Authors' Response to Reviewer Comments

The paper presents a newly developed WRF-CO2 4DVar assimilation system. The authors have
documented the full system and provided a reasonable demonstration of the system. The system
1s well-documented and based on known optimization methods. The adjoint model has been
carefully developed and implemented for tracer applications, and therefore provide an important
step toward a full 4DVar system for regional inversions of fluxes. The main concerns and
technical comments listed hereafter need to be addressed before final publication.

The reviewer has provided very insightful and constructive comments about our
manuscript and the model code. We greatly appreciate the reviewer’s time and effort for helping
us improve our work. We have carefully considered the reviewer’s comments and conducted
further code development, simulation experiments, and manuscript revision to address these
comments. This revision has substantially enhanced our understanding of the broad topic of
atmospheric tracer data assimilation, in addition to improving the quality of this manuscript and
our model code. For this, we express our sincere gratitude toward the reviewer. Detailed point-
by-point responses are given following each comment below.

Note: all the references used in this response can be found in the reference of the revised
manuscript.

General comments:

[1]- Missing definition of error covariances (both observations and prior flux errors): Here the
system has been described and tested without any details on the construction of error
covariances. The inverse framework needs to address that problem. The authors should include a
paragraph about it.

In addition, one of the tests used an incorrect observation error covariance matrix R, inconsistent
between the fully correlated errors (bias of 50% everywhere) and the R matrix (diagonal terms
only - no correlation). The test should reconcile or address this problem.

The reviewer’s comment on error matrices improved our understanding of this critical
issue, especially with regards to real-data applications. The inverse modeling tests we used in
this paper follow the same approach of Henze et al. (2007) regarding the error matrix
specification and error-free synthetic data. But we failed to provide a clear justification for using
the idealized error specification and a discussion of the need for more vigorous error matrix
treatment in real-data applications. To address this, we have completely rewritten the inverse
modeling section to: (1) provide a clear explanation of the experiment designs, with details about
the B and R specification in light of the error-free synthetic data used in our inverse modeling
tests. (2) A review section of error specification for real-data applications from the past studies.
Please see Section 3.4.1 (Page 16 line 5- Page 17 line 26) of the revised manuscript for the
detailed changes.

Regarding the reviewer’s concern of the incorrect error covariance matrix R used in the
Case 1 inverse modeling test (case 1: prior flux scaling factor set to 1.5 at all surface grid points),



we believe it was caused by our original manuscript’s lack of clear description of the inverse
modeling test setup. To address this issue, we provide a detailed explanation below and in the
revised manuscript (Section 3.4.1). First, the synthetic data inversions used in our paper use a
highly idealized configuration for the sole purpose of testing our model code accuracy. This is
the same approach used in Henze et al. (2007) for testing the GEOS-Chem adjoint model. In this
aspect, our inverse modeling tests are different from the synthetic data inversions typically used
in observation system simulation experiments (OSSE). In OSSE type inversions, synthetic data
are generated by a transport model driven by a true flux, then errors are added to the model
simulated atmospheric CO, before being used to constrain the inversion. This process of
generating synthetic data for OSSE inversion is described in detail in Chevallier et al. (2007).
Since the synthetic observations contain errors, the observation error matrix must properly
represent the error (both the variance and covariance) in this type of synthetic data inversions.

In comparison, the inverse modeling tests used in our paper are designed to test the
adjoint model and optimization code accuracy, instead of an OSSE type synthetic inversion. This
leads to a key difference in our inverse modeling test setup: no errors were added to the forward
model simulated CO:. Because the synthetic-observations contain no error, the observation error
matrix R has no error correlation. The idea is to start with any prior flux, constrained by the
error-free synthetic observations, the 4DVar system should converge to the true flux, thus
confirming our assimilation system has been correctly implemented. In addition to the error-free
observations, another key feature is that the background error matrix B is set to infinity (by
setting B'=0 ) and the observation error R is set to the identity matrix. The combination of the
three features (error-free observations , B'=0, and R=I), means that: (1) the background cost
function is always zero: deviations of the analysis from the prior fluxes will incur no cost
because B'=0. (2) All the synthetic observations are given the same weight in the observation
cost function because (R=I). (3) The 4DVar system is driven by the synthetic observations only,
and the system iteratively decreases the cost function by moving the analysis from a given first
guess flux to the true flux. Because deviations from the prior flux incur no cost and the
observations contain no error, the system will eventually converge to the true flux. This is highly

idealized setting, but is an effective way to examine assimilation system code accuracy, as done
in Henze et al. (2007).

Given the above descriptions, we consider it is reasonable to use the same error
configuration (B'=0 and R=I) for the two cases of inversions (Case 1 and 2). Because both
inversions were constrained by the same set of error-free synthetic-observations, R=I is
appropriate to assign all observations the same weight in cost function calculations. As the
reviewer correctly pointed out that for Case 1, the first guess fluxes is perfectly correlated
because the flux scaling factor is set to 1.5 for all surface grid points, thus all the off-diagonal
elements of the background error matrix B (not the observation error matrix R) should be set to
1.0. However, this detail in B becomes irrelevant because B is set to infinity so that analysis
deviation will incur no cost (so that the analysis can converge to the true flux). We hope this will
provide a satisfactory response to the reviewer’s concern. Please also see the rewritten Section
3.4.1 (Page 16 line 5- Page 16 line 27) of the revised manuscript for more details.




[2]- Boundary conditions: The inversion system needs to address this problem which is not
trivial and could increase significantly the cost of the 4DVar. In addition, the optimization
becomes more complicated as the two unknowns (boundary inflow and surface fluxes) could be
optimized to correct for concentrations. The authors need to address that problem, and if not
solving for, should describe a path toward implementing this part of the code. At this point, the
WRF-CO2 4DVar is not usable for real-data inversions because of this gap. This is a major
weakness in the current study.

We thank the reviewer for pointing out the importance of the tracer lateral boundary
condition for our regional inversion system. To address this issue, we further developed our
current 4DVar system to include the capacity of tracer lateral boundary condition optimization.
The new code development includes: (a) the adjoint and tangent linear code of the tracer lateral
boundary condition, and (b) expanding the two variational optimization schemes to
accommodate the lateral boundary conditions in the state vector. The tracer lateral boundary
condition adjoint and tangent linear code development are rather straightforward because they
share the same code for dynamic (advection/diffusion), physics (ACM2 PBL) and chemistry
(convective tracer transport in the chemistry module) with the surface flux code already
developed in WRF-CO2 4DVar. Please note that WRF-Chem system does not use the relaxed
boundary zone for chemistry variables (as compared to other scalar variables), and we followed
the same treatment in the adjoint code development.

We have confirmed the accuracy of the tangent linear and adjoint code of the lateral
boundary condition. However, we have not used the new code to test the combined boundary
condition and flux optimization. As the reviewer pointed out, including lateral boundary
conditions in the inversion is not trivial because it greatly increases the size of the state vector.
Based on past regional inversion studies, we recognize that it may not be practical to optimize
the lateral boundary conditions at the model grid resolution, and thus aggregation (both spatial
and temporal) of the boundary condition scaling factor is necessary. Given this consideration, we
implemented a mechanism in WRF-CO2 4DVar to allow a flexible mapping from the 3d lateral
boundaries into the 1d state vector. This mapping gives the user the flexibility to determine
whether and how to aggregate the lateral boundary condition scaling factors. While this new
code has not been tested for the inverse modeling experiments in this manuscript, we do plan to
test it in a follow-up study.

The description of the tracer lateral boundary condition code development is in Section 4
of the revised manuscript (Page 18 line 15-Page 20 line 2). We have reposted the WRF-CO2
4DVar code and it now includes the update with the tracer lateral boundary conditions.

[3]- Adjoint evaluation: Instead of a qualitative comparison of adjoint sensitivity and back-
trajectories, the authors can compute the actual HY SPLIT footprints, and combine them with
prior fluxes to compare to the adjoint sensitivity results. This analysis is fast considering the
short simulation period and that the tools to compute tower footprints are publicly available. This
evaluation would reinforce the confidence in the adjoint model.

We appreciate the reviewer’s suggestion regarding the comparison. Through conducting
further simulations, footprint calculations, and comparisons, our understanding of Eulerian vs.



Lagrangian tracer transport has been substantially enhanced, in addition to the improvement of
the present manuscript.

In calculating the HYSPLIT footprint, we released 30,000 particles from each receptor
location. Our sensitivity tests found that further increasing the particle number has negligible
impact on the resulting footprint calculation (results not shown). All the backward trajectories
used in calculating the footprint (Fig. 1 below and Fig. 11 of the revised text) were simulated
with HYSPLIT using the PBL heights provide by the WRF generated meteorological data.

We summarized the new simulations and compared the resulting HYSPLIT footprints
with that calculated by WRF-CO2 adjoint model (Fig. 2 below and Fig. 11 in the revised text).
Note the adjoint sensitivities have been redrawn in a raster format (from the contours used in the
original manuscript) to facilitate comparison with the HYSPLIT footprints. Since our adjoint
model accuracy has been confirmed in this paper and the HYSPLIT model has been used in
numerous studies, we provide a discussion for attributing the differences between the two sets of
footprints. We believe that these differences are at least partially caused by: (1) the finite
difference advection of WRF and Lagrangian advection of HYSPLIT. (2) The different treatment
of vertical mixing in the boundary layer.

Through working through this part of the revision suggested by the reviewer, we realized
that the detailed comparison between an Eulerian adjoint model and a Lagrangial model is of
vital importance for real-data applications, but such comparisons are not been well documented
in the literature. We acknowledge that our current simulations and analysis could be further
improved regarding the impact of PBL and cumulus schemes, and advections. We plan to carry
out further investigation along this direction to help us better understand and treat transport
model errors for CO2 inversions in a follow-up work.

The above described HYSPLIT footprint calculations and comparison can be found at
Page 15 Line 13 — Page 16 Line 2 of the revised manuscript.
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Figure 1. Footprints calculated using HYSPLIT backward trajectories for the four receptors (two vertical
levels at each of the two tower sites). The black cross marks the tower location. These HYSPLIT
footprints are calculated and plotted on the same grid and color scale as their WRF-CO2 adjoint
sensitivity counterparts (Fig 2 next page).

Note: this figure is Fig. 11 of the revised manuscript.
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Figure 2. Footprint calculated by the WRF-CO2 adjoint model at four receptor locations (two vertical
levels at each of the two tower locations). The black cross in each figure marks the location of the tower.
Each footprint is plotted using same color scale with its HYSPLIT counterpart in Fig. 1 (last page).

Note: this figure is Fig. 10 of the revised manuscript.

Technical comments:
[1] P1-L16-21: This paragraph needs to include more references. Only two papers are cited,
somehow arbitrarily. Please add the references corresponding to the different statements.

Chevallier et al., 2005 is a good reference but some of the major papers should also be cited here.

This paragraph has been completely rewritten to provide an organized review of the atmospheric
CO2 inversion studies. Please see page 1 lines 16-24 of the revised text for details.




[2] P1-L22: An ensemble approach would also need a CTM. Correct the statement.

This sentence has been corrected in the revised manuscript (Page 2 line 3-4).

[3] P1-L23: What about the boundary conditions? You are developing a regional system within a
bounded domain. The state vector also includes prior information related to the boundary inflow.
Revise the sentence.

The sentence has been revised to include the CO2 lateral boundary condition in the state vector.
Please see the page 2 line 1-2 of the revised manuscript. Regarding tracer lateral boundary
conditions, please also refer to our response to general comment [1].

[4] P2-L1: Same comment related to boundary conditions. Some bibliography on this problem is
needed here. Background conditions are critical to limited-domain inversions.

Code development for the tracer lateral boundary conditions and related literature reviews has
been added in a new Section 4 (Page 18 line 15-Page 20 line 2 of the revised manuscript).

[5] P2-L2-3: Why do you bring the dimensions of the Jacobian in the introduction while not
discussing it further in this paragraph?

The sentence about Jacobian matrix dimensions has been deleted.

[6] P2-L5-6: THis is only true for single tracer simulations in Eulerian mode. One can run
multiple tracers in one simulation, or run millions of particles at once in a Lagrangian
framework. Please revise this statement.

This sentence has been corrected. Please see page 2 line 10-14 of the revised text for details.

[7] P2-L6-11: The idea here is to explain the advantage of using a variational approach. While
the arguments are correct, the justification lacks some clarity and a more rigorous description of
the variational approach (minimzation using the gradients, adjoint model,...). There are also some
disadvantages to the variational approach that should be stated here (no explicit posterior
uncertainty, problem of convergence,...). This is an important paragraph that highlights the value
of your work. You should revise this text to explain the major technical features in variational
methods, and link it with the previous examples of 3d/4d-var studies in the following
paragraphs.

The description of 4DVar assimilation has been rewritten to include the reviewer's suggestions.
The new paragraph is in page 2 line 21-28 of the revised text.

[8] P2-L19: CarbonTracker is using a lagged Ensemble Kalman Smoother, not a variational
approach. Revise the statement.
Thanks for pointing this out. CarbonTracker has been removed from the list of 4DVar



assimilations. It is discussed as an example for ensemble Kalman smoother in the revised
manuscript (page 1 line 22, and page 2 line 16-19).

[9] P2-L.13-26: this paragraph focuses entirely on 4d-var systems. What about other variational
approaches?

Regarding other variational approaches: although there are a number of studies using 3DVar
assimilation to estimate atmospheric chemistry mixing ratios, we have not found any 3DVar
inversion studies for CO2 surface fluxes. This is most likely because 3DVar does not include a
CTM and thus can not link fluxes to atmospheric mixing ratio. To strengthen this section, we
added discussion about ensemble Kalman filter smoother (see our response to technical comment
[8]). Page 2 line 16-19 of the revised manuscript.

[10] P2-29: More examples are needed here. Gerbig et al. (2009) is not an inversion but an
overview on regional inverse modeling strategies. Include previous regional inversion studies
with their achievements.

This has been fixed. In the revised text, a number of references to regional inverse modeling are
given in page 3 line 10-24.
[11] P2-L31: GEOS-Chem is a global system not optimla for regional applications. Multiple

examples of regional inversions have been published over the years.

GEOS-Chem reference has been removed from the regional inversion application list.

[12] P2-L34: Include references for LPDM-based inversion studies.

References to Lagrangian Particle Dispersion Model based inversion are in Page 3 Line 10-24 of
the revised manuscript.

[13] P2-L35: "assimilated meteorology". Do you mean "meteorological analyses"?

“assimilated meteorology” has been corrected as “meteorological analyses”

[14] P3-L1-10: These are the studies you need to describe up front. This paragraph should be
merged with the previous one.

The description about the past global and regional inversion studies have been moved together.
Page 2 line 30- Page 3 line 24 of the revised manuscript.

[15] P3-L12: This statement should come before describing inversions and methods.

This statement has been modified and moved to the beginning of the first paragraph (page 1 line
16-17 of the revised manuscript).



[16] P3-L13: The differences in CMS products is an illustration but other examples would be
better suited here. Consider inter-comparison studies in particular (e.g. Peylin et al. (2013) for
C02).

The CMS reference has been replaced with inversion inter-comparison studies including (Gurney
et al 2002 and Peylin et al 2013), and the sentence has moved to page 1 line 16-17 in the revised
manuscript.

[17] P3-L14-15: "high priority". Confusing. What do you mean here? Please rephrase.

Considering that the need for developing a high resolution 4DVar system has been made in other
statements, this sentence is removed in the revised manuscript.

[18] P3-L29: The problem of convective transport for tracers is not trivial, and most of the
convective schemes in WRF do not even produce mass fluxes explicitly. Some of them use a
simple parameterization with 1D variables while other schemes only provide mass fluxes at the
cloud base/top which is insufficient for convective mass transport. Few of the schemes have a
full 3D mass flux, and mass conservation is not even guaranteed. Please explain with more
details here which schemes would allow for convective transport of tracers with "limited new
code development".

We agree with the reviewer's opinion about the importance of the tracer convective transport. To
address this issue, the convective transport in Section 2.4.3 has been strengthened into a separate
paragraph, which now includes details as suggested by the reviewer. In the revised text, we point
out the following facts about the WRF-Chem tracer convective transport: (1) the tracer
convective transport in WRF-Chem is treated by a simplified Grell convective scheme in the
chemistry module, instead of by the cumulus schemes in the physics package. (2) This simplified
Grell scheme for tracer convective transport uses convective precipitation rain rate to scale the
base mass flux. This is a rather crude presentation comparing to the stochastic ensemble closure
used in Grell and Freitas (2014).

Please see page 10, line 16-25 of the revised manuscript for the detailed changes.

[19] P3-L34: Justify this statement with a quantity or a reference.
Two references have been added justify this statement.

Please see page 4, line 9-10 of the revised manuscript for the detailed change.

[20] P4-L1: Typo. Subscript for "2" missing in "CO2".
Fixed.

[21] P4-L1-4: Provide a simple quantity instead of several sentences. For example, calculate the
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impact on the solar energy when considering higher CO2 concentrations at the local scale. Or
cite a study describing it.

To provide a quantitative assessment of CO; impacts on meteorology for short term
simulations, we conducted the following sensitivity study. Using the model set up as described in
Section 3.1 of the manuscript, two 48-hours simulations were conducted. The CO> mixing ratio
is set to 391 ppm in the first and 500 ppm in the second simulation. Because the two simulations
are identical otherwise, differences in meteorology fields were attributed to the CO, difference.
The results show that magnitude of difference in horizontal wind and temperature are very small:
Mean/standard deviation of U, V, and T at the end of the 48 hours simulation are 0.0794/0.1408
m/s, 0.0791/0.1459 m/s, and 0.0366/0.0614 K.

The above sensitivity results are summarized in page 4 line 9 -14 of the revised text.

Note: Radiative schemes in WRF-Chem do not use the predicted CO2 mixing ratio (from the
chemistry module) for radiative transfer calculations, they instead use either fixed values or
interpolated climatological values.

[22] P4-L10: Typo. "estimated"
Fixed.

[23] P4-L6-12: This is even more relevant for turbulence with eddy turn-over times in minutes.

Thanks for pointing this out. The sentence has been revised to include the importance of online
chemistry transport regarding the turbulence mixing. Page 4 line 20 of the revised manuscript.

[24] P4-L22: Replace "observational data" by "atmospheric observations" or "observations"

Changed to “observations”

[25] P4-L22 (also L.23): Add "the" to "flux", or replace "flux" by "fluxes".
Changed to “the CO2 flux”.

[26] P4-L25: Replace "emission" by "fluxes". "emissions" refer to positive fluxes only.

“emission” has been replaced by “fluxes” here and a number of other places in the text to avoid
confusion.

[27] P5-Eq 2-4: Describe the variables used in the equation (x, x0, y, H, and M) and refer to
Table 1 for the full list of symbols.

A description of variables used in the equations and reference to Table 1 have been added as
suggested by the reviewer. Page 5 Line 19-23 of the revised manuscript.

[28] P5-L10: Why "essentially"? Is it something else?
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The word “essentially” has been removed from the sentence.

[29] P5-L11: Replace "emission" by "flux"
Fixed.

[30] P5-L12: Is a lagged approach? Or independent flux estimates? Refer to later sections to
describe the approach.

WRF-CO2 4DVar is implemented for independent flux estimates. Reference to later sections for
detailed descriptions has been added.

[31] P7-L17: Replace "CO2 related processes" by "physical and dynamical processes involved in
the atmospheric transport of CO2"

The phrase has been replaced as suggested. Please see page 8 line 1 of the revised manuscript.

[32] P7-L20: Typo. "to keep"
Fixed.

[33] P7-L22: To be clear for the readers who are not familiar with WRF, the chemistry module
was added, which is more accurate than stating that WRF-Chem "replaced" WRF. WREF is still
used in WRF-Chem.

The sentence has been rephrased as the reviewer suggested (Page 8 line 2-3 of the revised
manuscript).

[34] P7-L24-25: The tracer here has no impact on the code. One can substitute CO2 by CO or
CH4. Assuming there is no chemistry involved, the transport of an inert and mass-free tracer has
no incidence on the selected gas. Revise the sentence.

The sentence has been revised as suggested by the reviewer. Page 8 Line 5-9 of the revised
manuscript.

[35] P7-L27: It means that you removed the GHG option and used a passive tracer. It would be
clear to the future users if you state that. WRF-CO2 assumes that VPRM is used for the biogenic
component. Otherwise it becomes equivalent to the original passive tracer mode. Clarify.

The sentence has been revised to clarify that VPRM is not used and CO2 is treated as a passive
tracer. Please see page 8 line 5-9 of the revised text.

[36] P8-L25: Typo. "was"
Fixed.

[37] Section 2.4.2: This section is clear and helpful for future code development. One comment
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here: Additional thoughts on joint optimization of meteo and CO2 data would be useful. How
could a combined assimilation be implemented using your 4DVar system?

Thanks. A paragraph has been added about possible extension to a joint optimization of
meteorology and CO; fluxes. This new paragraph (page 13, line 1-19 of the revised manuscript)
is placed after the WRF meteorology field validation and discussed in the context of addressing
transport error and bias for CO> inversion. This new paragraph discusses the possibility of using
a combined meteorology and CO; 4DVar inversion to correct transport model errors. It also
points out that if CO; feedback on meteorology is not considered (which is insignificant for short
term simulation, please see our response to technical comment [21]), the primary code
modification for expanding to such a joint 4DVar system will be in the optimization schemes,
because the adjoint code for meteorology (in WRFPLUS) and CO> (WRF-CO2 4DVar) has
already been implemented.

Please see Page 13 Line 1-19 of the revised manuscript for the detailed change.

[38] P9-L29: The argument to select the PBL scheme is understandable, but lacks some scientific
background. Is ACM?2 a good option for CO2 turbulent mixing in the PBL? Several schemes
have been tested with known systematic errors. The selection process should be based on model
performances rather than technical reasons. You should at least comment on the model
performances of the ACM2 PBL scheme. Add some metrics or published studies to assess the
ACM2 schemes.

The justification for choosing ACM2 for PBL parameterization has been strengthened and forms
a separate paragraph in the revised manuscript. It includes a brief description of ACM2 and its
performance assessment in the published literature.

Please see page 10 line 4-14 of the revised manuscript for the detailed changes.

[39] P9-L31: To clarify this sentence, you need to explain that this scheme is parameterized
based on precipitation rate. It is not the actuall mass flux from the Grell scheme but rather a
crude representation of the vertical convective transport. Clarify in the text.

This has been clarified as suggested by the reviewer. Please see page 10 line 19-21 of the revised
manuscript.

[40] P10-L27: "biospheric"
Fixed.

[41] P10-L27: Biospheric fluxes vary diurnally from negative to positive values depending on
the time of day. For this reason, inversion problems need to address separately the two
components or by time of day (night versus day) or by component (respiration versus
photosynthesis). The daily mean will be irrelevant when transported into the concentration space
as the timing of the atmospheric mixing is coupled to the timing of the fluxes and therefore
cannot be simply averaged over an entire day. The 4DVar could be used for 3-hourly fluxes,
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which would be more accurate and avoid biases due to day/night components. This problem has
been discussed in several papers (e.g. Gourdji et al., 2012 -
https://www.biogeosciences.net/9/457/2012/bg-9-457-2012.html). Whereas this problem will not
be critical in a pseudo-data study, it will be critical in real-data inversions.

We agree with the reviewer about separating the biospheric fluxes by time in inversion. The
present implementation of WRF-CO2 4DVar allows the flexibility for choosing the temporal
resolution of fluxes inversion: the fluxes can be optimized at the same temporal resolution as the
flux data allow. For instance, as pointed out by the reviewer, the optimization can be carried out
on 3-hourly fluxes when using the CarbonTracker fluxes as prior. We added texts to clarify this
issue and to emphasize that for real-data application, time varying fluxes should be used.

Please see Page 11 Line 18-23 of the revised manuscript for the detailed change.

[42] P10-L31 to P11-L4: The definition of boundary conditions by a global model is highly
uncertain and cannot be ignored in the optimization process. Several studies have discussed that
problem (Trusilova et al., 2010; Schuh et al., 2010; Goeckede et al., 2011; Lauvaux et al., 2012).
See the general comment. If the problem is not solved in this paper, it should be highlighted as a
major shortcoming in this study.

We agree with the reviewer that it is imperative for a regional inversion to address the boundary
condition. In response, we have developed this part of code. Please refer to our detailed response
to major comment [2].

[43] Figure 5: Conventional contour lines to illustrate pressure systems and frontal structures
would be much easier to catch for the readers.

Figure 5 has been replotted following the reviewer’s suggestion. To avoid clustering the figure,
the state boundaries are not included.
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plotted during the 24-hour simulation starting at 2011-06-02 UTC

[44] P11-L22: Not only variances but covariances as well.

Thanks! Corrected.

[45] P11-L29 to P12-L7: This evaluation is limited to wind speed and direction but is not directly
representative of CO2 concentration errors. Clarify here how these errors could be used to

inform about transport model error variances and covariances.

From Figure 6, the wind speed is biased high, which is consistent with other studies. How would
this problem be considered in the 4DVar framework?

Errors in meteorology fields will cause transport model error, which is a major part of the data-
model mismatch error. For real observation applications, transport model errors are specified as
part of the observation error covariance matrix R. Large transport error should be represented by
higher variance/covariance in R to reduce the weight of the data-observation mismatch.

We think the wind bias can be addressed by nudging the wind field toward the observations. For
instance, Gupta et al. (1997) found that nudging model simulated winds in the boundary layer to
the radar wind profiles substantially improved estimates of plume dispersion. Another approach
for addressing meteorology simulation bias will be a joint meteorology and CO2 assimilation.
We lay out a brief pathway toward expanding our current system to such a joint
meteorology/CO2 4DVar assimilation system in the future.

The above statements has been incorporated in the revised manuscript (Page 13 Line 1-19).
Please also see our response to technical response [37].
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[46] Section 3.2: The evaluation is convincing and seems to confirm that the adjoint has been
correctly implemented. but please explain why the differences are considered "accurate". Cite
other references for the threshold. For example: why is "10"-10" acceptable?

Citations to other adjoint code development accuracy assessments have been added for reference
in the revised text. The added citations include: Henzen et al (2007) for GOES-Chem 4DVar
system and Meirink et al. (2008) for TM5 4DVar system.

[47] Section 3.3: This section remains qualitative and not highly informative. The adjoint
sensitivity seems to agree with the overall shape of the footprint. This comparison would be
more convincing if the footprints were computed using HYSPLIT and combined with the prior
fluxes. A short simulation (24 hours in your case) is really inexpensive for a Lagrangian model
and would provide an independent evaluation of your adjoint transport.

This technical comment is the same as the major comment [3]. Please see our detailed response
in the major comment section.

[48] P15-L1: The definition of R is inconsistent for case 1. If all pixels are multiplied by 1.5, the
error correlations are equal to 1 over the entire domain. But you defined the R matrix with an
independent error space. Clarify.

This technical comment is the same as the major comment [1]. Please see our detailed response
in the major comment section.
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Abstract. Regional atmospheric CO, inversions commonly use Lagrangian particle trajectory model simulations to calculate
the required influence function, which quantifies the sensitivity of a receptor to flux sources. In this paper, an adjoint based
four-dimensional variational (4DVar) assimilation system, WRF-CO2 4DVar, is developed to provide an alternative approach.
This system is developed based on the Weather Research and Forecasting (WRF) modeling system, including WRF-Chem,
WRFPLUS, and WRFDA, all in version 3.6. In WRF-CO2 4DVar, CO, is modeled as a tracer and its feedback to meteorology
is ignored. This configuration allows most WRF physical parameterizations to be used in the assimilation system without
incurring a large amount of code development. WRF-CO2 4DVar solves for the optimized CO, emission-flux scaling factors
in a Bayesian framework. Two variational optimization schemes are implemented for the system: the first uses the L-BFGS-B
and the second uses the Lanczos conjugate gradient (CG) in an incremental approach. WRFPLUS forward, tangent linear, and
adjoint models are modified to include €O--related-processesthe physical and dynamical processes involved in the atmospheric
transport of CO,. The system is tested by simulations over a domain covering the continental United States at 48 km x 48
km grid spacing. The accuracy of the tangent linear and adjoint models are assessed by comparing against finite difference
sensitivity. The system’s effectiveness for CO, inverse modeling is tested using pseudo-observation data. The results of the

sensitivity and inverse modeling tests demonstrate the potential usefulness of WRF-CO2 4DVar for regional CO, inversions.

1 Introduction

carben-sourees-and-sinks-—Meost-While rising atmospheric CO, has been well documented by observations, major uncertainties

still exist in attributing it to specific processes (Gurney et al., 2002; Peylin et al., 2013). Atmospheric CO, inversions estimate

surface carbon fluxes from atmospheric CO, measurements. Since the early study by Enting et al. (1995), a large amount of
effort has been devoted to developing and applying atmospheric CO, inversion methods. Most of these inversions are based

on Bayes-theorem;—in—which-CO,—flux—is-eptimized-a Bayesian framework, and a wide range of different approaches have
1999; Bousquet et al., 1999; Peylin et al., 2002; Gurney et al., 2002)

eostatisitical estimation (Michalak et al., 2004; Gourdji et al., 2012), Kalman smoother (Bruhwiler et al., 2005

been used, including: synthesis inversion (Rayner et al.,

2
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Kalman smoother (Peters et al., 2005), and 4d variational inversion (Chevallier et al., 2005; Baker et al., 2010). All of these
inversion approaches are optimization systems which yield an optimal estimate of CO, fluxes by minimizing a quadraticform

Both-analytical-and-variational-inversions-Bayesian cost function, Within these optimization systems, the observation vector
is formed by atmospheric CO, measurements, and the state vector is formed by CO, fluxes and lateral boundary conditions
(only for regional inversion systems). The relationship between CO; fluxes and atmospheric CO; is described by the influence
function, which is also called the footprint or adjoint sensitivity. Because all of the inversion approaches use a chemistry trans-
port model (CTM) to relate CO, flux-Afluxes to atmospheric CO,—From-the-perspective-of-an-optimizationsystem;-atmospherie
€O forms-the-observation-vector-and-CO,-fhux-forms, the influence function in theory can be calculated by the CTM using a
finite difference method, However the practical limits imposed by computational costs often necessitate the aggregation of flux
to reduce the state vector size, which leads to aggregation errors (Bocguet, 2009; Kaminski et al., 2001; Turner and Jacob, 2015).
&Mmz&wgmw b%ep&m&eekeemmhea%eﬁmwa—&ppmaehw

systems, including synthesis inverison, geostatistical estimation, and Kalman smoother. require the influence function to be
explicitly constructed before the inversion, In comparison, Ensemble Kalman smoother and 4DVar inversion do not require
precaleulation of the influence function. Precalculation of the influence function is typically carried out using a finite difference
approach with the CTM when the state vector is smaller than observation vector, or by the adjoint model of the CTM
when the observation vector is smaller than the state vector. While most of the Lagrangian CTM models have their adjoint
developed together (Uliasz, 1993; Lin et al., 2003; Stohl et al., 2005; Stein et al., 2013), separate and considerable efforts were

often needed to develop and maintain the adjoint for Eulerian CTM models (Hourdin et al., 2006; Meirink et al., 2008). An

ensemble Kalman smoother requires neither an adjoint model ealeulates-itbyrows—The-size-of thestate-vector-or-observation

s-nor precalculation of
the influence function. Instead it creates an ensemble of CO, flux fields and runs a CTM for each ensemble member. By
sampling the ensemble flux fields and their corresponding atmospheric CO,, the ensemble Kalman smoother calculates the
Kalman gain matrix without explicitly constructing the influence function (Peters et al., 2003), and it provides posterior flux
error estimates. The main disadvantage of the ensemble Kalman smoother is that use of a small number of ensemble members
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is likely to lead to misrepresentation of the true prior error variance.

%&M&WWMWO not require the-Jacobian-matrix-to-be-explicitly-constructed;instead
precalculation of the influence function, but they do
require the adjoint of a CTM to calculate the obseryation cost function. 4DVar inversions use a CTM and prior CO, fluxes to
calculate the simulated CO,, which is the-gradient-veetorused for optimizing-thestate-veetor—compared with observations to
obtain the innovative vector. The adjoint of the CTM is then used to calculate the cost function gradient based on the innovative
vector. Through iterative minimization of the cost function, 4DVar inversions estimate the optimal posterior fluxes. By avoiding
calculation of the influence function, 4DVar inversions enable CO, fluxes to be estimated at much higher resolution provided
that sufficent observations are available. The major disadvantages of 4DVar inversions are: they do not explicitly provide
posterior flux error estimates (additional computation is required), and their convergence is not always guaranteed.

A-number-of four-dimenstonal-vartational-4DVar )-assimilation-systems have been developed-and-applied-to-globalseale
following: The off-line transport model Parameterized Chemistry Tracer Model (PCTM) (Kawa et al., 2004) and its adjoint have
been used for CO; inversions (Baker et al., 2010, 2006; Butler et al., 2010; Gurney et al., 2005). Chevallier et al. (2005) devel-
oped a 4DVar system based on the LMDZ model (Hourdin et al., 2006) to assimilate CO, observation data from the Television
Infrared Observation the-Satellite Operational Vertical Sounder (TOVS). This system has also been used to invert surface CO,

observation—data—{(Chevallier, 2007:-Chevallieret-al.; 2040)observations (Chevallier, 2007; Chevallier et al., 2010). The TM5
4DVar system (Meirink et al., 2008) based on the TM5 global two-way nested transport model (Krol et al., 2005), is used-in

ts-included in the TransCom satellite intercomparison
experiment (Saito et al., 2011). TMS5 4DVar has also been used to investigate total column CO, seasonal amplitude (Basu et al.,
2011) and to assimilate the Greenhouse Gases Observing Satellite (GOSAT) observations (Basu et al., 2013). Another widely
used inversion system is the GEOS-Chem 4DVar (Henze et al., 2007; Kopacz et al., 2009) with its CO, module updated by
Nassar et al. (2010). GEOS-Chem 4DVar has been used to estimate CO, fluxes from the Tropospheric Emission Spectrometer
(TES) and the GOSAT CO, observations (Nassar et al., 2011; Deng et al., 2014), and it is also part of JPL’s (Jet Propulsion
Laboratory) Carbon Monitoring System (Liu et al., 2014)

r-Regional 4DVar inversion
studies have been driven in part by the need to resolve biosphere-atmosphere carbon exchange at smaller scales (Gerbig

et al., 2009), and by the need to address policy-relevant objectives, such as assessing emission reduction effectiveness (Ciais

et al., 2014) and the impact of regional scale sources like wildland fire (French et al., 2011). A-number-of regional-inversion
sy%em%hav%bee&develepeé&néﬁpphe&For instance, %@%%m@%%%ed%ﬁ%@%%%d%ﬂ%&ﬂm
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the-required-influencefunection—For-instanceGerbig et al. (2003) used an analytical approach to minimize the cost function
and the STILT (Lin et al., 2003) model driven by assimilated-meteorelogy-meteorological analyses to calculate the influence

function. In a later study, STILT driven by EEMWE-meteorology-the European Center for Medium-Range Weather Forecasts
(ECMWEF) meteorological data is used to calculate the influence function to investigate the impacts of vertical mixing error

(Gerbig et al., 2008). More recently, Lauvaux et al. (2012) also used an analytical solution for cost function minimization and
LPDM (Uliasz, 1993) to compute the influence function. In another study, Pillai et al. (2012) used STILT driven by meteerology
meteorological data from WREF to calculate the influence function for comparing Lagrangian and Eulerian models for regional
CO; inversions. To improve accuracy, STILT has been coupled to WREF, in which the latter provides online meteorology to
STILT to avoid interpolation error (Nehrkorn et al., 2010). More recently, Alden et al. (2016) investigated biopheric CO, flux
in the Amazon using an analytical inversion approach (Yadav and Michalak, 2013) with the influence function calculated by
the STILT and Flexpart (Stohl et al., 2005) models. Also, Chan et al. (2016) applied a regional CO, inversion in Canada with
both analytical and Markov chain Monte Carlo (MCMC) LPDM based approaches. Influenee-The influence function is also
calculated with the Flexpart model in this study.

paper, a regional CO; inversion system with online meteorology, WRF-CO2 4DVar, was developed by modifying medifying

the WRFDA and WRFPLUS system (v3.6) in an approach similar to that used for black carbon emission inversion by Guerrette
and Henze (2015, 2017) (hereafter GH15/17). WRFDA is a meteorology data assimilation system, which includes a 4DVar
assimilation system (Barker et al., 2012; Huang et al., 2009) and related adjoint and tangent linear models (WRFPLUS) (Zhang
et al., 2013). Designed to improve weather forecasts, WRFDA 4DVar optimizes meteorological initial and boundary conditions
by assimilating a variety of observational data. WRFPLUS was modified to include CO, related-transport processes and the
cost function was configured so that the state vector consists of CO, fluxfluxes instead of meteorological fields. In devel-
oping WRFDA-Chem for black carbon inversion, GH15/17 excluded radiation, cumulus, and microphysics parameterization
schemes from the tangent linear model-and-adjoint-medel-and adjoint models because developing these procedures for black
carbon would incur a large amount of new code development. In WRF-CO2 4DVar, CO; is a tracer, meaning its impacts on
meteorology are ignored. This configuration allows inclusion of the full physics schemes in WRF-CO2 4DVar’s tangent linear
model-and-adjoint-medel-and adjoint models with limited new code development (see Section 2.4:2.1). As transport model
error is detrimental to 4DVar inversion accuracy (Fowler and Lawless, 2016; Gerbig et al., 2009), it is beneficial to use the full
physics schemes in the tangent linear and adjoint models for WRF-CO2 4DVar. In addition, while GH15/17 excluded convec-
tive transport of chemistry species in WRFDA-Chem, the tangent linear and adjoint code for this process was developed for
WRF-CO2 4DVar to reduce the vertical mixing error (see Section 2.4-4)—Like-GH15/17:-3). Two optimization schemes were
developed for WRF-CO2 4DVar: an incremental optimization with Lanczos-CG was-developed;-as-well-as-and an L-BFGS-B
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based optimization.bs

In the WRF system, €02-CO, mixing ratio variations ean-impaect-the-could impact meteorology fields through the radia-

n \WRE AWMLY nd-ancdead-CO21cemodeled e = NMNRE AVN/IRY

tion scheme-Thisfeedba

designed-forregionalinversions-with-a-, which proivdes temperature tendency to the dynamical core (Iacono et al., 2008; Skamarock et al., '

None of the radiation schemes (as of Version 3.6) use the simulated CO, from the chemistry module, but instead use climatological
values; A sensitivity test was conducted to assess the short term impacts of CO; variation on meteorology, The results show that
with CO, mixing ratio changed from 391 ppm to 500 ppm, the mean difference in horizontal wind (U,V) and air temperature
at the end of the 48-hour simulations are 0.0794 ms’!, 0.0791 ms™!, and 0.0366 K, respectively. Although these differences
grow with time, their magnitude are considerably smaller compared with the contribution from other factors for the short

assimilation window (days to weeks) —Fersuch-applications;-the-potential feedback-of CO2-variation-on-the-meteorolo

that WRF-CO2 4DVar ean-is designed for. Based on
the above analysis, the impact of CO, on meteorology is ignored in WRF-CO2 4DVar and CO, is modeled as a passive tracer.
This simplification allows WRF-CO2 4DVar to use the full version of most WRF physics schemes in its tangent linear and

adjoint models to minimize the linearization error (Tremolet, 2004).

Compared with offline regional inversion systems, WRF-CO2 4DVar has an advantage provided by the close one-way cou-
pling between meteorological processes and chemistry transport. For example, adequately reselving-CO2-vertical-transport
representing CO, vertical transport and eddy turbulent mixing in high resolution regional simulations is crucialane-, as vertical
motions in the atmosphere exhibit significant temporal variability. Grell et al. (2004) shows that less than 40% of the total
vertical velocity variability in a 3 km resolution simulation is captured by a 1-hour output interval. He estimate-estimated that
the meteorological output interval must be less than 10 minutes in order to capture more than 85% of the variability in cloud
resolving simulations. In WRF-CO2 4DVar, €02-CO, transport runs at the same time step as the meteorology, avoiding the

problems facing its offline counterparts.

The remainder of this paper is organized as follows: Section 2 details the implementation of the two variational optimization
schemes for cost function minimization, and the modification to the tangent linear and adjoint models. Section 3 examines the
accuracy of sensitivity calculated by the tangent linear and adjoint models, and the system’s effectiveness in inverse modeling.

Section 4 describes the treatment of CO, lateral boundary conditions in the WRF-CO2 4DVar system. Finally, a summary and

outlook are presented in Section 43,
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2 Method

This section describes the WRF-CO2 4DVar cost function configuration and the associated minimization schemes, followed

by a description of the forward, tangent linear, and adjoint models.
2.1 Cost function configuration

WRF-CO2 4DVar is designed to optimize the CO, flux by assimilating CO, ebservational-data-observations into an atmospheric

chemistry transport model. The CO; flux is optimized through use of a linear scaling factor:
E=keoE (1

Where E is the CO, emissionread-from-emissionflux read from flux files, k.. is the emissienflux scaling factor, and F is
the effective CO, flux. It is the effective flux £ that is used in WRF-Chem’s emission driver to update CO, mixing ratio (gco2).

The emissionflux scaling factor k.., its tangent linear variable g_K .2, and its adjoint variable a_k..2 are used in calculating

model sensitivity and minimizing the cost function defined in Eq. (2).

The cost function J(x) of WRF-CO2 4DVar follows the Bayes framework widely used in atmospheric chemistry and nu-

merical weather prediction (NWP) data assimilations:

J(x) = Jp(x) + Jo(x) (2)
where the background cost function Jj,(x) is defined as

B(x) = 30" =X B = x) @

and the observation cost function J,(x) is defined as

K
To(o) = 5 S UHIM(] — y) "R HIM ()] - i) @)
k=1
In Egs. (3-4), the-B is the background error covariance matrix, R is the observation error covariance matrix, M is the transport
model, and H is the observational operator, yy is the observation vector, x” is the prior state vector. The superscript n indicates
that x™ is the optimized state vector at the n™ iteration. For a full list of variables used in this paper, please refer to Table 1.

Throughout the paper, bold face lower case characters represent vectors and bold face upper case characters represent matrices.

Like other data assimilation systems, WRF-CO2 4DVar is essentially-an optimization scheme. Its state vector x consists of
the emission-flux scaling factors k..o and lateral boundary condition scaling factors. The summation K in Eq. (4) indicates

the entire assimilation time period is evenly split into K observation windows during which observational data are ingested
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into the assimilation system. Details about how observations are ingested in the variational optimization schemes are given in

Section 2.2 and 2.3

Two optimization schemes are implemented in WRF-CO2 4DVar to minimize the cost function. The first scheme uses a
limited memory BFGS minimization algorithm (L-BFGS-B) (Byrd et al., 1995) and the second uses the Lanczos version of the
conjugate gradient (Lanczos-CG) (Lanczos, 1950) minimization algorithm. Both schemes are iterative processes, and they call
on WRF-CO2 4DVar model components (the forward, tangent linear, and adjoint models) to calculate the model sensitivity
0qco2/Okco2 between the iterations. The two optimization schemes are described in Section 2.2 and 2.3, respectively, and the

three model components are described in Section 2.4.
2.2 L-BFGS-B optimization

L-BFGS-B (Byrd et al., 1995) is a quasi-Newton method for nonlinear optimization with bound constraints. L-BFGS-B has
been used in a number of atmospheric chemistry inverse modeling systems, including the GEOS-Chem adjoint model system
(Henze et al., 2007) and the TMS5 4DVar system (Meirink et al., 2008). The diagram in Fig. 1 demonstrates the steps involved
in the L-BFGS-B based optimization scheme. The scheme is an iterative process which searches for the optimized k..o by
minimizing the cost function defined in Eq. (2-4). Between its iterations, the minimization algorithm L-BFGS-B requires the

values of the cost function and its gradient, which are supplied by the forward model and the adjoint model as indicated in Fig. 1.

The calculation of the cost function is carried out based on Eq. (2-4). Starting with the prior estimate of k..o, the forward
model run generates the CO, mixing ratio q..2, which is transformed from the WRF model space to the observation space by
the forward observation operator H. This results in the H (M (x™)) term in Eq. (4), which is then paired with the observation
vector yy, to calculate the innovation vector dg, = H (M (x™)) — yx. Next, the innovation vector and observation error covari-
ance R are used to calculate the observation cost function J,(x) as expressed in Eq. (4). Finally, the background cost function
Jp(x) is calculated according to Eq. (3), and combined with the observation cost function J,(x) to form the total cost function

J(x) according to Eq. (2).

L-BFGS-B requires the values of the cost function J(x) and its gradient V.J(x) in searching for the optimized k.,2. The
gradient is calculated using Eq. (5).

K

VJ(x)=> MTH"R™{H[M(x") -y} + B~ (x" —x") (5)
k=1

The first term on the right hand side of Eq. (5) is the observation gradient and the second is the background gradient. The

observation gradient is calculated in two steps: (1) The innovation vector is scaled by R~' and transformed to the WRF

model space by the adjoint observation operator, resulting in HZR~(H (M (x™)) — y), which is the adjoint forcing. (2) The

adjoint forcing is then ingested by the WRF-CO2 adjoint model during its backward (in time) integration, which yields the

observation gradient. Supplied with the values of the cost function and gradient, the L-BFGS-B algorithm finds a new value



10

15

20

25

of k.2, which is used for the next iteration. The iterative optimization process continues until a given convergence criterion
is met. The L-BFGS-B based optimization in WRF-CO2 4DVar is implemented based on the Fortran code of Algorithm 788
version Lbfgsb.2.1 (Zhu et al., 1997). Version Lbfgsb.3.0 (Luis Morales and Nocedal, 2011) will be implemented in the next

model update.
2.3 Incremental optimization

The second optimization scheme implemented for WRF-CO2 4DVar was-is the incremental approach commonly used in
NWP data assimilation systems, including ECWMF 4DVar (Rabier et al., 2000) and WRFDA (Barker et al., 2012). A major
difference between the L-BFGS-B based optimization and the incremental optimization is that the former optimizes for the
state vector while the latter optimizes for the state vector analysis increment. The incremental assimilation scheme uses a linear

approximation to transform the observation cost function from what is defined in Eq. (4) to Eq. (6):

K
S T{HM "]y, + HM (" —x"" O R HM(x" )] -y, + HM(x" —x""1)]} 6)
k=1

1
Jo(x) = 5
Compared to Eq. (4), Eq. (6) approximates the innovation vector by a sum of two parts. The first part, H (M (x"~1)) —
Yk, is the innovation vector from the previous iteration. The second part, H (]\7 (x™ —x"71)), is the state vector analysis
increment (x™ — x"~1) transformed by the tangent linear model M and tangent linear observation operator H. With the linear

approximation of the cost function the gradient is calculated by

K
VJI(x) =Y MTH'R™MH[M (") -y} + B~ (x" ! —x")+
k=1
K
STMTHTRTYHM(x" —x" )]} + B (x" —x" ) (7)
k=1

In WRF-CO2 4DVar, the incremental optimization is implemented as a double loop in which the outer loop calculates
the first and second items on the right hand side of Eq. (7), while the inner loop calculates the third and fourth items. The
superscript n — 1 indicates that x” ! is the optimized state vector in the last outer loop, and superscript n indicates that x™ is
the eptimzed-optimized state vector in the inner loop. The outer loop first calls the forward model M and adjoint model MT
to calculate M7 H TRV (H(M(x"')—y})) and B! (x"~! —x?), which remain unchanged during the subsequent inner
loop calculation. The analysis increment (x™ — x"~!) is optimized in the inner loop, which calls the tangent linear and adjoint
models to calculate the third and fourth items of Eq. (7). Inner loop calculation is carried out by Lanczos-CG (Lanczos, 1950),
which can optionally estimate eigenvalues of the cost function Hessian matrix (V2.J(x)). The diagram in Fig. 2 shows the

structure of the Lanczos-CG based incremental optimization implemented in WRF-CO2 4DVar.
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2.4 Forward, tangent linear, and adjoint models

WRFPLUS consists of three model components: the WRF model, its tangent linear model, and its adjoint model (Barker et al.,
2012; Huang et al., 2009). The three models are used by WRFDA to optimize the initial meteorological condition in order to
improve numerical weather prediction. Unlike WRFDA, WRF-CO2 4DVar is designed to optimize the CO, flux, instead of

the meteorological initial and boundary conditions. This difference means €O--—related-proeesses-the physical and dynamical
rocesses involved in the atmospheric CO, transport are needed in WRF-CO2 4DVar’s model components. To include the-€O~

WRE-WRE-Chem-these processes, the chemistry module was added to the forward model. The chemistry module includes

chemistry, deposition, photolysis, advection, diffusion, and convective transport of chemistry species (Grell et al., 2005). These

processes are included in different modules of WRF-Chem: ARW (Advanced Research WRF) dynamical core, physics driver,

and chemistry driver. The-GHG (Greenhouse Gas) tracer option ef- WRE-Chem-was-used-but-with-the-CO-and-CHyremeoved

leaving-only-CO-related-procedureswas removed and CO, is treated as an inert tracer. In the emission driver, CarbonTracker
2016 version (Peters et al., 2007) replaces the online biogenic CO, model Vegetation Photosynthesis and Respiration Model

(VPRM) (Mahadevan et al., 2008). This change is made because WRF-CO2 4DVar optimizes ferthe CO, flux instead of online

emission model parameters.

2.4.1 Variable dependence analysis

The tangent linear and adjoint models of WRFPLUS need-needed to be modified to include the €CO2related-proeesses-physical
and dynamical processes involved in the atmospheric transport of CO,, so that they will be consistent with the forward model.
The-results-of-the-A thorough variable dependence analysis is-was conducted and the results are summarized in Table 2, which
groups WRF-Chem processes into three categories regarding CO, tracer transport. The first category includes the chemistry
processes that do not apply to CO,, including gas and aqueous phase chemistry, dry and wet deposition, and photolysis. These

processes are simply excluded from the forward, tangent linear, and adjoint models in WRF-CO2 4DVar.

The second category is comprised of the physical parameterizations that do not provide CO, tendency, but provide mete-
orological tendency. This category includes radiation, surface, cumulus, and microphysics parameterizations. While the full
physics schemes of surface, cumulus, planetary boundary layer (PBL), and microphysics are used in the forward model of

WRFPLUS, simplified versions of these schemes are used in its tangent linear and adjoint models. In addition, WRFPLUS
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uses full radiation schemes (longwave and shortwave) in its forward model, but it excludes radiation schemes from its tangent
linear model-and-adjoint-model—The-differences-and adjoint models. The difference in the physical parameterizations between
the forward model and tangent linear/adjoint models in a 4DVar system is a source of linearization error. For instance, Tremolet
(2004) found linearization error in ECMWF 4DVar larger than expected and recommended more accurate linear physics for
higher resolution 4DVar systems. Because WRF-CO2 4DVar ignores the impacts of CO, mixing ratio variation on the mete-
orological fields, no tangent linear and adjoint variables for meteorological fields are needed in its tangent linear medel-and
adjoint-medeland adjoint models. Since this second category of processes are-is not directly involved in CO, transport, there is
no need for their tangent linear and adjoint procedures in WRF-CO2 4DVar. In WRFPLUS’s tangent linear model, the tangent
linear code of the simplified versions of the cumulus, surface, and microphysics schemes, were-was removed and replaced with
their-corresponding-the code for the full schemes as used in the forward model. In WRFPLUS’s adjoint model, the forward
sweep updates the state variables and local variables just as in the forward model, but it also stores these variables’ values
for the subsequent backward sweep, which updates the adjoint variables of the state variables. The simplified versions of the
cumulus, surface, and microphysics schemes used in the forward sweep of WRFPLUS’s adjoint model ;-were removed and
replaced with the full schemes used in the forward model. Since these processes do not directly modify CO, mixing ratio, their

corresponding adjoint code wes-was removed from the backward sweep of the adjoint model, as indicted by the "X in Table 2.

The third category includes advection, diffusion, emission, and turbulence mixing in the PBL, along with convective trans-
port of CO,. Because these processes directly modify CO, mixing ratio, their tangent linear code and adjoint code are needed
for WRF-CO2 4DVar. The modifications made for advection and diffusion are described in Section 2.4:3.2, and those for

emission, turbulent mixing in the PBL, and convective transport of CO, are detailed in Section 2.4-4.3.
2.4.2 Advection and diffusion of CO2CO,

WREF includes the advection and diffusion of inert tracers along with other scalars in its ARW dynamical core. The tangent
linear and adjoint code of-for these processes has been implemented in WRFPLUS. It should be noted that the variables for
these inert tracers are part of WREF, instead of WRF-Chem. WRF-Chem uses a separate array for its chemistry species. Since
WRE-wasreplaced-with- WRF-Chem is used as the forward model in-of WRF-CO2 4DVar, the CO, mixing ratios are included in
the chemistry array. In the GHG option of WRF-Chem used for WRF-CO2 4DVar, CO, from different sources (anthropogenic,
biogenic, biomass burning, and oceanic) are represented by separate variables in the chemistry array. Following the treatment
for the inert tracers in WRFPLUS, subroutines solve_em_tl and solve_em_ad were modified to add the tangent linear and
adjoint code for the advection and diffusion of the ehem-chemistry array. The modifications made include adding calls to the
procedures that calculate advection and diffusion tendencies, updating the chemistry array with the tendencies and boundary
conditions, and addressing the Message Passing Interface (MPI) communications. The new upgrade to WRFPLUS described
in (Zhang et al., 2013) greatly expedited this part of development for WRF-CO2 4DVar. The Add’ in Table 2 for advection and
diffusion emphasizes that their tangent linear and adjoint code are added to WRF-CO2 4DVar based on the existing WRFPLUS

code without substantial new code development.
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2.4.3 Vertical mixing of CO; in PBL and convective transport

An accurate representation of vertical mixing is important for inversion accuracy, because misrepresentation causes transport
error, which manifests itself in the innovation vector and causes error in posterior estimation (Fowler and Lawless, 2016). For
instance, Stephens et al. (2007) pointed out that global chemistry transport model error in vertical mixing and boundary layer
thickness could cause significant overestimation of northern terrestrial carbon uptake. A comparison of four global models
found that model transport uncertainty exceeds the target requirement for the A-SCOPE mission of 0.02 Pg C yr'! per 10¢ km?
(Houweling et al., 2010). In addition, Jiang et al. (2008) reported that convective flux is likely underestimated in boreal winter

and spring based on simulated upper tropospheric CO, from 2000 to 2004 using three chemistry transport models.

In WRF-Chem, vertical mixing of chemical species is treated in three separate parts: in the vertical diffusion (subgrid scale
filter) in the dynamical core, in the PBL scheme in the physics driver, and within-in the convective transport in the chemistry
driver. The subgrid scale filter in the dynamical core treats both horizontal and vertical diffusiensdiffusion, but vertical dif-

fusion is turned off if a PBL scheme is used. Whi

For PBL parameterization, ACM2
(Pleim, 2007) was chosen for WRF-CO2 4DVarse-that-CO,-vertical-mixing-is-treated-by-the PBL-parameterization—, ACM?2 is
a hybrid local-nonlocal closure PBL scheme, and it updated the non-local scheme ACMI (Pleim and Chang, 1992) by adding
an eddy diffusion component. Because ACM2 explicitly defines local and nonlocal mass fluxes, it is particularly applicable
for atmospheric chemistry simulations. In a one-dimensional model evaluation, ACM2 showed a very good agreement with
large-edd Pleim, 2007). In addtion to WRFE, ACM2 has been

implemented in the fifth-generation Pennsylvania State University-NCAR Mesoscale Model (MMS) and the Community
Multiscale Air Quality (CMAQ) model. An evaluation using PBL heights derived from radar wind profiles showed that
with surface and boundary layer observations. Furthermore, model evaluations also showed that ACM2 performed well with

Convective transport of chemistry species in WRF-Chem is not treated by the cumulus scheme in the physics driver, but

simulations for PBL heights with a very slight low bias

by a separate convective transport module (module_ctrans_grell) in the chemistry driver (Grell et al., 2004). This convective

transport module includes a deep convective process and a shallow convective process. The deep convective transport process
requires the convective precipitation rate calculated by the cumulus scheme (in the physics module of WRE): It calculates
the base mass flux based on the convective precipitation rate. Compared to the ensemble stochastic approach used in the
Grell-Freitas cumulus scheme (Grell and Freitas, 2014), this is a rather crude representation of the vertical convective transport.
The shallow convective process requires three parameters passed in from the cumulus scheme in the physics module: updraft
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originating level, cloud top level, and total base mass flux. Only two cumulus schemes in WRF provide these parameters: the
Grell-Freitas (Grell and Freitas, 2014) and Grell 3D Ensemble (Grell and Devenyi, 2002).

Because the ACM2 PBL and chemistry convective transport are not included in WRFPLUS, their tangent linear and adjoint
code were developed for WRF-CO2 4DVar. First the automatic differentiation tool TAPENADE (Hascoet and Pascual, 2013)
was used to generate the tangent linear and adjoint code based on the forward code: module_bl_acm for the ACM2 PBL and
module_ctrans_grell for the chemistry convective transport. Then the TAPENADE generated code was manually modified to
remove redundancy and unnecessary loops. It should be pointed out that these code developments were made significantly
simpler because the meteorological state variables are merely passive variables in the tangent linear and adjoint code. For
instance, to calculate the moist static energy and environmental values on cloud levels, the chemistry convective transport
code (module_ctrans_grell) in the chemistry driver calls a number of subroutines in the cumulus parameterization code in the
physics driver. Because these subroutines in the cumulus parameterization only involve meteorology state variables and not the

chemistry array, no tangent linear or adjoint code is needed for them in WRF-CO2 4DVar.

3 Results

This section presents an accuracy assessment of the newly developed WRF-CO2 4DVar system. First the simulation model

setup is described, then the sensitivity tests and inverse modeling experiments are presented.
3.1 Model setup

WRF-CO2 4DVar is setup with a domain covering the continental United States with 48 km x 48 km grid spacing and 50
vertical levels (Fig3-. 3). The domain dimension is 110 points in east-west and 66 points in north-south direction. Model con-
figuration includes: Rapid Radiative Transfer Model (RRTM) longwave radiation (Mlawer et al., 1997), Goddard shortwave
radiation (Chou and Suarez, 1999), Pleim surface layer (Pleim, 2006), Pleim-Xiu land surface model (Pleim and Xiu, 2003),
ACM2 PBL (%)(Pleim, 2007), Grell-Freitas cumulus (Grell and Freitas, 2014), and Thompson microphysics (Thompson et al.,
2008). Positive-definite transport is applied to the transport of scalars and CO,.

CO, fluxes used for the simulations are from the CarbonTracker 2016 version (hereafter CT2016) (Peters et al., 2007).
These fluxes are the optimized surface fluxes at a 3-hour interval and at 1 x 1 degree spatial resolution. The four individual
CO; fluxes (biosphere, fossil fuel, fire, and ocean) are spatially interpolated to the WRF grid, and saved in chemistry input files.
In the following sensivitity tests and inverse experiments, the emission scaling facotr k.2 is applied only to the biosphere flux.
Daily mean biesphere-biospheric fluxes are calculated as the arithmatic mean of the 3-hourly CT2016 fluxes at each surface
grid cell, and the scaling factor k.. is applied as in Eq. (1). The daily mean biesphere-biospheric flux used for the 24 hour

simulation is shown in Figure 4. The model configuration and emission data used are summarized in Table 3. Although the
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daily mean biospheric flux was used for the forward and inverse modeling in this paper, the WRF-CO2 4DVar implementation
allows flexibility in configuring the prior fluxes. For instance, fluxes from respiration and photosynthesis can be estimated

balance between the degrees of freedom in the state vector and the constraints provided by the observations need to be carefull
considered,

Model simulations span 24 hours from 00 UTC 02 June to 00 UTC 03 June, 2011. Meteorological initial and lateral bound-
ary conditions are prepared using the NCEP Climate Forecast System Version 2 (CFSv2) 1 x 1 degree 6-hourly products (Saha
etal., 2014). CO; initial and lateral boundary conditions are from the CT2016 global 3 x 2 degree CO, mole fraction. A method
similar to PREP-CHEM-SRC (Freitas et al., 2010) was used to horizontally and vertically interpolate CT2016 mole fraction
data to the WREF grid.

First, the forward model (WRF-Chem) was run for 24 hours with the CO, emission as described in the last section. Trajec-
tory files that contain model state variables including both meteorology and CO, mixing ratio are saved at model dynamical
time step intervals (120 seconds). These files are required for the subsequent tangent linear and adjoint model runs. Figure 4
5 shows the instantaneous values of Sea Level Pressure (SLP) and horizontal wind at the model’s lowest vertical level at each
every 6 hours. The figure shows that a high pressure system was located off the west coast, causing a northerly surface wind off
southern California, and a westerly wind for most of the Pacific Northwest. A low pressure system intensified over Montana
and North Dakota during the 24 hours, causing a strong southerly wind over the Midwest. In the northeast, as a low pressure

system moved eastward out of the domain, the surface wind shifted from southwesterly to westerly.

In the model setup, the initial and boundary meteorological conditions are generated by downscaling the CFSv2 data. Down-
scaling coarse resolution global reanalysis data could lead to poor WRF performance. Although this potential problem is not a
concern for the present pseude-data-pseudo-observation based inversion experiments, it must be properly treated in the-future
apphication-with-true-observation-datafuture applications with real observations. Error in the initial condition will lead to erro-

neous emission-souree-flux attribution, especially for inversions with a short assimilation window.

In order to be useful for applications which employ real observational data, WRF-CO2 4DVar requires accurate simulation
simulations of the meteorological fields by the forward model;-+in-addition-te-aceurate-tangent-linear-and-adjoint-medels. Be-
cause transport error can only be partially accounted for in the 4DVar system through the observation error varianeecovariance
matrix, it is imperative to minimize errors due to inaccurate simulation of meteorological processes as much as possible.
Although the present paper uses pseudo-observation data (which have zero transport error by definition) in its inversion ex-
periments, future applications with true-observational-data-real observations will require vigorous evaluation of the model

simulated meteorology and associated transport error. In the following, the forward model simulated horizontal winds at the
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surface and 500 hPa constant pressure surface are evaluated using in-situ measurements from weather stations and radiosondes.

For the surface level, WRF simulated 10m winds are compared against surface weather station measurements archived in
the NOAA Integrate-Integrated Surface Dataset (Smith et al., 2011). Hourly surface wind measurements from more than 2,000
stations within the WRF domain are used for the evaluation. Comparisons of wind speed and wind direction are carried out at
the top of each hour during the 24 hour simulation period starting at 00:00 UTC 02 June 201 1. Excluding missing observations,
this results in 31,745 valid data pairs, which are summarized in the histograms of Fig. 6. RMSE for the hourly wind speed is

2.16 m s”! and the mean difference in the hourly wind direction is 29.4°.

For the upper level, WRF simulated 500 hPa horizontal winds were compared against radiosonde measurements from 90
stations obtained from the NOAA/ESRL radiosonde database (https://ruc.noaa.gov/raobs/). Since most stations release balleon
balloons at 00:00 and 12:00 UTC, WRF winds were compared against the radiosonde measurements at a 12 hour interval
during the 24 hour simulation period. The results are shown in Figure 7: RMSE of wind speed is 2.54, 4.0, and 5.11 m s°!,
at 2 June 00:00 UTC, 2 June 12:00 UTC, and 3 June 00:00 UTC, respectively. Wind direction difference between WRF and
radiosonde is 11.5°, 16.4°, and 19.1° at the three times. Locations of the weather stations and radiosonde sites used in the

evaluations can be found in the supplement document.

The above-deseribed-above described evaluations using in-situ measurements indicate that the meteorological simulation

is of adequate accuracy for the pseudo ebservation-observations based inverse modeling tests conducted in this paper. Future

ications-wi ue-observational datawi d-to-quantify—the-simulation—errorin—the-When the 4DVar system—system
is applied with real observations, the error and bias must be considered. In WRE-4DVar’s cost function configuration, the
observation error matrix R is a combination of three error sources: measurement error, aggregation error, and transport model
error. The uncertainty of the CO, measurements is about 0.05%, while the transport and aggregation errors are typically an
order of magnitude larger (Bruhwiler et al., 2003). For real observation applications, the variance and covariance in R need
to represent the transport error, Furthermore, Fig. 6 shows that WRE simulated 10m wind speed is biased high, which is
likely to result in bias in the simulated atmospheric CO, mixing ratio, Because Bayes inversion framework assumes unbiased
observation error, it may be imperative to correct the error for inversions. One approach is to nudge the meteorology fields
toward the observations. For instance, Gupta et al. (1997) found that nudging the model simulated winds in the boundary layer
{9 the radar wind profile observations substantially improved estimates of plume dispersion. An alternative approach is to use
a combined 4DVar inversion of meteorology and CO, fluxes. For instance, Bocquet et al. (2015) discussed data assimilation
using coupled chemistry meteorology models (CCMM). If the CO, impact on meteorology is not considered, the current
implementation of WRF-CO2 4DVar can be extended to a joint meteorology and CO, assimilation system. Since the adjoint
code for meteorology has been developed and tested in WREPLUS and WRFDA (Zhang et al., 2013; Barker et al., 2012),
the major modification would be in the optimizaiton schemes where the combined state vector of meteorology and CO; is
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optimized. It should be noted that in such a joint assimilation framework, optimization of meteorology is an initial condition
roblem, whereas the CO, flux optimization is a boundary condition problem (bottom and lateral boundaries).

3.2 Accuracy of tangent linear and adjoint sensitivities

Next, the accuracy of the newly developed tangent linear and adjoint models wereby-was evaluated by comparing their sen-
sitivity calculations against finite difference sensitivity calculated by the forward model. Grid cells involved in the sensitivity
calculations are shown in Fig. 3, in which the 35 blue stars are the source cells, and the 20 red triangles are 20 tower sites
where the receptors are placed. All the 35 sources are placed at the grid’s bottom vertical level. Receptors are placed at the 1%,

5t and 10™ vertical level at each of the 20 tower sites, resulting in 60 receptor cells.

A tangent linear model run for a grid cell will calculate the tangent linear sensitivity dqco2/0kco2, Which approximates a
column vector of the forward model’s Jacobian matrix and quantifies the influence of the cell’s emission-flux change on CO,
mixing ratio of its receptor cells downwind. In comparison, an adjoint model run for a grid cell will calculate adjoint sensitivity
0qco2/0Keoz, Which approximates a row vector of the forward model’s Jacobian matrix and quantifies the influence on the
cell’s CO, mixing ratio by its source cells upwind. Because k., multiplies emission in Eq. (1), the magnitude of the sensitivity

is determined by both the magnitude of emission and meteorological transport.

To calculate tangent linear sensitivity at a grid cell, g_k..2 is set to unity at the cell and zero at all other cells at the start of a
tangent linear model run. Upon completion, the values of g_qco2 are the tangent linear sensitivities Oqco2 /kcoz. To calculate
adjoint sensitivity at a cell, an adjoint model run starts with a_gq.,2 set to unity at the cell and zero at all others, and the values
of a_kco2 at the end of the simulation are the adjoint sensitivities. The adjoint model running in this mode is analogous to
using a Lagrangian particle transport model in backward trajectory mode to compute the footprint of a receptor, such as shown
in Fig4-. 4 of Gerbig et al. (2008).

The tangent linear sensitivity is first compared against the finite difference sensitivity. After confirming the accuracy of the
tangent linear model, the adjoint sensitivity is compared against the tangent linear sensitivity.
Finite difference sensitivities are calculated using the two-sided formula (Eq. (8)).

g [z +Ax) — f(x — Ax)
dr 2Ax

®)

The magnitude of Ax used in Eq. (8) is determined by comparing the result from a range of different values. The finite sensitiv-
ities were calculated at the 35 sites using Az set to 0.01, 0.1, and 1.0, and the results show that the magnitude of all differences
is less than 100 (results not shown) because WRF-CO--2 is largely linear. For all subsequent calculations, Az = 0.1 is used
for Eq. (8).
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Sineeboth-Since both finite difference and tangent linear sensitivities form columns of the Jacobian matrix, their values can
be compared cell by cell for all receptor cells for a given site. Figure 8 shows the comparison between the finite difference and
tangent linear sensitivities at 9 of the 35 source cells. The dark straight lines in the figures are the 1:1 line. The maximum and
minimum of the difference between finite difference and tangent linear sensitivities are given for each source cell. Results at
the rest of the sources are similar (not shown). All differences are less than 10719, confirming that the tangent linear model is

accurate.

The adjoint model is next evaluated by comparing adjoint sensitivities against the tangent linear sensitivities. Because finite
difference sensitivities form columns of the Jacobian matrix while adjoint sensitivities form rows of the Jacobian matrix, they
can only be compared at the intersections of the rows and columns of the Jacobian matrix, meaning there are 2160 (35 x 60)
pairs of comparison. We organized these 2160 pairs into three groups based on the vertical levels a receptor is placed at and the

result is shown in Fig. 9. The minimum and maximum value of the difference between tangent linear and adjoint sensitivities

in all three groups are no greater than 10~5, which is comparable to the accuracy tests from other adjoint model developments
(Meirink 2008; Henze 2007), indicating that the adjoint model is-aceuratehas been correctly implemented.

3.3 Spatial patterns of adjoint sensitivities

Adjoint sensitivity geo2/keoz quantifies how g2 of a given receptor is impacted by the emission—flux scaling factor of all
surface cells. It is similar to the receptor footprint typically calculated using LPDM, such as Fig. 4 of Gerbig et al. (2008)
and Fig. 1 of Alden et al. (2016). But g..2/keo2 differs from footprint in that the former contains the combined impact of
tracer transport and emission-flux magnitude, while the latter is determined by tracer transport alone. The spatial patterns of
the adjoint sensitivity was-were examined to discern the impacts of tracer transport. Figure 10 shows gco2/kco2 of Centerville,
Iowa (top row) and WLEF, Wisconsin (bottom row). At each tower site, ¢co2/Kco2 of the receptor placed at the 1% and 1ot

vertical levels are-is plotted.

The adjoint sensitivities of the Centerville tower site indicate its g.,o results primarily from surface flux located immedi-
ately south of the site. This pattern agrees with the fact that low level wind during the simulation period is predominantly
southernlysoutherly, tranporting tracers northward. There is also a marked difference in the adjoint sensitivity of the same
tower site when the receptor is placed at a different height. The figure in the top left panel of Fig. 10 shows that the highest
magnitude of gco2/keo2 is closest to the tower itself, indicating a large impact from local fluxfluxes. In comparison, when the

receptor is placed at the 107 vertical level, the peak magnitude of its adjoint sensitivity is a-muchfarther-distancesouthward;

located further south of the tower site. Results from the WLEF site shows the adjoint sensitivity are located to the southeast
of the site, matching the southeasterly wind patterns around Wisconsin during the simulation period. There are also clear dif-

ference between the receptors at the different vertical levels. Results from other sites all show similar pattern of impacts of
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transport and receptor placement height (not shown).

To provide a comparative view of the source-receptor relations, backward trajectories of particles released from the Cen-
terville and WLEF sites were also calculated using the Lagrangian model HYSPLIT (Stein et al., 2015). WRF-CO2 forward
model simulated meteorology saved at 1-hour intervals is-was used to drive the HYSPLIT trajectory calculations. Fwe-To

compare with the adjoint model result, two sets of simulations were carried out for each of the two tower sites:-, For each
Mpartlcles were released from the heigh{%ppfeaﬂma{e%ﬂ&e«ﬁf%vefﬁea}%evemwkpﬂﬂ%ﬁﬁf%e{—aﬂd

acinglocation of the corresponding WRE grid box
used in the adjoint sensitivity calculations The starting locations of the particles were randomly distributed within the grid
box. The resulting backward trajectories were combined with the biospheric CO; flux to calculate the footprint for the receptor
locations. The HYSPLIT backward-trajectory-simulationresults-wre-plotted-in-footprints were calculated on the same grid as
used in the WRF-CO2 simulations to facilitate the comparisons between the two models.

Figure 11 shows the HYSPLIT calculated footprints for the Centerville and WLEEF sites at the two different vertical levels.
The four figures in Fig. 11 are the HYSPLIT counterparts of the adjoint sensitivity figures in Fig. 10. A comparison between
. 10 and Fi

HYSPLIT and the WRF-CO2 adjoint model compare well spatially. For instance, for the receptor placed at the first vertical
level at Centerville, Towa (Fig. 10)- iscernible differences be i o-attri

WWM
Arkansas. Based on the horizontal wind fields at the first level, these areas were upwind of the receptor location during
the simulation period. Overall, the WRF-CO2 adjoint sensitivities contain larger surface areas compared to their HYSPLIT
footprint counterparts. This difference is likely caused by the more diffusive nature of tracer transport in WRE-COZ: its finite
difference scheme for tracer advection contains numerical diffusion, and it also includes an explicit horizontal diffusion term
in the tracer transport (Skamarock et al., 2008). A further comparison at individual grid points reveals magnitude differences
between the footprints from HYSPLIT and the WRE-CO2 adjoint model. This is mainly caused by the different treatments
of turbulent vertical mixing by the two models, In WRF-CO?2, the PBL and convective schemes parameterize tracer vertical
ixi see Section 2.4.3). For vertical mixing, HYSPLIT either uses the PBL heights calculated by WREF or it calculates PBL
heights independently by analyzing temperature profiles. The footprints shown in Fig. 11 were simulated by HYSPLIT using
PBL heights from the WRE-CO2 ACM2 PBL scheme. In a separate set of HYSPLIT simulations with PBL heights calculated
from the temperature profiles, only minor differences are observed in the resulting footprints (not shown),
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3.4 Inverse-meodelingtest
3.4 Inverse modeling tests.
: o e

3.4.1 Inverse modeling setu

The sensitivity tests in section 3.2 have confirmed that the tangent linear and adjoint models -the-effectiveness-of WRF-CO2

4APDVAR 1 1nmverce—m

inverse modeling fests are conducted to confirm that the two optimization schemes described in Section 2.2 and 2.3 are also
correctly implemented. The inverse modeling tests here are designed following the approach used in Henze et al. (2007). To
confirm that the GEOS-Chem 4DVar code was correctly developed, Henze et al. (2007) set BZ% =0 and R =1 (the identity
matrix) and constrained the optimizations with error-free pseudo-observations, Because B! = 0, analysis deviations from the
first guess cause no increase in the cost function (see Eq. (3)). This means that if the 4DVar code is correctly implemented,
the optimization will converge to the true solution used to generate the pseudo-observations. Such a configuration of B and
R, although highly ideal and unrealistic for real applications, is an effective way to test the code accuracy in isolation from

external errors. If the code is correctly implemented, the optimization will converge to the true solution used to generate

the pseudo-observations. Because the backeround error is set to infinity (B~ = 0), the optimization should converge to the

true solution with any first guess. A different first guess will impact the process of the convergence, but not the result: the
optimization should eventually converge to the true solution.
Following Henze et al. (2007), inverse modeling tests here involve the following steps:

1. Run the WRF-CO2 forward model for 24 hours, using the daily mean biospheric CO, flux (Fig. 4) as the true biospheric
CO, fluxes,

2. Generate pseudo-observations by saving the model simulated atmospheric CO, at all grid points of the bottom 30
vertical levels every 4 hours. This generated—creates a set of six-6 pseudo-observation files, each-of-which-include

he inctantaneons oot tha maada ‘e frct 20 ve al levels startine from-the

Sti s 50%which contain no error with respect to the true bisopheric CO, flux used in
Step 1.

3. Generate a set of first guess biospheric CO, fluxes.
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4. Set the background error to infinity (B~ = 0) and the observation error to the identity matrix (R = R~ =

5. Run the L-BFGS-B and incremental optimizations with the first guess biospheric CO, flux (Step 3), constrained by the
seudo-observations (Step 2), until the optimized biospheric flux converges to the true biopheric CO, flux (Step 1).

Steps 3-5 repeat twice for two different sets of first guess biospheric CO, fluxes:

— Case 1; set flux scaling factor k., = 1.5 at all is-surface grid

point,
— Case 2: set flux scaling factor k..o randomly distributed between 0-5-and-+-5-0.5 and 1.5.

Figure 12 shows the two e

sets of first guess biospheric
CO;, as compared with the true biospheric CO, fluxes. Each point in the figures represents a surface grid point. It should be
noted that because the Case 1 i i servati ' et i
the-observation-gradientfirst guess overestimates the true fluxes by 50% at all surface grid points, the background error are
perfectly correlated, implying that all off-diagonal elements in B should be set to unity. However, since the inverse modeling
tests are designed to be driven solely by the pseudo-observations (by setting B! = 0), the detailed content of B becomes
irrelevant. It should i at-this+ ist beask :
of-testing-the- WRE-CO2-4DVar-system-with-error-free-also be noted that the same set of pseudo-observations -

Because the pseudo-observation-data(Step 1) are used for both of the two cases of first guesses, and the pseudo-observations

were not perturbed with errors, it is appropriate to set R = I for both cases. This simply assigns all the observations equal
weight in calculating the observation cost function using Eq. (4). In these inverse modeling tests, because the pseudo-observations

are of q.,2 at the forward model’s grid points, the mapping between model space and observation space is trivial: the observation

operator (/1), tangent linear observation operator Lﬂ\l and ad_]omt observation operator afe—alrl—se{—te—me—}demay—ff%%gaﬁ

hinear-and-adjoint-counterparts— HT) are all simply the indentity matrix. For application with real observations, however, each
type of CO, observations will need its own set of H, H , and HT to map between the model space and observation space.

A very simple error configuration (B~1 = 0, and R, = I) was used in the inverse modeling tests here, but such a settin

only appropriate to confirm code accuracy using error-free observations. For real data applications, an appropriate specification
of background (B) and observation error (R) is a critical and challenging task. Ideally the variance and covariance in B should

be specified based on comparisons between prior fluxes and accurate flux measurements (Chevallier et al., 2006; Gerbig et al., 2006).

But available flux measurements are often of insufficient amount, thus necessitating assumptions regarding the form of the
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backeround error matrix. For instance, prior flux errors were treated as uncorrelated in Gockede et al. (2010), and Rodenbeck et al. (2003) u

an exponential decaying spatial correlation for the prior flux error. In another study, Peylin et al. (2005) found significantl

different flux estimation resulted from varying the prior flux error correlation scale from 500 km to 2000 km. For the observation

error covariance matrix R, the spatial and temporal error correlation were often negelected in earlier inversion studies (Gurney et al., 2002; ]
With more recent inversion studies using continuous observation at towers (Law et al., 2008), airborne observations (Lauvaux et al., 2008

and satellite observations (Chevallier et al., 2005), attempts have been made to represent the spatial and temporal correlation
of observation errors. For instance, Kountouris et al. (2015) found the temporal autocorrelation time for observation data usin
the VPRM model is around 30 days.

3.4.2 Inverse modeling results

The results from inverse modeling experiments with Case 1 prior are shown in Fig. 13 and 14. Figure 10-13 shows the iterative

reduction of the cost function J(x), gradient norm ||V J(x)||, and RMSE. The iteration number for Lanczos-CG is all from its

inner loop, and only one outer loop is used. The figures show both L-BFGS-B and Lanczos-CG reduce the cost function mono-
tonically. In about the first 10 iterations, the cost function reduction is more or less similar for the two optimization schemes,
but Lanczos-CG starts to gradually outperform L-BFGS-B after. In gradient norm reduction, both schemes feature periodic
oscillations embedded in the large scale downward trend. By comparison, Lanczos-CG has a smaller magnitude oscillation
and steeper downward trend than L-BFGS-B. It should be noted that while L-BFGS-B calculates cost function and its gradient
in each iteration, Lanzcos-CG only approximates these values in its inner loop. The cost function and gradient norm from
Lanczos-CG shown in Fig. +0-13 are calculated by extra calls to the forward and adjoint models in each inner iteration, which
doubles the computation cost and is not needed in practice—Figure—+0actual inversion applications. Figure 13(c) shows that
both optimization schemes reduce RMSE of daily biosphere flux monotonically, and Lanczos-CG achieves better reduction
after about the first 10 iterations. Figure +2-14 shows the snapshots of the optimized daily mean biosphere flux (obtained as
the product of the prior flux and the optimized scaling factor) at a selected set of iterations. These figures depict the iterative

process of priors converging to the true seluetiensolution.

The results of inverse modeling experiments using Case 2 prior are shown in FigFigs. 15 and 16. The reductions of J(x),
IVJ(x)

iterations. Table 5 summarizes the results from all four inverse modeling experiments described above. It must be pointed

, and RMSE are similar to Case 1 in that Lanczos-CG substantially outperforms L-BFGS-G after about the first 10

out that these inverse modeling results are obtained from a highly unphysical setup, and they are not the expected level of
performance (in terms of cost function and RMSE reduction) that would be obtained in a real-inversioninversion with real

observations,

4 Tracer lateral boundary condition

20



30

5

10

15

20

25

The lateral tracer boundary condition is necessary to connect regional tracer simulations to the global background tracer

distribution (Gerbig et al., 2003). A number of regional inversion studies have explored the sensitivity of the estimated posterior

flux to the lateral boundary condition. For instance, Schuh et al. (2010) found a 30% magnitude difference in the retrieved

North America biospheric flux when boundary conditions from two different global models were used (CarbonTracker and
PCTM), In an inversion study over the state of Oregon, Gockede et al, (2010) found the estimated biospheric CO; fluxes were
highly sensitive to systematic changes in the advected background CO, through the lateral boundaries. To address the lateral
boundary uncertainty, Lauvaux et al. (2008) used LPDM backward trajectories to calculate the atmospheric CO, sensitivity to
the lateral boundary conditions, and optimized lateral boundary conditions along with surface fluxes in a synthesis inversion
approach. An alternative is to use part of the observations to correct the lateral boundary error before the inversion, which
then only includes surface fluxes in its state vector (Lauvaux etal., 2012). In the pseudo-observation based inverse modeling
tests described in Section 3 of this work, CO, lateral boundary conditions do not contain error, and they were not included in
the state vector for optimization. When WRFE-CO2 4DVar is applied with real observations, uncertainties of lateral boundary
conditions need to be appropriately treated. To use either approach used in Lauvaux et al. (2008) or in Lauvaux et al, (2012),
the adjoint code for tracer lateral boundary conditions would need to be developed for the WRF-CO2 4DVar system.

In the WRE-Chem dynamical core, chemistry mixing ratios are updated at each time step by the advection and diffusion
tendencies. Then chemistry mixing ratios at the lateral boundaries are updated with the chemistry boundary condition using
the flow dependent method, which uses the horizontal wind direction to determine whether the chemistry mixing ratio at a
boundary grid point should be updated by the lateral boundry, If the horizontal wind direction indicates tracer inflow at a
boundary grid, Eq. (9) will be applied to the grid point,

Geo2 = 90 1 dre 8 ©

Where ¢.,» represents CO, mixing ratio at a lateral bounda rid, g, and ¢ ; are the CO, mixing ratio and tendency at the
correponding lateral boundary.
To develop the lateral boundary related tangent linear and adjoint code, Eq. (9). is replaced by Eq. (10) in WRF-CO2 4DVar.

Geoz = Ko (s + 002 20) (10)

Where k..o represents the CO, lateral boundary scaling factor. Please note that in Egs. (9) and (10), the time dependence has
been dropped for the sake of simplicity. The corresponding tangent linear and adjoint of Eq. (10) are given in Egs. (11) and
(12,

9-Yeo2 = 9_keoa (g0 F av 1 A1) an
0_Keoz = Ko 1 0_Geoa (s + @11 1) (12)
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Where o2 and a are the tangent linear and adjoint variable of g.,»2, and g k..o and a_k.,2 are the tangent linear and
adjoint variables of k..o.

Most code development for tracer lateral boundary conditions are in the input_chem_data module of the chemistry directory,
along with some additional code modification to enable the lateral boundary condition variables to be passed forward (kcq2
and g_kepp) and backward (a, Keg2) in time. The two optimization schemes of WRFCO2-4DVar have also been implemented
to allow for flexibilities in state vector specification, The user can choose to include lateral boundary conditions in the state
vector to be optimized, which is a similar a
the user can choose to correct the lateral boundary (using the adjoint model) before the inversion, and not to include lateral
boundary in the state vector (Lauvaux et al., 2012).

roach as in Lauvaux et al. (2008) (but using a 4DVar optimization). Alternativel

When applied with real observations, whether and how to ageregate lateral boundary scaling factors is not trivial (Lauvaux et al., 2008, 2(

On one hand, including lateral boundary scaling factors without spatial aggregation will greatly increase the state vector size,
likely causing the inversion to be under-constrained, On the other hand, aggregating lateral boundary scaling factors may
cause aggregation error (Kaminski et al., 2001). While the actual treatment of lateral boundary scaling factor aggregation is
beyond the scope of this work, a mapping mechanism has been implemented in WRE-CO2 4DVar to facilitate the aggregation.
In WRECOZ2:-ADVaL, 02, 9,4ea2.30d 0 ooz, 2r¢ defined on the model grid. but Keoz, g Koz, and a_keoz are defined as 1d
variables in the state vector, The mapping mechanism implemented in procedure da_cv_to wrf and its adjoint counterpart
allows for many-to-one mappings from the 3d grid variables to the 1d state vector, This mapping mechanism allow the user
flexibility in determining whether and how to aggregate the lateral boundary condition.

5 Summary and outlook

WRF-CO2 4DVar was developed as a data assimilation system designed to constrain surface CO, flux-fluxes by combining
an online atmospheric chemistry transport model and observation data in a Bayesian framework. Two optimization schemes
were implemented for cost function minimization. The first is based on L-BFGS-B and the second is an incremental optimiza-
tion using Lanczos-CG. The cost function and its gradient required by the optimization schemes are calculated by WRF-CO2
4DVar’s three component models: forward, tangent linear, and adjoint medelmodels, all developed on top of the WRFPLUS
system. While WRFPLUS’s forward model is WRF, WRF-Chem was used as WRF-CO2 4DVar’s forward model to include
CO; in the system, and the tangent linear and adjoint models were modified to keep their consistency with the forward model.
Like most other CO, inverse modeling systems, WRF-4DVar ignores the possible impacts of atmospheric CO, variation on
the meteorology. This simplification enables the use of the same full physical parameterizations in the forward, tangent linear,
and adjoint medelmodels. This configuration reduces linearization error while allowing the WRF system’s large number of

physical parameterizations to be used in WRF-CO2 4DVar without requiring a large amount of new code development.
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WRF-CO2 4DVar’s tangent linear and adjoint models were tested by comparing their sensitivities’ spatial patterns with the
dominant wind patterns. The results make physical sense given the meteorological transport. The accuracy of tangent linear
and adjoint models were-was evaluated by comparing their sensitivity against finite difference sensitivity calculated by the
forward model. The results show that both tangent linear and adjoint sensitivities agree well with finite difference sensitivity.
Finally, the system was tested in inverse modeling with pseude-observation-datapseudo-observations, and the results show that

both optimization schemes successfully recovered the true values with reasonable accuracy and computation cost.

While Lanczos-CG performs better than L-BFGS-B in the inverse modeling tests, it must be pointed out that the tests are
very limited. Although a comprehensive comparison between the two optimization schemes is beyond the scope of the present
paper, it is important to point out some of their differences as implemented in WRF-CO2 4DVar. First, the Lanczos-CG calls
the tangent linear model in each inner loop iteration, while L-BFGS-B calls the forward model. For a tracer transport system
like WRF-CO2 4DVar, the tangent linear model can skip some of the costly physics parameterizations, such as the radia-
tion scheme. This difference means that typically the tangent linear model is faster than the forward model, and as a result
Lanczos-CG runs faster than L-BFGS-B. In our inversion modeling experiments (24-hour simulation with At = 120 seconds,
30 processor core), it takes about 10 minutes walltime to complete one inner loop of Lanczos-CG. L-BFGS-B takes about 10%

more walltime to complete one iteration.

Second, provided with the cost function and its gradient, each iteration of L-BFGS-B calculates an updated state vector
from its previous iteration. In WRF-CO2 4DVar, this calculation is carried out on only the root core and broadcasted to the
other process cores. In comparison, Lanczos-CG calculates the state vector increment based on the cost function gradient alone
(without the need for J(x)). The calculation is carried out on each processor core. The above difference has implications for
memory requirements: The main memory allocation for L-BFGS-B is its workspace array, which is about (2 X k+4) X n,
where n is the size of the state vector (z), and k is the number of corrections used in the limited memory matrix. This memory
allocation is only needed on the root core. The value of k is set by the user and the recommended value is between 3 and 20.
In comparison, Lanczos-CG requires memory size of about m x n on each processor core, where m is the maximal inner loop
iteration allowed. Although it is possible to reduce the per processor core a memory allocation from m X n to n by disactivating

the modified Gram-Schmidt orthonormalization step, it is typically not recommened.

Another consideration for memory requirements is related to I/O time cost. WRFPLUS saves its entire trajectory in memory
to avoid expensive I/O operations. This is not a practical solution for WRF-CO2 4DVar, which is designed to run a longer
simulation than the typical 6-hour run intended for WRFDA. GH15/17 implemented a second-order checkpoint mechanism to
overcome the memory limit. This approach breaks the whole simulation period into sections, saves restart files at the end of
each section by the forward model. This approach requires extra calls of the forward model to recalculate the trajectory for

each section during backward integration (See Fig. 3 of GH15)
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t. In WRF-CO2 4DVar, a different approach was implemented -
I-WRE-CO2-4DVarto overcome this memory limit: the forward model saves the trajectory at each time step in memory, as
WRFPLUS does. After a number of integration steps, the memory on each task processor core is dumped to an external file,
and the memory is then reused. Each external file is marked with its starting timestamp and the processor core it belongs to.
For instance, a 24-hour simulation with 120-second time step will have a total of 720 steps. If the system saves its trajectory
to external files each 30 time steps, memory allocation on each task processor core is only needed for 30 steps instead of
720 steps. This will results in 24 (720/30) trajectory files on each task processor core, and the total number of trajectory files
depends on the number of processor eere-cores used. These trajectory files are read by both tangent linear and adjoint models
in a similar way as standard WRF auxiliary files. In the above example, they are read in at each 30 time steps, substantially
reducing I/O time compared with reading in at each step. These trajectory files are different from standard WRF auxillary files
in that each file belongs to an individual processor core, rather than being shared among all processor cores. This means all

model runs in an inverse experiment must use the same domain patch configuration, which is the most common practice.

In future development, we plan to implement observation operators for real observations, including those from towers, satel-
lites, and airborne instruments. This is required for applying WRF-CO2 4DVar with real ebservation-dataobservations. As a
regional inverse system, the correct treatment of ehemistry-tracer lateral boundary conditions is important. We plan to inelude
(Section 4) in a follow-up study. In addition, future applications of WRF-CO2 4DVar with real observations must use proper

treatment of observation and background error covariance, which was not tackled in the pseudo-observation test-ased-tests in

the present paper.

In addition, we also plan to periodically update the WRF-CO2 4DVar system to keep up with WRF system updates. Such
updates will mainly consist of replacing the forward model with the updated WRF code, and developing the tangent linear
and adjoint code for the relevant updated procedures. As the variable dependence analysis (Section 2.4-2.1) indicates that the
tangent linear and adjoint code are only needed for a portion of WRF procedures, the amount of work required for updating
WRF-CO2 4DVar is manageable. In addition, future development of WRF-CO2 4DVar will also be dependent on updates to
WRFPLUS, which has always been updated along with WRF.

6 Code availability

WRF-CO2 4DVar source code can be retrieved via https://doi.org/10.5281/zenodo-839260-.1184200
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Figure 1. Diagram of L-BFGS-B based optimization implemented for WRF-CO2 4DVar.
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Figure 3. WRF-4DVar simulation domain covering the continental United State with 48 kmx48 km grid spacing. The domain boundary
is marked by the bold dark outline. Grid cells used for evaluating sensitivities are marked: red triangles are the 20 CO, tower sites used as
receptor fecation-locations; blue starts-stars are source locations. While receptors are placed at the 1%, 5", and 10™ vertical level at each site,

all sources are at the 1™ level only.
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Figure 4. Daily mean CarbonTracker biosphere CO, flux, calculated as the arithmetic mean of the 3-hourly flux between 2011-06-02
00:00:00 UTC to 2011-06-03 00:00:00 UTC.
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Figure 5. Sea Level Pressure (PahPa) and horizontal wind (m s™') at model’s lowest vertical level plotted at 6-hour interval during the 24-hour

simulation starting at 2011-06-02 00:00 UTC.
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Figure 6. Histograms of the 10m wind speed difference (a) and wind direction difference (b) between WRF simulation and surface meteo-

rological station measurements.
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Figure 7. Comparison of 566kPa-500 hPa wind speed and wind direction between WRF simulation and radiosonde measurements. Figures
(a) anb-and (b) are the comparison at 2011-06-02 00:00 UTC; Figures (c) and (d) are at 2011-06-02 12:00 UTC; and Figures (e) and (f) are
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Figure 8. Comparison between 0gco2/0kco2 calculated by finite difference (x axis) and tangent linear model (y axis) for nine seurees-source

cell locations (see Fig. 3 for source locations).
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Figure 10. Adjoint sensensitivities calculated by the WRF-CO2 adjoint model. The top panel shows adjoint sensitivity of receptors placed

at the 1% (a), and 10" (d) vertical level at Centerville, Iowa. The bottom panel shows adjoint sensitivity of receptors placed at the 1* (c), and

10™ (d) vertical level at WLEF, Wisconsin. The black cross in each figure marks the corresponding tower site.
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Figure 11. Baekward-Footprints calculated using HYSPLIT backward trajectories ef-particlesreleased-frem-and CarbonTracker biospheric
fluxes for the tower sites at Centerville, lowa and WLEF, Wisconsin. The tewersites-receptor locations are marked-with-red-erosses—Adt

the same as in time-for24-hoursFig. Figures{a)-and-(e)-are-10.

Each HYSPLIT footprint is plotted in the
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Figure 12. The first guess ofbiosphere CO; fluxes used in the two inverse modeling experiments. The x-axis is true daily mean CarbonTracker

biosphere CO> value (as shown in Fig 4), and y-axis is the first guess (background value). The solid line in each figure is the 1:1 line.
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Figure 13. Results of inverse modeling experiment Case 1. Figure (a) shows the reduction of the cost function, represented by J(z™)/J (x?).

Figure (b) shows the reduction of the gradient norm, represented by ||V.J(z")] / HVJ () H Figure (c) shows the reduction of biesphere

inovsglvlgrvi&COZ flux RMSE.
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Figure 14. Comparison between the true and optimized CO, flux by Lanczos-CG (left column) and L-BFGS-B (right column) in inverse
modeling experiment Case 1. The comparison and RMSE after the 1%, 5™, 10", 30", 50™, 70" iteration are shown in the figure. All iterations

of Lanczos-CG is-are from one outer loop.
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Figure 15. Same as Fig. +4+13, but for inverse modeling experiment Case 2.

47



Biosphere CO2 flux: optimized value(mol km ™= h™)

0 1le4

0 le4

-2e4

0 1le4

—2e4

0 led4

—2e4

0 le4

-2e4

—2e4

0 led4

—2e4

—4ed

Lanczos-CG optimization

Case 2

L-BFGS-B optimization

Iteration 1 o : Iteration 1 4B, :
RSME=1648.65 4 — RSME=1666.34 "
%0 %0
® g . LY
o b ¢l
0¥ ° oo®
o © — 9 ©
T T T T T T T T T T T T T T
Iteration 5 o8, ‘: Iteration 5 &8, :
RSME=1137.85 o 1 RSME=1290.25 o
o N o
° °
- 0
4o €3
- -
: 0° i § %50
T T T T T T T T T T T T T T
Iteration 10 2 Iteration 10 2z
RSME=787.07 - RSME=874.75
[ . [7
g o o - g o o
©,
1 T 4 &
T T T T T T — 9 T T T T T T
Iteration 30 Iteration 30
RSME=290.33 -1 RSME=427.31
. ©
T T T T T T T T T T T T T
Iteration 50 Iteration 50
RSME=150.98 1 RSME=308.04
T T T T T T ™ 9 T T T T T T
Iteration 70 Iteration 70
RSME=93.24 - RSME=187.33
T T T T T T — 9 T T T T T T
—4e4  -3e4 -2e4 -led 0 led 2e4 -4e4 -3e4 -2e4 5}64—1 0 led 2e4
Biosphere CO2 flux: true value(mol km™ h™)

Figure 16. Same as Fig. 1614, but for inverse modeling experiment Case 2.
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Table 1. A list of symbols used in this article

Cost function

Background cost function

Observation cost function

Cost function gradient

Cost function gradient norm

Cost function Hessian

Background error covariance

Observation error covariance

WRF-CO2 forward model

WREF-CO2 tangent linear model

WREF-CO2 adjoint model

Observation operator

Tangent linear observation operator

Adjoint observation operator

CO, emission scaling factor

CO, mixing ratio (dry air)

Tangent linear variable for CO, emission scaling factor
Adjoint variable for CO, emission scaling factor
Tangent linear variable for CO, mixing ratio (dry air)
Adjoint variable for CO, mixing ratio (dry air)
Prior estimate of CO, emission scaling factor
Analysis of CO, emission scaling factor

Analysis increment of CO, emission scaling factor
Observation at the k*" assimilation window

Innovation vector at the k" assimilation window
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Table 2. Summary of variable dependence analysis for developing WRF-CO2 4DVar component models on top of WRFPLUS. In the table,
an 'F’ means a full physics scheme is used in the forward model, tangent linear model, or the forward sweep of the adjoint model. An
X’ means a process is not needed for CO, treatment. A ’Dev’ means a process does not exist in WRFPLUS and has been developed for

WRF-CO2 4DVar. An ’Add’ means a process for CO; is simply added using the existing WRFPLUS code for other tracers.

Tangent linear ~ Adjoint model Adjoint model

Process Forward model model forward sweep  backward sweep
Chemistry X X X X
Photolysis X X X X
Dry deposition X X X X
Wet deposition X X X X
Radiation F F F X
Surface F F F X
Cumulus F F F X
Microphysics F F F X
Advection F Add F Add
Diffusion F Add F Add
Emission F Dev F Dev
PBL F Dev F Dev
Convective transport F Dev F Dev
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Table 3. WRF-CO2 4DVar model configuration and CO; flux used in sensitivity and inverse modeling tests.

Longwave radiation Rapid Radiative Transfer Model (RRTM)
Shortwave radiation Goddard shortwave

Microphysics Thompson

Surface layer Pleim-Xiu

Land surface Pleim-Xiu

Planetary boundary layer ~ACM2 PBL

Cumulus Grell-Freitas

CO; advection Positive-definite advection
biosphere CO, flux CarbonTracker 2016
ocean CO; flux CarbonTracker 2016

fire CO, flux CarbonTracker 2016
fossil fuel CO, flux CarbonTracker 2016
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compared against finite difference sensitivity at these sites.

Table 4. Summary of CO, tower sites. Sensitivity d¢co2/0kco2 as calculated by WRF-CO2 4DVar’s tangent linear and adjoint models is

Site Name Symbol Latitude  Longitude
Kewanee RKW 41.28°N  89.77°W
Centerville RCE 40.79°N  92.88°W
Mead RMM 41.14°N  96.46°W
Round Lake RRL 43.53°N  95.41°W
Galesville RGV 44.09°N  91.34°W
Ozarks AMO 38.75°N 92.2°W
WLEF LEF 45.95°N 9.27°W
West Branch WBI 41.73°N  91.35°W
Canaan Valley ACV 39.06°N  72.94°W
Chestnut Ridge ACR 35.93°N  84.33°W
Fort Peck AFP 48.31°N  105.10°W
Roof Butte AFC_RBA  36.46°N  109.09°W
Storm Peak Lab SPL 40.45°N  106.73°W
Argle AMT 45.03°N  68.68°W
Harvard Forest HFM 42.54°N  72.17°W
Southern Great Plains ~ SGP 36.80°N  97.50°W
Sutro STR 37.75°N  122.45°W
Hidden Peak HDP 40.56°N  111.64°W
Mary’s Peak ARC_MPK  44.50°N  123.55°W
KWKT KWT 31.31°N  97.32°W
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Table 5. Summary of inverse modeling experiment results. The reductions of cost function J(z), gradient norm ||V.J(z)||, and RMSE are

given as the ratio to their respective starting values. Results of the two experiment cases are the values after 70 iterations.

Case 1
Reductionin  L-BFGS-B Lanczos-CG
J(x) 223x107%  4.72x107*
IV I ()]l 20x107% 1.7x107?
RMSE 8.01x107% 4.19x 1072
Case 2
Reductionin  L-BFGS-B Lanczos-CG
J(x) 3.31x107% 776 x 1074
IV I ()| 4.84x107% 1.32x1073
RMSE 1.09x 107" 5.43 x 1072
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