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Modeling system



Development of a new regional CO2 data assimilation system: TRACE

TRACE Regional Atmosphere–Carbon

Ensemble system:

• Online atmospheric transport modeling

using WRF-Chem

• Assimilation of meteorological observations

to improve the modeled atmospheric

transport

• Ensemble-based simultaneous state and

parameter estimation (ESSPE) approach
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Flux model

The total surface CO2 fluxes F are given by:

F (x , y , t) = sbio(x , y , t) · Fbio(x , y , t)+
socn(x , y , t) · Focn(x , y , t)+

sff(x , y , t) · Fff(x , y , t)+
sfire(x , y , t) · Ffire(x , y , t)

sx are scaling factors for prior fluxes (Fx)

(Here we used prior fluxes from CT2019B)

Ecoregions based on Olsen (1985) classification
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Flux parameter errors
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Atmospheric model

• WRF-Chem 3.6.1

• Modified to allow an ensemble

of tracers in a single model run

• Driven by ERA-Interim

(newest version uses ERA5)

• CO2 lateral boundary conditions from

CT-NRT v2017 and CT2019B

(now also possible with CAMS)

• Currently 27 km horizontal resolution

and 60 vertical layers

6



Data assimilation

(Zhang et al. 2019 BAMS)

• Based on the PSU WRF EnKF system

• Deterministic ensemble square root filter

• Mature system for numerical weather prediction

• For CO2 inversions, the state vector is

augmented to include CO2 concentrations and

flux parameters:

x =


...

CO2

sx


• Flux parameters forecast using a persistence

model
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Localization and inflation

Localization

Spatial localization (Gaspari-Cohn function)

Radius of influence: 5,400 km

Inflation

Relaxation to prior perturbations (Zhang et al. 2004):

x′a ← (1− α)x′a + αx′b

Relaxation to initial perturbations (Chen et al. 2023):

s′a ← sgn(s′a) ·
[
(1− β) · abs(s′a) + β · abs(s′i )

]
Here α = 0.2 and β = 0.1
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Forward simulations



Sensitivity experiments
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(Chen et al. 2019 GRL)
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Flow-dependent atmospheric transport errors
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Temporal evolution of CO2 errors
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Spatial variation of CO2 errors
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Inversions



Observing system simulation experiments

Focusing on July 2016

Assimilating 3-hourly synthetic CO2

observations from ground-based network

Filter and fixed-lag smoother with a

one-week window

0.8 and 0.4 uncertainty in land and ocean

flux parameters, respectively

Two experiments:

• Ideal inversions with known errors

• Inversions with unknown errors

(Chen et al. 2023 JAMES)
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Inversions with known errors statistics
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Inversions with known errors statistics
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Inversions with known errors statistics
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More realistic inversions with unknown errors
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Regional fluxes and uncertainties

NW N NE SW S SE
Region

0.5

0.4

0.3

0.2

0.1

0.0

N
et

 e
co

sy
st

em
 e

xc
ha

ng
e 

(P
g 

C
 m

on
th

1 )

(a) Prior Truth ALT_ECO ALT_DIST ALT_HYBRID

Domain-wide
1.0

0.8

0.6

0.4

0.2

0.0

N
et

 e
co

sy
st

em
 e

xc
ha

ng
e 

(P
g 

C
 m

on
th

1 )

(b)

NW N NE

SW S SE

(c)

200

100

0

100

200

g 
C

 m
2  m

on
th

1

17



Future developments



Satellite XCO2 and fossil fuel emissions

3-hourly synthetic in situ

CO2 (100 AGL) or XCO2

observations every 540 km
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Atmospheric transport errors

Deterministic transport with relaxation

Deterministic transport with localization

Ensemble of transports
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Conclusions

• Ensemble-based simultaneous state and parameter estimation (ESSPE) is a

promising approach to enable the assimilation of large volumes of observations

• TRACE provides a platform for developing and testing ESSPE methods for

coupled atmosphere–carbon data assimilation
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CO2 errors at different temporal scales
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XCO2 in ideal inversions
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XCO2 in ALT inversions
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