Reviewer 1 Comments and Responses:

Cooper et al. “Effects of a priori shape assumptions on comparisons between satellite NO2
columns and model simulations” presents a case study using synthetic OMI observations
and the GEOS-Chem adjoint to show how different methods of accounting for the vertical
sensitivity of satellite NO2 measurements when comparing to model NOz2 fields affects
emissions inferred from said comparison. This paper may have been a better fit for GMD
rather than ACP, as it primarily touches on model comparison, but is also relevant to the
remote sensing community as it informs what information must be contained in satellite
products for effective model comparison, and to the broader atmospheric community for
understanding possible sources of error in constrained emissions, so ACP is also
appropriate.

I do have two concerns about the experimental design. First, | question whether using
scattering weights computed for average OMI observing geometry in a 4° x 5°grid cell is
appropriate for creating synthetic observations. Second, some of the choices for prior test
cases are not very relevant to current NO2 retrievals. | will address these more below. If the
authors can address these concerns, then this manuscript should be published in ACP.

Major concerns

Representativeness of average scattering weights

In sect. 3.2.1, line 226, the authors say: “To represent typical conditions, average scattering
weight profiles for each grid box are found by averaging scattering weights for OMI
observations during July 2010.” T have two questions about this. First, it is ambiguous
whether the mean scattering weights in question are found by averaging weights providing
in the product (implied by “...average scattering weight profiles for each grid box are found
by averaging scattering weights for OMI observations during July 2010...”) or by using the
average viewing conditions to compute the scattering weight vector for the average viewing
angles, albedo, surface pressure, etc. (implied by “...OMI scattering weights are calculated
using the LIDORT radiative transfer model (Spurr, 2002) by providing LIDORT with the
observation geometry of the OMI observations and aerosol profiles from the GEOS-Chem
base simulation...”). I’'m assuming the latter, but this could be made clearer.

Assuming that the authors calculated their own scattering weights from the average
viewing conditions, my second concern is that while this simplifies the problem of
computing synthetic observations for each model step, it may not adequately represent the
variation in OMI measurements during that time. Scattering weights depend nonlinearly
on observation geometry, so:
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where 6sis the solar zenith angle, 6, the viewing zenith angle, ¢ the relative azimuth
angle, a the surface reflectivity, psurt the surface pressure, and overlined quantities
represent grid cell averages. In other words, the vector of scattering weights corresponding
to the average observation conditions is not guaranteed to be the same as the average of
scattering weight vectors for all individual observations. Concretely, consider two
observations, one with a viewing zenith angle of 0° and one at ~ 60°. The average of these
two observations’ scattering weights is not guaranteed to be the same as for an observation
of 30°.

That being said, it may well be close enough, especially averaged over a 4°x5°grid cell. If
the authors can show that the difference between using mean scattering weights and the
mean of synthetic observations computed using individual OMI observation scattering
weights is within the measurements’ uncertainty for at least a few days of synthetic
observations, then I think that would be adequate.

Thank you for your comments. The method we use to calculate average scattering weight
profiles is to provide LIDORT with observation geometry from individual OMI observations,
and then average the resulting scattering weight profiles. We have edited the text to clarify this
procedure (Line 224):

“Scattering weights are calculated using the LIDORT radiative transfer model (Spurr, 2002)
by providing LIDORT with the observation conditions of OMI observations during July 2010,
which are used to represent typical viewing conditions of low earth orbit satellite observations,
and aerosol profiles from the GEOS-Chem base simulation. To represent typical conditions,
these representative scattering weight profiles for each grid box are used to produce the synthetic
slant columns.”

The difference between using an average scattering weight profile and using individual
observation scattering weights is indeed small when averaged over a 4°x5° grid. We now discuss
this on Line 229:

“Tests performed for all 4°x5° grid boxes used here indicate that the mean relative difference
between an air mass factor calculated using an average scattering weight profile and the average
of air mass factors using observation-specific scattering weight profiles is less than 4%.”

Relevance of prior test cases

Of the shape factor test cases described in sect. 3.2.2, the SFwop and SFgL cases are not
particularly relevant for satellite measurements. Both of the two main global OMI NO:2
retrievals (NASA SP3, Krotkov et al. 2017; QA4ECV, see Williams et al. 2016 for the NO2
profiles) use ~ 1° resolution for their NO2 profiles. Therefore, the SFsLand SFrop cases,



which assume one profile globally are not representative of any major satellite product. In
fact, the more relevant question, assuming that 4°x5°is still a common resolution for adjoint
modeling, is what happens if the satellite prior is higher resolution than the model profile.

In my opinion, a sixth test case similar to SFprior but using a set of priors from a 2°x2.5°
or 1°x1.25° GEOS-Chem simulation would add value to the paper by studying the effect of
having the satellite product’s prior at higher spatial resolution than the adjoint model.
Also, if the SFgL and SFop Cases are retained, it should be clearly stated that they represent
extreme cases that do not represent any modern NO2 product.

Thank you for this suggestion. We now include a test SFriner that uses a set of priors based on a
2°x2.5° GEOS-Chem simulation. We also note in Section 3.2.2 that the SFgL and SFop Ccases are
extreme cases that do not represent any modern NO- product (Line 264):

“The SFgL and SFop tests do not represent any modern retrieval algorithms, but are used as
extreme examples of using an a priori that assumes no spatial variability”

Other primary concerns

e Insect. 3.2, line 210, the authors say that they use one observation per grid box per
hour. But OMI will only observe a given location twice per day, maximum, and
usually only once per day at about 13:30 local standard time. Are you then filtering
these once-per-hour observations down to the ones OMI would actually observe?

OMI viewing geometries are used here only as an example of typical viewing geometries
of low earth orbit satellite instruments for the scattering weight calculations. The synthetic
observations used here are not meant to be synthetic OMI observations or represent the
spatial or temporal sampling of OMI. We have clarified this in the text at line 224 as
previously noted:

“...by providing LIDORT with the observation geometry of OMI observations during July
2010, which are used to represent typical viewing geometries of low earth orbit satellite
observations, and aerosol profiles from the GEOS-Chem base simulation.”

e I don’t follow Eq. (20). Specifically why nashows up on the right hand side. Given
that:
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then to compute M(nm) given A(na) you only need to multiply A(na) by M(na) to
extract the necessary scattering weights:
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I don’t think you need na to compute M(nm) as long as M(na) is included in the satellite
data (both the NASA SP3 and QA4ECV OMI NO:2 products include the tropospheric
AMFs), and given only the AKs and prior profile, it would be difficult if not
impossible to compute M(na). That means the statement on line 320 about needing the
a priori profiles in the dataset is incorrect.

Thank you for noticing the error in Equation 20. The na term on the right hand side should
indeed be nm. The text at line 341 has been adjusted accordingly:

“This is most straightforward when scattering weights (rather than averaging kernels) are
provided alongside retrieved column data, as scattering weights and shape factors are
independently calculated, however simulation-based air mass factors can be calculated
using the averaging kernel and a priori-based air mass factor via Eq. 19.”

Minor corrections

e For Eq. (8), it would be good to make clear that A(z) is the column averaging kernel
and therefore a vector, since in Rodgers and Conner, the capital A is typically the full
AK matrix. But I agree that following the convention in Eskes and Boersma (2003) is
best.

We now clarify that A(z) is the column averaging kernel on Line 109.

e Eq. (9) doesn’t seem to be used anywhere else in the paper, and technically is
inconsistent with the implicit definition of w(z) in Eq (8). Recommend removing Eq.

(9).



This equation has been removed.

e In Eq. (17) and Eq. (18) it’s unclear what is being summed. Recommend using |
subscripts to make clear what terms are iterated in the sum.

This has been changed.

e On line 198 in sect. 3.1, the authors say that A is computed using either Eq. (12) or
(17). Given that much of sect. 2 was spent establishing that these two equations differ,
this should be clarified. If I understood correctly, which equation is used effectively
depends on which shape factor was used for a given test. If so, | recommend saying
that explicitly.

This is now explicitly stated on line 193: “(A, from either Eq. (11) if using a
simulation-based air mass factor or Eq. (16) if using the retrieval a priori-based air mass
factor)”

» For the different shape factors, have you considered the impact of profiles simulated
by a model with systematically, rather than randomly (as in SFnz0), different
emissions?

Thank you for this suggestion. We now include a test SFitfem that considers a priori
profiles simulated by a model with systematically different emissions.
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Reviewer 2 Comments and Responses:

This manuscript addresses an interesting feature of sensitivity of NOx emission inversions
to a priori profile shape assumptions in AMF of satellite NO2 columns. Authors conclude
“As the difference between the simulated profile shape and the a priori profile shape
increases, so do the corresponding assimilated emission errors”. In the discussion section,
however, the authors indicate that the adjoint inversion is less sensitive to vertical
representativeness errors in cases where emissions are poorly constrained. It is noted that
choice of AMF will become increasingly important to adjoint inversions as emission
inventories improve. The manuscript delivers some new and intriguing messages to satellite
and air quality modeling community. I think the manuscript is well written. The
introduction and revisit of AMF and averaging kernel are neat and helpful. There are some
parts that need further investigation and explanation. Hope the authors revise and improve
the manuscript before final publication.

Thank you for your comments. We address the specific comments below.

Major point Line 304-310: the manuscript deals with the “truth” emissions that deviate
only 5% from the original anthropogenic NOx emissions. Here, it is written that the tests
using random 15% or 30% perturbations to emissions were insensitive to the AMF. In real
cases, NOx emission inventory errors are quite large (> 30%). Do the authors mean that
choice of a priori shape factor is not important for most of real emission study cases?
Please show the results from the random 15% or 30% perturbation tests (or other new
cases if possible) and discuss more on applications to the real world problems (e.g., Qu et
al., 2017).

Results from the random 30% perturbation tests are now included in the Results section.

We now clarify in the conclusion that our results show that recent emission study cases
are likely insensitive to the AMF (Line 330):

“This indicates that while the adjoint cost function is mathematically dependent on the
AMF, the inversion is less sensitive to vertical representativeness errors in cases where emissions
are poorly constrained, as is the case in recent adjoint inversion studies (e.g. Qu et al., 2017).
However, choice of AMF will become increasingly important to adjoint inversions as emission
inventories improve.”

Minor points 1. Examples of inconsistent a priori shape factor: 1 do not think these days
retrieval groups use SF_BL, SF_Trop type a piori. In the abstract, up to 80% increased
error is based on this choice. | am not sure if readers need to take this number seriously.

We clarify in Section 3.2.2 that the SFBL and SFtrop tests are extreme cases that do not
represent typical retrievals (Line 264):

“The SFgL and SFop tests do not represent any modern retrieval algorithms, but are used as
extreme examples of an a priori that assumes no spatial variability.”



We also changed the value cited in the abstract to 30%, representing the error of the more
realistic test cases.

2. Line 274-276: 1 am not sure what these mean.

We have replaced these statistics with root mean square differences, which more clearly describe
the difference between the a posteriori emissions from the SFy and the other tests.

3. Line 288-292: Examination of the mathematical frameworks behind two common
methods for comparing simulated and retrieved columns highlights how the method
introduced by Palmer et al. (2001) facilitates separation of observations sensitivity
(scattering weights) from the profile shape (shape factor) enabling the model-retrieval
comparison to be independent of a priori profile assumptions. In the last part, model-
retrieval comparison to be independent of a priori. . .It is confusing because the main
conclusion of the manuscript is that the model-retrieval comparison is not independent of a
priori (in certain cases).

The mathematical framework outlined in Section 2 shows that indeed any model-retrieval
comparisons is dependent on the prior. One conclusion in the manuscript is that the 4D-Var
assimilation process, while mathematically dependent on the prior, is not sensitive to the prior
under some conditions. We have clarified this by adding Table 2 which indicates how the model-
retrieval comparisons are affected by the a priori profile, and by adjusting the discussion to
clarify this distinction (Line 326):

“Inversion tests performed using synthetic observations based on random 30% perturbations to
emissions were insensitive to the AMF, despite large differences in a priori vertical column
densities. In these tests, the adjoint cost function was more sensitive to the larger difference
between the observed and simulated slant columns (i.e. Qsm- Qs in Eq. (13) and (19)) than to
AMF. This indicates that while the adjoint cost function is mathematically dependent on the
AMF, the inversion is less sensitive to vertical representativeness errors in cases where emissions
are poorly constrained...”

4. Line 307: Add “s” in the subscript.
This has been corrected.

5. Line 315-Line 320: It is good to emphasize these again. But | believe that retrieval groups
are already doing this. It might be good to mention various data supported by the retrieval
groups.

Some retrieval data products do include scattering weights, but not all of them. However, we feel
it is best to emphasize this as a general recommendation without singling out any particular
retrieval groups.

6. Can the posteriori NOx emission difference (%) for highly polluted cases be shown in
Table 2? This type of results will also be useful for higher perturbation cases.

Percent differences were not included in Table 2 for clarity. However, we now include mean
“true” emission values in the captions to allow the reader to make such comparisons if desired.

7. Is the number of iterations of 4D VAR assimilations for all the test cases the same? How
many iterations are requited for the tests?



We now mention the number of 4D Var iterations on Line 198: “Tests performed here required
20-30 iterations to minimize the cost function.”

8. Is there a possibility that model spatial resolutions affect the results?

The mathematical framework outlined in Section 2 presents the main point of the paper, which is
that consistency between simulated profiles and shape factor profiles used to calculate AMFs is
essential. This is true regardless of model resolution. We now include a test where the a priori
profile is generated by a higher resolution model (GEOS-Chem run at 2x2.5 resolution). This test
further supports the main conclusion of the paper. From Line 316:

“The SFiner test indicates that using a higher resolution model to generate a priori profiles does
not provide an advantage in simulation-observation comparisons, as consistency between the
simulation profile and the AMF shape factor is of greater importance.”
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Abstract

A critical step in satellite retrievals of trace gas columns is the calculation of the air mass factor
(AMF) used to convert observed slant columns to vertical columns. This calculation requires a
priori information on the shape of the vertical profile. As a result, comparisons between satellite-
retrieved and model-simulated column abundances are influenced by the a priori profile shape.
We examine how differences between the shape of the simulated and a priori profile can impact
the interpretation of satellite retrievals by performing an adjoint-based 4D-Var assimilation of
synthetic NO2 observations for constraining NOx emissions. We use the GEOS-Chem Adjoint
model to perform assimilations using a variety of AMFs to examine how a posteriori emission
estimates are affected if the AMF is calculated using an a priori shape factor that is inconsistent
with the simulated profile. In these tests, an inconsistent a priori shape factor increased root

mean square errors in a posteriori emissions estimates by up to 380% for realistic conditions

over polluted regions. As the difference between the simulated profile shape and the a priori
profile shape increases, so do the corresponding assimilated emission errors. This reveals the
importance of using simulated profile information for AMF calculations when comparing that

simulated output to satellite retrieved columns.

1. Introduction
Satellite observations provide a wealth of information on the abundance of trace gases in

the troposphere (Fishman et al., 2008). The next generation of satellite instruments, including the
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upcoming geostationary constellation of TEMPO (Chance et al., 2013; Zoogman et al., 2017),
Sentinal-4 (Bazalgette Courréges-Lacoste et al., 2011; Ingmann et al., 2012), and GEMS (Bak et
al., 2013; Kim, 2012), will provide information on NO> and other air quality relevant pollutants
on unprecedented spatial and temporal scales. Insight into processes that affect atmospheric
composition, including emissions (Streets et al., 2013), lifetimes (Fioletov et al., 2015; de Foy et
al., 2015; Laughner and Cohen, 2019), and deposition (Geddes and Martin, 2017; Kharol et al.,
2018) can be gained by interpreting this information with atmospheric chemistry models.

There are three main stages in retrieving trace gas abundances from ultraviolet and
visible solar backscatter radiance measurements: calculating a light-path “slant column” by
fitting observed spectra to known spectral signatures of trace gases, removing the stratospheric
portion of the column, and converting the slant column to a vertical column density using an air
mass factor (AMF). AMFs are calculated using a radiative transfer model and are a function of
viewing geometry, surface reflectance, clouds, and radiative transfer properties of the
atmosphere. AMF calculations also require an a priori estimate of the trace gas vertical profile
and are sensitive to the profile shape (Eskes and Boersma, 2003; Palmer et al., 2001).
Uncertainties in AMF calculations are the dominant source of uncertainty in satellite NO>
retrievals over polluted regions (Boersma et al., 2007; Martin et al., 2002) largely due to
sensitivity to surface reflectance, clouds, aerosols, and a priori profile information (Lorente et
al., 2017).

Boersma et al. (2016) highlighted the issue of representativeness errors in comparing
model simulated values with UV-Vis satellite-retrieved columns. Vertical representativeness
errors arise from the satellite’s altitude-dependent sensitivity due to atmospheric scattering and
can degrade the quality of model-measurement comparisons beyond errors that arise from either
modeling or measurements alone. A consistent accounting of the altitude-dependent sensitivity is
necessary to limit these errors.

Two common methods are used to account for vertical representativeness. In one method,
observed slant columns are converted to vertical columns using an air mass factor calculated
with scattering weights to represent instrument vertical sensitivity and shape factors to represent
the vertical profile (Palmer et al., 2001). Another commonly used method employs an AMF
provided with the retrieval to convert slant columns to vertical columns, and then applies an

averaging kernel to the simulated profile to resample the simulated profile in a manner that
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mimics the satellite vertical sensitivity (Eskes and Boersma, 2003). In this method both the
averaging kernel and the retrieval AMF are calculated using an a priori NO> profile that may
have a different shape than the simulated profile, which may introduce errors in the observation-
simulation comparison (Zhu et al., 2016).

A common application of comparisons between satellite observed columns and model
simulations is to constrain NOx emissions (e.g. Ding et al., 2018; Ghude et al., 2013; Lamsal et
al., 2011; Martin et al., 2003; Vinken et al., 2014). One such approach is the use of four-
dimensional variational (4D-Var) data assimilation, which seeks to minimize a cost function that
accounts for the difference between simulated and retrieved values. As the cost function is a
difference between observed and simulated NO> columns, it is susceptible to vertical

representativeness errors resulting from inconsistent a priori vertical profile information. Stueties

In this work we examine how a priori profile assumptions impact satellite-model

comparisons and use the GEOS-Chem adjoint as a case study to assess how this impact can
affect the interpretation of satellite observations. Section 2 provides the mathematical framework
for AMF calculations and satellite-model comparisons. Section 3 describes the adjoint model and
synthetic observations for the case study. Section 4 discusses the results.

2. Mathematical frameworks
2.1 AMFs and averaging kernels

The air mass factor translates the line-of-sight slant column abundances (€s) retrieved
from satellite observed radiances into vertical column abundances (Qv). An air mass factor is the
ratio of Qs to Qv and depends on the atmospheric path as determined by geometry, NO> vertical
profile (n), surface reflectance, and radiative transfer properties of the atmosphere. Here we use

M(n) to represent an air mass factor derived using the vertical number density profile n:

Moy = 2 (1)
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In the method described by Palmer et al. (2001), a radiative transfer model is used calculate
scattering weights w(z) (also known as box air mass factors) which characterize the sensitivity of

backscattered radiance Is to the abundance of a trace gas at altitude z:

w(z) = — 1 %z 0In(Us) (2)
Mg aeff ot

where o4 is the temperature-dependent absorption cross section (m? molec™), e is the effective
(weighted average) absorption cross section (m? molec®) and o is the incremental trace gas
optical depth. Mg represents a geometric path correction accounting for the satellite viewing
geometry:

M; = secH, + secf (3)
where @ is the solar zenith angle and 6, is the satellite viewing angle. This information is then

combined with an a priori NO2 shape factor (i.e. normalized vertical profile)

n(z) (4)
Ay

typically calculated with an atmospheric chemistry model to provide an air mass factor via:

S(z) =

tropopause (5)

M(n) = f w(z)S(z)dz

0
where S(z) is calculated using vertical profile n(z). An attribute of the formulation of Palmer et

al. (2001) is the independence of atmospheric radiative transfer properties w(z) and the vertical
trace gas profile S(z). The AMF definition in Equation (1) combined with Eq. (4) indicates that a

slant column can be calculated from a known vertical profile via:

0. = J-tropopausew(z)n(z)dz (6)
0

In an alternative formulation, the air mass factor is represented as part of an averaging
kernel. As formulated by Rodgers and Connor (2003), the averaging kernel (A) provides the

information needed to relate the retrieved quantity 7 to the true atmospheric profile n:

n—n,=An-n,) (7)

where na is an assumed a priori profile of number density. The elements of the column
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averaging kernel are related to the scattering weights by:

w(z) (8)
M(n,)

where M(na) is an air mass factor calculated using a priori vertical profile information. It is

A(2) =

important to note that unlike scattering weights, averaging kernels depend on the a priori

assumed vertical profile shape.

A lexicon is given in Table 1 as notation used to describe these treatments has varied

across the literature. We choose M for air mass factor as a single letter is clearer in equations, w
for scattering weights to maintain the original formulation of Palmer et al. (2001), n for number
density following IUPAC recommendations, and Q for column densities as is common in
radiative transfer literature.

Figure 1 shows examples of typical shape factor, scattering weight, and averaging kernel
profiles for a range of atmospheric conditions. NO> shape factors have significant variability;
Shape factors peak near the surface in urban regions due to local pollution sources, but peak in
the upper troposphere in more remote regions due to lightning. The shape of a scattering weight
profile depends strongly on surface reflectance and cloud conditions. Sensitivity in the lower
troposphere increases over reflective surfaces. Clouds increase sensitivity above due to their
reflectance but shield the satellite from observing the atmosphere below. Averaging kernels have
similarities with scattering weights but depend on both the shape of the prior and the satellite
sensitivity. As AMF calculations are a convolution of the shape factor and the scattering weight
profiles, these shapes affect NO: retrievals. For these examples, the AMF for a clear sky
observation with surface reflectance of 0.01 can range from 0.7 in an urban region to 1.7 in a
remote region. This large difference demonstrates the importance of the assumed profile shape to

the retrieval process.

2.2 Comparing satellite observations to simulated values
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The following section expresses mathematically how satellite-model comparisons are made

using various a priori profiles.

2.2.1 Using scattering weights
Following Palmer et al. (2001), a retrieved vertical column (Q,,,) is estimated using an
observed slant column Qs, and a simulation-based air mass factor M(nm), which can be

calculated with Eq. (5) using the model-simulated NO> profile (nm):

_ Qs0 (926)
Qv,o =
M(ny,)

The difference Am between the estimated retrieved column and the model-simulated vertical
column (Qv,m) is:
Am = -Qv,m

- ﬁv,o
A = <Z:ropopausenm) B Mgz;‘:n) (112)

Equation (112) describes how this comparison is used in practice. However, we can rearrange

(10)

this expression in terms of model (sm) and observed (s,) slant columns using the definition of

air mass factor:

p = Sm _ _Sso (123)
" MMy M)

1 134

Ay = M(nm) (Qs,m - -Qs,o) ( B )

2.2.2 Using averaging kernels

Comparison of simulated and retrieved columns using the averaging kernel is described
by Eskes and Boersma (2003) and in the retrieval documentation in Boersma et al. (2011). The
averaging kernel is applied to the simulated profile in order to sample the simulated column in a

manner that reflects the retrieval sensitivity:

Z tropopause (145)

Qum = An,,

0
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The resampled simulated column is then compared to the retrieved vertical column (Qv,0) using

the a priori-based air mass factor M(na) supplied with the retrieval dataset:

A, = ﬁv,m - -Qv,o (156)
A (ZtropopauseA . )Y\{-FG?%WAII B -Qs,o (167)
@ i=0 ) L o M(n,)

Equation (167) describes how this method is used in practice. To facilitate the comparison with
Eq. (134), Eq. (167) can be rewritten using an alternative formulation relating averaging kernels

to scattering weights:

A = (Z tropopause Winm,i) Y‘W&H—% Wi B -Qs,o (128)
@ i=0 M(n,) L‘Q Mg M(ng)
1 (189)
A =—(Q -0 B
a M(na) ( s,m S,0

By comparing Eq. (134) to Eq. (189), it is evident that the underlying difference between the two
approaches is the choice of a priori profile information used to calculate the AMF, as the
averaging kernel method is not independent of a priori profile assumptions. This bias could be
addressed by replacing the a priori -based AMF in Eqg. (18) with a simulation-based AMF using
the following relationship (Boersma et al., 2016; Lamsal et al., 2010):

LAng, (1920)
XMy

It should be noted that both the averaging kernel and scattering weight methods are

M(ny,) = M(n,)

equivalent for comparisons that examine ratios of retrieved and modeled columns:

— Q5,0 (20%)
r = Q‘v,o _ M(nm) _ 'Qs,o Z n, _ 'Qs,o
" Qum XNy LN XWny Y Why,
Qs Qs,0 (212)
o M(n,) _ Mmng) _ Qo

Oy AN, Twn,/M(n,)  Xwng

For ratios, both methods are dependent on geophysical assumptions used to calculate scattering

weights but are independent of a priori profile information. Lastly, some studies (e.g., Buscela et
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al., 2013: Qu et al., 2017) may directly assimilate slant column densities rather than vertical

column densities using

As,a = ﬁs,m - Qs,o @

tropopause (23)
= (Z 0 Winm,i> - Q's,o

i=

This approach is also still dependent upon the scattering weights but not upon external a priori

profile information. Overall, the choice of approach may be influenced by whether or not

scattering weights are available from either the NO» retrieval product or radiative transfer

calculations applied to the model. In contrast, use of Eq. (11) or (16) are applicable when these

are not explicitly available or provided.

3. Tools and Methodology
3.1 GEOS-Chem and its adjoint

The GEOS-Chem chemical transport model (www.geos-chem.org) is used to create
synthetic NO observations and for their analysis. The GEOS-Chem version used here is version
35j of the GEOS-Chem Adjoint model. GEOS-Chem includes a detailed oxidant-aerosol
chemical mechanism (Bey et al., 2001; Park et al., 2004) and uses assimilated meteorological
fields from the Goddard Earth Observation System (GEOS-5), with 47 vertical levels up to 0.01
hPa and a horizontal resolution of 4°x5°. Global anthropogenic NOx emissions are provided by
the Emission Database for Global Atmospheric Research (EDGAR) inventory (Olivier et al.,
2005) with regional overwrites over North America (EPA/NEI99), Europe (EMEP), Canada
(CAC), Mexico (BRAVO, (Kuhns et al., 2005)), and East Asia (Streets et al., 2006). Other NOx
sources include biomass burning (GFED2 (Van der Werf et al., 2010)), lightning (Murray et al.,
2012), and soils (Wang et al., 1998). This model has been used previously to constrain NOx
emissions (Cooper et al., 2017; Henze et al., 2009; Qu et al., 2017, 2019; Xu et al., 2013; Zhang
etal., 2016).

The GEOS-Chem adjoint (Henze et al., 2007, 2009) is used here to perform a 4D-Var
data assimilation. The adjoint seeks to iteratively minimize a cost function generally defined by

the difference between satellite retrieved and simulated columns (A, from either Eq. (112) if
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using a simulation-based air mass factor or Eq. (16%) if using the retrieval a priori-based air

mass factor):

1 1
J =5ATS5 A+ S yR(E — Eq)'S5" (E — Eo) (242)

where E and E, are the a posteriori and a priori emissions, Soand Sg are the retrieval and a
priori emission error covariance matrices, and yr is a regularization parameter that allows for

weighting the cost function towards the retrieved columns or a priori emissions. Tests performed

here required 20-30 iterations to minimize the cost function.

3.2 Experiment Outline

In this study we perform 4D-Var data assimilation experiments to infer surface NOx
emissions using synthetic NO> observations. We use synthetic observations built from a-known
emission inventoriesy to provide a “truth” that can be used to evaluate the inversion results. To

demonstrate how a priori profile information can propagate in an assimilation, we use either the

A one-week spin-up window at the start of each adjoint iteration is used to allow NOx to reach

steady state. Observation error covariances So are described as a relative error of 30% of the slant
column density, plus an absolute error of 10* molecules cm, which is representative of typical
satellite retrieved NO> column uncertainties (Boersma et al., 2007; Martin et al., 2002). We omit
the a priori emissions constraint in the cost function (i.e. set yr=0) to isolate the impact of the

observations.

3.2.1 Synthetic observations
Synthetic observations (Obss) are created using a GEOS-Chem simulation where random
Gaussian noise with a standard deviation of 5% is added to the anthropogenic NOx emissions.

Additional tests using observations where noise with a standard deviation of 30% is added

(Obssp) are also used. No additional noise is added to the individual observations to isolate the

impact of AMF errors against- additional sources of uncertainty. Figure 2 shows the standard (a
priori) anthropogenic NOx emissions and the changes used to create the “true” emissions for the

synthetic observations.
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For these tests, we use one observation per hour per 4°x5° grid box for a period of two

weeks in July 2010. Observations consist of synthetic slant columns (Qs,) created by applying

scattering weights to the synthetic vertical profiles using Eq. (6). Fo-represent-typical-conditions;

Q ala Q NO-\A alal llalda Q alalla) alla A _NO ‘alllalala alal Q alaRV.V/al
ci v v v vapw v v v vAw O v, v v v v

for OMI-observations-during-Juhy-2010-OMI-sScattering weights are calculated using the
LIDORT radiative transfer model (Spurr, 2002) by providing LIDORT with the observation
geometry-conditions of-the OMI observations during July 2010, which are used to represent

typical viewing geemetriesconditions of low earth orbit satellite observations, and aerosol

profiles from the GEOS-Chem base simulation. To represent typical conditions, averagethese

representative scattering weight profiles for each grid box are used to produce the synthetic slant

columns. Tests performed for all 4°x5° grid boxes used here indicate that the mean relative

difference between an air mass factor calculated using an average scattering weight profile and

the average of air mass factors using observation-specific scattering weight profiles is less than
4%.

3.2.2 Shape Factors

To test the impact of a priori profile information, five-seven different tests are performed

using five-seven different NO profile shapes for AMF calculations:

e Case SFm: The GEOS-Chem model simulated profile (nm), updated at each iteration
of the adjoint run

e Case SFprior: The a priori GEOS-Chem simulated profile, without updating.

e Case SFn30: An a priori profile created by a GEOS-Chem simulation where global
anthropogenic NOx emissions were perturbed with random Gaussian noise with a
standard deviation of 30%. In cases where this results in negative emissions, a value
of zero is used.

e Case SFyifem: An a priori profile created by a GEOS-Chem simulation where regional

emission overwrites are turned off.

e Case SFiiner: An a priori profile created by a GEOS-Chem simulation run at finer

(2°x2.5°) resolution.

e Case SFwop: An a priori profile that assumes the NO- profile shape is uniform from
the surface to the tropopause (~200 hPa).

10
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e Case SFgL: An a priori profile that assumes the NO- profile shape is uniform from the

surface to the boundary layer (~800 hPa).

An advantage of using scattering weights and the simulated shape factor in a 4D-Var framework
is that it allows for the shape factor, and thus the AMF, to be updated at each iteration. When a
priori profiles from an external source are used it is not possible for them to update during the
inversion. The SFm and SFprior Cases wit-test the impact that iterative updates to the AMF wikt
have on a posteriori estimates. The additional cases wiH-test for the impact of using an averaging
kernel based on a priori profile assumptions that are inconsistent with the model. In practice,
averaging kernels and a priori profiles included in retrieval data sets are generally derived from
chemical transport models that have different physical processes, emissions, or spatial
resolutions. The SFn30 and SFqitrem tests is-are representative of -an-inversions that uses a priori
profile information from a different chemical transport model with similar resolution but

different emissions. The SFiiner test represents an inversion that uses a priori profiles with-from a

chemical transport model with a different horizontal resolution. The SFgL and SFirop tests do not

represent any modern retrieval algorithms, but are used asare extreme examples of using-an a
priori thatbased-en-a-coarserreselution-medelas-both-tests assumes no spatial variability. The
SFgL profile is representative of polluted regions as indicated by the typical urban profile in Fig.

1, while the SFop profile is representative of a typical rural profile. Table 2 provides global

mean AMFs for these test cases, which range from 1.3-2.1, and the resulting global mean

observed vertical columns, which range from 8.50.9-14..5 x 10 molec/cm?. Global mean

‘observed’ vertical columns are 33% higher for SFoxs than for SFu, and up to 66% higher for

SFgL. Global mean ‘observed’ vertical columns for SFns0 and SFditrem are similar to SFw, although

individual observations may differ by up to 18% for SFn30 and 28% for SFitfem.

4. Results

Figure 3 shows root mean square errors (RMSE) for the a posteriori emissions estimated

by the 4D-Var assimilations of Obss synthetic observations-tests. All tests successfully reduce
the a priori emission error by an order of magnitude or more. The SFm has the lowest RMSE

indicating that it can best estimate the “true” emissions. The next lowest RMSE is for the SFprior

11
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test, which uses the same initial model shape factor but does not update during the adjoint
iterations, followed by the SFtineraxes, SFditrem, SFn30, SFtrop, and SFg tests.

Figure 4 shows maps of the difference in RMSE between the SFw test and the other tests
for Obss observations. The SFw test has a lower RMSE than the other tests in 65-72% grid boxes

where the difference is nonzero. Again, the SFprior test is closest to the SFwm test with a mean
abseluteroot mean square difference of 6x10°-2.9x10” molec/cm?/s, followed by-SFqao {7x10°
molec/em?/s); SFrineraes (3.6x107 molec/cm?/s), SFn3o (3.8x10” molec/cm?/s), SFittem (4.0x107
molec/cm?/s), SFirop, (7.843%107° molec/cm?/s), and SFg. (9.046x10°° molec/cm?/s).

Table 32 summarizes additional error statistics focused on grid boxes with significant

emission sources. Errors in a posteriori emission estimates are correlated with the “true”

emissions in the SFyop and SFnao tests, and weakly correlated in the SFgL, SFprior, and SFdiffem

tests, indicating that these tests are not well constraining the emissions. Differences between tests
are more significant over polluted regions where AMF errors are more influential; For example,
in the regions with the highest NOx emissions, RMSE values indicate SFm outperforms SFnso by
30% and SFop by >80%. Another sign of adjoint inversion quality is a low variance in errors.
While the posterior error is reduced relative to the a priori error in all tests, error standard
deviations are 30% higher for SFn30 and 90% higher for SFiop compared to SFwm. The global
maximum error for the SFop test is 30% higher than for the SFm test. All metrics indicate that
the SFwm test best represents the “true” emissions.

Tests using Obssg observations and the SFm and SFirop Shape factors were also performed.

Despite the difference between a priori observed vertical columns using these shape factors as

indicated by Table 2, these assimilations produced similar a posteriori results, with RMSE of

2.9x108 molec/cm?/s for SFum and 2.8x10® molec/cm?/s for SFirop.

5. Discussion & Conclusions

Accounting for the vertical profile dependence of satellite observations is essential to
accurately interpret those observations. This work examines how the choice of shape factor
affects differences between simulated and satellite-retrieved quantities in a 4B-\/ardata
assimilation framework. Examination of the mathematical frameworks behind two common
methods for comparing simulated and retrieved columns highlights how the method introduced

by Palmer et al. (2001) facilitates separation of observation sensitivity (scattering weights) from

12
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the profile shape (shape factor) enabling the model-retrieval comparison to be independent of a
priori profile assumptions.

In these case studies, vertical representativeness errors were best reduced by using a
shape factor that was consistent with the model simulation. This was especially true in polluted
regions where the AMF errors dominate observation uncertainties, as deviations between the
tests were largest in these regions. The further the shape factor deviated from the model state the

larger the inversion errors became, as indicated by Fig. 5. The SFrineraxes test indicates that using

a higher resolution model to generate a priori profiles does not provide an advantage in

simulation-observation comparisons, as consistency between the simulation profile and the

AMUEa priori shape factor is of greater importance. Comparing the SFm and SFprior tests shows

that allowing for the shape factor to update during the iterative adjoint process further reduces
the RMSE by 10%. However, even without allowing for shape factor updates, using a shape

factor that is consistent with the initial model state produces a more accurate inversion result

than using other assumed profile shapes.

The case study presented here demonstrates that the shape factor source can have a strong
influence on adjoint inversion results. However, the magnitude of this influence can vary.
Additienal-Inversion tests performed using synthetic observations butt-based onusing random
15%-6r-30% perturbations to emissions (rather-than-the 5% perturbation-used-here}-were

insensitive to the AMF, despite large differences in a priori vertical column densities. In these

tests, the adjetnt-cost function was more sensitive to the larger difference between the observed
and simulated slant columns (i.e. Qs mm - €o-Qs in EQ. (13) and (198)) than to the AMF. This
indicates that while the adjeint cost function is mathematically dependent on the AMF, the

inversion is less sensitive to vertical representativeness errors in cases where emissions are

poorly constrained, as is the case in recent adjoint inversion studies (e.g. Qu et al., 2017).;

HoweverConversehly, choice of AMF will become increasingly important to adjoint inversions as
emission inventories improve. Furthermore, omitting the a priori emissions constraint in the cost
function and omitting noise in the observations in these tests to isolate the impact of the AMF
effectively assumes poorly constrained a priori emissions and ideal observations. In practice,
cost function sensitivity to AMF choice may be buffered when a priori emissions uncertainties
and observational noise are considered.

As it is beneficial for a consistent shape factor to be used when comparing satellite

13
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retrieved values to model simulated results, it will be useful for data products to provide the
information required for this method to the user community. This is most straightforward when
scattering weights (rather than averaging kernels) are provided alongside retrieved column data,
as scattering weights and shape factors are independently calculated, however averagingkernels

datasetsimulation-based air mass factors can be calculated using the averaging kernel and a

priori-based air mass factor via Eq. 19.

In summary, when comparing a model simulation to a satellite retrieved NO, column in a

4b-\ardata assimilation environment utilizing column differences, calculating the AMF using

the simulated shape factor allows for better accuracy in inversion results. This demonstration can
provide general guidance for other methods of interpreting satellite observations with models, as
using the simulated shape factor assures consistency in the vertical representativeness between

model and retrieval.
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561  Figure 1: (Left) Shape factor profiles from a GEOS-Chem simulation for July 2010. Shown are a
562  global average, and typical urban (Beijing), rural (Midwest USA), and remote (Tropical Pacific)
563  profiles. (Middle) Typical OMI scattering weight profiles for varying surface reflectance and
564  cloud height. (Right) Averaging kernels calculated using the same shape factors and scattering
565  weights (“Clear Sky” surface reflectance is 0.01, “Cloudy” uses cloud height of 1 km).
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Figure 2 (top) Anthropogenic NOx emissions for July 2010 used in GEOS-Chem. (bottom) Ratio
of "true™ emissions used to create Obss synthetic observations to a priori NOx emissions.
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573  Figure 3: Global root mean square error (RMSE) values for 4D-Var estimates of NOx emissions
574  for tests using various shape factors in AMF calculations.
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Figure 4: Difference between root mean square error (RMSE) of adjoint tests for Obss synthetic
observations. Root mean square differences between the a posteriori emissionsMean-abselute
difference estimates (molec/cm?/s) are values-inset.
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584  Figure 5: Scatterplot of adjoint test results. X-axis represents the deviation of the shape factor
585  from the model simulated shape factor (root mean square difference). Y-axis represents the a
586  posteriori emissions error from the adjoint inversion.
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Variable Palmer et Eskes & Boersma et al., Notation

al., 2001 Boersma, 2016 used here
2003
Air mass factor AMF M M M
Slant Column Qs S Ns Qs
Vertical Column Qv \Y/ Nv Qy
Scattering Weight w(z) Ci mi W
Shape Factor Sz(2) S(2)
Averaging Kernel A A A
Number density n(z) X X n(z)
Geometric AMF AMFc Mg
589  Table 1: Lexicon comparing notation used in this paper to that used in previous studies.
590
591
592
593
Test Shape factor source Air Mass Synthetic observation (Obss) vertical
name Factor column density (x10* molec/cm?)
(unitless)
Global Mean  Global Mean Maximum
(x10*® molec/cm?) difference from
SFm (%
SFm Model 2.1 0.9 -
SFn30 Model w/ 30% noise 2.1 0.9 19
SFdiffem Model w/ different 2.1 0.9 28
emissions
SFiiner2xes  Model at finer 1.6 1.2 23
(2°x2.5°) resolution
SFtrop Uniform in 1.8 1.0 57

troposphere
Uniform in boundary

layer

%2}
M
o

=

[EEN
w
-
o1
N
\‘

594  Table 2: Global mean air mass factors and synthetic observation vertical column density for

595  shape factors tested here.
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596

29

Test Shape Correlation (r) a posteriori RMSE Error standard deviation Maximum
Name  Factor of a posteriori (x108 molec/cm?/s) (x108 molec/cm?/s) error (x10°
| Source RMSE error and molec/cm?/s)
“true” emissions
if “true” “tl’ue” “tl’ue” “true” “tI’ue”
emissions emissions emissions emissions emissions
> 1010 > 1010 > 1011 S 1010 > 1011
molec/cm?/s molec/cm?/s  molec/cm?/s  molec/cm?/s  molec/cm?/s
SF Model 0.063" 1.8 3.0 1.8 2.9 1.6
SFior  a priori 0.1103" 2.0 3.2 2.0 3.3 1.6
SFlso  Model w/ 0.216 2.1 3.9 2.1 3.8 1.8
30% noise
SFjitem  Model w/ 0.13 2.0 3.6 2.0 3.7 1.9
different
emissions
SFiiner  Model at 0.05* 2.1 3.2 2.1 3.2 1.8
finer
(2°x2.5°)
resolution
SFop Uniform in 0.6839 2.8 5.6 2.8 55 2.1
troposphere
SFgL  Uniform in 0.1768" 2.8 4.6 2.8 4.6 1.9
boundary
layer
597  Table 32: Summary of error statistics for adjoint tests. Values marked * indicate that correlation
598 is not statistically significant (p>0.05). For comparisons, mean “true” emissions for grid boxes
599  with emissions>10*° molec/cm?/s is 4.9x10%°, and mean “true” emissions for boxes with
600 emissions>10* molec/cm?/s is 1.6x10'* molec/cm?/s.



