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Abstract

Numerical modelling within the marine renewable energy pamity is in its infancy compared
to more mature engineering disciplines such as aeronawtidditionally, established software
from other fields is often applied to marine energy challendgéhese issues can manifest sev-
eral difficulties such as conflicts in language and notatmem@antics) and deficiencies in the
approximations or applications of the models themselvesnétical modelling has the potential
to provide key cost reductions to the marine renewable gmasgmunity by replacing expensive
experiments and prototypes with cheaper, reliable nuraksitnulations. Within this document,
approximation, development and analysis of numerical nsode detailed. Emphasis is placed
on appropriateness of approximation, quality assurancdewgélopment and the rigour of the
verification and validation process in order to ensure tlkatits from numerical models, both
developed and applied, are as efficient, reliable and teargp as possible.
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Actual fractional error.

Asymptotic range constant.

Lift coefficient for a wing.

The added mass coefficient for wave-body interac-
tion.

Drag coefficient.

Spatial dimension of simulation.
Error.

Estimated fractional error.

Generic force.

Factor of safety.

Number of grid points.

Order of convergence.

Method of manufactured solutions source term.
Damping stiffness coefficient matrix.
Reference velocity.
Non-dimensional form ox.

Relative error.

Free surface elevation.

Dynamic viscosity.

Kinematic viscosity.

Characteristic frequency.

Velocity potential.

Fluid density.

Acceleration.
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Chord length of an aerofoil section.
Lift coefficient for a aerofoil section.
Water depth.
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Reference body force.

Exact solution.
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Added mass coefficient for body in ideal fluid.
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Velocity.

Grid Convergence Index.
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Numerical Modelling

1.1 Standardisation

This document presents a process for undertaking the ncaheriodelling of fluid phenomena
relating to wave and tidal energy extraction. Numerical el of fluids is a mature scientific
field yet it still remains a fiercely expanding discipline.ushthe necessity to provide a ‘standard’
as to how to partake in numerical modelling for wave and tiela¢érgy extraction may seem
counter-intuitive. In fact, because such a wealth of kndgée exists for numerical modelling
of fluids this can give rise to differences in approach acexsglemic institutions and even within
research institutes themselves. Such differences catidtijthemselves in:

Data: It is known that (particularly in wave body interactionsethames of certain parameters
infer different meanings dependant on the physics for wiligy were derived. This can
cause confusion if two researchers were to discuss a pralémg these identically named
parameters but arrived at from different approaches. Touohent seeks to encourage the
use of clear definitions when using such parameters.

Approximations: It may be the case that a researcher with a clear understpoflim particular
numerical method may be biased towards it. The use of anyadetsin be bogus, however,
if the approximations that led to its inception do not représthe pertinent physics. This
document seeks to encourage an ‘approximation first’ agbre@amodel selection.

Implementation: SuperGen II's ‘workstream one’ sought to initiate a databaflshumerical and
experimental results that can be called upon to gain insigbtphysical phenomena using
credible numerical models. Without a standardised metloggdor providing the numeri-
cal results and related validation experiments to the da@jconfidence in its contents will
be reduced.

The document is structured using a ‘Why?’, ‘Which?’ and ‘Hbwapproach. The next section will
discuss the reasons for choosing to undertake numericatiimaglof a physical phenomenon and
describe the value of the results to those that undertake@mahission it.
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1.2 Physical Insight

Why undertake the numerical modelling of a physical phenwn® Such endeavour may appear
unnecessary when the physics encompassed in the desigmiofesiocal model can be reproduced
in a laboratory. In fact, although a strictly experimentgpeach may seem ideal it is often
impractical or impossible to reproduce all of the phenomendodied in a real life problem.
In addition, the costs of such tests may be insurmountalalgicplarly for an infant technology
such as tidal or wave energy conversion. Furthermore, a ricahsimulation may provide (even
in its failure) greater understanding of the mechanismsdbkaerate the observed phenomena. To
summarise, numerical modelling should be undertaken when:

° Understanding of the mechanisms of an observed physicalgphena is sought,
° Predicting physical phenomena that have yet to be observed,
° There is a desire to reduce risk.

From a scientific perspective the first two items ignite thestioterest and clearly from a com-
mercial, political and safety perspective reduction ok iskey. Reducing risk is interdependent
on developing a solid understanding of all the physics thliteffect a developers device or the
energy resource and the subsequent ability to predict thadts of varying the said physics. Thus,
all three reasons are complimentary.

4 —Prveics )
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Figure 1.1: Influence Diagram leading to Physical Insight
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Figure 1.1 shows an influence diagram that leads from thaestyshysics to the ability to infer
insight about them. Key to the entire process is the curreié ©f knowledge with regards to
the real life problem and the encompassed fluid physics. Kiisvledge impacts upon eval-
uating which physics is the most significant, choosing anrgpgate approximation, and the
state of validation experiments. Once an approximatiored&d upon, a numerical model can
be designed taking into account any existing experimemsiits available and the disposable
computing power. Verification and then validation of the mlodgainst the experimental results
provides confidence that a model has the predictive capat@iguired to gather physical insight.
This insight may come from the validation process itself tgnitifying the key parameters that
effect the fluid motion or it may be post-validation whence thodel is confidently applied to a
more complicated physical problem. This process may aksd fe the discovery of new physical
phenomena that can be investigated further.

An important feature to note about figure 1.1 is that the caingypower available does not influ-
ence the approximation. This is key to assuring that theaqiration chosen is representative of
the physics being tested.

1.3 Report Structure

Having described the reasons for carrying out a numericalatiog approach, the remainder of
this documents describes the best practise for designiddesting a numerical model to ensure
that its outcomes can be utilised with a significant degrespafidence.

Part | of this document describes the various designatiériaia that are used to describe and
quantify physical fluid phenomena. Subsequently, a detisiiberia is outlined in order to aid the
selection of an appropriate approximation to the full epuret of motion. Part Il overviews the
best practice for developing and testing a numerical moalehfchosen approximation. It then
goes on to describe how the testing process informs theliligdand predictive capability of the
developed numerical model.

For alternative reading regarding best practice in maroragutational fluid dynamics and verifi-
cation and validation see [11] and [3].
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Data

2.1 Introduction

Understanding the classes of data used to describe andfguhatresults of numerical modelling
of physical phenomena is critically important. This wildlahe design of a numerical method and
will, in turn, clarify the quantity of data that must be knoweforehand in order to a allow a robust
description of the phenomena in question. The followingptéawill provide a classification of
data which serves as the common prerequisite to many numhenithods.

2.2 Parameterised and Field Data

An important consideration when designing a numerical metis the form in which the results
will be presented. This choice is highly dependant on thenpheena in question but it can be
biased by other factors. Often, there is some experimeatalttiat a model should seek to match.
Sometimes, however, experiential bias can produce outptittiay be of little value to describing
the physics and which could implicitly lead to the use of aapjropriate nhumerical method.
Starting with a clear understanding of the character of tita that is required aids in the efficient
selection of numerical solution.

Two clear distinctions can be made when describing the datbuped by numerical methods. The
form of this data may be commagrarametrisedbutputs, for example, lift and drag coefficients or
it may be in the form ofield datawhich is useful, for example, when visualising the velasti
of a tidal stream as it rounds a headland. For choosing whath frm will provide the greatest
insight, it helps to have a physical understanding of thentjitias described by each data type.



Parameterised and Field Data 6

2.2.1 Parametric Data

Parametric data describes one unique physical attribut@ale-body interactions these could be
the hydrodynamic or hydrostatic variables; in aeronautiese could be lift or drag coefficients.
Parametric data is often well understood and allows tidymanisons between different solutions.
Parametrised data is often presented outside of the timaidand therefore, a steady, unchanging
result is assumed over the range of variables for which iteinéd. Examples of this are the
coefficients of lift and drag over a range of angles of attamkain aerofoil or damping force on
a floating body over a range of wave frequencies. It may bepiroguiate, then, to describe time
dependant phenomena in the form of parametrised data. $tanice, once a field domain solution
is produced, the necessity of producing hydrodynamic patars to predict the dynamics are
negated by the fact that the solution is naturally set in itme tdomain. It is, however, foolish
to totally disregard parametrised data as it can provideslet sanity tests for complicated
numerical methods and may be required in order to compargistirey experimental data. Most
importantly, parametrised data is often the best way to canicate the results to the wider
community in an understandable format.

2.2.2 Field Data

Field data can be much more revealing than parametrisedbdatthis often comes at greater
expense. By definition, field data should be available overethtirety of a prescribed physical
domain for a continuous period of time. This suggests a graatmputational burden compared
to parametric solutions and also necessitates the needffomiation about the boundaries of the
physical domain and temporal information such as how a walld&driven into the simulation.
In addition, the solutions are often in two or three dimensiand this extra detail can be difficult to
compare to experimental results or other numerical sirrariat When parametric data is required
to match experimental results it can be extracted from the $i@ution for this purpose. However,
the wealth of additional information that a field solutiomaaupply is undeniable.

Three dimensional temporal flow visualisation such as atgthatream lines or stream tubes can
provide detailed information as to how a fluid passes thrauglomain and past obstacles. This
detail of information is achievable only with a field solutiol he temporal nature of a field solution
also allows the visualisation of the reaction of bodies twesre non-linear events that may not
be possible to model when seeking a solution of paramettac alane. Also, field solutions allow
for the provision of both dynamic and deforming domains tike flow of blood through a beating
heart, for instance.

With all these capabilities it is important to maintain fecon the desired output. Sometimes a
field solution is the only method for obtaining informatioboait an unsteady, highly non-linear
phenomenon, but it still may be the case that a particulaarpater or set of parameters is sought.
In such a situation it is irrelevant to produce flow visudiisa output and may slow the production
of results as a consequence. In such situations the donmraimeceonstrained to the area of interest



List of Variables 7

and thus the computational effort could be reduced at therese of far field data. In contrast,
even if a field solution is sought from the outset, it is highdgommended to output parametric
guantities which can be used to validate a solution by coimgdhe output against experimental
results.

2.3 List of Variables

This section provides a non-exhaustive list of some of thmrmon parameters and field data. It
is hoped that this list will provide some guide as to what dataseful for specific modelling
situations and concurrently aid in the choice of a numenigathod. The list is roughly divided
into parametric quantities that are specific to subjectsatieat incorporate the fluid dynamics of
wave and tidal energy converters, followed by a generakctibn of field data quantities.

2.3.1 Parametric Variables
Wave-Body Interactions

What follows is a list of terms commonly used to define paraimetlues of wave-body interac-
tions. Note, often the names of these terms can be intergeladote and real care must be taken to
ensure that they are referenced to the particular form oégomg equation from which they were
derived. For example the properties of tidded mass coefficiefdr a body in ideal fluidmaggeq
may be governed by the equation

F = (M4 Maddeda (2.1)

whereF is the force on the bodw is acceleration anthis the stationary mass of the body. When
a free surface is included the governing equation takesoime f

F =C,a+tbv (2.2)

whereC; is now the added mass coefficientis the body’s velocity and is the damping coeffi-
cient. Given the added mass is often assigned a predefinee, Yalowing from which governing
equation it was derived is imperative. Further informatoam be found in Newman [13].

Consideration must also be given to the linear free surfaseraption with which these parameters
were developed. This limits the validity to waves of smadleginess (amplitude over wavelength)
and currents of small velocity. More in-depth and non-linghysics (described by the ensuing
list of parameters) may also be derived by transforming theadons whose results are normally
parameterised by wave frequency into the time domain. Exetins may now appear such as
memory termsvhich require a summation across the entire time domairs #icademic at this
moment as to whether some of the additional terms resultiom fthe transformations have
genuine physical meaning [18, p. 601].



List of Variables 8

Added Mass When modelling the properties of a body in motion, the effefcthe surrounding
fluid can impact on the motions of the body. For instance, éffthid is very dense then it
will resist the bodies motion and the body will acceleratd ediad greater mass. The added
mass coefficient seeks then to quantify the necessary gtie inodies mass to account for
the inertia of the surrounding fluid. In fact any physicalgss that affects the force on the
body proportionally to its acceleration is included as abtlaess. In general it is represented
by equation (2.1) however for wave-body interactions ieidefined by equation (2.2).

Buoyancy A hydrostatic force working opposite to the gravitationateleration. The phenomena
is caused by a pressure difference between the high and dtes sif the object. It is often
modelled as a function of displacement from a mean positich shat

Fo=Ss (2.3)

where$S, is known as the stiffness coefficient matrix agid the displacement.

Damping Coefficient The force on a body can have a component that is related t@libgity.
The coefficient of this force is known as the damping coefficés it often reduces or damps
the amplitude of the motion of the body. It may be written as

Fy = bv (2.4)

whereb is the damping coefficient. In wave body interactions the pilamcoefficient is the
result of waves radiated from the body as it moves with thaem wave. It appears as the
second term in equation (2.2).

Wave Excitation Force The force generated on a body by incident waves. This canliiergp
the force from the incident wave and the waves diffractechisyttody itself. For linear wave
theory, itis considered to be unaffected by the motions etabdy itself and is proportional
to the incident wave amplitude.

Lifting Bodies

The following parameters are the most common for liftingiesdnd are often found in combina-
tion with each other and presented in tables with referemeagle of attack, such as within Abbott
and Doenhoff [2]. Care must be taken to state the conditioeiuwhich the coefficients were

derived as they may vary significantly over fundamental peters such as Reynolds number.

It is also likely that the presence of other bodies or a fredasa could alter values of these
coefficients.

Drag Coefficient The coefficient,Cq, in the drag force equation (2.5) represents the effect of
many physical phenomena. Drag can result from skin frigtthe shape of the object (or
form drag and drag resulting from the redirection of the airflow of arjext to induce
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lift also known asinduced drag The coefficient of drag is not a constant and can vary
significantly for the same body over both Reynolds numbetsamgles of attack.

Drag Force A force applied to a body that is strictly in the opposite difen to the oncoming
flow. The equation for the drag force is given as

Fy = %vaCdA (2.5)

whereCy is the coefficient of drag and is the fluid density. Herd is a reference area and
would be chosen as the square of the chord for a aerofoilosgatiominally unity. It can
be seen that this force is a percentage of the force induct iflow were to come to a
complete stop.

Lift Coefficient Non-dimensional quantity used in comparisons of diffemanforms of wing or
wing sections. The coefficient of lift is of interest whenatirhg it to the drag coefficient or
the angle of attack of a particular aerofoil. Separate eguatexist dependant on whether
obtaining the coefficient of lift for the entire wing,_, where

2L

L
wherelL is the lift generated by the wing is the fluid density and\ is the total area of the
wing planform. For an individual aerofoil section of the ffagent of lift, c_ is defined by

2L

= % 2.7)

CL
whereL now represents the lift generated by the particular adrsémition ancdt is the chord
length of the section.

2.3.2 Field Variables

The field data variables mentioned here are but the most coamindact, any varying quantity
could be represented as field data so in a gas, for instanositylevould also be an appropriate
field variable. Normally, however, in wave and tidal hydradynics density is considered constant
throughout the fluid.

It should be noted that these field variables often meam littlisolation, unlike a parametric
variable that remains highly useful in isolation. Fieldighies are often best presented as a group
as in a vector diagram or where this is impossible, paramdaia should be extracted from the
field data.

Pressure Given by force per unit area it's the pressure from surrongdiuid particles that drives
fluid motion in hydrodynamics. Fluid pressure can often Hé spo two forms one being
hydrostatic pressurgenerated by gravitational forces and the second bejaigodynamic
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pressurebeing the pressure generated by the fluid motion itself. haie circumstances
the hydrostatic pressure is dominant and the hydrodynamgsspre can be ignored. This
is known as ahydrostatic assumptiorimportantly, body forces can be derived from the
pressures on surfaces or boundaries and thus the motiomsligisbwithin the fluid domain
can be determined.

Velocity The most fundamental variable in a field solution is veloeihd it can be represented
in two forms. Firstly, the most commdBaulerian form evaluates the velocity of a fluid at
particular points in space and the velocities are writtethaform

u=uxy,zt)
V(X,Y,zt)

V=
w=w(X,y,zt).

Alternatively each particle’s velocity can be tracked itati®n to its own position at time
t = 0. This is known as hagrangianflow description. In fixed grid applications the Eulerian
description is applied; however, the Lagrangian desaniptian be useful for the tracking of
surface particles, for instance.
Velocity Potential When inviscid irrotational flows are being considered it@sgible to define a
velocity potential,g such that
Op=u. (2.8)

A velocity potential is not a strict field variable as it is mairmally available at all points
in the domain. It is generally available on all surfaces aadridaries of the domain and
common field variables can be determined analytically atpamiyt within the domain. Such
a potential reduces the spatial manifold by one and henceethrce the computational
burden.
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Approximation

3.1 Introduction

As seen in the previous chapter, by designating the clagskstathat will be sought for the out-
come of a numerical model an intrinsic understanding fopiinent physics of the encompassed
phenomena is demonstrated. This knowledge will allow thst tepresentation of findings to peers,
although understanding the form of the final outcome is iingght for designing the model. This
process will advance as a consequence of the modeller'sstadding of the pertinent physics,
which will instigate a process of decisions with the goaleducing the complication of the full
fluid equations. A modeller will choose to make these apmpnations in order to avoid a direct
numerical simulation of all physical phenomena. Such a iodevave and tidal research is well
beyond the limits of most computational facilities at thisd. With careful consideration a number
of the complications can be reduced and, provided that thseshapproximation maintains the
most pertinent physics, the results generated should agrbevith experimentation. If they don't,
then it's likely that the approximation may have been chasegrror and this, in itself, is a useful
insight.

This chapter illustrates the process for forming a numéaparoximation to a physical problem
in wave and tidal hydrodynamics. The first three sectionateeto the three main areas of hy-
drodynamic modelling. These are the temporal approximatioe spatial approximation and the
dynamic approximation, respectively. Finally, the cowdhg section of this chapter focuses on
the specific problem of the free water surface. Flowcharsragluded which present a hierarchy
of decisions demonstrating how each approximation leadsrtomerical method. The summery
table 3.1 collates the outcomes in order to compare all ifiehinumerical schemés

Within the flowcharts and in order to aid the selection of aprapriate approximation some
parameters that define certain properties of the flow areuusEfese are known as the classic
non-dimensional numbers.

1. Numerical methods described by acronyms, such as ReyAekeraged Navier-Stokes (RANS), are listed in the
glossary of this document.

11
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3.2 Classic Non-Dimensional Numbers

It is often crucial to determine the relative values of darghysical properties in a fluid flow.
A great deal of information for the flow in question can be aed by considering the impor-
tance of certain physical properties described by a sefie®m@-dimensional parameters. These
become apparent in the non-dimensionalised momentumiequat the incompressible flow of
a Newtonian viscous fluid, given here in the x-direction [10]

. Lfo\ 2dfg Po (9p0 H 020 (92\7 02vT/
_<W>ﬁ+<ﬁ> ax \ovi) e o T oz ) G
Here *~’ implies a non-dimensional variable,v andw are the velocities in thg y andz direc-

tions respectively and,V, fo and pg refer to reference length, velocity, body force and pressur
respectively. Also given i, the characteristic frequency, apdthe dynamic viscosity.

W

(wL)&G 00 oV oW

The physical importance of the quantities in parenthesieérabove equation are now described.

Euler Number Used to determine the importance of the reference pressuteeoequations of
motion and is given by
Po

wherepg is the reference pressure.

Froude Number The Froude number describes the relationship between ttiy fooce and the
inertial force in the equations of motion and is given by

Fr=—— (3.3)

whereV is a reference velocity ang is the acceleration due to gravity. When choosing
the body force as gravity a small Froude number would imp#t the effect of gravity is
of importance and thus free surface simulation should beoitapt. It may be neglected,
however, in the case of short length scales or large referealocities.

Reynolds Number A highly important term in numerical modelling of fluids isvgh by

Re= \%‘, (3.4)
whereV andL are characteristic velocities and lengths ang the kinematic viscosity
The Reynolds number allows a judgement on the importancésobsity to the equations
of motion. If the Reynolds number is high then the terms aased with viscosity may be
neglected (away from surfaces) and if it is low then they maty Another important point
to note is that when scaling to examine viscosity-basedeifes important to maintain the
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Reynolds number of the full scale test or the results may dith Similarly in numerical
analysis if a certain Reynolds number has been assumedhbdpdt is only valid where
the parameters simulated produce the said number.

Strouhal Number The Strouhal Number represents the importance of time digpgrphenom-
ena in the equations of motion. It is defined by

_at

St
\%

(3.5)

where w is the frequency of the characteristic process such aswattedding. If the
Strouhal number is low, say due to a low frequency of vorteedsling from a body, then it
may be appropriate to neglect time dependant terms.

3.3 Temporal Approximation

Determining whether or not the problem to be solved has adependency will have a key effect
on the selection of a numerical method. There are a numbeleaf examples where steady
and time independent solution can be sought. For instaifibeg Isolutions to aerofoils are often
undertaken in the steady state as the wake can be assumee taken an unchanging form after
a finite period of time has passed. Solutions to wave-bodsrations are often considered to
be steady-state as well. A single result can be extractea foarticular wave frequency. The
real life interaction is not time-independent however amagies across the particular sinusoid
associated with the chosen frequency. The term steadyistased as no numerical time stepping
is required to derive the motion of the body. For frequencyndin results the wave steepness is
often chosen to be small so that a linear approximation carsbd. Some non-linear motion can
also be represented by frequency domain results; howéwemhility to perform such a steady
state simulation is easily lost. Unrestricted body motionstrongly non-linear boundaries may
well impart the use of an unsteady solution.

Flowchart 3.1 shows the decision process for forming agpration regarding the temporal nature
of the simulated problem. The Strouhal nhumber will provideiitial indication of whether a
problem is steady or not, along with the observation of anyiaksly dynamic processes. Once
an unsteady solution is sought, the next stage is to lookifopl#ications that can provide a
pseudo steady solution as discussed above for wave bodwdtitm. For instance, one must
determine whether the wave steepness is small enough tofdrexapated by a linearisation
and whether the motion exhibits some periodicity. Failihtg,tone must decide whether or not
turbulence is important to the outcome of the simulatiore Todeller must then choose whether
to average the effect of this turbulence and, if so, it becommportant to understand the turbulent
length scales in order to minimise the error from this appr@tion. If thisReynolds averaging
process is not sufficient, perhaps because the turbuleribmsotiominate the flow, then direct
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numerical simulation must be applied over the entire donmairior restricted regions of the
domain. Alternatively, the contemporary Smoothed Partldlydrodynamics (SPH) method can
resolve turbulent structures at various scales [8].

3.4 Spatial Approximation

Reduction of the spatial domain has a clear advantage frasmautational perspective, but under
what circumstances is such an approximation viable? A nawieapproximations for flows with
free surfaces have been designed over the years, mostgeeleither restrict the vertical range of
the computational domain or remove the vertical momentunatons. These approximations are
viable under certain conditions, notably those of the litseal free surface boundary conditions
and the shallow water approximation.

Theshallow water approximatioassumes that the characteristic length sdglé&s much greater
than the depthgl. It is often used for tidal flows but care must be taken to enthat the scales of
the flow being examined represent this approximation. Owther hand, the linear approximation
to the free surface does not require shallow water but dagsireesmall amplitude disturbances
on the free surface. With this approximation the computatialomain can be b bounded above
by undisturbed free surface.

A linear approximation is often used to describe the motiomwave energy converter in “normal
operation”. However, where large scale motions are comtkrthe problem becomes non-linear
and hence this approximation will be inaccurate. Also, thedr approximation assumes an invis-
cid, irrotational fluid and thus is invalid when a wave enecgywerter is subject to an oncoming
flow as the device is likely to shed vortices that will requiresteady temporal simulation.

Approximations for the transverse direction to the oncarilow are commonly seen in fluid
dynamics. The cross flow equations are often neglected uhdeassumption that the flow is
unchanging normally to the primary direction of motion.i&ty speaking, this is an averaging of
an equation of motion and this is a more robust approach teciigg a spatial dimension. Such
an averaging should not strictly be possible for turbulemw§ as turbulence is, in general, a three
dimensional phenomenon.

Symmetry can also reduce the dimension of a problem. Foariast in the flow through an
actuator disk the problem can be taken from three to two déas by assuming that the flow will
be identical in all the planes through the centre of the disit &re tangent to the dominant flow
direction. Hence, only a two dimensional simulation needdréed out and the three dimensional
flow can be abstracted from those results. One should natexisymmetric flows are somewhat
idealised and that, once again, turbulent motions wouldlidate this assumption.

Flowchart 3.2 defines the process for selecting a dimenkigproximation. The vertical ap-
proximation is considered first, moving onto the horizordglproximation. If it is found that
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no approximations can be made in either direction then fDlleguations must be solved by an
appropriate method.

3.5 Dynamic Approximation

Making an approximation to the dynamic nature of the flow hasability to make large reductions
in the complication of the equations to be solved. The ctugantity being approximated here
is viscosity. It is important to note that the dynamic apjmmation could modify some of the
previous approximations were it decided that viscosityyplan important role throughout the
fluid, hence a modeller must not consider the approximatimiset in stone” until considered as
a group. The Reynolds number, Re, is a key parameter for gigpaslynamic approximation. Its
formulation gives an indication of the relative scale ofcaigs effects compared to inertial effects
and hence their importance to the flow in question. At theesmés, if the Reynolds number is
very small, then viscosity is dominant and a solution to ttek&s flow problem should be sought.
If the Reynolds number is very high then viscosity can beexwtgt and the Euler or potential flow
eguations can be employed.

Unfortunately, the physics of fluids is complicated by thestnce of turbulence in high Reynolds
number flows. A concise definition for the nature of turbukerg challenging, but essentially it
is seen as a statistical fluctuation of velocity, in all dii@ts, about the mean. A grey area is
the distinction between defined vortical structures (sula@pears in the wake of a submerged
object) and random statistical turbulence. Some authkegdi consider turbulence by considering
the motion of cascading eddies reducing in scale from largersmaller and smaller disturbances,
which includes phenomena at many length scales. Some peefaake the distinction between
the larger bathymetry-generated objects and the smalide stidies that form in the dissipation
of that object. Whichever definition is used, the end resula iflow where turbulence can be
of significance and is highly complicated to model. Turbakeris a highly important physical
phenomena, as without it the large scale vortices could issiate their energy in high Reynolds
number flows and chaotic motion would dominate all flows oéiast.

To the advantage of numerical modellers, the work of Prasa# Schlichting [19]) showed that
the impact of turbulence on a flow can be marginalised to regiaf significant shear, such as
at the boundary of a solid object. This is the classic bountarer approximation that assumes
outside a small boundary layer a turbulent flow may be modeilith an inviscid solution whilst

a more complicated method is required within the boundaygrlaThis approach significantly

reduces the challenge of modelling the flow away from bouedauch as in the wake of a marine
current turbine. However, should there be persistent calrtructures in the fluid away from the
boundaries, this approximation may not be valid. Also, tktert of the turbulent boundary layer
generated by the flow over the bottom of a tidal channel magtrea far as the free surface. This
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could cause severe hydrodynamic and mechanical problartiddbdevices if the turbulent length
scales are similar to the characteristic length scaleseofiévice.

Flowchart 3.3 demonstrates a decision process that candaefosforming a dynamic approxi-
mation.

3.6 Free Surface Approximation

The free surface does not always require a formal approximads this section would suggest.
However, given the obvious importance of a free surface imenand tidal hydrodynamics, an
approximation to the free surface physics would be advauatag We have already encountered
some free surface approximations in section 3.4 and thisosegives a more formal criteria for
how those approximations are chosen with respect to theomofithe free surface.

Interestingly, an inviscid dynamic approximation can bedisp to the most complicated forms
of free surface approximation. However, once entrainediraia breaking wave is considered
important, viscosity will become integral to the evolutiofthe flow and thus a more sophisticated
solver is required.

Introduced here is theoundary element methgothis is a branch of potential flow that requires the
solution of its governing equations only on the domain bauied. This effectively reduces a three
dimensional problem to a two dimensional one. It also haath@ntage of being Lagrangian in

nature and thus surface tracking is more naturally underntakinfortunately, given the potential

flow assumption of inviscid flow, the range of dynamic appmexiion where this technique is

valid is small.

Flowchart 3.4 shows the process for deciding upon a freeaserapproximation. Notably, the
small scale transient and multi-valued non-breaking wamaimations depend on an inviscid
dynamic approximation. Without this then a single phase fagilver will be required.

3.7 Comparison of Methods

Given the interchangeability of a number of the approxioraireached above, a table has been
compiled to present the numerical methods identified widpeet to each level of approximation.
Table 3.1 restates the key temporal, spatial, dynamic awldurface approximations. Each nu-
merical method is then checked to see if it is capable of smpréing the approximation and then
whether it is appropriate to use it for that level of approation. These are represented wi#h °
and v’ respectively. Where it is unclear if the method relates tevel of approximation there is
a”?.
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Note that the table indicates that the abilities of the higheel methods are more wide rang-

ing than the more selective methods. This is certainly trse chowever, with these capabilities

comes a computational cost that is hard to justify if the pisysan be represented by the less
intensive method. Hence, it is best practise to select asdathpable of representing the chosen
approximation avoiding other methods with expensive latapabilities.
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A4

Development

4.1 Introduction

Part 1l of this document examines the evidence gatheringga® required to give credibility to
the results of numerical models. Ideally, the approximmatibosen in part | will devise a numer-
ical model that, together with a high level of numerical cdafice, can demonstrate predictive
capability. This facility is provided by matching relatedlidation experiments to the outcomes
of the numerical model. Successful validation is importanguantify predictive capability and,
in contrast, failure to validate demonstrates that the @ppration chosen to design the model is
insufficient (assuming confidence in the accuracy of the migaleand experimental results). The
process of determining whether a model is, “solving the @quoa right,” is known awerification
and without taking this step little credence can be had inrttegyrity of a numerical model or the
accuracy of the results it produces.

Before the process of verification can start, a model mustHmsen that discretises the ap-
proximation developed in part | to represent the physican@menon to be examined. There
may be commercial, open-source or in-house codes avaithbtealready achieve the desired
level of approximation. A description of a number of availaltommercial packages for the
marine environment is available in McCabe [12]. The reductif development time when using
commercial code is fortuitous, but this does not imply theg humerical error can be assumed
to be small and studies should be carried out to quantifyhiau®l there be no existing model or
should it fail to verify, then a new model must be developegraracted task in itself.

This chapter is concerned with highlighting elements ofecqdality assurance(QA), that are
important in the development stages of a numerical modelréasons of clarity, the wordode
shall now be used to describe the scripts of programminguageg that make up the algorithms
within the numerical model. Also, the numerical model shdlv be referred to simply as the
model

It should be noted that a model is highly unlikely to undergm aevelopment stage prior to
being tested (see chapter 5), and then be assessed fortipeedapability (chapter 6). It is part
of the author’'s experience that a model will be tested at abmimof stages along the way to
completion and this process will increase the body evidémcine models successful verification.

24
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As a consequence of this non-linear and modular approaemehd for quality assurance from
the developer is paramount.

4.2 Revision Control

To an inexperienced programmer the value of revision (asiea) control may not be immediately
clear. Indeed, it may be seen as an obstacle to the main aine girbgrammer, that of finishing
a working model. An experienced programmer, on the othedhaiil know that revision control
negates the risk of making a change that could cripple a madetorrupting changes can be
returned to a working version. Also, as the code becomes mamgplex, the management of
different ideas can be confined byanchesof the model and as more programmers join the
development team, their work can be synchronisednieygingtheir efforts into one central store
or repository

It is recommended that, at an early stage, any model beinglajmd should be placed under
revision control. At the very least, revision control wikrve as some sort of backup, even if
the code is not particularly ‘mature’. Certainly, once aoynfi of testing or verification has taken
place, it is important t@heck-inthe successfully verified code so that (should the prograntme
uncertain of the accuracy of a later version) it can be re@al/¢o a state that is known to work
with some confidence.

A consequence of maintaining a revision control systemésnibcessity to write logs with each
check-in. This may seem like a hassle should the programanear thanged one line of code, for
instance, but in a years time when it is needed to locate theylar version of the file prior to
the single line change, the log explaining the differencédkhe& invaluable. It's not too strong to
say that without the keeping proper logs, revision contritll lve ineffectual.

As code becomes more developed a programmer may wish to adfbarires. At the same time,
however, they may not wish to destabilise or corrupt the emryuof their existing model. In this
case a ‘branch’ (simply a copy) of the code can be createddardo develop the new feature
separately from the main (arunk) code. When the feature branch is ready and tested it can be
merged into the trunk and subsequently erased.

Another feature of revision control is snapshotor tag. These are either fixed revisions of a
model or a copy of the trunk at a milestone or release. Thagedan be further debugged, but
the expectation is that the trunk will continue to evolve lathihe tag’s feature set will be mainly
unchanged. This is useful if a major feature upgrade is @drand a programmer still wishes to
use the pre-feature code for problems that don't requiranéve features.

Server based revision control systems, such as Subvelsie, become very common as they
expand the use of revision control to development teamscdratheck-outand develop a model
independently and then merge their changes back into thenoonstore. This can require some
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management, should two programmers be working on the sactiersef code at the same time,
but it offers an invaluable feature for open source projegtere the development teams are
somewhat disparate.

When a model has become more mature, the developer may wisbngider implementing
regression testingRegression testing requires a test suit that can be implEdeafter every
revision to the numerical model. This will stop a coding erbeing transmitted through many
revisions before (hopefully) being found. The difficultgdiin designing a test suit of a size that
will not make the revision control process too time consugnin

4.3 Code Standards

In early central and personal computing, hardware memoyata premium. Even with today’s
computers, researchers often find they are hampered by aflackmory for ever more expansive
simulations. In present times, however, the restrictianen@mory no longer apply to source code.
The established trend is for better conforming, understhledand portable code to be developed.
In order to allow portability between users and systemsudwnts known asoding standards
have become commonplace.

Coding standards normally are produced for a particulatitirion in relation to a particular

programming language. The concept behind them is that adg sabmitted to the institution

(NASA, MetOffice) will be produced in such a way that it could distributed to any of their

members who will be able to use and develop the code furtieeschiieve this, rules about style,
documentation and other code specific features are eitlfi@rced or recommended. To illustrate
these points, let us consider the style and in-situ docuatientof a numerical model.

Coding style is an application of basic common sense. Thisidies giving variables names that
relate to their usage, initialising variables in a cleardfided area of the code, and indenting code
blocks such as loops or logical statements. Even using sgate and blank lines to make code
more readable may seem elementary, but for programmers olid@n generation this may have
been shunned. Often, tab characters are not recommendetb dsgues with porting between
systems, however, a number of text-editors are capablefecting tabs to whitespace should
this be necessary.

A lack of any in-code documentation should be seen as a guessight by the developer (unless
the code has significant external documentation to desitsls®urce). Even the developer them-
selves, when stepping away from their code for a period o timay find it impossible to reform
the ideas behind their algorithms should what face them bB@QRTRAN, say, with no prose to
reference against it.

In-code documentation can also aid the revision controtgse by making a more ‘local’ iden-
tification of the changes to a file. This is particularly triecode that has many subroutines or
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functions (smaller programming blocks) contained in one fiVhile the revision control log can
explain the main purpose of the change, the log held withénithcode documentation can more
precisely locate the change and describe it in more detddl.good practice for code to contain a
written log of changes, referencing who made them and attwiivice.

Most importantly, in-code documentation should explaim ¢tierall purpose as well as the inputs
and outputs of the main code and/or any subroutines. Withustinformation it will be near
impossible for any person other than the developer to opehat model. Describing the purpose
of code sections can be achieved via referencing an extdatalment or described explicitly at
the top of the code segment. Each input and output varialdeldhoe described at introduction
and, ideally, the purpose of all the local variables shoeldéscribed too. Some details of how the
algorithm is designed is also useful, but this may be moreagiately written ‘in-situ’ within the
code. Figure 4.1 demonstrates some of these ideas usin@RERANIS programming language.

Following a code standard should negate a number of commmorsehat regularly occur in model
development. For example, code standards will emphases@dhd to declare global constants
once and then reference that one declaration rather thandegng it in each separated code
block. This will stop an unsuspecting user altering one tamisunknowing that they should have
altered at other locations in order to achieve the resuit thesired.

This document is not defining or declaring a particular co@dmdard to follow, but it is rec-
ommending that modellers attempt to follow a reasonableetubf the rules and recommenda-
tion contained within the standards for the particular pangming language. Examples of such
standards exist on the wikipedia “Coding conventions” pdgsvever no FORTRAN standard is
referenced there. For FORTRAN standards please see ttaastisnpublished by the MetOffice
[4] or the NOAA [6].

4.4 Boundary Conditions

Uniqueness and stability of a numerical model is often deiteed by the application of boundary
and initial conditions. Too little information can lead tm @nfinite nhumber of solutions and
too much can lead to no solution at all. Determining the airtgpe and number of boundary
conditions is an important step in the development of a nigalemodel.

In general, techniques exist to classify a set of partidedéhtial equations (PDES) (such as the
Navier-Stokes equations) in relation to their requiredrimary conditions. These classifications
are known as hyperbolic, parabolic, elliptic, or hybrid teyss. Physically, hyperbolic systems
represent the advection phenomena, parabolic systems sdlotions corresponding to damped
waves and, finally, elliptic systems represent diffusiommimena [9]. A solution containing a

mixture of these phenomena is known as a hybrid.
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PURE FUNCTION Source Influence (collocation, input panel, node number, quadorder)

Reference:
The basis for this algorith has been constructed from H. Xu's PhD Thesis "Numerical
Study of Fully Nonlinear Water Waves in Three Dimensions" Massachusetts Institute of
Technology, February 1992. p63 equation 4.12

Purpose:
To calculate the source influence assosiated with a collocation point
and the source distribution of a far field generic element.
The program takes in a collocation point a far field panel, a given order of quadrature
and returns the result of the source influence. Equation 4.12 is solved for each given
root depending on the level of quadrature and then a weighting is applied.

Record of Revisions:

Date Programmer Description of change
25/08/06 Mathew Topper Original Code
28/08/06 Added and tested Nm, Nms and Nmt functions.

They should probably be in their own module!
29/08/06 Added Legendre subroutine but it needs fixing!
01/09/06 Changed the way the arrays run so vectors are stored

accross the first subscript not the second.
Added Static Data Module to hold static data (gravity etc)

08/09/06 Fixed Jacobian. Realised it's not dependant on s and t
11/09/06 Realised Jacobian thingy was total nonsense! In fact it only works

]

]

]

]

]

1

]

1

1

1

1

1

1

]

1

]

1

]

]

]

]

]

]

!

! and therefore should be calcultated just once.
]

! that way for a constant Jacobian. Anyhoo, traced the symettry bug down

! to problems in Nm function. Also discovered mistake in Nmt function.

! So much for my testing. Oops! Need to test againt an analytical solution
! now.

! 6/11/06 Have made a series of replacements to encompass the new data structures.
! I need to make it work for pointers still, however. It now works with

! pointers.

! Removed the outer node loop so that this works out the source influence

! rather then the whole integral. I think.

! Have deleted the outer loops and called this Source_Influence as it now

! works out the influence parts of the integral

! 16/11/06 Put the gl_table bounds_picker as an array is the Static _Data mod to stop
! all the calls to it.

! Now using fixed arrays for the results of nm, nms and nmt which need to be
! set up at the beginning of the program.

! Now recording values for 1/r for quadrature of order 2 to save

! recalculating for each of the nine nodes of one panel.

! Brought gl_table bounds and coefficient part of gl_table local to save time.
! Currently running at ~1.3 seconds for 5 million panels.

! 21/11/06 Function is now PURE. Also running faster due to parallel computation.

! 31/1/07 Changed the srtucture to upate the stored j's and r's at different times
! as the stored j's on the panels only need resetting at the time step, but the
! r's are recalculted for each collocation point.

]

IMPLICIT NONE

! Data dictionary: declare calling parameter types & definitions

TYPE(node), POINTER 11 collocation ! Collocation point

TYPE(panel), POINTER 11 input_panel ! Inflence over this panel on collocation point

INTEGER, INTENT(IN) 11 node_number ! The node number of input panel at which to calculate the influence
INTEGER, INTENT(IN) :: quadorder ! Order of quadrature to use

REAL 11 Source_Influence ! The result of the intgration

! Data dictionary: local variables

INTEGER :: iquadloop, jquadloop, inmloop ! loop dummy variables

REAL 11 nmpart ! The Nm(s,t) part of integral equation 4.12

REAL 1 Xs, ys, zs, xt, yt, zt ! x y and z derivatives in (s,t) space

REAL 11 jpart, jl, j2, j3 ! The Jacobian of integral equation 4.12 and it's component parts

1
1
1
1
REAL 1t rpart, rl, r2, r3 ! The distance, r(s,t) in equation 4.12 and it's component parts
1
]
1

REAL 11 tempnm ! This is used so that call are only made to Nm functions once.
INTEGER 11 arraynum ! This is used to number the values for the joverr arrays in the panels
REAL, DIMENSION(4) 11 fastnm ! This is the array that holds the values of nm for quadrature order 2

!Initialisation of variables
arraynum = 1

Figure 4.1: Sample FORTRAN95 code with documentation.
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Classification of a set of governing equations is determimedalculating their characteristic nor-
mals. Once these are known, characteristic surfaces caafimeed. These characteristic surfaces
demonstrate how information travels within the domain ¢déiast. This information then provides
a visual interpretation of the necessary boundary conwitior solving the system of equations.
Techniques for finding characteristic normals and formihgracteristic surfaces can be found in
Hirsch [9, chap. 3].

4.4.1 Characteristics of the Shallow Water Equations

As an example, consider the characteristics for the shallater equations in one spatial di-
mension, but still allowing velocity normal to the direati@f the flow. This is a more concise
reproduction of the analysis given in Topper [20].

The shallow water equations for inviscid, incompressilba/fare given by

U +Ulk+9nx=0 (4.1)
Vi+uw =0 4.2)

whereu is the velocity in thex-direction, v is the velocity in they-direction, nj is the free surface
elevation,g is gravity andd is the undisturbed water depth for a channel with a flat bottom

The characteristics of these equations are then given by

A =u++/g(n+d) (4.4)

A =u. (4.5)

Interestingly, an upwind differentiation method would! fa correctly model these equations for
this domain. For typical valuesy & 2, (n +H) ~ 30,g ~ 10) equation (4.4) will have two char-
acteristic curves, one being positive and the other beiggthe. It can be seen that information
propagates forwardasnd backwardsn space for the shallow water equations. An upwind method
does not take into account the effects of information pragtiag in the direction opposite to the
flow. Thus it is necessary to find a scheme that considersaspiatiivatives in both directions, i.e.

a central differencing scheme.

The required boundary conditions can be demonstrated umstriditing the characteristics. Figure
4.2 shows the characteristics in thet) plain. The red and blue lines are the characteristics that
carry the data fou andn and the green line is the characteristic that carries the fdatv. Note
that the gradients of the lines are the inverse of the valueaoh characteristic. As the red and
blue lines enter the region, travelling in opposite direat, both the entry and exit boundaries
are required to give a value for eitheror n), but not both. Also, see that the green perpendicular
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velocity line will always enter the region with positive dation. Thus data for atx = 0, the entry
boundary, is required.

Finally, consider the boundaries for tgedirection. These will be very similar to that of the
direction but note that setting= 0 at the beginning-boundaryx = 0, has a very positive effect.
Figure 4.3 shows that there is no need to specify dataéorthey-boundaries as the characteristics
don'’t intercept them. Only some data foor n is required on the boundaries.

As is seen above, classification of a numerical method angisaeaf its characteristics are crucial
to applying the correct boundary conditions and can evesl{a&n above) indicate which differ-
entiation schemes will be applicable. Importantly, in erie cases it is quite possible that these
classifications can change dynamically. For instance,nmestansonic flows the classification can
change as the flow transforms from sub- to super-sonic. Tanscause difficulties in developing
boundary conditions for such a problem. Transience wilb alsange the characteristic normals
of a set of PDEs. Thus it is important to always study the dateristics of the equations for the
range of values they will be applied to.
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5
Testing

5.1 Introduction

Without formal testing, the results of numerical methods mot credible. This is an important
concept to grasp when modern post-processing can turn tis¢ fadtacious results into highly
convincing visual simulations. Therefore, before anyfaihould be placed on the “pretty picture
physics” of a numerical method, the user of the method mustodstrate that the model is
producing results in agreement with the approximation isWwased upon. This step has come
to be known asverification Note this is not testing if the model represents the physiggas
designed to simulate. This process examines the modeitydbifeproduce the mathematics that
it was designed to solve. The process of comparison to ‘reddiwesults is known asalidation
This examines if the approximation was chosen wisely.

The intermediate step between verification and validat®numerical error estimationThis
process examines the error bounds of the numerical model $amulation without an analytical
result, using a particular grid resolution for a calculatithat is to be compared to experimental
benchmark data.

5.2 \Verification

Verification is a critical process in the production anditegtof a numerical model. A number
of conclusions can be reached from the process of code \aidfic Transformations of the
approximation equations, tharder of the discretisation and the encoding of the discretigatio
and numerical method will be confirmed by the accumulatiorewafience of code verification
[17, 14]. One method to demonstrate verification is througjnich refinement study. However, it
may be ‘over the top’ to consider a refinement study in the eamyy stages of the development
of a model. Otheconsistency checlare worth considering first, such as checking continuity of
mass or velocities in basic simulations. Once a developewrfident that the more obvious bugs
have been eradicated then a formal grid refinement to vearéymiodel will increase the evidence
that the method is performing as expected. Note, should tiheerical method be time stepping
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then both a spatial and temporal study should be considaseexample, a spatial grid refinement
study is presented.

In order to carry out a grid refinement study, a few preredgssiare required. As mentioned
earlier, obvious consistency checks will avoid elementargrs being reproduced. Furthermore,
assurance aferative convergences critical. Iterative convergence relates to schemesitbitte

to a solution by reducing residuals. If these residuals atewithin a confined limit, then the
verification process will not be reliable. If iterative camgence is assured (or unnecessary) then
to determine the order of grid convergence, a minimum ofdtsieulations must be performed.

For comparison, an analytical solution or benchmark is irequ It is important to contemplate
the quality of an analytical solution before its applicatim code verification. It may be that one
or many ‘real life’ analytical solutions exist for a set ofuadions. Difficulty arises if the chosen
analytical solution does not exercia# the termsof the equations being used. Subsequently, the
results of a grid refinement study will only verify the terméieh are exercised by the analytic
solution. Where no ‘real world’ analytic solution can be falto test all of terms the the equations,
it can be possible to generate an ‘unrealistic’ manufadts@ution that will achieve this. This
process is known ahe method of manufactured soluticasd is introduced in Roache [17]

The method of manufactured solutions is elegant and poléie basic premise is to design a
continuum solution that is analytic but still complicategbagh to exercise all the terms of the
eqguations being tested. Roache gives the hyperbolic tanigen, as an example. This solution
is then entered into the governing equations to generateir@esterm known afQ(x,y,zt) that
will produce this outcome when included in the numerical glo@ihe production of) may not be
trivial and Roache describes using code generated by syertmhputation to describelitOnce
Qs included in the numerical model, an analytical solutiepiovided that will verifyall of the
equationgdiscretised.

5.2.1 \Verifying the Order of Convergence

Once an appropriate analytical solution is selected, ttar eetween the numeric and analytical
results are analysed over successively finer grids. The eetween the two solutiong, is given
by

E = f(h) — fexact= Ceh” + Higher Order Terms (5.1)

wheref is the approximate function value for a specific grid spacimdexactis the exact solution
to the functionCk is a coefficient andP is the order of convergence. It follows that

Ce = (5.2)

F.

1. This process may inherently add another source of eromn the symbolic computation that is not discussed in
Roache.
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If Ce remains constant over successively finer grids then théicaion of code has been suc-
cessful. Crucially, at this stage, there is insufficienbimfation to solve (5.2) as the order of
convergencepP, is not yet known. Formally, this is the theoretical orderamfcuracy for the
discretisation at each grid point. Thus, for a second ordethod, P would be two. However,
it is not always the case that tiebserved order of convergenoeatches theheoretical order of
convergencelt may, therefore, be necessary to determine the obsemded of convergence prior
to the verification test. The order of convergence can thatelbermined for a fixed grid refinement
ration,r by

P:In<f3_f2>/ln(r). (5.3)
fo— f1

Routinely, each successive grid refinement has double g@uteon of the last. Some other

ratio may be chosen, but care must be taken to ensure thaatiberemains the same for each
refinement. Also, the ratio must be high enough to diffeegatthe discretisation error from other

computational errors. When results from simulations usivegthree grids have been calculated an
order of convergence can be determined.

It is unlikely the numerical order of convergence will be gisely the same as the theoretical
order of convergence. It is more likely that, due to other etinal factors and computational
errors, it will be less expected. Some of this error may betdymoblems categorising refinement
on non-structured grids. It has even been reported that somenercial models produce orders
of convergence better than analytical.

At early stages of grid refinement, using very coarse grlasorder of convergence is effected by
non-discretisation errors. If the model is operating propthen as the grid is refine will enter
the asymptotic range of convergence, defined by [1] as:

The asymptotic range of convergence is obtained when tidesgecing is such that
the various grid spacings h and errors E result in the congtafCg,

Ce =E/h° (5.4)

Evidently, equations (5.4) and (5.2) are identical. Thudieving the asymptotic range is an
equivalent code verification test.

The purpose of the above analysis is to rigorously demaestiat the discretisation of a contin-
uous equation has been implemented successfully. It mayenpbssible to apply the analysis to
all forms of numerical method, but in any case, it must be destrated rigorously that any model
developed is, as stated earlier, “solving the equatiorigTigVithout assurance of this, any results
from a model can not be regarded as accurate. It is possibketother QA methods, such as static
testing, to gather evidence of the verification of a modebhrggles of such tests are described in
Oberkampfet al.[14].

Once satisfied that a model has been verified for all “optidhsh the process of ‘verification of
calculation’ allows us to estimate the level of error formslation at a particular grid resolution.
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5.3 Numerical Error Estimation

Once verification of code has been completed, the next stepaissess the error for a calculation,
in particular, one that hasn't an analytical solution. Tigign important step for validation and,
later, prediction, as it provides a bound on the numericairstin relation to other sources.

5.3.1 Richardson’s Extrapolation

A technique for reducing the error of a numerical calculati®known asRichardson’s extrapola-
tion. It is used to provide an estimate to the continuum (fullytisist converged) solutionfexacs
using two grids within the asymptotic range. It is assumed tihe solutionf, can be expanded in
a Maclaurin series based on the grid spacmguch that

f = fexact+ jih+ j2h2 + j3h3‘|‘ e (5.5)

where the functiongy, jo, ... are independent of the grid spacing. In the classic elanmging a
second order numerical method following Roache [§7]s zero and hence two solutioris and

fo, possessing grid spacings andh, respectively, can be combined to produce the equation for
the continuum solution, discarding the higher order terms:

fi—1f
r’—1

fexact= f1+ . (5.6)

The estimate tdfexact in €quation (5.6) is fourth order accurate with exclusive 0§ 2nd order
central differencing. Otherwise, the persistence of tlirder terms in the expansions obligate a
third order estimate.

The above extrapolation provides a (minimum) third ordesuaate estimate to the converged
solution using just two second order grids. Whereas, engpalithird order method would incur a

number of challenges. Beneficially, the extrapolation camjplied as a postprocessor, requiring
no reference to the production code or grids. It is also applie to derived parameters, again
providing higher order estimates to their true value.

Conversely, there are a number of difficulties associatati this application of Richardson’s
extrapolation. Assumptions of grids being smooth and withe asymptotic range can be difficult
to ensure, especially when postprocessing. Increasinglyigmatic, Richardson extrapolation has
been shown to be non-conservative. Therefore, it is notmeeended that Richardson extrapola-
tion is used for the purpose of ‘refining’ a result.

It is more expedient to use Richardson’s extrapolation tomede the accuracy of a calculated
numerical solution. The general form of Richardson’s epafation for the limit of grid refinement
of aP-th order method is given by

f1— 12
rP—1

fexact = 1:1 + . (5-7)
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In general, the results of equation (5.7) are or@®#- 1) accurate although should the next odd
derivative in series (5.5) be zero (such as in a central rdiffeing scheme) then the scheme will
be order(P + 2) accurate. Considering the second term of equation (5.7¢ @nberror estimator
to the fine grid solutionfy, an application of the binomial expansion produces:

Ar=E;+0O(hPT1 EZ). (5.8)
A; is known as thectual fractional errorand is defined by
Al _ 1:1 - fexact‘ (5_9)
fexact

E; is theestimated fractional erroand is defined as

(5.10)

wheree is the relative error,
e fo—h

fy

(5.11)

The significance of equation (5.8) is that provides arordered estimat¢o the actual fractional
error, A, for the fine grid solution. This is best illustrated in c@dtr toe, defined in equation
(5.11), that considers neither the refinement ratior the order of convergenc®,. Hence, the
value ofe as an estimate for discretisation error is highly suspect.

5.3.2 Grid Convergence Index

In an effort to promote consistent reporting of the quardtfimn of errors, Roache [17] developed,
from the above analysis, a criteria known as®réd Convergence IndefGCl). The GCl relates a
grid refinement study to the expected results using grid liloyltior a second order method. The
GCl provides an error band indicating the divergence of at&mi from the asymptotic value. A
small GCI therefore indicates that the numerical solutwithin the asymptotic range.
The GClI for a fine grid solution is

Fsl€|
(rP—1)
whereeg is defined by equation (5.115, is known as thdactor of safety The factor of safety acts
as a probabilistic correction dependant on the needs ofdbe kor instance, when only two grids
are available thehs is set to 30. When a third grid can be examined, there is more confidende a
Fs can be reduced to.25.

The GCI not only provides a useful metric for the error boufatsa numerical calculation, it can
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also provide a required grid resolution. Assuming the gadswithin the asymptotic range,

GClrequired
I'required = (7(38?::3 > (5.13)

where ‘required’ indicates the desired accuracy and réisolland GCj3 indicates the GCI be-
tween a second and third grid.

The GCI can be used to provide an error bound from a combimationdependent constituents.
For example, considering the functiditx,y, z;t) then the GCI forf is

GClt = GCl+ GCly + GCl,+ GCl (5.14)

Itis important when applying the GCI to a grid refinement gttithat the order of convergence is in
the asymptotic range. Also, when using an unstructured tirate is an alternative grid refinement

ratio which can be applied,
N\ (5)
I'effective = (N_1> (5.15)
2
whereN; andN; are the number of grid points for the solutiofisand f, andD is the dimension
of the problem.

Ol

The above consideration of unstructured grids reveals saneus difficulties when applying the
GCl to unstructured or unconventional grids/methods. kangle, it may be possible to improve
the accuracy of an unstructured grid without altering thenhar of nodes simply by redistributing
them to areas of greater disturbance. In this case, usinG@igo inform a required resolution

may be misleading.

Given the range of disciplines and methods that are avaitabhumerically examine problems of
waves and tides it would be foolish to assume that grid refardrar the GCI error estimators will
be applicable to all. It should be the case, however, thatrevhediscretisation of equations has
taken place, some study must be undertaken to estimate therizal accuracy of the calculation
undertaken. Provided this is achieved with rigour, themtieans is not necessarily important, but
single grid error estimation is challenging in the abserfce grid refinement study.

5.4 Validation

The role of validation is to test the ability of an approxiiatto describe the physical system
under investigation. This caneverbe achieved for a numerical model as a whole, it can only
be achieved for a particular calculation with which therexperimental data to compare. More
formally, validation will provide the frontier of acceptiiby for a particular approximation of a
physical phenomena [14].
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The ultimate goal of validation is to provide a quantitatimeor estimate for the quality of a
prediction using a numerical method by comparing to a $yritionitored experiment. The chal-
lenges of achieving this are extensive but not insurmoulatas with verification, there must be
an evidence gathering process that builds confidence taartbrs in a validation experiment are
strictly controlled and understood. It is unlikely that #sgerience and understanding required to
achieve such a goal will be evident in the first experimenistaften a hierarchy of validation is
defined in order to facilitate various stages of the confiddmdglding process.

Validation of a numerical calculation should not be attesdpivithout first assessing the error in
the numerical simulation that is to be compared. This is #ason why verification of code and
quantification of errors in calculations are so importafihd error is given for a calculation then
the results reported by the model could easily take on angeaieable value making the most
accurate validation experiment worthless. The readergedito return to sections 5.2 and 5.3 if
they are unfamiliar with these concepts.

A validation hierarchyseeks to reduce the complication or uncouple complicatgdiphl prob-
lems into fundamental physical phenomena, that a numbamoénical methods would be capable
of tackling. The tiered system allows for a number of lab bagalidation experiments to be
undertaken, increasing the confidence level that a nuniericdel may be capable of tackling
some of the coupled problems where the difficulty of obtajriwth experimental and numerical
results is increased.

The validation hierarchy can highlight a number of diffdrerperiments that can be undertaken
for a particular physical problem. The process of decidirgol validation cases are the most im-
portant can be made by compiling a phenomena identificatidiranking table (PIRT). Given the
overarching nature of these tables, discussion about théeftito chapter 6. They are mentioned
here just to emphasise that a formal decision making prdses#tical to making the best use of
sparse resources. The next stage is to design the expeiiseiht

5.4.1 The Validation Experiment

Thevalidation experimenis a fledgling research problem [14]. In the past experimbat® been
used to improve fundamental understanding, improve thieatemodels or improve reliability
of existing systems. A validation experiment’'s goal is tdedaine the predictive accuracy of
a numerical model. In other words a validation experimemkseio quantify the ability of an
approximation within a model to reproduce physical phenman&Vith this goal in mind, the needs
of the model must be placed before the needs of the experirtiéatappropriate, in this case,
for the numerical model to lead the design of the experimiman be used to define expected
results, but it can also reveal sensitivities that couldl l&a a re-evaluation of the importance
of a particular parameter or physical process that hadrénbexpected before. In any case, the
experiment designed for the needs of the model is likely tmlpce a more useful experiment
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than one without such intention. To achieve this goal Obmfdeet al.[14] recommends a set of
guidelines for validation experiments listed as follows:

Guideline 1: A validation experiment should be jointly designed by expentalists, model de-
velopers, code developers, and model users working cldeghther throughout the pro-
gram, from inception to documentation, with complete canaloout the strengths and
weaknesses of each approach.

Guideline 2: A validation experiment should be designed to capture tisergm@l physics of
interest, including all relevant physical modeling data amtial and boundary conditions
required by the model.

Guideline 3: A validation experiment should strive to emphasize theliehesynergism between
computational and experimental approaches.

Guideline 4: Although the experimental design should be developed aatipely, independence
must be maintained in obtaining both the computational apeé@gmental results.

Guideline 5: A hierarchy of experimental measurements of increasingpaational difficulty
and specificity should be made, for example, from globallggnated quantities to local
measurements.

Guideline 6: The experimental design should be constructed to analydestimate the compo-
nents of random (precision) and bias (systematic) expetiaherrors.

The above guidelines emphasise validation as a collakerafiort, producing results that will be
meaningful to the predictive capabilities of the numerizaidel. It is also important to attempt to
use fundamental measurements to examine the correlatiore®e experimental and numerical
results rather than secondary information derived by a emattical process (in the language of
Part 1, using field data rather than parameterised datad.rédiices the uncertainty in the accuracy
of the mathematics used to derive the secondary data.
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Prediction

6.1 Introduction

The ultimate goal of the verification and validation proces® ascertain the predictive capability
of a numerical model. Even in the case where a simple trendsight is sought, given limited
validation data, credibility of the numerical results igqtal. Over the past twenty years, work to
formalise the question of predictive capability of numatimodels has advanced. A recent, ‘large’
project was undertaken by the US Department of Energy’s lecated Strategic Computing
Initiative (ASCI) that was tasked with increasing the riliiy of numerical software for defence
and nuclear programs [16]. The reports and papers of thigroepresent the cutting edge
of research into informing predictive capability of nunuadi models. Their approach is based
upon thegathering of evidencéo estimate, quantifiably, the error and uncertainty inheweith

a calculation used in a predictive mode. Verification anddadion, as discussed above, are an
integral part of the evidence gathering process.

Numerical and experimental errors have been discussececipréceding chapter. A further key

concept in assessing predictive capabilityiigertainty Uncertainty can be subdivided into two

groups:

Aleatory Uncertainty is the random uncertainty inherent in any physical systene Variability
of this uncertainty is understood and quantifiable. It is &lsown as irreducible uncertainty.

Epistemic Uncertainty is uncertainty from a lack of knowledge. This can stem frosuificient
knowledge of boundary conditions, for instance. It is aleown as reducible uncertainty.

Both aleatory and epistemic uncertainty should be reptedelny statistical processes. Unfortu-
nately, it is much more difficult to produce a probability tdisution for an epistemic uncertainty
such as an unknown boundary condition. For perfect prdailitiaepistemic uncertainty must be
minimised and this is achieved through the validation psecéf epistemic uncertainty can be
redefined as acknowledged error or aleatory uncertainty pnedictive capability can be obtained
in a more straightforward manner. Unfortunately, wave dddltresearch is dominated by epis-
temic uncertainty. Numerical and quantifiable experimlestiaors, known asicknowledged errors

must be considered together with aleatory and epistemiertaioty. Even acknowledged errors,
however, may have some epistemic uncertainty inherentamtbthods with which these errors
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were estimated or recorded.

The validation process involves evidence gathering togedhe quantity of the epistemic uncer-
tainty in a numerical model. The next two sections descrilethiads for structuring and reporting
this evidence. However, in the case where only sparse dataiisible, such as in ocean modelling,
validation is more challenging. Thus, the calibration msxis discussed, with respect to current
research being undertaken to reduce uncertainty, in se6té

6.2 Phenomena Identification and Ranking Tables

The aforementioned evidence gathering process requirgatagic framework. To formalise and

facilitate this strategy, the ASCI program recommendedieeof a Phenomena Identification and
Ranking Table (PIRT). As the name implies, the table is usedigassemble a physical system
into the baseline phenomena and then rank their importaDoee this ranking has taken place,
the current state of numerical models and validation expenis, to illustrate these phenomena,
are identified. With the PIRT as a guideline, resources toréwvg upon the status quo can be
prioritised effectively. The PIRT is similar to the validta hierarchy described in section 5.4
except, now, priority is given to the most important phenameThe validation hierarchy remains
a useful aid to the production of a PIRT. In fact, the procdggaducing a PIRT is as important a

record as the table itself.

The production of a PIRT is an opportunity (possibly a neit@sso consult all levels of an
investigative team. Numerical modellers, experimerislitheorists and managers will shape the
choices and importance of phenomena identified for a p#atiquhysical system. The PIRT is
an living document, being revised in the wake of new insightavered through the verification
and validation process. Figure 6.1 shows the PIRT formaiioness represented as a flowchart in
Pilch et al.[15]. This is an example of how the process for formal devalept of a PIRT should
be undertaken.

Figure 6.1 uses the term ‘driver’ to describe the physicaitesy chosen to be modelled. It is
important that this driver not be too expansive. If, aftaeistigation, it is found that the ranking of
each phenomena is indistinguishable, it becomes impestilgrioritise a development, verifica-
tion and validation strategy. In this situation, it may bdigative of an over reaching project goal.
Nonetheless, identification of this problem at an earlyetaiga project through the PIRT will be
beneficial as the project goals can be redefined.

Once a PIRT is drafted it will provide a snapshot of the regpuients to ensure predictive capability
of the numerical model(s) simulating the physical systehisThcludes a ranking of the phenom-
ena characterising the system and the state of verificatidrnvalidation of related model(s). An
example of a PIRT (called a I/U map in this case) is given indBayet al.[5] and is reproduced
as figure 6.2.
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. Processes
Driver Scenarios
Requirements s | Objectives P | for Code =P | variables
q Application
Parameters
Phenomena Structured Available
Ranking = H ID of H Experimental
1st PIRT phenomena Data
Review and Confirmatory Finalize and
Revice =P | sensitivity 44— | document
Analysis PIRT
Figure 6.1: PIRT production process from Pildt al.[15]
Current
Input Impact Uncertainty status
Geormnetry Electrode 3 Unspecified Fixed
symmetry-2d
Cooling channel 1 Unspecified Fixed
Gauge Unclear Unspecified 1,2mm
Materials Unclear Aluminum (2 types Fixed
x2 surfaces)
Stress/ 4 Unspecified Fixed
strain Piecewise linear (worse at high T)
Co. Cy. 05 3 Unspecified Fixed
Contact 1/o =u-f; f fixed 3 Unspecified Fixed by modeler
resistance u=0for 5 v e=[0.8,8.0] Tuned to data
electrode/sheet for 1 metal
u = tuning for faying
Thermal 2 Unspecified Fixed
conductivity
Current 5 No uncertainty Controllable
Load 5 No uncertainty Controllable
Mass density (p) 1 Unspecified Fixed
Specific heat (c) 1 Unspecified Fixed
Numerical Mesh 1 Unspecified Convergence/speed
parameters M/E coupling time 1 Unspecified compromise
Boundary 1 Unspecified
conditions Fixed
Initial conditions 1 Unspecified Fixed

Figure 6.2: Example PIRT from Bayarret al.[5]
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An element which a PIRT should also identify that is not repreed in figure 6.2 is the current
state of validation metrics for the identified phenomenae Ghality of the validation metrics will
directly influence the predictive capability of a model.

6.3 Validation Metrics

Once avalidation experiment is complete, the metrics usgdantify the comparison between the
numerical and experimental results are of critical impact This provides quantitative evidence
for informing the predictive capability of a numerical mada validation metric should seek to
quantify as much of the error uncertainty as possible, fonertical and experimental results.

The development of validation metrics in computationaésce has mirrored the growing concern
with predictive capability. The most basic metric is a siengualitative comparison. Not unhelpful

in some respects, but the resolution and accuracy of suchhparison, when no care or attention
is given to either numerical or experimental error, is qioggtble. The next stage is a quantitative
comparison, but again, if no attention is paid to the errérenent in the comparison then the
comparison has little value. An example of this sort of neagigiven in figure 6.3

—@— experimental
—— computational

OUTPUT

INPUT

Figure 6.3: Quantitative comparison without errors or uncertaintyaptiéd from Oberkampdt al.
[14]

The next stage (and probably representative of the statasiggomputational science) is to
consider the numerical and quantifiable experimental srdescribed in quantification of error
and validation sections (sections 5.3 and 5.4 respecjivélyis metric has strong grounding in
the discussion of chapter 5. The description of these edensonstrate care in the production of
both numerical and experimental results and, as discusstdreare an important step to defining
predictive capability. However, although this form of nietdemonstrates that understanding of

1. The example figures in this section are recreations oflairfigures in Oberkampét al.[14]
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acknowledged errors in a numerical or experimental test,ntletric does not account for either
aleatory or epistemic uncertainty. An example of such aimetigiven by figure 6.4.

—E— experimental
—E— computational

OUTPUT

INPUT

Figure 6.4: Quantitative comparison including acknowledged errordagted from Oberkampf
et al.[14]

Aleatory uncertainty can be modelled using statisticatritiistions for parameters where the
variations are understood, i.e. turbulence. The epistamiertainty in a calculation or experiment
results from those errors or uncertainties that for whiakréhis no knowledge. This may be due
to an unmeasured boundary condition or an unpredicted teiletn a wave tank or a coding
error. The ability to estimate these uncertainties is thal timilding block in providing predictive
capability. The process of undertaking the estimation e§éhuncertainties is invariably statistical,
and likely laborious. For instance, repeated experimanifferent experimental facilities will
gquantify some epistemic error in validation experimentst Rumerical simulations, statistical
analysis of uncertain parameters over ranges of valuesqwdhtify the effects of uncertain or
random inputs upon a simulation.

When all of these contributors are considered it is posdiblzreate a direct quantitative compar-
ison using convolutions of probability distributions. §hs represented in figure 6.5. The mean
error for each input parameter is represented by a pointtamditcles surrounding each point are
standard deviations of results away from this mean.

Finally, Oberkampfet al.[14] provides a guideline for the properties which a validatmetric
should ideally represent, thus:

1. A metric should incorporate an estimate of the numericedran the com-
putational simulation. This estimate may only be an estniaim solutions
on under-resolved grids. However, we believe that repte@sgprthe uncertain
estimate of error as a probability, e.g., 1 out of 100 chargept defensible,
since convergence of numerical error is more closely amalsdo bias errors in
experimental measurements.
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Figure 6.5: Direct statistical comparison incorporating error and entginty. Adapted from
Oberkampfet al.[14]

2. A metric should not exclude any modeling assumptions pragmations used
in the computation of the simulation result. A metric shotdflect all uncer-
tainties and errors incurred in the modeling process.

3. A metric should incorporate estimates of the random erirothe experimental
data that are the basis of comparison. In addition, we belgewmetric should
also include an estimate of the correlated bias errors iexperimental data, if
possible.

4. A metric should depend on the number of experimental capitins of a given
measurement quantity. That is, a metric should reflect tred & confidence in
the experimental mean that has been estimated, not jusati@ge or scatter
in the data.

5. A metric should be able to incorporate computational taggty that is due
to both random uncertainty in experimental parametersireduor defining
the calculations and any uncertainty that is due to lack piedarmental mea-
surement of needed computational quantities. Thus, a er&tould use non-
deterministic methods to propagate uncertainty throughsilibject computa-
tional model.

The challenge of quantifying epistemic uncertainty in ddation metric is one of great impor-

tance. However, it is also extremely challenging for nucerimodels that must operate with a
vast amount of uncertain information. This is the case fonate modelling, ocean modelling

and economic modelling. Reduction of uncertainty in theslkeldiis normally attempted through
calibration of uncertain parameters to produce a cormtatvith some known set of results.
Achieving better predictive capability with models thatuére calibration is of great interest to
researchers in the risk quantification field and is discugséae next section.
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6.4 Calibration Under Uncertainty

Calibration is distinct from validation. Validation prales a test to determine the ability of a model
to represent a physical phenomena while calibration seekiign a numerical model to known
experimental data through altering uncertain input patamseThis, then, is therefore not a test of
the applicability of an approximation to a physical system.

A calibration must estimate the values of unknown paramsetepredict a set of known results
from benchmark data. The problem inherent with this protesdack of discussion of error and,
as importantly, aleatory and epistemic uncertainty. Whiis tn mind, the predictive capability of
a model may be compromised. For example, where a set of pteesrae found that allow a
model to match some sparse data set (say through lineassigng, it does not follow that away
from those data points the choice of parameters are nedggbarcorrect ones. Similarly, without
formal quantification of numerical error this process cavahask coding errors and unresolved
grids.

There is a potential conflict in principles between the veaifion and validation community and
the numerical modellers that are challenged with sparse skits, such as climate, ocean and
economic models. In fact, the focus of error and uncertaguigntification is beginning to be used
by researchers in the aforementioned fields to actively avgpthe outcomes of their models, both
in terms of unresolved grids [22] and uncertain input paranse This process is sometimes known
as inverse modelling [7].

The change to the calibration process to incorporate errdrusmcertainty can be known aali-
bration under uncertaintj21]. Commonly, regression schemes used in calibratiosiden uncer-
tainty in the data calibrated against, but not error and dairgy in the model itself. To incorporate
the effects of model uncertainty in the calibration pro¢c&syesian statistics can be called upon.
Bayesian statistics seeks to use evidence accumulateti¢oibéorm the probability distributions
of uncertain parameters used in the calibration. This nalgrequires that uncertainties are
considered in a probabilistic sense. Once such implementhighlighted in Trucanet al.[21]

is theKennedy and O’Hagan formulation

The difficulties with calibration under uncertainty ariserh the requirement for greater numbers
of simulations. With the inclusion of uncertainty in a catibon process, comes the need to
represent uncertain inputs with statistical samples tonémxa the impact of these uncertainties. In
fields where simulation times are often the limiting factbis may preclude the development of
this analysis in the short term. However, if models are totoglpced that must be truly predictive

in the face of sparse data sets, realisation and reducti@mrof and uncertainty must be taken
into account. It seems likely therefore, that the expendepfementing the ideas above may be
more economic than accurate gathering of the complete @ddis for simulations on planetary or

regional scales. As mentioned earlier, however, this ramaicutting edge and contentious topic.



7
Challenges and Further Work

The purpose of this chapter is to highlight opportunitiesftother work that can be undertaken
within the marine energy research community in order togase the credibility and, hence, the
predictive capability of the numerical models developed &sted.

Strategic Planning: Significant interest in technology roadmaps for marine gyand has pro-
duced a funding stream for the continued development oftduknique. The PIRT table,
discussed in section 6.2, provides a similar strategicvieerfor numerical modelling of
wave and tidal phenomena. It defines the necessary moddbgevent and validation stud-
ies that should be carried out to improve the modelling céitiab of the project ensuring
efficient allocation of resources. The application of suanethodology in the numerical
model development could be extremely beneficial.

Estimation of Error in Numerical Models: With such importance being placed on the estima-
tion of error from the use of discretisation in numerical ralsd error estimation must be
taken into account at the design stage or when choosing atingximodel. The ability to
estimate numerical error in existing models must also berggerious consideration.

Validation Experiments: There is a unique opportunity to start the design of forméibesion
experiments as described in section 5.4. The years of erpatal experience of wave
device testing within the marine energy field facilitatesogportunity to demonstrate the
capability to produce numerical model led experiments.

Experimental Scaling for Free-Surface/Current Interaction: It remains unclear whether a for-
mal or informal understanding of the effects of scaling falidation experiments of free-
surface/current interaction exists. This is an opporjutdtdefinitively answer the questions
surrounding the effects of scale on validation experimeiitsre the design subject involves
both free surface and current interaction.

Research into the four areas of interest highlighted abawméldvproduce a definitive increase in
the credibility of the numerical modelling partaken in thep8rGen consortium and within the
marine energy community as a whole. The challenges are &&hieg, but not insurmountable,
and if marine energy requires, for economic reasons or wlilser a numerical model led design
process, then some of the ideas presented here must suralgdbessed. Overall, it is hoped
that this document will aid those within the wave and tidae@rch community to take the first

a7
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steps in producing numerical models which the wider marimergy community can apply with
confidence in the credibility of the results.



Glossary

The following glossary contains technical terms that aredus the numerical modelling for
wave and tidal research. They have been selected from thentutocument and that of McCabe
[12]. The source of information for the descriptions is eotkd from numerous sources including
personal experience, the internet andr. wikiwaves. org.

Advection
The transportation of a conserved quantity by a moving fluid.

Algorithmic Efficiency
The expense of a particular numerical technique in comgutime and memory space. It
is possible to predict the number of operations numericahods may require and thus
compare theoretical speeds. However, this does not acéoutite facilities on which the
methods are being computed nor does it account for efficimgramming of the methods.

Amplitudes of Motion
The amount by which a body may move under a given force or moimesr a specific
period of time.

Angle of Attack
Angle between the chord line of an aerofoil and the relativeoming flow measured from
the trailing edge of an aerofoil.

Body Force
A force applied to the whole volume of fluid within a domain.

Boundary Condition
A boundary condition is a mathematical formula that expressknown physical restriction
at a certain spatial coordinate. For instance, an apptepbaundary condition for a wall
would be that no flow may pass through it.

Boundary Element Method (Panel Method)
A simulation using potential flow that allows a reduction ratal dimension by calculating
the results solely on the surfaces or lines bounding thewelar area.

Boundary Layer
The thin layer near a boundary where a sharp reduction ircitgloan be observed due to
the viscous effects of the boundary.

Boundary Layer Approximation
The division of a high Reynolds number flow into an inviscidffaeld region and a viscous
boundary layer region near to walls.

Boussinesqg Approximation
Approximation to the vertical component of the Euler equadi for water waves that are
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weakly non-linear and have fairly long wavelength.

Cell
A cell is the region defined within the boundaries of the mesh.
Central Differencing
Approximation to a differential operator using points otther side of the point to be
differentiated.
Chord Line
Straight line between the leading edge (forward most pant) taailing edge (backwards
most part) of an aerofoil. It's length is often chosen to be fr convenience.
Compressibility
The change of volume of an amount of fluid in response to pressu
Continuity Equation
An equation that describes the transportation of consequeahtity. In fluid dynamics the
continuity equation is often used to describe conservaifanass.
Credibility
The confidence with which a numerical model can be appliededipt the physics it was
designed to simulate.

Database
A structured collection of records stored within a compsgstem.
Degrees of Freedom
Descriptions of the set of independent displacements atioots that completely specify
the displaced or deformed position or orientation of a systi three dimensions the six
degrees of freedom are often described with a nauticalerber
1. Heave:Moving up and down.
2. Surge: Moving back and forward.
3. Sway: Moving port to starboard (left to right).
4. Pitch: Rotation about the short horizontal axis as if the bow anchstere rising and
falling.
Yaw: Rotation about the vertical axis as if the ship were changigaying.
6. Roll: Rotation about the long horizontal axis as if the ship westinlg from side to
side.
Density
The amount of mass in a given volume.
Detached Eddy Simulation (DES)
A RANS simulation that employs at LES solver in fine regionshef grid. This is a method
of circumventing the problem of averaging out short timdesc@n-turbulent motions using
RANS.



GLOSSARY 51

Diffraction
The alteration to the form of a wave pattern from the presefcan obstacle in the path
of the wave. Diffraction can be observed at point breaks eliee wave fronts will bend
around the point.
Diffusion
The movement of regions of high concentration in a fluid taorg of low concentration.
Direct Numerical Simulation (DNS)
Numerical simulation of the Navier-Stokes equations wittthe use of a turbulence model.
Discretisation
The process by which continuous regions or fields are divideadiscrete points, panels
or volumes. This facilitates the definition of a linear systehich can then be inverted to
produce a solution.
Domain
The region is space, time or any other parameter that a matieahfunction is defined
for. Thus, tests may be conducted over a series of frequerarid the bounds of those
frequencies define the domain. For field solutions the bowfidpace and time in which
the field is defined represent the domain.
Dynamic Boundary Condition
Equation to enforce a constant pressure on a surface over tim

Energy Equation
Equation that enforces conservation of energy. This eguasi rarely used in incompress-
ible fluids but may be of interest where heat transfer is aoogr

Euler Equations
The Euler equations represent the equations of motion ¥isdiu flow.

Field
A region in which a physical guantity can be defined for eadhtda space and time.
Force
A quantity that denotes the ability to push, pull, twist ocelerate a body.
Free Surface
A surface at which the kinematic and dynamic boundary cionitare enforced. Often,
such a surface is used to describe the interface betweeerdhsns the atmosphere.
Frequency Domain
The change in a prescribed quantity with respect to frequeather than to time. It can
be used to give the response of a wave device to differenuémcijes of simple harmonic
waves where a steady state solution can be produced for aaeh ¢

Grid
A set of spatial points within a domain that are chosen to agmfiield solutions. Grids
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may be more dense where there is a need for greater resobftibie flow and less dense
where little is happening.

Grid Resolution
A space, such as a volume, surface or line, must be approaghiata numerical model by
discretising the space into small parts. The size of thede jsknown as the grid resolution.
The difference between the solution on this grid and the tef@ccontinuum) solution is
known as the discretisation error.

Hydrodynamics / Fluid Dynamics
The study of fluids in motion. Marine hydrodynamics is the smtbof hydrodynamics in
which the fluid can be assumed to be incompressible.

Hydrostatics
The science of fluids at rest or under stable equilibrium.sTta fluid has a free surface
then the gravitational force is balanced by the pressurbefiater below the free surface.
For this to be true the water must not be undergoing any \a&rsicceleration and in wave
theory this assumption is known as the hydrostatic assompti

Incompressible
A fluid that’s volume does not change in response to pressure.

Initial Condition
An initial condition is similar to a boundary condition extehat it describes a restriction
in time rather than in space. For instance, if we were to chateck water as time zero then
it would be prudent to set the velocities within the domaizeco at that time.

Inviscid
A fluid that has no viscosity. High Reynolds number flows defineh a fluid, determining
the viscous terms in the equations of motion to be small amgs, tallowing the Euler
equations to be used for the fluid under consideration.

Irrotational
A fluid in which the total vorticity is zero.

Kinematic Boundary Condition
Equation to ensure that the same particles remain on a givéace over time.

Laminar Flow
A fluid that travels smoothly and in regular paths or in paalayers. A laminar flow
velocity profile may be more rounded than that of a turbulewfLaminar flow is likely to
be present at Reynolds numbei500.

Large Eddy Simulation (LES)
Numerical simulation of the Navier-Stokes equations withraulence model applied only
at the sub-grid scale.
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Linear Approximation (Linear Wave Theory)
An approximation to a general function using a linear fumettiSuch an approximation can
be used for the kinematic and dynamic boundary conditionsvéwes of small amplitudes.
Linear Differential Equation
The properties of such an equation allow two solutions féfedng boundary conditions to
be added to give the combined solution.

Manifold
A space modelled on some subset of euclidean space.

Mean Drift Forces
The mean forces exerted by ambient waves.

Memory Equation
A summation of a time dependant phenomena decoupled froroljeet of interest. For
instance, in wave body interactions the radiated waves fhanbody will have a cumulative
effect that increases over time as they extend away fromdtdg. b

Mesh
A mesh is formed by connecting the points within a grid to farefis.

Moment
A force applied away from the centre of mass of an object, totsting or bending the
object.

Momentum Equations
Equations that enforce conservation of momentum.

Navier-Stokes Equations
The set of momentum equations used to describe the motioisobus fluids. Together
with continuity and energy equations, they make up the cetapgtquations to describe the
motions of fluids.
Non-dimensional
A quantity which has no physical unit often constructed byoedling out the units of other
combined physical quantities.
Nonlinear
A set of equations where linear approximations have notpcaor should not be made.
Numerical Model
A computer model that attempts to simulate a physical phemom or system of phenom-
ena.

Order of Approximation
Corresponds to the index of the approximation function. sSTAuconstant approximation
would be zeroth or ‘low order’ and a linear approximation Webhe first order. Usually any
approximation greater than zeroth order is considered @ ‘hegher order’ approximation.
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Parameter
Used to describe quantities that are generated by manipylatementary field data. Also
known as functionals.

Phase (Fluid)
A fluid phase is a distinction between two immiscible fluid@sthcommonly air and water.
However other such phases may include water and oil, foamtst.

Physical Phenomenon
Physical phenomenon, or a physical system, is the fundaiiéuit property, or collection
of properties, whose dynamics are not necessarily well nsolked.

Planform
A plan view or horizontal projection of a surface. In aeromeaithis would refer to the
shape of the wing and fuselage of an aircraft when viewed fibove.

Potential Flow
An inviscid irrotational flow can be represented by a velpgibtential, ¢ that satisfies
Laplace’s equation:

O%p=0.

Predictive Capability
The quantitative level of accuracy with which a numericaldelocan be used to predict
physical phenomena for which no experimental comparisistex

Radiation
Waves generated by a body in motion immersed in a fluid witlee furface.

Residual
The deviation of an approximate solution from the exacttsmiu

Response Amplitude Operators (RAOS)
Statistics used to predict the motion of a body to a given $etea states and device
parameters such as mass. RAOs are commonly used in navghdesi

Restoring Force
If abody or a system is in equilibrium, then a restoring fatescribes the force that attempts
to return the system to equilibrium Obviously a resortingcéocan represent many forces,
such as the damping force, for instance.

Reynolds Averaged Navier-Stokes Equations (RANS)
Time averaged steady approximation to the full Navier-8¢okquations that can be applied
to compressible viscous flow of general domains. The finahtd&nown as the Reynold’s
Stresses, represents the effects of turbulence.

Shear Stress
A force applied tangentially to a surface.
Singular
The value of a quantity or parameter that at given points irel for otherwise has an
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unbounded or infinite value.
Smoothed Particle Hydrodynamics (SPH)
Instead of considering fluid as a continuum, Smoothed Rakigdrodynamics is concerned
with calculating the movement of particles that conformhe Navier-Stokes equations.
Steady
A quantity or quantities that are invariant over time.
Streamline
Paths that are tangential to the instantaneous velocitprgewithin a flow.
SuperGen Marine
Research consortium tasked with the reduction of risk arakiainty for wave and tidal
energy development.

Time Domain
Record of the change in a prescribed quantity over time.t®ois of fields must be under-
taken in the time domain.

Time Step
A numerical simulation in the time domain must divide thediinto a number of small
steps. The amount of time between these steps is known agrhetep. The stability of
numerical simulations is often sensitive to the choice mktistep.

Transport Equation
A general partial differential equation used to describesepvation laws.

Turbulence
Statistically modelled fluctuation of velocity about the aneover many length and time
scales. Turbulence is brought about by the presence ofsitg@nd rotational motion within
a fluid and is dissipated at the molecular level.

Turbulent Flow
A fluid that travels with chaotic motion. Pressure and vealocan vary rapidly in space and
time. Vortices of many scales can be formed and their effachydrodynamic bodies is
particularly sensitive to this scale. A turbulent velogityfile may be flatter than a laminar
one.

Uncertainty
An uncertainty is an error that is either unknown (epistgnaicthat is non-deterministic
(aleatory).

Unsteady
A quantity or quantities that change with time.

Unsteady Reynolds Averaged Navier-Stokes Equations (URAS)
Similar to RANS except that the time averaging is on a scatd $hat the non-turbulent
unsteady motions of the fluid are preserved.
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Upwind Method
Approximation to a differential operator using the pointhe differentiated and points
upstream of it.

Validation
The testing of a numerical model to determine how well it dates a physical phenomenon.
Variable
Programming artifact that can alter its value during thecexien of the program.
Velocity Potential
A scalar quantity that's derivative returns the velocityaay point in a defined field.
Verification
The confidence in a numerical model representing the appiation it was designed to
simulate.
Viscosity
The resistance of a fluid to a shear stress.
Vorticity
Describes the spin of one or a group of particles in a fluid.

Wave Exciting Forces and Moments
Forces and moments generated by the body in motion that awi# kthe effect of generating
waves on the free surface.
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