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Abstract

Inverse problems use physical measurements along with a computa-
tional model to estimate the parameters or state of a system of interest.
Errors in measurements and uncertainties in the computational model lead
to inaccurate estimates. This work develops a methodology to estimate
the impact of different errors on the variational solutions of inverse prob-
lems. The focus is on time evolving systems described by ordinary differen-
tial equations, and on a particular class of inverse problems, namely, data
assimilation. The computational algorithm uses first-order and second-
order adjoint models. In a deterministic setting the methodology provides
a posteriori error estimates for the inverse solution. In a probabilistic set-
ting it provides an a posteriori quantification of uncertainty in the inverse
solution, given the uncertainties in the model and data. Numerical exper-
iments with the shallow water equations in spherical coordinates illustrate
the use of the proposed error estimation machinery in both deterministic
and probabilistic settings.
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1 Introduction

Inverse problems use information from different sources in order to infer the
state or parameters of a system of interest. Data assimilation is a class of
inverse problems that combines information from an imperfect computational
model (which encapsulates our knowledge of the physical laws that govern the
evolution of the real system), from noisy observations (sparse snapshots of real-
ity), and from an uncertain prior (which encapsulates our current knowledge of
reality). Data assimilation combines these three sources of information and the
associated uncertainties in a Bayesian framework to provide the posterior, i.e.,
the best description of reality when considering the new information from the
data. In a variational approach data assimilation is formulated as an optimiza-
tion problem whose solution represents a maximum likelihood estimate of the
state or parameters. The errors in the underlying computational observation as
well as the errors in the observations lead to error in the optimal solution. Our
goal is to quantitatively estimate the impact of various errors on the accuracy
of the optimal solution.

A posteriori error estimation is concerned with quantifying the error asso-
ciated with a particular — and already computed — solution of the problem of
interest [I1l 12]. A posteriori error estimation is a well-established methodol-
ogy in the context of numerical approximations of partial differential equations
[2]. The approach has been extended to the solution of inverse problems [5]
and has been applied to guide mesh refinement [6]. The Ph.D. dissertation of
M. Alexe [3] develops systematic methodologies for quantifying the impact of
various errors on the optimal solution in variational inverse problems. Recent
related work in the context of variational data assimilation has developed tools
to quantify the impact of errors in the background, observations, and the associ-
ated error covariance matrices on the accuracy of resulting analyses [13| [15] 25].
The choice of optimal error covariances for estimating parameters such as dis-
tributed coefficients and boundary conditions for a convection-diffusion model
has been discussed in [14].

While previous work has considered the impact of data errors, no method is
available to date to estimate the impact of model errors on the optimal solution
of a variational inverse problem.This paper develops a coherent framework to
estimate the impact of both model and data errors on the optimal solution. The
computational procedure makes use of first order and the second order adjoint
information and builds upon our previous work [3] [, [7].

The remainder of the paper is organized as follows. In Section [2] we define
the problem and derive the optimality conditions for the problem in We use
the super Lagrangian technique in Section [2.2]to develop a general algorithm to
obtain the super Lagrange multipliers, which are necessary to perform the error
estimates. We define the perturbed inverse problem in Section 2.3] and obtain
the first order optimality conditions for it in Section 2.4 In Section [2.5] we
derive the expression to estimate the error in the optimal solution for a general
inverse problem. In Section [3| we present the discrete-time model framework.
In Section [4] we present the error estimation methodology for discrete models.
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In Section [5| we present a detailed procedure to perfrom the error estimation
for the data assimilation problem. We show the numerical results to support
our theory for the heat equation and the shallow water model in spherical co-
ordinates in Section[6] The error estimates are statistically validated in Section
[6.5] Finally we give the concluding remarks in Section

2 Inverse problems with continuous-time mod-
els

We consider a time-evolving physical system modeled by ordinary differential
equations (ODEs):

x'=f(t,x,0), to<t<tp, x(to)=x0(0), (1)

where t € R is time, x € R"™ is the state vector, and § € R™ is the vector of
parameters. In many practical situations represents an evolutionary partial
differential equation (PDE) after the semi-discretization in space. We call
the continuous forward model.

A cost function defined on the solution and on the parameters of has the

general form
tp

7 (x,0) = / r(x(£),0) dt +w (x(tr), 0) . @)

We consider the following inverse problem that seeks the optimal values of the
model parameters:
0* =arg min  J (x,6)
b (3)
subject to (1) .
The inverse problem in is constrained by the dynamics of the system .
Solving this system for a given value of the parameters finds the solution x(¢, 8).
Using this solution in eliminates the constraints and leads to the equivalent
unconstrained problem

0* = arg min J (x(6),0), (4)
0
where J (x(6),0) is the reduced cost function. The problem or can be
solved numerically using gradient based methods. The derivative information
required for the computation of gradients and Hessian can be computed using
sensitivity analysis [27] 7] [1§].

We are interested in estimating the impact of observation and model errors
on the optimal solution 62. Specifically, we will quantify the effect of errors
on a certain quantity of interest (Qol ) defined by a scalar error functional
£ :R™ — R that measures a certain aspect of the the optimal parameter value

Qol =& (6% . (5)
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An example of error functional is the k-th component of the optimal parameter
vector £ (6%) = 62.

2.1 First order optimality conditions

The Lagrangian function associated with the cost function in and the con-

straint in is
tp

L— / 0) dt + w (x (tF),G)—//\T(t)-(x’—f(t,x,e)) at.  (6)

to

Setting to zero the variations of £ with respect to the independent perturbations
oA, 6x, and 40 leads to the following optimality equations:

forward model: —x’'+ f(t,x,0) =0, (7a)
to <t <tp, x(to)=xo,
adjoint model: X +ry (x(t),0) + fr (t,x,0) -\ =0, (7b)
tr <t <to, A(tr)=uwy (x(tr),0).
optimality: & (to) +x; (to) - Mto) =0, (7c)

where gl = _TE'T (X(t)79) - fér(taxa 9) A
tp <t<ty, &(tp)=w, (x(tr),0).

Equations constitute the first order optimality conditions for the inverse
problem . Subscripts denote partial derivatives, e.g., fx = 9f/dx. For
a detailed derivation of the first order optimality conditions, please see the

Appendix [A]

2.2 The super-Lagrangian

We follow the methodology discussed in [3, [6] to develop a posteriori error
estimates applicable to our problem of interest.
The Lagrangian associated with the error functional of the form and the
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constraints posed by the first order optimality conditions is:

£ = @)= [V x ) dt =T () x(t) ~ ) (3)
—/MT~(/\’+rE+fE~)\) dt — " (tp) - (A (tr) — wy (x(tF),0))

tp
—/(T-(§’+r§+fgf-/\) dt
to

—(" (€ (tr) —wg (x(tr),0))
—¢" - (€ (o) + x4 (to) - Alto)) -

We have removed the arguments for convenience of notation. Here v, u, and
¢ are the super-Lagrange multipliers associated with constraints (7al) (forward
model), (7b]) (adjoint model), and (optimality condition) respectively.
2.2.1 The tangent linear model

Taking the variations of and imposing the stationarity condition V£ =0
leads to the following tangent linear model (TLM):

W fxntfo- (=0, to<t<tp; (9)
p(to) = xo(to) - €.
2.2.2 The second order adjoint equation
The stationarity condition V£ = 0 leads to the following second order adjoint
ODE (SOA):
Vl+f£'y+rx,x'/fé+(fx7x'u)’r'/\ (10)
+rox CH (fox - O)T - A =0, tp >t > to;
v(tr) = wox (x(tr),0) - ¢+ wxx (x(tr),0) - p(tr)

2.2.3 The optimality equation

The stationarity condition V4L = 0 leads to the following optimality equation:

2
(7 &0.0)| -c=sn (1)

921
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where the reduced Hessian-vector product in the direction of 6 is given by:

% .00 = w;)f,x (x(tr),0) - 0x (tr) + wo (x (tr),0) - 50

+ <‘§;))T (i) + <d;9’;° ao) Alto)

tp

+/ (JF v+ o 0%)" At (fog - 90)" - A)

to

(12)

tp
+/ (g - 0% + 190 00) dt.
to
The procedure to obtain the super Lagrange parameters ¢, p and v is summa-

rized in Algorithm [I} A detailed derivation of the super-Lagrange parameters
is presented in Appendix [B]

Algorithm 1 SuperLagrangeMultipliers

1: procedure SUPERLAGRANGEMULTIPLIERS

2: Solve the linear system to obtain (.

3: Solve the tangent linear model @[) to obtain p.

4: Solve the second order adjoint equation to obtain v.
5: end procedure

2.3 Perturbed inverse problems

In practice the forward model is inaccurate and subject to model errors. To
describe this inaccuracy we consider a forward model that is marred by a time—
and state-dependent model error

R = f(t,%,0)+ Af (LX), R(to) =x0 + Axo. (13)

Furthermore, the noise in the data leads to errors Ar and Aw in the corre-
sponding terms of the cost function . The inaccurate cost function is given
by

tp
j(ﬁ,@) = / (r (X(t),0) + Ar) dt + w (X(tr),0) + Aw. (14)
to
Therefore in practice one solves the following perturbed inverse problem:

f* = arg min J (%,0)
(4

subject to .
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2.4 First order optimality conditions for the perturbed
inverse problems

The Lagrangian function associated with the cost function in and the con-

straint in is
tp

£ - /(r(ﬁ(t),&)—i—Ar) dt +w (R(tr), 0) + Aw (16)

—/ N(1) - (& — f(LR,0)— Af) dt.

Setting to zero the variations of L with respect to the independent perturbations
0\, 6%, and 66 leads to the following optimality equations:

perturbed forward model: — X'+ f(¢,%,0) + Af (¢,X) =0, (17a)
to <t <tr, X(to) =x0+ Axo,
perturbed adjoint model: X + 7T (X(t),0) + fI (¢,%,60) - X =0, (17b)
tp <t<ty, A(tp)=uwl+Awk,
perturbed optimality: g(to) + %3 (to) ~:\\(t0) =0, (17¢)
where & = —r] (X(t),0) — fF(t,%,0) - A,
tp <t<ty, &(tp)=wj+Aw).

problem (|15). A detailed derivation of the first order optimality conditions is
presented in the Appendix [A]

Equations ([7) constitute the first order optimality conditions for the inverse
15)

2.5 A posteriori error estimation methodology

Our goal is to estimate the error in the optimal solution 9> — 2. Specifically,
we seek to estimate the errors in the quantity of interest £ (6)

AE = E(B*) — £ (6%) (18)

due to the errors in both the model and the data. The first order necessary
conditions for the perturbed inverse problem are given by the equations in
and consist of the perturbed forward, adjoint, and optimality equations.
The errors in the optimal solution are the result of errors in the adjoint
model 7 in the forward model , and in the optimality equation , ie.,
to differences between the perturbed and the perfect equations. This leads to
the following change in error functional resulting from model and data errors

A€ = Agadj + A&twa + Agopt . (19)
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The perturbed super-Lagrangian can be written as:

tp
Le = &0 - / T (—i’ + i+ Af) dt (20)
to
—vT (o) - (X(to) — xo — Axqg)
tp ~ R T
—/MT- (/\’+?,T+A?,T+ (fx+Afx) -A) dt
to

i (tr) - (Mtr) — 0F (%,0) - A0 (%,0))
tp

—/ ¢t (2’+?} (X,0) + ATF (X,0) + (fg +Aﬁ,)T-X> dt
to

T (Etr) - F - Ay
—~¢T- (£ (t0) + %5 (t0) - Ato)) -

We have denoted by hat the functions evaluated at X, e.g., f: f(t,%,0). The
gradient of the super-Lagrangian at the optimal solution is the same as the
gradient of the error functional, both being zero. Hence we have,

AE~Ls—Ls. (21)

The approximate contribution to the error brought by the adjoint model is given
by
tp R
A&y ~ / pt - (AT 4 AFER) dr - Aa, (22)
to
The approximate contribution to the error brought by the forward model only
depends on model errors, and is given by:

tr N
Arpq ~ / vt Afdt. (23)

to

The contribution to the error by the optimality equation can be computed from
equation , and is given by:

tr R
Aot ~ / ¢" - (AFF — AFFR) dt -7 Aafl, (24)

to

Appendix@demonstrates that equations , , and correspond to first
order error estimates.
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3 Inverse problems with discrete-time models

Consider a time-evolving system governed by the following discrete-time model
Xpt1 = My g1 (X, 6), k=0,....N—-1, =x9=x0(0), (25)

where x5, € R™ is the state vector at time t3, My 11 is the solution operator
that advances the state vector from time t; to txy1, and § € R™ is the vector
of model parameters. At each time t; the model state approximates the truth,
i.e., the state of the physical system, xj = x(ty).

A cost function defined on the solution and on the parameters of has

the general form
N

J (X,e) = Z Tk (Xk, 9) . (26)

k=0
For example, in four dimensional variational data assimilation [I7, [22] the cost
function is

J(xo) = = (x0—x5(6))" B;'(8) (xo—x5(6)) (27)

N | =

N
+y % (Hr(x,0) = y&)" Ry (0) (Hi(xx,0) — yi)
k=0

where, x} is the background state at the initial time (the prior knowledge of the
initial conditions), By is the covariance matrix of the background errors, yy is
the vector of observations at time ¢; and Ry is the corresponding observation
error covariance matrix. The observation operators H; map the model state
space onto the observation space. The cost function measures the departure
of the initial state x¢ from the background initial state, as well as the discrepancy
between the model predictions and measurements of reality yj at ¢y for k >
1. The norms of the differences are weighted by the corresponding inverse
background error covariance matrices.

An inverse problem that seeks the optimal values of the model parameters
is formulated as follows:

0* = argmin J (x,0) subject to (25]). (28)
0

For example the optimal parameter values lead to a best fit between model
predictions and measurements, in a least squares sense.

3.1 First order optimality conditions

The Lagrangian function associated with the problem is

N-1
L = Z (re (%k,0) = N1 - (Kep1 — M g (%5, 0))) (29)
k=0

+rn (x5, 0) — Aj -+ (%0 — %0 ().
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Consider the following Jacobians of the model solution operator with respect to
the state and with respect to parameters, respectively:

Mk,k+1(X79) = (/\/lk,k+1(x,9))x, Dﬁhk“(x, 9) = (Mk,k+1(x7 9))9 (30)

Consider also the Jacobians of the cost function terms

(), = (T (6,0)) s [ (Th)g = (e (%,0))g |y, - (31)

Setting to zero the variations of £ with respect to the independent perturbations
0N, 0x, and 060 leads to the first order optimality conditions for the inverse

problem :

forward model: 0= xj41 — My pt+1(xx,0), k=0,...,N—1; (32a)
adjoint model: 0= Ay — (T‘N);EN , (32b)
0=Xe =M M1 — M)y, » k=N—1,...,0;
N N-1
optimality: 0 = (x0)g Ao + Z (’/‘k);r + Z fmg,kﬂ)\;ﬂ_l . (32¢)
k=0 k=0

Here )\, € R™ are the adjoint variables. A detailed derivation of the first order
optimality conditions can be found in the Appendix A of [21].

3.2 Perturbed inverse problem with discrete-time models

In practice the evolution of the physical system is represented by the imperfect
discrete model

Xpt1 = Mp g1 (Xe, 0) + AXpy1(Xp,0), kE=0,1,...,N—1. (33)

Errors in the data lead to the following perturbed cost function:
R N
k=0

The perturbed inverse problem solved in practice reads:

f* = argmin 7 (X,6) subject to (33). (35)
0

We consider the model Jacobians evaluated at the perturbed state and
parameters:

ﬁk,kJrl =My 1+1(X,0), ﬁk,kJrl = M 41(X, 0).

We also consider the cost function Jacobians evaluated at the perturbed
state and parameters:

(Pr)z, = (e (%,0)) Iz, (Fr)g o= (r (%,0))g |5, -
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The first order optimality conditions for the perturbed inverse problem are:
forward model: AXpr1= X1 — Mi g1 (Xe, 0), k=0,...,N —1; (36a)

adjoint model: (A?N)gN —\y — (;:N)gN ’ (36b)
(AT)E + (ARps1)n, Mest = M — MT g At — Pz,

k=N-1,...,0;

N N—-1 N
optimality: > (AT)y — (ARp41)g Mot = (Ro)g do+ > (Fr)g  (36¢)
k=0 k=0 k=0
N-1 e
+ D M e
k=0

The perturbed optimality conditions differ in two ways from the ideal
optimality conditions . First, the perturbations due to the error terms
Ax and A7 appear on the left hand side as residuals in each of the forward
, adjoint , and optimality equations . Next, the linearizations in
and are performed about the perturbed solution X and é\a, while the
linearizations in and are performed about the ideal solution x and
02

3.3 Quantity of interest

Consider a quantity of interest (Qol ) defined by a scalar functional £ : R™ — R
that measures a certain aspect of the the optimal parameter value

Qol = £ (6%) . (37)

An example of error functional is the ¢-th component of the optimal pa-
rameter vector, £ (6%) = 63.

We are interested in estimating the impact of observation and model errors
on the optimal solution 62, or, more specifically, the error impact on the aspect
of 62 captured by the QoI . The error in the QoI is

AE = E(0%) — £ (6%) (38)
where 8% and 6 are the solutions of the perturbed inverse problem and of
the ideal inverse problem , respectively.

4 Aposteriori error estimation

The ideal optimal solution 6 is obtained (in principle) by solving the nonlinear
system (32)), while the perturbed optimal solution 6* is obtained by solving the
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system . We have seen that is obtained from by adding residuals
to each of the optimality equations. The a posteriori error estimate quantifies,
to first order, the impact of these residuals on the solution of the nonlinear
system . The methodology presented below follows the approach discussed
in 3} [@].

4.1 The error estimation procedure

It is useful to consider the reduced cost function

N
§(0) =T (x(6),0) =Y v (xx(6).6) (39)

k=0
with the solution dependency on the parameters given by the model .

Theorem 1 (A posteriori error estimates). Assume that the model operator
M and the functions ry are twice continuously differentiable. Assume also that
reduced Hessian (V3 ,7)(0*) € R™™ evaluated at the minimizer of is
positive definite.

Then there exist “impact factors” ( € R™, up € R™ for k=10,...,N, and
vk € R™ for k=0,...,N such that the error in the Qol is approximated to first
order by the formula:

AE ~ AE™ = Afpya + Aagj + Abopt, (40a)

where the three terms are the contributions of errors in the forward model, ad-
joint model, and optimality equation, respectively. Specifically, the estimated
contribution of the error in the forward model to the error in Qol is:

N-1

Agfwd = Z Vg+1 . Aﬁ]ﬁ.l . (40b)
k=0

Similarly, the estimated contribution of the adjoint model error to the error in
Qol 1s:

N N-1
Afag; = D (AFk)y, + D i - (ARpp1)y, Mt - (40c)
k=0 k=0

Finally, the contribution of the error in the optimality equation is given by

N N-1
Aoy = (T (Z (AFk)g — Y (ARky1)g Xk+1> : (40d)

k=0 k=0

Proof. A discrete super-Lagrangian associated with the scalar functional (38)
and with the constraints posed by the first order optimality conditions (32)) is
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defined as follows:

2
L

L£5(0,%,\, 1, v, C)

() —vq - (x0 —x0 (0)) — Z Vi1 Rk — My (xx, 6))

N N—-1
_CT : ((XO);F Ao + Z (Tk)g + Z m%‘7k+1)\k+1> .

k=0 k=0
Consider a stationary point (0%, x, \, 1, v, ) of the super-Lagrangian £°
0L {62 x A pc) = 0- (42)

Setting to zero the variations of with respect to u,v,( shows that the
parameter vector 6, the forward solution x, and the adjoint solution A satisfy the
first order optimality conditions (32)). Consequently {6*,x = x(6*), A = A(6*)}
is the solution of the inverse problem . The super-Lagrange multipliers ¢, v,
and p for a stationary point of the super-Lagrangian are calculated by setting
to zero the variations of with respect to 6,x, A, as discussed in section
From we have that

LEO%,x, \, 1,1, C) = E(6%). (43)

We now evaluate at the solution {#*,X = %(6%), A = A(6*)} of the
perturbed inverse problem. The super-multipliers ¢, n, and p are not changed
and they correspond to the stationary point at the ideal solution . We have:

N-1
LEO %M v () = E0%) - Z Uiy - <§k+1 - Mk,k+1(§<k,§a))
k=0
- (%0 = x0(0")) =k - (A = (w3, )
N-1

=3 b (R = ME i A — (07, (44)
k=0

N N-1
T ((%)EXO 3 @y + > (M) ka) .

k=0 k=0

The perturbed inverse problem solution {6*, X, A} satisfies the perturbed first
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order optimality conditions . Substituting in leads to

N-1
CEO R A v Q) = E0) =Y vy ARpir — iy - (Mg,
k=0
N-1 N
=3 ik (AR5, + ARy, M) (49)
k=0

N N-1
—¢"- (Z Am Z (AXp11)g >\k+1>-
k=0 k=0

Since the super-Lagrangian is stationary at (8%, x, A, i, v, ¢) its variation van-
ishes , therefore to first order it holds that

A£5 = £5 (§a7 3\(7 /):7 u, v, C) - £5 (ea, X, )‘7 u, v, C) ~ 0. (46)

Subtracting (43) from and using the stationarity relation leads to the
error estimate (40)).

The existence of the super-Lagrange multipliers follows from Theorem
discussed in the next section. Specifically, the Hessian equation has a
unique solution, and so do the tangent linear model and the second order
adjoint model . The multipliers exist and can be calculated by Algorithm
O

4.2 Calculation of super—Lagrange multipliers

Theorem 2 (Calculation of impact factors). When the assumptions of Theorem
hold the super-Lagrange multipliers corresponding to a stationary point of
are computed via the following steps. First, solve the following linear system for
the multiplier ¢ € R™:

(V5.03)(6%)-C=&F (47a)
whose matriz is the reduced Hessian Ve oJ € R™*™ evaluated at the minimizer
0*. We call . the “Hessian equatwn Next, solve the following tangent
linear model (TLM) for the multipliers pp, € R™, k=0,...,N:

po = —(%0)y¢; (47b)
e = Mg ppr—1—Me1%G, k=1,...,N.

Finally, solve the following second order adjoint model (SOA) for the multipliers
v, e R", k=N,...,0:

UN = ("N)xnxn BN = (TN)gxy €
T
v = Mgkt (M;cfk+1/\k+l) ks (47¢)
*(Tk)a,xkc (Z)ﬁk k+1)\k+1) C, k=N-1,...,0.
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Algorithm 2 Calculation of super-Lagrange multipliers

1: procedure DISCRETESUPERLAGRANGEMULTIPLIERS
2: Solve the Hessian equation (47a)) for ¢;
3: Solve the TLM (47b)) forward in time for p, k=0,..., N;

4: Solve the SOA model (47d) backward in time for v, k= N,...,0.
5: end procedure

The computational procedure is summarized in the Algorithm 2] A simi-
lar approach is discussed in [3] in the context of error estimation for inverse
problems with elliptical PDEs.

Comment 1 (Iterative solution of the Hessian equation). The Hessian equation
can be solved by iterative methods such as preconditioned conjugate gradi-
ents [T, which rely on the evaluation of matriz-vector products v = (Vj 7)(6*)-u
for any user defined vector u. As explained in [7] these products can be computed
by first solving a tangent linear model initialized with w, and then solving
a second order adjoint model , where all linearizations are performed about
the optimal solution {0*,x(6*), \(6*)}. The matriz-vector product v is obtained
from the second order adjoint variable at the initial time.

Comment 2 (Approximate solution of the Hessian equation). The numerical
solution of 1s usually obtained in a reduced space approach via a gradient-
based optimization method. A reduced gradient Vg j(0®)) is computed at each
iteration p of the numerical optimization algorithm. Quasi-Newton approzima-
tions of the reduced Hessian inverse B = (Vg)ej)’l can be constructed from the
sequence of reduced gradients. As proposed in [J], a convenient way to approxi-
mately solve is to use the quasi-Newton matriz: ( ~B-E] .

Proof. The variation of the super-Lagrangian with respect to independent
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perturbations in 6, x, A is:

SLE = £ 50 — v - (6x0 — (%0 (0))s 66)

N-1

_ Z Vlc+1 6xk+1 Mk k+15Xk — My k+169)
k=0

*N% ’ (6)‘]\7 - (TN)xN,XN OXN — (TN)XN”Q 60)
N-1
k=0
N—-1

+ g, - (Mg,k+1 Akt + (Tk):k) 0%
k=0 Xk
N-1

+ ) g (M;cf,kﬂ Ak1 + (r’“):k)e 00
k=0

k=0 k=0

N N
T ((Xo)g §xo +Ag (%0)g,9 00 + Z (Tk)g,0 00 + Z (T5) 9. 5xk>

T (zmk b1 ksr (M o Aeen ), 0%k + (M 3 k), 59) .

The linearization point {6, x(6*), A(6*)} satisfies the ideal optimality conditions
B2).

The variation of the super-Lagrangian can be written in terms of dot-products
as follows:

N N
0LE = 6= (VA LE,0Mk) = > (Vi LE, 6xx) — (VoLE,60) ,
k=0 k=0

and stationary points are characterized by V, £E = 0, V4, £& = 0, and V£ =
0.

Setting V., Lf = 0 for k = 0,..., N leads to the tangent linear model
(TLM):

po = —(X0)y G (48)
pe = Mp_ippr—1 =M1 k¢ k=1,...,N.
The derivative of the model equation with respect to 6 is:
(x0)g = (x0(0))g; (49)
(Xk+1)o = Migsr (Xi)g + Mips1, k=0,...,N—1.

Multiplying from the right with the vector ¢ gives the variation of the
model with respect to 0 in the direction (:

(Xo)ac = (%o (9))9 G (50)
(Xi)g ¢ = Mp_1p Kp—1)g CH+Me—16¢, k=1,...,N;
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Equations and are identical and consequently we make the identifica-
tion

He=—(x)g ¢ k=0,... N, (51)

Setting Vi, LE =0 for k= N,...,0 leads to the following second order adjoint
(SOA) model:

VN = (TN)XN XN KN — (TN)Q XN C, (52)
v, = Mk k+1Vk+1 + (Mk k+1)‘k+1> 1+ (T8 sy e 5 = (Th)g ., €
(mkk+1)‘k+1) LG k=N-1,...,0.

Setting VoLE =0 gives:

N-1

0 = & +(x0)g vot+ O ME iy vkt (53)
k=0

N-—1
T T
+ (TN)XN g UN + Z Mk k41 /\k+1 + (Tk)xk) M
k=0

N N-1
()‘0 (x0) 09) ¢ — Z (rx) 99 ¢— Z mk k+1)‘k+1) C.
k=0 =

The transposed equation times the multiplier v gives:
(x0)g Yo = (x0(0))g Vo
T _ T aaT T _
(Xk+1)g Ver1 = (Xk)g M g1 Vet + M gy Vi1, k=0,...,N—1,

and using the SOA model

(Xk41)g Vi1 = (Xi)g vk — (Xk)j (Mkk+1)‘k+1) e (xk)g (Mg, €

—(Xk)5 (Pk)sy e, M+ (X8)g (I k+1>\k+1) G I e Vhs
k=0,...,N—1.

Summing up this equation for times k = 0,..., N — 1 leads to
N-1
(xn)g vy = (x0)gvo— D (xx)s (Mj, k+1)‘k+1 NI Z Xk)g (h)gx, €
k=0
N—1 N-1 N—1
(T )y 3 Mk + 5 (g, k+1)‘k+1 LCt Z M o1 Vi1 s

k:O k:O k=0
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and after inserting the final condition for vy:

N-1 N—
T
(x0)g o+ Y Mh 1 vhr1 = Z o (M paAes1) Mk
k=0
N N
+Z (") = D (X1)G (1)g (54
k=0
N—-1 T
- (k)5 (imz,kﬂ)\kﬂ)xk ¢.
k=0

Substituting equations and in we obtain the following expression
of the equation VL& = 0:

N

0 = & =65 ((re)ky e, ) (K014 € (55)
k=0
N-1
=3 (0005 (M Aes) ., (1) €)
k=0
N-1
T T T T
=3 g (W), + (M henn) ) €= () (P, €
k=0
N-1 .
- (TN)zN,e (xn)g ¢ — (Mg,kﬂ Ak+1 + (rk)xk)e (Xk)p €
k=0
N N-1 .
()\0 X0 99) ¢ — Z k) 99 ¢— <Z (mg,k—&-l)‘k"rl)e) ¢
k=0 k=0
Hessian of the reduced function Consider the reduced Lagrangian
N-1
N1 (Ke41(0) = M1 (xk(6),0) = Ag - (x0 — %0 (6)) . (56)
k=0

Since there are only equality constraints the reduced Lagrangian , its gradi-
ent, and its Hessian evaluated at a solution are identically equal to the reduced
cost, function , its reduced gradient, and its reduced Hessian, respectively:

00) = j(0), Vol(0) =Vgj(0), Vj4l(0)=V5,i(0). (57)
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The gradient of the reduced Lagrangian with respect to 6 is

N N
(Vée)T = Z (rk)o + Z (Tk)xk (Xk)g (58)
k=0 k=0
N—-1
= A ((Rkg1)g = M1 — M g1 (X))
v
= (Ng)e - (xkr1(0) = Mgy (x1(6),6))
k=0

=g ((x0)o = (x0 (£))e) = (Ag)e - (30 — %0 (0)) -

Taking the variation of with respect to # in the direction 6 = ¢ and
evaluating all terms at at the optimal point {6*,x(6*), A(6*)} gives:

(V300 ¢ = 32 (000 + 005 (), (51)a + G005 ()0 ) €

e
Il

+
-

=

(Tk)g.x, (Xk)g ¢+ (N1 M k1) € (59)
0

((Xk)rer ()‘;crﬂ My ie+1 )9 + (Xngrl mk,kﬂ)xk (Xk)e) ¢
0

o~
Il

=2

+

k

N

AT (%0 (0)g0) €+ D0 (0005 (M M ), (x0)g €
k=0

[

Substituting equations and into leads to the following simpler
form of the equation VL& = 0:

E5 = (V3sl)" ¢ = (V3g0) ¢ = (V30i) - C. (60)
O

Comment 3 (Relation to the error covariance matrix of the optimal solution).
The paper [13] describes an algorithm for the evaluation of the error covariance
matriz associated with the optimal solution 0% when there are errors in the data.
There is a direct relationship between the above a posteriori error estimate and
[13]. In this work we can recover the error covariance matriz column by column
by successively solving the system in for several error functionals. Specif-
ically, if we take € to be one solution component , &y becomes the canonical
basis vector ey. Application of Algorithm |d then recovers the k'™ column of the
a posteriori error covariance matrix by solving the linear system .
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5 Application to data assimilation problems

Next we apply this methodology to a specific discrete-time inverse problem,
namely, four dimensional variational (4D-Var) data assimilation. Data assimi-
lation is the fusion of information from imperfect model predictions and noisy
data available at discrete times, to obtain a consistent description of the state
of a physical system [9] [I7]. For a detailed description of the sources of informa-
tion, sources of error, description of four dimensional variational assimilation
problems (4D-Var), approaches to solve the 4D-Var problems and a detailed
derivation of a posteriori error estimation for 4D-Var problems, please see [20].

5.1 The ideal 4D-Var problem

We consider the particular case of strongly constrained 4D-Var data assimilation
[17] where the parameters are the initial conditions 6 := xg and the cost function

£7) is

Tixa) = 5 (xo—x) Byt (xo—xb) 1)
N
+% D (Hel(xk) —yi) " Ryt (i (k) — yi)
k=0

The inference problem is formulated as follows:

x} = argmin 7 (xo) subject to (25) . (62)

xpER™

The first order optimality conditions for the problem read:
forward model: 0 =xp41 — Mg pt1(xx), k=0,1,...,N—1; (63a)
adjoint model: Ay = HYRLY (Hy(xy) —yN), (63b)

Ao = M e + PR (He(xk) —yi)
k=N-—1,...,0;
optimality: 0 =By '(xo—x5) + Ao (63c)
Here Ay € R™ are the adjoint variables, and
Hp = (Hi)y, (Xx),

is the state-dependent Jacobian matrix of the observation operator.
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5.2 The perturbed 4D-Var problem

In this section we use the imperfect data, imperfect model and hence solve a
perturbed 4D-Var problem. The evolution of the discrete state vector x € R" is
represented by the imperfect discrete model . In the presence of data errors
Ay}, the discrete cost function reads [17]:

P 1
Tlxo) = 35 (xo—x5)" By* (x0—x) (64)
1 - _ -
+3 Z (Hr(Re) =y — Ayr)" Ry (He(Re) — yi — Ayi) -
k=0

The perturbation in each of the cost function terms is
~ “~ _ 1 _
ATy = (yi — Hi(®))" Ry Ays + §AYkT R, ' Ayy.

The perturbed strongly constrained 4D-Var analysis problem solved in reality
is
Xj =arg min J (x0) subject to (33)). (65)

xpER™

5.3 Super-Lagrangian for the 4D-Var problem

We follow the same procedure as in Section[4.2]to construct the super-Lagrangian
associated with the Qor functional of the form and with the first order
discrete optimality conditions as constraints. The super-Lagrange multi-
pliers for a stationary point of £¢ are computed using Algorithm [2| Equations
take the following particular form for the 4D-Var system:

Linear system: (Vio’xO 7) ¢ = Vx&; (66a)
TLM: Mo = —C; HEk+1 = Mk)kJrl iy k= 0, ceey N -1 N (66b)
SOA: vy = HYRy' Hy v, (66c¢)

v = M£k+l Vi+1 + (Mg,k-pl )\k+1)£k Hk
+H R, 'Hy e, k=N-1,...,0.

5.4 The 4D-Var a posteriori error estimate

We apply the a posteriori error estimate to the 4D-Var solution. The total
error (40al) is the sum of the contributions of forward model errors

N
Afpa = D v Ay, (67a)
k=1

the contributions of the adjoint model errors

N N—
Afagj = =Y - (HERAys) + > i - (ARkpa)y, Aega, (67)
k=0 k=0

—



V. Rao and A. Sandu A-posteriori estimates 21

and the contribution of the error in the optimality equation

Afope = —CT (A1), Ar. (67¢)

5.5 Probabilistic interpretation

Consider the case where the model errors are given by a state-dependent bias
plus state-independent noise:

AXy = B +nr; Elne] =05 covng, me] = Qi e

Similarly, assume that the data errors are composed of bias and noise (both
state-independent) and that data noise at different times is uncorrelated:

AYr = pr +er; Eler] =0; covleg,er] = Ri;  cov|eg,e] =0, k # L. (68)

Assume in addition that the model and the data noises are uncorrelated.

Consider the super-multipliers evaluated at a given forward and adjoint tra-
jectory, e.g., at the optimum. The super-multiplier values do not depend on
the noise in the model and in the data. From equations the error estimate
reads

N N
AgeSt — Z VkT . ﬂk + Z VkT N — Z/j/k . k ,Ok) ) (693)
k=1 k=1
N ~
*ZHE : (HTR €k Z Nk (ﬂk+1) )‘k+1 - (51)I0 A1
k=0

The mean of the estimated QoI error is
E[AE™] Z vi - B — Z pi - (HER; i) (69Db)
k=1

N—-1
+ 3 1k Breit) gy Mt — €T (Br)yy A

k=0

and the last two terms disappear when the model bias is state-independent. The
variance of the estimated QoI error contributions is:

N N
var[AE] = >yl Queve+ > pr (HERHy) g (69c)
k0=1 k=0

More details can be found in [2I, Appendix C].
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6 Numerical Experiments

We now apply the continuous and discrete a posteriori error estimation method-
ologies to two test problems, the heat equation and the shallow water model on
a sphere. The a posteriori error estimates for the heat equation is performed
using the continuous model procedure, whereas for the shallow water model we
calculate the estimates using a discrete model.

6.1 Heat equation

The one dimensional heat equation is given by [16]:

ou ,0%u

with the following initial and boundary conditions:

u (0,x) = ug (x),

g(tv_l) :u%al)’ (71)
I (t,—1) = I (t,1) .

We discretize the PDE (|71) in space using a central difference scheme to
obtain an ODE of the form, which is our forward model. The evolution
of temperature with time is shown in Figure Synthetic observations are
obtained by integrating the forward model in time, using a reference initial
condition, and perturbing the solution at various times with noise, whose mean
is 0 and standard deviation is 10% of the actual solution. Synthetic model errors
are introduced by adding a constant vector to the actual model; the imperfect
model has the form with Af(t) = 1.

We solve the inverse problem ({3)) to obtain x§ which minimizes the cost func-
tion . The solution of the inverse problem requires solving a constrained
optimization problem. The optimization is performed using Poblano, a Matlab
package for gradient based optimization [10]. The necessary gradients are com-
puted using FATODE, a package for time integration and sensitivity analysis
for ODEs [28].

The QoI , i.e., the error functional, is the mean value of the optimal initial
condition

€ (x5) = (%0); - (72)

1

3=

n

?

We denote the solution of the perturbed inverse problem by x3. The actual
error in the mean of the solution is given by:

n

Afucnar =€ (%) ~ £ (<) = = > (&), ~ (x1),) (7)
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A‘S‘actual Agest
Data Errors 1.945x1072 | 2.395x 102
Model Errors | 2.561x10~2 | 1.819x10~2

Table 1: The comparison between actual error and the a posteriori error esti-
mates for the heat equation.

We follow the procedure outlined in Algorithm [I] and Section [2.5] to estimate
the impact of the data and model errors on the mean of the optimal solution
. Solutions of the tangent linear, first order adjoint, and the second order
adjoint models are shown in Figures [L(b)} [L(c)} and [I(d)| respectively. Table
compares the actual error(equation ([73))) in the Qo1 and an estimate of
(A&est). We observe that the estimates are within acceptable bounds, when
compared to the actual values. Figure shows the errors in the individual
observations for the 1D heat equation; they are randomly distributed. Figure
2(b)| shows the contributions of different observation errors to the error in the
quantity of interest . We observe that certain grid points contribute to the
error more than others. Since the physical process is diffusive, measurements
errors occurring earlier in time contribute more to the a posteriori error estimate.
The data error contributions indicate the sensitive areas, where measurements
need to be very accurate. Gross inconsistencies in the data error contribution
may also point towards faulty sensors. Figure shows the contributions of
model errors at different grid points to the error in the quantity of interest
(72). We observe that the contributions of model errors follows the profile of
the second order adjoint model evolution shown in Figure This is in
agreement with the theory in Section Some grid points tend to be more
sensitive than the others to the errors in the model. This indicates the need
for better physical representation, e.g., obtained by increasing grid resolution in
the sensitive regions.

6.2 Shallow water model on a sphere

The shallow water equations have been used to model the atmosphere for many
years. They contain the essential wave propagation mechanisms found in gen-
eral circulation models (GCMs)[26]. The shallow water equations in spherical
coordinates are:

au—f—l(uau—i—vcos&au>—<f+umn0>v+ I 8h_0’ (74a)
a

9t ' acosf oA 00 acos ON
v 1 v v utan 6 goh
E‘i’ acose <Ua)\+UC05089> + (f+ o > U+a% —0, (74b)

oh 1 d(hu) = O(hvcos)\
89+a0059( o T ae )0 (M9

Here, f is the Coriolis parameter given by f = 2Q2sin 6, where Q is the angular
speed of the rotation of the Earth, h is the height of the homogeneous atmo-
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Figure 1: The evolution of forward, tangent linear, and adjoint variables for the

heat equation (equations and )

sphere, u and v are the zonal and meridional wind components, respectively,
0 and X are the latitudinal and longitudinal directions, respectively, a is the
radius of the earth and g is the gravitational constant. The space discretization
is performed using the unstaggered Turkel-Zwas scheme [19]. The discretization
has nlon=72 nodes in longitudinal direction and nlat=36 nodes in the latitudi-
nal direction. The code we use for the forward model is a MATLAB version of
the FORTRAN code developed by Daescu and Navon and used in the paper [g].
The semi-discretization in space leads to the following discrete model:

ka:M(xk,ﬁ) XOZXO(Q), kZO,,N (75)

In , the zonal wind, meridional wind and the height variables are combined
into the vector x € R™ with n = 3 xnlat x nlon. We perform the time integration
using an adaptive time-stepping algorithm. For a tolerance of 10~ the average
time step size is 180 seconds. A reference initial condition is used to generate a
reference trajectory.

Synthetic observation errors at various times tj are normally distributed with
mean zero and a diagonal observation error covariance matrix with entries equal
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Figure 2: Data errors at different grid points for the heat equation (equations
(70) and (71)) and the contributions to the error functional resulting from data
and model errors.

to (Rk)i; = 1 for u and v components and (Rg); ; = 108 for h components. The
Ry values correspond to a standard deviation of 5% for u and v components,
and 2% for h component. Synthetic observations are obtained by adding the
synthetic observation noise to the reference solution at times ¢;. The background
error covariance matrix is also diagonal with entries equal to (Bg);; = 1 for u
and v components and (Bg);; = 108 for h components.

Model errors are introduced in the form of random correlated noise. We
build statistical models of model errors and consider different realizations in
Section The cost function has the form (64).

The QoI is the mean of the height component of the analysis (the optimal
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initial condition)

3xmnlat xnlon

1
£ (x2) = E ay 76
(X0> nlat x nlon i=2Xnlat xXnlon+1 <XO)Z ( )

6.3 Statistical models for model errors

To realistically simulate model errors we consider differences between the shallow
water solutions obtain on a coarse and on a fine grid. The coarse grid was
discussed in Section [6.2] The fine grid has a spatial resolution of nlat x nlon =
108 x 72, three times smaller than the coarse grid. The time integration is also
performed at a finer temporal resolution realized by using the MATLAB’s ODE45
integrator. The ATOL and RTOL are both set to 107!2. The solution fields
obtained one the fine grid are perturbed to produce synthetic observations,
which are then used for the coarse grid data assimilation.

The differences between model solutions on the fine grid (projected onto
the coarse) and on coarse grid are used as proxies for the model errors. The
procedure used to generate the ensemble of model errors is as follows. Integrate
the model on the fine grid for the simulation window. Divide the simulation
window into sub-intervals [tx, tx41] of length t541 — tx = 400 seconds. At the
beginning of each sub-interval project the solution values from the fine grid onto
the coarse grid. Use these values as coarse grid initial solutions, and run the
coarse model on each sub-interval. The differences between the coarse and fine
solutions at the end of each sub-interval [tg,tr11] (projected onto the coarse
model space) represent the model error terms AXj41 in (33). The procedure
summarized above, is used to generate a total of 216 error vectors (an ensemble
member is collected every 400 seconds for a period of 24 hours). We make the
assumption that model errors are stationary and use this ensemble of differences
to build statistical models of model errors.

To find an appropriate description of model errors we consider a variety of
distributions and fit the model errors using the Bayesian information criterion
(BIC). The BIC is a criterion for model selection among a finite set of models
that resolves the problem of overfitting by introducing a penalty term for the
number of parameters in the model [23] 24].

We first seek one probability distribution that can best describe the errors
at each of the 7,776 individual grid points. Different distribution families are
used to fit the ensembles of errors. As shown in Figures[3|and [4] no distribution
fits the error completely satisfactorily. The BIC criterion ranks the suitability
of different distributions for each grid point, and Table [2| shows the number of
grid points where the most successful fits appear in top three. Since the normal
distribution consistently ranks in the top three we choose to model the model
errors as a Gaussian process. There is a considerable inter-grid correlation of
errors. The scaled Bessel functions of the first kind [I] are used to model inter-
grid correlation functions and their parameters are obtained by fitting to the
actual values. Figure [5| shows the comparison between actual correlation values
and the correlation modeled with Bessel functions. We construct the error
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Figure 3: The model errors for the shallow water equations are fit to
different distributions based on the Bayesian information criterion for some
samples. The plots show the top three best fits.

correlation matrix using inter-grid correlations modeled by the Bessel functions
of the first kind. We use the resulting covariance matrix and the mean of the
ensembles of real errors to generate different realizations of model errors. These
realizations correspond to the terms AXjyy; in equation . The multiple
instances of model errors help with the statistical validation of the a posteriori
error estimates discussed in Section [6.5

Distribution name No of best fits in top three
Generalized extreme value 7,608
Normal 7,247
Tlocation scale 7,052

Table 2: The number of best fits for selected distributions. This is the number
of grid points where the distributions are ranked in top three by the Bayesian
information criterion as the comparison metric.

6.4 Validation of a posteriori error estimates in determin-
istic setting

A posteriori estimates for the error in the QoI due to data and model errors
in 4D-Var data assimilation with the shallow water system are computed using
the methodology discussed in the Section [3| Table|3| compares the actual errors
and the estimated errors . We observe that the estimates are fairly
accurate. Figure [6] shows the errors in the individual observations (which are
independent and normally distributed) and the corresponding contributions of
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Figure 4: The model errors are fit to different distributions for the shallow water
model based on the Bayesian information criterion for some samples. The
plots show the top three best fits.

different observation errors to the error in the quantity of interest . We ob-
serve that certain grid points contribute to the error more than others. The data
error contributions indicate the sensitive areas where measurements need to be
more accurate in order to obtain a better analysis (as measured by the Qor ).
Larger than expected data error contributions may also point to faulty sensors.
Figure [7] shows the model errors at different grid points and their contributions
to the error in the Qor (76). Some grid points are more sensitive than others
to the errors in the model. This indicates the need for better physical repre-
sentation, or for higher numerical accuracy (e.g., obtained by increasing grid
resolution, or by using higher order time integration) in the sensitive regions.

Agactual Agcst
Data Errors 54.701 57.268
Model Errors 1.9278 2.9683

Table 3: Comparison between actual errors in the Qol and the a posteriori error
estimates for the shallow water model in a deterministic setting.

6.5 Validation of a posteriori error estimates in proba-
bilistic setting

The statistics of the a posteriori error estimate are validated by comparing
them against the mean and variance of the QoI for an ensemble of runs (ensemble
mean and variance).

The validation procedure is as follows:
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Figure 5: Correlations between model errors at neighboring grid points. The
actual values are obtained form the ensemble of runs. They are modeled by
Bessel functions of the first kind.

1. Generate Ng,s realizations of data errors taken from a Gaussian distri-
bution Ay ~ N(0,Ry). This distribution is consistent with for
pr=0.

2. Generate N, realizations of model errors. The procedure to obtain dif-
ferent realizations of model error is described in Section [6.3]

3. Solve Ng, different 4D-Var optimization problems to obtain solutions
(X8)e, e =1,..., Neps. Each 4D-Var problem uses a different realization
of model error and a different realization of the synthetic data (reference
values plus the realization of data errors).

4. Obtain an ensemble of errors in the QoI (AE™), = £((X3)e) — £(x3),
e=1,..., Nens.

5. The ensemble mean of error impact is computed by:

Nens
E[AE] — Nl S (A, (77a)

and the ensemble variance of error impact is computed by:

N,
)
var[A£] = > ((Ag), — E[AE™])” . (77b)
ens e=1

6. Compare the variational estimates of means and variances of the im-
pact of data and model errors on the optimal solution against the ensemble

estimates (77).
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(a) Data errors: Zonal wind velocity, (b) Contributions of data errors: Zonal
u[m/s] wind velocity

(d) Contributions of data errors: Merid-
v[m/s] ional wind velocity

5000

Vi 5000

(e) Data errors: Height, h [m] (f) Contributions of data errors: Height

Figure 6: The figures on the left show the errors in the data collected for
different variables at different grid points for the shallow water model at
an observation time t = 12h. The figures on the right show the sum total of
data error contributions at different grid points to the error functional for
hourly observations measured over a period of 24 hours.

Table [] shows the results for the shallow water equation. Two sets of ex-
periments are performed. In the first set we consider data errors, but no model
errors. In the second we consider model errors, but no data errors. This allows
to validate separately the impact of data and the impact of model errors. In
each case we use ensembles of Ngns = 15 members. The variational estimates
are fairly close to the ensemble means and variances.

7 Conclusions and future work

Practical inverse problems use imperfect models and noisy data. This work
considers variational inverse problems with time dependent models such as those
arising from the discretization of evolutionary PDEs. An a posteriori error
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E[Agobs] var (Agobs) E[Agmod] var (Agmod)
Variational estimates 0.00 2.87 1.21 0.053
Ensemble estimates 0.105 2.53 1.17 0.080

Table 4: Comparison between ensemble mean and variances of the impact of
model and data errors on the 4D-Var optimal solution with the shallow water

model (74)).

estimation methodology is developed to quantify the impact of model and data
errors on the inference result. The approach considers a scalar quantity of
interest that depends on the inference result, and which is formalized as an
error functional. The errors in the quantity of interest due to errors in the
model and data are estimated to first order using an algorithm that involves
tangent linear, first, and second order adjoint models. We consider generic
continuous-time and discrete-time models, and generic cost functionals for the
inverse problem. We also derive estimations in the particular case of 4D-Var
data assimilation.

We illustrate the proposed approach using a 4D-Var data assimilation tests
with a one dimensional heat equation and with the shallow water model on a
sphere. The error estimates are very close to the actual errors in the quantity of
interest due to both the data as well as the model inaccuracies. The statistics
(mean and variance) of the estimates are cross-validated using an ensemble of
estimates.

The proposed methodology can prove useful in a general context to quan-
tify and reduce uncertainties in a real-time system with feedback. The error
estimates can be used to locate faulty sensors. Moreover, the areas of maxi-
mum sensitivity highlighted via the error estimates indicate the locations where
greater accuracy in measurements is required (adaptive observations), or where
it is beneficial to increase the model resolution (adaptive modeling). In future
work we plan to apply this methodology to estimate errors in real scenarios
using models like the Weather Research and Forecast Model (WRF).
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Figure 7: The figures on the left show samples of model errors for different
variables at different grid points for the shallow water model at time t=
3600s. The figures on the right show the corresponding model error contribu-
tions at different grid points to the error functional for hourly observations
measured over a period of 24 hours. The plot indicates the sum of the model
error impact over all the observation instances.



V. Rao and A. Sandu A-posteriori estimates 33

Acknowledgements

This work was supported by AFOSR DDDAS program through the award
AFOSR FA9550-12-1-0293-DEF managed by Dr. Frederica Darema.

References

[1]

M. ABRAMOWITZ AND I. STEGUN, Handbook of mathematical functions:
with formulas, graphs, and mathematical tables, Courier Dover publica-

tions, 2012.

M. AINSWORTH AND T. ODEN, A posteriori error estimation in finite
element analysis, Computer Methods in Applied Mechanics and Engineer-

ing, Elsevier, 37 (2011), pp. 1-88.

M. ALEXE, Adjoint-based space-time adaptive solution algorithms for
sensitivity analysis and inverse problems, PhD thesis, Virginia Tech., 2011.

M. ALEXE AND A. SANDU, Space-time adaptive solution of inverse
problems with the discrete adjoint method, Journal of Computational

Physics, Elsevier, 270 (2013), pp. 21-39.

R. BECKER AND R. RANNACHER, An optimal control approach to a
posteriori error estimation in finite element methods, Acta Numerica, Cam-

bridge University Press, 10 (2001), pp. 1-102.

R. BECKER AND B. VEXLER, Mesh refinement and numerical sensitivity
analysis for parameter calibration of partial differential equations, Journal

of Computational Physics, Elsevier, 206 (2005), pp. 95-110.

A. CioacA, M. ALEXE, AND A. SANDU, Second-order adjoints for solving
PDE-constrained optimization problems, Journal of Optimization Methods

and Software, Taylor and Francis, 27 (2012), pp. 625-653.

D. N. Dagescu anD I. M. NAVON, Adaptive observations in the context
of 4D-Var data assimilation, Meteorology and Atmospheric Physics, 85

(2004), pp. 205-226.

R. DALEY, Atmospheric data analysis, vol. 2, Cambridge University Press,
1993.

D. DunLAvy, T. KoLDA, AND E. ACAR, Poblano v1.0: A matlab toolbox
for gradient-based optimization, tech. rep., Sandia National Laboratories,

2010.

D. ESTEP, A posteriori error bounds and global error control for
approximations of ordinary differential equations, SIAM Journal on Nu-

merical Analysis, 32 (1995).



V. Rao and A. Sandu A-posteriori estimates 34

[12]

[13]

[14]

[15]

[16]

D. EsteEp, M. HOLST, AND D. MIKULENCAK, Accounting for stability: a
posteriori estimates based on residuals and variational analysis, Communi-

cations in Numerical Methods in Engineering, 18 (2002), pp. 15-30.

I. GEJADZE, F. DIMET, AND V. SHUTYAEV, On analysis error covariances
in variational data assimilation, Journal of Scientific Computing, STAM, 30

(2008), pp. 1847-1874.

——, On optimal solution error covariances in variational data assimilation

problems, Journal of Computational Physics, Elsevier, 229 (2010),

pp. 2159-2178.

I. GEJADZE, V. SHUTYAEV, AND F. DIMET, Analysis error covariance
versus posterior covariance in variational data assimilation, Quarterly Jour-

nal of the Royal Meteorological Society, 139 (2013), pp. 1826-1841.

W. HUNDSDORFER AND J. VERWER, Numerical solution of
time-dependent advection-diffusion-reaction equations, vol. 33, Springer,

2003.

E. KALNAY, Atmospheric modeling, data assimilation, and predictability,
Cambridge University Press, 2003.

S. L1 AND L. PETZOLD, Adjoint sensitivity analysis for time-dependent
partial differential equations with adaptive mesh refinement, Journal of

Computational Physics, Elsevier, 198 (2004), pp. 310-325.

B. NETA, F. GIRALDO, AND I. NAVON, Analysis of the Turkel-Zwas
scheme for the two-dimensional shallow water equations in spherical

coordinates, Journal of Computational Physics, Elsevier, (1997), pp. 102—

112.

V. RAo AND A. SANDU, A posteriori error estimates for DDDAS inference

problems, Procedia Computer Science, 29 (2014), pp. 1256 — 1265. 2014

International Conference on Computational Science.

V. RAO AND A. SANDU, Supplementary material to a-posteriori error
estimates for inverse problems, SIAM Journal on Uncertainty Quantifi-

cation, (2014).

A. SANDU AND T. CHAI, Chemical data assimilation — an overview, At-
mosphere, 2 (2011), pp. 426—463.

G. ScHwARZ, Estimating the dimension of a model, The annals of statis-
tics, 6 (1978), pp. 461-464.

M. SHEPPARD, Fit all valid parametric probability distributions to data.
URL http://www.mathworks.com/matlabcentral, 2012.



http://www.mathworks.com/matlabcentral

35

[25] V. SHUTYAEvV, I. GEJADZE, G. J. M. COPELAND, AND F. DIMET,
Optimal solution error covariance in highly nonlinear problems of
variational data assimilation, Nonlinear Processes in Geophysics, 19 (2012),
pp. 177-184.

[26] A. ST-CYR, C. JABLONOWSKI, J. DENNIS, H. TUFO, AND S. THOMAS,
A comparison of two shallow water models with nonconforming adaptive
grids, Monthly Weather Review, 136 (2008), pp. 1898-1922.

[27] S. L. Y. Cao anD L. PETzOLD, Adjoint sensitivity analysis for
differential-algebraic equations: algorithms and software, ournal of Com-
putational and Applied Mathematics, Elsevier, 149 (2002), pp. 171-191.

[28] H. ZHANG AND A. SANDU, Fatode: a library for forward, adjoint and
tangent linear integration of stiff systems, in Proceedings of the 19th High
Performance Computing Symposia, Society for Computer Simulation In-
ternational, 2011, pp. 143-150.

Appendices

A Derivation of first order optimality conditions
for continuous-time models

The Lagrangian function associated with the cost function in and the con-

straint in is
L= / ) dt 4w (x //\T — f(t,x,0)) dt  (78)

Taking variations of we obtain:

5L = / rd (x(),0) + £7 (t,x,6) - )\)T-69>dt

+/ (0 (e000.0) 4 72 (1.x,0) ) -0 )
—~ 7 AT (x' = f(t,x,0))dt — 7 AT (o0x)) dt

+ wx (X (tF) ,6) - 0% (tF> —+ wy (X (tF),O) - 00
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Further, by performing integration by parts we obtain:

—/ AT (6x)dt = — AT (1) - 0% (2) " +/ (W) ox (t) dt

= AT (tp) - 0x(tr) + AT (to) - 6x (to)

tp

+ / W)" - x (t) dt (79)
=AY (tr) - 0x (tr) + AT (to) - (xo(to) - 60)
+ / )T ox (¢) dt

The KKT conditions or the first order optimality conditions are obtained by
setting Ly, Ly, and Ly = 0.

Setting (L, dx) = 0, (where, (.) denotes the inner product.) gives us the fol-
lowing adjoint ODE :

N = —rT(x(t),0) — fI(t,x,0) -\, Atp) =wy (x(tr),0) . (80a)
Setting (L, dA) = 0, we obtain the constraint ODE
—x'+f(t,x,0)=0,  x(to) =%o. (80Db)
Setting (Ly,d6) = 0, we obtain the following optimality condition:
& (to) + %4 (to) - Alto) = 0. (80c)
The value of £ (tg) can be obtained by solving the following ODE:

§/ = (Tg‘ (X(t)’e) +fg‘(tvx70) ’ )‘) )

trp <t <to, £(tr) = wy (x(tr),0) . =Y

The group of equations in represent the first order optimality conditions
and are same as the group of equations elaborated in .
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B Derivation of super-Lagrange parameters
The Lagrangian associated with the error functional of the form and the
constraints posed by the first order optimality conditions is:
to
£ = 5(9a)—/uT~(X+r§+f,?-A) dt (82)

tp

i (tr) - (M(tr) — w (x(tr) .6)
[ aE ) a

=T (E(tp) —wg (x(tr),0))
—¢T - (& (o) + x4 (to) - A(to))

tp

= [ = gy de = () xlte) — x0)

to
Taking the variations of we obtain:

to

(L5,00) = (£,,6)) = /(f(u’)T~5)\+uT«(f,?~5)\)+CT~((;r~5>\))dt

tp

+ 1" A T (tr) - 0N () + T - X (t) - GA(to)

Imposing the stationary condition VL€ = 0 leads to the following tangent
linear model (TLM):
Wt S ntfo- (=0, to<t<tp; (83)
p(to) = —xg(to) - €.

tp

(£2.6x) = (Ex,6%) = / (—(v’)T—uT-fx—<rx,x-u>T—((fx,x-mT-A)T)@xdt

tp

[ (- "= (9T 2)") oxar

+vT. 5x|i§ + 0T (to) - (9% (to) — d%0)
T (~wg i (x (tp) ,0) - 0x (tp))
—p(tp)" - (W (x (tF) ,0)) - 0% (tr) -
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The stationarity condition V£ = 0 leads to the following second order adjoint
ODE (SOA)
(V/)+fE'V+TX,X'U+(fX,X'.U)T')‘ (84)
i G+ (f Q) A=0, e >t >t
v(tp) =wox (X (tr),0) - (+wxx (X (tr),0) p(tr) .
We group the remaining terms to obtain

tp
€000 = [ = (i T+ o N+ (1 na - NT)(89)
to
10T fy) - 80 dt
—ut(tr) - (wox - 00 (tr)) — ¢ - (wa,6 - 36 (tr))

~CT (00 (to) - 0)" - A(t0)) = v (t0)" - ((x0)y 00) -

Let us take the variation of the first order adjoint equation in equation (80al) in

the direction of 66, we obtain (we denote o(t) = %g) - 00)
o' = I o= (frx 0%) A= (fxp00) A (86)
_Tx:x.éx_r;f,x'(sea tp>2t>to,
o(tp) = Wex-0X|, + wos- 00|, .

The gradient of the cost function with respect to 6 is given by
VoJ = wj +x4 - A(to) (87)
tp
+/ (fe-)\—‘rTg)dt.

to

Now taking the derivative of the gradient in the direction of 66, we have in the
direction of §6, the following Hessian-vector product:

V50T - 00 = wx g (x(tp),0) - 0x (tp) + woe (X (tr),0) - 60

#(B0) ot + (Do0n) a0

tp

+/ (feT co+ (fe,x : 5X)T A+ (fg,e . 5(9)T . )\) dt (88)

to

tp

+ / (rx,0 - 0x+ 19, -00)dt.

to
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Comparing and we see the following relationsips

00 = (¢ (89)
ox = pu
o =v

Substituting in we obtain .

C Derivation of first order optimality conditions
for discrete-time models

The Lagrangian function associated with the cost function in and the con-

straints in is

N—-1
L= 3 (re (s 0) = ALyy - (%1 — Miies1 (x,6))) + 7y (xv.8) (90)
k=0

—/\oT - (%0 — %0 (0))
Taking the variations we get

N
0L = Y (rk (xk,0))y, - 0%k + (v (xx,0)), - 00
k=0
N-1
- Z M1 (0%ps1 — My g y10x5 — My 44160)
k=0
N-1
- Z SN - (X1 — Mg (Xk,0))
k=0
*AOT - (6% — (Xo)e 66) — 5>\0T (%0 — %0 (0)) .

Setting the independent variations with respect to 66, éx ,and o\, = 0 we get

/\N = (TN (XN7 9));51\, ; (913“)
M= My Mktn — (i (x8,0)), k=N —1,...,0,  (91b)
Xk+1—./\/lk,k+1 (Xk79) 7]CZO,...,JV—l7 (910)

N N-—1
0 = (rk (%k,0))5 + (X0)g ~ Ao+ D MLy Ak - (91d)
k=0 k=0

The set of equations in represent the first order optimality conditions for
the inverse problem with discrete time models.
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D Finite dimensional methodology

D.1 The exact inverse problem
Consider the exact (“reference”) inverse problem

0* =arg min  J (x,60)
0

(92)
subject to c¢(x,0) =0.
The Lagrangian is given by
L=J-\-c. (93)
The KKT conditions for equation is given by
forward model: 0 = c¢(x,6), (94a)
adjoint model: 0 = J — AT -cy, (94b)
optimality: 0 = Jp— AT -cy. (94c)
It should be noted that the gradient of £ with respect to 8 is given by
V9£ = jg — /\T - Cq . (95)

We seek to minimize the function & (f) with the KKT conditions in equation
as the constraints. Hence we consider the following super-Lagrangian

£€:5—VT~c—(jx—)\T'Cx),u—(je—/\T'Ce)C- (96)

Taking the derivative of £f with respect to x, A, and # we obtain the following:

(£5) =& =" ex — 1T (Fox = AT - exx) (97)
T (Tox— AT ) |

(L) =Extuex +¢ ey, (97D)

(ﬁg)e =& —v'-co—p" - (Teo— AT - cxp) (97¢c)

=T (Joo— AT cop) -
Setting (55)/\ = 0, we obtain (€, = 0)
W= " (cfex™) (98)

From equations (97al) and and setting (ﬁg)x = 0, we obtain (x = 0)

vhcg = (T (eoer! (Txx — AT - exx) = (Jox — AT - cox)) e 'co. (99)
Substituting equations and in we obtain
59 = CT (CGTC;T (jx,x - >\T ° cx,x) - (ja,x - >\T . CQ,X)) C;ICQ (100)

—CMegex ™ (Teo — AT vexp)) + ¢ (T — AT Co,0) -
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Consider the Lagrangian of the reduced cost function
00) =T (x(6).0) = AO)" - c(x(0),0) . (101)
The reduced gradient reads
g = T —cgA+xg (T —ckXN) = (A] +x3 A\L) c. (102)
The reduced Hessian reads

loy = Too— A cop+ (Jox— A cox) xo—cj (Mg + Axxg) (103)
+Xg1 (jx,ﬂ - AT Cx,@) + Xg (jx,x - AT Cx,x) X9

—Xép cz (Mo + Ax Xp)

d
= (N7 5 %) (eo+ exxg) = 25 (A +x5 A7) e
= Joo—Ncop+ (Jox — AT Co.x) X0
+x5 (Txo — AT ex0) +%x§ (Tax — AT exx) Xo
— (cg +x4 cf) (Mg + AxXg)
— (N7 +x5 AL) (o +cxxo) — d% (AT +x5\T) c.

When the optimality conditions are satisfied we have that

_1C9.

c=0, cp+cxxp=0 = x9=—cg

Consequently the reduced Hessian ((103)) evaluated at the optimal solution reads
log = Too— N copo+ (Tox — A\ cox) Xo (104)
+Xép (jx,e - >\T Cx,@) + XeT (jx,x - >\T Cx,x) X9
= Joo— N cop— (Jox — AT Cox) cleo
—cj e (Txo — AT exp) +¢5 e’ (Txx — AT cxx) €' co.
Equation (100 can be written as the “Hessian linear system”
loo-C=EF.
Equation is the tangent linear model

,LL:—C;ICQ‘C & ex-pp=—cg - (.

Finally from (97a)) we have the second order adjoint model

Cz: V= (jx,x - )\T : Cx,x)T B — (je,x - )\T : Ca,x)T C
or

V= C;T (jx,x - >\T 'Cx,x)T C;l Co 'C_ C;T (‘7973‘ - /\T 'Cevx)T C
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Consider now the perturbed inverse problem

perturbed forward model: AF = c¢(x,0), (105a)
perturbed adjoint model: AA = J — AT -y, (105Db)
perturbed optimality: AO = Jp — AT -cq. (105¢)

where AF, AA, and AQO are the residuals in the forward, adjoint, and optimality
conditions, respectively. From we have the following error estimate:
AE ~ VI AF+ T AA+CTAO
= CT (CaT c;T (jx,x - >\T : Cx,x) - (ja,x - AT : CG,X)) C;1 A-/—"
+¢T (—cf cx T AA+ AO)

D.2 Perturbed finite dimensional inverse problem

Consider the perturbed inverse problem

~

0* =arg min  J (x,0) + AJ (x,0)
0

(106)
subject to ¢ (x,0) + Ac(x,0) =0.
The perturbed Lagrangian is given by
L=T+AT A" (c+Ac). (107)

For convenience we use the short notation
)

c:=c(x,0), E:zC(ﬁ,G) X =x + Ax, 5:6+A9, X= )+ A\

The KKT conditions for equation (107)) are

forward model: 0 =c+ Ac, (108a)
adjoint model: 0 = Jy + ATy — AT - (Gx + ACy) , (108b)
optimality: 0 = Jp+AJy — AT - (G + AC) . (108c)

Linearize (108) around the ideal optimal solution (94):

0 = c+Ac+(c+Ac), Ax+ (c+ Ac), Ad, (109a)
0 = (T+AT)x+ (T +AT)xx Ax+ (T + AT )x,0 A (109Db)
AT e — AT (e + Ac),
—AT - (c+ Ac), , Ax— AT (c+ Ac), 4 AF,
0 = (J+AT)e+(T+AT)ox Ax+ (T + AT )ge AO (109c¢)
AT cg = AT (e+Ac)y — AT (c+ Ac), . Ax
-\ (c+ Ac)y 4 A6
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Assumption: Ac, AJ, their first derivatives Acy, AJx, Acy, ATy, and their
second order derivatives Acx x, Acxg, ..., AJye are small (their norms are
bounded by ¢).

Then ignoring products of small terms in leads to

= c+Ac+cx Ax+cg Al (110a)

= (J+AT)x + Txx Ax + Tx,0 A0 (110b)
—ANT e — AT (c+ Ac), — AT Cxx AX — AT Cx,0 NG,

0 = (T+AT)e+ Tox Ax+ Tyo A (110c)

—AXNT-cg = AT (e Ac)y — AT e Ax — AT e g AF.

Using the ideal KKT conditions (94) and after rearranging terms the above
expressions (110) become

= Ac+cx Ax+cy Af (111a)
= AJI —cl.AN—Acl ) (111b)
+ (jx,x - )\T . Cx7x) Ax + (jx,e - )\T . Cx,@) Ae,
0 = AJ) —cj -AN—Ac] -\ (111c)
+ (Jox — AT -cox) Ax+ (Jo0 — AT - co) AD.
From (|111a)
Ax = —c;' Ac — c ' cp AG.
From ((111b})
AN = T AT —cT-Ack A —c T (Jxx — AT Cxx) Cx Ac
—C;T . (jxp( AT cx,x) clcy AD+ c;T . (jxﬂ AT Cx,g) Al
From
0 = AJf —Ac] - A—ch eyt AT +cfex” - Ack -\

+cg C;T . (jx7x —\T. cx,x) c;l Ac — (jgjx —\T. Ce,x) c;l Ac
+ch c;T . (jx7x —AT. cx7x) c;l cg AO — cg c;T . (jx,g —\T. cx79) AO

— (Jox — AT -cox) cxco NG+ (Jo,0 — AT Co0) A6
Using the reduced Hessian equation (104)) we have that

lo A0 = —(ATp— AT Acy)” +cfcx” - (AT — AT - Acy)”
—cj e (T — AT exx) ex P Ac+ (Jox — AT - cox) et Ac
= AO—-clc;T-AA
— (g " (T = AT v exx) = (Tox — AT -Cox) ) e ' AF

= B
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where the residuals in the three KKT equations are denoted by

AF = —Ac,

AA = — (AT AT Acx) |

AO = —(AJy—A\"-Acy) .
Solve

looC =6 = (T=E Ly,
Then

AERE - NI =E - Lyy-B=(T-B.

Therefore

AE =~ CT'AO—CT-CgC):T-A,A
(T (e exT (Tex — AT - exx) — (Jox — AT -cox) ) L AF

Use the tangent linear model
p=-c;lcop-( & cx-p=—cg-C
The error estimate becomes:

AE ~ (T AO+uT-AA
+ (,UT (jx,x -t Cx,x) + CT : (je,x —AT. Cg’x) ) C;1 AF

Using the second order adjoint model
T T
C;I: V= — (jx,x - )\T : cx,x) n— (je,x - /\T : CG,x) C
The error estimate becomes the familiar one:

AE =~ (T AO+pt - AA- VT AF.

D.3 Perturbed super-Lagrange parameters
Recall the ideal KKT conditions ((94))
forward model: 0 =c,

adjoint model: 0 =71 —cI A
optimality: 0 =J; —cy A,
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and linearize them about X, 0
0 = CT—CxAx—CypAb, (113a)
=TI~ Tax Ax— Ty A (113b)
— (@x — Cxx AX — Cxp AT (X - A)\)
= JT-eTx+el AN
- (jx,x 3T ex,x) Ax — (jx,g 3T ex,e) A9
+ANT Ty x Ax + AN 5 g AO,
0 = Ji —Tox Ax— Tyo A0 (113c¢)
(€ — Cpx Ax — Cpg AG)T (X— A/\)
= JF —elx+el Ax
- (\797,( 3T ce,x) Ax — (jg,e 3T 6979) Af
+AN Gy Ax 4+ AN Gy g AD.
Note that
Ae(x,0) = Z i ci(x,0)

d T c(x,0) dcl (x,0) T
Tj = Z)\ Z)\ (ex)ij = A" (cx): 5
(d/\Tc(x,H))T .
0 = Ccx A
dx
d (CZ /\)J N d (Cx)i,j o d Cz
dxy, - zi:/\z dx, zZ: dx] dxy, Z)\ Cocx)ij b

d (cx A)

T Ax = M\ Cxx AX = (Cxx AX)T A

Subtract the linearized ideal KKT conditions (113)) from the perturbed KKT
conditions ([108) to obtain

0 = Ac+cxAx+7cyAl, (114a)
0 = AJFL—AcTX-cT AN (114b)
(T = AT Sx ) Ax+ (Foco = AT 80 MG
0 = AJ) —ASFX—¢F Ax (114c)
+ (jgyx Y ce,x) Ax + (ﬁw = X'%0) A6.
Note the similarity of (114)) with (111). While in ) the functions are evalu-

ated at the exact optlmum in 1.’ hey are evaluated at the perturbed opti-
mum (which is the one we actually compute).
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By substitution we arrive at the following:

Ax = —¢;' (Ac+¢Al) (115a)

AN = &7 (ATT - aE)) (115D)
T (T~ AT ) T (ATHE A0)
187 (Fo — M xs) A0

0 = AJS - A (115¢)

—efe” (ATF - AeL))
o5 & (T — M ) T (AT +89 A0)
—ef 6" (Feo — o) A9
- (fe,x — Ee,x) ¢! (AT +Ch AB)
+(Too = X200 A0.

Consider the reduced perturbed Lagrangian

o~ A~ ~ o~ o~ ~ ~ o~

() = T (%(6).0) + AT (%(6). 6) = XB)" - (€(%(0),9) + Ac(x(6).0)) . (116)

Similar to the reduced perturbed Hessian evaluated at the perturbed op-

timal solution reads

Za,e = fe,e —AT co0 + Afe,e AT Acg g (117)
— (jg7x — AT Ce,x) (Cx + ACTy) ! (Cp + ACy)
— (Aj(%x -\ Ac(%x) (Cx + ACy) ! (€ + ATy)

(Co 4+ ACH)T (S + ACy) T (jx79 -\ ijg)

(€0 + ATH) " (€x + ACx) ™" (ATxo — AT Acx o)

+(Co + ACo) T (Cx + A%) T (Frx — AT exx) (Ex + ACx) ™" (€ + ATy)

+(Cp + ACy)T (T + ACy) T (AJX’X -\t Acx’x) (Cx + ACx) ! (€ + ATy).

Assume that ||ACx|| and ||ACy| are small. Neglecting products of small terms
we have that

(Cx + ACy) ' (Co + ATg) =~ (c! — ACy) (Cp + ACTy)
= A; Cy —1-6;1 Acy — AcCy Cy.
We also assume that ||ACx x|, ||ACx,6||, and ||ACy g|| are small.

With this approximation, and after neglecting products of small terms, the
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reduced perturbed Hessian (117 becomes

Ze,e = \79,0 —_% Co,6 (118)
+Aja,9 AT Acgp
—(Jox — AT cox) (€' Co + ' ATy — ATk Cp)

- (ATpx — AT Acyx) (¢ Cp)

(cx

(€x"Co)" (Adxp — AT Acxp)

+(Cx'€0) T (Fex — AT exx) (€ Co + T ' ATy — ATx Tp)
(
(

+ 6;169 +€;1 Aé\g - AEXEQ)T (jx,x - )\T Cx,x) (6;169)

+(etey)” (AJxx — AT Ack x) (€1 <).
After neglecting products of small terms
loo- 20 = (Joo—ATeoo) A0
— (jg,x — )\T C97x) (6;169) Af

—(6;1 EQ)T (jx’.g —\T Cx79) Af
+(@x1€0) 7 (Frex — AT cxx) (€51 Co)AW.

The last equation reads
0 = AFF - AT x—ele " (AJ;T —AeT X) (119)
el T (j;x T e,gx) lAe
- (j“@,x T ae,x) e lAe
yeleT (jx,x 3T ex,x) e Al
oo - M. (120)

The derivation follows identical to the unperturbed case.
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