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Motivation

Ensemble-Based data assimilation

Uses an ensemble to model the statics of the first guess

Updating

Using observation this forecast is modified at each step

Advantage

Easy implementations, low computational cost, general formulation
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Ensemble Kalman Filter

v

Sequential estimation scheme for the Ensemble Kalman Filter. The x-axis denotes time;
the y-axis is the estimated variable
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Ensemble Kalman Filter
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Ensemble Kalman Filter

De St Venant equations
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Ensemble Kalman Filter

OState Covariance Without Localization
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Covariance Localization

Spurious correlations

Correlations between states not physically related.

Causes

Approximation of the forecast covariance by the ensemble covariance

Consequences

State variable may be incorrectly impacted by a remote observation
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Covariance Localization

Covariance localization

Cutting off longer range correlations at a specified distance.

How

Applying a Schur product (Ao B) = A;jB;j

Where

Between 13{, and a correlation function with local support, p.
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Covariance Localization

* The correlation function p is commonly taken as defined in
Gaspari and Cohn (1999), such that

( 1<|z|>5+1<|z|>4+5<|z|)3 5(|z|)2 1 0< |2l <
4\ ¢ 2\ ¢ 8\ ¢ 3\ ¢ ’ -

1 (1zI\° 1/1z)\* 5/1z2\° 5/1zI\> _/(lzI 2(c

E(T) ‘5(7) +§<T) +§<7) ‘5(7) #a-3(h) eshi<a

L0, 2¢c < |z|.

i)
Il

Here z is the Euclidean distance between either of the grid points in
physical space. A length scale c is defined such that beyond this the
correlation reduces from 1 and at a distance of more than twice the
correlation length scale the correlation reduces to zero.
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Covariance Localization

p function
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Covariance Localization
In the EnKF the ensemble Kalman gain is given by

Rt — P{Hé(Ht ﬁ{ H;: +Rt)_1

The forecast error covariance appears twice within this equation
and strictly speaking the Schur product should be taken with each
of these occurrences such that we have

K. = (p o P)H,[H.(p o P))H, + R,]*

Since p is a covariance matrix and P{ is @ covariance matrix then it

can be proved that (p 0 ’P[) is also a covariance matrix
(Horn,1990).
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Covariance Localization

State Covariance With Localization
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Covariance Localization

Kalman Gain Without Localization
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Covariance Localization

Kalman Gain With Localization
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Covariance Localization
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Covariance Localization
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Covariance Localization
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Parameter Estimation

Parameter Estimation

In applications, it is necessary estimate unknow parameters

In the EnKF

Parameters only appears implicit in the model operator

Include the parameters in the state vector

This new vector state is called augmented state.
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Parameter Estimation

[xe] = [M(x;-1, 0)]

where 0 is the vector of unknown parameters. Since the parameters
are a source of uncertainty, we can model them as a stochastic
process ['(8).

xt] _ [M(xt—1» 0:1)
0, F(01:—1)

In this way, the EnKF is capable of estimating the augmented state
vector including the parameters.
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Parameter Estimation

Chemical
transport model

(calculate atmospheric
transmrt & loss)- -E‘i

J"):;df‘/‘.f"]")”v [[’L
Ship & Aircraft Lo Data
assimilation

Lightning =

i1 Industry
/L/ '. I S19id

=
lq ]
L& -~ M" Thermal power plant

.- Mmfﬂw
E,“’M%W’Vehicle e T | ﬁ

Nitrogen oxides emissions

UNIVERSIDAD

]
Inspire Create Transform TUDelft =z EAFIT




Parameter Estimation

The emission of PM2.5 is considered as follows:
é; = e;(1+ de)

where e; is the default emissions (emission inventory), de is the
correction factor and é; is the estimated emission. With this we
augmented the state vector as:

Xt ] _ [M(xt—l:et—l) + 0 W

56t 0(631:—1 v1-— o2 ke

The factor de; is modeled as a colored noise process, forced by a
white noise w;, with a mean zero and a standard deviation of 30%. A

time correlation of a = 0.95 ensures that the samples are smoothed
in time
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Preliminary Results

Resolution of LE 0.01°x0.01° =1 km x 1km

EDGAR Inventory Resolution 0.1°x 0.1° = 10 km x 10km

Period of simulation April 1, 2016-April 12,2016
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Preliminary Results

-75.700 -75.600 -75.500 -75.400 -75.300 -75.200
| I I

6.400

Estaciones SIATA

© PM10y PM25
® PM10
© PM25

6.300

6.200 Alturas ( metros )

- <= 10

1 10-580.2
1 580.2 - 1150
] 1150- 1720
1 1720 - 2290
=1 2290 - 2860
1 2860 - 3430
=1 3430 - 4000

6.100

6.000

UNIVERSIDAD

Inspire Create Transform | voiseunescacor Delft = EAFIT




Preliminary Results

Background EnKF

Time: 2016-04-01 00:00:00 Time: 2016-04-01 00:00:00

ug m-3

00 133 267 400 533 a7 800 633 1067 1200 0,0 133 26.7 400 513 66,7 200 933 1067 1200
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Preliminary Results

Validation in Station Colegio Concejo de Itagui
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Preliminary Results

Validation in Station Institucion Universitaria ITM Ro
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Preliminary Results

Validation in Station Colegio Concejo de Itagui
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Preliminary Results

Validation in Station Universidad Nacional de Colombia
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Preliminary Results

Background Emissions PM2.5 EnKF Emissions PM2.5
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