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Introduction, and simple but essential
exemple

Chapter outline

[1.1 Whatis aninverse problem| . . . . . .. . ...
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1.1 What is an inverse problem

1.1.1 Direct or inverse

Direct problem is close to “modelling”. In that case, we have (or we are developping)
a (mathematcial, numerical) model of our system. This model has input parameters,
which we know fairly well. We are interested in the outputs produced by the model. The
following diagram describes a direct problem :

Inputs —— Model —— Outputs
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Inverse problem do the reverse! In that case we also have a model (which should be
fairly accurate), but now the input parameters are not well known (because of measuring
errors, or because we cannot measure them directly, e.g., if they are di cult to access).
However, some outputs corresponding to the unknown inputs can be measured. Inverse
problem aims to combine the model equations and the outputs to infer the poorly known
inputs, according to the diagram :

Poorly known — Model —— Partial noisy

parameters observations
Fn .’

.

----------

Famous examples are :

Input parameters to be in-

Problem Partial observation
fered
1
ﬁ Sherlock Holmes Observable  consequences What really happened !
and clues
X External measurements on Tissue properties and diag-

Medical imaging nosis (bone, liquid, tumor,

)

the body surface

o N ical ) : .. ..
- HHerea . Physical observations of the | Initial condition to produce
-‘ Weather Predic-

T atmosphere and ocean a weather forecast

1.1.2 Inverse methods and data assimilation

Inverse methods allow to combine optimally all sources of information available about a
given (physical, biological, chemical, ...) system:

e mathematical equations (physical laws or the biological processes, ...);

e observations (measures of real experiments);

e crror statistics (observation errors, model errors; ...).

These sources of information are usually heterogeneous: different nature, varying quality
and quantity.

In geosciences, inverse methods are often called data assimilation. Historically, the idea
was to estimate the initial state of the atmosphere, in order to produce weather forecasts.
Today, it has many applications, not only initial state estimation (parameter estimation,
physical law parameterisation, numerical parameter estimation, unknown forcing sources
estimation...). It is also used in many application domains, not only weather forecasting
(oceanography, oil drill, seismology, energy, medicine, biology, glaciology, agronomy, con-
struction industry, ...).

These problems are not straightforward. The most commonly encountered issues are:
e complex systems (coupled systems, non linear laws, poorly known phenomenons,

)
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e indirect/sparse (in space/time)/noisy observations;
e ill-posed problem (underdetermined - not enough observations, overdetermined -
redundant and contradictory observations).

1.2 A simple example

This example will introduce the BLUE (Best Linear Unbiased Estimation), which is a
statistical estimation method, to solve a very simple least square problem.

The example writes this way: suppose that we have two observations y; = 1 and y, = 2
of un unknown quantity z. We aim to estimate x as a function of the observations.

1.2.1 Naive method

We formulate the problem as a simple least square problem:
Find z as the minimizer of (x — 1) + (z — 2)?

The solution is easilly found and gives the estimator & = 3/2.
This solution presents several shortcomings:

1. The result is sensitive to unit changes. Imagine that we now have y; = 1 a measure
of x and yo = 4 a measure of 2z (in another unit), then we should minimize (z —
1) + (2z — 4)?, and the estimator now is # = 9/5. — Some kind of normalisation
is required.

2. The result is insensitive to the accuracy of the measurement instrument, the esti-
mator is the same even if y; is more accurate than ys.

1.2.2 Statistical formalisation

Let us denote y; = x + ¢; for i = 1,2. The observation errors e; are assumed to be:
e unbiased (with 0 mean): E(e;) =0 for i = 1,2
e with known variances: Var(e;) = o? for i = 1,2

e uncorrelated: Cov(ey,ey) =0 (or E(ejes) = 0)

We now look for a linear estimation, which is unbiased and with minimal variance. It
is called the BLUE (Best Linear Unbiased Estimator):

T = oy + oy

The unbiased hypothesis is E(z — z) = 0, it follows easily that a; + g = 1. We can then
compute the variance of Z:

Var(z) = ato; + (1 — ay)?o3 (1.1)
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We can that compute the estimation , which minimises the variance, and then compute
Var(z). We find:

2 2 2 1 1\ !
a1 = ) 02 3 i‘ — —O-Qy; + Uéyz Var(i‘) = (—2 + _2) (12)
01 + 03 o1 + 03 07 )

1.2.3 Remarks

First, we can show that we obtain the same result if we look for the minimizer of the cost

function
J(x) = 1 ((“" _le)z yc _5’2)2) (1.3)

2 o7 op)

This is still a least square problem, but the BLUE enables us to rationalise the choice of
a normalisation in the cost function J. This normalisation solves both issues of sensitivity
to units and measure accuracy.
Moreover, the concavity of J gives a measure of the estimator accuracy, as we have:

J(@) = S — (1.4

o2 o5  Var(z)

If we consider that y; = 2° is a first estimation of z (which we will call the background)

and y, = y is an independant observation, then we can rewrite 2 as
(y —2”)

The value y — 2° is called innovation, it contains the new information brought by y with
respect to 2°. The equation above can be summed up as

Oy

.f?::xb+—2 5
o+ 0oy

T = background + something X innovation

1.2.4 Data assimilation methods

There exist two families of data assimilation (DA) methods: statistical methods (we
compute the BLUE directly) and variational methods (minimisation of the cost function
J). Of course, in 1D as in the example, these methods seem similar, but we will see that
in multi dimensional cases (multi = 10°) they are pretty different:

e (Bayesian) probabilistic methods: we treat x as a random variable, and try to
compute the probability density of the state knowing the set of observations. It
sometimes ends to estimate & as £ = background + gain matriz X innovation, so
we have to compute the gain matrix. It is a huge matrix involving covariances for
background and observations (as everything is vectorial, covariances are -very large-
matrices).

e variational methods: we look for & as J(Z) = min, J(x). As z lives in a very high
dimensional space, minimisation is not easy, and many methods exist (Newton, quasi
Newton, other gradient methods, stochastic methods like simulated annealing, ...).
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Common advantages and drawbacks of these methods:

e under some (restrictive) hypotheses they lead to the same result;

e under the same (restrictive) hypotheses they are optimal (ie. both lead to the
optimal solution of the least squares problem);

e common issues:

— in case of non-linearities the optimality and equivalence between the methods
are lost;

— curse of dimensionality (huge matrix sizes, impossible to compute or even store
them in memory);

— errors statistics are required but unknown.
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1.3 Exercises

Complete the calculations of this chapter (§1.2)):

1.

Cu

Prove that oy + ay = 1 using E(2 — x) = 0.
Prove formula for the variance.

Prove formula ({1.2))

Prove that Z is the minimizer of (L.3).

Prove ([1.4)).

1.4 Solutions

Complete the calculations of this chapter (§1.2)):

1.

Prove that ay + ay = 1 using E(2 — x) = 0.

Sol. T —x =y + agys — x = (1 + g — 1)T + aje; + agey then

E(i’ — I) = (061 + Qg — 1)E(I) + oqE(el) + OéQE(&Q))
= (Oél + g — 1)E(I =0

We then have ay +as =1, or ap =1 — ay.

Prove formula (|1.1)) for the variance.
Sol.

Var(#) = E((& —)?) = B((uer + azes)?)
= ofE(e]) + 2a10E(ere2) + a3E(€3)

= alol + adol
= 2ol + (1 —ay)’os

Prove formula (|1.2))

Sol. Var(z) is a quadratic function of ;. To look for a minimum we look for the
critical point (zero of the derivative), and we find the expression of ;. Then

141
2 2
91 93

Remaining eqs are straightforward.
Prove that z is the minimizer of (1.3)).

Sol. Straightforward, compute the derivative of .J.

Prove ([1.4)).

Sol. Straightforward.
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2.1 Events and probability

Random experiment. A random experiment is mathematically described by:

e the set () of all possible outcomes of an experiment, the result of which cannot be
perfectly anticipated;

e the subsets of (), called events;

e a probability function, P: a numerical expression of a state of knowledge. P is such
as, for any disjoint events A and B:

0<P(A) <1,
P(Q) =1
P(AU B) = P(A) + P(B)

Independance. Two events A and B are said to be independant if:
P(AN B)=P(A)P(B)

Conditional probability. When the two events A and B are not independent, know-
ing that B has occurred changes our state of knowledge on A. This reads:
P(AN B)

2.2 Real random variables

The outcome of a random experiment is called a random variable. A random variable
can be either an integer number (e.g., a die cast) or a real number (e.g., the lifetime of a
electric light bulb), in this case we call them discrete or continuous random variables. We
will denote by X a random variable and x its realization. Bold symbol will be associated
to vectors.

2.2.1 Discrete variable

X is defined on a finite set X, e.g. X ={1,..., N} or X =N ie the ensemble of values of
X is discrete: (z;);ex and the law of X is given by the probabilities

Cumulative distribution function.
Fx(z) =P(X < x)
It is an increasing function, such that F'(—oo) = 0, F'(+00) = 1 and we have
P(X €la,b]) = Fx(b) — Fx(a)

For discrete random variables, Fx is a piecewise-constant function.

10
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Conditional probability. Let X and Y be two random variables taking values in finite
sets X and ), we define the conditional law of X knowing Y by :
PX =z, =y) P(X =2x,Y =vy)

P(X =2y =y) = P(Y =y) > PX=aY=y)

Independance Two random variables X and Y are independant when
P(X =2,Y =y) =P(X = 2)P(Y =)
then, we have :
PX =z|Y =y) =P(X =2x)
Bayes theorem From the definition of the conditional probability, we can deduce

the Bayes formula :

P(Y =y|X =2)P(X =2)
PY =y)

PX =z|Y =y) =

2.2.2 Continuous variables

Here, the set X’ is no longer supposed to be finite, e.g. X = R. X is said to have a
probability density function (pdf) if and only if there exists a unique function px : R — R
such that

T

Ve € R, Fx(z) = / px(x) dzx

—00

In this case, px is continuous, differentiable and we have:
b
/pX(:v) de=1 and P(X €a,b]) :/ px () d.
X a

Joint, marginal and conditional pdf Let X and Y be two random variables, living
in X and V.

e pxy(z,y) is called the joint density.
e the (density of) the marginal law of X is

px(z) = /y pxy () dy

e the conditional density of X knowing Y =y denoted by pxy(z|y) is defined by :

pX,Y(‘r7 y)
D oY) = ———~
) =
Bayes theorem The Bayes theorem writes :
pxiy (zly) = pyix (y|z) px () _ pyix (ylz) px(x)
| Py (y) Sy pyix(ylz) px(z) dz

11
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2.2.3 Expectation, variance and covariance

(Note: the mean is also called expected value or expectation, mathematical expectation,
EV, or first moment)

A pdfis rarely known completely. Generally, only some properties are determined and
handled. The two main properties are the expectation and the variance.

expectation The expectation of a random variable X is

+oo
/ x px(z) dx if X is continuous
E(X)=<X>= X
Z i Pi if X is discrete

el
variance The variance (also called second central moment) is

400
/ (x — E(z))? px(z) dz if X is continuous

o0

Var(X) = E ([X o E(X)]Q) - Z(x _ E(x))Q D if X is discrete

el

We also have
Var(X) = E(X?) — E(X)? = 0*(X)

The standard deviation is the square root o(X) of the variance.
covariance Let X and Y be two random variables, we define their covariance as
Cov(X,Y)=E[(X —E(X)).(Y — E(Y))]

and their linear correlation coefficient

Cov(X,Y)

O0x0y

p(X,Y) =

If X and Y are independent then Cov(X,Y) = 0, but the converse is false in general.

2.3 Random vectors

Real random vectors (denoted by bold symbol) are vectors which components are real
random variables: X = (X7, ..., Xy) where X; is a real random variable. The pdf of a
vector is the joint pdf of its real components.

The expectation vector is the vector formed with the expected values of the real
components:

12
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The second moment of the distribution is the covariance matrix. If X denotes the random
vector, the covariance matrix is defined by

Cov(X) = E [(X ~E(X)) (X — E(X))T] .

A covariance matrix is symmetric, positive. The terms on the diagonal are the variances
of the vector components. The non-diagonal terms are covariances.

2.4 Normal (Gaussian) distribution

2.4.1 The Gaussian univariate distribution.

The random variable X has a Gaussian (or normal) distribution with parameters p and
o2, which is noted X ~ N(X; u,0?), when

px(z) = \/%exp {—%} :

The Gaussian distribution possesses some very nice properties, in particular:

e it is a natural distribution for signal noises;

e the parameters p and o2 of the distribution are the expectation and the variance,
respectively;

o if 1y ~ N(x1;p1,0%) and zo ~ N (z9; p2,05) are two independent variables, then
x1 + oo is also Gaussian and z = x1 + x3 ~ N (25 g + iz, 0% + 03);

e if @ is a real number and x ~ N'(x; u, 0?), then 2z = ax ~ N (z; ap, a*o?).

2.4.2 The Gaussian multivariate distribution.

The random vector X of size n has a Gaussian (or normal) distribution with parameters
p and P, which is noted X ~ N(X; i, P), when

L e | L@ — )P (@ p)

p and P are the expectation and the covariance matrix of X, respectively. |P| denotes
the determinant of P. The component of X are said to be jointly Gaussian.
We have the following results:

X~NX;u,P) = Z=(AX+Y)~N(Z;Ap+Y,APAT)

X~ NXpP) = Z=P (X —p)~N(Z0,T)

13
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From joint to marginal and conditional distributions

Let the vector Z = [XTYT]T be normally distributed according to

FHRICHIERY)

where C is the (non-symmetric) cross-covariance matrix between X and Y which has as
many rows as the size of & and as many columns as the size of y. then the marginal
distributions are:

X ~N(X;a,A)
Y ~N(Y;b,B)
and the conditional distributions are:
XY ~N(X;a+ CB_I(Y—b),A— CB_ICT) (2.1)
Y| X ~N(Y;b+ CTA_I(X —a),B— CTA_lc) (2.2)

From conditional to joint and marginal distributions
Let X and Y have the Gaussian distributions :
X ~N(X;m,P) Y|X ~N(Y;HX,R)
the the joint distribution is :
T
2= [?} NN(Z;{Hn:n}’{IfP HI—I’DI?JrRD
and the marginal is :
Y ~ N(Y;Hm,HPH” + R) (2.3)
Product of two Gaussian functions

the product of two Gaussian functions is another Gaussian function (although no
longer normalized). in particular,

N(X;a,A) N(X;b,B) «x N(X;c,C) (2.4)

where

C=A"'+B !
c=CA'a+CB'b

14
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2.5 (Hidden) Markov chain

2.5.1 Markov chain

Let un consider a state process X = {Xy }r>o taking its values in a continuous state space
X. We will use the following notation :

X():K = [Xo, Ce ,XK]

The law of the process X = {Xj}r>0 is defined through the laws px,, (o) for all
k > 0. We have the following general result :

pXOZk(ffBo:k) = pxo(wo) X pxl\xo($1|$o)

X PXo[Xon (T2]To:1) - - - DXy X0t (Th|To:-1) (2.5)

The process is said to be Markovian when

pxk|x0:,€_1(wk|w0:k—1) = pxk|xk_1(ﬂ3k|iﬂk—1)

meaning that the probability of each subsequent state depends only on what was the
previous state. Knowing the present, we can forget the past to predict the future.

We then have i

pXO:k (ka) = pXO (m()) HpXZ|Xl—1 (ml|wl—1)
=1

A Markov process is then entirely defined with its initial density px,(xo) and the
transition density px,x, ,(®:|Zi-1).

2.5.2 Hidden Markov chain

Let us consider a couple of processes : the state process X = {Xy}x>0, taking its value
in the state space X ; and the observation process Y = {Yy},>1, taking its value in the
observation space ). The couple (X,Y) is said to be a hidden Markov chain if

e X is a Markov chain, of initial law px,(zo) and transition law px,|x, , (Zx|Tr—1).

e knowing the state, the observation are independent (property of conditional inden-
pendance), meaning

K

DY %o Ui [@oxc) = [ [ Pyax, (welae)
k=1

Py, x, (Yr|xr) is called the likelihood.

15
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Xo X4 Xi-1 Xk
Y, Y1 Y

Figure 2.1: Hidden Markov chain. X’s are states. Y’s are observations.

Hence, a hidden Markov process in defined though :
e the state space X

e the observation space Y

e the initial density px,(xo)

e the transition density px,|x, , (Tk|Tr-1)

e the likelihood py, x, (Yk|xk)

We can write :

K

pXO:KlezK(wOCK7 yl:K) = Pxo (CL‘()) H Py, x, (yk|$’k) PXy X1 (mk|mk—1)
k=1

16
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3.1 State, evolution and model error

Let be the state of the system we aim at estimating be modelled by a variable x, living
in the state space X

Here are considered dynamical models, i.e. models that compute the time evolution of
the simulated state. Let @, and ;1 be the vectors modelling the state at two consecutive
times, k being a time index. They are related by a causality link:

Tp1 = Mok (Tr) + €4y (3.1)
For example, in oceanography we could have
Ly = (Ul,kJ U2,]€7 ) Un,k; ‘/I,ka ‘/2,]477 ) vn,k7 Tl,kv [ Tn,k7 Sl,ka HS) Sn,k)

where U, i, Vi, are the horizontal velocity of the oceanic currents on every point ¢ of the
spatial grid at time k, and T}, S;; are the values of temperature and salinity on these
points at time k. The model Mj_,;.1 would then be one time-step of the resolution of the
Navier-Stokes equations (+ temperature and salinity diffusion and transport equations).

The model error €] accounts for the errors in the numerical model (e.g., misrepresen-
tation of physical processes) and for the errors due to the discretization. The actual value
of this error is not known, it is thus considered as a random variable. we suppose that
this error is of zero mean E(e}*) = 0, and has a covariance matrix Cov(e}') = Q. Finally,
the model errors are independent in time, meaning Cov(e}'e*) = 0 Vk # L.

Finally, to calculate the evolution of the state vector by means of equation (3.1)), it
is essential to have an estimate xy, called background or a priori estimate, of the initial
state £o. The background error €” (difference between the background and the true value
of the initial state) is supposed to be of zero mean E(¢?) = 0 and its covariance matrix
is Cov(e?) = Py,. We also suppose that the background error is independent of the model
error Cov(ebel™) =0

In a statistical framework, the state sequence is modelled as a random sequence
X = {Xj}r>0, whose realisations are denoted @ = {@i}r>0. The evolution law (3.1
is then modelled through the density px,|x, ,(®k|®r—1). The density of the initial state

18 PXo (:130) .

3.2 Observations, mapping and error

The system « is observed through a set of observations modelled by a variable y. The
observation vector live in the observation space ) . The mapping between the state space
and the observation space is done thanks to the so-called observation operator H.

Let us suppose that the observations are local in time (that is to say correspond to
the state of the system at a given time) and are available at times coinciding with time
steps of the model, i.e. y = {yx}i>1-

18
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The observations may be spoiled by instrumental and/or numerical error. We get the
following equation:
Y = ’Hk(wk) + Ez (32)

where H;, is the local observation operator. €} accounts for the observation error at time
k. The actual value of this error is not known, it is thus considered as a random variable.
We suppose that it is of zero mean E(e}) = 0, and has a covariance matrix Cov(e}) = Ry.
Moreover, we make the following noise independence assumptions : Cov(ele)) = 0 Vk # [
; Cov(ege®) = 0 ; Cov(ege) = 0.

In a statistical framework, the observation sequence is modelled as a random sequence

Y = {Yi}r>1:, whose realisations are denoted y = {yi}r>1. The mapping between
observations and states is then modelled through the likelihood py, x, (yx|Tk).

3.3 Two points of view

Data assimilation is the process by which observational data are fused with scientific
information. At this stage, we therefore have several sources of information on the system
we are interested in :

e observations y and associated mapping H
e an evolution model M

e a background x; of the state of the system at an initial moment (which therefore
of course allows, by propagating it by the model M, to have a draft of the whole
trajectory of the system)

From this information, data assimilation methods aim at obtaining the “best possible
estimate” & or x® (also called analysis or analyzed value) of @. All the diversity of
approaches will come from the precise meaning that one will give to this expression.
Thus, when one speaks of estimating the vector «, is one trying to determine the state
of the system as a set of physical variables whose value is sought, or more generally as
an estimation of a random vector 7 And in the latter case, do we look for its complete
probability law, or more simply some of its characteristics (mean, mode, covariance matrix
...)? Similarly, the adjective “best” naturally refers to a notion of optimality with respect
to a certain criterion. Again, many choices are possible to formalize such a criterion.

3.3.1 Variational approach

A first translation of the previous problem, namely to find the best possible estimate,
consists in defining a functional quantifying a discrepancy between the state of the system
ax and the two available sources of information, i.e. the background «; and the observations
y. We then look for the optimal state x®, also called analysis, which minimizes this
functional. This is the so-called variational approach to data assimilation.

x® = min J(x)

19
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where J(x) is a cost function defined to measure the misfit between available information
(background and observation) and model.

In the simple stationnary case we have:

J(x) = J'(z) + J°(x)

e J'(x) stands for the a priori term
Jb _ 1 2
(@) = slla

where we used the notation ||z||%} = 27 Az to denote the norm associated to the
scalar product defined by the symetric positive definite matrix A.

e J°(x) stands for the data term
o 1 2
Jo(x) = 5lH(@) — ylr-

In the general case we aim at estimating the trajectory & = [xo, 1, ..., k]| by
minimizing the cost function

J(z) = J'(z) + JUz) + J(x)
e J'(x) stands for the a priori term

1
P = Sllwo— ml..

e J°(x) stands for the data term

K
o 1
Jo(x) = 3 ) [ Hi () — kaf{;l
k=1

e Ji(x) stands for the model term

K
1
Jq(w) = 5 Z H:Ek - Mkflﬁk(wkflm?g;l
k=1

When the cost function has been set, then the problem is entirely defined, and so is
its solution. The “physical” part lies in the definition of .J, the choice of the covariance
matrices, the background, etc. Finding the solution once the cost function has been
defined is “only” technical work.

3.3.2 Bayesian approach

The Bayesian paradigm provides a coherent probabilistic approach for combining infor-
mation, and thus is an appropriate framework for data assimilation. In that case, the
problem is modelling using a hidden Markov state process X = {Xj }x>0 of transition law
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pxk\xk,l(wkmkq)- This probability density models the evolution of the state process.
The set of observations Y = {Yj}r>1, are supposed conditionally independent given the
state sequence. The conditional probability ka|Xk(yk|a:k) describes the likelihood of the
observations.

recap : fundamental rules of estimation theory

The two fundamental rules of estimation theory are:
Bayes’ rule,

v (aly) = UL 5:3)

and the marginalisation rule:
py(y) = /pX,Y(w’y)dm = /pY|x(’y|33)px(93)dw (3.4)

needed densities

e The initial density is :
Xy ~ N(Xo; 2, Ps)

where Py, is the background error covariance matrix.

e The transition law px,x, ,(Tr|@r-1) is obtained by translating the density of €}’
by M1 k(xr_1). It is generally assumed that the model errors follow a white
Gaussian noise, meaning that they are independent of each others, and

521 ~ N(G?) 07 Qk)
In that case, we have
Xk|Xk—1 ~ N(Xk; Mk—l—ﬂc(Xk—l)a Qk)

where Q. is the model error covariance matrix.

e The likelihood py,x, (yx|Tk) is obtained with a translation of the density €} by
Hy(xy). It is generally assumed that the observation errors follow a white Gaussian
noise, meaning that they are independent of each others (model and observation
errors are also supposed independent), and

EZ ~ N<6(l;7 07 Rk)

In that case, we have
Y5 | X ~ N(Yi; Hi(Xi), Ri)

where Ry, is the observation error covariance matrix.
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Optimal filter The purpose of data assimilation is to estimate states based on ob-
servations. This problem can take many forms, so we will focus on the filtering problem
only, which consists in finding the pdf of X, given past and present observations, Y.
This conditional pdf is px, v, (Tr|y1:k). A Bayesian recursive solution known as optimal
filter is constituted by two interleaved steps:

forecast analysis

? DXy Y11 (wk ’yl:kfl)
PXp 1%, (®kl®K—1) Py, 1%, (YklTh)

DX 1 Yigs (wkflyylikfl)
o Assuming px, ,|v,.,._,(@r—1|¥1.6—1) known, the prediction step, also called forecast
step relying on the dynamic equation enables making a first approximation of the

next state given all available information:

DXy Y1 (T Y1:k—1) = /pxk|xk1($k\$k1) DX [Yoe s (Th—1|Y1:k—1) dp—1 (3.5)

e During the analysis (or update) step, the introduction of the new observation Y, =
Yy, corrects this first approximation

Py, X, (’yk|$k) pxk\lek_1($k|y1:k—1)
DXy Y1\ Lk|Y1:k) = 3.6
¥ (lge) I pyax, (k) px, v (Telyre—1) dog (3:6)

Due to their huge dimension, a direct computation of these two integrals can not be
realized in a general case. Indeed, defining a computational formulation of the two sums
constitutes the key point to solve in filtering problems. As detailled in the following
chapter, In the case of linear Gaussian models, the Kalman filter gives the optimal solu-
tion in terms of a recursive expression of mean and covariance of the Gaussian filtering
distribution px, v, (Tr|Y1:k)-
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3.4 Exercises

Prove the equations of the optimal filter (§3.3.2)):
1. Prove eq. (3.5)
2. Prove eq. (3.6

3.5 Solutions

Prove the equations of the optimal filter (§3.3.2)):

1. Prove eq. (3.5)
Sol. Two rules are needed here :
(a) the marginalisation rule (3.4))
(b) the following conditional independence from the Markov property :

PXXe—1, Y101 (wk’wk—la yl:k—l) = PX,|Xp_1 (1131@’1131@—1)

2. Prove eq. (3.6)
Sol. Start by writing

pXk|Y1:k(wk‘y1:k) = pXk|Yk,Y1:k_1(wk|yka ylzk—l)

Then three rules are needed here :
(a) An extension of the Bayes rule :

P(B|A, C)P(A|C)

P(A|B,C) = P(BIC)

(b) the marginalisation rule ({3.4))
(c) the following conditional independence from the Markov property :

DY Xk, Y11 (Yr|Tr, Yru—1) = Py, X, (yr|xr)
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4.1 Algorithm

Let us consider a hidden Markov chain (X,Y) whose evolution is described by the fol-
lowing model with additive Gaussian noises:

Xy = M1 (Xp1) + €
Y = Hi(Xe) + €,

where the following assumptions are made:

(4.1)

e The initial state X, is Gaussian, of expectation @, (background) and covariance Py,

e The model M;_;_,; and the observation operator H; are supposed to be linear,
thus we will use the matrices notations, respectively My_; , and Hy,

e model errors €] and observation errors €} are white Gaussian noises, of zero mean
and of respective covariance Qj et Ry. They are supposed to be mutually indepen-
dent and independent of the initial condition.

Then this system can be written as : :

XO ~ N<X07 Ty, Pb)
X Xpm1 ~ N (Xp; My X1, Q) (4.2)
Y| Xy ~ N (Y Hy, Xi, Ry)

Because of the linearity of the model and observation equations, and as the initial
condition is supposed to be Gaussian, the filtering distribution pXk|Y1:k($k:‘y1:k) is also
Gaussian. The Kalman filter (Kalman and Bucy, 1961) gives the equation to compute the
optimal filter seen in the previous chapter. It is sequential and decomposed in 2 steps:
forecast and analysis (or observational update)

PXpr [Yigo (Er1 Y1) = N(zp_y; ), Ph_)) (4.3)
forecast

PXYins (®eY1io1) = Nz 2], PL) (4.4)
analysis

DX (Xk|Y16) = N(xp; zf, PL) (4.5)

4.1.1 Forecast step

Let us suppose that the Gaussian pdf px, v, ,(Tk—1|Y1:6—1) is known through the mean
x{_, and the covariance matrix P{_,. The forecast step provides px, v, . (Tx|y1.e—1) (i-e.

expression of :z:£ and Pi) using the first step of the optimal filter, eq. 1}
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We can show that

Xe|Yigo1 ~ N(Xy 3 My_1p @h_q Mkfl,kPi—lMg—l,k + Qi-1)

Xk’lekq ~ N(Xk ; 33£ ) Pi)
iL’£ = E[Xk|Y1:k71 = y1:k71] = qu,k 513%,1
P/ = E[Xy—2))(Xr — ) [Yor1 = yor1] = My_14P_ ML + Qi

4.1.2 Analysis step

At time k, px, v, (Tr|Y1:6—1) is known through the mean :ci, the covariance matrix P/,
and the assumption of a Gaussian distribution. The analysis step consists in updating
this pdf using the observation ¥y available at time k, and find px,|v,, (€k|y1.x). This
is done using Bayes’ rule. Notation f in superscript is used because this comes from a
previous forecast, as shown in the previous section. Since both state and observation are
from time £ here, the time index is dropped for conciseness in this section.

Starting with:

1 1 -1
- _ = _ WI\NT pf o
pXklyl:k—l(mk|yik*1) (27T)n/2|P£|1/2 exp [ Q(mk wk) Pk (mk mk):|
(yr|xr) SR S {1( Hiz,)" Ry (ye — H )1
DY | X \Yk|Lr) = €XP | =5\ Y — HpTg k Y — T

Then Bayes'rule provides the posterior pdf with (3.6). Using (2.4)) (here normalized),

we have
XY (Telyie) = N(ze 5 =y, Py)
with
-1
x, = E[Xk‘lek = yl;k] =P} [Pi mi + HgRglyk]

Py = E[(Xe— 2)(Xe — 20) [Yor = youl = [P+ HIRF'H,]
With the help of the Sherman-Morrison-Woodbury (SMW) formula:
[A+UDV]'=A"1-A'UD '+ VA U] 'VA™!
we can also write :

K, = P/ HI' (R, +HP/H)!
Py = (I-K.H,)P]
af = of + Ki(ys — Hyx))
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4.2 Synthesis

The Kalman filter is initialized with a background state vector x;, and the associated error
covariance matrix P,. The assimilation sequence is performed according to the Kalman
filter equations:

Initialization: x, and P,

Forecast step:

pxk\Y1:k71 (mk"ylzk—ﬂ = N<:Bk’7 $£7 Pg) (49)
ZB£ = Mk—l,k CL’%_I (410&)
P/ = M1 Pl ML, + Qi (4.10b)
Analysis step:
pxk|Y1:k(mk|y1!k) :N(mk;a’ZaPi) (4'11)
K, = P/ HI' (R, +HP/H)! (4.12a)
P{ = (I-K.H,)P] (4.12b)
x! = xl + Ki(yp — Hex)) (4.12¢)

where exponents / and @ mean respectively forecast and analysis. K, is called the
Kalman gain and (yj, — Hyal) is the innovation.

tk—1 ty lk41 temps
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4.3 Exercices

4.3.1 Proof - first version

1. Prove the forecast step (4.9)), using result .
2. Prove the analysis step (4.11]), using results ) and .

4.3.2 Innovation process

The innovation process denotes the pieces of information added by Y}, not contained in
Yipo1:
I =Y, — E[Yi|Yie1 = Yrp1]

1. prove that I, = Y, — Hy a:£

2. prove that I, = Hy (X — mi) + €

3. deduce that E(I;) = 0 and Cov(I;) = Hy P, HY + R,
4. deduce from item 2 that E[(X; — «)I7] = P/ HY

4.3.3 Proof - second version

We can prove the Kalman equations, without using the results and . As we are in

a Gaussian case we need to prove the recursive equations to calculate the expectations and

covariances mk = E[Xk|Yor-1 = Yor_1], Pk = E[(X) — :ck)(X;C — ch) Yor-1 = Yor_1],
E[Xi|Yor = you], P = E[(Xy — ) (Xx — 22)" [Yor = You]-

1. Prove ({4.10al)
2. Prove (4.10D)

3. Prove (4.12a) , (4.12b) , (4.12c) using results from the Innovation process exercice.
The proof is not straightforward at all. It is enough if you make sure that you
understand the solution.

4.3.4 Special cases

Write the Kalman filter algorithm for the following special cases:
1. There is no observation. Comment.

2. Observations are perfect: we assume that their quality is perfect (R = 0) and that
H,, is invertible.

3. x is a scalar, model My is the identity matrix, Hj as Well, and the error statistics
Ry and Qy are constant over time. We denote R = 72 the scalar 1-d matrix of

. . .. f a
observation error covariance, and similarly Pj = ak , P =092 and Q = ¢*

28



|Inverse methods and data assimilation| 2017-2018

(a) give the equations of the Kalman filter in that situation

(b) study also the asymptotic behaviour of the analysis error variance o¢* for
k — +oo (use a fix-point).

(c) what is then the asymptotics for 27

4.4 Limitations of the Kalman filter

4.4.1 Definition of covariance matrices, filter divergence

If the input statistical information is mis-specified, the filtering system may come to
underestimate the state error variances P. For exemple, if Q is underestimated, too
much confidence is then given to the state estimation and the effects of the analyses are
then minimized. In the extreme case, observations are simply rejected. This is a filter
divergence.

Very often filter divergence is quite easy to diagnose: state error variances are small and
the time sequence of innovations is biased. But it is not always simple to correct. The
main rule to follow is not to underestimate model errors. If possible, it is better to use
an adaptive scheme to tune them online.

4.4.2 Nonlinearity and large dimension

One limitation of the straightforward implementation of the Kalman filter is the problem
dimension. In oceanography or meteorology, models generally involve several millions
(very often tens of millions, even hundreds of millions sometimes) of variables. Let us call
n the number of variables. A state covariance matrix is then n x n. With the dimensions
considered, the storage of such matrix is obviously impossible. One standard solution is
rank reduction. Another strategy is to rely on the Ensemble Kalman filter that is de-
scribed next chapter.

Nonlinearity of the dynamics or the mapping observation operator poses two problems
to the Kalman filter. First, the transposed models are not defined. Then, nonlinearity
destroys gaussianity of statistics. On way to proceed with nonlinearity is given by the
extended Kalman filter detailed here (Mj_;; and Hj denote the tangent linear models
of My_1_; and H;, respectively, applied to respectively xj_, and a:i ):

Initialization: =z, and P,

Forecast step:
PXy|Y 151 (@r|Y1k-1) = N (2k; azg, Pi)

:1:£ = My—1ok(T)i_y)
P£ = M1 Py Mgfl,k—i_Qk*l
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Analysis step:
XY (TE|Y11) = N (215 2, PY)

K. = P/ HI'(R,+H,P/HI)!
P{ = (I-K.H,)P]
zp = @} + Ky — Hil(a]))
However, this algorithm is valid only for weakly nonlinear models. Otherwise, one may

rely on the Ensemble Kalman filter (of only the dynamics is non linear and the gaussianity
assumptions holds) or on the particle filter (if the dimension is not too large)

4.5 Exercice - Extended Kalman Filter

Let us consider the Lorentz model

d

&= oW

d

_dg; =pr—y—x2 (4.15)
d

d—i = —fBz+uxy

This system is a non-linear differential system of order 1. Using the following parameters,
oc=10, g = g, p = 28.0, it gives rise to a chaotic system. the solution is seen to orbit
around two equilibrium points giving two 'regimes’.

We aim at performing data assimilation. We assume our model is inaccurate, and
the initial condition is not perfectly known. To mimic this, we assimilate observations
extracted from a reference simulation into an unperfect model ( with p = 29 ) initialized
with unperfect conditions : the background is set to (3,—3,21). We consider the case
where all variables (z,y and z) are observed at all times. Write the Extended Kalman
filter algorithm for that data assimilation problem. Write it again, in the case where only
variable z is observed.
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4.6 Solutions

4.6.1 Proof - first version

1. result given by (2.3) and identification ( Y is @y, X is @)_1)

2.

remarking that :
(y —Ha)'R™'(y —Hz) = (z'H' —y" )R (y — Ha)
(z"H” — y")HT 'H'R'HH '(Hz — y)
= (¢ —y"H" HH'R 'H(z - H'y)
(z-H 'y)"H'R™'H(z —- H'y)
then we proceed by identification with :

a=H'y A=HR'H

b=x] B=P]

4.6.2 Innovation process

1.

I, = Y,— E[Yk‘lekfl = y1:k71]
= Y, —EHXp+ €| Yie-1 = Y141
= Yk — Hk.’lli

Ik = Yk — Hk.’Di
= H;X; + ¢ — Hyx]

E[(H(Xi — o) + ) (Hi(Xi — @) + €0)”]
then we develop: = Hy Pi Hf + Ry

we use the hypothesis that the forecast error and the observation error are decorre-
lated

E[(Xs — 2] = E[(X) — @) (Hy(Xy — 2f) + )]
- plu

by developping and using decorrelated rules.
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4.6.3 Proof - second version

il faut re-ecrire la preuve en ajoutant le conditionnement sur les mesures dans les covari-
ances - ca devrait marcher exactement pareil
1. (4.10a)): forecast from the model and the previous analysis.
[ _
x, = E[Xp|[Yir1=yie-1]
m
= EMj;_1x Xio1 + €' Y1r-1 = Yr-1)
= Mpx EXe | Yir1 = Y] +Ele 1| Yie1 = Y1
a
= Mkfl,k Ly 4

2. ([A.1I0D):
P/ = E[Xi—a])(Xe —a})"]
= E[(Mp-1p(Xpo1 — i) + 624) ()]
then we develop: = M;_1,;P{_ M, + E[ej" e 1]

+ M1k B[(Xer — @) [+ Bl (Xpm1 — w%—l)T]M;}F—l,k
we use the hypothesis that the analysis error and the model error are decorrelated

P/ = My 1 kP MG+ Qi

x; = E[Xi|Yir =y
= 1‘;’: + E[X}, — w£|Y1:k = Y1k]
= CE£ + E[X) — CC£|Y1:k—1 = Yru-1, Lk = U]
then
Xy, —xf = (X —xf) — (zf —x]
= (Xi— @) - E[Xy — @[T, = i
so that
Pi = EB[(Xy —zi)(X) — z})"]
= E[(Xi —2f) — B[X; — ]I = &x])(")"]
We therefore need to calculate the expectation and variance of X, — :c£|Ik = 1.

Using results from the exercice on the innovation process, the vector (X, — wi k)
is Gaussian of mean 0 and covariance:

( P P/ H )
H, P/ H, P, H] + R,

then using ([2.1]), we can deduce

P = P/ — P/ H (H, P] H! + R,)"'H, P]"
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which proves (4.12a)) and (4.12bf). and finally

i = al+BX; - af|l =i
= ai+P{ H{(H, P{ H] +Ry)~ (y — Hy)

which proves (4.12¢). Youhou, it’s done !!

4.6.4 Special cases

4. Without observations, the Kalman filter consists only of the forecast equation
(4.10a]) (4.10b)), In particular (except very special cases), the error always increases.

5. With perfect obs the equation for Kj, is simpler: K; = H,;l, then we find Pj = 0,
and finally xf = H,;lyk, P£ = Q. We trust the data completely, the forecast error
is just the model error.

6. (a) We denote R = r? the scalar 1-d matrix of observation error covariance, and
2
similarly P{ = ¢/, P¢ = 02, and Q = ¢*. Then, as M = H = id. we have :

(4.108) - = af

o (|4.10Db) : a,fQ = 02_12 + ¢?

f2
e the kalman gain equation (4.12a)) is kp = fa+
(Uk ""7’2)
112D) : 02 = T =
[ ) . . Uk — U£2+T2 — kr

o (412d) : af = @] + kiys — 7))

(b) asymptotic for o¢*: we have the recursive equation

f2 2
a2 Op T
k 2
U,’: + 72

using (4.10b)) we get

0_(12 — (02—12 + q2>712
P ot 2?2

for k — oo we have o — 0% where 022 = X is the solution of the fixed point

equation
(X + )

(X +¢*+r?
equivalent to X2 + ¢*X — ¢*r? = 0.

— %4/ g +4q2r2

whose positive solution is X = 0% = 5
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. oa2 f oa2
(c) for %, using ki = % and x; = xf_; we then have zf = f_, + 25 (yr, — 2}_,),

and for large time we have
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As seen in the previous chapter, the Kalman filter solves the optimal filter by given
explicit recursive expressions of the two first moments of the pdfs. This is optimal only in
the linear Gaussian case. What happens if the models are nonlinear and / or the pdfs non
Gaussian? The Kalman filter is no more optimal and, more importantly, can easily fail
the estimation process. Other approaches must be used, relying on sampling strategies.
Then come the Ensemble Kalman filter and the particle filter. They work sequentially
in the spirit of the Kalman filter, but unlike the latter, they handle an ensemble of
states (members or particles) which distribution approximates the pdf of the true state,
eventually Gaussian if one is using the ensemble Kalman filter.

5.1 Monte Carlo principle and samplinéﬂ

The idea of Monte Carlo simulation is to draw an i.i.d. set of samples {x("},_; y from a
target density px(«) defined on a high-dimensional space. These N samples can de used
to approximate the target density with the following empirical point mass function

px (@) ~ %Z‘S“‘(“(w)’ (5.1)

where 0, () denotes the delta-Dirac mass located at 0.

Then we will be able to approximate integrals such that:

@) = | 1(@) pxla) =5 3 7

When px(x) has standard form, e.g Gaussian, it is straightforward to sample from it
using available routines. However, when this is not the case, we need to introduce more
sophisticated techniques. Most of the sampling methods to sample from px () are based
on the following principles :

1. choose a distribution ¢x () from which it is easy to obtain samples. This distribu-

tion is called the importance distribution or proposal
2. compensate the errors due to the sampling from the wrong distribution
3. The sampling quality increases with the number of samples (the ideal is N — o)

! This section is largely inspired from An Introduction to MCMC for Machine Learning, C Andrieu,
N de Freitas, A Doucet, M. 1. Jordan
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5.1.1 Rejection sampling

Rejection sampling is based on the previous principles.The following assumptions are
made :
e the easy-to-sample proposal distribution ¢x(x) satisfies px(x) < M ¢x(x) with
M < oo
e we are able to evaluate px(x) for all

rejection sampling : generate N i.i.d. samples {m(i)}lzl_,N de px(az)

e =0
e wvhile ¢ # N do
1. generate a realisation x( from g¢x(x)
2. generate a realisation u from U
3. if
px (x®)

<2 I
Vi gx (™)

then accept " and increment 1; otherwise reject the
sample.

The drawbacks of this method are the following. First, It is not always possible to
find a value M that is valid for the whole space X'. Second, the acceptance probability of
a sample is proportional to 1/M thus the method is intractable in high dimension when
M is large.

5.1.2 Importance sampling

Importance sampling (IS) is an alternative to rejection sampling. The good thing is that

the hypothese on the existence of M is removed. Again, we suppose that we know how

to generate samples from a importance function gx () such that px(x) > 0 = ¢x(x) > 0
By remarking the following equality :

11/ (x) = /X f(@) px(x) do = /X f(@) @) (@) da

qx ()
we can deduce that we can sample ® from gx and use the ration % to compensate
the error made. and N
1 ~(i
px(x) ~ > 06,0 (), (5.2)

=1
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IS : generate N i.i.d. weighted samples {z®¥ w®},_;
approximating px(z®)

Importance sampling
e Generate N samples {xW},_;.y from ¢x(x)

e Associate to each sample its normalised importance weight

J\l{u(z) whith w® = M

' = .
2wl ax (@)

5.2 The Ensemble Kalman Filter (EnKF)

Let us start with the Ensemble Kalman Filter (EnKF). As we have seen in the previous
chapter, when the model and/or observation operators are non linear, one may rely on
the Extended Kalman Filter. However, in high dimensional applications, the EKF cannot
be implemented due to the high cost associated with the construction of the evolved
covariance matrix. Besides, the implementation of the EKF relies on the local linear
tangent which leads to neglect the nonlinear effects. Efficient ensemble techniques have
been devised specifically for that purpose. They are mainly defined through replacing the
forecast mean and covariance matrix by an empirical expression of the ensemble mean
and covariance matrix.

The structure of the EnKF is the same as the Kalman filter, i.e. it works in two
phases, forecast and analysis. But, here, the pdfs are represented by a sample (called the
ensemble) of states (the members). In the forecast phase, the ensemble is propagated by
the nonlinear dynamics. This ensemble of samples allows computing an approximation
of the error covariance matrix. The analysis step is computed in Kalman’s fashion: the
analysis equations are applied to each member of the ensemble. For consistency with
the observation error covariance matrix, the observations used need to be noised accord-
ingly. All the other statistical information necessary to the BLUE is calculated from the
ensemble.

The algorithm version presented here is called the stochastic Ensemble Kalman filter.
Let N be the number of members in the ensemble, and ¢ a member index running from 1
to N.

Initialization: ") = @, + ¢® with ¢ ~ N(0, P))
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Forecast step:

1 7 _ 7 _ T
PIH] = —— > («/" —2') (Hul(a]") - u(a))
fer. T 1 £60) _f 76) 1)
HPIH, = > (He@{®) - ml@)) (ela]”) - Hu(@"))
=1
K, = P/H!(H,P/H! + R;)™"
y,(:> = yp, + D with @ ~ N(0,Ry)
" = & + Kily,) — Hil]")
X}
. [ X,
Xk—l ‘ k+1
- xi
Xkt
)_(If(—l [ )
tk—1 ty tis1 temps

In this version of the algorithm, no model error is assumed. If the model is imperfect,
the integration scheme needs to be adjusted to account for the stochastic noise : the cloud
of possible states is generated from a randomization of the dynamics or of its parameters.

5.2.1 How to make it works in very high dimensions ?

Let us suppose that we have a data assimilation problem coming from geophysics, where
the state to be estimed is represented by thousands of unknowns living on a discretisation
grid (exemple fig 5.1)
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Figure 5.1: exemple of a discretisation grid for an atmospheric model

5.2.1.1 Localization

With the presented EnKF, the problem of storing the state covariance matrix, mentionned
in section [1.4.2] is solved. “Only” N state vectors are stored. In the standard EnKF,
the inversion of the innovation error covariance matrix is still required to compute the
Kalman gain. The dimension of this matrix is s X s, s being the number of observations.
In real problems, s may easily become of the order of a few hundred, which makes the
inversion prohibitive. The usual strategy to tackle this problem is to localize the analysis,
i.e., to consider, for the correction at one grid point, only the observations present within
a limited region in the close environment. Thus, the Kalman gain is different and must
be recomputed for each grid point. But the local innovation error covariance matrix is
of low dimension and its inversion is possible. Localization is a very important aspect in
high dimensional Kalman filtering.

Localization is not only useful to compute the Kalman gain in the EnKF. It also
prevents corrections due to distant observations. Such corrections are due to significant
correlations between distant grid points. But these correlations are very often due more
to the effect of subsampling rather than real physical and statistical reasons.

5.2.1.2 Inflation

Even when the analysis is made local, the error covariance matrices are still evaluated
with an ensemble of limited size. This often leads to sampling errors, that can accumulate
in time and lead to the filter divergence. One way around is to inflate the error covariance

matrix by a given factor:
P — )\2Pa

Such a trick can also be applied to P/

Many more elements on Ensemble Kalman filters can be found in chapter 6 of the
book Data assimilation - Methods, Algorithms, and Applications, M. Asch, M. Bocquet,
M. Nodet, ed. Siam, 2016.
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5.3 Particle filter

As the EnKF computes the two first moments of the distributions, it still relies on Gaus-
sian assumptions. What happens if both models are nonlinear and the pdfs are non-
Gaussian ? Then the Kalman filter and extensions are non longer optimal and can easily
fail the estimation process. Another approach must be used. A promising candidate is
the particle filter.

The idea behind particle filtering is very simple. These techniques propose to im-
plement recurswely an approximation of the complete density px,, v, (Zox|y1:k) by N

samples :I:M, following Importance sampling strategy (see section [5.1.2). This approxi-
mation consists in a finite weighted sum of N Diracs centered on hypothesized locations
in the state space — called particles, (members of the ensemble in the EnKF jargon) — of
the initial system x,. At each particle m& (1 =1:N) is assigned a weight w,(;) describing
its relevance. This approximation can be formulated with the following expression:

i=1:N

The IS principle tells us that if the samples w(()li were drawn from an importance

density gx,.,[v,.. (To:e|Y1:), the weightw are defined by :

w® with U)(Z) DX Y1 (mgmyl.k) (5 3)
N : k= i :
ijl wt) X Y1 k(m(()gc|y1:k>

5.3.1 Towards a sequential algorithm

Assuming that the approximation of pXO:k—1|Y1:k—1(mOZk_1|y15k_1) is known, we aim at de-
signing a recursive algorithm to approximate px,,|v,..(Zox|y1:x). To do so, we have to
make the following assumption on the importance density :

X 0. Y15 (w01k|y1:k) = Xy |Xo.-1,Y1:k (mk‘wO:kflyyliw qxo:k—l‘Yl:k—l(mOZk*1|y11k*1)
Then one can obtain samples m(% ~ X Y1 (ok| Y1) by augmenting each of the
existing samples 37((31;3@—1 ~ QX1 [Yrin 1 (Tok—1|Y1:6—1) With the new state
zc,(;) ~ QX Xon 1, Y1 (k| Zok—1, Y1.6). To maintain a consistent sample, the importance
weights are updated according to a recursive evaluation as the new measurement y;

becomes available :

(4) (@)1,,,(%)
{El(:) ~ "&71(21 Py, x, (Ye| T, )pXk|Xk (] k—l), Z {Dl(:) —1 (5.4)
A% | X .- 1»Y1k(wk: ‘ka 1 Y k) i=1:N

Limiting ourself to these two steps for updating the swarm of particles induces an
increase over time of the weight variance. In practice, this degeneracy problem makes the
number of significant particles decreases dramatically over time implying an impoverish-
ment of the estimate. From time to time, it is thus necessary to perform a resampling
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step. This procedure aims at removing particles with weak normalized weights, and multi-
plying particles associated to strong weights, as soon as the number of significant particles
is too small. Consequently, resampled particles tend to be concentrated in areas where
important features exist. The decision to perform or not a resampling step may be de-
pending on a value called the effective sample size ES'S, whose value i slow if the sample
is impoverished :

N
@)
These three main steps (sampling / calculation of the importance weights / resam-

pling) constitute the general framework of particle filtering. Let N be the number of
particules, and ¢ a member index running from 1 to N.

ESS =

Initialisation Generate N samples {:B(()i)}izl_,N and set w(()i) = %

Importance sampling

e @ Generate N samples {mg)}izl___]v from qu‘xowl,yl:k(a:ﬂ:c&fl, Yik)
o Set @p), = (2 _1@;) |
e @ Associate to each sample its normalised importance weight {QD,(;)} using 1}

R ling® [If —2%— <
esampling [ @ <€ ]

e Generate N new samples among {w&} depending on their probabilities given by
the weights {@\"}

o Set @) = L

@

5.3.2 Choice of the importance density

Historically, the first proposed particle filter including a resampling step has been built
with the following rules:
(a) to set the importance function to the evolution law, i.e.

X4 Xo:—1,Y1:8 (wk|wézz3cfl’ yl:k) = PX|Xp—1 (mk|ml(;zl)

(b) to proceed the resampling step at each iteration.
This scheme corresponds to the Bootstrap particle filter.

It is clear that adding a resampling procedure improves the quality of the estimates
by reducing the degeneracy problem. However, unnecessary resampling may introduce
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its own challenge as samples with higher probability may be oversampled, and regions
corresponding to secondary modes of the filtering distribution may be not well explored.
Another strategy whose aim is to reduce the degeneracy problem consists in using an
optimal tmportance function which minimizes the variance of the weights conditioned
upon Xg.x_1 and zy.,. It is then possible to prove that choosing:

X5 Xo:-1,Y1:k (wk|w(()13c—17 yl:k) = PXp|Xp—1, Y (wk’wl(clzh yk)

corresponds to this optimal choice (which is rarely possible in practice).

The choice of the importance function is of crucial importance for the quality of the
particle filter estimates. As a consequence, the goal of more recent approaches is to design
efficient importance functions approximating as closely as possible the optimal one, and
to guide the particles in high likelihood areas. These approaches aim also at introducing
the measurements into the sampling step.

5.4 Particle filter and high dimension

The particle filter is very efficient for highly nonlinear models but with low dimension-
ality. The number of required particles typically increases with the system state space
dimension. Designing particle filters for data assimilation in high dimension space is still
an active research topic.

5.5 Exercices

1. Prove the weight update equation (5.4) from ({5.3)
2. What is the weight update in the case of Bootstrap particle filter ?
3. What is the weight update in the case of optimal importance function 7

5.6 Solution

1. Prove the weight update equation (5.4) from ({5.3)
Let us remark that :

pXo:k|Y1:k(w0:k|y1:k)
= PXouYiw (Tok|[Yrk—1, Yi)
DX, Yi[Yik1 (Toke> Yr|Y1:6—1)
ka\Yk—1(yk|yk—1)
X ka|X0:k7Y1:k-—1(yk|m0:k7ylzk—l) px0:k|ylzk_l(m0:k|y1:k_1)

X DYy Xy (yk’wk) pxk|XO:k—17Y1:k—1(wk’wozk*17 ylikfl) pXO:k—1|Y1:k—1(wOik*1|y11k*1)

< Py (YrlTr) pxpx, o (k] Tr—1) PXos 1 Yisr (Tok—1|Y1:6-1)
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then, we have :

(@) PXo.i|Y1 (5'3(()%’!/11@)

Wy, =

qXO:lelzk (w(()13<3|y1k>

Py Wilzy) pxaxe s (@121 1) Pxos [ Yon s (@5h 1 [Y1—1)

X Wi 4

X5 Xo:—1,Y1:8 (:Bg) \w((&_p yl:k)

2. What is the weight update in the case of Bootstrap particle filter 7

X4 Xo:—1,Y1:8 (wk‘wélzac—lﬁ yl:k) = DXy |Xp—1 (wk:‘w;(jzl)

{D(i) Dy X, (yk|w,(;)) pxk|xk—1<wl(§z)‘m/(€zzl)
k—1 i) (i
4% 1| X0:k-1,Y1:1 (wl(c : |.’13(()3€_1, yl:k)

B pyx, (el

(@ _

as a resampling step is performed at each iteration, w,’, = %Vi SO

wy o pyx, (Yelzy)

3. What is the weight update in the case of optimal importance function ?

X4 Xo:-1,Y1:8 (wk|w(()zac—17 yl:k) = PXp|Xp-1, Yk (wk’wl(clzh yk)

We have : T
i Py X Xey Yk, 2 2y )
pxk‘Xk—l,Yk(wk|w](gll7yk) = Rkl k(i) k-1
ka,Xk,1 (yk7 wk;_l)
and

Dy, Xy (yk|ml(;)) PX|X5-s (:L'k ) |mk71

(8)) . (%) ) _ DY X X (yk7 w](;)a w;(le)
pXk_l (m](jll)

{D(i) Dy X (Y. |wl(cZ)) DX X4 (wl(;) |ml(<21)

k=1 i)y (i
X |Xok—1,Y 1.k (a:l(c ) |w(();3c_1> yl:k)
~(’L) ka,Xk,1 (yk7 w](;zﬁ
Pt 0
PxXy_q (wk—1>

) pyyxe s (elzd )

X5 Xo:-1,Y1:k (mk|w(()2:3c—17 ylik) X —1Y1ik-1 (@%-1 ’y11k71>

o Pyaxe (Uelel) px,x, (@)
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6.1 Differential calculus

6.1.1 Directional derivative

Definition 6.1 Let f : E — R. We call Gateaux derivative, or directional derivative,
of f at point a € E in directiond € E

of n fla+ad) - f(a)

(@) = flal(d) = lim -

Examples:

e partial derivatives are directional derivatives in the direction of the members of

Xy
the canonical basis (d = ¢;)
af (a) — lim f(a+ aei) B f(a)
agji a—0 (07

o Let f(z,y) =222+ a2y +y*>and d = (1,2).

20) —
O (1) = iy 1O+ 004 20) Sl

= lim 6z + 5y + 8a = 6x + 5y
a—0

6.1.2 Fréchet derivative, gradient, jacobian

Definition 6.2 Let E be a Hilbert space. Let f be a function from E to R. We say that
f s Fréchet differentiable at point a € E if there exists pa € E such that

fla+d) = f(a)+ (pa,d) +o(||d||) VdeFE (6.1)
Then pa is called the derivative or the gradient of f in a, denoted V f(a).

Definition 6.3 The function d — (V f(a),d) is a linear application called differential
function or tangent linear function of f at point a.

Examples:

e In finite dimension (F = R"), the gradient of f in a is simply

of

8_:1;1 (a)
Via) = :
of
ox,,

(a)

e For the previous exemple f(z,y) = 222 + xy + y?, we have

Vi(z,y) = ( i"@;;z >
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Very important property:
if the gradient exists, then the directional derivative in direction d is
of ~

(@) = Flal(d) = (V/(a). ) (6.2)

Examples:
e Going back to f(x,y) = 2z%+zy+y?. Its directional derivative in direction d = (1, 2)
4o +y

) so we can verify that
T+ 2y

is 6x + 5y and its gradient is Vf(x,y) = (

(Vf(,y),d) = ( iszz ) , ( ; ) — (dz+y) +2(x + 2y) = 6z + 5y = g—(‘];(x,y)

Definition 6.4 Let E and F' be two Hilbert spaces. Let f be a function from E to F (not
necessary R). We call differential of f at point a € E the linear function Fq), defined by:

fla+d) = f(a) + Fy(d) +o([|d]) vdeE (6.3)

When E and F are of finite dimension, for exemple f from R"™ to RP, Fiy(d) = Fpad,
where Fq is the Jacobian matriz of f at point a (also called linear tangent operator).

. n afl afl
R RP ZJ= ZJL
! - filzy, ..., x,) F axl,(a) 8%(&)
X — : [a] = : :
' 0 0
@) a—ﬁ(a) a—ﬁ(a)

6.2 Optimisation algorithm

We consider the following problem:

Problem 6.5 Find the minimum x*:

J(x*) = min J(x)

xeR”

6.2.1 When J has a quadratic form

Let A be a p x n matrix, of rank n (p > n), and b a vector of RP. Let N be a symmetric
positive definite matrix of size p x p. Let the function J of R™ in R defined by

J(xz) = |Az — b|% = (Az — b)"N(Axz — b)
J has a quadratic form. It is minimum for

x* = (AN A)'ATNDb (6.4)
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6.2.2 Descent algorithms

For more complex function J, descent algorithms can be used for minimisation. The
minimisation algorithms start at a point () and build a sequence of points &) which is
meant to converge to a local minimum. () must be in the basin of attraction of the local
minimum. At step k of the algorithm, we determine a direction dj which is characteristic
of the method. This direction is used to define the next point of the sequence

T(k+1) = T(k) + aydy, such that J(m(kJrl)) < J((E(k))

e d; € R" is the direction descent at iteration k,
e ;. € R is the descent step at iteration k.

There exist many methods, each one corresponding to a specific choice of oy ands dy, for
exemple :

o gradient method: dy = —VJ(xy))
e Newton method: dy, = [V2J ()] V.J ()
where V2.J () is the Hessian matrix of J.
IV T () [1”
IV I (@12

e conjugate gradient: d, = —VJ(x@)) + di—1

e ctc.

One important point here is to notice that they all need an estimation of the gradient
value VJ(x(;)). This is detailled next section

6.2.3 Getting the gradient is not always obvious

if the size N of the state variable is very small (< 10), V.J can be easily estimated by the
computation of growth rates:

aJ

92, @) J(z +aer) — J(x)] Ja

Vi(x) = : ~ ; (6.5)
L2 I+ aex) — J(@)] o
8:1:N

This calculation requires N + 1 run of the model, that can be prohibitif in actual appli-
cations like meteorology / oceanography where N = [u] = O(10° — 10%). Alternatively,
the adjoint method provides a very efficient way to compute V.J. It will be introduced in
the next chapter ... but let’s do some exercices first.
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6.3 Exercices

exercice 1

Let A be a p X n matrix, of rank n (p > n), and b a vector of RP. Let the function J of
R™ in R defined by

J(z) = [|Az — b||* = (Az — b)"(Az — b)

1. Compute the directional derivative of J in « in direction d = éx
2. Deduce the gradient of .J
3. Deduce the expression of * = min, J(x)

exercice 2

Let A be a p X n matrix, of rank n (p > n), and b a vector of RP. Let N be a symmetric
positive definite matrix of size p x p. Let the function J of R™ in R defined by

Ji(@) = |Az ~ b|% = (Az - b)"N(Az - b)

1. Deduce the gradient of J; from the result of exercice 1.
2. Deduce the expression of * = min, J;(x)

exercice 3

Let X and Y be two Hilbert spaces and (.,.)x, (.,.)y the associated scalar products. Let
xe X, yeY and d € X. Let g an application from X to YV differentiable. We define f
from X to R by
f(@) = llg(z) — yl”
1. Compute the directional derivative of f in @ in direction d = dx
2. Deduce its gradient.

6.4 Solutions

exercice 1

J(x+adx)—J(x) = (Alxz+a (5:1:) b)'(A(x + adx) —b) — (Az —b) ' (Ax — b)
= a ((Adx)"(Az —b) + (Az — b)"Adz) + o (Adx) A dx
)

J(x+adx) — J(x

Then lir% = (Adx)"(Ax —b) + (Ax — b)TA ix.

a
The 2 terms in the sum are equal (they are real numbers), so :
Jz](6z) = 2(Az—b)TAdz
= 2 (Axz —Db,Adx)
2 (A"(Az —b), éz)
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And, using (6.2)), Jz](6x) = (V.J(x),6x) we can deduce:
VJ(xz) =2AT(Az —b) (6.6)
J is quadratic, and admits a unique minimum «*, such that V.J(z*) = 0.
VJ(x*)=0< ATAx* = A™b
ATA is a square matrix of size n and rank n and is inversible. Therefore

xz* = (ATA)'ATD (6.7)

exercice 2

N is a symmetric positive definite matrix, so we can write N = N/2N"2 where N'/2 is
also a symmetric positive definite matrix of size p x p. Then

Ji(x) = (Az —b)"N(Az —Db)
— (Ax —b)"N2NY2(Az — b)
— (N'2Az — N'2b)T(N'?Az — N'/?b)

We are brought back to (7.5, by replacing A by N*/2A and b by N*/2b. Then:

Vii(xz) = 2(NY2ZA)T(NY2Az — NY?b)
= 2ATN'?N'"?(Az —b)
— 2ATN(Az —b)

and ((6.7) becomes
x* = (ATNA)'A'Nb

exercice 3

We use
g(x + adx) = g(x) + aGox + o(a)

where G is the jacobian of g in x, that is a linear application from X to Y. Then it is
similar as exercice 1 and the result is Vf(z) = 2G[, (9(x) — y).
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Let us recall that Data assimilation is the process by which observational data are
fused with scientific information. Several sources of information may be available on the
system we are interested in :

e observations y and associated mapping H

e an evolution model M

e a background «x; of the state of the system at an initial moment (which therefore
of course allows, by propagating it by the model M, to have a draft of the whole
trajectory of the system)

e all associated errors

In the two previous chapter, we have been interested in the Bayesian approach to the
problem, deducing from the optimal filter the Kalman filter, the Ensemble Kalman filter
and the particle filter.

Let us know turn to the variational approach. As explained in finding the
best possible estimate can be done through the definition of a functional quantifying a
discrepancy between the state of the system a and the two available sources of information,
i.e. the background x;, and the observations y. We then look for the optimal state x¢,
also called analysis, which minimizes this functional.

x® = min J(x)

where J(x) is a cost function defined to measure the misfit between available information
(background and observation) and model.

7.1 Expression of the cost function J

In the general case we aim at estimating the trajectory & = [xg,x1,..., k]| by
minimizing the cost function

J(zx) = J*(x) + J(x) + J(z)
e J'(x) stands for the a priori term,

1
Jb(;p) = 5“&:0—51313‘@,;1

The notation |z||4 = 2T Ax is used to denote the norm associated to the scalar
product defined by the symetric positive definite matrix A.
e J°(x) stands for the data term

K
1
Jo(x) = 5 > I1He(@n) — yillg
k=1

e Ji(x) stands for the model term

K
1
Jq(gc) = 5 Z Hwk - Mkflak(wkfﬁHZQ;l
k=1
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When the cost function has been set, then the problem is entirely defined, and so is its
solution. The “physical” part lies in the definition of J, the choice of the covariance
matrices, the background, etc. Finding the solution once the cost function has been
defined is “only” technical work.

With a perfect model In practice, in the variational framework, the model is almost
always supposed to be perfect. In that case, the term J? is equal to 0 ; and the problem
of estimating « is brought back to a proper estimation of the initial condition axq, with

K
1 1
J(xo) = J(w0) + J°(20) = g ll@o = wbH%;l t3 D MR (Mo (o)) — ka;};l (7.1)

k=1

In the simple stationary case we have:

1 1
(o) = (o) + J°(x0) = 5|0 = wsllp1 + 51 H(20) — Yl

7.1.1 link with the Bayesian approach

Finding the minimum of the cost function J(xy) as in ([7.1)) (i.e. with a perfect model) is
equivalent to find the maximum of the probability distribution px,v,.. (Zo|y1:x):

pXO\Yl:k(fB0|y1:k) X pY1:k|X0(y1:k|fE0) pxo(fﬁo)
with
K

Py, ..1Xo (ylzk |€L'o) = H Py, |Xo (yk ’iﬂo)
k=1
K

= HkaIXn (yg|x, = Mook(xo)) (7.2)

k=1

Now by making the assumptions that Xo ~ N (Xg; @y, Pp) and Y| Xy ~ N (Yi; Hie Xk, Ry),
we get:

K
1 1
PXolY1 (Tolyrr) o< exp <—§Hwo - $b||f>b—1 t3 ; | Hie(Mosi(o)) — yk||2R;1>

i.e. pxo[vy, (Tolyrk) o< exp —J(x0).
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7.2 Minimising J

7.2.1 One minimum, several minima ?

We will consider the case where the cost function is composed of 2 terms, J° and J°. J°
has the good property of being convex ; whereas the nature of J° depends on the nature
of the operator H and M.

e If H and M are linear. Considering only J°, the optimisation problem can be un-
derdetermined, if the number of observations is lower than the size of the unknown.
Adding J® leads the problem to be well posed. The cost function is quadratic.

e [f H and M are non both linear, J° is no longer convex, and may admit several local
minima. Adding J° ease the problem by regularising it but without fundamentaly
changing it.

7.2.2 Introduction to the adjoint method

Previously seen optimisation methods require the computation of V.J. If the dependance
of J on the control variable x is complex and/or indirect, this computation can be com-
plicated. Numerically, we can still use growth rate approximations. But this allows only
to compute one directional derivative, and we would need to do this for each component
of the gradient. If the dimension of the state is large, it will be costful. In practical
applications, it is usually impossible to do so, e.g., in oceanography and meteorology, the
initial state space dimension is larger than 107.

Let us take the case for J has the following form :
K

> (Gr(®) — yi)" R, (Gel) — i)

k=1

N | —

1K
J@) =5 lIGk(@) - yelfs =
k=1

Let us give the expression of the directionnal derivative of J in @. Denoting by
T =x + adx, we have

Nerabe) 2 1@ _ LS (Gi@) w0 Ry (6u(@) — wi)
B —(Gr(@) —y)" Ry (Gi(@) — )
-3 (FOHE) Ry @@ - )

+% ; (Gr(x) —yp)" Ry (gk(i) — gk(m))

Using ([6.3]), we have
Gi(T) = Gi(x) + o Gy 0z + 0 (||6z|?)
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where Gy is the jacobian matrix of G at point . Then,

iig%) o = ka(sa? (7 3)
and .
Ta)(6m) = (Guagox)" Ry [Gi(@) — wi] (7.4)

=)

@] (6x) = oa’ Y, Gl Ry (Gr(@) — i)

= <z, Z Gg[w] R, (Gi(x) —yi) >
k=1

And, using (6.2)), Jz)(6x) = (VJ(x),0x) = 0z, V.J(x)) we can deduce:

K

VI(x) =) Giy R, (Gu() — yr) (7.5)

Gg[w] is called the adjoint operator, and corresponds to the transpose of the Jacobian of
g at point x.

7.2.3 The adjoint operator

Let us take as exemple :

1K
(o) = 5 > l1Gk(x0) — w7
k=1

with
Gr(xo) = He(Mosi(zo)) = Hi o Mosi(xo) = Hi 0 My_151 0+ - 0 Mo1(T0)

Let us notice that each application of Mj,_1_,; corresponds to the integration of the model,

wich can be a big peace of code for some application, e.g. oceanography or meteorology.
Then

V(@) =) Giy Ry (Grl(@o) — yi) (7.6)

Denoting by Hy, respectively Mj,_; ;, the jacobian of Hy, respectively Mj_1_, for all k,
we have
Gifwo) = Hifw] Mi—1kf_y] - - - Moifao]

where x; = Mo_,(xo) results from the model integration. Then the adjoint operator
writes

G
It is important to notice that the adjoint operator implies a reverse operation in time.

At this point, it seems that an adjoint operator has to be apply for each elements of
the sum in ([7.6)). However, the interest in using this gradient formulae is the fact that

MG 1m0l - Mi 1 pizs o] Hbfe]

:1:0] = :l:()] *
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computations can be factorised. Let us take the example of K = 3, and 3 observations
Y1, Y2 and ys:

VJ(xo) = Gigy Ry (Gs(x0) — ys) + Gopy R (Ga(0) — 42) + Gy R (Gi(xo) — 1)
= MDl[:co} M1 2[z1] M2 32 HT 3] R3 (G3(0) — y3)
+M0 A[zo] M1 2[z1] H2[m2] 2 (92(330) — Y2)
+M01[m0} Hl[acl} L (Gi(xo) — y)

Vi(zy) = Mgl[a}o]
[M] 5z,
{M3 32, Hipey R3' (Gs(x0) — y3) + Hipy Ry (Go(o) — 92) }
+H{, Ry (Gi(mo) — y1)]

In order to ease the tangent and adjoint coding, several automatic differentiation tools are
available. They take as input your direct model code and create the tangent and adjoint
model (TAM) codes.

7.3 Algorithms in practice - Stationary case

Let us make the assumption that the model is stationary. Then & = xy and the cost
function is :

) 1 1
J(xo) = J(wo) + J°(w0) = §||f'30 — f’?b||f:b—1 + §||7'f(930) — Y[l

7.3.1 Linear stationary case

As seen before, when H is linear, J has a quadratic form. Minimising J is a least-square
problem, for which we know the exact solution. the cost function is

1
J(@o) = J'(wo) + J° (o) = gll@o — @51 + 5 ||Hwo —yllr

by replacing A, b and N in (6.4]) such as
I, _ x’ _ Pgl 0
A_(H) b_<y) N_(O R_l) (7.7)

' =z'+ (P,' + H'R'H) '"H'R ' (y — Hz") (7.8)
With the help of the Sherman-Morrison-Woodbury formula, we can recognise the Kalman
filter update equation.

Let us also remark that in high dimensional problem, one may need the expression of
the gradient of the of J which is given by

VJ(xo) = Pyt (zo — 2°) + H R} (Hxy — y) (7.9)

we get

56



|Inverse methods and data assimilation| 2017-2018

7.3.2 Non linear stationary case: 3D-Var algorithm

Let us know consider the case when H is non-linear. For time depending problems,
the 3D-Var algorithm is a simplification of the full variational data assimilation scheme,
making the assumption that the model is stationary over the assimilation window. This
algorithm is more dedicated to stationary problems, however it has been used for long
(and still is) for non stationary problems but with large dimension. In that case, the
observations y although depending on time, are considered as observation of the initial
time.

obs

\ Prévision précédente

obs

7 obs

I Temps

Fenétre d’assimilation

Figure 7.1: 3D-var

The cost function of 3D-Var is:
J($0> = Jb($0) + JO($0>
1 1
= §Hwo - ﬂch%;l + QH'H(@‘O) —yli-

The gradient of J is given by

VJ(xy) =Py (2o — x’) + HY, }R_l(H(wo) —y)

[xo

where Hj;) is the Jacobian of H at x.

The minimization algorithm is a gradient-descent iterative algorithm. It uses the fact
that VJ is small enough as stopping criterion, in general a maximal number of iterations
imax is also given:
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3D-Var algorithm

e Initialisation : xg= xl, i=0

e While ||[VJ| >¢ or i <ipa, do :
1. Compute J
2. Compute V.J
3. Descent and update of x
4. i=1+1

This type of analysis has been used operationally in meteorological weather services
in the 1990’s. In the 2000’s it has been replaced in many centres by the 4D-Var, a
generalisation of the 3D-Var that we shall discuss later.

7.4 Algorithms in practice - Non-stationary case

Let us now consider the case described in §7.1] with the model supposed to be perfect.
Then, the cost function is

K
1 1
J(xo) = 5”:1:0 - wb\li,;l +3 ; [ Hr(Mosk(o)) — yk|\§;1

7.4.1 Linear non-stationary case

We first study the case where H; and M are linear. Then :

Moﬁk<$0) = Mng Lo — Mk*l,k Ce MLQ MO,l oy

K
1 1
J(CL‘O) = §Hw0 — 3’5{;”33;1 + 5 Z HHk Mk—l,k R MLQMOJw() — 'kaf{;l
k=1

By using the following expressions in ([7.7)

R;' 0 --- 0
H, M, Y1 0 .
: .0

HxM i Yk 0 0 Rl}l

we can use the previous result of the stationary case, and the expression of the minimum
of Jis:

K -1 K
' =z + [P+ Y MIHIRH Mo, | Y M H{R, (yp — HM2")
k=1 k=1
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7.4.2 Non linear non stationary case: 4D-Var algorithm

4D-Var is a generalisation of 3D-Var to time-depending problems, with observations
spanned over a time-window. The model is supposed to be perfect so that the cost
function is written as a function of the initial state xy. The cost function is again ([7.1).

K
1 1
J(xg) = §||=’Bo - fcb||f>b—1 t3 ; [ Hie(Moosi (o)) — yk||§;1

The gradient of J is given by:

K
V(o) =Py (@o — ") + > M - ML i ) Hi R (Ha(Mosi(a) — i)
k=1

We will denote dj. the innovation vector: dy = yr, — Hi(Mo_r(xo))

o]

obs
obs

v
T~ Prévision précédente
obs
Xb

X2 ¢

obs

7 obs

I Temps

Fenétre d’assimilation

Figure 7.2: 4D-var
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4D-Var algorithm

e Initialisation: xzy=a i=0
e Do while |[|[VJ|| > ¢ or i < ipay:

1. Compute J and dj thanks to the model and the observation
operator :

dp = yr — Hk(/\/lowﬂ(wo))

K
J(wo) = (xo — )Py (o — 2b) + ) di R, 'dy
k=1

2. Compute V.J thanks to the adjoint models MT and the adjoint
observation operators H’! in reverse mode:

VJ(xy) = P,'(zo—xb)
K —1
= 2t Mg g - Mo,y Hie Ric i

3. Update x, (descent step)
4. 1 =141

7.5 Exercices

1. prove equation ([7.8))
2. prove equation ([7.9))

7.6 Solutions

1. prove equation ([7.8]
We use the facts that :
A'NA=P,' +H'R'H

and
A'Nb=P,'+H'R'y=(P,' +HHR"'H-H'R"'H)z, + H'R 'y

2. prove equation (7.9) Use the solutions of last week
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