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Abstract

Parameter estimation is defined as the process to adjust or optimize the model parameter using observations. A
long-term problem in ensemble-based parameter estimation methods is that the parameters are assumed to be
constant during model integration. This assumption will cause underestimation of parameter ensemble spread,
such that the parameter ensemble tends to collapse before an optimal solution is found. In this work, a two-stage
inflation method is developed for parameter estimation, which can address the collapse of parameter ensemble
due to the constant evolution of parameters. In the first stage, adaptive inflation is applied to the augmented
states, in which the global scalar parameter is transformed to fields with spatial dependence. In the second stage,
extra  multiplicative  inflation is  used to  inflate  the  scalar  parameter  ensemble  to  compensate  for  constant
parameter evolution, where the inflation factor is determined according to the spread growth ratio of model
states. The observation system simulation experiment with Community Earth System Model (CESM) shows that
the second stage of the inflation scheme plays a crucial role in successful parameter estimation. With proper
multiplicative inflation factors, the parameter estimation can effectively reduce the parameter biases, providing
more accurate analyses.
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1  Introduction
In oceanic and atmospheric models, physical processes and

dynamical motions with spatial scales smaller than the model
resolution cannot be fully resolved by the model equations. Con-
tributions from them are usually represented through subgrid-
scale schemes or parametrizations in numerical models. The
parametrizations formulate the unsolved small-scale effects as a
function of the resolved model variables, which can be derived
from either the physical laws or the empirical relations. It inevit-
ably involves a certain number of parameters, whose values are
intrinsically uncertain. The uncertainty in some parameters may
have great impacts on the model performance (Tong and Xue,
2008; Furue et al., 2015).

Parameter estimation (PE) is defined as the process to adjust
or optimize the model parameter using observations (Zhang et
al., 2020). PE has shown great potential to reduce model biases
and improve the model simulation and prediction (Wu et al.,
2016; Zhang et al., 2016). Most parameter estimation methods are
developed based on the data assimilation methods, which are
initially designed for generating estimates of model states

(Evensen et al., 1998). Particularly, the ensemble-based methods,
such as ensemble Kalman filters (Evensen, 2003) and particle fil-
ters (Liu and West, 2001), have been successfully applied for PE
(Ruiz et al., 2013). In these ensemble-based methods, the model
state can be augmented with a set of poorly known parameters
( Banks, 1992; Anderson, 2001). Updating the augmented state
with observations can therefore estimate the model state and
parameter simultaneously ( Kivman, 2003; Annan and Har-
greaves, 2004; Annan et al., 2005). In practice, PE is more difficult
than state estimation (SE) because the connection between para-
meters and observations is indirect, often nonlinear. It is even
more challenging if one estimates the parameters of a general cir-
culation model (GCM).

In GCMs, some parameters arise from the simplification of
the underlying physical processes, which may take a globally uni-
form value. It is found that assimilating numerous data to estim-
ate one single scalar parameter would over-adjust its value, bring
unexpected errors. Also, it is impractical to use observational in-
formation that has strong geographic dependence to update a
global parameter. Aksoy et al. (2006) propose a method that first  
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transforms a single-value parameter into a two-dimensional field
and then updates the field spatially in the analysis step. A spatial
average (SA) of the entire spatially varying parameter field is then
used to recover the globally uniform parameter value for model
integration. Besides, the geographic-dependent parameter op-
timization (GPO) is also developed to allow model parameters to
vary geographically after each analysis in particular models (Wu
et al., 2013). Liu et al. (2014a) proposed the adaptive spatial aver-
age (ASA) method for the recovery of the spatially uniform para-
meter value. It shows that ASA could be more effective than
either SA or GPO for parameter estimation in a coupled GCM
(Liu et al., 2014b).

One other issue of PE in GCMs is that parameters are usually
assumed to be constant during the model integration so that one
parameter only changes its value in the data assimilation step. As
a result, the parameter ensemble spread will decrease more rap-
idly than the state ensemble spread, and the parameter en-
semble tends to collapse before an optimal parameter value is
found (Santitissadeekorn and Jones, 2015). Gordon et al. (1993)
suggest an approach by adding small random disturbances to
state members between time steps to deal with the sample de-
generacy/attrition for state variables. Later on, this idea has been
extrapolated to PE by adding small perturbations to parameters.
Liu and West (2001) point out that the artificial parameter evolu-
tion by adding artificial perturbations would make the posteriors
too diffusive relative to the theoretical posteriors for the fixed
parameters. So, they proposed a new artificial model for the
parameter by kernel smoothing. These methods are designed for
particle filters, and they have been shown effective with moder-
ate dimensional models. However, due to the severe filter degen-
eracy problem in particle filters, it seems impractical to use these
methods to perform joint state/parameter estimation with GCMs.

Adding random perturbations between model steps in some
sense can be regarded as additive inflation. For the PE with en-
semble Kalman filter, Aksoy et al. (2006) propose an approach
called the conditional covariance inflation (CCI) to apply multi-
plicative inflation to the parameters. Liu et al. (2014a, b) also use
the CCI for parameter inflation for PE in coupled GCMs
(CGCMs). The CCI is designed to inflate the parameter ensemble
spread back to a predefined threshold value when it is smaller
than the threshold. However, their experiments do not use cov-
ariance inflation for state variables, which might lead to the de-
generacy of the state ensemble. Besides, the CCI will not take ef-
fect at the first few parameter estimation steps if the parameter
spread is larger than the threshold. This will bring incorrect para-
meter increments in the early stages, and cause the parameter es-
timation less effective. Besides, Koyama and Watanabe (2010)
apply multiplicative inflation to both state and parameter en-
sembles, but with different inflation factors. Their method is ap-
plied to the PE with an ideal Lorenz’ 96 model, and the inflation
factors are tuned empirically. However, more details need to be
developed to make it available with realistic applications.

In this work, a two-stage inflation method is developed for PE,
which can deal with the collapse of parameter ensemble due to
the constant evolution of parameters in a CGCM, i.e., the Nation-
al Center for Atmospheric Research Community Earth System
Model (NCAR-CESM). Specifically, the adaptive inflation (Ander-
son, 2009) is applied to the augmented state, in which the para-
meters are transformed to fields and attached to the state vectors;
and then multiplicative inflation is additionally used to inflate the
spatially averaged parameters before they are used for model in-
tegration. The inflation factor in the second stage is determined
according to the spread growth ratio (SGR) of model states dur-

ing the model integration, with which the inflation can remedy
the underestimation of parameter ensemble spread due to con-
stant parameter evolution.

This paper is organized as follows. The methods are de-
scribed in Section 2. The model and data are introduced in Sec-
tion 3. Section 4 presents the results of numerical experiments.
Summary and discussion are finally drawn in Section 5.

2  Method
In this work, the ensemble adjustment Kalman filter (EAKF;

Anderson, 2001) is used to perform state and parameter estima-
tions. The adaptive spatial average (ASA) method by Liu et al.
(2014a) is also used to transform a scalar parameter to a two-di-
mensional field in the analysis step and turn it back before mod-
el integration. The details of EAKF and ASA are introduced as fol-
lows.

x yo

(σo)
 h

h

If  denotes the state vector,  denotes a single scalar obser-
vation with variance  and  is the forward operator; the

EAKF algorithm first applies the operator  to each ensemble
member of the state, producing the ensemble of prior estimates
for the observation, namely,

y p
n = h (x p

n) ,n = , , · · · ,N, (1)

p n
y p

(σ
p
y )



y p
n

here, superscript  indicates prior and subscript  is the index of
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The posterior value in observational space can be computed
for each member by shifting the mean and linearly contracting

the members to make the sample variance exactly , i.e.,
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)
(ypn − yp) + yu, n = , , · · · ,N. (4)

The increment of each observation can update different mod-
el variables at different locations by regression using the follow-
ing equation,

xum,n = xpm,n + ρ
Σxm,y(
σ
p
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where  denotes the prior value of a variable at a particular
location indicated by the subscript  for the th member.

 is the covariance of  and , and  is the

correlation coefficient.  is the localization factor (Gaspari and
Cohn, 1999) which restricts the computation adjacent to the ob-
servation while removing the spurious long-distant relations due
to insufficient ensemble size.
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ηn

θm′,n = ηn m′

To estimate a global scalar parameter member , one should
add a spatial dependence to the parameter. The prior value of the
parameter field at each location is assumed to be uniform, i.e.,

, where  is the index of a parameter in the augmen-
ted state. And the observations are assimilated with the same co-
variance localization strategy as

θum′,n = θ
p
m′,n + ρrθm′ ,y

σ
p
θm′

σ
p
y
(yun − ypn). (6)

Therefore, the posterior values of the parameter are spatial
varying. For simplicity, it is assumed that the parameter is exten-
ded to a two-dimensional variable in the sea surface in the ana-
lysis step.

ρ=To show the concept of ASA, a simple scenario in which  is
considered. Using Eqs (4) and (6) , it can be derived that the up-
dated variance for the parameter at the location indicated by m is
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If substitute Eq. (2) into Eq. (7), it can be written as
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Denote , Eq. (8) strongly indicates that  can be an

index to select the good values from a posterior field. Since 

always smaller than , a smaller  makes both sides of Eq. (8)

closer to 1, representing that either the correlation of observa-
tion and parameter is stronger or the ratio of prior variance to the
total variance is larger at location . It can be sure that those
locations correspond to large  are good values that have the
most significant observation impacts, thus averaging them can
accelerate PE. Liu et al. (2014a) use a threshold of  for spatial av-
erage. The spatial varying posterior parameter field is averaged
over the regions in which  are larger than the threshold. They
also make the threshold adaptive to ensure a considerable
amount of good values are selected and averaged.

Covariance inflation is an ad-hoc method to prevent the en-
semble spread from narrowing due to model errors. In this work,
the time-varying adaptive inflation method developed by Ander-
son (2009) is applied to the augmented state ensemble. Inflation
is applied to the prior ensemble just before forward operators are
computed in Eq. (1) as

xinfm,n =
√
λm(xm,n − xm) + xm, (9)

θ
inf
m′,n =

√
λm′(θm′,n − θm′) + θm′ . (10)

λThe inflation factors  vary in different locations and with dif-
ferent variables/parameters, they also evolve adaptively with
time. For different locations or variables, the correlation between
any two elements of the inflation is assumed to be the same as
the prior sample correlation between the corresponding ele-
ments of the model state vector. The inflation is also updated ac-
cording to the observation by applying Bayes theorem. The de-
tails of the method can be found in Anderson (2009). However,

θm′,n

ηn λm′

since the two-dimensional parameter fields  are averaged to
a scalar  before model integration, the inflation factors  for
parameters are not updated from the previous step, they essen-
tially do not evolve with time.

η (t+ ) = η (t) σθm′

σxm

(yun − ypn)

η

As mentioned, the state ensemble spread will grow during the
model integration, but the parameter ensemble spread remains
unchanged due to the constant parameter evolution model, i.e.,

. It is not a surprise that  will be relatively un-
der-inflated comparing to  if only Eqs (9) and (10) are used for
covariance inflation. In that situation, the uncertainty of the
parameter is under-estimated, such that the observational incre-
ments represented by  can not effectively correct the
parameters. To deal with that, extra inflation is used for the scal-
ar global parameters  as follows,

ηn = η+ α(ηn − η),n = , , · · · ,N, (11)

η
α

where  is the ensemble mean of the parameter. The inflation
factor  will be computed and compared in the next section.

With Eqs (10) and (11), a two-stage inflation method is ap-
plied to the parameter ensemble to increase the ensemble
spread, whereas only one stage inflation is used for the state en-
semble. Eq. (11) is applied to the global scalar parameters, which
are not involved in the PE analysis. This extra inflation is em-
ployed to compensate for constant parameter evolution, which is
crucially important for GCMs.

3  Model and data

3.1  CESM

.◦×.◦

◦ .◦

The NCAR-CESM (version 1.2.1) is used in this study. This
model is a fully coupled earth system model, whose atmospheric
and oceanic components are the Community Atmosphere Mod-
el (CAM) and the Parallel Ocean Program version 2 (POP2; Smith
et al., 2010) respectively. The resolution of the atmosphere com-
ponent is horizontally , with 26 vertical levels for the
CAM model. The ocean component is integrated on a nominal
resolution of . Enhanced meridional resolution of  is em-
ployed in the equatorial region, and the ocean model is run with
60 vertical levels. The Data Assimilation Research Testbed
(DART, Karspeck et al., 2018) is employed to assimilate ocean ob-
servations into the CESM model, in which the adaptive inflation
method (Anderson, 2009) is available for model states and aug-
mented parameters.

O
(
−m/s

)
O
(
−m/s

)
O
(
−m/s

)

It is well acknowledged that one of the largest uncertainties in
ocean general circulation models (OGCMs) is related to the para-
meterization of vertical mixing processes; poorly specified
schemes can lead to a large bias in SST simulations (Zhu and
Zhang, 2018). The K-Profile Parameterization (KPP), (Large et al.,
1994) is used for vertical mixing parameterizations in the POP2
model. The background diffusivity, representing the integrated
effects of diapycnal mixing processes in the ocean interior, is as-
signed with a constant value magnitude of  in this
model. Also, the diapycnal diffusivity is reduced near the equat-
or, with a magnitude of  (Gregg, 2003). And the
Banda Sea di f fusivi ty  is  modif ied with a  magnitude of

 (Ffield and Gordon, 1992).
In this work, the ensemble data assimilation methods are

used to estimate the background vertical diffusivity coefficient
(call bckgrnd_vdc hereafter) in CESM (Smith et al., 2010), the
temperature and salinity profiles are assimilated to reduce the er-
rors and uncertainties in both model states and parameters.
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3.2  Observing system simulation experiment

cm/s cm/s

To verify the performance of state and parameter estimation
methods, the observing system simulation experiment (OSSE) is
conducted in this study. In OSSE, the reference states (which are
regard as the true states) are derived from the “truth run”, in
which the reference initial conditions and parameters are used.
Observations are selected from the true states with a prescribed
observation network. The parameter estimation experiment is
conducted with biased bckgrnd_vdc, and the synthetic ocean
temperature (T) and salinity (S) observations are assimilated to
estimate the parameter. The procedure of the OSSE can also be
seen from the flow-diagram in Fig. 1, where the reference bck-
grnd_vdc = 0.16 , and the initial guess of it is 0.10  for

both control run and state estimation experiment.
To better simulate the reality, the TS-profile locations and er-

ror variances are adopted from the EN4 quality controlled ocean
data (https://www.metoffice.gov.uk/hadobs/en4/download-en4-
2-1.html) over the years 2010 and 2011. Since the assimilation
time window is 10 days, all temperature and salinity data over the
period are assimilated at the same time. To prevent the over-fit-
ting due to excessive observations, those profile data are typic-

◦ × ◦ally merged into  grids with at most 42 vertical levels
(Good et al., 2013) in assimilation, in which the mean value and
variance of the data in each grid block are regarded as its obser-
vational value and error variance respectively. In this experiment,
the synthetic observations are created using the locations and er-
ror variances of the EN4 profiles. As an example, Fig. 2 shows the
locations of the period January 1−10, 2010, which vary at each as-
similation step.

−

To perform the SE and PE, an ensemble size of 20 is used in
all of the experiments. The initial conditions for the experiment is
generated from a 150-years simulation using the built-in initial
condition of the coupled model, which could ensure that the ini-
tial conditions were adequately spun-up. The pseudo-random
fields (Evensen, 2003) with 20 layers and with a magnitude of

°C are added to the temperature of each ensemble member.
And then the model is integrated for a spinup period of 1 year to
ensure the ensemble spread develop sufficiently.

One of the 20 members is selected as the initial condition for
the truth run. If these ensemble members are used for data as-
similation experiments, the uncertainty of initial states would be
relatively small, such that the SE can soon reach the quasi-equi-
librium, a situation that the uncertainty of model states is suffi-
ciently constrained by observations. As Zhang et al. (2012) sug-
gests, only when the SE reaches the quasi-equilibrium, the cov-
ariances between parameters and model states can be signal
dominant, and thereby the parameter estimation could be activ-
ated to effectively correct the parameters. So this data assimila-
tion enhancive parameter correction (DAEPC) strategy is adop-
ted in the experiment to start with a pure SE and activate PE
when the assimilated states reach quasi-equilibrium.

4  Numerical experiments

4.1  Parameter sensitivity
To show the parameter bckgrnd_vdc do have an impact on

the model simulation. The parameter sensitivity experiment is
conducted at the first stage. The models are run with the same
initial conditions for 1 year, but the parameters are slightly per-
turbed from the initial guess 0.10 with 20 random values with a
standard deviation of 0.08. As an example, the SST and SSS
spreads of the 1st, 4th, 7th, and 10th month are shown in Fig. 3.
The perturbation of parameters leads to a significant growth of
the spread for both temperature and salinity. The most signific-
ant growth of SST spread appears in the northern Pacific, where-
as the most significant increase of SSS spread appears in the
western tropical Pacific. Deeper layers’ temperature and salinity
also have similar patterns of spreads (not shown), which implies
that assimilating the TS profiles can potentially correct the para-
meter bias.

4.2  SE stage for DAEPC
The data assimilation is performed every 10 days, and the

duration is two years. The temperature and salinity observations
are created from the EN4 profile data of the years 2010 and 2011.
The horizontal localization strategy is applied with a cut-off radi-
us of about 1 200 km distance. Meanwhile, the vertical localiza-
tion is also applied with a cut-off distance of approximately 300 m.
The DAEPC method (Zhang et al., 2012) is adopted to perform
pure state estimation for 6 months and activate the parameter es-
timation at the beginning of the 7th month. For both state and
parameter estimation, the spatial-varying adaptive inflation pro-
posed by Anderson (2009) is used, such that the inflation value
for each model variable at each model grid is different. The root-

control run no assimilation

true states
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bckgrnd_vdc = 0.10 v
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id
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intial ensemble X0 OBS
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Fig. 1.   Flow diagram of OSSE for state and parameter estimation.
The unit of bckgrnd-vdc is cm2/s.
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Fig. 2.   TS profile locations (a) and depths (b) of the period from
January 1, 2010 to January 10, 2010. For a better display, only the
depths of the first 500 observations are shown in b.
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|yo − H(x )|
mean-squared-errors (RMSE) of prior and posterior innovations
as  are shown in Fig. 4 for different levels. It is shown
that the errors decrease rapidly at the first few data assimilation
steps for both temperature and salinity at each level. After about
one or two months, the error reduction from data assimilation
tends to a saturated value such that each analysis step reduces a
similar amount of errors. This is a clear indication that the state
estimation reaches the quasi-equilibrium state and parameter
estimation could be activated. It is also noteworthy that the prior
and posterior RMSEs are very close to each other at a depth of
1 000 m. This is because the model errors are small and the
uncertainties of observations are large at depth.

Comparing to the control run without data assimilation, the
state estimation significantly reduces the errors of each model
state. Figure 5 has shown the RMSE of SST, SSS, and SSH from
the control run and state estimation of the first 6 months. It can
be seen that the errors of not only the temperature and salinity
but also SSH are reduced by the multivariate data assimilation
with EAKF.

4.3  PE with one-stage inflation
For parameter estimation, a spatial uniform parameter field is

augmented to the state vector, and updated by incorporating the
same observations. The posterior parameter field is spatial-vary-
ing, such that the averaged parameter of a specified region is

h

used to integrate the model for the next cycle. The so-called ad-
aptive spatial average method is employed to select the location
with good values in which the ratio of posterior to prior standard
deviation  exceeds a threshold value. In this experiment, the
threshold value is adaptive to ensure that at least 10 000 model
grids out of about 80 000 ocean grids are used to compute the av-
erage. In this experiment, the adaptive spatial averaging is per-
formed as follows:

h = σu
θm′/σ

p
θ′
m

m′i) Compute  for each .
h = .ii) Set the initial threshold value .

h > hiii) Count the number of grid points which satisfies .

h = . h

iv) If the number of grid points are greater than 10 000 or
, exit the procedure; otherwise, add  by 0.05.

v) Repeat steps iii) and iv) until the procedure ends.

h

h = .
h = .

Figure 6 shows an example of the spatial averaging scheme
for the first parameter estimation step. Figure 6a displays the 
values for each model grid, computed from the ensemble mem-
bers. Since h measures the proportions of posterior error stand-
ard deviations to prior error standard deviations of the paramet-
er, its value is smaller in areas where observational errors are
more sensitive to the parameters. The solid lines indicates some
threshold values (e.g., , 0.83). It can be seen that if

, a large area with more than 10 000 model grids are in-
cluded, such that the adaptive procedure could be stopped.
Figures 6b–d show the two-dimensional posterior parameter
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Fig. 3.   SST spread (left) and SSS spread (right) of the 1st (a, b), 4th (c, d), 7th (e, f), 10th (g, h) month from the parameter sensitivity
experiment.
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θ

η

fields  for the first 3 ensemble members, respectively. The para-
meters in those areas enclosed by solid lines are averaged to
compute , whose ensemble is then used in the model integra-
tion. Although the members have different posterior patterns,
they are averaged at the same region in the same parameter es-

timation step.
We first use one-stage inflation to perform PE, i.e., only Eqs

(9) and (10) are used to inflate the state and parameter ensemble,
respectively. The inflation factors are spatial-varying. The first
three rows of Fig. 7 show the inflation factors for temperature and
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Fig. 4.   RMSEs of prior and posterior innovations of the temperature (left) and salinity (right) for depths 10 m (a, b), 50 m (c, d), 200 m
(e, f), and 1 000 m (g, h).
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Fig. 5.   RMSE of SST (a,b), SSS (c,d), and SSH (e,f) from control run (left) and state estimation (right) of the first 6 months.
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salinity at different depths after the first analysis step with para-
meter estimation. The inflation factors at most locations are
slightly larger than 1. However, in particular regions, such as the
tropical Pacific and the Indian Ocean, the inflation factors have
values larger than 2. If we compare that with Fig. 6a, it can be
found that those regions with large inflation factors are mostly
with large observational impacts. Moreover, the inflation factors
are smaller for deeper temperature and salinity variables, be-
cause the assimilation is insignificant in-depth, as Fig. 4 reveals.

The inflation factors for the two-dimensional parameter field

are also computed during the assimilation. Figure 7 also shows
the inflation factors for the parameter field, it is shown that the
distribution of them is similar to that of SST or SSS. However, al-
though the inflation for the parameter field is updated by the ad-
aptive inflation algorithm in the analysis step, it is not used in the
model integration due to the ASA method.

Figure 8a shows the PE results using one-stage inflation. The
black dashed line is the initial guess of the bckgrnd_vdc, which is
also the mean value of the initial parameter ensemble. The red
solid line represents the mean value of the parameter ensemble,
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Fig. 6.   The ratio of posterior error standard deviation to prior error standard deviation of the parameter ensemble (a); the posterior
ensemble member 1–3 (b–d). The quantities are computed for the first parameter estimation step.
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Fig. 7.   The spatial varying inflation values for temperature (left) and salinity (right) in 5 m (a, b), 100 m (c, d) and 200 m (e, f) depth;
the inflation values for the two-dimensional parameter field for the first analysis step (g).
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and the red dotted lines represent the mean value plus/minus
one standard deviation of the parameter ensemble. The PE ex-
periment uses 20 perturbed parameters (with standard deviation
0.08) to integrate the model, conduct a spinup process for pure
state estimation for 6 months, therefore the parameter ensemble
remains unchanged for the first 6 months. As soon as the para-
meter estimation is activated in the 7th month, the variance of
the parameter ensemble decreases rapidly. The CCI technique
(Aksoy et al., 2006) is applied with a standard deviation limit set
at 1/5 of the initial spread 0.08. It can be seen from Fig. 8b that
the parameter ensemble spread shrinks to the standard devi-
ation limit 0.016 with only 4 PE steps. And the parameter error
stops decreasing after that. In this case, it is shown that the para-
meter fails to converge to the true value, and the error of the
parameter ensemble mean is over 30%. The main reason for this
failure is the under-estimation of the parameter ensemble spread
due to the lack of spread growth during the model integration. It
can be expected that a relatively small spread would weaken the
impact of the observational increment, making insufficient cor-
rection to the parameter ensembles, as the red solid line in
Fig. 8a indicates.

4.4  PE with two-stage inflation
To compensate for the parameter evolution model, a two-

stage inflation method by Eqs (10) and (11) is used to inflate
parameter ensemble, while the one-stage inflation by Eq. (9) is
used to inflate model state ensembles.

α

α

The inflation factor  in Eq. (11) should be determined before
activating the parameter estimation. Considering the extra para-
meter inflation is employed to compensate for constant paramet-
er evolution, the value of  should be given according to the state
ensemble spread growth ratio.

Figure 9 measures the spread growth ratio (call SGR here-
after) of temperature and salinity variables at each model integ-
ration. The duration of model integration is 10 days; therefore the
global mean spreads of temperature and salinity are increased by
different amounts at different depths. Take temperature at 5 m
depth as an example, the global mean spread grows from about
0.15 to 0.25 in the first cycle, and the corresponding SGR is about
1.6 (Fig. 9a). However, the spread itself and the SGR are smaller

at deeper layers. Figure 9g shows the SGR with different depths, it
becomes very close to 1 when the depth is larger than 500 m.
Comparing to temperature, the SGR of salinity is relatively smal-
ler. For instance, Fig. 9h shows that the SGR for salinity barely ex-
ceeds the value 1.3.

α

α

α

According to Fig. 9, to inflate the parameter ensemble such
that its spread will be comparable to those of state variables, the
value of  should be neither too large nor too small. The median
value of the SGR of temperature and salinity can be used for the
extra parameter inflation factor. To simplify the discussion,  is
kept constant until it reaches the standard deviation limit to turn
on CCI. Four different  values as 1.1 (median value of salinity
SGR), 1.3 (median value of temperature SGR), 1.2 (mean of both
median values), and 1.5 (the maximum SGR) are used and com-
pared.

α = ., ., . .

α = .

α = .

α = .

α = ., ., . α = .

Figure 10 shows the PE results with  and 
for the extra parameter inflation respectively. For the first three
cases, it takes about 6, 8 and 12 data assimilation steps respect-
ively for the parameter spread to shrink to the standard deviation
limit. Take  for example, even though the parameter
spread maintains its value after it reaches the threshold value
0.016, the parameter estimation can still correct the parameter
bias effectively, such that the error decreases until it converges to
the true value in the 7th month of the 2nd year. This is different
from the case  in Fig. 8a, in which the parameter en-
semble spread can not match the state ensemble spread. The
cases  and 1.3 show similar results. By checking the en-
semble members, it is found that the ensembles in cases with

 are more reliable than the case with 
when the ensemble spread shrinks to its threshold value, there-
fore the filter can further correct the parameters.

α = .
Figure 10d shows the consequence of over-inflating in PE. If

the extra parameter inflation factor is too large, e.g., , it
will inflate the parameter ensemble too much, such that the
spread has no chance to approach the std limit of CCI. The un-
certainty of the parameter is over-estimated, such that the obser-
vational increments bring excessive adjustments to the paramet-
er. As shown by the figure, the parameter reduces its bias at the
first stage, but it does not converge to true value even though
more data assimilation cycles are involved.
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Fig. 8.   The evolution of the parameter mean (red solid line) plus/minus one standard deviation (red dotted lines) over the data
assimilation period (a); the parameter error (red line) and ensemble spread (green line) over the data assimilation period (b).
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α = .,  . α = .It concludes that either  or  provides suc-

α = .

cessful PE that corrects the biased bckgrnd_vdc parameter. The
pure SE experiment is also conducted, in which each member
uses the same biased parameter bckgrnd_vdc = 0.10 cm2/s and
the same initial ensemble with PE experiment is used. Therefore
one can compare the quality of analyses from SE and PE with
two-stage inflation ( ). As indicated by Fig. 10a, the para-
meter approaches the true value in the last 6 months of the
second year. So the RMSEs of temperature and salinity over a
specified region for those months are compared. As Fig. 3 shown,
the most sensitive regions for temperature and salinity to the
parameter are different. Therefore, the temperature RMSEs are
computed between the equator and 60°N, while the salinity
RMSEs are computed between 30°S and 30°N.

Figure 11 shows the temperature and salinity RMSE for each
month using the data assimilation results from PE and SE, re-
spectively. The monthly mean temperature and salinity are sub-
tracted from the reference states and averaged in each layer. In
each month, the PE result seems to have smaller errors than the
SE result for both temperature and salinity, the advantage is
more obvious in the mixed layer. With more details, Fig. 12 shows
the absolute errors of the SST in the 9th month and SSS in the 7th
month respectively. In the Northwest Pacific, in which SST is
sensitive to the uncertainty of bckgrnd_vdc, the SST errors are
significantly reduced with adjusted background vertical diffusiv-
ity coefficient. For salinity, similar error reductions can be ob-
served in the equatorial western Pacific. It can be concluded that
PE can reduce the errors introduced by the parameter bias effect-
ively and provide analyses with high quality.
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Fig. 9.   The global mean temperature (left) and salinity (right) spread in each data assimilation step at the depth 5 m (a, b), 50 m (c, d),
and 200 m (e, f), each dashed line connects the posterior of the previous step and the prior of the current step. And the temperature (g)
and salinity (h) spread growth ratio at the first step.
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α = .

Fig. 10.     The evolution of the parameter mean (red solid line)
and spread (red dotted lines) over the data assimilation period
using extra parameter inflation with  (a), 1.2 (b), 1.3 (c),
and 1.5 (d), respectively.
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Fig. 11.   The temperature (upper) and salinity (bottom) RMSE for the last 6 months of the 2nd year using the data assimilation results
from parameter estimation and pure state estimation, respectively.
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Fig. 12.   The absolute errors of the SST in the 9th month from state estimation (a) and parameter estimation (b); the absolute errors of
the SSS in the 7th month from state estimation (c) and parameter estimation (d).
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5  Summary and discussion
The PE problem is extremely complicated since it is nonlin-

ear even if the dynamical model itself is linear, and it is in many
cases difficult to find a proper solution. It is more challenging
when dealing with CGCMs. The state augmentation technique, in
which the state vectors are augmented with the poorly known
parameters, provides a general framework to handle the para-
meter estimation problem using data assimilation methods. To
apply the coupled PE in CGCMs, several issues are reported in
previous studies, and many new techniques are developed in re-
cent years (Zhang et al., 2020). For example, Zhang et al. (2012)
introduced the DAEPC to enhance the quality of state-parameter
covariance. Liu et al. (2014a, b) developed the ASA to update the
single-value parameter with localized observations. Askoy et al.
(2006) use the CCI to prevent parameter variance narrowing.

This paper focuses on the constant evolution model for para-
meters during model integration. It is one of the most widely
used assumptions in PE that parameter remains unchanged dur-
ing the state model integration. This assumption is introduced in
the early stage of PE using the data assimilation method
( Evensen et al., 1998; Kivman, 2003; Annan and Hargreaves,
2004; Annan et al., 2005), and works well when the model is
simple. As the state model becomes more and more complicated,
this assumption brings several issues. In many cases, the para-
meter ensemble spread decreases with time and goes to zero
eventually. To avoid that, Aksoy et al. (2006) propose the CCI in
which the parameter ensemble spread is not allowed to be smal-
ler than a prescribed threshold. However, the result in Fig. 8
shows that CCI is not able to avoid the divergence of PE in many
circumstances. The lack of spread growth in parameter en-
sembles will make them under-inflated relative to the model
state ensembles, and the underestimation of parameters uncer-
tainty will weaken the impact of observations on correcting para-
meters.

Koyama and Watanabe (2010) use multiplicative inflation in
PE with simple models, with an inflation factor for the parameter
ensemble different from that used for the state variables. The cur-
rent work extends their idea, to make it feasible for PE with
CGCMs. Since the global scalar parameters are transformed to
fields in the analysis step and turn back into scalar before model
integration, a two-stage inflation method for parameters is de-
signed. The first stage used Eq. (10) to inflate the parameter field,
while the second stage used Eq. (11) to inflate the spatial-aver-
aged scalar parameter. The second stage is extra inflation to com-
pensate for constant parameter evolution during model integra-
tion, so its inflation factor can be determined according to the
spread growth ratio of the observed variables, as Fig. 9 shown.

The PE results in Fig. 10 show that the two-stage inflation
method with proper inflation factors can help the parameter to
converge to its optimal value. Moreover, Figs 11 and 12 have
compared the PE and SE results, revealing that the bias due to
uncertain parameters is significantly reduced by PE, and the
quality of PE analyses is better.

However, this paper use OSSE to verify the two-stage infla-
tion method, and only a single parameter estimation is per-
formed. The situation will be more complicated when more para-
meters are estimated simultaneously. The KPP parameterization
in CESM also involves more parameters than the background
vertical diffusion coefficient (Jochum, 2009), more attention
should be paid to them. Moreover, it is even more challenging to
estimate CGCM parameters using real observations (Zhao et al.,
2019). As Zhang et al. (2020) reviewed, coupled PE (CPE) is still in
the research stage, and the application of CPE in CGCMs with

real observations to improve coupled model reanalysis and pre-
diction still has a long way to go. This goal will be the focus of our
future work.
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