Progress toward estimating surface carbon dioxide fluxes atthe regional scale
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How are sources and sinks of carbon dioxide (CO,), such as
forests, going to change in the future? That is one of the big
unknowns in predicting future climate change. In order to undetr-
stand how ecosystems will respond to climate change, we need
better quantification of current sources and sinks of CO».

CO, fluxes are difficult to directly measure at regional to global
scales, but inversion methods can help constrain the fluxes us-
ing observed atmospheric CO> concentration combined with an
atmospheric transport model. However, at regional scales un-
certainties in the atmospheric transport can significantly im-
pact the inversion results, and it is not obvious how to account for
transport errors.

B Quantify the magnitude and structure of regional transport er-
rors in atmospheric CO-

B Discuss how to design a data assimilation system that includes
transport errors

We use the Weather Research and Forecasting (WRF) Model
with coupled chemistry (WRF-Chem) to study the time evolution
and structures of transport errors in the atmospheric CO» field.

WRF-Chem 3.6.1

27 km horizontal resolution

60 vertical levels

CO-> modeled as a passive tracer

Initial and boundary conditions from ERA-Interim

CO:, initial and boundary conditions and fluxes from Carbon-
Tracker Near-Real Time (CT-NRT) v2017

Here we focus on a case over North America in July 2016 dur-
ing which the first NASA Atmospheric Carbon and Transport flight
campaign took place. Two experiments were performed:

B Perturbed transport with true CO» fluxes
B Perturbed CO; fluxes with true transport
The atmospheric transport was perturbed by perturbing the initial
conditions, and then assimilating ideal sounding experiments us-

ing an Ensemble Kalman Filter based on the PSU Unified Data
Assimilation system. The ensemble consists of 40 members.

using an augmented Ensemble Kalman Filter
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CO, flux perturbations

To create an ensemble of CO» fluxes (F), the prior CT-NRT op-
timized biological and oceanic CO- fluxes were perturbed by a
scaling factor A for each ecosystem,

Fperturbed (x, Y, t) = A(ecosystem, t) - Fprior(x/ Y, t),

where x and y are the horizontal coordinates and ¢ is time. 40 flux
realizations were created by randomly drawing As from a normal
distribution with a mean of 1 and a standard deviation of 0.8 for

Wooded Tundra
Tundra Cool Conifer

- Cool Desert

- Hot Desert

B Wwarm Field Wood
B Cool For field

- Trop. Savanna
- Tropical Dry Fo

- North. Taiga - Paddylands - Warm For./field - Sand Desert E Trop. Seasonal
- E. South. Taiga Warm Crops - Cool Field/wood E Highland Shrub Trop. Montane
- South. Taiga Cool Crops - Marsh, Swamp Med. Grazing - Atlantic Ocean

- Bogs, Bog Woods
Main Taiga Warm Grass/shru

E Warm Mixed
Warm Deciduous

Cool Irrigated - Pacific Ocean
Warm Irrigated - Lakes

Succulent Thorn

Cool Grass/shru Cool Mixed

Fig. 1. Model domain and (a) ecosystems according to the Olson classification,
and (b) oceans and lakes, and location of ideal sounding observations.

Flow-dependent transport errors

Atmospheric transport errors were constrained by assimilat-
ing ideal sounding observations (see Fig. 1b) every 12 hours.
Domain-averaged root-mean-square errors in the U and V com-
ponents of the wind are around 3 m/s.
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Fig. 2. Domain-averaged root-mean-square errors in the wind components and
planetary boundary layer height compared with the truth simulation.

Time evolution of CO, sensitivities

The sensitivities of CO, to perturbed transport (solid lines) and
perturbed fluxes (dashed lines) show that the domain-averaged
magnitude of transport errors is similar to 80 % flux errors close
to the surface. In the free troposphere, transport errors dominate.
The errors quickly saturate after a few days.
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Fig. 3. Time evolution of the domain-averaged ensemble spread in CO, concen-
tration at different vertical levels in the two experiments. The gray shading indicate
the range of transport errors for different flux realizations.

Horizontal structure

The flux perturbations are proportional to the magnitudes of the
prior fluxes due to the use of scaling factors. Transport errors in
CO, are related to the magnitude of the prior fluxes close to the
surface, but show a more flow-dependent error structure in the
free troposphere, with larger errors in low-pressure systems and
frontal systems where there is strong vertical mixing.

(a) Transport sensitivities, near-surface

(b) Flux sensitivities, near-surface
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Fig. 4. Time-averaged horizontal distribution of ensemble spreads in CO» due to
perturbed transport (left) and perturbed fluxes (right).
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Ensemble Kalman Filter

We are developing a regional Ensemble Kalman Filter data as-
similation system that simultaneously optimizes the meteorologi-
cal state and the CO, fluxes and concentration states. To include
CO:> in the system, the state vector is augmented by including the
CO, concentration and CO» fluxes:

x=[T,U,V,...,CO,Fco,]!

Scaling factors of CO» fluxes are optimized by assimilating CO-
concentration:

x; = xp + PLH (HP,H' + R)"}(y - Hxy),

where x, and x; are the analysis and background state vectors,
respectively, H is the observation operator to relate the model
state to observations, R is the observation error covariance ma-
trix, and y contains the observations. P is the background error
covariance matrix estimated from the ensemble members:

1
N —1
where each column in X’ is a state vector of an ensemble member

minus the ensemble mean (i.e., the ensemble anomalies), and N
is the number of ensemble members.

Pb X’X/T,

The ensemble members are created by perturbing both the trans-
port and the CO» fluxes; thus, the covariances in P include both
transport errors and flux errors.

In the future we will optimize the data assimilation system for CO»
inversion and explore necessary technigues to obtain reliable re-
sults, e.g. covariance inflation, localization, etc.

Conclusions

m Transport errors have a significant impact on the regional CO-
concentrations and are similar in magnitude to 80 % summer-
time flux errors near the surface, and almost double the flux
errors in the free troposphere.

m In the presence of transport errors, afternoon observations of
boundary layer CO» concentration are most useful to learn
about regional CO» fluxes.

m Transport errors can be accounted for using advanced data as-
similation techniques. In particular, a coupled meteorological—
carbon data assimilation system can optimize both the mete-
orological and CO» flux states simultaneously, while including
the uncertainty in atmospheric transport in the CO- inversion.
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