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the chemical data assimilation problem

Our goal is to combine and models
to improve our estimate of the state
(constituents) of a system (atmosphere) .

from a Bayesian framework:
(state given observations) o (state)
[x|Y] o [ x]
(posterior) o (prior)



the inverse problem

Our goal is to combine and models
to improve our estimate of the sources
(of constituents) in the system (atmosphere) .

from a Bayesian framework:
(source given observations of the state)
o (source)

(XYl a [x]
(posterior) o (prior)



our model of the system

estimate = M(state) + error
Xir1 = M (X;) + N with 1, ~ N(0,Q)

In the case of [CO]:

natural /anthropogenic
- AL
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processes
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http://acd.ucar.edu/~barthm/namcase.html




observations of the system

In-Situ Measurements Remote-sensed Measurements

Measurement Programs
NOAA CMDL Carbon Cycle Greenhouse Gases

CO from anthropogenic sources in 1990 (< 1 km Alt.)

Global fotal: 410 Tg GO-C (min = 0,011 kg, max = 1.75 Tg)

TRACE D




observation and model

observation = h(state) + error

Y=h(X)+e& withe~N(0,R)
Y =Hx+¢ linear case

In the case of direct observations of CO, H is simply a linear
interpolation of the model CO state to the observation

However, in the case of remote-sensed measurements of CO, H can
be more complicated (may not be non-linear too!). For example,

Vradiance = h(X) + e, where h () can be a radiative transfer model (RTM)

Sy 0y

Viadiance = S_X + ey linear case where a IS the measurement sensitivity
X

X 0% 0X is the averagin
Vretrieval = X = X5 + 5_X (X — Xa) + ey where A = & cornal ging



observation and model

observation = h(source) + error

Y=h(X)+e& withe~N(0,R)
Y =Hx+¢ linear case

In the case of direct observations of CO, H is matrix of response

functions (mapping the source to the state) + a linear interpolation of
the model CO state to the observation

However, in the case of remote-sensed measurements of CO, H can
be more complicated (may not be non-linear too!). For example,

Vradiance = h(X) + e, where h () can be a radiative transfer model (RTM)
Sy oy

Vradiance = &x + ey linear case where a IS the measurement sensitivity
86X

X . _
Yretrieval = X = X5 + 5x (x —x,) + e, where A = & Eetr:]eelavefaglng
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the inverse problem

[x|Y] [X]
( posterior ) ( prior)

is N( xf, Pf) and Y = Hx + ¢ with ¢ ~N(0,R), the posterior is N(x?,P?)
e = (v — Hx") ' R™(y — Hx) + (x —x") P (x — )
An estimate X2 of the state can be expressed as:

Kalman Filter
x? = x' + K(y — Hxf), P? = (I —KH)P!

x? = xf + PFHE(HPTH® + R) ™ (y — Hx")
Can be recast as:

x® = x{ + PTHY(HPfHY) " (HPTHY)(HPTHE +R) ™ (v — Hx")
least-squares shrink to Hxf



inverse modeling of CO sources

e.g. [ emission | ] ~[ MOPITT | emission ] [ emission ]
N(x2,P?) N(Hx, R) N( xf, P")

We solve for regional source scaling factors

e.g.

BIOMASS BURNING

Note that the posterior mean is sensitive to

data, prior estimates, error specification and
model leading to persistent discrepancies in
source estimates Biogenic (GEOS-CHEM)
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ensemble of inversions

« "best case" a priori
) TRACE-P
4 No correlation
aSax2 MOPITT - 6% bias
MOPITT (10-45°N, 120-150°E)

Source [Tg/yr]
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Heald et al. (2004)



ensemble of inversions

NAM EUR RUS EAS SAS SEA ROW OTH NLA SLA NAF SAF SSA BOR
source cateqory

Arellano et al. (2004)



sensitivity to methodology

analytical inversion

120°E 150°E

Kopacz et al. (2009)




sensitivity to observing network

Top-down Estimates of Black Carbon
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sensitivity to GCTM transport

differences in response functions differences in inverse results
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recent top-down estimates of CO sources

annual estimates of scaling factors
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Kopacz et al., (2010)




Kopacz et al., (2010)




recent top-down estimates of CO sources

Kopacz et al., (2010)



problems?

a Prior

a posterior
all three

mstruments

a posterion
single
instruments

Kopacz et al., (2010)




problems?
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recommendations

1) Inversions with a regional focus
- reconciling differences in inverse results
- reducing aggregation errors

2) TransCom-like CO experiments
- understanding errors in GCTM
- elucidating differences in methodology
(perfect model experiments)

3) Towards a more integrated/synergistic approach
- multi-species/multi-platform inversions
- state/source estimation

4) Better error characterization
- observational errors (biases/inconsistencies)
- model errors
- emission errors
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utility of a chemical DA system

RMSE relative to MOPITT MOPITT CO @ 700 hPa (April 2006)
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:% error characterization using ensembles
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Temperature Spread @ 500 hPa U Wind Spread @ 500 hPa (m/s)
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