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The analytical four-dimensional ensemble variational (A-4DEnVar) data
assimilation scheme inherits the advantages of the conventional four-
dimensional variational (4D-Var) data assimilation scheme and removes the
adjoint model. However, compatible operational improvements such as the
reduction of the computational costs and the localization method should be
considered when it is used in realistic systems. In this paper, the computational
complexity of calculating the inverse of background error covariance (the B
matrix) is decreased by a precondition transform method, i.e., introducing a
new state variable whose product with the B matrix is the original state variable
to be optimized in the cost function. Furthermore, an independent point (IP)
scheme is combined to construct an implicit localization method and further
decreases the computational cost. Based on the Princeton Ocean Model with
the generalized coordinate system (POMgcs), the operational improved A-
4DEnVar is applied to optimize the spatially varying bottom friction coefficients
(BFCs) of the M, constituent in the Bohai and Yellow seas. A twin experiment
with idealized observations is designed to validate the effectiveness of the
proposed method. In practical experiments, with no more than 10 IPs, the
algorithm can assimilate observations from the National Astronomical
Observatory (NAO) dataset and obtain a good simulation. The experimental
performances increase with the increase of either the IPs or observations,
which indicates the efficacy of the proposed algorithm.
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1 Introduction

Modern numerical weather prediction (NWP) and/or ocean
prediction suffer from the uncertainty of initial conditions and
parameters in numerical models. Data assimilation methods are
widely implemented to provide better initial fields and
parameters by blending numerical models with information
extracted from a variety of observations. The four-dimensional
variational data assimilation method (4D-Var, Courtier and
Talagrand, 1987; Talagrand and Courtier, 1987; Rabier et al,,
2000; Stammer et al., 2002; Rawlins et al., 2007 and Wunsch and
Heimbach, 2013) and ensemble Kalman filter (EnKF) are two
major advanced data assimilation methods (Evensen, 1994;
Evensen, 2004). They have been successfully applied in many
operational centers, and both of them have great characteristics
(Kalnay et al., 2007; Buehner et al., 2010a; Buehner et al., 2010Db).
As a non-sequential data assimilation method, 4D-Var can
assimilate asynchronous observations so that the analysis
results from 4D-Var are continuous in a long data assimilation
window. Developed from the Kalman filter and extended
Kalman filter, EnKF benefits from the estimation of a flow-
dependent analysis error covariance. However, the two well-
accepted powerful data assimilation schemes are also hampered
by their deficiencies. On the one hand, a defection for 4D-Var is
its high dependency on the adjoint model (of the forecast model)
that usually costs a lot of human resources and is difficult to
maintain or transplant to other systems. Furthermore, the lack of
flow-dependent background error covariance (denoted as B)
reduces the performance of 4D-Var. On the other hand, by
considering observations sequentially, the EnKF can hardly
assimilate all observations spread in a long data assimilation
window simultaneously. The discontinuous analysis fields are
not consistent with the natural facts.

A suite of cutting-edge hybrid data assimilation methods has
been proposed to possess the advantages of 4D-Var and EnKF and
avoid their disadvantages. En4DVar and 4DEnVar methods are
both outstanding schemes of them (Goodliff et al., 2015; Lorenc
et al,, 2015; Liu and Xue, 2016). The En4DVar constructs the B
matrix as a linear combination of a static part with a flow-
dependent part estimated from ensemble members (Buehner,
2005). Since it retains the structure of 4D-Var, the adjoint
model is also necessary for the En4DVar scheme. The 4DEnVar
is devoted to not only introduce a flow-dependent B matrix into
the form of 4D-Var but also remove the adjoint model. To this
end, the 4DEnVar utilizes some ensemble perturbation evolutions
to approximate the tangent linear model. Liu et al. (2008; 2009)
and Liu and Xiao (2013) proposed the primary formulation of the
4DEnVar in which the analysis field is a linear combination of the
ensemble mean with observation perturbations. Other studies like
Tian et al. (2018) noticed the shortcomings of the 4DEnVar
schemes that the ensemble members and thereby the values of the
adjoint model are unchanged in iteration loops. To improve the
performance, Tian et al. (2018) proposed a series of non-linear

Frontiers in Marine Science

02

10.3389/fmars.2022.1084159

least squares En4DVar (NLSi-En4DVar) methods. Especially, the
fifth variant (NLS5-En4DVar) is a so-called iterative improvement
scheme. NLS5-En4DVar is composed of inner loops and outer
loops in which the conventional 4DEnVar and update of
ensemble members are implemented, respectively. A multigrid
scheme is also developed in Zhang and Tian (2018). The ill-
posedness of the inverse problem caused by the increase of the
number of variables to be estimated or optimized should be
eliminated by reducing the dimensions of variables or
introducing useful regularizations. Nowadays, Tian and Zhang
(2019a); Tian and Zhang (2019b) studied the generation of
ensemble members and expanded the cost function with a
regularization (Tian et al, 2020). The most significant
superiority of the 4DEnVar schemes beyond others is that it
inherits the performance of the conventional 4D-Var and avoids
the usage of the adjoint model. As assumed explicitly or implicitly
in the above studies, to estimate a reasonable adjoint model, the
ensemble perturbations need to be as small as possible. Large
perturbations are not compatible with the framework of the
4DEnVar schemes. However, in these above works, the
ensemble covariance is set to be the same as the B matrix like
EnKF does. To overcome this drawback, Liang et al. (2021)
constructed the ensemble covariance by multiplying a small
scaling factor (denoted as u) to the B matrix. It is demonstrated
that only if the scaling factor is less than 10 for the Lorenz-63
model, the value of the adjoint model and the gradients estimated
by ensemble members would be close enough to the value
obtained from the conventional 4D-Var. Otherwise, the
assertion that 4DEnVar is equivalent to the conventional 4D-
Var only holds for short data assimilation windows where the
non-linearity is limited. Compared to other schemes, A-4DEnVar
proposed by Liang et al. (2021) is a more rigorous framework. The
superiority of the method has been proven not only in theory but
also in ideal twin experiments, especially with long data
assimilation windows.

Beyond these advantages, A-4DEnVar lacks of discussions in
realistic models. In practice, the dimensions of the state variables
in operational systems are often large. For ensemble-based
methods, operational improvements and/or modifications are
necessary to avoid the high computational cost of the inverse of
the B matrix and restrain the spurious correlations caused by
insufficient ensemble members. For the first issue, to remove the
inverse of the B matrix, the usual process is introducing a new
state variable, denoted as @, for example, and preconditioning
the cost function using the transformation & = B'?@ (Oddo
et al., 2016; Storto et al., 2018) or X = Bm, where X is the state
variables or perturbations in the physical space. For the second
issue, a straightforward way to eliminate the spurious
correlations is to modify the background error covariance
matrix through a localization operator or function. Some
improvements and variants are also studied. Liu et al. (2009)
proposed a reasonable localization approach through
multiplying ensemble members by the first M empirical
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orthogonal functions (EOFs) of the Schur operator. Although
the approach is well accepted in ensemble-based algorithms, the
necessary computational cost increases because it increases the
ensemble size by M times. Despite the above methods, some
simple and convenient strategies are enlightening. One of these
methods, the so-called independent point (IP) or feature point
(FP) scheme, is proposed in the studies of Zhang and Lu (2008);
Zhang and Lu (2010) and Zhang et al. (2011) and is used in
Zhang and Wang (2014); Guo et al. (2017), and Qian et al.
(2021) to optimize the open-boundary conditions of tidal
currents and/or bottom friction coefficients (BFCs) of the tidal
constituent. In this scheme, only the values of several selected
nodes are optimized, and the value of other rest nodes is
calculated by Cressman linear interpolation. As they
demonstrated, both the dimension of the parameter space and
the ill-posedness of inverse problems are reduced. Apparently,
the IPs scheme is easy to implement, especially for the estimation
of spatially or temporally distributed parameters. Pan et al.
(2017) discussed the IP interpolation methods in detail. While
the conventional adjoint method is implemented in the above
studies, a natural question is how to integrate this convenient
approach into A-4DEnVar and exploit its ability on some
realistic operational systems.

We address the above questions in this paper. We not only
constructed an operational improvement variant of A-4DEnVar
with a precondition transformation but also combined it with
the IP scheme and explored its potential for the BFC estimation
problems. At the beginning of the paper, the preconditioning
transformation is introduced to A-4DEnVar to avoid the inverse
of the B matrix. The algorithm is decomposed as inner and outer
loops to further improve its ease of implementation. Following
the derivation and combining with the IP scheme, we estimate
the spatially varying BFCs using the newly improved variant.
The estimation is based on the external mode of the Princeton
Ocean Model general coordinate system (POMgcs, Ezer and
Mellor, 2004), which is, in fact, a two-dimensional shallow water
equation. The effectiveness and good performance of A-
4DEnVar are validated by a twin experiment with some
known and randomly chosen BFCs. A practical experiment in
which the sea-level evaluation observations are generated from
the NAO (Matsumoto et al., 2000) tidal harmonic constant
datasets (https://www.miz.nao.ac.jp/staffs/nao99/data/nao99Jb.
tar.gz) is implemented to investigate the distribution of BFCs
in the Bohai and Yellow seas.

The remainder of this paper is organized as follows. In
section 2, the formulations and derivations of the operational
improved variant algorithm are described in detail. Section 3
introduces the numerical model and datasets. The data
assimilation experiment setups and their results are shown in
section 4. The last section lists the discussions and conclusions of
this study.
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2 Methodology

2.1 Preconditioning of the cost function

For the conventional 4D-Var scheme, the cost function is
defined as
J=1(x0-x,) B (% —x,) + 1 (A - 4) ' C (A - Ay)

T2

+%E[%i%i(x0>)') -y R [l (x0, A) -y )

where x, and A are the initial conditions and the parameters
in dynamic models. x;, and B are the background initial
conditions and the corresponding background error
covariance. Here, a priori or background parameter A, and
error covariance C are also included for the combined
estimation problem, but they are not always explicit in
practice. The dynamic model evolving from f, to t; is denoted
as .Z4; =. The observation operator at time step f; is .7%; . y; and
R; are the observations and their error covariances, respectively.
Although the cost function mentioned above contains the
estimation of the initial conditions and parameters
simultaneously, it is convenient to reconstruct it to the
estimation problems in which only initial condition or
parameters are considered. However, to simplify the
descriptions below, we consider Equation 1 directly and
without any modifications for both initial condition estimation
and parameter estimation problems.

The cost function in A-4DEnVar is similar with that in
conventional 4D-Var except for the expression of independent
variables that are composed of an approximation of the truth
(denoted as x; and A*) and their perturbations (denoted as X,
and 2) to better illustrate an iterative algorithm. That is

]:%(io +x;—xb)TB" (io +x;—xb) +%(i+l’—lb)TC" (i+l’—lb)
(2)

+%E [%i/li,»(:"cu +x5,4 +l*) —y[} TRfl {Z/,/fl, (5(0 + X, A+ l») —y,}

If there are no precondition processes, a straight way to
obtain the minimum of the cost function is to calculate its
gradient as done in the original A-4DEnVar. In the initial
optimization problems, for the fixed xg, the gradient of the
cost function with respect to perturbations are

V(%) = B! (xo . xb) £ (M,-\;) TH,TR;‘ [75’,./%,. (x; + 5:0,/1) —y,}
(3)

Due to the large dimensions of the background error
covariances, accurate calculations for the inverse matrix B!
require a lot of computational resources. If the localizations
are not considered, an elegant way is to estimate them with the
covariances of several (often less than 100) ensemble members
so that the inverse is, in fact, replaced with the pseudo-inverse

frontiersin.org
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matrix [see the appendix of Liang et al. (2021) for details)].
However, localizations play a significant role in the construction
of the background error covariances and are often irreplaceable
in operational systems to eliminate the long-distance pseudo-
correlations. The elegant way would introduce some unexpected
errors into gradient. Similar questions also exist in parameter
estimations if the dimension of parameters is large. A convenient
way is to remove the inverse matrix in Equations 2 and 3
through a precondition process as described below.

To avoid the calculation of the inverse of B, one often
preconditions the independent variable using x, = B@. The
cost function is hence expressed as
=1 (Bw +xy - xb) "B (Ba) +xy -

J(o) x ) 1(A-4)"C

. [% «, (x; + Bo, ;,) _ y,,] gt [:7/,-/%,- (xE +Bo, A) —y,}

(Ao~ A)
4

In fact, the terms corresponding to the parameters are
treated as constants in the initial condition estimation
problem. The gradient of the cost function is

T
V(@) = Bo - (xb - x;) +S (BMJ;) HIR

i

,71 [7/,./%,- (x: +Bw,),) —y,} (5)

where H; denotes the tangent linear model of the observation
operator ;. It should be noted that the value of tangent linear model

| + and, hence, the structure of cost function depends on xo, the
prlor approximation of the truth. Thus, to achieve the minimization
of the cost function in Equation 1, x0 should be updated iteratively.

Since X, is a small perturbation, the Taylor expansions of the
dynamic model operators indicate that

(3 + %) = (%) + M| <o ©)
or it can be further simplified as
X = Mi|x:5€0 (7)

in which M; | + is the tangent linear model of . 74;. Equation
7 provides an efficient way to estimate the tangent linear model.
The processes are similar to what was mentioned in Liang et al.
(2021). Once there are N sufficient samples of X, and X;, denoted

as Xo = (%3, %3, -, &) )and X; = (&}, &2, -, V), respectively, the
tangent linear model satisfies
X;= Mi\x*;‘o (8)
0

The least squares estimation of the tangent linear model is

Mz‘|x* = [ﬁxoxo] %XX(? 9
0
if the dimension of state variables is not large and XoXJ is
full rank. It is clear that for different X, (although the X; is
different in this situation), Equations 8 and 9 are satisfied. Thus,
the generation of ensemble does not influence the estimation of

the tangent linear models and adjoint models. Otherwise,
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Mi|x: = [%X(?XOTI#XgXi = X;X; (10)
where a pseudo-inverse of X, denoted as Xg = [X{ X ] X{
is adopted. In this situation, the estimations of tangent linear
models are different with the difference of space generated by
ensemble members. The widely used EOFs should be used to
construct reasonable ensembles. However, due to the fact that
the IP scheme is adopted in this paper, this situation is avoided
actually. Substituting the M ,-\x* into Equation 5 yields the
estimation of the gradient
V(o) = Bo - (xb - x;) + 2 (BMJg)TH;"Rfl {%,/ﬂ, (x; + Bo, ,1) - y,] (11)

Equation 11 is the gradient of cost functions with respect to
the precondition variables in the initial condition optimization
problems. The construction details of BM "‘x* are related to the
generation of the ensemble members, which will be discussed in
the next subsections.

For the parameter estimation, the processes and derivations
are similar as what was derived in the initial condition
estimation except for some details. Set parameters are
composed of prior components and perturbation components.
That is

A=2"+2 (12)
and, again, assume that
A=Co (13)
The parameter perturbations have
ﬂi<x0,l*+i> z%,‘()‘fo,l*) +Mi|2'*i (14)

where the tangent linear model is about the parameter
variables 1.

Let

A=@A42% -,

columns and their corresponding state variable perturbations

AY) be a matrix with N samples of A as its

also be composed of a matrix named as 5(,-. Then, the
estimation of

Mj|* is
Wl = (RAAT) 3 XAT (15)
when the /UlT is full rank. Otherwise, the estimation is
Ml = [FA'A] 427X =27 (16)

where A" is the pseudo-inverse of A.
The cost function for parameter estimation is expressed as

J(@) =3 (x x)+i (A +co-2,)"C
%E[%i/”i(xo)ﬂ* +Co) -y

—x,) "B (% - A+ Co-Ay)

R [, (%0, A" + Co0) — ;] (17)
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The gradient with respect to @ is

V(@) =Co- (A -A") + E(CM,.\A»)TH,TR,’IR," (7, (%0, A" + Co0) - y;]  (18)

Again, the generation of ensemble members will be
discussed in the next sections.

Since the gradients are obtained, combining with a suitable
optimization method [e.g., the linear research gradient descent
method, the Newton descent method, and the limited-memory
quasi-Newton method (L-BFGS) method], the minimization of
the cost function can be calculated.

2.2 Generation of the ensemble
perturbations

In subsection 2.1, we presented the framework of A-
4DEnVar with precondition variables. The remaining question
is how to generate reasonable ensemble perturbations in
practice. To ensure an accurate estimation of tangent linear
models in Equations 10 and 16, the basic assumption is that the
magnitudes of perturbations should be much smaller than that
of independent variables. It must be mentioned that the errors
generated by a probability density distribution with the
covariance B (for initial estimation) or C. (for parameter
estimation) are usually not available. However, for initial
conditions, it is presented above

BMi|x: = B%Xoiﬂf%)}’if{g (19)
or
BM,.|x: = BX,X; (20)
and, for parameters,
CM|p» = c(ﬁiﬂ)_}&f 1)

10.3389/fmars.2022.1084159

or
CM,|;» = CA'X, (22)

If setting the ensemble perturbation covariances to be
L X X! =~ uB (23)

and

LAA" = uc (24)

The inverse terms in Equations 19-21 are eliminated. For
initial condition estimation, the gradient is

V] =Bw- (x,, - x;) +3 HLNXUX?H,TRyl {,%’,./%i (x; +Bo, 2.) - yi]

i

(25)

For parameter estimation, the gradient is

i

Vj=Co- (A -1")+ EuiNiX,TH,TR;]R;‘ (%4t (x0, X" + Co) - y)]
(26)

Note that the gradients in Equations 25 and 26 are calculated
through ensemble perturbations under the assumption that xg
and A* are fixed. Thus, once the convergence of prediction
variable @ is achieved, x; and A* should be updated. The
complete algorithm is composed of two parts, i.e., the
iterations of @ and the updates of x; and/or A*. A further
development is to leave the iterations into outer loops in which
several inner loops are included. The steps for the operational
improved A-4DEnVar are described below in Figure 1.

In the outer loops, the ensemble perturbations are generated
based on the uB (and/or uC), and then, they are added to the
approximation state variables to obtain the initial conditions or
parameters of the ensemble members. The ensemble initial field
and parameters are reconstructed in the outer loops of each
cycle. The main computational costs for the integrations of
ensemble members are only needed in the outer loops,

The outer loops

Combined with the precondition transformations

The precondition

FIGURE 1

The flowchart of the operational improved analytical four-dimensional ensemble variational (A-4DEnVar).
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whereas the inner loops focus on the iteration of precondition
state variables.

2.3 The independent point scheme

The basic assumption of IP scheme is that the features or
characters of the variables to be optimized (such as spatially
distributed BFCs) can be determined by the variables located at
some key points (Wang et al., 2021). In data assimilation, only
these key variables are optimized directly, whereas other general
variables are optimized by using interpolation methods (such as
Cressman method and uniform or nonuniform spline
interpolation methods) based on these key variables. The IP
scheme restricts estimation problems from the variable space to
the IP space. In practice, the key points are often chosen to be far
away from each other so that they are considered to be
independent. The background error covariance in the IP space
is thus simplified as a diagonal matrix. Meanwhile, the
interpolation coefficients are determined by the distances
between points; hence, the adjacent points have similar values,
obviously. It can be seen that the IP scheme not only reduces the
dimension complexity but also introduces an implicit
localization in data assimilation schemes.

If the Cressman method (Cressman, 1959) is adopted, it can
be described as

N
Fy = S W,F, (27)
i=1
2_ 32
(Rz df) gi <R
Wy = (v (28)
0 dg,» >R

where F, denotes the variable located at a general point, F; is
the variable located at a key point and/or IP, and Wy; is the
Cressman coefficient that is determined by the distance between
the general point and the IP i.e., dg, and a predefined
parameter R.

3 The numerical model

3.1 Governing equations of
forward model

Here, the external mode of the Princeton Ocean Model
(POM, Blumberg and Mellor, 1987) is used to simulate tides
and tidal currents. The attributes of the POM model include the
sigma-coordinate system, curvilinear orthogonal coordinates
with an Arakawa C differencing scheme in the horizontal grid,
explicit horizontal time differencing, and implicit vertical time
differencing. The free surface and split time step method is
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adopted in which the two-dimensional external mode uses a
short time step for a high-accuracy surface simulation and the
three-dimensional internal mode uses a long-time step to reduce
the computational cost. Based on the framework of POM, the
POMgcs is extended to a mixed coordinate system to make the
z-coordinate and sigma-coordinate compatible.

After the variables are integrated in the original three-
dimensional model from the bottom to the top, the governing
equations in the external mode (in z-coordinate) for BFC
estimation is

5, [ ] o

8(n+H)? . n o, N N
=+ Vi (n+H)‘h/lh/ +V,,»/ (v v h)dz+f(n+H)<k>< Y:
n h

B n/orn. 1 n_
7g(n+H)Vh(n—n)—th /H(/ pgdz)dz+;(/ pgdz>|z:—HV,1H
- z 0 z

(29)

-T+ 7
top  bottom
where V), = (%,%) is a Hamilton operator in the

horizontal directions. The meanings of other symbols are
listed in Table 1.
The bottom friction is calculated by

14
h

14 (30)

T = (Tow Toy) = PoCa

bottom

where C, is the BFCs to be optimized.

3.2 Model setting

The model domain is the Bohai and Yellow seas, which
covers from 35°N to 41°N in latitudes and 117.5°E to 127.25°E in

TABLE 1 The symbols in the external mode of the Princeton Ocean
Model with the generalized coordinate system.

Symbols Variables Units
t Time s
n Sea surface height m
H Depth m
gz Average current velocity ms’!
v/ " Current perturbation ms!
f Coriolis parameter st
g Gravity ms?
Po Average density kgm?
P Density perturbations kgm?
T Surface friction m* s
top
T Bottom friction m* s
bottom
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longitudes. The gridded topography is interpolated from the
ETOPOS datasets. It is shown (in Figure 2) that the depths are all
less than 85 m, such that the tide is a basic and major motion in
this area. The spatial resolutions are all 1/12° in the east and
north directions. In POMgcs, the integration time step is 4 s,
which is much enough to simulate the M, constituent.

A static initial condition with zero sea surface height and
current velocity is used to spin up the model. Due to the fact that
the external mode of POMgcs (a shallow water model) is adopted,
the temperature and salinity in initial and open-boundary
conditions are constant. The open-boundary conditions
including the tide (sea-level height evolution) and tidal currents.
Both of them are fixed in the BFC optimization experiments. The
open-boundary tide sea-level heights are calculated through the
tidal harmonic constants from the same datasets that used to
generate the observations, ie., the NAO datasets. However,
because the NAO datasets do not provide the harmonic
constants of tidal currents, we have to generate tidal currents
from the harmonic constants of TPXO7 (Egbert and Erofeeva,
2002) datasets. To eliminate the misfits of tide and tidal currents,
we assimilated the same observations with a fixed-background
BEC (that is 0.0025 as used in below experiments) value to provide
the optimized open-boundary tidal currents before the inversion
of BFCs. The data assimilation method we used is also the
operational improved A-4DEnVar. The fixed value is consistent
with or close to what was used in other studies. In Yao et al.
(2012), the open-boundary conditions of the M, tidal constituent
in the Bohai and the Yellow seas are optimized with the BFCs
0.003. Fan et al. (2019) demonstrated that the value of BFCs in the
East China Shelf Seas varies from 0.001 to 0.003. Wang et al.
(2021) set the initial BFCs to 0.002 in their experiments. Following
these studies, we think that 0.0025 is a reasonable and acceptable
value in our study. Moreover, the forcing terms from the sea
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b
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FIGURE 2

The locations of independent points (IPs; marked with yellow crosses) and the observation stations in EXP 1 to EXP 5 (marked with red dots) for

bottom friction coefficient (BFC) optimization.
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surface such as wind stress, sensible and/or latent heat flux, and
precipitation are not included. The Coriolis parameter takes the
local value. The model ran from the 1st to the 7th of January in
2000 in which the first 6 days were used to spin up. All
observations are the sea-level heights of the M, tidal constituent.
After that, data assimilation based on A-4DenVar is implemented.

3.3 The locations of IPs and
observation stations

The factors that influence the BFC coefficients include
topography, water depth, and sediments. Regardless of the
attributes of these factors in detail, the distributions of BFCs
ought to be continuous and smooth in most regions. The trends
and/or characters of the distributions are able to be described
through several control points (namely, IPs mentioned above) as
indicated in studies. We followed these studies and conducted a
twin experiment (denoted as EXP 1) with 10 IPs and a suite of
practical experiments (denoted as EXP 2 to EXP 5) with 1, 4, 7,
and 10 IPs, respectively. With 10 IPs, we also tested the impacts
of observations on the data assimilation performances (EXP 1
and 5). In the last suite of experiments (EXP 6 and EXP 7),
density IP stations evenly distributed on an 1°x1° grids are used
so that smaller Cressman parameters would be acceptable.

As the main purpose of this paper is to show an operational
implementation for A-4DEnVar, we do not discuss how to
design a very strict optimal solution for IP locations.
Empirically, the selection principle of IPs is that they should
be distributed evenly and cover the entire simulation area as
much as possible. In EXP 1 to EXP 5, the locations of these
points are artificial and presented in Figure 2 (marked with
yellow crosses). The observations are calculated from either a

124°E

frontiersin.org


https://doi.org/10.3389/fmars.2022.1084159
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Liang et al.

twin model (in EXP 1) or the tidal constants of the NAO model
(in EXP 2 to EXP 5). The observations are located on stations
that gradually increase from 1°x1° (for both the EXP 1 and EXP
2), 1/2°x1/2°,1/4°x1/4° and 1/12°x1/12° in EXP 1 and 5 (the
station locations are not shown here). In EXP 6 and EXP 7, the
observational stations are only on the 1/12°x1/12° grids.
Furthermore, at each station, the simulated observation lasts
for 1 day at a frequency of 1 h. The Cressman parameter is set to
5° and fixed so that the whole simulation domain is covered even
with only one IP in EXP 1 to EXP 5, whereas it is set to be 2.5°
and 1.5° in EXP 6 and EXP 7, respectively.

4 Numerical experiments

4.1 The twin experiments (EXP 1)

The twin experiments are conducted to evaluate the
feasibility of A-4DEnVar, and the implementations are
expressed in the following steps. First, a suite of random
values varying from 1x10™ to 3 x 107 are assigned to the
BFCs of the 10 IPs. Second, with these values, the BFCs of the
general locations are calculated by the Cressman interpolation
method. Starting from the static initial condition and open-
boundary conditions mentioned in the above sections, the
external mode is integrated for 7 days. In the last 24 h,
observations without noise are provided from the simulated
“true” sea-level heights at the observation stations. Finally, the
operational improved A-4DEnVar is implemented for
data assimilation.

Due to the fact that the perfect observations are assimilated in
the twin experiment, the optimizations should trust the
observations as much as possible. To this end, the algorithm
starts from an initial iteration BFC value that is 0.0025 and the
background error covariance terms of the cost function are not
included. The ensemble size is set to be 10, which is equal to the
dimension of state variables, and the factor 1 is fixed to 10°°. The
stopping criteria for inner loops in each outer loop is important to
ensure the coverages of the algorithm. However, the ensemble
members and hence the value of tangent linear models and the
adjoint models are only updated in the outer loop; it is not
necessary to achieve a very exact global minimum in every inner
loop where the value of the adjoint models are fixed. Given the
balance between effectiveness and the computational cost,
empirically, it is convenient to limit the inner loops less than
five times in this paper. The outer loop iterations are terminated
once the value of the cost function does not decrease significantly.

Figure 3 shows the changes of the cost function value with
inner iterations when 1°x1° observational grids are employed.
Here, the zero IPs or the zero iterations mean the result without
data assimilation. It is clear that, with the iterations, the value of
the cost function decreases continually. The experiment results
indicate that the model after data assimilation is indeed
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FIGURE 3
The cost function value decreases with iterations in the twin
experiment with perfect observations on the 1°x1° grids.

restrained by the observations. With only one outer loop
containing five inner loops, the cost function decreases by
more than 77% of the initial cost function value. After 10
iterations, the algorithm converges to a local minimum of the
cost function. At the end of the iterations, the cost function value
is only 1.2% of the initial cost function value and is much close to
zero. However, because the influences of BFCs to the evolutions
of sea-level heights are complicated, it is hard to achieve the
global minimum for any gradient-based optimization algorithm.
The distributions of the BFCs are presented in Figure 4 of
which Figure 4A is the truth, Figures 4B to E are the experiment
results with increasing observational grids, i.e., 1°x1°, 1/2°x1/2°,
1/4°x1/4° and 1/12°x1/12°, respectively, and Figure 4F shows the
difference between the results in Figures 4E and 4A. These
patterns from EXP 1 are much similar with each other and the
experiment result performance is slightly better with the
increases of observations. With either sparse or density
observations, the proposed algorithm converges to a local
minimum of the cost function. Compared with the true BFCs,
all the absolute values of these misfits are under 4.5x10™* which
is much less than the values of BFCs. Specifically, in most areas,
the BFC values from experiment results are very close to the
truth but are larger in the west of the Yellow seas, near the open
boundary, and are smaller in the north of Bohai seas.

4.2 The practical experiments with
different IPs (EXP 2 to EXP 5)

As mentioned above, we designed four experiments
(denoted as EXP 2 to EXP 5) with 1, 4, 7, and 10 IPs,
respectively, to estimate the BFCs in Bohai and Yellow seas.
The settings of practical experiments are similar to that of the
twin experiment except for the number of IPs and the generation
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FIGURE 4

Distributions of the true BFCs (A) and that of experiment results with the 1°x1° (B), 1/2°x1/2° (C), 1/4°x1/4° (D), and 1/12°x1/12° (E) observational
grids. (F)is the difference between (E) and (A).

of observations. The locations of these IPs are the same as what cost function values at the beginning and the end of the
was mentioned in the twin experiments, whereas the iterations are both larger than that in the twin experiments.
observations are calculated from the harmonic constants of the The cost function value decreases by approximately 14% when
M, tidal constituent derived from the NAO tide model dataset only one IP is used. The trend that the minimum values of the
on their corresponding observation stations. cost function obtained by A-4DEnVar decreases with the

A great difference between the twin experiment and the increase of the IPs indicates that the distributions of BFCs are
practical experiments is that not only the uncertainty from BFCs better described with more IPs. When the number of IPs is 7 (in
but also that from other model parameters should be considered EXP 4), the optimization effect tends to be stable. After that,
simultaneously. However, how to distinguish these uncertainties increasing the number of IPs would not significantly improve
is complex and beyond the scope of this paper. Instead of the performance. Figure 5B presents the cost function values
discussing them in detail, we assume that these uncertainties changes with iterations while 10 IPs are used. Like what we see in
are reflected through the observations and the observational the twin experiment, the cost function values also decrease
errors are Gaussian white noise with a standard deviation of rapidly. In the first five inner iterations, the algorithm almost
0.1 m. In the cost function, the background values of BFCs are converges with the fixed ensemble members. After that, once the
0.0025 with a standard deviation of 0.001 (dimensionless). The ensemble members are updated in the outer loop, cost function
iteration processes in the practical experiments are set to be the values decrease a rather big step and then converges again in the
same with that in the twin experiments. inner loops. When 10 inner iterations are implemented, cost

For the experiment with 1°x1° observational grids, Figure 5A function values decrease by approximately 29.6%.
shows the impact of the number of IPs on the converged cost The amplitudes and phases of M, tidal constituents are also
function values in EXP 2 to EXP 5. What should be mentioned is calculated by the harmonic analysis process. In Figure 6, the
that, influenced by other uncertainties in the dynamic model, the cotidal chart from the study of Wang et al. (2021, Figure 6A) and
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The left (A) shows the impact of the number of IPs on the cost function values when EXP 2 to EXP 5 converged. The right (B) shows the impact
of the iterations on the cost function values when 10 IPs are used in EXP. 4.

the NAO dataset (Figure 6B) are shown, respectively. Compared
to them, it is clear that three amphidromic points in the
simulated area and the results we obtained are consistent with
those from other studies.

The cotidal chart differences between the control model
results (“CTL” in figures) before data assimilation and that
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FIGURE 6

charts before and after data assimilation.
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from the NAO model are shown in Figure 7A (for the
amplitudes denoted as “H”) and (B) (for the phases denoted as
“g”). Figures 7C, D are similar with those in Figures 7A, B but for
the results after data assimilation (“DA” in figures). Comparing
Figures 7A with C, it is shown that the amplitudes in the north of

the Yellow Sea and the middle of the Bohai Sea are much
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(A, B) are the differences of amplitudes and phases between the control model and NAO datasets, respectively. (C, D) are similar with (A, B) but

for the differences between data assimilation results and NAO datasets.

improved. For the phases, great improvements are presented in
the north of the Yellow seas around the amphidromic point near
(123.5°E, 37.5°N) and the middle of the Bohai Sea. The misfits
around (120°E, 40°N) in the north of the Bohai Sea are caused by
the different locations of the amphidromic points from the
results after data assimilation and NAO datasets. Considering
the amplitudes in these areas are almost zeros, although the

phases are not close enough to that from the NAO datasets, the
sea-level evolutions are, in fact, much closer.

Specifically, Figure 8 shows the data assimilation results
in EXP 5 with 10 IPs and different observation densities.
Again, consistent with the results in the twin experiment in
the above subsections, the patterns are much similar with
each other.
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The distributions of BFCs obtained here are much smooth.
This is mainly because only 10 IPs and a larger Cressman
interpolation parameter are used. For the experiment result in
Figure 8A, for example, the average BFC value in the simulation
areas is 1.323x10 and the maximum and minimum values are
3.179x107 and 9.276x10°>, respectively. For the same longitude,
the values of BFCs in the north are less, and, for the same
latitude, the values near the middle of the area are less than that
in the east or west areas.

4.3 The practical experiments with
different Cressman parameters (EXP 6
and EXP 7)

The last suite of experiments consists of EXP 6 and EXP 7.
For both of them, 35 IPs and the 1/12°x1/12° observational grids
are used. The optimization processes for them are the same as
those in the above subsections. The only differences between
them are the Cressman parameters, which are 2.5° and 1.5° in
EXP 6 and EXP 7 as mentioned in subsection 3.3.

The experiment results are shown in Figure 9. A larger
Cressman parameter might introduce some compensations
within the BFC values of IPs. Thus, in the above subsections,
the patterns are smoother and the optimization process is more
stable than what we obtained here, and, in Figure 9, the pattern
from EXP 6 is smoother than that from EXP 7. In Figure 9A, the
minimum values of BECs are located near (37°N, 123°E) in the
Yellow seas and the north of the Bohai seas. The maximum
values are approximately 5.487x107 and distributed along the
east shores in the Yellow seas. In Figure 9B, with a smaller
Cressman parameter, the distribution of the BFCs shows more
local features and details. The maximum values are also
distributed along the east shores in the Yellow seas, whereas
the minimum values appear at (37°N, 123°E).

A straight intuitive comparison of the data assimilation
results is provided through the cotidal charts from EXP 6 and
EXP 7 in Figures 10A, B. The differences between the NAO

10.3389/fmars.2022.1084159

dataset and EXP 6 [amplitudes in (Figure 10C) and phase in
(Figure 10D)] are also presented. Compared to Figures 7A, C, it
is clear that the differences of amplitudes are further decreased in
the Bohai seas and the north of the Yellow seas. A slight increase
occurs in the west of the Yellow seas. The differences of phases
are not changed significantly here.

How to choose the best Cressman parameter is a complex
issue to be discussed. The basic principle is to ensure that the
interpolation result can cover the full simulation domain.
Furthermore, if the stability of data assimilation processes can
be guaranteed, one should choose the parameter so that the cost
function convergences to a lower value. In Lu and Zhang (2006),
the Cressman parameter is set to 2° for a 1° IP grid. In this paper,
the cotidal charts from EXP 6 and EXP 7 are much similar to
each other and the difference between their cost function values
after convergences is less than 2% of its initial value. Based on
this evidence, we think that both of the two parameters are
acceptable. A more objective and accurate approach might be
discussed in the future.

5 Summary

A-4DEnVar is one of the most cutting-edge hybrid data
assimilation schemes. In early studies, both theoretical and
experimental studies based on ideal chaos dynamic models
have shown its equivalence to the conventional 4D-Var and
avoided the adjoint models. As we all know, there are still several
issues to be explored if one wants to apply the theory and
algorithm ideas into an operational system.

This paper is a bridge from the theoretical algorithm to
practical operational developments. To reduce the
computational cost caused by the inverse of the B matrix,
precondition variables are introduced. The algorithm is further
designed as an outer—inner loop structure. The ensemble
members and hence the estimated corresponding adjoint
model values in 4D-Var are updated only in the outer loops so
that too-frequent updates of the ensemble members are avoided.
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FIGURE 9

The BFC distributions after data assimilation with the same 35 IPs, 1/12°x1/12° observational grids but with Cressman parameter 2.5° (A) in EXP 6

and 1.5° (B) EXP 7.

Frontiers in Marine Science

0.0E+00

12

40°N

36°N

126°E

118°E 120°E 122°E 124°E

frontiersin.org


https://doi.org/10.3389/fmars.2022.1084159
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Liang et al. 10.3389/fmars.2022.1084159
40°N 40°N
38°N 38°N
36°N 36°N
N
/ s de , .
118°E 120°E 122°E 124°E 126°E 118°E 120°E 122°E 124°E 126°E
Difference of H (DA-NAO) Difference of g (DA-NAO)
40°N
38°N
36°N
118°E 120°E 122°E 124°E 126°E 118°E 120°E 122°E 124°E 126°E
FIGURE 10
The cotidal chart from EXP 6 (A) and EXP 7 (B) and the differences between EXP 6 and NAO for amplitudes (C) and phases (D).

The inner loops focus on the gradient-based optimization of the
precondition variables. The local minimum of the precondition
variables is combined to the increments of state variables in
outer loops.

The IP scheme is, in fact, an implicit localization method to
construct an empirical B matrix. In practice, the values of the IPs
are optimized using data assimilation, and the values of other
general points are calculated through interpolation methods
such as the Cressman method, linear method, and spline
interpolation method. Due to the fact that only IPs are
explicitly optimized, the IP scheme can reduce the freedom
degree and the complicity of the data assimilation process. In the
framework of the operational improved A-4DEnVar, the
combination of independent schemes makes it possible to
restrict the optimization problems on the IP space.
Considering that the number of IPs is much less than that of
original variables, the ill-posedness is, in fact, limited. Moreover,
the IP scheme also introduces an implicit localization that
increases the stability of the algorithm.

We constructed the twin experiments and practical
experiments to validate the performance of the improvement
variant of the A-4DEnVar on the optimization of the BFCs in
the Bohai and Yellow seas. In the twin experiment, the perfect
observations are used and the cost function decreases rapidly. In
the practical experiment, the observations calculated from the
tidal harmonic constants of the NAO tide model are used.
Compared with the cotidal chart from the original NAO
datasets, both the tidal heights and lag phases are improved.
After assimilation, the BFCs of the open-sea areas are larger than
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that of the coastal areas for the same latitude, and, for the same
longitude, the BFCs of the Bohai Sea are slightly smaller than
that of the Yellow Sea. It is concluded that the operational
improved variant of A-4DEnVar works well in the spatially
distributed parameter estimation problems.

We demonstrate that, if without the operational
improvement, it is a difficult task for the original A-4DEnVar
to optimize the BFCs in such vast areas. On the one hand, to
construct a full-rank background error covariance and ensure a
proper estimation of the adjoint model, the original A-4DEnVar
has to generate more than 4,000 (which is the number of BFCs in
the POMgcs model) ensemble members. It is clear that the
burden of computation cost is too high if the IP scheme is not
considered. On the other hand, the local correlations of these
BFCs are hard to construct if the Cressman interpolation (or
other interpolation skill) method is not considered. It would be a
trouble to calculate the inverse of such a big background error
covariance matrix, too. In summary, although better
improvements might be proposed for A-4DEnVar in the
future, in this stage, the IP scheme is necessary and cannot be
replaced or ignored in the experiments.

In addition to the issues above, there are some points that are
beyond the scope of this paper, but they should be studied in our
future studies. On the one hand, this paper explores the
performance of A-4DEnVar on the parameter estimation with
an implicit localization method, but the proposed algorithm
should be widely validated in the initial condition field
estimation with large freedom degrees. On the other hand,
only the M, tide constituent is mentioned in this paper.
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However, many tidal constituents are combined with each other
in the real world. It is worthwhile to apply the improved scheme
to the inversion of BFCs under a more realistic model.

Data availability statement

The original contributions presented in the study are
included in the article/Supplementary Material. Further
inquiries can be directed to the corresponding author.

Author contributions

KL and WL had the conceptualization and methodology;
GH and XW validated the result; KL wrote the manuscript and
WL, GH, XW, and XQ reviewed it. All authors have read and
agreed to the published version of the manuscript.

Funding

This research was funded by grants from the National Key
Research and Development Program (2022YFC3104804 and
2021YFC3101501) and the National Natural Science
Foundation (41876014) of China.

References

Blumberg, A. F., and Mellor, G. L. (1987). “A description of a three-dimensional
coastal ocean circulation model,” in Three-dimensional coastal ocean models,
coastal estuarine studies 4. Ed. N. S. Heaps (Washington: American Geophysical
Union), 1-16.

Buehner, M. (2005). Ensemble-derived stationary and flow-dependent
background-error covariances: Evaluation in a quasi-operational NWP setting.
Q.J.R. Meteorol. Soc 131 (607), 1013-1043. doi: 10.1256/qj.04.15

Buehner, M., Houtekamer, P. L., Charette, C., Mitchell, H. L., and He, B. (2010a).
Intercomparison of variational data assimilation and the ensemble kalman filter for
global deterministic NWP. part I: Description and single-observation experiments.
Mon. Wea. Rev. 138 (5), 1550-1566. doi: 10.1175/2009MWR3157.1

Buehner, M., Houtekamer, P. L., Charette, C., Mitchell, H. L., and He, B.
(2010b). Intercomparison of variational data assimilation and the ensemble kalman
filter for global deterministic NWP. part II: One-month experiments with real
observations. Mon. Wea. Rev. 138 (5), 1567-1586. doi: 10.1175/2009MWR3158.1

Courtier, P., and Talagrand, O. (1987). Variational assimilation of
meteorological observations with the adjoint vorticity equation II: Numerical
results. Q.J.R. Meteorol. Soc 113, 1329-1347. doi: 10.1002/qj.49711347813

Cressman, G. P. (1959). An operational objective analysis system. Monthly Weather
Rev. 87, 10, 367-374. doi: 10.1175/1520-0493(1959)087<0367:A00AS>2.0.CO;2

Egbert, G. D., and Erofeeva, S. Y. (2002). Efficient inverse modeling of barotropic
ocean tides. J. Atmospheric Oceanic Technology. 19, 183-204. doi: 10.1175/1520-
0426(2002)019<0183:EIMOBO>2.0.CO;2

Evensen, G. (1994). Sequential data assimilation with a nonlinear quasi-
geostrophic model using Monte-Carlo methods to forecast error statistics. J.
Geophys. Res. 99, 10143-10162. doi: 10.1029/94JC00572

Evensen, G. (2004). Sampling strategies and square root analysis schemes for the
EnKF. Ocean Dynam. 54, 539-560. doi: 10.1007/s10236-004-0099-2

Ezer, T, and Mellor, G. L. (2004). A generalized coordinate ocean model and a
comparison of the bottom boundary layer dynamics in terrain-following and in z-level
grids. Ocean Modelling. 6 (3-4), 379-403. doi: 10.1016/51463-5003(03)00026-X

Fan, R,, Zhao, L., Lu, Y., Nie, H., and Wei, H. (2019). Impacts of currents and
waves on bottom drag coefficient in the East China shelf seas. J. Geophysical
Research: Oceans 124 (11), 7344-7354. doi: 10.1029/2019jc015097

Frontiers in Marine Science

10.3389/fmars.2022.1084159

Acknowledgments

The authors acknowledge valuable discussions with Hanyu
Liu, Song Hu, and Ru Wang from the School of Marine Science
and Technology of Tianjin University.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

Goodlift, M., Amezcua, J., and Van Leeuwen, P. J. (2015). Comparing hybrid
data assimilation methods on the Lorenz 1963 model with increasing non-linearity.
Tellus A 67 (1). doi: 10.3402/tellusa.v67.26928

Guo, Z., Pan, H. D, Fan, W., and Lv, X. Q. (2017). Application of surface spline
interpolation in inversion of bottom friction coefficients. J. Atmos. Ocean. Technol.
34 (9), 2021-2028. doi: 10.1175/JTECH-D-17-0012.1

Kalnay, E., Li, H., Miyoshi, T., Yang, S. C., and Ballabrera, J. (2007). 4D-var or
ensemble kalman filter? Tellus A. 59 (5), 758-773. doi: 10.1111/j.1600-
0870.2007.00261.x

Liang, K., Li, W,, Han, G, Shao, Q., Zhang, X, Zhang, L., et al. (2021). An
analytical four-dimensional ensemble-variational data assimilation scheme. J. Adv.
Modeling Earth Syst. 13, €2020MS002314. doi: 10.1029/2020MS002314

Liu, C,, and Xiao, Q. (2013). An ensemble-based four-dimensional variational
data assimilation scheme. part III: Antarctic applications with advanced research
WREF using real data. Mon. Wea. Rev. 141 (8), 2721-2739. doi: 10.1175/MWR-D-
12-00130.1

Liu, C,, Xiao, Q., and Wang, B. (2008). An ensemble-based four-dimensional
variational data assimilation scheme. part I: Technical formulation and preliminary
test. Mon. Wea. Rev. 136 (9), 3363-3373. doi: 10.1175/2008MWR2312.1

Liu, C,, Xiao, Q., and Wang, B. (2009). An ensemble-based four-dimensional
variational data assimilation scheme. part II: Observing system simulation
experiments with advanced research WRF (ARW). Mon. Wea. Rev. 137 (5),
1687-1704. doi: 10.1175/2008MWR2699.1

Liu, C. S., and Xue, M. (2016). Relationships among four-dimensional hybrid
ensemble-variational data assimilation algorithms with full and approximate
ensemble covariance localization. Mon. Wea. Rev. 144, 591-606. doi: 10.1175/
MWR-D-15-0203.1

Lorenc, A. C,, Bowler, N. E, Clayton, A. M., Pring, S. R,, and Fairbairn, D.
(2015). Comparison of hybrid-4DEnVar and hybrid-4DVar data assimilation
methods for global NWP. Mon. Wea. Rev. 143 (1), 212-229. doi: 10.1175/MWR-
D-14-00195.1

Lu, X. Q,, and Zhang, J. C. (2006). Numerical study on spatially varying bottom
friction coefficient of a 2D tidal model with adjoint method. Continental Shelf Res.
26 1905-1923. doi: 10.1016/j.csr.2006.06.007

frontiersin.org


https://doi.org/10.1256/qj.04.15
https://doi.org/10.1175/2009MWR3157.1
https://doi.org/10.1175/2009MWR3158.1
https://doi.org/10.1002/qj.49711347813
https://doi.org/10.1175/1520-0493(1959)087%3C0367:AOOAS%3E2.0.CO;2
https://doi.org/10.1175/1520-0426(2002)019%3C0183:EIMOBO%3E2.0.CO;2
https://doi.org/10.1175/1520-0426(2002)019%3C0183:EIMOBO%3E2.0.CO;2
https://doi.org/10.1029/94JC00572
https://doi.org/10.1007/s10236-004-0099-2
https://doi.org/10.1016/S1463-5003(03)00026-X
https://doi.org/10.1029/2019jc015097
https://doi.org/10.3402/tellusa.v67.26928
https://doi.org/10.1175/JTECH-D-17-0012.1
https://doi.org/10.1111/j.1600-0870.2007.00261.x
https://doi.org/10.1111/j.1600-0870.2007.00261.x
https://doi.org/10.1029/2020MS002314
https://doi.org/10.1175/MWR-D-12-00130.1
https://doi.org/10.1175/MWR-D-12-00130.1
https://doi.org/10.1175/2008MWR2312.1
https://doi.org/10.1175/2008MWR2699.1
https://doi.org/10.1175/MWR-D-15-0203.1
https://doi.org/10.1175/MWR-D-15-0203.1
https://doi.org/10.1175/MWR-D-14-00195.1
https://doi.org/10.1175/MWR-D-14-00195.1
https://doi.org/10.1016/j.csr.2006.06.007
https://doi.org/10.3389/fmars.2022.1084159
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Liang et al.

Matsumoto, K., Takanezawa, T., and Ooe, M. (2000). Ocean tide models
developed by assimilating TOPEX/POSEIDON altimeter data into
hydrodynamical model: A global model and a regional model around Japan. J.
Oceanography. 56, 567-581. doi: 10.1023/A:1011157212596

Oddo, P., Storto, A., Dobricic, S., Russo, A., Lewis, C., Onken, R, et al. (2016). A
hybrid variational-ensemble data assimilation scheme with systematic error
correction for limited-area ocean models. Ocean Sci. 12 (5), 1137-1153.
doi: 10.5194/0s-12-1137-2016

Pan, H., Guo, Z.,and Lv, X. (2017). Inversion of Tidal Open Boundary Conditions
of the M2 Constituent in the Bohai and Yellow Seas. J. Atmospheric and Oceanic
Tech. 34 1661-1672. doi: 10.1175/JTECHD-16-0238.1

Qian, S. H,, Wang, D. S,, Zhang, J. C,, and Li, C. Y. (2021). Adjoint estimation
and interpretation of spatially varying bottom friction coefticients of the M2 tide for
a tidal model in the bohai, yellow and East China seas with multi-mission satellite
observations. Ocean Modelling. 161. doi: 10.1016/j.ocemod.2021.101783

Rabier, F., Jirvinen, H., Klinker, E., Mahfouf, ].-F., and Simmons, A. (2000). The
ECMWEF operational implementation of four-dimensional variational assimilation.
I: Experimental results with simplified physics. Q.J.R. Meteorol. Soc 126, 1143—
1170. doi: 10.1002/qj.49712656415

Rawlins, F., Ballard, S. P., Bovis, K. J., Clayton, A. M., Li, D., Inverarity, G. W.,

et al. (2007). The met office global four-dimensional variational data assimilation
scheme. Q.J.R. Meteorol. Soc 133, 347-362. doi: 10.1002/qj.32

Stammer, D., Wunsch, C,, Giering, R,, Eckert, C., Heimbach, P., Marotzke, J.,
et al. (2002). Global ocean circulation during 1992-1997, estimated from ocean
observations and a general circulation model. J. Geophys. Res. 107 (C9), 3118.
doi: 10.1029/2001JC000888

Storto, A., Oddo, P., Cipollone, A., Mirouze, 1., and Lemieux, B. (2018).
Extending an oceanographic variational scheme to allow for affordable hybrid
and four-dimensional data assimilation. Ocean Modelling. 128, 67-86.
doi: 10.1016/j.0cemod.2018.06.005

Talagrand, O., and Courtier, P. (1987). Variational assimilation of
meteorological observations with the adjoint vorticity equation. I: Theory. Q.J.R.
Meteorol. Soc 113, 1311-1328. doi: 10.1002/qj.49711347812

Tian, X., Han, R,, and Zhang, H. (2020). An adjoint-free alternating direction
method for four-dimensional variational data assimilation with multiple parameter
tikhonov regularization. Earth Space Sci. 7, €2020EA001307. doi: 10.1029/
2020EA001307

Frontiers in Marine Science

15

10.3389/fmars.2022.1084159

Tian, X,, and Zhang, H. (2019a). A big data-driven nonlinear least squares four-
dimensional variational data assimilation method: Theoretical formulation and
conceptual evaluation. Earth Space Sci. 6, 1771-1774. doi: 10.1029/2019EA000735

Tian, X., and Zhang, H. (2019b). Implementation of a modified adaptive
covariance inflation scheme for the big data-driven NLS-4DVar algorithm. Earth
Space Sci. 6, 2593-2604. doi: 10.1029/2019EA000963

Tian, X., Zhang, H., Feng, X,, and Xie, Y. F. (2018). Nonlinear least squares
En4DVar to 4DEnVar methods for data assimilation: Formulation, analysis, and
preliminary evaluation. Mon. Wea. Rev. 146, 77-93. doi: 10.1175/MWR-D-17-
0050.1

Wang, D., Zhang, J., and Wang, Y. p. (2021). Estimation of bottom friction
coefficient in multi-constituent tidal models using the adjoint method: Temporal
variations and spatial distributions. J. Geophysical Res. Oceans 126, €2020JC016949.
doi: 10.1029/2020JC016949

Wunsch, C., and Heimbach, P. (2013). Dynamically and kinematically
consistent global ocean circulation and ice state estimates. Int. Geophysics 103,
553-579. doi: 10.1016/B978-0-12-391851-2.00021-0

Yao, Z., He, R,, Bao, X., Wu, D. X,, and Song, J. (2012). M2 tidal dynamics in
bohai and yellow seas: a hybrid data assimilative modeling study. Ocean Dynamics
62, 753-769. doi: 10.1007/s10236-011-0517-1

Zhang, ]. C., and Lu, X. Q. (2008). Parameter estimation for a three-dimensional
numerical barotropic tidal model with adjoint method. Int. . Numer. Methods
Fluids 57, 47-92. doi: 10.1002/ld.1620

Zhang, J. C., and Lu, X. Q. (2010). Inversion of three-dimensional tidal currents
in marginal seas by assimilating satellite altimetry. Comput. Methods Appl. Mech.
Eng. 199, 3125-3136. doi: 10.1016/j.cma.2010.06.014

Zhang, J. C,, Lu, X. Q., Wang, P., and Wang, Y. P. (2011). Study on linear and
nonlinear bottom friction parameterizations for regional tidal models using data
assimilation. Continental Shelf Res. 31, 6, 555-573. doi: 10.1016/j.csr.2010.12.011

Zhang, H., and Tian, X. (2018). A multigrid nonlinear least squares four-
dimensional variational data assimilation scheme with the advanced research
weather research and forecasting model. J. Geophys. Res. Atmos. 123, 5116-5129.
doi: 10.1029/2017JD027529

Zhang, J., and Wang, Y. P. (2014). A method of inversion of periodic open
boundary conditions in two-dimensional tidal models. Comput. Methods Appl.
Mech. Engrg. 275, 20-38. doi: 10.1016/j.cma.2014.02.020

frontiersin.org


https://doi.org/10.1023/A:1011157212596
https://doi.org/10.5194/os-12-1137-2016
https://doi.org/10.1175/JTECHD-16-0238.1
https://doi.org/10.1016/j.ocemod.2021.101783
https://doi.org/10.1002/qj.49712656415
https://doi.org/10.1002/qj.32
https://doi.org/10.1029/2001JC000888
https://doi.org/10.1016/j.ocemod.2018.06.005
https://doi.org/10.1002/qj.49711347812
https://doi.org/10.1029/2020EA001307
https://doi.org/10.1029/2020EA001307
https://doi.org/10.1029/2019EA000735
https://doi.org/10.1029/2019EA000963
https://doi.org/10.1175/MWR-D-17-0050.1
https://doi.org/10.1175/MWR-D-17-0050.1
https://doi.org/10.1029/2020JC016949
https://doi.org/10.1016/B978-0-12-391851-2.00021-0
https://doi.org/10.1007/s10236-011-0517-1
https://doi.org/10.1002/fld.1620
https://doi.org/10.1016/j.cma.2010.06.014
https://doi.org/10.1016/j.csr.2010.12.011
https://doi.org/10.1029/2017JD027529
https://doi.org/10.1016/j.cma.2014.02.020
https://doi.org/10.3389/fmars.2022.1084159
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

	An operational improvement of A-4DEnVar and its application to the estimation of the spatially varying bottom friction coefficients of the M2 constituent in the Bohai and Yellow seas
	1 Introduction
	2 Methodology
	2.1 Preconditioning of the cost function
	2.2 Generation of the ensemble perturbations
	2.3 The independent point scheme

	3 The numerical model
	3.1 Governing equations of forward model
	3.2 Model setting
	3.3 The locations of IPs and observation stations

	4 Numerical experiments
	4.1 The twin experiments (EXP 1)
	4.2 The practical experiments with different IPs (EXP 2 to EXP 5)
	4.3 The practical experiments with different Cressman parameters (EXP 6 and EXP 7)

	5 Summary
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


