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Introduction I

Motivation

Aerodynamics

e Interest in integral outputs- also referred to as output functionals arises in

many applications in CFD.
e Infrared signature of tanks or aircrafts (volume integrals).
e Lift and drag in aerodynamics (surface integrals).

The goal-oriented methods are concerned with analysis of error in these
functionals and with a particular method that greatly reduces the error in
many cases doubling order of accuracy for the functional compared to relative

underlying flow solution.
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This is very different from other approaches that focus on

e maximuim
e root mean square
e measures of error in the entire flow field

Grid refinement for computed lift or drag (serving as chosen output
functionals) related to wake behind a wing is related to local
refinement near leading and trailing edge where small errors have

large impact on the lift or drag.
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Adjoint error correction and a-posteriori error

analysis

A priori error estimates are typically representing error bound, error < chP,

where h is grid spacing, ¢ and p are positive constants independent of h. p

measures how rapidly error reduces as we refine discretization mesh.
On structured grids error is proportional to truncation error.

c depends on other factor such as
e geometry of computational domain
e boundary conditions

Very difficult to evaluate c.
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A-posteriori error analysis I

error < e(up,)

We wish to have a guaranteed error bound, where e(uy) is a computable
function of numerical solution wuy,.

This provides us with knowledge that true value of integral output is within
certain limits (bounds).

Such bounds have to be tight i.e,

However nonlinearities stand in the way and usually a-posteriori error bounds
are asymptotic,

error < e(up), Vh < hg.
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Problem: value of hg is not known.

Distinction between guaranteed and asymptotic bounds since with asymptotic
bound- we must exercise judgment about mesh resolution to find out if bound

is valid.

With guaranteed bound we can start with coarse mesh and refine which

numerical solution satisfies pre-set tolerance.

Error bounds based on adjoint solution require similar effort to adjoint error

correction.

Knowing estimate of this error can be used to correct leading order terms in

error i.e, obtain a solution with higher order of accuracy.
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Use of adjoints for error analysis of output

(goal) functionals: Algebraic framework

Consider g’ u (scalar product)

u-solution of system of linear equations,

Au=T*

Dual (adjoint) treatment consists in evaluating v f where v is solution of
adjoint (dual) equations,

Al v =g.
The two calculations are equivalent due to the following identity,

vl (Au) = (ATV)Tu,

from which we derive,

vif=glu.
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To obtain linear output functional from solution of linear system of equations
e One can either solve primal system of equations
e Solve adjoint (dual system of equations)

For differential equations the vector product corresponds to integral inner

product and AT corresponds to adjoint differential operator.

The adjoint identity above also includes certain boundary integral terms.
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When output is required for a single f or g there is no advantage in using the

adjoint approach.
The same computational cost is required for either primal or dual.

When value of the output is wanted for a single g but for different vectors f -

the direct approach requires solution of the primal equations for each value of f.

While the dual approach only requires one adjoint calculation followed by an
inexpensive vector product

vIf

for each f.
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The Adjoint approach in numerical analysis

and engineering design

e This result can be used in two different contexts :

e Design optimization (see Anthony Jameson 1995, Alexandrov et al. , 1997)
e Anderson and Venkatakrishnan :Aerodynamic Design Optimization 1999.
e Error analysis

The design optimization provided ”industrial” pay-off.

Error analysis is less appreciated but is attracting now many researchers.
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Consider system with U vector flow-variables at discrete set of points with

coordinates, X, solution of system of nonlinear equations
N(X,U),

arising from either FEuler or Navier-Stokes equations plus boundary conditions.

Via grid generation process- grid coordinates depend on « representing one or
more geometric design variables. For one design variable a we linearize about

flow solution for baseline geometry to get
Au =f,

where u is the sensitivity of flow field to changes in «,

_oU
=2,
_ 8N
- o5
ON 89X

0X Oa

u
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Target of design optimization is minimizing some objective function

J(U, X)

(For example discrete approximation to drag)

Linearizing objective function yields

5.J v 010X
- = u -
9o B X Do

5.J

T —

& T U

In adjoint method, the sensitivity of objective function to changes in « is

obtained from

o0J T 0J 90X
—_— = Vv f 4 ——
O 0X O«
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with v satisfying adjoint equations.
AlTv=g

If there are several design variables, each has different f but same g so
calculation via adjoint approach is much cheaper, requiring solution of only one
adjoint set of equations.
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equations.

adjoint equations:

\_

Au = f

ATv:g

Error analysis I

Let us consider again evaluating g u with u being solution of system of linear

The corresponding dual(adjoint) is to evaluate v’ f where v is solution of the
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If we have approximate solutions 1, v to each of these equations we obtain

g'u = g'a+ g’ (u-0 (1)
= gla+ vl A@u-0)
= gla+vIiA@u-10) +(v-¥)A (u—10)
= gla +3T (Ad —f) +(v-9)A(u-0)
1 1 111

(I) is the value of functional using approximate solution @
(IT) is computable since it involves known approximate solutions @ and v
Third term is not computable if exact solutions u and v are not known.

If 0 and v are close approximations to u and v then third term is very small.

\_ /




-

Sum of first two terms is good approximation to true value of g7 u.-a much

better approximation than g’ i

residual error in solving the system Au = f.

The approximate adjoint solution v provides weighting for residual error,

providing for effect of residual error on output functional of interest.

This inner product of a residual error and an adjoint weighting is of interest.

\_

The second term is referred to as the adjoint error correction term. Au = f is
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To evaluate nonlinear function J(U). U satisfying solution of nonlinear

equations.
N(U) =0

Given an approximate solution U we define as solution error

Let us linearize both nonlinear equations and functional

~ ON
NU+u) = Fi

2
S
||

oJ

J(U) = JU+u) =~ J(U) -G U

~
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We can write these as

Au = f,
N ~
A:a—,f:N(U),
oU
J(U) ~ J(U) — gl u,
where 5
T
gl = =

ou’
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Let v be defined as satisfying adjoint equation ATv = g

we obtain
J(U) = J(O) -vTf = J(O) -3TN(O)

The quantity J(U) — ¥7 N(U) provides a more accurate estimate for J(U)
then J(U) alone.

Adjoint error correction term = product of an approximate adjoint solution

and the residual error from the nonlinear equations.
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History of use of adjoints for error analysis I

1967- Aubin and Nitsche who used adjoint to derive a priori optimal order

proofs of Lo convergence of finite element methods for elliptic pdes.

1978 - Babuska and Rheinboldt developed ’a posteriori’ error analysis applied

to Poisson and Cauchy Riemann equations.
1984 Babuska and Miller focused attention on integral functional outputs.

1987 Barrett and Elliott analyze problem in convection diffusion for non-self

adjoint problems making a vital connection to CFD problems.
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Late 1990- explosion in research in ’a-posteriori’ adjoint error correction (see
Suli, Johnson, Ranacher and Becker to cite but a few) used finite element

method a posteriori error bounds to derive good grid adaption indicators.

Giles and Piece. Extended adjoint correction ideas to finite volume methods
and the the superconvergence concept that is natural for finite element

methods.

Venditti and Darmofal (2000, 2001) used an algebraic version of the adjoint

error correction and used it to derive grid mesh refinement adaptation criteria.
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/ Brief outline of adjoint error correction \I

Let u be solution of a linear differential equation
Lu=f

on a domain {2 subject to homogeneous b.c’s for which problem is well posed
when

f € L2(Q2)

i.e f is a square integrable function. The adjoint differential operator L* and
associated homogeneous b.c. are defined by the identity

(v,Lu) = (L*v,u)

that holds for all u and v satisfying the boundary conditions.

The (, ) stands for integral inner product over domain {2

\_

(v,Lu) = /VTLudV
Q




ﬁ and v may be vector functions. \

Definition of L* is obtained via integration by parts starting from (v, Lu) until

all derivatives act on v rather than on u.

The adjoint b.c’s come from requiring that boundary terms arising from

integration by parts be zero.

Consider value of functional
J=(g,u), g€ L)
A dual formulation is to evaluate functional
J = (v,f)
where v satisfies the adjoint equation
L*v = g

subject to homogeneous adjoint b.c.’s. We have

\_

(v,f) = (v,Lu) = (L"v,u) = (g,u)

/




4 N

Let uj, and v be numerical approximations to u and v respectively and satisfy

the homogeneous boundary conditions.

Subscript h denotes that approximate solutions are obtained from numerical

computation with a grid whose average spacing is h.

We assume u;, and vy, sufficiently smooth so that

Luh, L*Vh
lie in L2 (€2)
Luh - f,
and
L*Vh —h

are residual errors whose magnitude measures extent to which u; and vy are

not the true solutions.
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We get

(g,u) = (g ,up)— (L vp,up —u) + (L vy — g, up — u) (2)
= (g,up) — (vp, L(up —u)) + (L*(vp —v),up — u)
— (g,uh)—(’uh,Luh —f) —|—(’Uh _'UaL(uh _u>)

—— N ~~ -~
1 11

(I)- value of functional obtained using approximate solution wuyp,

(II)- inner product of residual error Lujp — f and approximate adjoint solution
(U

The adjoint solution provides weighting of local residual error to overall error in

computed functional.

e Evaluating and subtracting this adjoint error allows obtaining a more

accurate value of functional.
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If
Lup = L(up —u) ~ up — u,

then remaining error has a bound proportional to product ||up — ul| ||vp, — v||

(by using L2- norm), so that corrected functional value is superconvergent.

If
up, —u ~ O(hP), vy, —v ~ O(RP),

Then the error in the functional is O(h?P).
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/ Simpl 1 \I
ple example

1-D Poisson equation.

2
ZZZTZ = f, z € [0,1]
subject to homogeneous boundary conditions u(0) = u(1) = 0.
The dual is the Poisson equation,
d?v
) =9,
with the same homogeneous boundary conditions.

Adjoint identity verified (u and v equal to 0 at each end).

KPOisson equation is numerically approximated on uniform grid, mesh size h /




/With 2-nd order finite difference (approximation) discretization, \

Uit1 — 2Ui + Uit
1 h2’L 1 :f(’u,j)

—2 <2
h 5muj =

Approximate solution up(z) is defined by cubic spline interpolation through

model values x .
The adjoint solution vy, is obtained exactly in the same manner.

Numerical results plotted for case,

f(z)=2a®(1—=)°, g =sin(ra),

Fig. 1 shows residual error, Luj — f for h = 1/32 as well as the 3 Gaussian

quadrature points on each subinterval that are useful in numerical integration
d2’u,h

a2 1S

of inner product (vp, Lup — f), since uy, is a cubic spline, f, =

continuous piecewise linear.
The dominant term of approximation error is quadratic on each subinterval.

Adjoint solution vy, illustrates that residual error in center of domain

contributes the most to overall error in functional.

KFig. 3 is log- log plot of 3 quantities vs number of mesh- cells: /
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Error Convergence
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1. Error in base value of functional (g, up).
2. Remaining error after subtracting adjoint correction term, (vp, Lup — f).

3. The a-posteriori error bound,
1L I Lun = FINL on — gll.

The superimposed lines have slopes of —2 and —4 confirming that base solution
is O(h?) accurate while error in the corrected functional as well as error bound
are both 4-th order.

For a 16 cell grid we note that the error in adjoint corrected value of functional

is over 200 times smaller ( (1/h?) ) than the uncorrected error.

\_ /




We need to address issues in linearizing nonlinear functionals and operators.

If u is a scalar variable and f(u) is a nonlinear scalar functional using Taylor
series,

fluz) = flur) + £/ (u1)(uz —u1) + O((uz — u1)?).

We can also obtain exact expression without remainder by

%f(m +0(uz —u1)) = f'(u1 +0(uz2 —u1))(uz — u1),

Integrate it from 6 =0 to 6 =1,

/

f(uz) = f(ur) = f (u1,u2)(uz — u1),
where ?/(ul,ug) = fol f (w1 + 0(u2 —uy))do.

If u and f are vectors we need to define a Jacobian matrix,

0
f]m

Au=[—=
ou

Subscript u denotes that value of Jacobian matrix A depends on value of u

Q"ound which f(u) is linearized.

/ Nonlinear adjoint error correction \I

/
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We obtain 5
%f(fua +0(u2 —u1)) = Ay 4o(us—us)-

Integrating over 6 yields,

f(’UQ) o f(U'l) — Z(UQ,ul)(UQ - ul))

where

1
A(ulaUQ) — / [%]U/l:e(UQ—Ul)de
0
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Next consider a nonlinear operator N (u).

defined as,

N(u + en) — N(u)

The linearized operator L u is called a Fréchet derivative and is formally

Y

Ly u=lime_o

around which N (u) is linearized.

If N(u) is nonlinear advection diffusion 1-D,

o 1
N(u) = —(=u?
() 8x(2u)
then
Luﬂz(%(uﬂ)

€

Subscript u denotes fact that linear operator matrix depends on value of u

O2u
—_— I/—

Ox2

02w
—_— I/—

Ox?
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In a final step one starts from

0
@N(ul + 0(uz —u1)) = Lul+9(U2—u1)(u2 —u1)

Integrate over € and obtain

N(uz) — N(u1) = Luj,ug (u2 — u1)

1
ZUla“Q :/ Lu1—|—0(u2—u1)d9
0

Ly u, 1s average value of the linear operator L, over "path” from w1 to us.
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Grid-Adaptation based on a-posteriori error

estimates

Provides for robust refinement criteria in practice.

1st. Approach

Consider dominant correction term in product

(vhv N(uh))

expressed as sum of contribution from each cell in the domain,
(v, N(up)) = Za(vh, N(up)),-
First strategy is to subdivide all cells for which

(vn, N(up)), > €tol-

Purpose of adjoint correction in this application is questionable.

\_ /




2 Estimated remaining error term I

After making adjoint error correction the remaining error term can be

expressed as
(v — vp, N(up)).

However analytic adjoint solution v is not known.

An option is to attempt to estimate it and adapt those cells in which
(v —vn, N(un)), > €tol

How to estimate v 7

1. Becker and Ranacher (2001) use quadratic reconstruction to estimate v,

having used a piecewise linear f.e.m. for ry,.
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If one uses Galerkin f.e.m., due to orthogonality (v — vy, N(up)) has some value

for any vy, in appropriate finite element space.

Consider a different vy, interpolant of v, so v — vy, is interpolation error- which

may be estimated using computed adjoint section.

e Venditti and Darmofal (2001) consider dominant part of remaining error
(Rh7 u — ’Lbh)

with Ry = L7, vp — g(up) is the residual error is satisfying adjoint p.d.e.

They decide to adapt (i.e., subdivide) any cell in which

(v —vp), N(up)la + [(Br, v — up)|a > €threshold-
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The analytic solution v and v are again approximated by a high- order

reconstruction.

Option 3: Coarse grid error estimates using residual error from both the

original and adjoint (method) problem express dominant error as
L3, Bhs N(un)| & (B, L,y N(un))

—1

Using this in adaptive approach has a problem since L,,;

is a global operator.

Solution: Use coarse mesh to approximately evaluate L;;N (up) and
L*;}}N(uh)Rh and then adapt in any cell « for which

L% R N (u))la + [(Riy Ly N (ug)) | > €t

Up

A choice is made between improved accuracy or a tight bound.
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A-posteriori pointwise error estimation using

adjoint temperature and Lagrange remainder

e Use local truncation error estimated from Taylor series with remainder in

Lagrange form.
e The adjoint equations are in a continuous form.

We consider temperature error at a verification point for a finite-difference
discretization of time dependent 1-D heat equation.

or 9 (Ac‘?f
ot Ox Oz

cp ) =0

in Q2 x (0,¢f), where Q € R1.

with initial conditions,

7:/(0, x) =To(x),
where Tp(x) € Lo(T;),

b.c’ s
oT

—|z=0 = 0,
K bz 7= /
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and
oT

Ox lv=x =0,
where c is thermal capacity,
A is thermal conductivity,
p is density,
T is exact, nonperturbed temperature,
X is thickness,
t is time,
t¢ is final time (duration of process),

p, ¢ are constants.

2 CASES CONSIDERED

1. X\ = constant, f(t,x) € C>*(Q),

2. X € La(Q), T(t,z) € H(Q).

\_
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Consider a finite difference approximation (first order in time, second order in
space),

-1
Tyt TR 2Ty Ty

k k+1
At hi (3)

cp

If we expand mesh-function 7}" in a Taylor series and substitute to Eq. (3),
then we obtain the following differential approximation,
or 9°T

— —A——=+0T=0 4

e O?T (tn — a7, x))

0Ty = 5
‘ 2 ot2 ’ (5)
A O*T (tn,xz1 + BPR) 0T (tn,xi — Y7h)
0Tw = ——h} ’ - ’ g
24 il Ox? i Ox4 )
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We use here 0T = 01 + 61, and the Lagrange form of the remainder with
unknown parameters o}, 5;,v;" € (0, 1).

By introducing solution error AT (T = T + AT).
We reformulate Eq.(4) as

(T + AT 82(T + AT
cp ( )—)\ ( 5 )—|—5T:O. (6)
ot ox

We address impact of distributing source terms on temperature at a checkpoint.

Error of temperature calculation at checkpoint T'(test, est) determined by sum

of contributions of LTE with weights depending on transfer of disturbances.

Denote Tes+ by J and express it as a functional,

T = // T(x,t)6(t — test)0(x — Test)dt da, (7)
Q

where ¢ is the Dirac delta function.

We introduce a Lagrangian comprised of estimated value and weak statement

\_ /




of Eq.

\_

// T(x,t)0(t — test)d(x — Test)dt dx
Q

T
/ / cpa—\IJ(:c, t)dt dx
q Ot

/

0

— (A—)V¥(x,t)dt dz +

an

Here W is adjoint temperature.

oT
ox

/ / 0T Vdt dx.
Q




Galculating variation of Lagrangian and use of integration by parts, we can \

express variation of Lagrangian via disturbing term 07 as,

ALz//éT\I/(x,t)dtda: (9)
Q2

We end up looking for solution of the following adjoint (dual) problem,

ov o, ov
)\ _5t_tes 5 — Les :O, ,t Q, 10
Pt —(A2) = 8(t — test)S(@ — Test) = 0, (2,t) € (10)
with boundary conditions,
3\I!| _0 8\11‘ _0 (11)
Oz r=x — Y O =0 — VY,
and initial condition,
U(x,ty) = 0. (12)

Analytic solution of the adjoint temperature equation, (10), corresponds to a
Green’ s function of the heat transfer equation,

Q exp ( — (2 — Test)”
N

U(x,t) =

) (13)

/

W DA (g 1) N (OP)test = 1)
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It is known that
AJ(6T) = AL(6T, V),

for the solution of direct and adjoint problems.

Thus we determine variation of T (est, test) as,
ATest = Test — Tezact = // 5T\Ijexact(x;t)dt dx (14)
Q

Adjoint temperature allows us to calculate variation of estimated parameter as

a function of the truncation error.

\_ /
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The error of temperature for verification point is divided into 2 parts,

ATeSt://5T\I!emct(:13,t)dtd:c—|—//5TA\IJ(:E,t)dtd:c
Q Q

Estimation of error due to time approximation,

N:c Nt

2 2 R E ik <
k=1,n=2
Cp o' 3T (tn, 1)
P 3 n, Lk L sup
D D S| = AT
k=1,n=2

If we a sufficient number of smooth derivatives (m = 3) we have,

C,O z Nt 82T(t afk) 83T(tn — T xk)
T 9 9
k=1, n=2

\_

(15)

(16)
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Cp A 03T (tn, — nlalT, xp)
k=1, n=2
Estimation of error due to space discretization,
T Nt
k=1,n=2

AN 5T (b w) . 5T (b, )

3 ny, Lk ny, Lk
NS Ty ST g

k=1,n=2

(17)

(18)




N AT (e, k)
3 ny, Lk n
> R
k=1,n=2

85T(tn,$k)
koo Ox®

VYU hyT < ATEUP =

8 T(tn, Cljk;)
Ox®

T

(19)
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Using analytical solution of temperature equation,

Q —(z—¢)°
Tan(x,t) — eXp( ).

Figs 4- 6 illustrate the comparison between
e analytic
e finite difference
e corrected finite-difference solution

and error bounds for h = 10~%m, At = 1.0 seconds in different zones.

\_

(20)




Figure Captions
Fig. 1. Initial and final temperature distribution. 1 - Initial temperature, 2- Final temperature.
Fig. 2. Temperature isolines
Fig. 3. Adjoint temperature isolines
Fig. 4. The comparison of numerical and analytical solutions in zone A (Fig. 1). 1- analytical, 2-
numerical, 3-refined solution, 4- upper bound, 5- lower bound
Fig. 5. The comparison of numerical and analytical solutions in zone B. 1- analytical, 2-
numerical, 3- refined solution, 4- upper bound, 5 lower bound
Fig. 6 The comparison of numerical and analytical solutions in zone C. 1- analytical, 2-
numerical, 3- refined solution, upper bound, 5- lower bound
Fig. 7. Initial and final temperature distribution. 1- Initial temperature, 2- Final temperature
Fig. 8. The refined solution and error bounds in comparison with finite-difference and analytical
solution. Zone A (Fig. 7). 1- analytical, 2-numerical 3- refined solution, 4- lower bound, 5 upper
bound
Fig. 9. The refined solution and error bounds in comparison with finite-difference and analytical
solution. Zone B (Fig. 7). 1- analytical, 2-numerical, 3- refined solution, 4-lower bound, 5- upper
bound
Fig. 10. Initial and final temperature distribution. 1- Initial temperature, 2- Final temperature, A-

zone of estimation
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Conclusions for this Section .

Numerical tests demonstrate that pointwise error of f.d. solution of heat

conduction equation may be reduced using differential approximation of

finite-difference scheme in conjunction with the adjoint equations.

e This approach may be used for other output temperature functionals with

preset levels of accuracy,

e CPU time required for refined and for the error bound calculation is equal
to CPU time required for temperature calculation on a mesh of same

resolution and same size.

\_ /
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Use of Adjoint correction for adaptive mesh

refinement in 3-D time dependent models

Examples will be presented related to dynamically adaptive meshes for

Imperial College Ocean Model.

e Use of sensitivity functional taken with respect to solution variables, used

as basis from which error measures are derived.

e Error measures act to predict those areas of model domain where solution
should be changed- and involve solution of both forward and adjoint

problems.

e Mesh quality is assessed with respect to a Riemann metric tensor

embodying the error measure.

e The result is a mesh in which each finite element node has approximately(
subject to boundary conforming constraints) equal error contribution to

the output functional.

\_ /
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Aim: to exploit use of unstructured dynamically adapting meshes in both

horizontal and vertical directions.

Use geometrical flexibility of f.e.m. mesh to conform well to both

topography and ocean coast lines.

Use various ’a-posteriori error-measures in which same set of equations are
solved for the errors with sources provided by residuals of the governing

equations.

Aim of goal based error measure is to construct ( and design error
measure) of a quantity deemed important in the problem- and to design
the error measure to optimize accuracy of the particular functional output.
The resulting constructed mesh is to achieve this level of accuracy with

minimal computational resources.

/
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In oceanographic sense the goal functional can be either an observation
from a buoy , some measure of the dynamics of the system i.e. some

integral of vorticity or strength of the thermohaline circulation, etc.

Since adjoint solution is typically calculated for data assimilation purposes
- this approach provides an additional use for the adjoint model
information, i.e. to adapt f.e.m. mesh and provide indicators of the

accuracy of output functional or goal.

These methods provide also framework for optimizing accuracy of inverse

problem.
One can use readily accessible (in simulation codes)discretized equations

use of metric tensor obtained vis sensitivity analysis to adapt 3-D meshes

of unstructured tetrahedral elements.

/
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Once an appropriate output functional-representative of significant
dynamics of the flow was found -the method removes the need to allocate
varying priorities on resolving various fields(velocity,pressure and

density)at various locations and times.
Advantages include

Superconvergence of goal with mesh adaptivity
Ability to assign bounds on accuracy of the goal

Possibility of improving accuracy of the goal




Fig. 8. Solution to the forward problem. Fig. 9. Solution of the adjoint problem.
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Fig. 10. Mesh resulting from the use of Fig. 11. Mesh resulting from the use of
the forward metric tensor to adapt the the adjoint metric tensor to adapt the
initial mesh. 3296 nodes, 10467 elements. initial mesh. 8061 nodes, 27217 elements.
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Fig. 14. Mesh resulting from the use of Fig. 15. Mesh resulting from the use of
the modified adjoint metric tensor to a superposition of forward and modified
adapt the initial mesh. 3216 nodes, 10150 adjoint metric tensors to adapt the initial
elements. mesh. 3576 nodes, 11023 elements.
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Fig. 20. Mesh adapted using forward Fig.21. Mesh adapted using modified ad-
metric tensor for an offset source and de- joint metric tensor for an offset source
tector. 2578 nodes, 8453 elements. and detector. 2643 nodes, 8655 elements.
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Fig. 24. Solution for first of two temper- Fig. 25. Solution for second of two tem-
ature fields. perature fields.
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Fig. 26. Adaptation in three-dimensions, elements where z > 2 and z > 2 are
removed. 28974 nodes, 165049 elements.
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6.2 Numerical aspects 127

V-u=0. (6.2)

Where u = (u, v, w) represents the 3D velocity and p is the perturbation pressure. Here
u, v and w are the velocity components in the z-, - and z-directions respectively. The
rotation vector is €2 and takes the form Q = (0, 0, g)T where f is the Coriolis parameter.
The viscous terms are represented by the stress tensor 7. More details of the numerical

basis of the model can be found in [4].

6.2.2 Choice of functional

A functional can be defined in terms of the vorticity, as the problem is 2D only one

ov Ou
¢= <£ - 6_y> ) (6.3)

component of the vorticity,

IS non-zero. The rationale for basing functionals around vorticity stems from both the
physics but also the ability to represent the vorticity numerically. Thus an appropriate

functional can be defined as,

f(u,v) = ¢% (6.4)

To initialize the adjoint problem (see section 6.1) the source terms g—g must be calculated.
When time stepping is used the functional from as defined in chapter 4 can be defined as

total enstrophy at time level n + L,

(n+L) (n+L)\ 2
F= %/ (C("+L))2dV= %/ ((g%) - <g—Z) ) v, (6.5)

in which L is the number of time steps used to form the error measure. The aim of using
the functional defined by equation 6.5 is to optimize the accuracy of the functional at the

end of time step AT (time interval between two consecutive mesh adaptations), or taking
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6.3 Non-linear “‘Munk’ problem
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7.1 Governing equations 146

7.1.1 Functional representation of flow dynamics

A functional can be defined in terms of the relative vorticity,

Ca
ow O Oow du d  du\
C=1¢ —qu—<a—y—&a EPR %_8_3) ; (7.5)
G

and potential vorticity, ¢ - Vp as well as gradients of density V p and tracer concentration
VC. The rationale for basing functionals around vorticity and gradients of key quantities
stems from their ability to represent the vorticity and gradients numerically. Thus an

appropriate functional can be defined as,

f(u7v7wipﬂc) =
%g(t) ("W + ("W, V)2 + (Vo) "W, Vp + (VO WV )

= SO0)X (7.6)

inwhich G(t) acknowledges the time dependence of the problem and hence the functional.
For example, to maximise the accuracy of F' at a particular time level 7 + AT then one
could choose

G(t) =6 (T+Z’\r—t), (7.7)

or to maximise the accuracy of the functional F' over a particular time interval [¢1, ¢5] then
one could choose

G(t) = 1, (7.8)

with H (t|t1;t2) equal to unity when ¢ € [¢, ¢5] and zero otherwise.

In equation 7.6 W, W,,, W,, and W, are positive semi-definite weighting matrices.
These matrices or tensors may be used to place emphasis on resolving vertical or hori-

zontal structure for example, and are closely analogous to diffusion tensors. However, in



7.2 Flow past a heated cylinder 155

Figure 7.1: Initial mesh for heated cylinder problem.

The functional applied is that defined in equation 7.6, where the required parameters are
set as,

we=1, we, =0, w,=0.

The forward metric tensor (equation 4.40) is used in this simulation. The large forward
and adjoint time steps for constructing the 34" adaptation of the mesh are considered; at
the point of wishing to adapt the mesh a large time step (Z’\f = 0.5) forward is taken,
starting from the current velocity and temperature solutions, shown by figures 7.2 and
7.3. The results at the end of the large time step are shown in figures 7.4 to 7.8. The
advancement of the solution forward in time through the large time step can be observed

in the figures.

The adjoint problem is initialized from the solution to the forward problem by calculating
sources which are the differentials of the functional F' with respect to the solution param-
eters. These are detailed for the functional employed in section 7.1.2. As w, = 0 and

we, = 0 in this case, then the differential of the functional is zero. Thus when the adjoint
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7.2 Flow past a heated cylinder

Figure 7.12: Blowup around cylinder of adjoint solution vectors after adjoint timestep

relating to 34" adaptation of mesh.



7.2 Flow past a heated cylinder 164

Figure 7.15: Vector representation of adjoint residuals relating to * and v* for 34" adap-
tation of mesh.



7.2 Flow past a heated cylinder 166

Figure 7.18: Vertical component of vorticity field and 34" adapted mesh.



7.3 Open ocean deep convection 171

Figure 7.23: u velocity at 100*" adapt.

Figure 7.24: Temperature T at 100" adapt.



7.3 Open ocean deep convection 175

Figure 7.30: Velocity vectors and temperature iso-surface, day 6.



7.3 Open ocean deep convection 176

Figure 7.31: Velocity vectors on top surface, day 6.

Figure 7.32: Adjoint solution »*, day 6. Figure 7.33: Adjoint solution v*, day 6.
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The metric tensor in form of a positive definite matrix defines anisotropically
the desired mesh edge lengths at each node.

The desired edge length, h;, in the direction of the it" eigenvector, i.e, of the

symmetric metric tensor M is defined as,

hy = ——
VA;

where A; is the eigenvalue associated with e;.

During mesh optimization the metric tensor is used to calculate distances via,
Iv]| = v Myv,

where M, is the average metric tensor along vector v.

\_ /
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To define mesh optimization an element functional is defined in terms of the

metric tensor and of properties a “good” mesh should exhibit for modeling.

Trials are therefore performed on local mesh connectivity and node position- in
the case of a minimization problem defined- the aim being to find a local

configuration that reduces functional value.

Defining the mesh functional as,
F = [|Flco,

where F is vector of element functionals for whole mesh and process terminates
when F falls below some tolerance. There are many choices for the definition of
the local functional F (see Venditti and Darmofal 2000, Kanupp, 2000).

\_ /
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Here we use geometrically based

1 9 « 2
Fe—§Z(TZ_1) ‘I‘N(E_l)'
I€L,

where r; is length w.r.t. edge centered metric tensor M. of edge, L. is set of
edges of element e.

pe is the radius of with respect to element centered, M. of inscribed sphere of
element e.

« is the radius of inscribed sphere of ideal equilateral element.

p- controls trade off between size and shape.

\_ /
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Use of goal- oriented methods for efficient

model reduction

Model reduction is powerful tool allowing systematic generation of cost-efficient

representations of large-scale systems.

The problem of determining a reduced- model can best in a model- constrained
optimization context (Willcox et al. 2005, Meyer and Matthias 2003).

In the goal- oriented formulation the reduced- model is chosen to optimally

represent a particular output functional.

POD (proper orthogonal decomposition): brief description

POD is applied efficiently to reduce large- scale systems using the method of
snapshots (Sirovich 1987).

The collection of snapshots
ub(t;),j =1, T,k=1,---,s, u®(t;) € R™,

is a solution of governing equations at time t; for parameter instance k. 1" time

Qstants are considered yielding a total of St snapshots. /




/Asnapshots matrix U € RVXST ig \

U=u'(tr), -, u(tr),u?(tr), -, u’ (tr)]

we refer to the 1 — th column of U as the 1—th snapshot U; . POD basis vectors

are chosen to be orthonormal set that maximizes the following cost,( Berkooz
et al (1993)),
<|u, ¢ >

(¢, ¢)

where (u, ¢) is scalar product of basis vector with field u(t) evaluated over the
domain and < > represents time- averaging operation.

¥ = arg maxy

(%)

(%) is maximized when the n basis vectors are chosen to be the first n left
singular vectors of U.

For fixed basis size the POD basis minimizes error between original snapshots
and their representation in the reduced space defined by,

s T
~ T ~
F=> ) [k —ar )] Wby —a ),
k=1 t=1
where 4" (t;) = ppTur(t;).
Qhe error is equal to sum of singular values corresponding to the singular /




/vectors excluded from the basis, \

The goal- oriented methods focus on reduction of the error for a particular
output functional- rather than for the general state vector.

Also error minimized by optimization approach will be connected to the
reduced order model- whereas POD is based purely on the set of snapshots
data.

Such an approach was presented for a general linear time- invariant (LTT)
dynamical system (Willcox et al. 2005),

Mu+ Ku = f,
g = Cu,
with u(0) = ug, with u(t) is derivative of u(t) w.r.t. time.

Vector f(t) € R™ defines input to system and matrix C defines ¢ outputs of
interest contained in output vector g(t).

Meyer and Matthies (2003) have used POD (K-L) basis for nonlinear random

Q’cigue evaluation of a wind turbine. /
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Using POD with goal oriented methods (Dual- Weighted Residual) an
a-posteriori error estimate was obtained for a particular target functional of the

solution.

This estimate was used for adaptively resizing number of basis vectors of POD

to satisfy given error tolerance.

Also it was used to form very efficient low- dimensional basis specifically

tailored for target functional of interest.

The basis yielded a significantly better approximation of the functional than
the usual POD basis.

\_ /
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Summary and future work I

Future work on application of goal- based error measures for adaptive

refinement.

Introduce second order error information obtained from either second order
adjoint model or leading Hessian singular vectors in energy norm to reflect

integral outputs for dynamics or domain areas of interest.

Use mesh adaptivity in data assimilation, i.e, construct approximate
adjoint models and increase ability to adapt mesh to optimize accuracy of

inverse problem.

Provide improved targeted adaptive observations to optimize forecast

accuracy (using SVD or adjoint sensitivity analysis).

Develop ability to recognize suitable functionals reflecting dynamics of

ocean flow for use in goal oriented adjoint correction methods
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