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•  GOMOS stellar occultation measurements of atmospheric ozone and 

how it resulted in developing adaptive MCMC algorithms 
•  OMI air quality observations and need to consider also modeling error  
•  Sources and sinks of greenhouse gases - simple mathematics and first 

breakthrough in measuring anthropogenic emission regions from space 

 



European Space Agency’s Envisat satellite 2002 - 2012 



Antarctic ozone hole 4.11., 2017 



Four spectrometers: 
UV-VIS ( O3, NO2, NO3, 
aerosols): 

A1: 248 - 389 nm  
A2: 389 - 690 nm   
Resolution 0.8 nm 

NIR (H2O, O2):  
B1: 760 nm  
B2: 936 nm  
Resolution 0.13 nm  

GOMOS stellar occultation 
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Absorption by gases

Transmission spectra measured by GOMOS at descinding
altitudes from 100 km down to 5 km.
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Absorption by gases -> vertical profiles 
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Transmission spectra measured by  
GOMOS at descending altitudes from  
100 km down to 5 km. 

Several decades of variability depending on the
altitudes
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O3 in stratosphere 

GOMOS ozone profile  



Inverse problem in 
atmospheric remote sensing  
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Level 2 data: O3, NO2, HCHO, SO2, CO, 

CH4, CO2, aerosols, … 
 

Level 3 data, Level 4 data 

… 
 

 
Satellite data 
 (Level 1b) 

 

Prior / 
regularization 



GOMOS operational algorithm 
Operational two step algorithm

Since the cross sections are assumed constant on each ray
path and noise uncorrelated, the inversion separates into

T abs
�,` = exp

"

�

X

gas
↵gas

�,`N
gas
`

#

, � = �1, . . . , �3,

with Ngas
` =

R

`

⇢gas(z(s))ds, ` = `1, . . . , `M .

• Two step approach:
• Spectral inversion - retrieval of horizontally integrated

densities of several constituents but each altitude
separately

• Vertical inversion - retrieval of full profile for each
constituent separately
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            The 

T (�) = exp{�
Z #gasesX
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⇢i(r(s))↵i(r(s), �)ds}



A posteriori distribution

• The Bayes formula

p(x | y) =
plh(y | x) ppr(x)

p(y)

describes the solution of an
inverse problem

Natural way for using all

available information: how to

combine new measurements

with our old prior knowledge

(p(x) �! p(x | y))

• The solution is a distribution

p(x|y)

p(y|x)

p(x)
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Posterior distribution as a 
solution for  
The Bayesian solution to an inverse problem  
is described as posterior distribution 

The posterior distribution can be evaluated at any given point  
up to the normalizing constant

10 

f(x) = y + ϵA posteriori distribution

• The Bayes formula

p(x | y) =
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Law of Large numbers (LLN)

• LLN says that sample average converges towards the
expectation

1
N

NX

t=1
Xt �! IE(X ) when N �! 1

• When LLN holds, we can approximate expectation with
sample mean:

IE(f (x)) =
Z

f (x)⇡(x)dx ⇡ 1
N

NX

t=1
f (Xt)
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• What we typically also need is:
• expectation, mean
• covariance matrix
• probability regions (e.g., 90%)
• how probably x 2 A?

• In general case these require
integration with respect to the posterior
distribution:

IE(f (x)) =
Z

f (x)⇡(x)dx
Examples of (scaled) probablity
regions in GOMOS retrievals
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Posterior distribution is summarized typically 
using: 

•  expectation, mean 
•  covariance matrix  
•  probability regions (e.g., 90%)  
•  how probably x ∈ A?  

In general case these require integration 
with respect to the posterior distribution: 
 
 
 
Markov chain Monte Carlo (MCMC) 
algorithm is used to generate points Xt from 
the posterior so that sample mean can be 
used 
 

Toy examples of 2-dimensional posterior distributions
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Toy examples of 2-dimensional posterior distributions
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Posterior distribution & MCMC 
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Example of marginal posterior distribution of ozone and aerosol horizontal
column densities in GOMOS retrieval. The dots indicate sampled points and
their distribution indicates the posterior distribution of the solution. The
contour curves, computed from sampled points by using Gaussian kernel
estimates correspond to 68.3, 90, 95, and 99% probability regions.
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MCMC: Metropolis algorithm  
(symmetric proposal) 
Metropolis-Hastings algorithm

At each iteration step t

Step 1) (Proposal step) Sample Z ⇠ q(· | Xt)
here Z is a candidate point and q(· | Xt) is a selected proposal
distribution

Step 2) (Acceptance step) Accept the candidate point by
using the acceptance probability:

↵ = min
✓

1,
⇡(Z )q(Xt | Z )

⇡(Xt)q(Z | Xt)

◆
= min

✓
1,

plh(y | Z ) ppr(Z ) q(Xt | Z )

plh(y | Xt) ppr(Xt) q(Z | Xt)

◆

Put Xt+1 = Z if accepted
Xt+1 = Xt if rejected.
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Metropolis algorithm

When the proposal distribution q is symmetric (eg. Gaussian
N(Xt ,Cq) centered at the present point Xt ):

Step 2) (Acceptance step) Acceptance probability is now
simply:

↵ = min
✓

1,
⇡(Z )

⇡(Xt)

◆
= min

✓
1,

plh(y | Z )ppr(Z )

plh(y | Xt)ppr(Xt)

◆

Put Xt+1 = Z if accepted
Xt+1 = Xt if rejected.
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Markov chain Monte Carlo – MCMC

• Simulate the model while sampling the
parameters from a proposal distribution.

• Accept (or weight) the parameters
according to a suitable goodness-of-fit
criteria depending on prior information and
error statistics defining the likelihood
function.

• The resulting chain is a sample from the
Bayesian posterior distribution of
parameter uncertainty.
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•  The resulting chain is a sample 
from the posterior distribution - it 
is the solution! 

•  In practice, the efficiency of the 
sampling strategy depends on 
the proposal distribution:  some 
proposals are better than 
others. 

•  Analysing the ratio of accepted 
points gives some hints how well 
the chain is mixing. 

13 

MCMC sampling 
Proposal distribution

• Efficient sampling requires ’good’ propsal distribution

Nice sampling: good
proposal

Slowly converging chain: Too
small proposal

Chain does not move
properly: Too large proposal
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GOMOS measurements and 
measurement noise 

Data/noise

Data using bright star Data using dim star
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• Strong variability in signal-to-noise ratio depending on the
type of star.
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•  Strong variability in signal-to-noise ratio depending on the star type.  
•  Several magnitude scales in ozone values from 10 to 100 km. 
•  In practice this required extensive hand tuning to find a good  

proposal distribution 
 



•  AM is simply basic Metropolis algorithm with Gaussian proposal distribution 
which is adapted during the sampling 

•  In AM the covariance matrix of the proposal distribution is updated based on 
earlier sampled points. 

•  We define 

 

•  Where the scaling factor                       is selected to depend on the dimension 

(selected according to Gelman et al. 1996) 
•  The additional term ε > 0 ensures that the distribution does not become singular.  
•  Recursive formulation of the covariance matrix is used in practice. 

Adaptive Metropolis - AM 
Haario, Saksman, Tamminen, An adaptive Metropolis Algorithm, 2001, Bernoulli 

Adaptive Metropolis (AM) algorithm - the idea

• AM is simply basic Metropolis algorithm with Gaussian
proposal distribution which is adapted during sampling
• In AM the covariance matrix of the proposal distribution is
updated based on earlier sampled points.
We define

Ct =
⇢

C0, t  t0
cd Cov(X0, . . . , Xt�1) + cd", t > t0.

Here cd = 2.4/
p

d as earlier.
The additional term " > 0 ensures that the distribution does not
become singular.
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Adaptive Metropolis  

16 

Adaptive Metropolis algorithm cont.

• Proposal distributions
which adapt suitable
size and/or shape by
using the information of
the previous states in
the chain

• Gaussian proposal
distribution N(Xt , Ct),
where the covariance Ct

depends on time.
• The chain is not a

Markov chain but the
right ergodic properties
can be proved (ref.
Haario et al, 2001).
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• The ’idea’ of the proof is that along
the time the proposal distribution
converges and the adaptation
diminishes. 35 / 45

•  The chain is not a Markov chain but the 
right ergodic properties can be proved 
(ref. Haario et al, 2001).  

•  Idea: along the time the proposal 
distribution converges and the 
adaptation diminishes.  

•  Several variants and extensions to this 
basic AM algorithm have been 
developed during the years, but the 
original AM algorithm is also still used in 
many practical applications e.g. in 
natural sciences, astronomy, medical 
sciences,  economic sciences, …  

 



Marginal posterior distributions  using two 
different aerosol models 

MCMC solution  
– practical advantages 

•  Method to analyse the 
posterior distribution  

•  Flexibility in describing the 
retrieval problem: 
•  OK to have non-Gaussian noise 

structure and non-Gaussian a 
priori distribution 

•  No need to compute the 
Jacobian’s of the cost function. 

•  In GOMOS case MCMC used 
for uncertainty quantification. 



International A-train on 
afternoon orbit at 700 km 

20/11/17 18 



along track 

 

~13 km 
(2s flight) 

2D  
CCD 

OMI - Observations of  
scattered solar light 

 
 

•  Nadir looking instrument with wide swath ensuring nearly daily coverage 
and 24x13 km resolution 

•  Clouds and snow challenges. In winter time sun is low which also reduces 
data quality and geographical coverage.  

OMI 

OMI measurement spectral reflectance:  
Robs             scattered solar signal / solar irradiance �



Aerosols over India in 9th Nov 

20/11/17 20 

Suomi NPP / VIIRS Qualitative Absorbing Aerosol Index measured with GOME-2 



Aerosol type selection and aerosol 
optical depth (AOD) retrieval from OMI 

20/11/17 

•  Aerosols have smoothly varying spectral 
fingerprints in the data.  

•  The wavelength dependence is strongly 
dependent on the microphysical properties 
of the aerosols. 

•  Uncertainties exist both due to to unknown 
aerosol types and how the optical 
properties of the aerosols are computed. 

•  Method developed (Määttä et.al 2014) to 
include the modeling error into the 
retrieval and find more robust AOD 
(aerosol optical depth) estimate that is 
based on the average of the most 
appropriate aerosol microphysical models 
instead of on a single model chosen 
probably by chance. 
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Fig. 1. Two aerosol models that fit the observed reflectance equally
well.

absorbing (model “1212”) and biomass burning (model
“2223”). They both fit the observed reflectance equally well
and the two modelled curves show similar, though opposite
deviations from the observed curve. Both models can explain
the observations within the individual observation error-bar
uncertainties, but there is significant systematic bias. Next,
we want to characterise this forward modelling uncertainty,
which is called model discrepancy (Kennedy and O’Hagan,
2001). It contains all sources of uncertainties not directly due
to the measurement noise, such as those related to surface
albedo, LUT interpolation and aerosol microphysical mod-
elling.
To account for the model discrepancy, we use an additional

error term ⌘(�) and write the general model equation as

Robs(�) = Rmod(⌧, �) + ⌘(�) + ✏obs(�). (11)

As before, we assume that the spectral measurement un-
certainty due to instrument noise is known and Gaussian

✏obs(�) ⇠ N
⇣
0, � 2(�)

⌘
. (12)

We wish to build a statistical model for the remaining
model discrepancy term ⌘(�). In order to see how this dis-
crepancy behaves, we studied residuals of model fits, i.e. the
differences between the observed reflectances and the mod-
elled reflectances,

Rres(�) = Robs(�) � Rmod(⌧, �) (13)

at wavelengths �. The modelled reflectances were calculated
from aerosol microphysical models that were the most ap-
propriate according to the operational OMAERO product.
Figure 2 shows residuals representing three different atmo-
spheric situations: dust storm in Sahara (green), wildfires in
Russia (red) and when weakly absorbing models dominate
(blue). We found that the residuals have typically very sim-
ilar systematic behaviour that could be modelled by a suit-
able correlation structure. By using standard tools from spa-
tial statistics, we estimate this correlation structure and use it
to build a model for the model error.
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Fig. 2. The spectral differences between the observed reflectance
and the reflectance for the best fit models. Each colour represents a
set of residuals for pixels from a selected orbit. The residuals cor-
respond to different atmospheric situations: dust storm in Sahara
(green), wildfires in Russia (red) and when weakly absorbing mod-
els dominate (blue).

4.1 Gaussian process

Following Kennedy and O’Hagan (2001), we use a Gaussian
process approach to describe the model discrepancy term
⌘(�) that originates from the difference between the aerosol-
model-generated reflectance and the observations. Gaussian
process is a stochastic process for which every finite set of its
realisations has a joint Gaussian distribution (Rasmussen and
Williams, 2006). It is a theoretical tool that provides a gen-
eral and flexible framework for constructing the discrepancy
model ⌘(�). As we only deal with finite representations, we
can, in practice, work with random variables and covariance
matrices.
A Gaussian process is defined by its mean and covari-

ance functions, and the essential part in the implementation
is the determination and parameter estimation related to the
covariance function. Here, the model discrepancy will be a
zero mean Gaussian process ⌘(�) ⇠GP(0,C), where the co-
variance function C quantifies the correlation properties of
the discrepancy. As there typically is no direct data avail-
able about the covariance, one proceeds by assuming a cer-
tain parameterised functional form. Following Banerjee et al.
(2004), we derived the covariance function C using a Gaus-
sian variogram model. The covariance depends only on the
wavelength distance |�i � �j | and is defined as

C
�
�i , �j

�
= (14)

(
� 21 exp

⇣
�

�
�i � �j

�2
/l2

⌘
, �i 6= �j

� 20 + � 21 , �i = �j

,

Atmos. Meas. Tech., 7, 1185–1199, 2014 www.atmos-meas-tech.net/7/1185/2014/

Two aerosol models that fit the observed  
reflectance equally well/badly. 



Observation OMI spectral reflectance:  
 
 
 
Model discrepancy            : 
Described using Gaussian process which allows smooth 
departures for modeled reflectance from the measured 
reflectance. 
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error term ⌘(�) and write the general model equation as
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We wish to build a statistical model for the remaining
model discrepancy term ⌘(�). In order to see how this dis-
crepancy behaves, we studied residuals of model fits, i.e. the
differences between the observed reflectances and the mod-
elled reflectances,
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at wavelengths �. The modelled reflectances were calculated
from aerosol microphysical models that were the most ap-
propriate according to the operational OMAERO product.
Figure 2 shows residuals representing three different atmo-
spheric situations: dust storm in Sahara (green), wildfires in
Russia (red) and when weakly absorbing models dominate
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4.1 Gaussian process

Following Kennedy and O’Hagan (2001), we use a Gaussian
process approach to describe the model discrepancy term
⌘(�) that originates from the difference between the aerosol-
model-generated reflectance and the observations. Gaussian
process is a stochastic process for which every finite set of its
realisations has a joint Gaussian distribution (Rasmussen and
Williams, 2006). It is a theoretical tool that provides a gen-
eral and flexible framework for constructing the discrepancy
model ⌘(�). As we only deal with finite representations, we
can, in practice, work with random variables and covariance
matrices.
A Gaussian process is defined by its mean and covari-

ance functions, and the essential part in the implementation
is the determination and parameter estimation related to the
covariance function. Here, the model discrepancy will be a
zero mean Gaussian process ⌘(�) ⇠GP(0,C), where the co-
variance function C quantifies the correlation properties of
the discrepancy. As there typically is no direct data avail-
able about the covariance, one proceeds by assuming a cer-
tain parameterised functional form. Following Banerjee et al.
(2004), we derived the covariance function C using a Gaus-
sian variogram model. The covariance depends only on the
wavelength distance |�i � �j | and is defined as
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Atmos. Meas. Tech., 7, 1185–1199, 2014 www.atmos-meas-tech.net/7/1185/2014/
Määttä, A. et al.: Quantification of uncertainty in aerosol optical thickness retrieval arising from aerosol microphysical model 
and other sources, applied to Ozone Monitoring Instrument (OMI) measurements, Atmos. Meas. Tech., 7, 1185-1199, 2014. 

Modeling error in AOD retrieval 
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(see Table 1). Each model consists of a set of parameters
(e.g. AOD, single-scattering albedo, viewing and solar zenith
angle, relative azimuth angle, path reflectance, transmission
and spherical albedo) with predefined values at node points.

A weakly absorbing aerosol model WA1114 represents sea
salt particles having a higher fraction of coarse particles than
the other weakly absorbing models (see Table 1). We have
classified the model WA1114 as the fifth main aerosol type
when reporting results from the case examples (see Sect. 4).

3 Methodology

The proposed method is applied to the retrieval scheme that
is similar to the OMAERO algorithm. The unknown aerosol
parameter is the AOD at the reference wavelength of 500 nm,
for which we will use the symbol ⌧ . The related uncer-
tainty is analysed using Bayesian statistical inference. The
observations are TOA reflectances Robs(�) at a set of wave-
lengths � = (�1, . . .,�n). The modelled spectral reflectance
Rmod(⌧, �) depends on ⌧ within the specific aerosol micro-
physical model in LUT. The AOD parameter ⌧ is adjusted
between the nodal values in the model LUT to find the mod-
elled reflectance that has the best fit with the observed spec-
tral reflectance.

Assuming a Lambertian surface the contribution of the ra-
diation at the TOA can be separated from that of the atmo-
sphere (e.g. Chandrasekhar, 1960), leading to the equation
for modelled reflectance as

Rmod (�, ⌧, µ, µ0, 1�, ps)

= Ra (�, ⌧, µ, µ0, 1�, ps)

+ As(�)

1 � As(�) s (�, ⌧, ps)
T (�, ⌧, µ, µ0, ps) . (1)

Here path reflectance Ra , transmittance T and spherical
albedo s of the atmosphere are derived from LUT by inter-
polation as a function of �, ⌧ , 1� (relative azimuth angle),
ps (surface pressure), µ (cosine of viewing zenith angle) and
µ0 (cosine of solar zenith angle). The sun-satellite geome-
try data 1�, ps, µ and µ0 are included in the OMI level 1B
data. The surface reflectance As is taken from the Lamber-
tian equivalent surface reflectance climatology based on the
geolocation of the retrieved pixel and month.

3.1 Acknowledging the model discrepancy

The aerosol microphysical models used in the retrieval pro-
cedure are discrete representations of the aerosols in the real
atmosphere. Approximations in forward modelling together
with uncertainties in the assumptions, e.g. in the surface re-
flectance, cause model discrepancy, which manifests itself as
systematic deviations between the modelled and observed re-
flectance.

We pay special attention to the model discrepancy in the
fitting process by adding the related uncertainty term ⌘(�) to

the observation model

Robs(�) = Rmod(⌧, �) + ⌘(�) + ✏obs(�). (2)

The model discrepancy error term ⌘(�) enables correlated
errors between neighbouring wavelengths, thus allowing for
smooth departures from the model. The measurement error
✏obs(�) ⇠ N(0, � 2

obs(�)) will describe the independent in-
strument noise that will be assumed to be known in the re-
trieval procedure from the instrument properties and from
the calculation of the observed reflectance. In the fitting pro-
cedure, for simplicity, we have � obs(�) = Robs(�)/SNR, for
which we used value SNR = 500 for the signal-to-noise ratio
of the instrument.

Our approach to estimating the model discrepancy term
⌘(�) was to explore systematic differences between the mea-
sured and modelled reflectance (i.e. residuals). The system-
atic structure in the residuals indicates inadequacy in the for-
ward model. The model discrepancy was characterised using
a zero mean Gaussian process ⌘(�) ⇠ GP(0,C) (Rasmussen
and Williams, 2006), as described by (Määttä et al., 2014),
where the covariance matrix C defines the wavelength-
dependent correlation properties of the discrepancy. The co-
variance matrix C was constructed by means of an empirical
semivariogram when the variances of the residual differences
were calculated for each wavelength pairs with the distance
d . Next, the theoretical Gaussian variogram model was fitted
to these empirical semivariogram values. The outcome of this
analysis was the values for parameters that define the model
discrepancy covariance matrix C (see Määttä et al., 2014 for
details).

We assume that the likelihood function describing the dis-
tribution of the observations given the model follows a Gaus-
sian distribution. The likelihood function has an additional
error covariance term due to the model error,

p(Robs|⌧, m) /

exp
✓

�1
2

Rres(�)T
⇣

C + diag
⇣
� 2

obs(�)
⌘⌘�1

Rres(�)

◆
, (3)

where Rres(�) = Robs(�) � Rmod(⌧, �) is the residual, C is
the model discrepancy covariance matrix and diag(� 2(�))

is a diagonal matrix of the measurement error variances
� 2

obs(�). The likelihood function is needed for the calculation
of posterior distribution using Bayes’ formula (see Sect. 3.2).

3.2 Aerosol type and AOD retrieval with uncertainty

quantification

In the Bayesian inference, the solution of an inverse prob-
lem is presented as a posterior distribution of the unknown.
This approach provides a natural way of presenting the un-
certainty in the AOD and in the aerosol microphysical model
m. By Bayes’ formula the posterior distribution for ⌧ within
the model m and given the observed reflectance Robs is

p(⌧ |Robs, m) = p(Robs|⌧, m)p(⌧ |m)

p(Robs|m)
, (4)
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(see Table 1). Each model consists of a set of parameters
(e.g. AOD, single-scattering albedo, viewing and solar zenith
angle, relative azimuth angle, path reflectance, transmission
and spherical albedo) with predefined values at node points.

A weakly absorbing aerosol model WA1114 represents sea
salt particles having a higher fraction of coarse particles than
the other weakly absorbing models (see Table 1). We have
classified the model WA1114 as the fifth main aerosol type
when reporting results from the case examples (see Sect. 4).

3 Methodology

The proposed method is applied to the retrieval scheme that
is similar to the OMAERO algorithm. The unknown aerosol
parameter is the AOD at the reference wavelength of 500 nm,
for which we will use the symbol ⌧ . The related uncer-
tainty is analysed using Bayesian statistical inference. The
observations are TOA reflectances Robs(�) at a set of wave-
lengths � = (�1, . . .,�n). The modelled spectral reflectance
Rmod(⌧, �) depends on ⌧ within the specific aerosol micro-
physical model in LUT. The AOD parameter ⌧ is adjusted
between the nodal values in the model LUT to find the mod-
elled reflectance that has the best fit with the observed spec-
tral reflectance.

Assuming a Lambertian surface the contribution of the ra-
diation at the TOA can be separated from that of the atmo-
sphere (e.g. Chandrasekhar, 1960), leading to the equation
for modelled reflectance as

Rmod (�, ⌧, µ, µ0, 1�, ps)

= Ra (�, ⌧, µ, µ0, 1�, ps)

+ As(�)

1 � As(�) s (�, ⌧, ps)
T (�, ⌧, µ, µ0, ps) . (1)

Here path reflectance Ra , transmittance T and spherical
albedo s of the atmosphere are derived from LUT by inter-
polation as a function of �, ⌧ , 1� (relative azimuth angle),
ps (surface pressure), µ (cosine of viewing zenith angle) and
µ0 (cosine of solar zenith angle). The sun-satellite geome-
try data 1�, ps, µ and µ0 are included in the OMI level 1B
data. The surface reflectance As is taken from the Lamber-
tian equivalent surface reflectance climatology based on the
geolocation of the retrieved pixel and month.

3.1 Acknowledging the model discrepancy

The aerosol microphysical models used in the retrieval pro-
cedure are discrete representations of the aerosols in the real
atmosphere. Approximations in forward modelling together
with uncertainties in the assumptions, e.g. in the surface re-
flectance, cause model discrepancy, which manifests itself as
systematic deviations between the modelled and observed re-
flectance.

We pay special attention to the model discrepancy in the
fitting process by adding the related uncertainty term ⌘(�) to

the observation model

Robs(�) = Rmod(⌧, �) + ⌘(�) + ✏obs(�). (2)

The model discrepancy error term ⌘(�) enables correlated
errors between neighbouring wavelengths, thus allowing for
smooth departures from the model. The measurement error
✏obs(�) ⇠ N(0, � 2

obs(�)) will describe the independent in-
strument noise that will be assumed to be known in the re-
trieval procedure from the instrument properties and from
the calculation of the observed reflectance. In the fitting pro-
cedure, for simplicity, we have � obs(�) = Robs(�)/SNR, for
which we used value SNR = 500 for the signal-to-noise ratio
of the instrument.

Our approach to estimating the model discrepancy term
⌘(�) was to explore systematic differences between the mea-
sured and modelled reflectance (i.e. residuals). The system-
atic structure in the residuals indicates inadequacy in the for-
ward model. The model discrepancy was characterised using
a zero mean Gaussian process ⌘(�) ⇠ GP(0,C) (Rasmussen
and Williams, 2006), as described by (Määttä et al., 2014),
where the covariance matrix C defines the wavelength-
dependent correlation properties of the discrepancy. The co-
variance matrix C was constructed by means of an empirical
semivariogram when the variances of the residual differences
were calculated for each wavelength pairs with the distance
d . Next, the theoretical Gaussian variogram model was fitted
to these empirical semivariogram values. The outcome of this
analysis was the values for parameters that define the model
discrepancy covariance matrix C (see Määttä et al., 2014 for
details).

We assume that the likelihood function describing the dis-
tribution of the observations given the model follows a Gaus-
sian distribution. The likelihood function has an additional
error covariance term due to the model error,

p(Robs|⌧, m) /

exp
✓

�1
2

Rres(�)T
⇣

C + diag
⇣
� 2

obs(�)
⌘⌘�1

Rres(�)

◆
, (3)

where Rres(�) = Robs(�) � Rmod(⌧, �) is the residual, C is
the model discrepancy covariance matrix and diag(� 2(�))

is a diagonal matrix of the measurement error variances
� 2

obs(�). The likelihood function is needed for the calculation
of posterior distribution using Bayes’ formula (see Sect. 3.2).

3.2 Aerosol type and AOD retrieval with uncertainty

quantification

In the Bayesian inference, the solution of an inverse prob-
lem is presented as a posterior distribution of the unknown.
This approach provides a natural way of presenting the un-
certainty in the AOD and in the aerosol microphysical model
m. By Bayes’ formula the posterior distribution for ⌧ within
the model m and given the observed reflectance Robs is

p(⌧ |Robs, m) = p(Robs|⌧, m)p(⌧ |m)

p(Robs|m)
, (4)
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Table 2. The retrieved aerosol characteristics for AERONET sites and results from the presented method. The collocated OMI pixel indices
in orbit are given in the column Pixel ind. The AERONET AOD at 440 and the Ångström exponent ↵(440–675) nm are daily averages of the
data from level 2.0 version 2 direct-sun algorithm. We interpolated AERONET AOD at 500 nm (marked by ⇤) by Ångström power law using
the instant values of ↵(440–675) and AOD at 440 nm. The AOD at 500 nm retrieved by the presented method is the MAP estimate from the
averaged posterior density. The Ångström exponents ↵1(442–500) and ↵2(442–500) nm are calculated from the best-matching model LUT
and from the second-best-matching model LUT, respectively. We interpolated OMAERO AOD at 500 nm (marked by ⇤⇤) in the best-fitting
LUT using AOD at 342.5 nm.

Site name (Lat, lon) Pixel ind AOD 440 AOD 500 ↵(440–675) AOD 500 ↵1 ↵2 AOD 500
AERONET AERONET OMI AERONET AERONET AERONET OMAERO

Beijinga (39.9� N, 116.3� W) (1029.25) 2.488 2.160⇤ 1.108 3.602 1.008 1.610 –
Beijingb (39.9� N, 116.3� W) (1004.12) 0.807 0.665⇤ 1.522 0.624 1.560 1.259 –
Agoufou (15.3� N, 1.4� W) (905.9) 0.228 0.218⇤ 0.375 2.549 0.293 – 1.557⇤⇤
DMN_Maine_Soroa (13.2� N, 12.0� E) (873.53) 0.143 0.139⇤ 0.267 0.087 0.978 1.560 0.148⇤⇤
IER_Cinzana (13.2� N, 5.9� W) (899.2) 0.424 0.414⇤ 0.236 0.206 0.561 0.290 0.234⇤⇤
Saada (31.6� N, 8.1� W) (1047.6) 0.302 0.276⇤ 0.697 0.312 0.561 0.290 –

a 16 April 2008. b 27 April 2008.

where p(Robs|⌧, m) is the likelihood and p(⌧ |m) is a prior
distribution for ⌧ depending on the aerosol microphysical
model m. The denominator p(Robs|m) does not depend on
⌧ and acts to normalise the numerator. We assumed that
the prior p(⌧ |m) follows a log-normal distribution in order
to ensure that the estimated AOD is positive. The calcula-
tion of the actual posterior distribution requires solving in-
tegrals over the parameter and model space. In our case, the
model selection procedure seeks the solution for one param-
eter ⌧ and then the calculation of posterior distribution is
fairly straightforward by numerical quadrature. The calcu-
lation of the posterior distribution is presented in more detail
in Määttä et al. (2014).

The denominator p(Robs|m)=
R

p(Robs|⌧, m) p(⌧ |m)d⌧

in Eq. (4) is the probability of the observed reflectance Robs
assuming the model m is the correct one. However, when
considering our problem of choosing the right model m,
the p(Robs|m) acts as an evidence in favour for m. Conse-
quently, we compare models using their evidence values. In
the retrieval procedure we accept the models with the high-
est amount of evidence until a cumulative sum of the selected
models’ evidence passes the value of 0.8 or the number of se-
lected models is 10.

Since we assume that a priori all models are equally likely,
we end up calculating the relative evidence for each selected
model mi using the formula

p(mi |Robs) = p(Robs|mi)P
j

p
�
Robs|mj

� . (5)

Here the denominator is a sum over all the evidence of the
models mj under the comparison process (see Määttä et al.,
2014 for details). The relative evidence indicates how plau-
sible the aerosol microphysical model is among the set of
potential models.

Even when a model has the highest amount of evidence,
it does not ensure that it adequately fits the observed re-

flectance. The goodness of fit of the selected model is anal-
ysed by the modified chi-squared value

�2 = 1
n � 1

Rres(�)T
⇣

C + diag(� 2(�))
⌘�1

Rres(�), (6)

where C is a covariance matrix for the model discrepancy
and n is the number of wavelength bands in the spectral re-
flectance. We accepted the retrieved solution (i.e. the selected
best model) if this merit function gave a value  2.

3.3 Bayesian model averaging

Traditionally, the aerosol microphysical model mi with the
highest amount of evidence can be treated as the correct one.
However, there can be several models that could explain the
measurements equally well when taking into account the un-
certainty in the selection procedure. In that case the selection
of single model (i.e. aerosol subtype) does not ensure that
it is the most appropriate model, since it may have been se-
lected by chance. In addition, the posterior distribution for
⌧ can differ from model to model among the best models.
This indicates that the selection of one particular model as
the correct one is not always self-evident or meaningful.

We have used the Bayesian model averaging approach
(Hoeting et al., 1999; Robert, 2007) to calculate averaged
posterior distribution using the formula

pavg (⌧ |Robs) =
nX

i=1
p(⌧ |Robs, mi) p (mi |Robs) , (7)

where the posterior distributions for ⌧ , assuming that mi is
the correct model, are weighted by the models’ evidence. By
model averaging we perform the shared inference about the
AOD over the best-fitting models. Secondly, the uncertainty
in the model selection is incorporated in the uncertainty esti-
mate of the AOD.
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Table 2. The retrieved aerosol characteristics for AERONET sites and results from the presented method. The collocated OMI pixel indices
in orbit are given in the column Pixel ind. The AERONET AOD at 440 and the Ångström exponent ↵(440–675) nm are daily averages of the
data from level 2.0 version 2 direct-sun algorithm. We interpolated AERONET AOD at 500 nm (marked by ⇤) by Ångström power law using
the instant values of ↵(440–675) and AOD at 440 nm. The AOD at 500 nm retrieved by the presented method is the MAP estimate from the
averaged posterior density. The Ångström exponents ↵1(442–500) and ↵2(442–500) nm are calculated from the best-matching model LUT
and from the second-best-matching model LUT, respectively. We interpolated OMAERO AOD at 500 nm (marked by ⇤⇤) in the best-fitting
LUT using AOD at 342.5 nm.

Site name (Lat, lon) Pixel ind AOD 440 AOD 500 ↵(440–675) AOD 500 ↵1 ↵2 AOD 500
AERONET AERONET OMI AERONET AERONET AERONET OMAERO

Beijinga (39.9� N, 116.3� W) (1029.25) 2.488 2.160⇤ 1.108 3.602 1.008 1.610 –
Beijingb (39.9� N, 116.3� W) (1004.12) 0.807 0.665⇤ 1.522 0.624 1.560 1.259 –
Agoufou (15.3� N, 1.4� W) (905.9) 0.228 0.218⇤ 0.375 2.549 0.293 – 1.557⇤⇤
DMN_Maine_Soroa (13.2� N, 12.0� E) (873.53) 0.143 0.139⇤ 0.267 0.087 0.978 1.560 0.148⇤⇤
IER_Cinzana (13.2� N, 5.9� W) (899.2) 0.424 0.414⇤ 0.236 0.206 0.561 0.290 0.234⇤⇤
Saada (31.6� N, 8.1� W) (1047.6) 0.302 0.276⇤ 0.697 0.312 0.561 0.290 –

a 16 April 2008. b 27 April 2008.

where p(Robs|⌧, m) is the likelihood and p(⌧ |m) is a prior
distribution for ⌧ depending on the aerosol microphysical
model m. The denominator p(Robs|m) does not depend on
⌧ and acts to normalise the numerator. We assumed that
the prior p(⌧ |m) follows a log-normal distribution in order
to ensure that the estimated AOD is positive. The calcula-
tion of the actual posterior distribution requires solving in-
tegrals over the parameter and model space. In our case, the
model selection procedure seeks the solution for one param-
eter ⌧ and then the calculation of posterior distribution is
fairly straightforward by numerical quadrature. The calcu-
lation of the posterior distribution is presented in more detail
in Määttä et al. (2014).

The denominator p(Robs|m)=
R

p(Robs|⌧, m) p(⌧ |m)d⌧

in Eq. (4) is the probability of the observed reflectance Robs
assuming the model m is the correct one. However, when
considering our problem of choosing the right model m,
the p(Robs|m) acts as an evidence in favour for m. Conse-
quently, we compare models using their evidence values. In
the retrieval procedure we accept the models with the high-
est amount of evidence until a cumulative sum of the selected
models’ evidence passes the value of 0.8 or the number of se-
lected models is 10.

Since we assume that a priori all models are equally likely,
we end up calculating the relative evidence for each selected
model mi using the formula

p(mi |Robs) = p(Robs|mi)P
j

p
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Robs|mj

� . (5)

Here the denominator is a sum over all the evidence of the
models mj under the comparison process (see Määttä et al.,
2014 for details). The relative evidence indicates how plau-
sible the aerosol microphysical model is among the set of
potential models.

Even when a model has the highest amount of evidence,
it does not ensure that it adequately fits the observed re-

flectance. The goodness of fit of the selected model is anal-
ysed by the modified chi-squared value

�2 = 1
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where C is a covariance matrix for the model discrepancy
and n is the number of wavelength bands in the spectral re-
flectance. We accepted the retrieved solution (i.e. the selected
best model) if this merit function gave a value  2.

3.3 Bayesian model averaging

Traditionally, the aerosol microphysical model mi with the
highest amount of evidence can be treated as the correct one.
However, there can be several models that could explain the
measurements equally well when taking into account the un-
certainty in the selection procedure. In that case the selection
of single model (i.e. aerosol subtype) does not ensure that
it is the most appropriate model, since it may have been se-
lected by chance. In addition, the posterior distribution for
⌧ can differ from model to model among the best models.
This indicates that the selection of one particular model as
the correct one is not always self-evident or meaningful.

We have used the Bayesian model averaging approach
(Hoeting et al., 1999; Robert, 2007) to calculate averaged
posterior distribution using the formula

pavg (⌧ |Robs) =
nX

i=1
p(⌧ |Robs, mi) p (mi |Robs) , (7)

where the posterior distributions for ⌧ , assuming that mi is
the correct model, are weighted by the models’ evidence. By
model averaging we perform the shared inference about the
AOD over the best-fitting models. Secondly, the uncertainty
in the model selection is incorporated in the uncertainty esti-
mate of the AOD.
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The rate of increase of atmospheric carbon dioxide (CO2) 
over the past 70 years is nearly 100 times larger than 
that at the end of the last ice age. As far as direct and 
proxy observations can tell, such abrupt changes in 
the atmospheric levels of CO2 have never before been 
seen. The figure on the left shows the CO2 atmospheric 
content at the end of the last ice age, and the figure 
on the right shows recent atmospheric CO2 content 
[1]. The thin grey area on the left figure, which looks 
like a vertical line, corresponds to a similar period of 
70 years as depicted on the right figure for modern 
times. Rapidly increasing atmospheric levels of CO2 and 
other greenhouse gases (GHGs) have the potential to 
initiate unpredictable changes in the climate system, 
because of strong positive feedbacks, leading to severe 
ecological and economic disruptions. The WMO Global 
Atmosphere Watch (GAW) Programme tracks the 
changing levels of GHGs and serves as an early warning 
system by detecting changes in these key atmospheric 
drivers of climate change.

Growing population, intensified agricultural practices, 
increases in land use and deforestation, industrialization 
and associated energy use from fossil fuel sources 
have all contributed to increases in GHG atmospheric 
abundances since the industrial era, beginning in 

1750. Emissions of CO2 from human 
activities were again at record 
levels in 2016, although, according 
to the most-recent assessment of 
the Global Carbon Project (http://
globalcarbonbudget2016.org/), 
the year-to-year increase of these 
emissions has slowed down or 
even reached a plateau. These 
emissions, together with the 2015 
and 2016 natural emissions related 
to El Niño, have contributed to the 
record increase in CO2 concentration 
in the atmosphere, as detected by the 
WMO GAW network, thus resulting 
in a further increase in climate 
forcing. The steady increase in GHG 
concentrations in the atmosphere 
over the observation period from 
1970 until present is consistent with 
the observed increase of global 

average temperatures in the same period with a record 
measured in 2016, as reported in the WMO statement 
on the state of the global climate [2]. 

As illustrated in the inside story of this bulletin, over 
the last ~800 000 years, pre-industrial atmospheric CO2 
content remained below 280 ppm(1) across glacial and 
interglacial cycles, but it has risen to the 2016 global 
average of 403.3 ppm. From the most-recent high-
resolution reconstructions from ice cores, it is possible 
to observe that changes in CO2 have never been as 
fast as in the past 150 years, and the natural ice-age 
changes in CO2 have always preceded corresponding 
temperature changes. Geological records show that the 
current levels of CO2 correspond to an “equilibrium” 
climate last observed in the mid-Pliocene (3–5 million 
years ago), a climate that was 2–3 °C warmer, where 
the Greenland and West Antarctic ice sheets melted 
and even some of the East Antarctic ice was lost, 
leading to sea levels that were 10–20 m higher than 
those today. 

The longer we wait to implement the Paris Agreement, 
the greater the commitment and the more drastic (and 
expensive) the required future emission reductions will 
need to be to keep climate change within critical limits.
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•  From 1990 to 2016, 
radiative forcing by 
long-lived greenhouse 
gases has increased  
by 40% 

•  CO2 accounts for about 
80% of this increase.  

WMO Greenhouse gas bulletin, 2017 



•  OCO-2 measures CO2 and oxygen 
absorption in the spectrum of 
reflected sunlight àcolumn-averaged 
CO2 (XCO2). 

 
•  1016 wavelengths, 8 footprints, 

footprint size 2 km x 1 km.  

•  Almost 1 million soundings per day 
out of which 100 000 of high quality. 

•  Validation using Sodankylä data on-
going 
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NASA’s OCO-2 
measuring CO2 



Figure: NASA/GSFC 



By March/April 2016, the distribution of XCO2

is similar to the year before, but with an in-
creased concentration of ~3.5 ppm globally. A
substantial fraction of this increase reflects emis-
sions from fossil fuel burning. Direct evidence for

these emissions includes the 1- to 3-ppm enhance-
ments in XCO2 over the regions with intense in-
dustrial activity. For example, Schwandner et al.
(46) observe a local, persistent enhancement of 4
to 6 ppm in XCO2 between OCO-2 measurements

across the Los Angeles basin and the measure-
ments that extend to the desert region to the
north. The basin provides an ideal setting for such
analyses, with a large urban population and ac-
companying emissions, and mountains to the
north of the city, which trap air in the basin and
provide a clear demarcation from the background
region to the north. This is illustrated in Fig. 4 and
in Schwandner et al. (46). More broadly, the spa-
tial enhancements of XCO2 due to the burning of
fossil fuel across the Northern Hemisphere are il-
lustrated in Fig. 5. Hakkarainen et al. (34) com-
binedOCO-2XCO2 measurementswith space-based
observations of NO2 from the OMI instrument,
as well as the Open-Source Data Inventory for
Anthropogenic CO2 (ODIAC) emissions inven-
tory (47). Using cluster analysis, they identified
XCO2 enhancements clearly linked to fossil fuel
combustion, which are shown in Fig. 5.
Another large signal seen in the OCO-2 data is

the effect of seasonal biomass burning in Africa
on the XCO2concentrations (Fig. 6). CO2 accounts
for more than 90% of annual global fire carbon
emissions in current emission inventories (48),
and fire emissions are typically enhanced during
El Niño periods. These emissions have typically
been estimated frommodels rather than direct
observations. Uncertainties in the extent of the
burnedarea, thebiomassdensitywithin theburned
area, and the fraction of biomass emitted as CO2,
CO, and other species compromise the accuracy
of the estimates (49–51). Top-down constraints on
pyrogenic CO2 could therefore provide a much-
needed check on fire emissions estimates.
OCO-2 measurements were used to estimate

the CO2 emissions from Indonesian fires in 2015
(35). Indonesia experienced an exceptional num-
ber of fires in 2015 due to El Niño–related drought
and slash-and-burn agricultural practices. Emis-
sions databases such as the Global Fire Assim-
ilation System (GFASv1.2) and the Global Fire
Emission Database (GFEDv4s) estimated the CO2

emission to be ~1100 megatons CO2 between
July and November 2015. Heymann et al. (35)
analyzed OCO-2XCO2 observations collected over
Indonesia during this period using two different
modeling approaches. They estimate pyrogenic
CO2 emissions near 731 ± 271 megatons CO2. This
estimate is 37 and 31% lower than those in the
GFASv1.2 and GFEDv4s emissions databases.
Interestingly, the OCO-2 based estimates are con-
sistent with pyrogenic CO2 emissions estimates
based on CO measurements from the MOPITT
instrument on the Terra platform and fire radia-
tive power estimates from Terra and AquaMODIS
(692 ± 213megatons CO2) (52). Hakkarainen (34)
also clearly sees the enhancedXCO2 from biomass
burning in his anomaly analysis, although their
results are aggregated over time, so the season-
ality is not reported. The Northern Hemisphere
African biomass emissions peak in January each
year (48, 53) and have a duration of 4 to 5months.
Figure 6 illustrates the growth phase of that cycle
for 2 years of OCO-2 measurements.
Time series of the OCO-2 XCO2 estimates clearly

show the seasonal cycles and the latitudinal dif-
ferences in those seasonal cycles that are similar

Eldering et al., Science 358, eaam5745 (2017) 13 October 2017 3 of 8

Fig. 2. Maps of OCO-2 XCO2
. Maps of OCO-2 XCO2

(bias corrected with quality flags applied) over
32-day periods in (A) March/April 2015, (B) June/July 2015, and (C) March/April 2016. The
measurement area of each sounding has been exaggerated for visibility on a global scale.
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CO2 by OCO-2 
•  Seasonal variability of CO2 
•  Global increase in CO2 

•  On-going work by several groups: 
combine data with inverse 
modeling/ assimilation to solve 
sources and sinks of CO2 

•  Challenging problem due to 
many uncertainties in data, 
model, assimilation 
methodology. 

March-April 2015 

June-July 2015 

March-April 2016 



Hakkarainen et al, 2016 GRL: Simple 
algorithm for computing anomalies 

30 

 
•  Removes the overall seasonal variability and growing trend from the data. 
•  Reduces the effect of the changes in sampling and the impact of potential regional scale biases in 

the OCO-2 data set. 
 

XCO2(anomaly) = XCO2(individual) − XCO2(daily median). 

Hakkarainen et. Al, GRL, 2016 



Geographical distribution of 
anomalies shows emission areas 
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Hakkarainen et. al, Direct space-based observations of anthropogenic CO2 emission areas  
from OCO-2 Geophys. Res. Lett., 2016 



Geographical distribution of 
anomalies shows emission areas 
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Hakkarainen et. al, Direct space-based observations of anthropogenic CO2 emission areas  
from OCO-2 Geophys. Res. Lett., 2016 



Clustering the data based on joint analysis 
of OCO-2 CO2 anomaly and OMI NO2 

33 

•  High NO2 indicates 
anthropogenic emissions 

•  Clustering the data using 
OMI NO2 and OCO-2 CO2 
anomaly indicates the 
origin of elevated CO2. 

•  K-means clustering (mean 
Euclidian distance) and 
Expectation-Maximization 
(EM) clustering (mixture of 
Gaussian distributions) can 
be used. 

 
Hakkarainen et. al, GRL, 2016 
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Figure 2. Results of the cluster analysis. Top row: scatter plot between mean OCO-2 XCO2 anomalies and
mean tropospheric OMI NO2 columns. The points are color coded based on the results of the cluster analy-
sis (c1-c4, corresponding to increasing NO2 levels). Middle row: scatter plot between mean OCO-2 XCO2

anomalies and ODIAC emission. The colorcode is based on the same clusters shown in the top row. Bottom
row: maps of the different clusters.
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Anthropogenic CO2 according 
to clustering 

distinct phases in the response of atmospheric
CO2—an early response driven by reduction in
CO2 outgassing from the tropical Pacific Ocean
followed by a lagged and much larger response
driven by increased fluxes from the tropical land.
To further elucidate the relationship between
regional climate forcing and tropical biosphere
carbon response, Liu et al. (36) contrast the 2015
carbon responses to 2011, which was a weak La
Niña year with near-average temperature and
precipitation over the tropical continents. They
quantify net biosphere exchange (NBE) (i.e., the
combined effects of respiration, fire, and GPP)
for 2015 and 2011, respectively, by assimilating
XCO2observations from OCO-2 and GOSAT into
theNASACarbonMonitoring System Flux (CMS-
Flux) inversion system. To further partition the
NBE into GPP, biomass burning, and residual
respiration carbon fluxes, they optimized GPP
and biomass burning fluxeswith SIF fromGOSAT
(62) and CO observations from MOPITT (63),
respectively.
The impacts of El Niño on the carbon cycle

are complex (33, 36): Temperature and rainfall
changes in Southeast Asia, Africa, and South
America are distinct, resulting in diverse carbon
cycle impacts. XCO2 decreased over the tropical
Pacific Ocean, but flows of carbon were larger to
the tropical atmosphere over all three continents.
Over South America, dry conditions reduced
GPP, resulting in a net increase in the flux of
carbon to the atmosphere. Over Africa, higher
atmospheric temperatures drove increased respi-
ration (Reco) but near normal GPP, increasing
carbon flux to the atmosphere. Southeast Asia
experienced higher temperatures and dry con-
ditions, increased vulnerability to fire from land

use, and increased emissions of CO2. See Liu
et al. (36) for additional discussion.

OCO-2 measurements in context of
other remote sensing data

OCO-2 is not the first instrument tomeasure CO2

from space, but its data have unique character-
istics relative to existing data sets. Space-based
measurements of CO2 have been made in the
thermal infrared beginning in the early 2000s
with the Atmospheric Infrared Sounder (64) and
are now being made by several other instru-
ments. However, extracting surface source/sink
information from these measurements has been
largely unsuccessful, owing to their low sensitiv-
ity to near-surface CO2, which provides the most
information on surface exchange (65, 66). The
SCanning Imaging Absorption spectroMeter for
Atmospheric CHartographY (SCIAMACHY) in-
strument made near-infrared measurements of
column CO2 from 2002 to 2012, although with
relatively coarse spatial resolution (30 × 60 km2)
and lower sensitivity (4 to 8 ppm) (67–70). The
Japanese GOSATmission launched in 2009 (71, 72)
was the first mission whose primary goal was to
measure greenhouse gases (carbon dioxide and
methane) from space. The GOSAT mission has
fostered considerable international scientific col-
laboration, leading to a deeper understanding of
the utility of total column CO2 measurements
from space. The GOSAT CO2 observations have
formed the backbone of a number of important
scientific studies. The primary limitation of the
GOSATmeasurement scheme is its low sounding
density, with a single, 85-km2 measurement per
250 km, resulting in fewer than 1000 cloud-free
soundings each day.

The CO2 seasonal cycle has also been studied
with SCIAMACHYandGOSATdata (e.g., 73, 74-76).
The GOSAT measurements have been used to
characterize a number of relatively large dis-
turbances to the carbon cycle, including reduced
carbon uptake in 2010 due to the Eurasia heat
wave (77), larger than average carbon fluxes in
tropical Asia in 2010 due to above-average tem-
peratures (78), and anomalous carbon uptake in
Australia (79). Parazoo et al. (62) usedGOSATXCO2

and SIF estimates to better understand the car-
bon balance of southern Amazonia. Ross et al. (80)
used GOSAT data to obtain information on wild-
fire CH4:CO2 emission ratios. Buchwitz et al. (67)
provide an excellent overview of the SCIAMACHY
and GOSAT remote sensing data sets.
The OCO-2 measurements have a higher spa-

tial resolution than GOSAT and SCIAMACHY
and include a larger number of measurements
per day. OCO-2 was designed as a sampling mis-
sion, not a mapping mission, so it only samples a
small fraction of the globe each day. Although it
would be desirable to have high-precision mea-
surements over the whole globe daily, current
limitations in remote sensing create a trade-off
in sampling coverage and measurement preci-
sion (81), and OCO-2 has been designed to have
sparse sampling and high precision (18, 82). This
trade-off allowsOCO-2 to capture the data required
for assessing regional fluxes of CO2 across the globe
(32, 82). Additionally, OCO-2 XCO2 high precision
allows the detection of small changes in regional
concentrations (33), including the observations,
from a single overpass, of gradients across cities
that themeasurement path happens to cross (46).
Similarly, SIFhas beenderived fromSCIAMACHY

(41, 83), GOME-2 (84) and GOSATmeasurements
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Fig. 5. Maps of the OCO-2 XCO2
anomaly (mean in each grid box of the

daily anomaly from the regional median) in 1° by 1° cells between Sep-
tember 2014 and April 2016.The anomalies are only plotted for the regions
identified as clusters of enhancements due to fossil fuel burning in (34).
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Hakkarainen et. al, Direct space-based observations of anthropogenic CO2 emission areas  
from OCO-2 Geophys. Res. Lett., 2016 

 
Comparing to OCO CO2 anomaly 
with emission inventory 

OCO-2 CO2 anomaly 
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Middle east 

Hakkarainen et. al, GRL, 2016 



Summary 
•  Important atmospheric phenomena can be studied globally using 

satellite observations. 

•  Interpreting the satellite observations and uncertainties related to them 
requires applying mathematical methods  

•  If existing method works – GREAT 
•  If it doesn’t –  EVEN BETTER: new methods are needed. 

 
•  In the best case this synergy results in new findings in both 

mathematics and in atmospheric sciences! 
 
… and sometimes it is just fun! 
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