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CHAPTER 1

Introduction to Data Assimilation

Data assimilation is the “art” of compromise... and has been defined in different
ways by different researchers : “interpolating fields for subsequent use as initial data
in a model integration” (Bennett, 2002); “statistical combination of observations
and short-range forecasts” (Kalnay, 2003); “using all the available information, to
define as accurate as possible the state” (Talagrand, 1997). From a statistical per-
spective DA can be see as fusing data (observations) with prior knowledge (e.g.,
physical laws; model output) to get an estimate of the (distribution of) the true
state of the physical system. This requires a statistical model for the observations
(data model; direct or indirect) and a (prior) statistical model for the system (pro-
cess model) which can be either a deterministic model (with additive errors) or a
long term history of observations (e.g., climatology).

1.1. Acknowledgements

These course notes have used, quite liberally, the excellent notes of my good
colleagues:

e Eric Blayo, Emmanuel Cosme and Maélle Nodet (U. of Grenoble, France).
e Alexandre Fournier (U. Paris VI, France).
e Marc Bocquet (ENPC, France).

However, I take full responsibility for the actual contents.

1.2. History

Data assimilation was introduced by the meteorologist Lewis Fry Richardson in
1922. He proposed to use a big hall full of humans working as computers, each one
performing elmentary computations... Starting in the 1950’s, numerical forecasts
with computers became feasible. The first weather forecasts derived this way used
barotropic (that means, single-vertical-level) models, and could successfully predict
the large-scale movement of midlatitude Rossby waves, that is, the pattern of at-
mospheric lows and highs. In the 1960’s, the chaotic nature of the atmosphere was
first observed and mathematically described by Edward Lorenz, founding the field
of chaos theory. These advances have led to the current use of ensemble forecasting
in most major forecasting centers, to take into account uncertainty arising from the
chaotic nature of the atmosphere. The variational approaches were introduced in
the 1980’s and the 4D-Var method, that is still used today, was introduced in the
early 2000’s.
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Climate models have been developed that feature a resolution comparable to
older weather prediction models. These climate models are used to investigate
long-term climate shifts, such as what effects might be caused by human emission
of greenhouse gases.

1.3. Standard notation

A standard set of notation has been proposed by Ide et al. in [9]. A discrete
model for the evolution of a physical (atmospheric, oceanic, etc.) system from time
ty to time ty 1 is described by an equation

(1.3.1) x"(tip1) = M [x" (), ]

where x is the model’s state vector if dimension n, and M is the corresponding
dynamics operator, usually obtained by finite difference or finite element discretiza-
tion. The error covariance matrix associated with x is given by P since the true
state will differ from the simulated state (1.3.1) by random or systematic errors.

Observations, or measurements, at time ty, are defined by

vy = Hi [x'(ti)] + ex,
where H is an observation operator and ¢ is a noise process. The observation
vector y§ = y°(tx) has dimension pi. A major problem of data assimilation is that
usually px < n. The noise process ¢ is assumed to have zero mean and covarinace
matrix R. It is made up of instrument errors and representation errors (due to the
discretization).

Subscripts are used to denote the discrete time index, the corresponding spatial
indices or the vector with respect to which an error covarinace matrix is defined.
Superscripts refer to the nature of the vectors/matrices in the data assimilation
process : “a” for analysis, “b” for background (or 'initial guess’), “f” for forecast, “o0”
for observation and “t” for the (unknown) true state.

1.4. Data assimilation methods

There are two major classes of methods:

(1) Statistical methods where we compute the best linear unbiased estimate
(BLUE) by algebraic computations using the Kalman filter.

(2) Variational methods where we explicitly minimize a cost function using
optimization methods.

They provide the same result in the linear case, which is the only context where
their optimality can be rigourously proved. They both have difficulties in dealing
with non-linearities and large problems. In addition, the error statistics that are
required by both, are in general poorly known.



CHAPTER 2

Statistical estimation and Sequential DA

2.1. Statistical estimation theory

Practical inverse problems and data assimilation problems involve measured
data. These data are inexact and are mixed with random noise. Statistical models
can provide rigorous, effective means for dealing with this measurement error.

2.1.1. Preliminary definitions and notation. In statistical modeling, the
concepts of sample space, probability and random variable play key roles. A sample
space S is the set of all possible outcomes of a random, unpredictable experiment.
Probability provides a means for quantifying how likely it is for an outcome to take
place. Random variables assign numerical values to outcomes in the sample space.
Once this has been done, we can systematically work with notions such as average
value, or mean, or variability.

It is customary in mathematical statistics to use capital letters to denote ran-
dom variables (r.v.) and correpsponding lowercase letters to denote values taken
by the r.v. in its range. If X : § — R is a r.v., then for any x € R, by {X < x} we
mean {s € S| X(s) < x}.

DEFINITION 1. A probability space (S,B,P) consists of a set S called the
sample space, a collection B of (Borel) subsets of S and a probability function
P : B — R, for which

hd P(Q) =0,
e P(S§)=1and
o P (U; Si) = 2_; P (Sy) for any disjoint, countable collection of sets S; € B.

A random wvariable X is a measurable function X : S — R. Associated with the
r.v. X is its distribution function,

Fx(x) =P{X<x}, xeR.
The distribution function is non-decreasing, right continuous and satisfies

lim Fx(x) =0, lim Fx(x)=1.
X——00 X—+0o0

DEFINITION 2. A random variable X is called discrete if there exist countable
sets {xi} C R and {pi} C R, for which

pi=P{X=xi}>0

Zpi:]-

6

for each 1, and
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In this case, the probability density function for X is the real-valued function with
discrete support

) pi fx=xy i=1,2,...
X =
PX 0 otherwise.

The xi’s are the points of discontinuity of the distribution function,

Fx(x) = > px(x).

{ilxi<x}

DEeFINITION 3. A random variable X is called continuous if its distribution
function Fx is absolutely continuous. In this case,

F(x) = J " px(w du

and the derivative,
(x) = dFx
PxIx) = ax

is called the probability density function for X.

DEFINITION 4. The mean, or expected wvalue, of a r.v. X is given by the
Riemann-Stieltjes integral

oo

E(X) = J x dFx(x).

—00

If X is a continuous random variable, then
dFx(x) = px(x) dx
and in the discrete case,
dFx (x) = px(xi)d(x —xi).
In the latter case,

E(X) = Z xipx(xi).

The ezpectation operator, E, is a linear operator.

DEFINITION 5. The varitance of a r.v. X is given by
o = E[(X—w)?] = E(X?) — (E(X))*,

where
w=E(X).

DEFINITION 6. Two random variables, X and Y, are jointly distributed if they
are both defined on the same probability space (S, 5,P).
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DerFINITION 7. A random vector, X = (X7,X2,...,Xy), is a mapping from
S into R™ for which all the components X; are jointly distributed. The joint
distribution function of X is given by

FX(X):P{XlSXH-'-)XnSXn}» X:(Xh'-wxn)eRn'

The components X; are independent if the joint distribution function is the product
of the distribution functions of the components,

Fx(x) = [ [ Fx.(xi).
i1

DEFINITION 8. A random vector X is continuous with joint probability den-
sity function px if

Fx(x) = r] ---r] px(u) dug...du,.

—00 —00

DEFINITION 9. The mean, or expected value, of a random vector X = (X1, X2,...,Xn),
is the n-vector E(X) with components

[E(X)]; =E(Xy), i=T1,...,m.
The covariance of X is the n x n matrix cov(X) with components
[cov(X)]; = E[(X: — m)(X; — )l =03, 1<i,j<m,
where
w = E(X).

2.1.2. Gaussian distributions. A continuousrandom vector, X has a Gauss-
ian distribution if its joint probability density function has the form

(i D) =~ e (3l )
where x,u € R™, £ is an n X n symmetric positive definite matrix. The mean is
given by
E(X)=p
and the covariance matrix
cov(X) = Z.

These two parameters completely characterize the distribution and we indicate this
situation by

X~ N(w, X).

Note, that in the scalar case, we have the familiar “bell curve”

e (x—1)2/(20%)

X; U, 0) =
p(x; 1, 0) 5
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2.1.3. Maximum likelihood estimation (MLE). Suppose a random vec-
tor X has a joint probability density function px(x;0), where 0 is an unknown
parameter vector that we would like to estimate. Suppose also, that we have a
data vector d = (dy,...,dn), a given realization of X (an outcome of a random
experiment).

DEFINITION 10. A maximum likelihood estimator for © given d, is a parameter
vector © that maximizes the likelihood function,

L(8) = px(x;0),

which is the joint p.d.f. considered as a function of 8. The MLE is also a maximizer
of the log-likelihood function,

1(0) = log px(x;0).

2.1.4. Bayesian estimation. We first discuss conditional probability and
conditional expectation. Let X = (X7,X2,...,Xn), and Y = (Y1,Y2,...,Yy) be
jointly distributed discrete random vectors. Then (X,Y) is also a discrete random
vector.

DerINITION 11. The joint probability density function for (X,Y) is given by
p(X,Y](X)y) :P{X:X) Y:y}) (X)Y) € R™ x R™.
The marginal probability density function of X is then defined as

(2.1.1) px(x) = Z Px,v)(xYy), xeR"
P{Y=y}>0

The conditional probability density function for Y given X = x is then defined
as

P(x,Y) (x,y)

(2.1.2) Poyix) (¥ [ x) = —

where the denominator is nonzero.

REMARK 12. If X and Y are independent random vectors, then the conditional
density function of Y given X = x does not depend on x and it satisfies

(2.1.3) Pyix) (¥ [x) =py(y).

DEFINITION 13. Let ¢ : R™ — R* be a measurable mapping. The conditional
expectation of ¢(Y) given X = x is

(2.1.4) E@Y)IX=x)= )Y ¢oypyx(ylx), xecR".
P{Y=y}>0
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REMARK 14. For continuous random vectors X and Y, we can define the
analogous concepts by replacing the summations in (2.1.1)-(2.1.4) with appropriate
integrals.

o0

Px(x) :J Px,v)(xy) dFy(y),

EBY) X =x) = | 0(3)prvix)(y %) dFy ().
We are now ready to state Bayes’ Law that relates the conditional random
vector Xl|y_, to the inverse conditional random vector, Y|x_, .
THEOREM 15. Let X and Y be jointly distributed random vectors. Then

p(Y\X)(y | x)px(x)
Py (y) '

(2.1.5) Pxy)(x1y) =

DEFINITION 16. In the context of Bayes’ Law (2.1.5), suppose that X represents
the variable of interest and that Y represents an observable (measured) quantity
that depends on X. Then:

e px(x) is called the a prior: probability density function, or the prior,
® Pryx)(y | x) is called the a posteriori probability density function,
e the denominator, py(y), can be considered as a normalization factor.

2.1.5. Linear least squares estimation (LLSE): Best linear unbiased
estimation (BLUE), Minimum variance linear estimation (MVLE). Let
X = (X1,X2y...,Xn) and Z = (Z1,Z5,...,Z,) be jointly distributed, real-valued
random vectors with finite expected squared components,

E(X{)<oo, i=T1,...,n, E(Z)<oo, j=1,...,m

DEeFINITION 17. The cross-correlation matrix for X and Z is the n x m matrix
I'xz = E(XZ") with entries

[FXZ]U.:E(XiZ]-), i:1,...,n,j:1,...,m.
The autocorrelation matrix for X is N'xx = E(XX") with entries

Mxxly; = E(XiX;), 1T<i,j<n.

REMARK 18. Note that I'zx = F)T(Z and that I'xx is symmetric and positive
semi-definite. Also, if E(X) = 0, then the auto-correlation reduces to the covariance,
'xx = cov(X).

We can relate the trace of the autocorrelation matrix to the second moment of

the random vector X.

PRropPoOsITION 19. If a random vector X has finite expected squared compo-
nents, then
E (HX||2) — trace(Ixx).
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For the BLUE, we consider a linear model,
Z =Kx + N,

where K is an m x n matrix, x € R™ is deterministic and N is a random (noise)
n-vector with
E(N) =0, Cn =cov(N)

and Cyis a known, non-singular, n X n covariance matrix.

DEFINITION 20. The best linear unbiased estimator for x from Z is the vector
XBLUE that minimizes the quadratic cost function

2
JR) =E (& —x])
subject to the constraints of linearity
X =BZ, BeR™™,

and unbiasedness

E(X) =x.

In the case of a full rank matrix K, the Gauss-Markov Theorem gives us an
explicit form for the BLUE.

THEOREM 21. If K has full rank, then the best linear unbiased estimator s
gwen by
XL = BZ,
where
B=(KTCy'K) 'KTCy

REMARK 22. If the noise covariance matrix Cn = 021 (white, uncorrelated
noise) and K has full rank, then

XpLuE = (KTK)i1 K'Z = K'Z.
This corresponds, in the deterministic case, to the least squares problem

min ||Kx — z|| .
X

Due to the dependence of the BLUE on the inverse of the noise covariance
matrix, it is unsuitable for the solution of noisy, ill-conditioned linear systems. To
remedy this situation, we assume that x is a realization of a random vector X and
we formulate a linear least-squares analogue of Bayesian estimation.

DEFINITION 23. Suppose that X and Z are jointly distributed, random vectors
with finite expected squares. The minimum variance linear estimator of X from
Z is given by

Xuves = BZ,
where
B=arg min E (||BZ — X||2> .
BERnxm
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PROPOSITION 24. If I'zz is non-singular, then the MVLE of X from Z 1is
gwen by

Xmvie = (TxzTz7) Z.
2.1.6. Summary. The two important formulas from this section, that should
be particularly recalled, are the following.

(1) Bayes’ theorem:

1 Py [p0x)
(2.1.6) plx|y) = PR,
(2) The marginalization rule:
(2.1.7) ply) = [ pxy) dx = [ ply [ pix) dx

where

e p(y | x) is the measurement model (or likelihood),
e p(x) is the prior distribution,
e p(y) is the marginal distribution (or evidence.)

2.2. Sequential Data Assimilation and Kalman filters

Within the significant toolbox of mathematical tools that can be used for statis-
tical estimation from noisy sensor measurements, one of the most well-known and
often-used tools is the Kalman filter. The Kalman filter is named after Rudolph E.
Kalman, who in 1960 published his famous paper describing a recursive solution to
the discrete-data linear filtering problem (Kalman 1960). A very “friendly” intro-
duction to the general idea of the Kalman filter is offered in Chapter 1 of (Maybeck
1979)—which we have included in this course pack.

We now consider a dynamical system that evolves in time and we seek to esti-
mate a series of true states, x| (a sequence of random vectors) where discrete time
is indexed by the letter k. These times are those when the observations or measure-
ments are taken see Figure 2.2.1. The assimilation starts with an unconstrained
model trajectory from to, tq,...,tx_1,tx,...,tn and aims to provide an optimal fit
to the available observations/measurements given their uncertainties (error bars).
In current weather forecasts, ty —tx_1 = 6 hours.

2.2.1. Bayesian modeling. Let us recall the principles of Bayesian mod-
eling from the previous section on statistical estimation and write them in the
terminology of the assimilation problem. We have a vector X of (unknown) unob-
served quantities of interest (temperature, presssure, wind, etc.) and a vector Y of
(known) observed data (at various locations, and at various times). The full, joint
probability model can always be factored into components:

p(xy) = plylx)px)
= pxly)ply)
and thus
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% : observation y’

I: observation error e’(R)

e—eo: Model trajectory

FIGURE 2.2.1. Sequential assimilation.(Credit: A. Fournier)

(y [ x)p(x)
plx|y) = Y XPH
ply)

provided that p(y) # 0.

The Kalman filter can be rigourously derived from this Bayesian perspective.

2.2.2. Stochastic model of the system. We seek to estimate the state
x € R™ of a discrete-time dynamic process that is governed by the linear stochastic
difference equation
X1 = Mic1 [xi] + wy
with a measurement/observation y € R™

yx = Hi [xi] + v
The random vectors, wy and vy, represent the process/modeling and measure-
ment/observation errors respectively. They are assumed to be independent, white
and with Gaussian/normal probability distributions

wi ~ N(0,Q)
Vk o~ N(O) R),
where Q and R are the covariance matrices (supposed known).

2.2.3. Sequential assimilation scheme. The typical assimilation scheme is
made up of two major steps: a prediction/forecast step and a correction/analysis
step. At time tx we have the result of a previous forecast, xi, (the analogue of the
baclground state xﬁ) and the result of an ensemble of observations in yy. Based
on these two vectors, we perform an analysis that produces x;. We then use the
evolution model to obtain a prediction of the state at time ty . ;. The result of the
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A

K k+1 k+2 k+3

FIGURE 2.2.2. Sequential assimilation scheme for the Kalman fil-
ter. (Credit: M. Bocquet)

forecast is denoted x]f< 41, and becomes the bakground (or initial guess) for the next
time-step. This process is summarized in Figure 2.2.2.

We can now define forecast (a priori) and analysis (a posterior:i) estimate
€rrors as

e = X —xi
a . a t
€x = XX

with their respective error covariance matrices

Pl = cov(el)=E[el(el)"]
(2.2.1) Py = cov(ef)=E [ei(ei)T] .
The goal of the Kalman filter is to compute an optimal a posterior: estimate x3
that is a linear combination of an a prior: estimate xi and a weighted difference
between the actual measurement yy and the measurement prediction Hy [x£ | . This
is none other than the BLUE that we have seen above. The filter is thus of the
form

(2.2.2) x% = xi + Ky (yx — Hiexd) .

The difference (yx — Hxk) is called the innovation and reflects the discrepancy
between the the actual and the predicted measurements at time ty. Note that for
generality, the matrices are shown with a time-dependence. Often this is not the
case, and the subscripts k can then be dropped. The Kalman gain matrix, K,
is chosen to minimize the a posterior: error covariance equation (2.2.1). This is
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straightforward to compute: substitute (2.2.2) into the definition of e}, then substi-
tute in the error covariance equation (2.2.1) performing the indicated expectations,
take the derivative of the trace of the result with respect to K, set the result equal
to zero, and finally solve for the optimal gain K. The resulting K that minimizes
equation (2.2.1) is given by (there are various possible forms...)

Ki = PEHT (HPEHT +R) '
Looking at this equation, we see that as the measurement error covariaace R ap-
proaches zero, the gain K weights the innovation more heavily, since

lim K, = H™ .
Roh K

On the other hand, as the a prior: error estimate covariance P]i approaches zero,
the gain K weights the innovation less heavily, and

lim Kyg =0.

Pf—0
Another way of thinking about the weighting of K is that as the measurement error
covariance R approaches zero, the actual measurement yy is “trusted” more and
more, while the predicted measurement Hyx! is trusted less and less. On the other
hand, as the a prior: error estimate covariance Pi approaches zero, the actual
mesurement yy is trusted less and less, while the predicted measurement Hkxf< is
trusted more and more - see the computational example below.

2.2.3.1. Predictor/forecast step. We start from a previous analyzed state, x3,

or from the initial state if k = 0, characterized by the Gaussian p.d.f. p(x% | y9.,) of
mean x2 and covariance matrix PZ. An estimate of xt, 41 is given by the dynamical
model which defines the forecast:

(2.2.3) xt 1 = Mg X
(2.2.4) Pirr = MisiPEME + Quar.

2.2.3.2. Corrector/analysts step. At time ty1,the pdfp(fo+1 | ¥9.) is known
thanks to the mean x{ _ ; and covariance matrix P{_ ; as well as the assumption of a
Gaussian distribution. The analysis step then consistes of correcting this pdf using

the observation available at time ti 1 in order to compute p(x},; | y9..)-This
comes from the BLUE in the dyanmical context:

-1
(2.2.5) Kier = PLyHT (HPL  HT +Riy)
(2.2.6) Xir = Xiepr + Kien (Yie1 *Hxiﬂ)»
(2.2.7) P o= (=K H) P,

The predictor-corrector loop is illustrated in Figure 2.2.3.

2.2.4. Note on relation between Bayes and BLUE. If we know that the
a priort and the observation data are both Gaussian, Bayes’ rule can be applied
to compute the a posterior: pdf. The a posteriori pdf is then Gaussian, and
its parameters are given by the BLUE equations. Hence with Gaussian pdf’s and
a linear observation operator, there is no need to use Bayes’ rule. The BLUE
equations can be used instead to compute the parameters of the resulting pdf.
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/—\ Measurement Update (“Correct”))

[Time Update (“Predict”) ) (1) Compute the Kalman gain
(1) Project the state ahead Ky = PL HY(HPf  HT + R)~!
xXh, = Mx3 (2) Update estimate with measurement
(2) Project the error covariance ahead X1 = Xh 1+ Ky (Yeer — Hxb o)
P 41 =MPEMT +Q (3) Update the error covariance

\/ P}?+1 ] (I ) Kk+1H)P}£+1

Initialization ]

Initial estimates for x} and P}

FIicUurE 2.2.3. Kalman filter loop.

Since the BLUE provides the same result as Bayes’ rule, it is the best estimator of

all.

In addition (see the next Chapter) one can recognize the 3D-Var cost function.
By minimizing this cost function, 3D-Var finds the MAP estimate of the Gaussian
pdf, which is equivalent to the MV estimate found by the BLUE.

2.2.5. Implementation of the Kalman filter. We describe three important
implementation issues and discuss ways to overcome the difficulties that they give

rise to.

(1)

Definition of covariance matrices and filter divergence. If the a
priort statistical information is not well specified, the filter might under-
estimate the variances of the state errors, e}. Too much confidence is put
on the state estimation and too little confidence is put on the information
contained in the observations. The effect of the analysis is minimized, and
the gain becomes too small. In the most extreme case, observations are
simply rejected. This is a filter divergence. Very often filter divergence
is easy to diagnose: state error variances are small, and the time sequence
of innovations is biased. The main rule to follow, to avoid this, is not to
underestimate model errors. If possible, it is better to use an adaptive
scheme to tune them on-the-fly.

Size and optimal interpolation. The straightforward application of
the Kalman filter implies the “propagation” of an n x n sized covariance
matrix at each time step. This can result in a very large size problem
(computations and storage). If the computational cost of propagating
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P%,; is an issue, we can use a frozen covariance matriz,
a—Ppb k=1,...,n

This defines a class of methods known as optimal interpolation (OI). Un-
der this simplifying hypothesis, the two-step assimilation cycle defined
above becomes,

(a) Forecast:

X1 = Mg [x§]
Plf<+1 = P~
(b) Analysis:
Kii1 = PPHT (HPPHT + R pq) ',
Xgy1 = Xf<+1 + Kt (Yk+1 - Hxi_,_]),
a _ Pb
k1 = P

There are at least two ways to compute the static covariance matrix
PP. The first is an analytical formulation,

Pb — D]/ZCD]/Z)

where Dis a diagonal matrix of variances and C is a correlation matrix
that can be defined, for example, as

3

where a is a tunable parameter and h is the grid size. The second
approach uses an ensemble of N, snapshots of the state vector taken
from a model free run, out of which we compute the first and second
statistical moments as follows

Ne
b 1
A v L
€ 1=1

1
Cy = <1 + ah + azhz) e oM,

N
P X b )’
The static approach is more suited to successive assimilation cycles
that are separated by a long enough time delay so that the corre-
sponding dynamical states are sufficiently decorrelated.

(3) Evolution of the state error covariance matrix. In principle, equa-
tion (2.9) generates a symmetric matrix. In practice, this may not be the
case and numerical truncation errors may lead to an asymmetric covari-
ance matrix and a subsequent collapse of the filter. A remedy is to add
an extra step to enforce symmetry, such as

1

P1f<+1 = 2 (Plf<+1 + (Plf<+1 )T> ’

or a square root decomposition.
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2.2.6. Nonlinearities and extensions of the Kalman filter.

e extended Kalman filter
e ensemble Kalman filter
e others: unscented Kalman filter, particle methods

In real life problems, we are most often confronted with either a nonlinear process
and/or a nonlinear measurement operator. To deal with these nonlinearities, one
approach is to linearize about the current mean and covariance, which is called the
extended Kalman filter (EKF).

As previously mentioned, the Kalman filter is only optimal in the case of Gauss-
ian statistics and linear operators, in which case the first two moments (the mean
and the covariances) suffice to describe the pdf entering the estimation problem.
Practitioners report that the linearized extension to nonlinear problems, the EKF,
only works for moderate deviations from linearity and Gaussianity. The ensemble
Kalman filter (Evensen, 1994, 2009) is a method which has been designed to deal
with strong nonlinearities and non-Gaussian statistics, whereby the pdf is described
by an ensemble of N, time-dependent states, xi .

What happens if the models are nonlinear and the pdf’s are non Gaussian? The
Kalman filter and its extensions are no longer optimal and, more importantly, can
easily fail the estimation process. Another approach must be used. A promising
candidate is the particle filter. The particle filter works sequentially in the spirit
of the Kalman filter, but unlike the latter, it handles an ensemble of states (the
particles) whose distribution approximates the pdf of the true state. Bayes’ rule
(2.1.6) and the marginalization formula (2.1.7) are explicitly used in the estimation
process. The linear and Gaussian hypotheses can then be ruled out, in theory. In
practice though, the particle filter cannot yet be applied to very high dimensional
systems (this is often referred to as “the curse of dimensionality”).

For further deatils of these extensions, the reader should consult the references.

2.2.7. Example: estimation of a random constant. In this simple ex-
ample let us attempt to estimate a scalar random constant, a voltage for example.
Let’s assume that we have the ability to take measurements of the constant, but
that the measurements are corrupted by a 0.1 volt RMS white measurement noise
(e.g. our analog to digital converter is not very accurate). In this example, our
process is governed by the state equation,

Xk = Mxy_1 + Wy = Xi—1 + Wi
and the measurement equation,
Yk = Hxg +vie = x + vi.

The state does not change from step to step soM = 1. Our noisy measurement is
of the state directly so H =1.
The time-update (forecast) equations are,

f _ a
Xk+1 = Xy

f _ a
Pryr = Pg+Q
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and the measurement update (analysis) equations are

Kik1 = PL(Plq +R)7,

a _ f K _ f
Xer1 = X1+ K1 (Y —Xgep1),
P1[<1+1 = (1 —Kk+1)P1f<+1-

2.2.7.1. Initialization. Presuming a very small process variance, we let Q =
1.e — 5. (We could certainly let Q = 0 but assuming a small but non-zero value
gives us more flexibility in “tuning” the filter as we will demonstrate below.) Let’s
assume that from experience we know that the true value of the random constant
has a standard Gaussian probability distribution, so we will “seed” our filter with
the guess that the constant is 0. In other words, before starting we let xo = 0.
Similarly we need to choose an initial value for Py, call it Py. If we were absolutely
certain that our initial state estimate was correct, we would let Po = 0 . However
given the uncertainty in our initial estimate x(, choosing Py = 0 would cause the
filter to initially and always believe that x; = 0. As it turns out, the alternative
choice is not critical. We could choose almost any Py # O and the filter would
eventually converge. We'll start our filter with Py = 1.

2.2.7.2. Stmulations. To begin with, we randomly chose a scalar constant y =
—0.37727. We then simulated 100 distinct measurements that had error normally
distributed around zero with a standard deviation of 0.1 (remember we presumed
that the measurements are corrupted by a 0.1 volt RMS white measurement noise).

In the first simulation we fixed the measurement variance at R = (0.1)% = 0.01.
Because this is the “true” measurement error variance, we would expect the “best”
performance in terms of balancing responsiveness and estimate variance. This will
become more evident in the second and third simulations. Figure 2.2.4 depicts the
results of this first simulation. The true value of the random constant x = —0.37727
is given by the solid green line, the noisy measurements by the red dots and the
filter estimate by the remaining blue curve.

In Figure 2.2.5 and Figure 2.2.6 below we can see what happens when R is
increased or decreased by a factor of 100 respectively. In Figure 2.2.5 the filter
was told that the measurement variance was 100 times greater (i.e. R = 1) so it
was “slower” to believe the measurements. In Figure 2.2.6 the filter was told that
the measurement variance was 100 times smaller (i.e. R = 0.0001 ) so it was very
“quick” to believe the noisy measurements. While the estimation of a constant
is relatively straight-forward, it clearly demonstrates the workings of the Kalman
filter. In Figure 2.2.5 in particular the Kalman “filtering” is evident as the estimate
appears considerably smoother than the noisy measurements.

Here is the MALAB code used to perform the simulations.

% SCALAR EXAMPLE (estimate a constant):

h

% Define the system as a constant of -0.37727 volts:
clear s

s.x = -0.37727;

s.A =1;
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Estimating a constant
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FIGURE 2.2.4. Estimating a constant - simulation with R = 0.01.

Estimating a constant, R=1
151 :

ol
'« : /‘\;,\\;/',/\"/\\/‘AAT./—\A\‘N\/_;,,\;,,‘,L\,
-0.57\/{ T T

-1F .
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FIGURE 2.2.5. Estimating a constant - simulation with R = 1.

% Define a process noise (stdev):

s.Q = 0.00001; % variance, hence stdev~2

% Define the voltmeter to measure the voltage itself:
s.H=1;

% Define a measurement error (stdev):

s.R = 0.172; % variance, hence stdev~2

20
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Estimating a constant, R=0.001
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FIGURE 2.2.6. Estimating a constant - simulation with R =
0.0001.

RR = 0.01;
% Do not define any system input (control) functions:
s.B=0; s.u = 0;
% Specify an initial state:
s.x = -0.37727;
s.P =1;
% Generate random voltages and watch the filter operate.
tru=[1; % true voltage
for t=1:100
tru(end+1) = -0.37727;
s(end) .z = tru(end) + RR*randn; % create a measurement
s(end+1)=kalmanf (s(end)); % perform a Kalman filter iteration
end
figure, hold on, grid on
% plot measurement data:
hz=plot([s(l:end-1).z],’r.’);
% plot a-posteriori state estimates:
hk=plot ([s(2:end) .x],’b-’); ht=plot(tru,’g-’);
legend([hz hk ht],’observations’,’Kalman output’,’true voltage’,0)
title(’Estimating a constant’)
hold off



CHAPTER 3

Optimal control and variational data assimilation

3.1. Introduction

Unlike sequential assimilation (which emanates from estimation theory), vari-
ational assimilation is based on optimal control theory. The analyzed state is not
defined as the one that maximizes a certain pdf, but as the one that minimaizes
a cost functional. The minimization requires numerical optimization techniques.
These techniques all rely on the gradient of the cost function and this gradient
will be obtained here with the aid of adjoint methods.

3.2. Optimization

3.2.1. Definitions and notation. Let V be a vector space and U a non-
empty subset of V. Let ] : V — R. We want to solve the following problem.

ProBLEM 25. Find u € U such that
Jlu) = gél{lll(v}-

Notation:
e ] is called the “criterion”, “functional”, “cost function”;
e U is the space of admissible solutions, or the “control space”;
e if U = V the problem is unconstrained, if U # V then the problem is

constrained.
3.2.1.1. Basic definitions. We will use Hilbert spaces throughout, with the
standard 12 scalar product and norm. Now let f : E — R, where E is not

necessarily of finnite dimension. We then have the following defintions of extremal
points of f.

DEFINITION 26. We say that x* is a global minimum of f if

f(x*) < f(x), Vxe€E.

DEerINITION 27. We say that x* is a local mintmum of f if there exists a
neighbourhood V of x* such that

f(x*) < f(x), VxeV

DEFINITION 28. The set F is convez if
Vx1,x2 €K, Voo e [0,1] : ax;+(1—a)xy €F

22
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DerINITION 29. The function f is convez if E is convex and if
Vx1,x2 € F, Voo € [0,1] @ f(oxg + (1 — a)x2) < af(x1) + (1 — x)f(x2).
We say that f is strictly convez if
Vx1,%2 € F, Voo e [0,1] :+ f(oxg + (1 — a)xz) < af(xq) + (1 — o) f(x2).

3.2.1.2. Darectional and Gdteauz derivatives. Directional derivatives are gen-
eralizations of partial derivatives and measure the rate of change of a function in
an arbitrary direction (the partial derivative is always in one of the coordinate di-
rections). The Gateaux derivative generalizes the directional derivative to infinite
dimensional spaces. These generalized derivatives are very important for optimiza-
tion and data assimilation problems.

DerFINITION 30. Let f : E — R. Then the Gdteauzr derivative or directional

derivative of f at the point x in the direction d € E is the limit
f(x + ad) — f(x) d

lim —————— = — f(x + «d)|

50 x de «=0

if it exists. This directional derivative will denoted as g—fl(x) or fj(x) or Vf-d or
fx)[d], or df(x, d).

ExAMPLE 31. An important example concerns the Gateaux derivative of a cost
function. Suppose that X € L2(Q) where Q C R" is a bounded, measurable set.
The functional ] : X — R given by

uw:LfmmmX

where F is a real-valued function with F/ = f and u is defined on Q, has the Gateaux
derivative

Tl = (f(w),¥),

where (-,-) is the L? inner product, since

Jut o) —Jw) 1(J
X \Ja

]

1
«
1
= J Jf(u—i—soab)dsdx
alo

Fu+ oap)dx — J

o

F(u)dx)

'd
J F(u—i—soab)dsdx)
0 ds

and letting o« — 0, gives

As an application of this result, consider the observation functional

1

]ObS(K) _ 5 JQ (u _ uobs)z



3.2. OPTIMIZATION 24

where u depends indirectly on the parameters K. We compute the Gateaux deriv-
ative

J(K+ ak) —J(K)

JK)IK = lim "
= J (uw—u°™)
Q
where
L= Jjm SKtek T UK

x—0 o4
Note that in practice, the computation of the directional derivative can be done by
finite increments. We thus calculate
f(x + ad) — f(x)
108

T(a) =
for smaller and smaller values of « until we obtain numerical convergence.

In mathematics, the Fréchet derivative is a derivative defined on Banach
spaces. It is commonly used to formalize the concept of the functional deriva-
tive used widely in the calculus of variations. Intuitively, it generalizes the idea of
linear approximation from functions of one variable to functions on Banach spaces.
The Fréchet derivative should be contrasted to the more general Gateaux derivative
which is a generalization of the classical directional derivative, as we saw above.
The Fréchet derivative has applications throughout mathematical analysis, and in
particular to the calculus of variations and much of nonlinear analysis and nonlin-
ear functional analysis. It has applications to nonlinear problems throughout the
sciences.

DEFINITION 32. Let E be a Hilbert space. We say that f is Fréchet differentiable
at x if there exists a p € E such that

f(x + h) =f(x) + (p,h) + o(h), VheE.

We then say that p is the derivative, the differential, or the gradient of f at x
and we denote it as f/(x) or Vf(x). Note that in higher dimensions, the gradient
becomes the Jacobian matriz.

3.2.2. Unconstrained optimization.
3.2.2.1. Ezistence in finite dimension. Let f : E — R with E C R™ a closed,
non-empty set and suppose that f is continuous.

THEOREM 33. Suppose that lim |00 f(X) = +00, then there exists at least
one minimum of f in E. If E is a convexr set of R™ and if f is strictly con-
vex on E then there exists at most one mintmum of f in E. If in addition,
lim||x||—o0 f(X) = +o00, then ere ezists a unique minimum of f in E.

3.2.2.2. Ezistence wn infinite dimension.

THEOREM 34. Letf : E— R with E a closed, non-empty, convex part of a
Hilbert space. Suppose that f is convez, continuous and that lim|y| o f(X) =
+00. Then here ezxists at least one minimum of f in E.
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3.2.2.3. Optimality conditions. The first condition is a necessary condition
for optimality, also known as the Euler equation.

THEOREM 35. Let f : E — R with E a convex part of a Hilbert space.
Suppose that x* is an wnterior point of E and that there ezxists a bounded
subset QO such that x* € Q C E. If f s differentiable at x*, then the fact that
x* 15 a local minimum of f implies that Vf(x*) = 0.

If we add the convexity condition, we obtain a necesssary and sufficient condi-
tion.

THEOREM 36. Let f : E — R with E a convex part of a Hilbert space.
Suppose that x* is an interior point of E and that there exists a bounded
subset QO such that x* € Q C E. If f s convexr on E and differentiable at x*,
then x* 1s a local minimum of f if and only if Vf(x*) = 0.

3.2.3. Minimization of a quadratic functional in finite dimension. We
begin by defining a generalization of the inverse for rectanglar matrices, that for
invertible matrices reduces to the standard inverse.

DEFINITION 37. Let M be an m x n matrix. The pseudo-inverse (Moore-
Penrose inverse) of M is a matrix denoted M that satisfies
(3.2.1)

MMIM =M, MMM =M, (MMDT=MM!, (MIM)" =MiMm.

THEOREM 38. Let M be an m x n matrixz. If M 1s of rank n, then
ME=(M™™M) ' MT.

ProorF. It suffices to verify the relations (3.2.1). O

Now let us consider the minimization of a quadratic functional.

THEOREM 39. Consider the following quadratic functional

J6) = 3 IMx— bl

for x € R™ where M 1s an m X n matriz of rank n and b € R™. The solution
of the minimization problem 25 is given by

x* = MTb.
PROOF. We expand the norm:

IMx—b|? = (Mx—1b)" (Mx—Db)
= x"M™Mx—b"™Mx—x"M"b+b'b
= x"™™M™Mx—2b"Mx +b"b.
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Now compute the directional derivative by a finite increment,

Jix 4 adx) —J(x) = % [(x + adx) "TMTM(x + adx) — 2b"M(x + adx) + b'b
—x"M"Mx +2b"Mx —b'b]
% (xTMTMx + x"MTMéx — 2b"Méx) + O(a?)
= a(x"M"Méx — b"Méx) + O(a?).

Thus

b

o JOc+ ) — J(x)
x—0 [0 8
and the gradient is, by definition,

V](x) =M"™Mx —MTb.
Finally, setting the gradient equal to zero, we obtain

Vi) =0 < x=(M"M)"' M"b=M'b.

=(x"™M'™ —=b"™™M) ox = (M"Mx — M'b, 6x)

O

3.2.3.1. Relation with variational data assimilation. We apply the above
results to the minimization of the weighted functional
1 2 1 T
Ji(x) = 3 [Mx — bl = 3 (Mx—b)" N (Mx —b),
for x € R™, where M is an m x n matrix of rank n, b € R™ and N is a symmetric
positive-definite matrix. Then it is quite easy to see that the minimum of J; is
attained for
x* = (MTNM) ' MTNb.
We have just solved the following data assimilation problem.

PrOBLEM 40. Let H be a linear observation operator, of rank n. We want to
find x* such that
J°(x*) = minJ°(x) = min |[Hx —y|*.
X X

Note that the rank hypothesis on H implies that n < m and we have more
observations (y) than unknowns to estimate (x). Now, with the previous notation,
1 _
J°(x) = 5 (Hx—y) R (Hx —y)
and :
x* = (H'R"'H)  H'R 'y,
where R is the observation error covariance matrix.

In the same way, we can consider a cost function with a background term (see
below),
Jx) = JP0) +J°(x)
_ 1 by T B71 b 1 H T Rfl H
= E(X_X) (X—X)+i( x—y) (Hx—y) .,

where B is the background error covariance matrix.
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For this case we just have to set

() =(3) (% 0)

and we calculate
M™NM =B~!" + HTR TH,

MTINY =B 'x® +H'R'Y.
It is then easy to see that the optimum is attained for
x*=x®+ (B7' + HTRTTH) ' HTR ' (y — Hx®).

The matrix (B~ + HTRJH)*] HTR™! is called the gain matriz and the vector
(y—HxP) the innovation (we recognize the form of an optimal linear filter...). The
gain matrix is often rewritten in the form

BH' (R+HBH") ™

according to the Sherman-Morrison-Woodbury formula.

In practice, due to the very large dimensions of the problem, m and n, it is
often impossible to explicitly obtain the gain matrix. The computation of x* is
then performed by optimization algorithms (or by reduced-order methods).

3.2.4. Constrained optimization.
3.2.4.1. Minimization with equality constraints. Let f : R™ — R be a
differentiable function and let K, the set of constraints, be
K={xeR"[hy(x) =0,...,h,(x) =0},

where the functions h; : R™ — R are at least of class C'. We seek x* € K such
that

f(x*) = inei’I(lf(x).

THEOREM 41. If x* € K s a local minimum of f in K, and if the vec-
tors Vhi(x*), 1 = 1,...,p are linearly independent, then there exists \* =
(ATy---sAL) € RP such that

P
VE(x*) + ) A Vhi(x*) =0.
i=1

We introduce the Lagrangian L defined by

P
LOGA) = f(x) + D Ahi(x).
i=1

Then solving Vf(x) = 0 in K is exactly equivalent to solving VL = 0 (finding a
saddle point). This means that we solve the two following equations:

VL

P
Vi+ ) AVhi =0,

i=1

Vil = (hi,hyy...,hy)" =0.
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The second line is the constraint equations, and hence x € K, and the first line then
gives the necessary condition of the theorem.

3.2.5. Optimization algorithms: gradient methods. We consider the fol-
lowing optimization problem.

ProBLEM 42. Find the minimum x* of a cost function J, such that

J(x") = min J(x)

We will call descent method, any algorithm of the type
Xk+1 = Xk + axdk, suchthat J(xxi1) < J(xk),

where dy € R™ is the descent direction at iteration k and «y € R is the step-size
at iteration k. The descent methods differ in their choices of oy et dy.
By defintion of the gradient we can expand the objective function,

Jixk +h) =J(xk) + (V](xk), h) +o(h).

Since ] is positive, the principal decrease will be reached when h = —aV]J(xk),
which is the same as setting

dx = —V]J(xx).

This is the direction of steepest descent.
3.2.5.1. Conjiugate gradient method. For the special case where

1 1
J(x) = Z(AX’ x) — (b,x) = EXTAX —b'x
with A symmetric and positive definite, we can define the conjugate gradient
algorithm as follows:
The algorithm can be summarized as follows:

V]2
d, = V +dy g
" J(xx) Kk 1||V](xk,1)||z
v = V) di)
« (Ady, dy)

where V](xx) = Axx — b is the “residual”. This algorithm converges in at most n
iterations, but it’s cost is @(n?) which can be prohibitive for large, full matrices.
However, for sparse matrices it is often used since only the matix-vector products
Ady and Axy need to be stored and the cost reduces to O(m) only, where m is the
number of non-zero entries in A.

Here is a pseudo-code implementaion of the conjugate gradient method.
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k=0, ro=Axo—b, dog=-—1¢

while 1 #0
T
— _TkTk
Xk = qTAd,

X1 = X + ogedy
Tke1 =T + oAde (1 = Axgp1 —b )

3
_ T T

B = =

di1 = —Trq1 + Prr1dx

k=k+1

end

3.2.5.2. Newton methods. The basic idea is to use the aproximation of the
derivative by a tangent. If we want to solve f(x) = 0, we can suppose that x; is
known and we define the next point, xi. 1, as the intersection of the tangent to the
curve f at xi with the x-axis,

f -0 f
fhe) =0 _ fllxk) = X1 =xk— ,(Xk) .
Xk — Xk41 7 (xx)

Generalizing to dimension n, we obtain
KR+ (k) [f/(xm)r F(x),

where f/(x(®)) is the Jacobian matrix

[ of; (X(k) ):| .

an

At each iteration we thus have to compute the Jacobian and to solve a linear system
[F/(x )] 8x) = —f(x1¥)).
Let us now apply Newton’s method to the Euler equation V](x) = 0. We obtain

Xkl = Xk — [VZI(Xk)r1 V](xx),

where V2](xy) is the Hessian matrix of J. The advantage of this method is that
the convergence is now quadratic, but the major disadvantage is the expense of
computing the Hessian at each iteration and solving the resulting linear system.
To remedy this, quasi-Newton methods are systematically used. These methods
are based on suitable approximations of the inverse of the Hessian.

ExaMPLE 43. Use Newton’s method to minimize the function
f(x) = 0.5x% + 2.5x3.

We easily compute the gradient and the Hessian of f(x):

Vf(x) = [ 5’;‘2 } V2f(x) = He(x) = [ (1) (5) ]
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Taking an initial vector, xo = [5 1]T, we find Vf(xp) = [5 S}T, and the linear
system for the Newton iteration is

s
o[£ [1]-[3].

As expected, we have found the exact solution to this quadratic problem.

and thus

3.2.5.3. Quast-Newton methods. The two most widely used methods are the
Davidon-Fletcher-Powell (DFP), or variable metric method, and the Broyden-
Fletcher-Goldfarb-Shanno (BFGS) method. [10].

3.3. Adjoint methods

3.3.1. Introduction. All the optimization methods seen above require the
computation of the gradient VJ. If the dependence of | on the control variables is
complex or indirect, this computation can be very difficult. We saw above that the
minimization of

)
1°(x) = L IH (x(t)) — yo(0)] dt

involves the inversion of a very large linear system. Numerically, we can always
manage by computing finite increments, but this would have to be done in all the
possible perturbation directions. We thus need to find a less expensive way to
compute the gradient.

3.3.2. A simple ODE example. Let us consider an inverse problem based
on the ordinary differential equation (of convection-diffusion type)

{ —bu”(x) +cu'(x) =f(x) 0<x<1

(3:3.1) u(0) =0, u(1) =0,

where f is a given function in [2(0,1), and b and ¢ are unknwon parameters that
we seek to identify using observations of u(x) on [0, 1]. The cost function is then

1

obs 2
J(b,c) :J' (u(x) —u®(x))" dx.

0
Let us calculate its gradient. This can be done in two ways: using the Lagrangian
or using the tangent linear model. We will start with the second approach. Per-
turbing the cost function gives
1

J(b + O(éb, c+ OC&C) — ](b’c) — J (1‘1_ uobs)2 . (u_uobS)Z dX,

0
where 1l = Upyasb,c+asc and U = Up .. Expanding and rearranging, we obtain

1

J(b 4 adb, c + adc) — J(b,c) = J (Tt +u — 2u°™) (i —u) dx.
0
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Now we divide by « and pass to the limit &« — 0, to obtain the directional derivative
1

(3.3.2) TIb,c] (8b,6¢) = ZJ' (1 —u°P®) L dx,
0
where ~
0= lim =Y,
a—0 0.4

Let us now use this definition to find the equation satisfied by {i. We have
— (b4 adb)it” + (¢ + ade)it' = f,
(0) =0, (1) =0,

and

u(0) =0, u(1)=0.
Then, subtracting the two equations and passing to the limit, we obtain,
—bt” — (db)u” +cli’ + (dc)u’ =0
{ﬁ(O) =0, (1) =0.

{ —bu” +cu’ =1,

Finally, we can define the tangent linear model

—bt” + ¢t/ = (8b)u” — (8c)u’

(3.3.3)
{(0) =0, {i(1) =0.

We want to be able to reformulate the directional derivative (3.3.2), in order to

obtain an expression for the gradient. So we multiply the tangent linear model

(3.3.3) by a variable p and we integrate twice by parts:

1 1 1
—bJ a'p + CJ i'p :J ((8b)u” — (dc)u’) p,
0 0 0

which gives

1 1
J ﬁ”P _ [ﬁlp}é _J ﬁ/p/
0 0

and

Putting these results together, we get

1 1 1
b (a'mpm —0/(0)p(0) + j ap") e (—L ap') =J ((SbJu” — (5e)u') p

0 0



3.3. ADJOINT METHODS 32

or

(3.3.4) J

0

1 1

(—bP”—-qf)ﬁ:=bﬁ%1hﬂ1%—bﬁT0hﬂ0)+J;(@bhﬂ’—(&ﬂuﬂp-

Now we impose that p must satisfy the adjoint model

o bp// _ Cp/ _ Z(Ufu(’bs),
p(0) =0, p(1) =0.

Integrating (3.3.5) and using the expression (3.3.4), we obtain

ZJ; (u—u°){ = L: (=bp” —cp’) Qi = (5b) (J; pu”) + (8c¢) <— J; pu’) .

We recognize the L? inner product, which enables us to finally write an explicit
expression for the gradient based on (3.3.2),

VJ(bc) = ( J; pu”,—J; pu') ,

1
Vb](b, C) = JO pu”

(3.3.5)

or

1
V. J(b,e) = —J pu’.
0
Thus, for the additional cost of solving the adjoint model (3.3.5), we can compute
the gradient of the cost function with respect to either one, or both, of the unknown
parameters.

3.3.3. Initial condition control. For data assimilation problems in meteo-
rology and oceanography, the objective is to reconstruct the initial conditions of
the model. We redo the above gradient calculations in this context. Let us consider
the following system of (possibly nonlinear) ordinary differential equations,

dX .
(33.6) T M(X) inQ x[0,T],
X(t=0)=1U,

with the cost function
17
W =3 | IHx=vee
2 Jo
To compute the directional derivative, we perturb U in the direction u and denote
by X the correponding trajectory, satisfying
dX .
— =M(X) inQx][0,T
(3.3.7) gt~ MX) i Qx 0,1,
X(t=0) = U+ o
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We then have
rT

1 - 2
JU+ouw)—JW) = 5 [[HX = Ye||” — [[HX — Y°||* dt
Jo
1 rT . -
= 3 (HX—\(,HX—HX+HX—Y)—(HX—Y,HX—Y)
Jo
1T, . . .
= 3 (HX—Y,H(X—X))—(HX—Y—(HX—Y],HX—Y)
0
T, . . .
= 5 (HX—Y,H(XfX))+(H(X7X),HX7Y).
0
We set
X = lim ~—%
ax—0 04
and we compute

x—0 (08

1 T

= EJ (HX — Y, HR) + (HX, HX — Y)
0

;

= | (HRHX=Y)

T

= O(X,HT(HX—Y)).

By subtracting the equations (3.3.7) and (3.3.6) satisfied by X and X we obtain,

= M(X) = MX = _aM] (>"<—X)+l X [aZM

d(X —X) M
X 2

dt

T
(X=X) e

:|()2—X)+...,

Now we divide by « and pass to the limit o« — 0, to obtain

dX [oM
(3.3.8) dt [ax] %
R(t=0)=u.

These equations are the tangent linear model (TLM).
We will now proceed to compute the adjoint model. As in the ODE example,
we multiply the TLM (3.3.8) by P and integrate by parts on [0, T]. We find,

JOT <‘255,P> = —0T< ,i)ﬂ(?,m};
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N(ESE RN QES

Thus, substituting in equation (3.3.8), we get

T(dR [oM T ap [omM]"
L (dt [ax} 52,13) :ozL (52,dt [ax} P>+(5Z(T),P(T))(u,1>(0)).

Identifying with the directional derivative

and

i
(33.9) FIUl (w) = L (R, HT(HX — Y)),

we obtain the equations of the adjoint model

P [am]"

hll — HT(HX —
(3.3.10) dt [ax] P (HX =),

Pt=T) =0,

which is a backward model, integrated from t =T to t =0.
We can now find the expression for the gradient. Using the adjoint model
(3.3.10) in (3.3.9), we find

-
fu = | RHTHX=Y)
T T

[
= (—u,P(0)).

But
TIW (W) = (V]u,u)

and thus

VJu = —P(0).

Once again, with a single integration of the adjoint model, we obtain a particularly
simple expression for the gradient of the cost function with respect to the control
parameter.

3.3.4. Application: Burgers’ equation. We consider a realistic application
based on Burgers’ equation with control of the initial condition and the boundary
conditions. The viscous Burgers’ equation in the interval x € [0, L] is defined as

ot ox oxz2
u(0,t) =Ys(t), w(l,t)=a(t),

u(x,0) =up(x).

The control vector is

(uO)ﬂ)])wZ)
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and the cost function is given by

T L
J(wo, ¥1,2) = %L Jo (u*u()bs)z-

We know that the derivative of ] in the direction (h,,hj,h,) is given (as above)
by

IS T oL
I[UO)II-)])II)Z] (huyh],hz) :J J (u_uobs) ﬁ)

0 Jo

where {1 is defined as

@ = lim > Y
ax—0 [0
— lm u(up + ahy, b1 + achy, b2 + ocha) —u(wo,by,2)
- ax—0 04

and it is the solution of the tangent linear model,

ot dud) ot
ot ox o2
4(0,t) =hy(t), 1L, t) =hy(t),
i(x,0) = hy(x).

We can now compute the equation of the adjoint model. As usual, we multiply the
TLM by p and integrate by parts on [0, T].

JT @ B hTJ’Laﬁ
0 o) ~ Jo Jo o’

rL L T ap
Plo 0 Jo ot

[es) - [[2

T T pL
- 11 L_J J ﬁaﬁ
J u P]o 0 oLL ox
T T oL
0
- j (wzth(L,t)—wmm(o,tn—J L ua

0
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JT 627{1 7 JT rL 627{1

0 axz)p oo axzp

o (Troealt J J ot op
) p ox ox Ox

T L 2
e
0 0Jo

o | ox ox ox2
u o0 d o0

- (p(L 02000 - (0 -0, 0,0 41y P
Jo X 0x

T 2
0°p
*L L %

The natural boundary conditions for p are thus
p(XaT) =0, P(O»t) :P(L»t) =0

and this gives
o =[] (2,22
=)o Jo \at T Tax a2 )P
T L 2
op 0°p
LLﬁ( 3t “ox Vaxz>

op
ox
L T op
+J —hup(x,0) +[ vhy; —(L, t) fvh1 (O t).
0 0 ox

In other words,

T (L 2 L T
We thus set the adjoint model as
2
R R
p(0,t) =0, p(Lt)=0,
p(x,T) =0.

Now we can rewrite the gradient of | in the form,
N L T op op
] [ug, W1, ¥2l (hy, hyyhy) = 7‘[0 hyp(x,t= 0)+J0 th&(x =1Lt)—vh, a(x =0,t)

which yields,

vuol = _p(X»tZO)
d

Vy,] = —va—z(x:o,t)
d

Vo] = veolx=Lt).

36

op
0, t))

3.3.5. Practical implementation of the adjoint method. See the en-

closed course notes of A. Vidard, where the following topics are treated.
3.3.5.1. Continuous and discrete adjoints.
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3.3.5.2. Adjoint for data assimilation.
3.3.5.3. Validation of an adjoint code.

3.4. Variational DA

3.4.1. Introduction. We have seen above that he BLUE requires the com-
putation of the gain matrix,

K=BH"(HBH" +R)".
in order to obtain an analyzed state
x* =xP + K(y — H(x))

that minimizes the cost function,
1 1
100 = 5 (x=x) BT (x—x®) + 5 (Hx—y) R (Hx—y).

But the matrices involved in this calculation are often neither storable in memory,
nor manipulable because of their very large dimensions. The basic idea of varia-
tional methods is to overcome these difficulties by attempting to directly minimize
the cost function J. This is achieved by a combination of a descent algorithm in
the direction of the gradient, with an adjoint method for the computation of the
gradient.

In the case where there is no time dependence, the approach is named 3D-Var,
whereas for time-dependent problems we use the 4D-Var approach. Since we have
already prepared most of the theory in the above chapters, the presentation here
will be quite brief.

3.4.2. 3D-Var. The cost function for 3D-Var is
1 T 1 _
Jx) = 5 (x —xP) B7! (x —xP) + 5 (Y- H(x))" R~ (y —H(x)).

We recall that R and B are the observation and background error covariance matrices
respectively. When the observation operator H is linear, the gradient of | is given
by

V] =B"" (x—x?) —H'R™" (y — Hx).
The iterative 3D-Var algorithm uses as stopping criteria the fact that V] is small
or that the maximum number of iterations is reached.

k=0, x=xo

while ||V]|| > € or k < kmax

compute |

compute V]

gradient descent and update of Xy
k=k+1

end
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A few remarks are necessary. Firstly, the matrix B cannot, in general, be explicitly
stored and it must be modeled somehow. However, only matrix-vector products
involving B~ are encountered. This permits complex modeling using an operator
form. To achieve this, we define a complex function that receives ¢ as input and
returns B~'¢ as output. A second remark concerns the possibility of using this
algorithm for time dependent problems that are of very large dimension. In this
case, x represents the initial state and the observations y°® are reported to the
initial instant. This greatly simplifies the gradient computation since there is no
integration of the adjoint, nor integration of the model M.

ExXAMPLE 44. We seek two temperatures, x; and x,, in Caracas and Bar-
quisimeto. The climatologist gives us an initial guess (based on climate records)
xP = (10 5)7 with background error covariance matrix

1 0.25
5= (0 1)
We observe y° = 4 in Barquisimeto, which implies that H = (0 1), with an obser-
vation error variance R = (0.25). We can now write the cost function

—1
Jx) = (x1—10 xz5)< 1 025) <X1]0>+R_1(xz—4)2

025 1 x2—5
16 1 —0.25 x1 — 10
= (=10 o5 )15< 025 1 )( N )*4("24)2
16
= 13 ((x1— 10)2 + (x2 —5)2 — 0.5(x1 — 10)(x2 —5)) +4(x2 —4)?
16
= ﬁ( 1 —17.5%1 4+ 100 + x3 — 5%2 — 0.5%1x2) + 4(x3 — 8x + 16)
and its gradient
VJ(X) _ E 2X1 _O-SXZ —17.5 _ l 32)(1 — 8X2 — 280
15\ 2% —5—05%1 + 2(2x;—8) ) 15\ —8x; +152x, —560 )

The minimum is obtained for V]J(x) = 0, which gives
X1 = 98, X2 = 4.2,

3.4.3. 4D-Var. The 4D-Var generalizes the 3D-Var to the case where the
observations are obtained at different times - see Figure 3.4.1.

3.4.3.1. Cost function and gradient. The cost function is still expressed in
terms of the initial state x, but it now includes the model because the observation
y? at time i is compared to Hji(x;i), where x; is the state at time 1 initialized by
x. The cost function is once again the sum of the baclground and the observation
€rrors,

J(x) = J°(x) +J°(x),
where the background term is the same as above,

]b(X) _ ]2 (X—Xb)T87] (X—Xb) .
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obs
obs

o
/ \ Previous forecast
obs
Xy

obs

obs

Time

3DVAR Assimilation window

FicURE 3.4.1. 3D- and 4D-Var (Credit: A. Vidard).

The background xP, as with x, is taken as a vector at the initial time, i = 0. The
observation term is more complicated. We define

0 =

NI

> e —Hilx)) Ry (Y2 — Hi(xq)),
i=0

where the state at time i is obtained by an iterated composition of the model
matrix,

Xi = Mosi(x)
= Mi1,iMi2,i-1... My 2Mo1x
M1M171 e MzM]X.

This gives the final form of the observation term,

1

N

.I n
P =5 (y? —HiMiMiy ... MoMix) " Ry (4 — MiMi1 ... MaMyx) .
i=0
Now we can compute the gradient,

n
Vi) =B (x—=x°)=> MM ..M M{HIR{! (yf — MiMi g ... MaMx).
i=0
If we denote the innovation vector

di =y —HiMiM;_; ... MoMx,
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then we have
n

~VIP(x) = ) MIMJ...M{ MIHIR{"d;
i=0

— HIRy'do + MTHIR,'dy + MIMIHIR, "y + - +
M7 ..M MIHIRTd,
= HIRy'do + MT [HIR; dy +MJ [HIR; "ds + -+ MIHIRd]] .

n° mn'm

This factorization enables us to compute J° followed by V]° with one integration
of the direct model followed by one integration of the adjoint model.
3.4.3.2. Algorithm.
n=0, X=xXp
while |[V]|| > € or n < npax
(1) compute ] with the direct model M and H
(2) compute V] with the adjoint model MT and H' in reverse mode
gradient descent and update of Xn1
n=n-+1

end

In step (1), we use the equations
di =y —HiMiM;_; ... MoMx

and
J(x) = ! (x— xb)T B! (x —xb) + Z diR"ds.
i=0
In step (2), we use

Vix) = B (x—x®) = [HiRy"do + M [H{R;'dy + M] [HIR;'da + - + MIHIR Tdn]]] -

n - mnm

3.4.4. Extensions and complements.
3.4.4.1. Parameter estimation. If we want to optimise a set of parmeters,

o= (&1,02,...,p
we only have to include the control variables as terms in the cost function,
J(x, ) = R (%) + I3 () +J° (x, o).

The observation term includes a dependence on « and it is often necessary to add
a regularization term for «, such as

J5(t) = |Jec — ochz, or J3(a) = (ax—a®)Bg' (x—aP),
or
J3(c0) = ||V — B|*.
3.4.4.2. Nonlinearities. When the nonlinearities in the model and/or the ob-
servation operator are weak, we can extend the 3D- and 4D-Var algorithms to take

their effects into account. One can define then the incremental 4 D-Var algorithm.
[9].
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3.4.4.3. Effect of a single observation. Suppose that we have a single onser-
vation, at one point corresponding to the k-th element of the state vector. The
observation operator is then

H=(0 ... 01 0 ... 0).
The gradient of | is
V] =B (x—x?) + H'R"" (Hx —y°).
It is equal to zero at the minimum x?, so that
(xa — xb) =BH'R™" (y° — Hx?).
But R = 0%, Hx* = x} and BH' is the k-th column of B. So we see that
B1x

o a B
— X 2,k
a_xb—Y _ k .
o

Bn,k

The increment is proportional to a column of B. The choice of B is thus crucial
and will determine how this observation provides information about what happens
around the k-th variable.

In the 4D-Var case, the increment at time i will be proportional to a single
column of MBMT which describes the error covariances of the background at the
time of the observation i.

3.4.4.4. Preconditioning. We recall that the condition number of a matrix
A is the product ||A|||[A7"||. In general, variational data assimilation problems
are badly conditioned. The rate of convergence of the minimization algorothms
depends on the conditioning of the Hessian of the cost function: the closer it is to
1, the better the convergence is. For 4D-Var the Hessian is equal to B~' +HTR™'H
and its condition number is usually very high.

Preconditioning is a technique for improving the condition number and thus
acelerating the convergence of the optimization. We make a change of variable

dx =x —xP

such that
w=L"Téx, B '=LL"

where L is a given, simple matrix. This is commonly used in meteorology and
oceanography. The modified cost function is

N—{l

1
(w) = zwTw + %(HLW —d)"R T (HLw — d)

and its Hessian is equal to
J" =T+ LTH'R™THL.

It is in general much better conditioned ans the resulting improvement in conver-
gence can be spectacular.
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3.5. Advanced techniques
These will be the object of an advanced course...
3.5.1. Sensitivity analysis.
3.5.2. Reduced-order methods.

3.5.3. Error covariance modeling.
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