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What, how much, and whence is being emitted
if we know how much is being deposited in
different protected natural areas?
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Motivation

Inverse modelling

... Most people, if you describe a train of events to them Will tell you what the result
Will be. There are few people, however that if you told them a result, would be able to
evolve from their own inner consciousness what the steps were that led to that result.
This power is what | mean when | talk of reasoning backward

Sherlock Holmes
A Study in Scarlet
Sir Arthur Conan Doyle (1887)
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Motivation

Inverse modelling

Well-posed problems

A

v

Direct problems

lll-posed problems

Inverse problems

“Two problems are inverse to each other if the formulation of each involves all or
part of the solution of the other” J. B. Keller (1976)

Direct problems

Inverse problems

A

v
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Data assimilation
methods

First | need a model [/

My model is not accurate

But,

| have mesurements of the reality

Assimilation

Data assimilation
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Data assimilation
methods

Asch M. et al. (2016)
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Data assimilation
methods

Variational assimilation is based
on optimal control theory

Asch M. et al. (2016)
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Windowing step

Observation 21/\

or measured
data

An
optimization
cycle

: Stop optimization
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Observation @ A_forward or
direct model

Varlathnal Data aSSImllathn or measured of the real
data world
Consider some physical system: @ @

An A backward

e or adjoint
°pt'm'zlat'°n model in the

Cycle variational

truth

v
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Observation @ A_forward or
direct model

Varlathnal Data aSSImllathn or measured of the real
data world

A A backward

Aan or adjoint
°pt':1::z|:t'°n model in the

® y variational

o
truth

® observation

v

Vi = Myxy + vy v,~N(0, R)
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Variational Data assimilation grb;e;;:;i,zg;VAS‘JZZYQ’;’.,Zi

of the real
data
world
A backward
background _An or adioint
optimization —J—.
model in the
cycle -
variational

® observation

v

Xk+1 = Fr (xk, p)
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Variational Data assimilation

Gap between
simulated output
model and reality

background

Gap between
o observation
and reality

® observation

v
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Observation @ A_forward or
direct model

Variational Data Assimilation or measured irect mod
data world

A backward
background An or adoint
optlmlzatlon model in the
I (rutn cycle variational

xb i/ : ::

l / observations

xo i

tO tn

Assimilation window >
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Observation @ A_forward or
direct model

VariatiOnal Data ASSimilatiOn or measured of the real
data world
-g%a° ] 1l
A backward
A . .
backgrou nd optimi:ation m(:)rda?fjionl_rt‘ft\e
cycle variational

//;7 0

'/'® observations

v

< Assimilation window >
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Variational Data Assimilation

3D-Var

Jg=Jb + J°

A priori (background) state Observation operator Observations

1 1
J(xg) = > (xo —x)"B7 (xg — x) + > (H(x9) — ¥0)"R ' (H(x0) — o)

Background error covariance matrix Observation error covariance matrix

2

1 .1
= §||xo—xb||3 + §||H(x)—3’||R

Distance to forecast Distance to observations
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Variational Data Assimilation

4D-Var

1 S
J(x0) = 5 [(xo = %) B (o = 1) + ) (H(x) =y R (Hx) = ¥)]
i=0

2
1 , 1%
=S lxo = 2,15 +5 ) IHM() = ¥
=0 R
Distance to background Distance to observations
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Variational Data Assimilation
Xr = F Xj_q Vi = Mxs + v vs~N(0, R)

1 T p—1
J(xo)zz(st_YS) R™"(Mxg — ys)

x1=F xg X, =Fx; =FFxy .. xs =F x5_1 = F° xy
1 s T p-1 s
J(x0) =§(M:F Xo = Ys) RT-(MF°x0 — ys)

0FS
ox

5(_7 - _(MTSXO — yo)TR_1M 5 X
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Variational Data Assimilation

0Fs
ox 0% (e ay) = (ATx,0)
The adjoint trick

MTR™I(MFSxy — yo)7,

5] =

S

aFs|"
6(7(x0) = <[ ax ] MTR_l(M:FSxO — yo)T, 5x0>

6J(x9) = (VS(xO)J; 5x¢)

oF 1" o1 s T
Vood = |5=| MTR™Y(MF xo — yo)
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Variational Data Assimilation

LNT
Vsy)d = MTR™IY(MFSxy —yo)'

(o o o Y
."-

cdx, ©ox, oOx cx,

9 o 9 . 9

cx, ox, oOx Cx,,

o, & o,  @&f
pa -

cdy, ox, O cx,

Atmospheric Chemical Transport Model: High-dimensional numerical model ~10°® — 107states
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A
Ix)| .

Observation @ A forward or

Variational Data Assimilation or measured direct model
data world
J(x,)
Gradient VJ(x,) @ @
of the distance function An A backward
N or adjoint

optimization

model in the
find Xp41 = X + apdci cycle b variational

Such that
VI x™ ()< VI (x™(Lo))
( =V J(x) Gradient method
_ —1
With d;, = < [Hess(J(xi))] "V (x1.) Quasi(Newton method)
—VI(x) + IV () 11
\ IV (-1 Conjugate gradient

Repeat until J become smaller than treshold value
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4DVar model example: the Lorenz 63 model

Intensity of convection

7t - hxy) =0 —x)
Maximum temperature difference

d

E = fZ(x'yrZ) = X(p _Z) 4

dz)

7 = 3y z) =xy —fpz

Stratification change due to convection

Similitudes with the non linear atmospheric system, simple in structure, rich in solution patterns
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4DVar model example: the Lorenz 63 model

Prandtl number

dx

— = fiy) <aly —x)

d Modified Rayleigh number
y

E = fZ(x'yrZ) = X(p - Z) -y

dz

— =fhxy.2) =xy <z

Aspect ratio

UNIVERSIDAD

Inspire Create Transform | o vineacaco EAFIT




4DVar model example: the Lorenz 63 model
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Deterministic, chaotic model in which the future evolution trajectory is uniquely determined by initial
conditions

(2002) Data Assimilation Research Centre (http://www.met.reading.ac.uk/~darc/)
Original Fortran program by Marek Wlasak
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4DVar model example: the Lorenz 63 model

307
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4DVar model example: the Lorenz 63
model

Solution for x
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4ADVar model example: the Lorenz 63

model [N Al
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4DVar model example: the Lorenz 63

model

A backward
An or adjoint
optimization

model in the
cycle .
< S variational

Solution for x
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Observationq

A forward or
direct model

4ADVar model example: the Lorenz 63
model

A backward
An or adjoint
optimization

model in the
cycle v
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. A forward or
Obs'erw“tmncidirect model

4DVar model example: the Lorenz 63
model

Solution for x
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model in the
cycle .
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How to conciliate model with reality

J= %[(xo - xbe —Xp) + ZS:(H(xi) - yiH(xi) —¥i)]
i=0

MODEL ANALYSIS OBSERVATIONS
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How to conciliate model with reality

J= %[(xo - xbe —Xp) + ZS:(H(xi) - yiH(xi) —¥i)]
i=0

MODEL ANALYSIS OBSERVATIONS
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i O e
Adjoint approach toy model example:

the Lorenz 63 model I U
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Current and
future work

Chemical Transport Model (CTM)

LOTOS EUROS

G0 {0 G trg- o

Grid resolved Entrainment . : N o N
Emissions - i Deposition NO,

transport (Advection) and : o ot oo
o detrainment Dry and wet A Lo
Diffusion process Generation/Consum deposition olhlRt TS =
[ 108

Change in concentration with ption chemical proccess v £ 1os
5 L l1s

time reactions
| 1216
. = [ 2.52
[ 2.88
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Current and future work

7720°W  765°W  76.0°W  75.6°W  75.0°W  747°W  74.2°W 5.9
| N | T | | P
s W I [ 1PNN
» q =
8.6°N —> ‘ . [ paramos ecosystems  —
B1N— VI | / ’ ; - = B
7.7°N —B —_
7.2°N — — 'L& T
2 A 3351 o Deposition NO,
, Emission NO, -]
6.8°N — t s (Kg/year) e ° 0+ 4 Kg ha-1 year
TH t Lo “ o
. [ 0.375 [ ]0.36
6.3°N — J0.75 []0.721
’ — {1 [11.12 , , ' [711.08
) ' . [ J15 1 . N‘ [ (144
5.9°N — A - L1188 1 - [ 118
X T T ] 2.5 ' . B () 2.16
25 0 25 50 75100 km ”?_\L ) (u R 5 0 |[SENTEE g
(% y ( ;. L '
5.40N_‘|'1 || | Jyl | ‘Vlb L l\/fﬁ3 L —pe

CAUSES EFFECTS

UNIVERSIDAD

Inspire Create Transform | o vineacaco EAFIT




International Team

Current and future work

Operational schematic Variational Approach

Analysis
system for satellite data assimilation
LOTOS-EUROS
"é.
® Sequential
IASI Indirect validation of Crop the data to the region h .
oMl the instrument P 8 Techniques
. o Compare LE
NOZ NH3 Filling missing data with OMI Data
assimilation
procedures
: Satellite "
Reauisition e Proproceseing Appropriate T Static 3D-Var Adjoint-free
measures to Varlatl.onal a Modified
compare Techniques Vs 4D-Var:
® 3 3 3 |, 4pvar MOR 4D-
| | | | Dynamic VAR
Estimation
Design criteria for emission
Variational Data ape
assimilation deposition rates

Evaluation of the DA
system IMPACT OF MEASURES

LuS. et al. (2017). Baier F. et al. (2013).
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Modified standard 4D-Var methods and
future work

Model Order Reduction MOR-4D-Var

Adjoint free perpectives to address the
disadvantage of not having an adjoint for
a model such the LOTOS-EUROS

Ensemble 4D-Var

FuS. et al. (2016).
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