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WOMBAT: A fully Bayesian global flux-inversion framework

Andrew Zammit-Mangion, Michael Bertolacci, Jenny Fisher, Ann Stavert, Yi Cao, Matt Rigby, Noel Cressie, 
(with valuable input from others including Andrew Schuh, Anita Ganesan, Peter Rayner, Beata Bukosa, and members of the OCO-2 Flux Group)  

The WOllongong Methodology for Bayesian Assimilation of Trace-gases

WOMBAT extends the standard 
Bayesian synthesis flux-inversion 
setup (e.g., Enting, 2002) to a 
Bayesian hierarchical framework, 
allowing full uncertainty 
quantification of all unknowns, 
including fluxes.
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Key features of WOMBAT

• Correlated errors (Chevallier, 
2007), with length scales 
estimated online 

• Online bias correction 
(Worden et al., 2017) 

• Online measurement-error 
scaling (Worden et al., 2017) 

• Online estimation of prior 
variances and length scales of 
fluxes (e.g., Michalak et al., 
2005) 

• Full uncertainty quantification 
using Markov chain Monte 
Carlo (MCMC) (e.g., Ganesan et 
al., 2014)

WOMBAT is a framework that combines key features that have 
individually been found to be important:
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WOMBAT’s hierarchical Bayesian framework

Z2,i = Y2,i + x′ i β + ξi + ϵi

Y2(s, h, t) = ℋ(Y1( ⋅ , ⋅ ); s, h, t) + ν2(s, h, t)

Y1(s, t) = Y0
1(s, t) +

ns

∑
i=1

nt

∑
j=1

φi,j(s, t)αi,j

αi,j = κiαi,j−1 + ηi,j, ηi,j ∼ N(0, σ2
i )

Unknown 
parameters, 
estimated 

online using 
MCMC

Data model (mole-fraction 
observations):

Process model (mole fraction):

Process model (flux):

Parameter model (flux):

Bias 
correction

Mole-fraction field 
error

Flux basis functions and 
scalings

Flux prior 
mean

Dynamic model for scalings 

Atmospheric transport

Correlated + 
uncorrelated 

errors

Parameter model (errors):
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OSSEs stress the importance of bias correction and correlated error

OSSEs using simulated OCO-2 column-average CO2 
retrievals (from the LN and LG modes) show the 
importance of accounting for biases and correlated 
errors if they are present 

Flux estimation is severely impacted otherwise, 
especially at the regional level

RMSE [PgC/mo] CRPS

Inversion configuration LG LN LG LN

Bias correction/correlated 0.023 0.021 0.010 0.009
Bias correction/uncorrelated 0.038 0.038 0.015 0.016
No bias correction/correlated 0.045 0.026 0.016 0.011
No bias correction/uncorrelated 0.092 0.063 0.034 0.026

2015 2016

LG
LN

0.00 0.25 0.50 0.00 0.25 0.50

−0.25

0.00

0.25

0.50

−0.25

0.00

0.25

0.50

Flux in TransCom3 04: South American Temperate [PgC yr−1]

Fl
ux

 in
 T

ra
ns

C
om

3 
06

: S
ou

th
er

n 
Af

ric
a 

[P
gC

 y
r−

1 ]

Bias correction/correlated errors

Bias correction/uncorrelated errors

No bias correction/correlated errors

No bias correction/uncorrelated errors

Prior mean

Truth

Model performance in an OSSE experiment when estimating fluxes at the 
TransCom3 level when the data are biased and have correlated errors:

Lower is better

Estimated fluxes for two TransCom3 regions, with 95% 
credible regions, under four inversion configurations
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Comparison to the OCO-2 
MIPv7 ensemble
We performed CO2 flux inversions 
using WOMBAT following the OCO-2 
MIPv7 protocol (Crowell et al., 2019) 

This used OCO-2 data from version 7, 
and fluxes were estimated for 2015–
2016. Inversions were run separately 
for LN and LG data
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MIP LG (min/mean/max)

MIP LN (min/mean/max)

WOMBAT LG (mean, 95% cred. int.)

WOMBAT LN (mean, 95% cred. int.)

TM5-4D
VAR CT-NRT OU CAMS Baker-

mean Schuh UT CMS-
Flux UoE WOMBAT 

Post.
WOMBAT 

Prior

LG 1.33 1.63 1.31 1.31 1.88 1.41 1.85 1.78 1.71 1.19 3.56

LN 1.36 2.09 1.74 1.24 2.12 1.58 1.71 2.72 1.37 1.57 3.56

Mean-squared error [ppm2] averaged across TCCON stations for MIP participants + WOMBAT 
for inversions using LG data (first row) and LN data (second row)

Lower is better

WOMBAT’s estimated global fluxes using LG and LN data, and the corresponding MIP 
ensemble mean/min/max

WOMBAT’s estimates 
corroborate the MIP, and 
compare favourably on the 
TCCON data used to 
validate the MIP results
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The future of WOMBAT

• We plan to submit to the next round of the OCO-2 
MIP, which will use OCO-2 version 10 data 

• We also plan to investigate the properties of 
transport model error further by using multiple 
transport models 

• With New Zealand’s NIWA, we plan to investigate 
the use of WOMBAT’s posterior fluxes as boundary 
conditions for a regional CO2 inversion over parts of 
Oceania

(Photo taken on the Eyre Highway in the remote 
Nullarbor region of Australia)

https://arxiv.org/abs/2102.04004

