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Introduction

Aburra Valley Landscape in a Contingency Day.
www.elcolombiano.com
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MAUI: Medellin Air gUality Initiative

UNIVERSIDAD

EAFIT TNO 2t
J— —)

/7% UNIVERSIDAD
" DE ANTIOQUIA

UNIVERSIDAD

]
Inspire Create Transform | voiw TUDelft =y EAFIT




Introduction
Why is this application interesting?
* A high resolution model implementations is required.

* There are different sources of high uncertainty:
« Emissions inventory
« Meteorology

* Alow-cost sensor network is available with a high spatial
representation (221 measurement points).

UNIVERSIDAD

%
Inspire Create Transform | v vnescecon TUDelft =y EAFIT

5




Preliminary Results

87°W 83°W 79°W 75°W 71°W 67°W 63°W 59°W
I —  CXCE—rrs

: Domain Longitude Latitude Cell size
7 D1 R1°W-60°W 8.5°S-18°N 0.27°
13°N D2 80.5°W-T0°W 2°N-11°N 0.09°
D3 T7.2°W-7T3.9°W 5.2°N-8.9°N 0.03°
o D4 T6°W-T5"W 85.7°N-6.8°N 0.01°
5°N
Table 1: Nested domain specifications
1°N
Period From 31-March-2016 to 25-April-2016
305 Time resolution 1 hour
Domain [-76 to -75] west x [5.7 to 6.8] north
PS Spatial resolution 0.01° x 0.01° ~ 1km x 1lkm
L ) Metereology ECMWTF. Temp.Res:3 h. Spat.Res: 0.07° x 0.07°

LOTOS-EUROS (D3). Temp.Res: 1h.
Spat.Res: 0.03° x 0.03°
EDGAR V4.2

Initial and boundary

250 0 250 500 750 1000 km

P E— E— conditions

Nominal Emissions

Table 2: Experimental setup
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Preliminary Results
We used a LEKF and a stochastic model for parameter estimation
xe = M(x¢-1)
6€t — (X6€t_1 + vV 1 - 0(2 Wt
where w; is a white noise and de; Is the emission correction factor
] M(x¢-1) +[ 0 ]W
Set 0(631:_1 V1 — o? t
The coefficient o represents the time correlation parameter. Using

the parameterization a =exp(-1/t) for a given time correlation
length 7.

We are considering Uncertainties in:
« PM10+BC Emissions

* NH3 Emissions

« SOx Emissions
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Preliminary Results
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Preliminary Results

We implemented the method proposed in (Desroziers, Berre,
Chapnik, & Poli, 2005) to estimate R.

E[dg(dp)'] =R
HK = HBHT(HBH" + R)™'

1
If matrix HK = HBHT(HBHT + R) are the true covariances for

background and observation error. dJ is the difference between
observations and analysis state in observation space, and dp is the
difference between observations and forecast state in observation
space. One application of this relationship is to estimate observation
error covariance matrix (Li, Kalnay, & Miyoshi, 2009).
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|

: First period (2 weeks) :
| « Calibration of the localization radius. :
: « Calibration of the correlation time 7. |
| * Estimation of matrix R. :
: « First emissions estimation :

Calibrated DA method
Estimated R

Estimated emissions as nominal
missions.

Second period (2 weeks)
Second emissions estimation.
Forecast.
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Preliminary Results First period PM10
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Preliminary Results First period

Radius 5 km Radius 10 km

Radius 20 km Radius 30 km

1,0 58 106 154
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Preliminary Results First period PM2.5
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Preliminary Results

First period (2 weeks)
Calibration of the localization radius.
Calibration of the correlation time .
Estimation of matrix R.

First emissions estimation

Calibrated DA method
Estimated R

Estimated emissions as nominal
missions.

Second period (2 weeks)
« Second emissions estimation.
 Forecast.
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Second period

Preliminary Results
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Preliminary Results

Second period PM2.5

Validation in Station Casa de Justicia Itagui
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Preliminary Results Second period  PM10

Validation in Station Universidad San Buenaventura
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Preliminary Results Second period  PM2.5

Validation in Station Casa de Justicia Itagui
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Preliminary Results PM10
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Mean Fractional Bias PM2.5

Preliminary Results
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Covariance Estimation Using Knowledge
About the System

The Iidea of the concept would be, how is it possible to
Incorporate previous information of the system in the covariance
estimation?
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Covariance Estimation Using Knowledge
About the System
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Covariance Estimation Using Knowledge
About the System
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Covariance Estimation Using Knowledge
About the System

According with the works (Nino-Ruiz & Sandu, 2015; Nino-Ruiz &
Sandu, 2017 ), using a Shrinkage estimator:

B=A1-u-T+(1—-2)- PP eRNXN
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Covariance Estimation Using Knowledge
About the System

Localization.
Local analyses methods can be used in the context of the
Shrinkage estimator.

Covariance Inflation

It can be seen that inflating each deviation by a factor of p has the
following effect on

EZA‘H'T‘F[(l—ﬂ)'pZ]'PbERNXN
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