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» Fourier transform infrared spectrometer (FTS): measurement of absorption spectré,
part of TCCON network. Our focus: measured CH, [1] |

« AirCore balloon sounding: collects gas samples for up to 30km, used as
"ground truth” to validate the retrievals [2]

FTIR-spectrometer AirCore balloon sounding
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FTS measurement is modeled with Beer-Lambert law:

I(X) = Ip(N\) exp ( Z /laz-(l)a:i(l)dl> (aX? 4 bA + ¢) + offset
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FTS measurement is modeled with Beer-Lambert law:
N
IA) =I(Nexp|—) / o; (D (1)dl | (aX? + bA + ¢) + offset
i [

where for each trace gas i:

I () is the intensity of measured light at given wavelength

o; are the absorption coefficients

x; are the unknown trace gas densities



% FINNISH METEOROLOGICAL INSTITUTE

Consider the non-linear inverse problem

y=F(x)+e
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Consider the non-linear inverse problem
y=F(x)+e
Statistical approach:

« view all parameters as random variables
» use Bayes’ Formula to find the posterior distribution of the unknown :

W(x‘y) X ﬂ_e(y’x)ﬂ-pr(x)
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Consider the non-linear inverse problem
y=F(x)+e
Statistical approach:

« view all parameters as random variables
» use Bayes’ Formula to find the posterior distribution of the unknown :

W(x‘y) X ﬂ_e(y’x)ﬂ-pr(x)
Assume: Gaussian prior and likelihood:

Lpr N(xm LZLm)a g~ N(Oa LZLE)
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e (y|x) Prer
£~ N(()’ LZL€> _ Likelihood
[] Prior Mean
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Wa(y‘x)
e~N(,L'L,)

Tpr () . I
prr ~ N(QTO, La: i—(@)

W(QZ’y) X Te (y‘x)ﬂ-pr (37)

Prior
Likelihood
Posterior
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Informative directions [3]

e (y|z)
7 Likelihood
E v N(07 Lg Ls) Posterior
[C] Prior Mean
O Posterior Mean

Tpr () o
Lpr ™~ N(Qfo, Lx i—’c@)

ﬂ-(x’y) X 7Ts(y‘w)wpr(flf)
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Following T. Cui & al. [4] we use SVD JJT = UAV'and define matrices

(I)r — valzra (I)_L — L:I:Vr—l—lzNa
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Following T. Cui & al. [4] we use SVD JJT = UAV'and define matrices

(I)r — valzra (I)_L — L:I:Vr—l—lzNa
we can decompose T as

r=P,x, +P,1,
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Following T. Cui & al. [4] we use SVD JJT = UAV'and define matrices

(I)r — valzra (I)_L — L:I:Vr—l—lzNa
we can decompose T as
r=P,x, +P,1,

The approximate posterior can now be written as

m(xly) o< w(y|Prxy)mp (20 )T (T 1)
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« Solution by Optimal Estimation (OE): Maximum A Posteriori estimate by

earap = arg min {|ly — F(@)|2 + o — w02, }
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« Solution by Optimal Estimation (OE): Maximum A Posteriori estimate by
TMAP = arg;g]iRr}l {lly — F(z)||2 + || — 5UOHZQW}

« Uncertainty Quantification using Adaptive Markov Chain Monte Carlo (MCMC) [5],
significant computational gains with LIS [6]
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Freely available MATLAB toolbox by Simo Tukiainen (FMI) [7]
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Freely available MATLAB toolbox by Simo Tukiainen (FMI) [7]

 Radiative transfer forward model for FTS retrieval
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 Radiative transfer forward model for FTS retrieval

« Effects from scattering and aerosols assumed negligible
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Freely available MATLAB toolbox by Simo Tukiainen (FMI) [7]
« Radiative transfer forward model for FTS retrieval
« Effects from scattering and aerosols assumed negligible

« Absorption coefficients calculated using HITRAN2012
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Freely available MATLAB toolbox by Simo Tukiainen (FMI) [7]

Radiative transfer forward model for FTS retrieval
Effects from scattering and aerosols assumed negligible
Absorption coefficients calculated using HITRAN2012

Temperature, pressure and solar spectrum from GGG2014
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Freely available MATLAB toolbox by Simo Tukiainen (FMI) [7]

Radiative transfer forward model for FTS retrieval

Effects from scattering and aerosols assumed negligible
Absorption coefficients calculated using HITRAN2012
Temperature, pressure and solar spectrum from GGG2014

Retrieval using LIS dimension reduction: OE & MCMC
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Prior Mean Singular vectors for LIS
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Multivariate Gaussian:

Covariance: derived from

an ensemble of
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Covariance from ACE satellite
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Multivariate Gaussian:

Covariance: derived from

an ensemble of
ACE-FTS
satellite measurements.

Mean:

* Lower part from
GGG2014

« Upper part from
ACE-FTS
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Covariance from ACE satellite
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MCMC results
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Retrievals for several

measurements:
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Retrieval of time series: 2009-2017

Preliminary results: vertical information on CH,
 allows time series analysis on different altitudes
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Preliminary results: vertical information on CH,
 allows time series analysis on different altitudes
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Smooth regression tool for time series analysis, MATLAB toolbox by Marko Laine [8]
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Smooth regression tool for time series analysis, MATLAB toolbox by Marko Laine [8]

» Hierarchial statistical model for uncertainties in data, process and parameters

yr = Frxy + vy ve ~ N(0,V;) Y+ : observations
Z¢: hidden model states
ry = Gy +wp  wg ~ N(Ov Wt) F}: observation operator

(G+: model operator
« Can be used to extract trend, seasonal component etc. V¢ . observation uncertainty
w¢: model uncertainty
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DLM fit: FTS (0.3km)
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DLM fit: FTS (10km)
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DLM fit: FTS (20km)

1500

FINNISH METEOROLOGICAL INSTITUTE

FTS CH419.8881 km

1400

1300

1200

1100

ppb

1000 —

900 [—

700 —

600

2009 2010 2011 2012 2013 2014 2015 2016 2017
4 %103 trend
[ [ [ [ [ [ \ [
1 |
2009 2010 2011 2012 2013 2014 2015 2016 2017



Q FINNISH METEOROLOGICAL INSTITUTE

DLM fit: FTS (30km) \
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Comparison: FTS (300m) vs. Sodankyla in situ (50m)
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Comparison: FTS vs ACE (13.5km)
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