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Abstract: We applied the parametric variance Kalman filter (PvKF) data assimilation designed in
Part I of this two-part paper to GOSAT methane observations with the hemispheric version of CMAQ
to obtain the methane field (i.e., optimized analysis) with its error variance. Although the Kalman
filter computes error covariances, the optimality depends on how these covariances reflect the true
error statistics. To achieve more accurate representation, we optimize the global variance parameters,
including correlation length scales and observation errors, based on a cross-validation cost function.
The model and the initial error are then estimated according to the normalized variance matching
diagnostic, also to maintain a stable analysis error variance over time. The assimilation results in
April 2010 are validated against independent surface and aircraft observations. The statistics of
the comparison of the model and analysis show a meaningful improvement against all four types
of available observations. Having the advantage of continuous assimilation, we showed that the
analysis also aims at pursuing the temporal variation of independent measurements, as opposed to
the model. Finally, the performance of the PvKF assimilation in capturing the spatial structure of bias
and uncertainty reduction across the Northern Hemisphere is examined, indicating the capability of
analysis in addressing those biases originated, whether from inaccurate emissions or modelling error.

Keywords: chemical data assimilation; methane; GOSAT; parametric Kalman filter; cross-validation

1. Introduction

In the first part of this study (Voshtani et al. (2022) [1], hereafter referred to as Part I),
we have developed a parametric variance Kalman filter (PvKF) data assimilation system of
atmospheric methane using GOSAT observations and the hemispheric CMAQ (H-CMAQ)
model. The formulation of the assimilation system and its verification using synthetic ob-
servations were made in Part I, demonstrating that PvKF maintains the information content
and does not rely on a perfect model assumption. This scheme computes the assimila-
tion error variance and compared with 4D-Var and ensemble Kalman filtering capable of
computing also the error variance, it is computationally advantageous. Furthermore, the
method appears to be well-adapted for long-lived species such as methane and performs
efficiently with a small number of observations, as is the case with GOSAT (i.e., <300 re-
trieval /hour). In this Part II of the study, we employ the assimilation scheme to real GOSAT
observations with the objective of producing high-quality (i.e., near-optimal) analysis by
optimal estimation of the error covariance input parameters (e.g., model error variance,
observation error variance, and background error correlation lengths). The high-quality
analysis of PvKF offers the same spatiotemporal resolution as the model both for the
optimal state estimate and for its uncertainty, expressed as an error variance.

GOSAT observations have been used for a decade to constrain methane emissions
using a variety of inverse modelling techniques. Still, significant differences between several
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studies’ results have been reported, even those using a similar dataset [2,3], implying
that the inverse analyses, both on a regional and global scale, are faced with significant
challenges. On the global scale, the challenge arises mainly from unaccounted uncertainties
of all major sinks of methane, e.g., those resulting from OH oxidation, soil uptake, and
stratospheric loss [4-10]. On the regional scale, the challenge is primarily due to inaccurate
lateral boundaries and initial conditions, which are more influential than the unaccounted
uncertainties at the global scales due to the short residence time of air (e.g., several weeks)
in a limited regional domain [11]. However, it is assumed in inverse modelling studies
such as Turner et al. (2015) [12] and Bergamaschi et al. (2018) [13] that the model forecast
of methane is perfect, and the observations and background error statistics are precisely
known. Hence, it implies that the only source of error arises from inaccurate emissions. In a
comparable study, Stanevich et al. (2019 and 2020) [14,15] accounts for model transport error
under a weak-constraint 4D-Var inversion, which partly addresses the uncertainties due to
lateral boundary inflow and the initial concentration. However, those uncertainties may
not be associated with optimal error statistics, which influence the quality of the analysis.

In this study, rather than solely correcting the emissions, we consider emission errors
as part of the modelling error. We use the GOSAT observations to estimate the methane
concentrations using an assimilation scheme that does allow for (chemical transport) model
(random) errors. The objective of data assimilation is to obtain the best representation of
methane concentration. In addition, because the estimated variables and the observed
variables are essentially the same (with the difference that the observation here is a vertically
integrated quantity), diagnostics of the assimilation residuals are useful in determining
error covariances such as the observation and the forecast model error covariance. These
error covariances are essential inputs to the PvKF and for most data assimilation schemes.

Daley (1992) [16-19] has shown that the performance of an assimilation system de-
pends on an accurate estimation of the input error covariances. The theory of estimation
of error covariances can be complex, and the procedures for doing so are limited. These
procedures revolve around assumptions that are needed to make the problem tractable. Es-
timating each component of an error covariance matrix is an insurmountable task because
there are simply not enough realizations or data that would permit independent estimation
of each element of a covariance matrix. For that reason, covariance modelling, as discussed
in Section 3.3 of Part I [1], is essential. Nevertheless, within this framework, estimating
only parameters of a covariance model (rather than the covariance matrix itself), which
achieves a (near) optimal assimilation system raises the important question on how that
can be established.

In meteorology, several techniques such as the National Meteorological Center (NMC)
lagged-forecast method [20], the ensemble of data assimilation [21], the Hollingsworth—
Lonnberg technique [22,23], the maximum likelihood method [24,25], and the Desroziers [26]
diagnostic have been used to estimate error covariances or their parameters. These statisti-
cal diagnostics are either based on innovations or assimilation residuals. They provide a
reasonably accurate estimate of the error covariances (parameters) under the assumption
that the underlying assimilation system is already nearly optimal [26-29]. In meteorology,
numerous observations are being used, and errors statistics have been tuned, so that the as-
similation system is already close to optimal. Accordingly, the estimation of the observation
error of a new observation type in meteorology can be assessed through the above tech-
niques (see the discussion in Ménard (2016) [28] or Waller et al. (2015) [27]). However, with
methane assimilation or chemical data assimilation in general, we are rarely building upon
an existing and well-proven assimilation system, but rather constructing one with little
prior information. In this context, the optimality of the assimilation system is not granted,
and needs to be established in addition to estimating the error covariance parameters.

Recently, a new estimation method has been introduced which does not rely on
the optimality of the assimilation system. The method is based on cross-validation and
the innovation covariance consistency [30,31]. First, it is shown that the cross-validation
technique estimates the true analysis error variance without the assumption of an optimal
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analysis. Then, by varying the tunable covariance parameters to obtain the minimum
analysis error variance (evaluated by cross-validation) while preserving the innovation
covariance consistency, the necessary and sufficient conditions for the estimation of the
true error covariances are met [28]. Thus, the analysis formed is nearly optimal (because
the estimation is performed on parameters rather than the full covariance matrix), and the
error statistics obtained are close to the true error statistics [31].

In this paper, the cross-validation methodology which was developed for in situ obser-
vations [31], has been extended to satellite observations and applied to estimate multiple
covariance parameters. With the PvKF scheme, the estimation of the background error
correlation, in particular correlation lengths, is quite important for obtaining an optimal
analysis [32]. However, we should note that finding the (near) optimal covariance parame-
ters results in additional assimilation runs that compound the global cost of assimilation by
a factor of (roughly) 20. The technique (and results) of obtaining the accurate covariance
parameters is an important objective of this paper. In a nutshell, we not only estimate the
methane concentration field but also determine the most accurate input error covariance
parameter values.

Finally, we note that because of the common aspects between inverse modelling and
data assimilation schemes, the estimation of data assimilation error covariances could also
be useful for the estimation of error covariances needed in inverse modelling schemes
(although we have not attempted to demonstrate this in the current study).

This paper is organized as follows. First, we present in Section 2 the background of the
theory of estimating covariance parameters, which includes the necessary and sufficient
conditions and how they are linked with the method of cross-validation. In Section 3,
we present the experimental setup and the preparation of GOSAT retrievals for the op-
timization framework, resulting in an estimate of the correlation lengths together with
observation error variance. Section 4 discusses the estimation of the modelling error and
initial error variance. In Section 5, we evaluate the analysis against several sets of indepen-
dent observations. Section 6 first presents the spatial distribution of the analysis increment
and analysis error variance and then discusses the temporal behaviour of the analysis.
Finally, conclusions are drawn in Section 7.

2. Background on the Theory of Covariance Parameter Estimation

In this section, we will review the theory of estimation of observation error covariance
(R) and background error covariance in observation space (HBH') as developed in Menard
and Deshaies-Jacques (2018) [30,31] and Menard (2016) [28]. By assuming a linear obser-
vation operator and uncorrelated observation and forecast errors, it was shown that the
necessary and sufficient conditions to estimate the true error covariances (in observation
space, i.e.,, R and HBHT) are [28]

(1) Innovation covariance consistency, i.e.,

I=T, 1)
(2) Optimality of the gain matrix, i.e.,

K=K @

The first condition (Equation (1)) indicates that the sample covariance of the Observation—
Model residuals (i.e, T = E {(O —B)(O — B)T}) is equal to the innovation covariance

computed in the assimilation algorithm (i.e., I' = HBH' + R). The second condition
(Equation (2)) expresses that the Kalman gain, K, used in the assimilation algorithm is
equal to the optimal Kalman gain, K, that is the gain that uses the true observation error
covariance and the true background error covariance. These conditions are particularly
easy to interpret in a scalar problem. In a scalar problem, the observation error covariance
is an error variance, and let its true value be denoted by ¢Z. Similarly, the background error
covariance is an error variance, and lets its true value be denoted by (Tg. Equation (1) then
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says that the variance of the Observation minus Model, var (O — B), is equal to the sum
of the true observation and true background error variances, i.e., 02 + ¢Z. In the scalar
problem, the Kalman gain depends only on the ratio of the observation error variance to
the background error variance, not their values as such. Equation (2) then says that the
Kalman gain used in the assimilation uses the ratio of the true error variances (not their
values). Thus, if the sum of error variance is the sum of the true error variances, and the
ratio of error variances is equal to the ratio of the true error variances, then it implies that,
individually, the observation and background error variances are equal to their true values.
The conditions (1) and (2) are the generalization for error covariance matrices.

However, condition (2) is nontrivial to implement, as there is no measure of what the
true Kalman gain is. Fortunately, there is an alternative formulation. It is known that the
analysis error covariance for any (arbitrary) Kalman gain can be computed as

A = (I— KH)B"(I - KH)" + KR"KT, )

where B¢ and R are the true background error covariance and true observation error
covariances, respectively. Minimizing the total analysis error variance, i.e., tr(A), with
respect to the gain matrix, in fact, yield a gain matrix that is the true Kalman gain [17]

1

argmin{tr(A)} = K = B"“H' (HB"“H' +R) =K"" )
K
Thus, we can replace condition (2) by the following condition.
(3) Optimality of the gain matrix, using
argmin{tr(A)} = K" )
K

The minimum can, in fact, be obtained using cross-validation [31]. We will detail the
algorithm shortly, but first, a few comments are needed.

The difficulty in the application of these conditions (i.e., Equations (1) and (5)) is that
we never have enough data or realization to effectively verify each matrix element of these
conditions (the K matrix in the case of condition (3), and the full innovation covariance
matrix with condition (1)). Because of this difficulty, we usually model the error covariances
with a few parameters, say a vector of parameters «, and then examine whether or not
condition (3) and the trace of condition (1) are verified with “optimal parameters values”.

In our notation, we also distinguish the error covariances that are basically defined
using the mathematical expectation in probability theory, from a statistical estimate of using
a finite sample (e.g., one hundred or less). We will denote the mathematical expectation
with E and sample mean as ( ). Thus, let us consider that the analysis error covariance,
A(«), depends on a number of covariance parameters, « = {Lj, Ly, f°,...}, where L, and
L, are the horizontal and vertical correlation lengths, and f° is a multiplicative factor for
the observation error variance (see Sections 4.3 and 4.4 of Part I [1]). The idea then is to
find the optimal values of parameters such that argmin{tr(A(«))} ~ K", Solving this

problem using a limited number of parameters Can“be done using cross-validation [31].
There are two principal classes of cross-validation techniques. One is the leave-one-out
(observations), and the other is the k-fold methodology. Here we consider the k-fold
methodology as it is easier to apply in this context. In k-fold cross-validation, we separate
the observations into k subsets of equal size. Here, we use a k-fold of 3. An analysis using
k-1 observation sets (called active observations) is compared with the remaining set of
observations, called passive observations. By comparing the passive observations with
the analysis interpolated at the passive observation sites, we construct the cross-validation
cost function,

Jo=((0-A%), ©)
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where the ensemble also includes all permutations of the k subsets [30,31]. It turns out that
the cost function, J., is actually a measure of the analysis error variance [31,33]. Indeed,
assuming that the observation errors are spatially uncorrelated and uncorrelated with the
forecast (or background) errors, it is established that

E[(O—A)C(O—A)CT] = R. + HAH, %)

whether the analysis is optimal or not. In Equation (7), subscripts c denotes values estimated
in the passive observation space that are independent observations. H, is the observation
operator that interpolates the 3D field at the passive observation sites. By exploring the
values in the parameter space, we can estimate the value of the cost function, Equation (6),
for each parameter value, until we find the minimum of the cost function (6). Thus, we
argue that

argmin/.(«) = optimal A(«x), 8)

o4

in the subspace spanned by the covariance parameters, « [31]. The essential part of this
search also consists in maintaining the innovation covariance consistency in Equation (1)
(in fact, the trace of it), so that we then get an estimate of the optimal parameters values
that satisfies both conditions; condition (1) and condition (3). The modelled covariances
with these optimal parameter values are then an estimate of the true error covariances.

3. Estimation of Correlation Lengths and Observation Error Variance

The cross-validation estimation technique [31] was originally developed for in situ
observations. Contrary to in situ observations, satellite observation errors may contain sig-
nificant spatial correlation. The error correlation mainly arises from the representativeness
part of the error and inter-channel retrieval [27], which may result in a degraded analysis
obtained through cross-validation [31]. In practice, observation thinning (i.e., reducing
the spatial density of the observations) or inflating the observation error variance are two
standard procedures to deal with spatially correlated observation errors [34,35]. Proce-
dures based on variance inflation were employed to maintain a better consistency between
the model and GOSAT [10] using the residual error method of Heald et al. (2004) [36]
or between GOSAT and independent observations [15]. However, in this study, we use
observation thinning to alleviate the error correlation between observations. This is due to
the fact that our main goal here is optimizing the error covariance parameters in a more
objective manner (i.e., no optimality assumptions), rather than tunning the covariance
parameters for better consistency between the model and observations. Note that this
approach also aids PvKF in obtaining a higher computational efficiency due to lowering the
number of assimilated observations (see Section 5.2 of Part I [1]). GOSAT SWIR retrievals,
used in this study, are single-channel and considered sparse compared to other satellites
such as AIRS and IASI with dense multichannel retrievals. Thus, the GOSAT SWIR obser-
vations retain smaller spatial correlated errors, making the practical solution of thinning
more feasible. Note that the GOSAT observation covariance matrix is usually assumed to
be diagonal (i.e., spatially uncorrelated errors) in methane source inversions due to a lack
of better objective information [37-39].

One objective of this section is to obtain the observation error variance. First, we
conduct observation thinning to maintain nearly uncorrelated observation error as required
by cross-validation. As it is shown for SEVIRI [40], satellite nadir observations such as
GOSAT could also represent spatially correlated errors of a few tens of kilometres. In
this work, we simply assume a 10 km margin to filter any pair of GOSAT observations
that are located in this range. We apply this filtering to the observations over the entire
time window of assimilation, resulting in about 40% removal of observations after quality
control. We argue that a small length (e.g., 1 km with about 15% removal) will not ensure
obtaining uncorrelated (or near uncorrelated) observation errors, whereas a large marginal
length (e.g., 100 km with about 85% removal) may lead to significant degradation of the
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analysis through filtering a great portion of observations. Furthermore, as we shall see later
in this section, the thinned satellite observations can be used in cross-validation to obtain
the optimal parameter values. The quality control first removes the outliers by filtering out
observations whose departure from the global mean is three times larger than its standard
deviation. The quality-controlled observations are then subjected to the thinning process as
described above and separated into three sets of observations of equal numbers for 3-fold
cross-validations. The selection of observations into three sets is made according to the
order of retrieval time, resulting in a spatially random distribution of retrievals in each set
(Figure 1a). The cross-validation is then applied by leaving one set out as a test set (i.e.,
passive observations) and using the remaining two sets to generate the training sets (i.e.,
active observations). Figure 1b shows the active and passive observations within three days
or one revisit cycle of GOSAT. We recall that the analysis is only produced using active
observations. The total number of observations per hour shows the nine revisit cycles of
GOSAT observations used in this study (Figure 1c).

® setl ® Active .
A set? observation
s€ Passive

® get3 observation

90 W

|
RS I RV T C R Iy A 6

) A AN 9l Ak g AR
SN N U N N N S\ S S S

Figure 1. Spatial and temporal distribution of GOSAT methane observations used in cross-validation.
(a) 1-h GOSAT observations separated in three sets after thinning; (b) active observations (blue circles)
versus passive observation (red triangles) over 3 days in the cross-validation framework to estimate
the covariance parameters; (c) frequency of GOSAT observation per hour used in cross-validation.

Here we describe the experimental setup to estimate the covariance parameters. Three
parameters, including Ly, L,, and f°, are considered for the optimization problem using
cross-validation cost-function (Equation (4)). We recall that observation, model, and initial
error covariance are considered uniform and uncorrelated (see Section 4.4 of Part I [1] for
details). The background error covariance adapts a homogeneous isotropic horizontal and
vertical error correlation based on a second-order autoregressive (SOAR) correlation model
(see Section 4.3 of Part I [1] for details). A series of hourly methane analyses are conducted
for a period of two weeks (5 April to 18 April 2010), with 3 days spin-up of the assimilation
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system. This analysis is repeated to find the parameter optimum, altering L, from 200 km
to 600 km with a step size of 50 km, L, from 0 to 13 vertical o levels with 1o increment, and
f° from 0.1 to 1.2 with a 0.1 step size.

Simultaneous optimization of the three parameters as discretized above requires a
total ensemble of assimilations of 1512, i.e,, 9 x 14 x 12 = 1512, corresponding to the
specified parameters, L, X L, x f°, in the optimization. Perhaps, other optimization
techniques could resolve this problem more efficiently [41,42]. An iterative scheme is
adapted instead, where L; and L, are estimated together while f° is considered separately.
With the initial values of L, = 500 km, L, = 10, and f° = 1 taken as first guesses (Table 1,
initial), the experiment is started for the estimation of f° while L, and L, are kept fixed.
This essentially corresponds in searching for the f° that minimizes the cross-validation
cost function (Equation (6)) while the innovation covariance consistency (Equation (1)) is
respected. Note that the procedure is repeated for all three permutations of cross-validations
subsets to ensure that all observations have been used for evaluation. The new estimate
of f is obtained by averaging for the three verifying subsets (Table 1, itr 0/step 1). The
estimated f° (f° = 0.45) is then used to estimate L, and L, together in the next step of
zero iteration (Table 1, itr 0/step 2). The procedure is repeated for successive iterations
until convergence. Nevertheless, it is established that a single iteration will be sufficient
to reach convergence for a similar estimation method [30,31,43,44]. We also confirm this
for our estimation problem as shown in the first iteration (itr 1) in Table 1 (itr 1/step 1 and
itr 1/step 2). Thus, the number of computations declines to 2 x (9 x 14 + 12) = 276 for the
same number of parameters and same step size of each parameter.

Table 1. Comparison of the error variance parameters (Ly, Ly, and f° ) along with the cross-validation
cost function generated with passive observations at different stages of iterative optimization, includ-
ing the initial step, zero iteration (itr 0) and first iteration (itr 1). Each iteration contains two steps,
one for optimizing f° (step 1) and another for optimizing Lj, and L, together.

i/Sten Parameters L, L, P J.=((0— A)3>
initial 500 km 1o 1 62.4 ppb?
itr 0/step 1 500 km 1o 0.45 60.5 ppb?
itr 0/step 2 350 km 70 0.45 55.9 ppb?
itr 1/step 1 350 km 70 0.5 55.6 ppb?
itr 1/step 2 350 km 70 0.5 55.6 ppb?

Figures 2a and 3 (red curve) illustrate the estimation of L, L,, and f°, after the first
iteration that corresponds to the minimum value with the specified optimization resolution
in the cross-validation (i.e., passive observation) space. A cost function based on the

active observations, | = <(O — A)2>, is constructed to compare with the cross-validation

results. Figures 2b and 3 (blue curve) represent the similar parameter estimation procedure
described above, but over the active observations (i.e., training set). In Figure 3, the
evaluation against active observations (blue curve) always shows smaller variances than
the evaluation against passive observations (red curve). It implies that the use of active
observations overestimates the performance (a well-known property of cross-validation
optimization [31]) of the analysis. In addition, the use of passive observations in cross-
validation results in the existence of a minimum variance cost-function, consistent with the
finding of Ménard and Deshaies-Jacques (2018) [31].

To verify that the cross-validation method using 10 km thinning of satellite observa-
tions yields the optimal parameter, we have conducted the same analysis as shown above,
but this time against independent Total Carbon Column Observing Network (TCCON)
observations. Note that TCCON is often considered as a reliable observation data set.
However, their coverage is rather limited in space but continuous in time (seven sites only;
see Section 5 for detail of TCCON observations). Figure 4 shows the comparison of analysis
(A) using active GOSAT observations against TCCON (O), which is an independent source
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of observation. The cross-validation cost function, <(O — A)2>, is drawn against the three

parameters (Lj in the left, L, in the middle, and f° in the right panel of Figure 4). To save
on the computation, we perform the estimation on each parameter individually. Figure 4
shows that the optimal parameter values obtained against TCCON are the same as those
estimated through cross-validation (using GOSAT passive observations). Hence, despite
the fact that cross-validation was developed for in situ observations, this result indicates
that satellite observation thinning can indeed yield the optimal values. This example shows
that the applicability of the cross-validation method [30,31] to the satellite observations

is valid.
(@) Jo=<(0—A)?> ppb® (&) J=<(0—-A?> ppb?
13 - 13 S L A——
12 62 12 -/ 35
11 11
10 61 10 | 30
9 9
] 25
8 W g
L7 lso &7 / 20
5 6 S 4
- 15
> 1sg 2 /=
4 4
/ 10
3 57 3 ’
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1 56 1 ”
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Figure 2. Estimation of the horizontal length scale (Lj, x-axis) and the vertical length scale (L, y-axis)

together through (a) a cross-validation cost function of passive observations J. = <(O — A)f> and

with (b) a cross-validation cost function of active observations | = < (0— A)2>.
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Figure 3. Estimation of observation error variance parameter, f°, using a cross-validation cost
function of passive observations (red curve) and using a cross-validation cost function of active
observations (blue curve).
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Figure 4. Estimation of the (a) horizontal correlation length, Ly, (b) vertical correlation length, L,
and (c) observation error covariance parameter, f, using independent TCCON observations with the
cross-validation cost function, | = <(O — A)2>.

4. Estimation of Model Error and Initial Error Variance Using Innovation
Variance Consistency

By conducting the estimation presented in Section 3 on a different time window
(e.g., a different two weeks period or a shorter/longer period), we found that the optimal
estimation of the three parameters, Ly, L,, and f°, is relatively insensitive to the time
window of estimation. The model and initial error variances, on the other hand, (or their
covariance parameter counterparts, f7 and f’) are excluded from our covariance parameter
vector, «, in the cross-validation optimization due to their time-varying influence (i.e.,
accumulating or decaying behaviour). In other words, having a different optimization time
window results in a different set of optimized f and f'. Thus, instead of including f7
and f' in the time-insensitive parameter vector (o), we tuned them separately using the
variance matching diagnostic technique defined in Section 2 (Equation (1)). A description
of the form of initial and model error covariance is presented in Section 4.4 of Part I [1].

First, we characterize a normalized variance matching diagnostic that offers a diagnos-
tic independent of units and independent of the number of observations. The covariance
matching diagnostic, reformulated as the total variance matching, can be written as

tr(E[(O — B)(O — B)]) — tr(T) = tr(T —T), )

The normalized variance matching diagnostic is then obtained by dividing the right-
hand side of Equation (9) with the number of observations, p, and var(T) representing the
variance at a specific observation location or the mean of all observations. Thus, we have

b
var(T)

1 -
—tr('-T) =
, ( )

1
tr(T)

tr(T —T) (10)
Writing the diagnostic in this fashion removes the dependency of the diagnostic to
the absolute statistics, so that it retains a similar form to other diagnostics such as X2 [45].
Therefore, a proper model error in our estimation system is obtained when it satisfies the
near-zero normalized variance matching with continuous stability over time. Figure 5
illustrates the influence of the model error on this diagnostic. A small f7 (Figure 5a) leads to
an increasing pattern (T > T) over time, whereas a large f7 (Figure 5c) results in a decrease
(T < T); both of them tend to disagree with the innovation variance consistency over time.
A proper value of f9=0.018 (Figure 5b) can be found with trial and error that fulfills the
innovation variance consistency. Note that the initial error variance parameter is kept
constant fi = 0.45 for all cases, while it is shown for its best estimate (see Figure 6).



Remote Sens. 2022, 14, 375

10 of 27

7 =0.001, (f' =045, f°=0.5)
T T T T

T T

T T T

N \> \X \6 TGN » X
M M O M C A ST S

N

f9=0.018 , (f' = 0.45, f>=0.5)

b N \o @ Q 0
SN N NN S
F9=0.046 , (f' = 0.45, f° = 0.5)
T T T T T T

=) tr(T—T)
057 i
=R ot gt il o dn i T TN i Ve =
AR EE L L e R SR
1 ‘ i Y T."","":"’”"—-W\"‘T“'"Mu.ﬂo-ﬁ-u-..-"’-\T‘-‘-
05k :. : : i bl o] {fi e N -
1 I I I I [ | I I 1 I : I
@ @ 0 L Ak b b 0 D gk gb gd
N S S N S N S S S S S
200 T T T T T T T T
(d)
—DA: f, = 0= DA: f, = 0.001 == DA: f, = 0.018 = DA: f, = 0.046 = = swithout DA
. toe .""'""«.""‘.
100 - -,0.-n‘.nu"'"“.".‘ N""‘““‘ -‘::‘:::;""\’w‘uq
r . __‘._,u-.u' '*---U‘-ﬂ‘-"
80 '-‘.“.",-----"""',_,_,._,.—Ownﬂ-‘— —

P atd
o e

60 -

-

40~

Analysis error variance (ppb?®)

2 0 1 | 1 1

ey
Sl .‘:'_""— fandaaates 2 T PR L T ot T PR

 a
—

Oy -
-\-—-\,-—--.-"_
\-r\.q

M"@

Figure 5. Normalized innovation variance

N?‘Q& P»Q&() M‘Qq’ P&‘\B ?&‘@ 1»?‘\& P&‘\b P&‘\%

consistency diagnostic for a (a) low (f7 = 0.001), (b) proper

(f9=10.018), and (c) high (f7 = 0.046) model error parameter value. (d) Indicates the effect of model

error on analysis error variance over time.



Remote Sens. 2022, 14, 375 11 of 27

fi=0.40, (f7=0.018, f* = 0.5)
T T T T

1 ~
(a) G D)
05 oy Pl i iR G
N i i i i 4 RN :
| ‘.-‘VJ§‘¢’¢"'-"’~-\‘ﬂﬂ“"&'a‘ ‘_"_.‘,l}.\‘ o ""s"'” %.‘\l-\;""*"‘*"\s)"’\-n%
X 0- | / : i : : R 7
-0.5 *

- 1 Il 1 i 1 Il | 1 1 Il Il 1
*QO ® N N \6 AT I S, |- BT S,
SN S SO S N N N S S A S SR SR R

fi=045, (f1=0.018, f* = 0.5)
T T T

T T
(b) :
(9
0.5 T
X 0- i
= -1,
Masmtan ,,-w.,‘_,J"‘\--”-‘,.ﬁ--.,....“-_____._“,"“"\-..a""\.._,.,_“--lvuv\n-o“‘ UDinbe
-0.5+ n!

B | I I I ! I | I
bY o > N

N2 N \S S \O \> \ \! \ >
S SO N N S S E

q/

2 o
OREIC LI L

Figure 6. Normalized innovation variance consistency diagnostic for a (a) low (f i = 0.40), (b) proper
(f = 0.45), and (c) high (f! = 0.50) initial error parameter value.

Furthermore, we verify the influence of the model error on the analysis error variance
in Figure 5d. Both cases of “without DA” and perfect model or (f7 = 0) produce too small
or too large analysis error variance as time proceeds, causing degraded assimilation results
with overestimation or underestimation implications. Therefore, the presence of a certain
amount of model error is crucial. As found in the diagnostic above, we infer that the
proposed model error parameter (7 = 0.018) also maintains a stable analysis error variance
over time.

We repeat the same diagnostic experiment to obtain an appropriate f. We note that
different values of f7 are considered initially for this test, and the best value, f7 = 0.018,
which maintains a stable diagnostic, is shown in Figure 6. Figure 6 suggests that f = 0.45
meets the condition of innovation variance consistency, although it may not reach the
final error variance within two weeks to show asymptotic stability of the Kalman filter
estimation (see Jazwinski (1970) [46], Theorem 7.4). We infer that the thinned GOSAT data
used in this study may produce an analysis that induces a lack of observability (e.g., see
Jazwinski (1970) [46], Section 7.5 for the definition of observability). Nonetheless, we have
all the parameters that lead to an optimal analysis and to innovation variance consistency.
Those estimated parameters are close to the true error variance parameters.



Remote Sens. 2022, 14, 375

12 of 27

5. Evaluation against Independent Observations

The optimal analysis can be obtained as a result of successful assimilation. This relies
not only on the assimilation processes but specifically on the proper characterization of the
input error parameters. The observation error covariance (R), the model error covariance
(Q), and in some cases, the initial error covariance (Py), besides the error correlation length
scales, are among those determined in the PvKF assimilation. Hence, the optimality of the
analysis depends on how precisely the Kalman filter error covariances (P/, P%) reflect the
true estimation of error covariance parameters. We recall the definition and the formulation
of the input error covariances in Part I, Section 4.4 [1].

The assimilation results shown in Sections 5 and 6 are produced with thinned GOSAT
data that pass all quality control flags (e.g., retrieval flag, outliers), maintaining about
35-50% of all GOSAT retrievals for assimilation. Accordingly, the desired assimilation
involves globally optimized (or quasi-optimal) error parameters, including f°, f, 1, L,
and L,. After finding these optimized error parameters, as discussed in Sections 3 and 4,
independent measurements from multiple sources are used to evaluate the assimilation
performance. Figure 7 demonstrates the location/pathways of all surface/aircraft available
measurements collected for the duration of our assimilation results in April 2010. Below, we
provide a brief description alongside the preparation of these independent observations.

e TCCON a HIPPO-3 a UCATS/GloPac a NOAA/ObsPack(aircraft)‘

90" E

1507/

90" W

Figure 7. Methane measurement data used for the evaluation of the assimilation system in April 2010:
TCCON stations (red circles) at seven sites; HIPPO-3 aircraft measurement pathways (orange trian-
gles) on 10, 13 and 15 April 2010; UCATS/GloPac aircraft measurement pathways (blue triangles) on
7 and 13 April 2010; and NOAA /Obspack aircraft measurements (green triangles).
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TCCON is a ground-based FTS network that provides a time series of CH4 column-
averaged abundance worldwide. TCCON data has been used to compare with model
simulations and satellite data primarily for validation purposes [15,47-52]. We used the
GGG2014 version of TCCON XCHj data from seven sites (red circles in Figure 7), including
Park falls [53], Orleans [54], Lamont [55], Bremen [56], Sodankyla [57], Izana [58], and
Bialystok [59], available at https://tccondata.org /2014 (accessed on 14 November 2021).
TCCON is calibrated using aircraft profiles to maintain better than 0.5% accuracy of XCHy
retrievals [60]. Prior to the comparison with the model or analysis, we convolve CMAQ with
TCCON average kernels and the corresponding a priori profiles, for which the procedure is
described in Wunch et al. (2010) [61] or through the website https:/ /tccon-wiki.caltech.edu/
Main/AuxilaryData (accessed on 14 November 2021). Similar to the aircraft measurements
described later in this section, TCCON retrievals are assumed to provide an independent
evaluation for our assimilation results. This is due to the fact that TCCON is neither used in
generating the model input nor in calibrating the GOSAT data with CMAQ. We recall that
GOSAT data are bias-corrected against only surface measurements of GLOBALVIEWplus
CH4 ObsPack v3.0 as described in Sections 4.1 and 4.2 of Part I [1]. Therefore, any influence
of TCCON calibration on GOSAT data prior to this study will be entirely alleviated. Note
that we employed the same latitudinal correction on TCCON as we used for GOSAT to
ensure a consistent comparison with independent observations.

HIAPER Pole-to-Pole Observations (HIPPO-3) are among the five HIPPO aircraft mis-
sions that provide methane concentration measurements [62] from surface to 14 km across
the Pacific Ocean between 20 March and 20 April 2010. The measurement is conducted
every second using a quantum cascade laser spectrometer (QCLS) with an accuracy of
1 ppb. Methane measurements, meteorology and flight tracking data are accessible at:
https:/ /www.eol.ucar.edu/field_projects/hippo (accessed on 14 November 2021). For the
North Hemisphere, the measurement data are available on 10, 13 and 15 April 2010, as
shown by orange triangles in Figure 7. To compare with HIPPO-3, we interpolate the model
concentration at the specific location, height, and time of the measurement. The significantly
shorter time scale of the measurements (i.e., 1 s) compared to the model simulation time
step (i.e., 1 h) allows a larger variation, resulting in a degraded comparison with the model
or analysis at the observation space. Therefore, with the aim of meaningful comparison,
we exclude those HIPPO-3 data that depart by more than three standard deviations from
the average measurement over one minute or 60 consecutive measurements. This results in
removing 58% of the total HIPPO-3 data as the outliers for this comparison.

Global Hawk Pacific (GloPac) is an aircraft mission operated by NASA in April 2010
primarily designed to validate monitoring satellite missions and to measure trace gases
in the upper troposphere and lower stratosphere. UAS Chromatograph for Atmospheric
Trace Species (UCATS) was integrated into GloPac to measure methane alongside N,O, SF¢
and several other trace gases. It offers an overall precision of 0.5% for methane [63]. All the
data are available at https:/ /espoarchive.nasa.gov/archive /browse/glopac (accessed on
14 November 2021), where the methane measurements were recorded on 7 and 13 April
2010 with a time resolution of 140 s and are shown in Figure 7 by blue triangles. Note that
we use methane measurements without filtering, and the model and analysis are computed
at every measurement.

GLOBALVIEWplus ObsPack v3.0 data product [64] published via NOAA Global Mon-
itoring Laboratory provides high accuracy measurements of methane concentration from a
variety of sampling platforms, including surface, tower, aircraft, and shipboard measure-
ments. Since the surface flask and tower data are used in the calibration of GOSAT (see
Sections 4.1 and 4.2 of Part I [1]), we only use ObsPack aircraft data to ensure an unbiased
comparison with the analysis. Accordingly, only daily above 800 m from the dataset of Ob-
sPack available at (https://gml.noaa.gov/ccgg/obspack/ (accessed on 14 November 2021))
is used to represent the aircraft measurements, which are collected from multiple aircraft
campaigns [64]. These measurements are demonstrated by green triangles in Figure 7.


https://tccondata.org/2014
https://tccon-wiki.caltech.edu/Main/AuxilaryData
https://tccon-wiki.caltech.edu/Main/AuxilaryData
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Before evaluating the performance of the optimal analysis against independent ob-
servations, we highlight the differences between an optimal and nonoptimal analysis.
Accordingly, under similar conditions (e.g., model configuration, inputs), the optimal
analysis is compared against another analysis produced with an arbitrary, yet commonly
used, nonoptimal set of parameters. The globally optimized parameters in April 2010,
as described in Sections 3 and 4, consist of f° = 0.5, fi =045, f1 =0.018, L, = 350 km,
L, =70, whereas the arbitrary parameters include f° =1.2, fi =045, f1=0, L, = 600 km,
Ly = 10, for the nonoptimal case. Figure 8 demonstrates the comparison of model forecast
without data assimilation (blue circles), analysis with optimal parameters (red circles),
and analysis with nonoptimal parameters (green circles) against independent TCCON
observations. The results indicate that both R? and the regression slope are the smallest for
the nonoptimal analysis while the mean bias is the largest. It suggests that the nonoptimal
analysis generated with a set of arbitrary, but typically used, parameters could result in an
agreement even worse than the model against independent measurements. This behaviour
was also found for the analysis of PM; 5 with surface observations [30]. On the contrary, the
optimal covariance parameters produce an analysis that maintains a significantly higher
consistency with TCCON observations than the model without assimilation. Similar results
are obtained with other types of independent observations and a different set of arbitrary
(nonoptimal) parameters (see Figures S1-56 in the Supplementary Materials). Thus, it could
be inferred that proper estimation of error covariance parameters is essential for PvKF
assimilation and most data assimilation schemes that also depend on those input error
covariance parameters (e.g., 4D-Var, EnKF).
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Figure 8. (a) Comparison of model forecast (blue circles), (b) analysis with optimal parameters (red
circles), and (c) analysis with nonoptimal parameters (green circles) against independent TCCON
observations. Optimal parameters of the analysis include f° = 0.5, f’ = 0.45, f = 0.018, L;, = 350 km,
Ly = 70 and the nonoptimal parameters are assumed to be f° =1.2, f i=0.45, f7=0, Ly, =600 km,
L, =10.

The GOSAT methane assimilation with optimized parameters is further examined by
comparing it with the model forecast against all four types of independent measurements,
including TCCON (Figure 9a), HIPPO-3 (Figure 9b), NOAA /ObsPack aircraft (Figure 9c),
and UCATS/GloPac (Figure 9d) as shown in Figure 6. In Figure 9, the blue circles (model)
represent a pure forecast simulation of H-CMAQ between 2 to 28 April 2010, whereas
the red circles (analysis) denote GOSAT assimilation with optimized parameters, both of
which are sampled at the same measurement location and time and using the same model
inputs and configuration. The analysis shows an overall and consistent improvement in
agreement with all four types of independent measurements, even though the level of
improvement is not the same for all of them. Furthermore, among those four observations,
analysis at TCCON and NOAA /ObsPack aircraft, which are located over land, shows
a relatively better agreement due to higher correlation and a narrower spread of data
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points. This implies that constructing the analysis using land-only GOSAT data with
high retrieval quality reflects a better consistency with independent land measurements.
Nevertheless, the analysis maintains a better agreement than the model with HIPPO-3 and
UCATS/GloPac, located mainly over the ocean where no GOSAT observations were used.
It can be inferred that the evolution of error variance using an advection scheme enhances
the assimilation capabilities to maintain a relatively higher consistency with independent
observations within a short period of time, even far from the observations used to generate
the analysis.
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Figure 9. Comparison between the model forecast (blue circles) and analysis with GOSAT assimilation
(red circles) sampled at four types of independent measurements, including (a) TCCON, (b) HIPPO-3,
(c) NOAA /ObsPack aircraft, and (d) UCATS/GloPac. N denotes the number of observations of
each type.

Comparison of the model (M) and analysis (A) statistics for each type of measurement
are listed in Table 2 and emphasize the benefit of using the assimilation with optimal
parameters. The largest improvement of the correlation (R?) along with a reduction of
mean bias (MB) and standard deviation (¢) is observed at TCCON locations (AR? = +39.9%
or R% 4 /R?,; = 2.1), followed by NOAA /ObsPack aircraft measurements (AR? = +13.9% or
R? 4 /R?,, = 1.18). These two observations both occur over land and differ in their vertical
sampling, where TCCON measures the total column, and NOAA /ObsPack provides
point measurements from the mid-troposphere up to the lower stratosphere [64]. Using
TCCON, the analysis is capable of detecting the total methane bias, whether due to incorrect
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surface emissions or modelling errors of unknown origin. In contrast, the bias of the
analysis relative to NOAA /ObsPack aircraft can isolate the impact of modelling errors
on the analysis since little of the emissions signal reaches aircraft measuring altitude
(i-e., several thousand kilometers) within a short period of time (i.e., several weeks). The
positive bias of the forecast model with respect to TCCON contrasted with its negative bias
relative to NOAA /ObsPack suggests that an excessive amount of surface emissions or high
tropospheric methane background is incipient in H-CMAQ, while methane abundance is
underestimated in the upper troposphere and lower stratosphere.

Table 2. Evaluation of model forecast (M) and analysis (A) of GOSAT assimilation against TCCON,
HIPPO-3, UCATS/GloPac, and NOAA /ObsPack measurements. Comparison between mean bias
(MB), standard deviation o, coefficient of determination R?, and the linear regression line, using all
measurements of each type of observation in April 2010.

MB (ppb) o (ppb) R? Regression Line
Observations Type
M A M A M A M A
TCCON Total column 6.09 2.58 8.39 5.45 354 75.3 0.3x + 1229 0.61x + 605
HIPPO-3 Aircraft —6.50 221 15.29 12.95 92.1 95.8 0.68x + 573 0.76x + 429
UCATS/GloPac Aircraft 59.1 34.8 82.3 59.2 90.6 97.4 0.55x + 774 0.67x + 559
NOAA /ObsPack Aircraft —4.61 -3.29 14.22 7.66 79.1 93.0 0.64x + 654 0.91x + 148

Knowing that the analysis increments are driven by emissions at or near the surface
or from modelling errors, we can attempt to qualitatively identify the significance of this
influence from each one of these sources. We recall that evaluation with TCCON could show
a combined emissions and modelling error effect, while NOAA /ObsPack only corresponds
more closely to the bias originating from modelling error. The analysis increments statistics
at TCCON and NOAA /ObsPack show a 39.9% and 13.9% increase of R?, respectively. The
mean bias also denotes an improvement of 3.51 ppb with TCCON, and 1.32 ppb with
NOAA /ObsPack. It could be inferred that the global influence of the surface emissions
is more significant than the modelling error due to a significant improvement of both R?
and MB against TCCON rather than NOAA /ObsPack. It is worth mentioning that the
model is also less capable of predicting methane concentration over land than over the
ocean, mainly due to incorrect model emissions generated from the land surface. This
explains the lowest model correlation against TCCON with total column measurements
(Table 2) compared to the other 3 observations at higher altitudes and mainly over the
ocean. Accordingly, the analysis correlation against TCCON has remained lower than
the other 3 observations; however, we remark the largest correlation improvement in the
analysis against TCCON. We discuss later in Section 6 the spatial distribution of the analysis
increment and error variance reduction. Note that our analysis evaluation with TCCON
stations shows a comparable result to the weak-constraint 4D-Var in the global GEOS-Chem
data assimilation employed by Stanevich et al. (2021)—Table 1 [15].

Comparing the model and analysis at HIPPO-3 and UCATS/GloPac, both taken over
the Pacific Ocean, shows a reduction of 66% and 41% in MB alongside a 3.7% and 6.8%
increase of R?, respectively (Table 2). The forecast model sampled at HIPPO-3 locations
exhibits a negative bias relative to the observations, representing a combined tropospheric
and lower stratospheric bias between 0.9 km and 13 km altitude. Addressing the origin of
this bias is not a trivial task; however, our analysis successfully removed a significant por-
tion of that. Given an unbiased initial condition and the small impact of emissions over the
HIPPO-3 domain, we relate this bias to modelling error originating primarily from the oxi-
dation of methane with OH in the troposphere [6,65], methane stratospheric transport [52],
and methane oxidation with chlorine radical over the Oceans [66]. The model and analysis
evaluation at UCATS/GloPac aircraft measurement locations reveals a large positive bias
that contradicts the earlier comparison results with HIPPO-3 and NOAA /ObsPack aircraft
measurements. This disagreement likely arises from the limited vertical structure of H-
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CMAQ extended up to 50 hPa (~20 km), which cannot entirely and adequately cover all the
measurements. In fact, GloPac aircraft is mainly flying over the lower stratosphere [63,67],
for which quite a few measurements are recorded beyond or at the few top layers of
H-CMAQ. Therefore, in addition to the sources of modelling error mentioned earlier, in-
ter/extrapolation of model concentration at these measurements” height adds up to the
positive bias, which is unrealistic. Nonetheless, our analysis could remove a noticeable part
of this bias, whether from a physical model bias (e.g., part of the stratospheric bias) or an
artificial bias (e.g., numerical inter/extrapolation).

Several studies provide in-depth investigations of the possible causes of methane
model bias in a global atmospheric model (e.g., GEOS-Chem), such as stratospheric
bias [10,15,37,52,68], weakening of vertical transport due to a coarse model resolution [14],
OH burden in the chemistry model [6,9,65,69]. Besides those, H-CMAQ could suffer from
bias due to inaccurate initial conditions, insufficient lower top of the model boundary
conditions, and interhemispheric exchange of methane. Uncovering the origins of the
model bias and distinguishing it from surface emissions bias requires an exhaustive for-
ward and/or adjoint sensitivity analysis besides identifying all the possible sources of
uncertainty, which is out of the scope of this study. Still, the discrepancy between the
optimal analysis and the model (i.e., analysis increment) together with the uncertainty
reduction can reveal useful information to address the key sources of bias and uncertainty
associated with methane simulation. We illustrate these in Section 6, both in the H-CMAQ
and GOSAT observation pace.

6. Characteristics of Analysis and Error Variances

This section examines the performance of our analysis with optimal parameters in
capturing the spatial structure of bias and uncertainty reduction across the domain. First, we
compare one month of analysis against the model forecast in the observation space, where
model and analysis are sampled at GOSAT times and locations with an identical observation
operator. A difference between model/analysis and GOSAT is shown in Figure 10. Com-
paring Figure 10a,b indicates that a significant portion of biases in the model from different
parts of the world, including a positive bias at eastern China, India, eastern parts of Russia,
South Asia, tropical and eastern Africa, northern Europe, eastern Canada, and the western
U.S. are substantially removed by the analysis. At the same time, the analysis also resolves
the negative bias in areas such as northern Africa, eastern Europe, and the southeastern U.S.
Accordingly, the analysis demonstrates an 80% and 65% adjustment over the areas with
the largest positive and negative model bias, respectively. A direct comparison between
the analysis and the model is also shown in Figure 10c, indicating the consistency of the
analysis with GOSAT retrievals to correct the spatial variation of the biases.

XCH, (Model - GOSAT) XCH, (Analysis - GOSAT) XCH, (Analysis — Model)

-50 -25 25 50

0
ppb

Figure 10. Differences between (a) model and GOSAT, (b) analysis and GOSAT, and (c) analysis and
model in the observation space in April 2010.
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The methane spatial bias in many studies is primarily attributed to its prior emissions
allocation and is resolved using inverse modelling analysis [10,37,38,52,70]. The bias can
also arise from the limitation of the chemical transport model to realistically simulate
atmospheric methane, also known as the bias due to model error [14,15,68,71]. The optimal
analysis described in this study corrects for these biases and assists in identifying the origins
of these biases. Continuous real-time estimation of assimilated methane concentration
alongside its error variance reduction enables a direct and reliable comparison with the
model forecast, which reveals valuable information. It is common to consider over a short
period of time (e.g., one month) that the analysis increment at the surface reflects the
correction needed for improving the prior surface emissions while the increments at the
higher elevations (e.g., <500 hPa) is due to the combined effect originated from model error
and inaccurate emissions. Furthermore, the analysis error variance reduction computed
here by PvKF represents the analysis uncertainty, thus is an indicator of assimilation
accuracy with respect to the true state.

The monthly average of the analysis, analysis increments (i.e., Analysis — Model), and
the analysis error variance reduction at the surface and 550 hPa are shown in Figure 11. We
found that the largest downward correction occurs over Russia, while the largest upward
correction is over tropical Africa (Figure 11b). These results are consistent overall with
recent methane inverse studies; for example, Wang et al. (2019) [8] considered a 200% down-
wards adjustment to the prior emissions over Russia from EDGAR. Zhang et al. (2021) [52]
estimated Russia’s anthropogenic emissions to be about 59% of its prior value, mainly
attributed to the oil-and-gas sector. In the same study, a large upward correction in the
prior inventory is also reported over East and tropical Africa, mainly due to the growth
of livestock and wetland emissions. Our analysis at the surface also suggests a positive
bias over India, Japan, eastern China, Europe, high latitudes, western U.S. and all over
Canada, whereas a comparatively negative bias over the South and Southeastern U.S.,
northern regions of South America, and Central Asia. Note that several factors such as
the discrepancy between emission inventories, the atmospheric model, and the temporal
variations can explain slight differences between studies. In addition, the correction near
the Equator in our hemispheric assimilation could be too diffusive to constrain the spatial
pattern of the bias on regions next to the Equator; hence, all plots in Figures 10 and 11 are
shown above 5°N.

Above those regions with maximum and minimum values of the analysis increment
at the surface, the analysis increment at 550 hPa (Figure 11e) suggests a similar scale and
pattern of correction in most regions over North America and Africa. However, there
is a noticeable discrepancy over the lower and mid-latitude Pacific Ocean, East Asia,
India, and the Middle East, where the analysis suggests a positive correction in the mid-
troposphere rather than the negative correction captured at the surface. As suggested by
Stanevich et al. (2021) [15], we consider the vertical dipole structures in our analysis incre-
ment as the cause of modelling error in the bias, whereas a monotonic correction represents
the impact of the inaccurate emissions on the bias. Another region of interest is the eastern
part of the Atlantic Ocean, where the analysis increment is significantly larger at 550 hp
than the surface, yet with the same correction sign (Figure 11e). That possibly indicates
the presence of model error over those regions, where convection does not lift up enough
methane to the mid and upper troposphere in H-CMAQ, partly due to a persistent high-
pressure and low-pressure system in the African continent. Such a pattern is also observed
in previous global studies with different chemistry transport models [15,72,73].

As a distinctive feature, the analysis error variance is explicitly computed by the PvKF
assimilation. It represents the estimation uncertainty with respect to the true state, thus
inferring how reliable the assimilation results (i.e., 3D optimal analysis) are. The spatial
distribution of the analysis increment is mainly influenced by the innovation (Observation—
Model), whereas the distribution of the analysis error variance depends largely on the
observation density and its error. This discrepancy arises from the fact that the analysis
of the second moments (i.e., error covariances) is decoupled from the first moment (i.e.,
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mean state) in linear Kalman filtering estimation theory [74]. In the upper troposphere (i.e.,
550 hPa), the spatial pattern of error variance reduction (Figure 11f) is more consistent with
the analysis increment (Figure 11e), such that a larger reduction of error variances occurs
over the same regions with larger analysis increment, suggesting that those corrections
are fairly reliable. In contrast, the spatial distribution of the error variance reduction at
the surface (Figure 11c) is not always following the analysis increment spatial pattern
(Figure 11b). For instance, the analysis over North/East Africa shows the largest increase
while the error variance reduction is relatively small, indicating that the analysis correction
over those regions is less reliable. It could be implicitly inferred that conducting emissions
inversion over these areas would entail higher uncertainty in corrected emissions.

(Analysis — Model) at Surface

Error variance reduction (%) at Surface

(b)
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Figure 11. (a) Monthly analysis at the surface and (d) at 550 hPa; (b) analysis increment at the surface
and (e) at 550 hPa; (c) error variance reduction at the surface and (f) at 550 hPa.

Since the analysis provides us with an hourly real-time assimilated methane with
GOSAT, it is interesting to examine its time series and compare it with equivalent model
values. Figure 12 shows the analysis and the model values projected to the six TCCON
observations sites (red circles in Figure 7), using the TCCON averaging kernels and a priori.
In the time series plots, the green dots denote the TCCON observations, while the red
and blue dots represent the analysis and model values, respectively. Note that TCCON
averaging kernels are fairly smooth and vary only slightly with solar zenith angles and
pressure [61], so that we averaged those values of two consecutive measurements in order
to provide a continuous model and analysis over time.
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Figure 12. Comparison of the time series of the analysis (red dots) and the model (blue dots)

against TCCON observations (green dots). Six TCCON observation sites (Figure 7—red circles)
include (a) Bialystok (53.23°N, 23.03°E), (b) Bremen (53.10°N, 8.85°E), (c) Orleans (47.97°N, 2.11°E),
(d) Lamont (36.60°N, 97.48°W), (e) Park Falls (45.95°N, 90.27°W), (f) Sodankyla (67.37°N, 26.63°E).
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We showed earlier (Figure 9) that the analysis with optimal parameters maintains a
significantly better agreement with TCCON. The spatial distribution of the optimal analysis
is also consistent with GOSAT retrievals (Figure 10) and agrees with the recent findings
of methane inversion studies. The times series plots (Figure 12) indicate that the analysis
also follows the temporal variation of independent measurements, whereas the model
forecast is almost insensitive to these variations. For example, at the Sodankyld observation
site (Figure 12f), TCCON shows a consistent temporal pattern measuring between 1710 to
1770 ppb from 13 to 29 April 2010. The model shows no sign of agreement with TCCON
over the same period; however, the analysis attempts to correct the model toward these
independent measurements depending on the feedback provided by GOSAT observation
for methane assimilation.

We should note that the analyses in Figure 12 are optimized with the error param-
eters obtained in Sections 3 and 4. Similar to the evaluation of optimal and nonoptimal
analysis with TCCON (Figure 8), we compare the time series of those two cases (using
the same set of optimal and nonoptimal error covariance parameters) at Sodankyla. As
shown in Figure 13, an analysis obtained with a set of nonoptimal, yet commonly used,
error covariance parameters (black dots) can result in an even worse temporal agreement
with TCCON (See Figures S7 and S8 in the Supplementary Materials for more examples).
Therefore, we conclude once more that obtaining the optimal error covariance parameters is
essential to have a reliable analysis that improves the methane representation both spatially
and temporally.
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\ I
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Figure 13. Comparison of model forecast (blue dots), analysis with optimal parameters (red dots),
analysis with nonoptimal parameters (black dots) against Sodankyla (67.37°N, 26.63°E) TCCON
observations (green dots). Optimal parameters of the analysis include f° = 0.5, f = 0.45, f7 = 0.018,
Ly, =350 km, L, = 70 and the nonoptimal parameters are assumed to be f° = 1.2, f/ = 0.45, f1 =0,
Ly =600 km, L, = 1c.

7. Conclusions and Summary

We employed the PvKF data assimilation scheme developed in Part I to the GOSAT
observations in the hemispheric CMAQ domain to produce a high-quality (i.e., near-
optimal) analysis of atmospheric methane concentration. Although most assimilation
schemes such as PvKF are derived from minimum variance estimation theory, it does not
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mean that the analysis produced using real observations will be the best one. The input
error covariances (e.g., observation error covariance, model error variance and correlation
lengths) also need to be realistic. In this paper, we used several techniques to obtain
accurate error covariances and show, using independent observations and cross-validation,
that these realistic error covariances indeed achieve better analyses. For example, R?
of independent TCCON observations with analysis is 0.29 when using inaccurate error
covariances and increases to 0.75 with optimal error covariances.

In this work, the cross-validation methodology developed originally for in situ ob-
servations [31] has been extended for satellite observations using observation thinning.
In fact, we have verified that thinned satellite observations (10 km apart) give the same
optimal parameter values as those obtained with independent TCCON observations. Our
procedure is not to estimate all elements of covariance matrices (since it requires an ex-
tremely large number of data or realizations), but rather a few key global parameters of
these covariances. We have estimated the horizontal and vertical correlation lengths of the
background error covariance and the observation error variance. It is important to note that
the cross-validation estimation technique is the desired approach since it does not assume
that the analysis is (already) optimal. Thus, the covariance parameter optimization results
in realistic error covariances and near-optimal analyses. We recall that optimal analyses and
innovation covariance consistency are the necessary and sufficient conditions to estimate
true observation and background error covariances [28]. We also found that these error
parameters are nearly insensitive to the optimization time window, so that they are valid
for the entire month of assimilation of this study. On the contrary, the cross-validation is
not properly applicable to estimate the model and initial error variances due to a noticeable
time-varying influence on the optimization window. We demonstrate a normalized vari-
ance matching diagnostic approach to tune these parameters while maintaining a stable
analysis error variance. Finally, we note that the optimization approach of this study is
applicable to any other assimilation experiment but may result in different correlation
length scales with different observation densities.

Once the optimal analysis using GOSAT is obtained, we evaluate the analyses against
different types of independent observations (TCCON, NOAA /ObsPack, UCATS/GloPac,
HIPPO-3). We show its superiority against analysis produced using reasonable but arbi-
trary values of covariance parameters. Furthermore, the comparison between model (with
no assimilation) and optimal analysis against TCCON and NOAA /ObsPack suggest an
overestimation of surface methane (most likely due to emissions) and an underestimation
of the upper-tropospheric model methane. Remarkably, our PvKF assimilation is capable
of correcting both of these biases regardless of their origin. The correction’s statistics due to
assimilation are more significant with respect to TCCON, which is a total column measure-
ment, than with respect to NOAA /ObsPack, which only samples the upper troposphere.
This suggests that the assimilation of GOSAT makes the larger correction near the surface,
where presumably there are larger errors than the upper troposphere. The assimilation
of GOSAT also seems capable of addressing the known model problem in the horizontal
direction. For instance, our analysis increment suggests the largest negative correction
over Russia, whereas the largest positive correction over tropical Africa. This is coherent
with the recent methane inverse studies [15,52]. Furthermore, we have a large reduction
of error variance over those regions, suggesting that those corrections are reliable. In
addition, the PvKF assimilation that offers a time-continuous series of analyses enables
us to investigate the temporal behaviour of the model biases. Our results show a better
temporal agreement between analysis and TCCON than between model (no assimilation)
and TCCON. In summary;, it appears that the optimal assimilation of GOSAT is able to
correct for the vertical, horizontal, and temporal model errors as revealed by comparison
with independent observations.

Because this assimilation system provides the state estimate and its error, it is suitable
to couple it with another estimation problem such as a limited domain data assimilation,
source inversion, etc. In theory, the PvKF formalism also seems to be applicable to the joint
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assimilation-inversion (state-source estimation) problem, but we need to demonstrate that
in a realistic context, which will be considered in a future manuscript. This method could
also be applied to chemical species with a shorter lifetime, knowing that a smaller fraction
of the total forecast error variance is explained by the advection of error variance. In this
case, more (unexpected) error variance is carried out with a stationary model error, which
emphasizes a more sophisticated design of the model error covariance. Therefore, a shorter
lifetime of a chemical species may induce a weaker performance of the PvKF assimilation
and make it behave closer to an Optimal Interpolation (OI). Another application of the
PvKF assimilation that could be investigated in future studies is to use the analysis over
the oceans to develop the bias correction of GOSAT over ocean observations.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/rs14020375/s1, Figure S1: (a) Comparison of (a) model forecast (blue cir-
cles), (b) analysis with optimal parameters (red circles), and (c) analysis with nonoptimal parameters
(green circles) against independent NOAA /ObsPack aircraft observations. Figure S2: Comparison
of (a) model forecast (blue circles), (b) analysis with optimal parameters (red circles), and (c) analy-
sis with nonoptimal parameters (green circles) against independent UCATS/GloPac observations.
Figure S3: Comparison of (a) model forecast (blue circles), (b) analysis with optimal parameters (red
circles), and (c) analysis with nonoptimal parameters (green circles) against independent HIPPO-3
observations. Figure S4: Comparison of (a) nonoptimal analysis due to only correlation lengths larger
than the optimal value (e.g., L;, = 600 km, L, = 100), (b) optimal analysis with optimal correlation
lengths (i.e., L, = 350 km, L, = 70), and (c) nonoptimal analysis due to only correlation lengths
smaller than the optimal value (e.g., L;, = 200 km, L, = 10). Figure S5: Comparison of (a) nonoptimal
analysis due to only observation error smaller than the optimal value (e.g., f° = 0.2), (b) optimal
analysis with optimal observation error (i.e., f° = 0.5), and (c) nonoptimal analysis due to only obser-
vation error larger than the optimal value (e.g., f° = 1.5). Figure S6: Comparison of (a) nonoptimal
analysis due to only model error smaller than the optimal value (e.g., f7 = 0.001), (b) optimal analysis
with optimal model error (i.e., f7 = 0.018), and (c) nonoptimal analysis due to only model error larger
than the optimal value (e.g., f7 = 0.045). Figure S7: Comparison of model forecast (blue dots), analy-
sis with optimal parameters (red dots), and analysis with nonoptimal parameters (black dots) against
TCCON observations (green dots) at Lamont (36.60°N, 97.48°W). Optimal parameters of the analysis
include f° = 0.5, f i =045, f7=0.018, L, = 350 km, L, = 70 and the nonoptimal parameters are
assumed to be f =1.2, fi =045, f1=0, L, =600 km, L, = 1c. Figure S8: Comparison of model
forecast (blue dots), analysis with optimal parameters (red dots), and analysis with nonoptimal pa-
rameters (black dots) against TCCON observations (green dots) at Bremen (53.10°N, 8.85°E). Optimal
parameters of the analysis include f° = 0.5, fi =045, f1=10.018, L, = 350 km, L, = 70 and the
nonoptimal parameters are assumed to be f° = 1.2, fi =045, f1=0, L, = 600km, L, = 1o.
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