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Goal: Better understand sources and sinks of CO2 to improve predictions of

future climate
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Regional CO2 fluxes from the terrestrial biosphere are highly uncertain

Mean CO2 fluxes from different vegetation models for July 2010 [Huntzinger et al.]
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Atmospheric inversions constrain CO2 fluxes using atmospheric CO2

observations

Prior fluxes Modeled CO2 Posterior fluxes

Observed CO2

Transport model Inversion

Minimize mismatch

Images from CarbonTracker [https://www.esrl.noaa.gov/gmd/ccgg/carbontracker/] 3



Atmospheric inversions constrain CO2 fluxes using atmospheric CO2

observations

Observation error

Prior fluxes Modeled CO2 Posterior fluxes

Observed CO2

Transport model Inversion

Minimize mismatch

Images from CarbonTracker [https://www.esrl.noaa.gov/gmd/ccgg/carbontracker/] 3



How do observation representativeness errors

affect CO2 inversions?

How can we deal with such uncertainties?
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Constraining CO2 fluxes using a regional ensemble Kalman Filter system

Based on the Advanced PSU EnKF system

Atmospheric transport model: WRF-Chem

Atmospheric CO2 and scaling factors for fluxes are added to the state vector:

x =


U

V
...

CO2

λ



FCO2(x , y , t) = λ(x , y) · F prior
CO2

(x , y , t)

where

FCO2 are CO2 fluxes

F prior
CO2

comes from a vegetation model (CASA)
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CO2 fluxes are constrained through scaling factors

× =

Prior fluxes Scaling factors True fluxes

Assume that the true fluxes can be obtained by scaling the prior fluxes by a set of

scaling factors λ

⇒ Reduces degrees of freedom from FCO2(x , y , t) to λ(ecosystem) (regularization)

Further assume that λs vary by ecosystem and are constant on subseasonal time scales
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CO2 fluxes are constrained through scaling factors
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How well can we constrain CO2 fluxes using atmospheric CO2 observations?

CO2 observation at 100 m every 540 km
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If all assumptions are met, CO2 fluxes can be well constrained
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How do noise from unresolved scales influence the inversion results?

CO2 observation at 100 m every 540 km
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Noise from unresolved scales can lead to significant biases
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Future work: How to use an ensemble Kalman smoother to make the inversion

more robust to noise
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Conclusions

• CO2 inversion is an under-constrained problem that requires assumptions about

spatial and temporal scales

• Noise from unresolved scales and lead to significant errors and biases in the

inversion results

• Need to work on making the ensemble Kalman Filter system more robust to

noise (use a smoother?)
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How are atmospheric CO2 mole fractions linked to CO2 flux perturbations?

Ensemble correlation between λ and CO2 at 100 m (FCO2 = λ · F prior
CO2

)



Real CO2 tower observation network
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