relation to State of the Art

To enhance controller performance and reduce limit-cycle behavior for ROVs,
actuator dynamics are typically accounted for in the control design [8, 11, 13, 15,
17{19]. A variety of methods for modeling thrusters for underwater vehicles have
been developed in previous work. A two-state axial ow dynamic model [11,12,18]
accounts for thrust overshoot but is limited to uni-directional ow characterization.

A two-state rotational ow model [13] has no more model accuracy than the axial
ow model. Lastly, a multi-directional axial ow model [20] requires a large number
of parameters to be identi ed with extensive system testing. This work initially
expands upon a single-state voltage-driven thruster model presented in [8]. The

system analyzed in this thesis uses an analog voltage signal (throttle) as the control



input for the thruster dynamics, which also exhibit a dead zone nonlinearity. After
the single-state dynamics are analyzed, the control results are extended to a higher-
order system that accounts for axial uid velocity.

In previous work, robust and adaptive control techniques have been used for
dead zone compensation in the absence of well-identi ed model parameters [21,22].
This work utilizes feedback linearization to compensate for nonlinearities in thruster
dynamics, because high-quality propeller speed, thrust, and torque data obtained
from a six-axis Gough-Stewart platform load cell are available [23].

When extended to higher-order models, thruster dynamics become more di -
cult to model and compensate in controller designs [8, 18, 20, 24]. Thrust losses due
to uid velocity typically can be well modeled but must be estimated without mea-
surements in practical settings [12,14,16,18]. This complication typically prohibits
backstepping designs that could be used for simpler single-state models, and estima-
tion methods also can present issues [25]. An extended Kalman Iter (EKF) could
be easily implemented on the nonlinear system, but with limited measurements and
a highly nonlinear model this risks having the Iter diverge [26,27]. This work opts
for a nonlinear observer form for estimating axial velocity in hydrodynamic thruster
models that has global convergence guarantees in order to avoid issues presented by
the EKF [18, 28].

To identify models for thrusters, often single-axis Bollard pull load cell systems
are used to measure thrust [11, 17,29, 30]. Such loading systems can be prone to
error and do not o er characterization of other loads like reaction torque, which may

be characterizing in multi-axis loading setups [13,23]. This work uses a six-axis load
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cell oriented in a Gough-Stewart platform design to measure force and moment loads
in multiple directions, which allows versatility in characterization capability [31{34].

Gough-Stewart platform-based load cell designs are well documented and analyzed
systems, and o er capability to resolve forces and moments along principal axes

with great accuracy compared to Bollard systems [31].

1.3 Technical Approach

This work is presented with relevance to the application of ROVs to aquatic
imaging, the primary function of an ROV under development by the National
Geographic Society (NGS) shown in Fig. 1.1. Underwater Immaking requires
smooth setpoint tracking with human-in-the-loop operations. Reference setpoint at-
titudes and velocities are typically generated through user input and, for complicated
thruster con gurations, controllers are capable of e ectively tracking commanded
trajectories. This is the framework assumed when addressing control problems in
this work. Often ROVs maintain only active closed-loop control of three or four
degrees of freedom (DOFs), while allowing roll and pitch parameters to be passively
stabilized by relying on the natural stability of the vehicle due to the relative loca-
tions of the centers of gravity and buoyancy [5,7,8,35,36]. However, for the purposes
of deep-sea imaging, it is useful to have full user control of all attitude parameters,
similar to a multi-rotor aerial drone, in order to obtain the desired cinematic e ects.

Thruster dynamics are compensated by model-based nonlinear control strate-

gies in this work. This is typically done using at least the propeller angular velocity



Figure 1.1: Computer rendering of the ROV under development by the National
Geographic Society.

as a state, if not with axial uid velocity through the thruster as another state.
The angular velocity is typically measurable via tachometers common in thruster
motors, and is also the only directly actuated state. Fluid velocity, in contrast, is
not typically directly measurable outside of experimental settings, and is typically
only indirectly actuated via the thrust output of the thruster. Due to these factors,
estimation methods are necessary to construct an estimate of velocity without direct
measurements of the state for the purposes of compensation of uid velocity e ects
on thrust [14, 18, 37].

Modeling thruster dynamics and thrust output was completed with a six-
axis load cell setup in a Gough-Stewart platform orientation [23]. Fluid velocity

measurements for hydrodynamic characterization were obtained with an acoustic



Figure 1.2: Images of Techadyne thruster used for testing and modeling in this work.

Doppler velocimeter (ADV). Both the load cell and ADV were utilized in control
experiments to have access to ambient uid velocity measurements for estimation as
well as thrust measurements for performance evaluation. A Tecnadyne model 280

thruster was used for all characterization and control experiments (see Fig. 1.2).

1.4 Contributions of Thesis

The contributions of this thesis are:

1. A framework for system identi cation of multiple dynamic thruster models
using a six-axis load cell in a Gough-Stewart platform arrangement. Data
processing methods for the load cell are outlined and models are t using
optimization techniques. Extensions to the characterization of thrust losses
due to uid velocity is done with acoustic Doppler velocimeter measurements

in tandem with load cell measurements.



2. A nonlinear control law for throttle-controlled thruster dynamics with input
dead zones using experimentally obtained parameters. Lyapunov analysis is

used to prove stability of the closed-loop thruster dynamics.

3. Implementation of the feedback-linearizing and dead-zone-compensating thruster
controller for the six degree-of-freedom (DOF) attitude and velocity setpoint

tracking of an ROV with throttle-controlled thruster dynamics.

4. A practical extension of a nonlinear observer previously derived to construct
an estimate of the axial uid velocity through the propeller duct of a thruster.
The extension includes considerations for noise present in measurements that
were not considered in the design of the original observer. Incorporation of
estimates into the dead-zone-compensating controller is addressed for uid

velocity compensation.

5. Experimental evaluation of output feedback control methods using the dead-
zone-compensating controller combined with the nonlinear observer, as well as
a variant with noise considerations. Thrust tracking performance is compared
between controller/estimator combinations based o of di erent dynamic mod-

els.

6. Simulated performance of a full vehicle tracking control scenario using all
controller/estimator/model combinations to evaluate the potential bene ts of

compensating for thruster dynamics with varying levels of complexity.



1.5 Outline of Thesis

The organization of this thesis is as follows. Chapter 2 presents the full six
DOF equations of motion for a rigid-body ROV and a feedback-linearizing thrust
control law to stabilize the setpoint-tracking dynamics of the system. Chapter 3
discusses modeling and control of the rotor-speed dynamics of the thrusters using
a simple dynamic model for nonlinear feedback control. Chapter 4 outlines a more
detailed hydrodynamic model for control purposes as well as presents estimation
methods to determine the values of unmeasured uid velocity states. Chapter 5
evaluates the closed-loop performance of previously derived controllers and estima-
tors through experiments as well as simulations and comparisons are made between
multiple control strategies. Chapter 6 summarizes the thesis and suggest future

work.



Chapter 2: Background: Underwater Vehicle Modeling and Control

This chapter aims to provide necessary background information on underwater
vehicle dynamics and control to su ciently motivate the work in the subsequent
chapters. Section 2.1 presents the equations of motion for a generic underwater
vehicle and necessary parameters to fully describe motion. Section 2.2 presents
a thrust control law to stabilize the closed-loop setpoint-tracking dynamics of an
underwater vehicle. The chosen control law for this system is nonlinear in order
to guarantee global or nearly global stability, but linear control schemes would also
be su cient. Using such a control law de nes a set of desired thrusts that must be
achieved by the system actuators, which motivates the analysis of thruster dynamics

in later chapters.

2.1 Underwater Vehicle Dynamics

The rigid-body dynamics of an underwater vehicle including hydrodynamic
drag and added mass parameters de ned in a body- xed reference frame are typically
expressed in terms of matrices and vectors that group common forces and moments.
The state vector for these equations i = [X;y;z; ; ; ;u;v;w;p;q;r ]* wherex,

y, and z are Earth- xed position coordinates, , , and are the 3-2-1 Euler angles



of roll, pitch, and yaw, respectively, and lastlyu, v, w, p, g, and r are the respective
velocities associated with these degrees of freedom expressed relative to the body
frame [36]. It is convenient to separate the states inta = [ T T]T where
contains the position and orientation terms and contains the velocity and angular
rate terms. The matrix terms include: the rotation and transformation matrix
describing linear velocity and attitude rate of the vehicle body- xed frame relative
to the Earth- xed frame, J( ), the mass and inertia matrix (including added mass
and inertia parameters),M , the nonlinear Coriolis and centripetal matrix,C( ), the
diagonal linear and quadratic hydrodynamic drag matrixD( ), and the restoring
force and moment vector that combines gravitational and buoyancy e ectg( ).
Additionally, the external force/moment vector that combines all other e ects is

denoted as [35]. The equations of motion are then given as [35]

_=3() (2.1)

M_= C() D() ga()+ : (2.2)

It is useful to separate the states further into 3-element vectors. Let=[ | 17
and =[] II"for ;=[xy;z]", ,=[;; I, 1=[uviw]", and ;=
[p;q;r". If absolute position or orientation are not relevant, some or all of the
Earth-relative states may be omitted from the full state vector. This work focuses on
stabilization of the setpoint-tracking dynamics, where the Earth-relative coordinates

X, Y, and z are not of interest for the purposes of estimation and control. Therefore,

the attitude-only state vector = , will be used for most descriptions of control
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laws in the following sections.

The equations of motion given in (2.1) and (2.2) describe rigid body motion
and kinematics supplemented with added mass, drag, buoyancy, and gravitational
parameters. To describe the reference frame rotation, the 3-2-1 Euler Angle rotation
and transformation matrix J( ) characterizes the attitude and rotation rate of the
body- xed frame with respect to the Earth- xed frame, and is given by [35]

2 3

J 0
J()=§l( 2) 332 2.3)
0z 3 Ja( )

where the direction cosine matrixJ;( ,) is de ned as

2 3
cc sc +css ss +ccs

Ja( Z)ZESC cc +sss CS +ssc (2.4)

S (oF cc

and the angular rate transformation matrixJ,( ,) is
2 3
1 st «ct
Ja( p) = EO c S 7 (2.5)

0O s=c c=c

The constant mass and inertia matrix for the equations of motion is typically

11



represented as a summation of two distinct matrices [35]
M :MRB+MA (26)

whereMgg is the rigid body mass and inertia matrix andM » is the hydrodynamic

added mass and inertia matrix.Mgg is written as

2 3

Mep = g mls 3 mS(rG)Z: 2.7

m3(rg) S

Here, m is the full vehicle mass, and ¢ = [Xg;VYs; Zs]" is the vector describing the
position of the center of mass of the vehicle relative to the body frame (often de ned
as the origin of the body frame, i.e.Xxc = Ys = zg = 0). Additionally, I¢ is the

inertia matrix de ned about the center of gravity
2
Ix Ly Ik
IG:E Ly 1y ly, (2.8)
I 2« .y 1y

with the moments of inertia about the body axedy, |y, and |, as well as products
of inertia Iy, = Iy, Iz = I, and 1y, = |,,. The skew-symmetric operatoiS(x) is

de ned as 3

2
0 3 2
S( )=§ s 0 ] (2.9)
2 1

0

12



for any 3-element vector =[ 1; ,; 3]". M, is typically given as a diagonal matrix
of the form

Ma = diagf Xy; Yy, Zw; Kp; Mg; N O (2.10)

where the termsXy, Yy, Zy, Ky, Mg, and N, are added mass parameters accounting
for the additional mass of water moving with the body, which are typically deter-
mined empirically or with computational uid dynamics (CFD) [36]. Note that
under common simplifying casedyl may be diagonal. However, this is greatly de-
pendent on the symmetry of the design of the body, as well as neglecting small
o -diagonal terms that may appear inMa.

The Coriolis and centripetal matrix C( ) combines nonlinear terms from cross
products that arise in the equations of motion. TheC( ) matrix can be represented

as a sum of two matrices [35]
C()=Cra( )+ Cal() (2.11)

where Cgg ( ) is the rigid body Coriolis and centripetal matrix given by

2 3

g mS( 2) mS( 2)S(VG)Z

Cre( )= (2.12)

mS(re)S( ») S(le 2)

and the added Coriolis and centripetal matrixC, can be de ned based on portions

13



of My as 2 3

0s 3 S(A11 1+ A1z )
Ca( )= (2.13)
S(A11 1+ Az 2) S(A21 1+ A 2)
for 2 3
A1 A
Ma = : (2.14)
Axr A

The drag matrix D( ) can represented in multiple ways based on the pre-
ferred hydrodynamic model. The most common representation de nd3( ) as a

summation of both linear and quadratic terms [35]

D( )= D¢ + Do( ) (2.15)

where

DL = diagf Xy;VYy; Zw; Ky Mg Ny g (2.16)

and

Do( )= diagf Xuyjujjuj; YujviiVi; ZwjwilWi; K pipijPi; M gji s Nrjejir ig (2.17)

with the parameters Xy, Yy, Zy, Kp, Mg, Nr, Xyjujs Yoivis Zwjwjs Kpjpjs Mgg, and

N,;:j determined empirically or through CFD [36].

The e ects of restoring forces and moments are typically collected into a single

vector of nonlinear termsg( ) for convenience. As such, this vector combines grav-

itational and buoyancy e ects in the body- xed frame. The vectorg( ) is typically

14



represented as a combination of rotations and cross products of simple 3-element

vectors [35] 2 3

fe( 2+ fg( 2
o )= § o 21 (2.18)
S(re)fg( 2)+ S(re)f g( )

where the forces due to gravityf 5 and buoyancyf 5 expressed in the body frame

are given by 2 3
fal 2)= 3% E % (2.19)
and 2 3
0
feg(2)=J; 1( 2B 0 (2.20)
B

with the forces due to gravityW = mg and buoyancyB = gV where is the density
of water, g the acceleration due to gravity, andV the volume of displaced water.
Additionally, rg = [Xg;Ys;zs]" is the position vector of the center of buoyancy
expressed in the body frame. Note that in the body and Earth-centered reference
frames the force due to gravity is applied in the positive direction.

The last term to de ne is the external force and moment vector which col-
lects external forces and moments from currents, thrusters, and other environmental
factors. This term will be discussed in the following section for the purposes of con-

trol law design.
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2.2 Underwater Vehicle Control

The external force/moment vector is treated as the control input, de ned
as [35]

= K,T; (2.21)

whereK is the thruster con guration matrix that describes the orientation of each
thruster and T is the vector of input thrusts.
Let = 4 and = 4 convert the state-space equations into
error coordinates relative to known reference attitude and velocity setpointsy and
4 Which are obtainable from user inputs. Also, assumey is readily known and
continuous. Martin and Whitcomb [6] then de ne the following feedback-linearizing
control law, assuming perfect knowledge of vehicle states:

T=KC() +D() +g()+M 4
(2.22)

M(Kp +Ki() )
where K, is assumed to be invertible (or at least has a pseudo inverse). The NGS
six-thruster ROV is amenable to this framework.
The integral gain matrix K,( ) is a 6 3 matrix varying with vehicle ori-
entation relative to the Earth- xed frame. The proportional gain matrix Kp is

a constant positive-de nite symmetric matrix. The control law (2.22) yields the
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closed-loop dynamics [6]

d

¢ )=30) (2.23)

d )= K Ki() (2.24)

dt - P | ’ .
which asymptotically stabilize the origin =0 and =0 [6].

The control law (2.22) prescribes a set of thrusts that will stabilize the full
vehicle setpoint-tracking dynamics. It is common to assume thrusters will rapidly
converge to these commanded thrusts using limited knowledge of actuator dynamics,
but in the following sections the stability properties of the actuator dynamics will
be analyzed. Proper knowledge and control of thruster dynamics will be shown to
improve the overall stability properties of the system, and comparison of di erent

models will be carried out to assess the e ectiveness of di erent control schemes.

17



Chapter 3: Simpli ed Thruster Modeling and Control

The rst set of actuator dynamics that will be analyzed is a simpli ed model

of motor dynamics consisting of a single angular velocity state for a thruster. Such
a model assumes a direct, nonlinear mapping from thrust to propeller angular
velocity n. Section 3.1 presents the process for system identi cation using a six-axis
load cell for thrust and torque measurements, then section 3.2 discusses in detail
the identi ed dynamic model. Lastly section 3.3 derives a control law to stabilize
the actuator dynamics, which is then extended to prove stability of a full vehicle
model when including actuator dynamics. The simplied model is the rst in a
set of models for actuator dynamics of underwater vehicles, and will be compared
to subsequent models in terms of accuracy and bene ts of control design in later

chapters.

3.1 Experimental Characterization of Model Parameters

3.1.1 Experimental Setup

For system identi cation of most of the models presented in this and following

chapters, a six-axis load cell in a Gough-Stewart platform design (Fig. 3.1) was used
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to collect thrust and torque output of an ROV thruster [23]. A six-axis load cell

is able to measure forces and moments along three principal axes by utilizing six
individual sensors on each of the six rigid arms. The xed base and attachment
platform are connected by the rigid arms with attached axial force sensors (9363-
200L-B1-02F, Revere Transducers).

The load cell is con gured as two separate plates connected by six legs in a
con guration similar to that found on Gough-Stewart manipulators. Fig. 3.2 shows
the con guration of the load cell. O is the origin of the reference frame of the system
on the xed upper plate. Forces and moments are applied to the lower platform. It
is assumed that there is only a single axial force along each arm and that friction
forces are negligible at each joint [23].

Equations to transform the static axial forces along each leg into a resultant

force and moment at the origin are well known [34]. Let = [f1;f,;f3;f4;f5;fc]" be

Figure 3.1: Load cell used in model characterization.
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Figure 3.2: Diagram of load cell with principal axes and attachment points marked.

the vector of forces detected along each arm, and [Et, = [fy;fy;f,;m,; my; m,]"
the vector of resultant forcesfy, fy, f, and momentsm,, my, m, relative to the
reference frame of the upper plate. Additionally, les; fori =1; ;6 be the unit
vectors de ning the orientation of each arm relative to the origin. Intuitively, s;

should be dependent on the positions of the connection points of each arm to the
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top plate b; and bottom plate p; labeled in Fig. 3.2. This implies the following

relation [23]

p; by

= 3.1
ipi  hiji &1

Si

It follows then that the relation betweenf and F,, based on static equilibrium
is [23]

Fy= Hf (3.2)

for the transformation matrix H given by
3

2
S S, S3 Sy Ss Sg
. T

S(by)s1 S(bz)sz S(bs)ss S(bs)ss S(bs)ss S(be)se
A calibration step was required before using the load cell for system identi cation
of dynamic models. The relation (3.2) is an idealize static model for transforming
forces in a rigid structure, but does not take into account mechanical imperfections.
Unmodeled errors in the load cell measurements were accounted for by generating
an optimal error correction matrix Hg which augments the original transformation
matrix H [23]. The augmented transformation matrixd, = H + Hg replacesH
in (3.2). Hg was determined via optimization routines by minimizing residuals of
a data set of expected and measured forces. The data were collected by attaching
spring scales to the bottom plate in order to apply known loads and measure the
resulting forces. By using the relation (3.2), along with data of detected loads

and knowledge of the applied load§ ,,, the following cost function was used for
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optimization

J=jiFw Hafjj: (3.4)

Given that the parameter space for this optimization problem was large, a particle

swarm method was used to improve robustness and avoid local minima.

3.1.2 Experimental Procedure

System characterization was performed in a 1hpolyethylene water tank. The
thruster was provided an analog input signal (-5 V to +5V) using an Agilent 33220
function generator. Time series data of throttle, propeller angular velocity readings
(via thruster tachometer), and six load sensor readings were recorded by a data
acquisition module (DAQ, USB-6211, National Instruments). A custom LabVIEW
application recorded the time series data and performed the transformations (3.2)
to provide a time history of the applied forces and moments relative to the load cell
reference frame. A block diagram of the test setup is presented in Fig. 3.3 [23]

The system's responses to a series of step inputs at varying voltage levels were
recorded to t both the steady-state and transient responses to models. Steady-
state models for thrustT and torque Q as well as a dynamic model for propeller
angular velocity n were characterized in these experiments. For all data and models,
a Nelder-Mead method of optimization was used to t the models to the data by
minimizing their residuals, which proved su cient despite the presence of local min-
ima. ldenti ed model ts are compared to data in Fig. 3.4 for steady-state thrust

and torque relations, as well as in Fig. 3.5 for transient behavior of thrust, torque,
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Figure 3.3: Block diagram of experimental data collection system.

and angular velocity. All data were processed through a low-pass Iter to remove
high-frequency noise. The results show good ts in steady-state and modest ts in
transient behavior for thrust and torque despite the well- t transient behavior in

angular velocity. The identi ed models are discussed in the next section.

3.2 Simpli ed Thruster Model

The control law in (2.22) de nes a desired set of actuator thrusts that sta-

bilize the closed-loop setpoint-tracking dynamics of the ROV. Using data from the
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Figure 3.4. Steady-state thrust and torque models compared to experimental data.

previous section, thrust can be related to the propeller angular velocity of an ROV

thruster by a quadratic dead zone function [8]

cra(njnj T1); Njnj T1

TMm=,o T1<Njnj < 12 (3:5)

TN AN ©0

Cra(njnj T2); Njnj T2

where n represents propeller angular velocity, the constantsry, ¢rp, and 1, are

positive, and 1 is negative. In order to determine the desired propeller angular
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Figure 3.5: Step responses of thrust, torque, and rotor speed models compared to
experimental data.

velocity ng for a desired thrustTy, inverting the dead zone function (3.5) yields [8]

8
%59”0}) jet+ mj; Ta<O
% o: T,=0 (3.6)

: sgn(l’d) J;“L T2); Tg> O

The desired propeller angular velocityng is then usable as a setpoint to be fed

back into a control scheme for the actuator dynamics. Bessa et al. [8] propose the
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following voltage-driven dynamic model for an ROV thruster:
n= kn kynjnj+ ksu; (3.7)

where u is the input motor voltage and the constantsk;, k, and k; are posi-
tive. Equation (3.7) is a single-state thruster model that is valid at low propeller
speeds [8].

This work considers an alternate version of (3.7) that, instead of being driven
by a direct motor voltage, is controlled by an analog voltage throttle signal with a

dead zone around zero volts. The new model is [19]
n= kin koQ(n)+ (u); (3.8)

where Q(n) is the reaction torque on the propeller, and the function (u) relates

throttle signal u to motor torque by a linear dead zone function [19]

(wW=_o w1 <uU< (3.9)

8
% Cul(u ul); u ul

' CUZ(U u2); u u2-

The e ects of the nonlinear function (3.9) on (3.8) are presented in Fig. 3.6
by plotting steady-state propeller speed data as a function of the constant throttle

voltages that drive the system to those operating points. A t based on (3.8) is also
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Figure 3.6: Steady-state propeller angular velocity data.

plotted to validate the accuracy of the model. Note that (3.9) can be inverted as

+ < 0

u

()= =0 (3.10)

8

% Cui 1;

% O;

' Cuzl + UZ; > 01
for any generic commanded motor torque.

In (3.8), Q represents the collected inertial and hydrodynamic reaction torque

enacted on the thrusters, which is often a quadratic function of, and may be
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de ned with a dead zone similar to (3.5), i.e.,

Co1(Njnj 01); Njnj 01

WA AR QO

~C2(Ninj  Q2); Njnj Q2

with positive constants co1, Co2, and o2, and negative constant o;. ldenti ed
values of parameters for the de ned models (3.5), (3.8), (3.9), and (3.11) are reported

in Table 3.1.

Table 3.1: Simpli ed Model Parameter Values

Parameter Value Units
Cr1 9.548 10* N &
Cro 8.248 10 N &
T1 -0.032 5?2

T2 2.187 103 5?2
Co1 1.577 10°| Nm¢
Co2 3.255 10° Nmg

o1 -0.0215 52

92 0.0192 52
Cu1 793.6 (V &)1
Cu2 709 (V&)L

ul -0.8475 \%

u2 0.9254 \Y
K, 11.30 st
ko 67.66 | (Nms?)*
Upmax 100 V st
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3.3 Feedback Control Strategy

3.3.1 Single-Thruster Control

To drive the dynamics (3.8) to a known setpoining, a nonlinear control strat-
egy is necessary. Using the inverse dead zone function (3.10) and feedback lineariza-
tion, a control law that compensates for nonlinearities in the thruster dynamics is

derived. This framework is shown below to exponentially stabilize = ng.

Theorem 1. Assumingu can change instantaneously, the dynamig8.8) exponen-

tially stabilize the setpoint n=n ng =0 using the control law

u= 1( ); (3.12)

where 1( ) is de ned in (3.10) and

= Nng+ kan+ koQ(n)  ky (3.13)

for k, > 0.

Proof. Consider the scenario where the system is operating under the rst condition

in (3.10), i.e., < 0. Therefore, (3.8) becomes

n= Kkyn kQQ(n)+ kul(kul1 + wn u1)

kN koQ(n)+ ng+ kon+ koQ(n) k, n (3.14)

=ng ki m
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which implies

%( n= Kk, n (3.15)

Equation (3.15) is a scalar Hurwitz linear system in error coordinates relative to the
setpoint ng.

The same steps yield identical results for the third condition of (3.10), so
operating on either end of the dead zone yields the system (3.15). In the case that

= 0, substituting (3.13) into (3.8) yields

n= knan kqoQ(n)

= + Ny ku n (3.16)
=ng k, n;
which is the same result as (3.15) and therefore completes the proof. ]

If perfect knowledge ofng is not available in practice, a piecewise constant
estimate may be used in its place. The following result is obtained in the presence

of inaccurate estimates ohg.

Corollary 1.1. Let > 0. Using the estimatery = ng+ , where the estimation
error satises jj < , the solution to the closed-loop dynamic€3.15) using the

control law (3.12) is bounded by nj  =k,.

Proof. With the estimate rg = ng+ , (3.15) becomes

%( nN= ks, n+ : (3.17)
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Consider the quadratic Lyapunov function
1 2
V = E( n)<; (3.18)

whose time-derivative along solutions of (3.17) satis es

VL= ky( n)?+ n
(3.19)

ka(C )2+ nj;

which implies the closed-loop dynamics (3.15) convergejtonj  =k. ]

In practice, physical thrusters have a maximum ramp speed, i.eu cannot
change instantaneously, which limits the convergence rate to the desired setpoint.
This limitation is modeled as a maximum allowable throttle change rate, i.eUmay -
Sinceu cannot change instantaneously, it may pass through the dead zone. The
maximum amount of time the motor spends in the dead zone while transitioning to

a thruster operating point outside the dead zone is [19]
tmax = 2 U5 (3.20)

During this time, the dynamics (3.8) will be unforced, requiring additional analysis

of the system in this scenario.

Theorem 2. Consider the dynamicq3.8). When u is within the throttle dead zone,
the zero-input dynamics
n= kin koQ(n) (3.21)
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exponentially stabilize the origim = 0.

Proof. The stability properties of the unforced system (3.21) can be analyzed with

the quadratic Lyapunov function

V = In? (3.22)

which varies according to

L= k,n? koQ(n)n: (3.23)

Equation (3.23) can take one of three forms depending on the valuerof Because
the constantsk, and kq are positive,\L is negative de nite if Q(n)n is positive semi-
de nite for all n. According to (3.11),Q(n) either has the same sign as or is zero
for o1 <njnj < g, becausecys, Cy2, and o, are all positive and o, is negative.
Q(n)n is therefore positive semi-de nite, and\. is negative de nite for all n. Note
that k,n?2 V  kyn? and \L knn? for k, > 0:5 > k, > 0, which implies that

the unforced system (3.21) exponentially stabilizes the origin. ]

The thruster motor operates in the dead zone in one of only three scenarios:
during startup, wind-down, or a transition between forward and reverse thrust. In
all of these scenarios, convergence to zero propeller speed is either advantageous or
inconsequential (as in the case of motor startup). Typicallgmax in (3.20) is on the
order of tens of milliseconds, whereas the wind-down time for an ROV thruster was

experimentally observed to be as much as half a second [23]. As a result, crossing
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Figure 3.7: Control simulations driving a thruster to a setpoining with consideration
for Umax -

the throttle dead zone is not predicted to destabilize the physical system during
regular operation. Fig. 3.7 depicts a simulation of the dead-zone-compensating
controller (3.12) successfully driving the actuator dynamics from multiple operating

points of n to a positive setpoint value ofng, taking into account the limitation

jul  Umax -

3.3.2 FRull Vehicle Control

The preceding analysis for a single thruster system can be reasonably extended

to a multi-thruster system with full vehicle dynamics as thruster dynamics are gen-
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erally uncoupled. The systems in (2.1), (2.2), and (3.8) represent the full system
dynamics of the ROV, including rigid-body dynamics and uncoupled actuator dy-

namics for each thruster, i.e.,

x = f(x)+ g(u); (3.24)

wherex =[ T TnT]" andn is the vector of the (six) thruster states of the ROV.

The vector elds f (x) and g(u) are [19]

2 3
J()
f(x)-g IK:T(n) C() D() g()z: (3.25)
nn KQQ(n)
and 2 3
0
gu)=8 (3.26)
0
(u)

whereK,, and Kq are diagonal matrices containing the parameters of the dynamics

from (3.8) for each individual thruster. The closed-loop dynamics take the form

2 2 3
J()
E =§ Kp Ki() (3.27)
Ky n
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whereK, is the diagonal matrix of feedback gains.

Theorem 3. The full closed-loop dynamics for the RO\3.27) asymptotically sta-

bilize the origin x = x x4=0.

Proof. The system (3.27) combines the dynamics in (2.1) and (2.2), which asymp-
totically stabilize the origin = 0 and = 0, with the dynamics of the

thrusters (3.8) which are fully uncoupled and each exponentially stabilize the ori-
gin n = 0. Therefore, because each sub-system is asymptotically stable, the full

closed-loop system asymptotically stabilizes the origin x = 0. ]

Experimental validation of the control methods outlined in this section as well
as comparisons of simulated performance of these methods applied to a full vehicle

model are discussed in later chapters.
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Chapter 4: Hydrodynamic Thruster Modeling and Control

Newer work in dynamic modeling of underwater vehicle thrusters has focused
on expanding model dimensionality to describe the e ects of uid interaction on
thrust generation. As the focus of controlling actuator dynamics for underwater
vehicles is closing the loop on thrust rather than angular velocity, implementing
model-based control strategies for more accurate models of thrust is a natural next
step in this analysis. The dynamic models presented in previous sections are there-
fore augmented with new states that characterize the time evolution of uid velocity
and how resulting hydrodynamic forces generate thrust losses [12]. This chapter goes
about describing these models and their uses in actuator control by rst outlining
the experimental methods used to characterize them in section 4.1. The new models
are then described in section 4.2. From there, section 4.3 discusses nonlinear estima-
tion methods used to construct estimates of unmeasured states, and then section 4.4
outlines how to use knowledge of the expanded state space to improve previously

discussed feedback control strategies.
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4.1 Experimental Characterization of Model Parameters

4.1.1 Experimental Setup

The process of augmenting the previously discussed actuator dynamics allows
the preservation of previously discussed system identi cation methods. This eases
further model characterization tasks as the procedure remains mostly unchanged.
The same six-axis load cell could therefore be reused for characterization tests.
However, the previous data collection method and test tank did not allow for uid
velocity measurements. Therefore a new test tank that did not restrict uid ow as
well as a ow meter were necessary to make such measurements.

Experimentally, a Nortek Vectrino model ADV was used to collect uid veloc-
ity time-series measurements at 25 Hz. ADVs are well-documented, reliable devices
for the purpose of uid model characterization [13,17]. These measurements were
used for both model characterization and in closed-loop output feedback experi-
ments discussed in following chapters. All experiments were performed in a Loligo
Systems ow tank with a 25 25 cm cross section where the thruster drives the
uid velocity of the tank and force measurements are again obtained by a six-axis
load cell [23]. All other aspects of the experimental setup remain unchanged from
Section 3.1. The experimental setup with the ADV and load cell is depicted in

Fig. 4.1.
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Figure 4.1: Annotated image of experimental setup with load cell and ADV used in
model characterization.

4.1.2 Experimental Procedure

All data were collected as time-series responses to a transient input ramp over
two seconds followed by a constant input over eight seconds to allow the subsequent
steady-state behavior to be captured. For all experiments, data were collected for
axial thrust, torque, propeller angular velocity, and uid velocity. Data were col-

lected for steady-state inputs ranging from -3 V to +3 V, which is a smaller range
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than previous experiments. This is due to restrictions of the ow tank for turbulent
ow, as higher operating speeds of the thruster induce waves and cavitation that
interfere with sensor measurements and data quality. Additionally, all of the exper-
iments were run for two di erent ow-sensing scenarios: once for collecting ambient
velocity data at a distance from the thruster duct, and again for axial velocity data
directly in front of the thruster duct. These two data sets were necessary as the
thruster was capable of driving the uid ow through the tank which in turn directly

a ected uid velocity behavior in front of the thruster duct.

Steady-state relations for thrust and torque were again characterized as well
as dynamic models for propeller angular velocity, axial uid velocity, and ambient
uid velocity. Nelder-Mead optimizations were implemented just as before to t the
models to the data by minimizing residuals. Identi ed model ts are compared to
data in Fig. 4.2 for all measurement methods in a representative set of experiments.
Each measurement is shown in response to 3 V steady-state inputs after a two
second ramp to that operating point. Transients and steady-state behavior were t

well to the models outlined in the following section.

4.2 Hydrodynamic Thruster Model

A hydrodynamic model of thruster performance is common and well docu-
mented, even though model choices have varied over time [11{13, 16, 18,38]. Typi-
cally two forms of uid velocity are accounted for in dynamic modeling: the axial

uid velocity across the propeller discv, and the ambient velocity of the surround-
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