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[1] The efficacy of several model error schemes in the Ensemble Kalman Filter (EnKF) data
assimilation is investigated through a series of sensitivity experiments, in which the Argo
and other in situ temperature and salinity profiles are assimilated into an ocean general
circulation model (OGCM) for the Pacific Ocean. Different schemes for combining the
additive inflation, multiplicative inflation, one-step bias correction and two-stage bias
correction are evaluated in the framework of the EnKF. Experimental results indicate that the
additive inflation is the key technique that can maintain ensemble spread in an adequate
range. When sufficient observations are available, the assimilation system with additive
inflation scheme can efficiently reduce both model bias and random errors. The combination
of additive inflation and multiplicative inflation can further improve the performance of the
assimilation system, in particular when the additive inflation underestimates model error.
The bias correction schemes, the one-step method and the persistent bias method are
effective in reducing the model bias only within a relatively short initial assimilation period
and in some regions. Further improvement from the bias correction schemes is not evident

as the assimilation period increases.

Citation: Deng, Z., Y. Tang, and H. J. Freeland (2011), Evaluation of several model error schemes in the EnKF assimilation:
Applied to Argo profiles in the Pacific Ocean, J. Geophys. Res., 116, C09027, doi:10.1029/2011JC006942.

1. Introduction

[2] Ocean models, including complex OGCMs, always
contain, more or less, systematic biases and random errors,
which often undermine ocean simulation and prediction.
Developing realistic representations of these errors is a major
challenge for data assimilation researchers [Dee and da Silva,
1998; Zupanski and Zupanski, 2006]. Some schemes, such as
the “additive inflation” and “multiplicative inflation,” have
been proposed in the EnKF to deal with these errors. The
“additive inflation” was used to represent model error by
adding random perturbations of known statistics to the anal-
ysis or forecast ensemble [e.g., Evensen, 2003; Hamill and
Whitaker, 2005; Houtekamer and Mitchell, 2005; Hamill,
2006; Whitaker et al., 2008; Bonavita et al., 2010] and the
“multiplicative inflation” was used to inflate the forecast
ensemble covariance through multiplication of a suitable
temporally varying parameter [Anderson and Anderson,
1999; Li et al. 2009].

[3] It was found that a standard Kalman filter with appro-
priate inflation of background error covariance is able to
provide an efficient analysis where measurements are avail-
able [Drécourt et al., 2006]. Further, the use of the incre-
mental analysis update (IAU) can enhance the impact of
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inflation [Dee and Todling, 2000]. Increasing the covariance
matrix spread by additive inflation and multiplicative infla-
tion reduces the bias but increases the random component of
the analysis error [e.g., Dee and Todling, 2000]. However, in
these bias-blind data assimilations (the bias-blind assimila-
tion assumes the model to be perfect, ignoring systematic bias
and treating it as a random error), that are only designed to
correct random model errors based on unbiased observations,
the model biases are ignored or treated as random model
error. They are actually implicitly corrected because the
innovation (observation-minus-forecast) includes both bias
and random error. The bias correction will be achieved in a
suboptimal way because it is highly unlikely that the
covariance structure of forecast errors will match the spatial
structure of the bias [Thacker and Esenkov, 2002; Thompson
et al., 2006] due to different characteristics between the
model bias and random model errors.

[4] Some specific techniques that deal with the model bias
have been developed and incorporated into standard data
assimilation methods [Thiébaux and Morone, 1990; Dee,
1995, 2005; Dee and da Silva, 1998; Martin et al., 2002;
Kalnay, 2002; Nichols,2003; Chepurin et al., 2005; Drécourt
etal.,2006; Deng et al.,2010]. An assimilation system with a
bias correction scheme is often called a bias-aware assimi-
lation system. A scheme referred to as “two-stage estimation”
and its simplified version “one-step” method are widely used
in bias-aware data assimilation [Dee, 1995; Dee and da Silva,
1998; Kalnay, 2002; Nichols, 2003; Deng et al., 2010]. In
two-stage estimation we assume that a reasonable estimate of
the bias may be made prior to estimating the state of the
system itself, thus allowing the estimation procedures for the
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bias and the state to be carried out successively. Hence it
requires two analysis steps: one for the bias estimation and a
second for the state vector estimation [Chepurin et al., 2005].
On the other hand, assuming that the bias is nearly constant in
time, and the bias error covariance matrix is proportional to
the forecast error covariance matrix, with the proportionality
constant smaller than one, the “two-stage estimation” can be
simplified by the “one-step” method.

[5] Animportant issue in a bias correction data assimilation
system is the forecasting of the bias. A number of bias fore-
cast models were developed, including the persistence model,
which forecast the bias using the bias analysis value from the
previous step [Dee, 2005]; the spatial average of analysis
error (analysis-minus-observation) of the previous step [Chu
et al., 2004; Frank and Colby, 1997; Deng et al., 2010]; the
constant bias model, which assumes the bias is constant or
very-slowly changing compared to the model dynamics
[Drécourt et al., 2006]; and the low-dimensional bias forecast
model (LDM) [Danforth et al., 2007].

[6] It has been of great interest and practical significance to
compare such data assimilation techniques in terms of the
reduction of total analysis error as the bias forecast models,
the inflation methods, localization, etc. For example, Li et al.
[2009] compared the performance of several model error
schemes in an EnKF system that assimilates NCEP-NCAR
reanalysis fields into a low-resolution AGCM. Their results
show that the “one-step” scheme is unable to beat the mul-
tiplicative or additive inflation schemes. Chepurin et al.
[2005] tested several relatively simple empirical bias fore-
cast models, which are the combination of constant (in time)
bias, periodic bias and ENSO-related bias in the tropical
Pacific and found that the constant or periodic bias forecast
may overestimate the bias as the assimilation steps increase,
because it ignores the fact that the bias should decrease as
more and more observations are assimilated.

[7] In this study, we will compare the impacts of different
model error schemes on ocean data assimilation, especially
on the assimilation of Argo data in the framework of the
EnKF that was weakly addressed before. The use of a realistic
OGCM and Argo data for assimilation experiments allows
this study not only to shed light on data assimilation meth-
odology itself but also to have practical significance for Argo
data assimilation, which has been an intensive research field
in recent years [e.g., Huang et al., 2008; Smith and Haines,
2009; Deng et al., 2010].

[8] This paper is organized as follows. The data assimila-
tion system is described in section 2. The experimental design
is presented in section 3. The metrics for quantifying the
performance of data assimilation are described in section 4.
In section 5 we evaluate the bias in the OGCM. The valida-
tions and comparisons among the experiments are shown in
section 6 and 7. Finally, section 8 summarizes results and
explores implications for future work.

2. The Ocean Data Assimilation System

2.1. Data

[v9] The data assimilation system used in this study is
similar to that used by Deng et al. [2010] except for some
specific settings in some of the experiments. Here we briefly
review the common characteristics of the system and leave
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the specific settings to section 4 where we will describe the
design of the experiments.

[10] The data sets assimilated include the delayed-
mode Argo profiles (Argo) [Carval et al., 2006], Expendable
Bathythermographs (XBT), Conductivity-Temperature-Depth
(CTD) [Bellucci et al., 2007] and Tropical Atmosphere
and Ocean-Triangle Trans-Ocean buoy Network (TAO-
TRITON) [McPhaden, 1995] for the period from 2005 to
2007. All these data sets are available online at (http://www.
nodc.noaa.gov/GTSPP/). Some independent data including
the Ocean Surface Current Analysis-Real time [Bonjean and
Lagerloef, 2002; Helber et al., 2007], withheld Argo pro-
files that are not assimilated and the satellite sea level
anomaly [Dibarboure et al., 2009] which is a time delayed
low-resolution (1° x 1°, Mercator grid) gridded product
(http://www.aviso.oceanobs.com), are used for validation of
experiments.

2.2. The Ocean General Circulation Model

[11] The ocean general circulation model (OGCM) is the
ocean component of the Nucleus for European Modeling of
the Ocean version 2.3 (NEMO) [Madec, 2008]. The domain
of the model used here is the Pacific Ocean between 60°N
and 60°S and between 116°E and 66°W, for a total of 90 x
95 horizontal grid points. Closed lateral boundary conditions,
a free surface and a z-coordinate with a partial step (to match
the bathymetry) are used in this study. The horizontal reso-
lution in the zonal direction is 2°, while the resolution in the
meridional direction is 0.5° within 5° of the equator, smoothly
changing up to 2.0° at 30°N and 30°S and then changing
down to 1.0° at 60°N and 60°S. There are 31 unevenly spaced
levels along the vertical with 24 levels concentrated in the
upper 2000 m. The thickness of the levels varies from 10 m at
the surface (within the first 105 m) to 500 m below the 3000 m
level. The maximum depth is set to 5000 m and a realistic
topography based on the ETOPOS global atlas is used [Ferry
et al., 2007].

[12] The model is forced for 200 years with the NCEP
monthly climatological mean wind stress, derived from the
50-year NCEP reanalysis wind stress and the heat flux Q; to
get an initial state. From this initial condition, the model is
forced by the actual monthly NCEP wind stress to simulate
conditions for the period 1981-2004. The ocean state at the
end of 2004 provided the initial condition for the control run
starting on January 1 2005. The control run for the period
2005-2007, forced by NCEP reanalysis wind stress with-
out data assimilation, provides a basis for comparison. The
initial conditions for the ensemble members are provided by a
3-month spin-up run starting from the end of September
2004. Considering uncertainties in the atmospheric forcing
(wind), the spin-up run is forced by perturbed NCEP wind
stress, with a perturbation defined by

ey = Wy ltn] — iy (2]} (1)

where 7 [#1] and 7¢,[#o] are the NCEP reanalysis wind
stress anomalies at two randomly chosen months #;; and #,
during the period from 1980 to 2004. The parameter v = 0.1
controls the amplitude of the perturbation. This method is
similar to the scheme proposed by Keppenne et al. [2008].
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The perturbation of wind is also applied to the sequen-

tial assimilation run. With such perturbations, there is an

ensemble of spin-up, providing initial conditions for all of the

assimilation runs. In this study, the ensemble size is set to 31.
[13] The heat flux Qq is given by

Oy = Qo+ XNT —To) (2)

where Qy is the climatological heat flux, obtained from the
European Centre for Medium-Range Weather Forecasts
(ECMWEF) reanalysis project for the base period 1971-2000.
T is the model SST, T is Levitus’ observed climatological
SST [Levitus and Boyer, 1998], and A is the relaxation rate,
set to —40 Wm 2K [Tang et al., 2004; Moore et al., 2006].
For a 50 m mixed-layer depth, this value corresponds to a
relaxation time scale of two months [Madec, 2008].

2.3. The Data Assimilation System

[14] The data assimilation system is based on the localized
EnKF, which addresses computational efficiency and the
spurious correlation between distant locations in the back-
ground covariance matrix [e.g., Gaspari and Cohn, 1999;
Houtekamer and Mitchell,2001; Oke et al., 2005, 2008; Hunt
etal.,2007; Deng et al., 2010]. It assimilates all observations
that may affect the analysis at a given grid point simulta-
neously and obtains the analysis independently for each
model grid point as with Ot et al. [2004] and Szunyogh et al.
[2008]. In detail, we perform local analyses grid by grid for
the top 24 model levels. First, a box, centered at the grid point
that is analyzed (called the analysis grid) is defined and then
all observations within this box are used to generate the
analysis. In this study, we set this box to 6000 km X cos(f) in
longitude, 3000 km x cos(6) in latitude and 200 m in the top
250 m and 5 levels (>200 m) for deeper levels in the vertical,
where 6 is latitude. After all grids over the model domain are
analyzed, a final analysis ensemble can be obtained. The box
used in localization smoothly shifts with the analysis grid.
With the local analysis strategy, this size is probably suffi-
cient in estimating the error covariance matrix. Our sensitivity
experiments show that the use of ensemble with size larger
than 31 resulted in marginal improvements in the estimation
of state.

[15] The forecast ensemble member X-kf, ; is updated by

Xl{,i =MXL ;) + Mg (3)

where M is the nonlinear model, Xi_, ; is the analysis of ith
ensemble member at step k-1, ¢, ; is a pseudo random spatial
coherent model error obtained using the scheme of Evensen
[2003] and )\, is a parameter that controls the amplitude
of the random model error. Using the forecast ensemble, the
model background error covariance matrix can be approxi-
mated by

= (x ) (- %) @)

where the overline denotes an average over the ensemble. A
covariance localization function is used to reduce spurious
correlations between distant locations due to the limited
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ensemble size [e.g., Gaspari and Cohn, 1999; Houtekamer
and Mitchell, 2001; Oke et al., 2005; Deng et al., 2010].
In addition, an adjustable inflator A, is used to improve
estimates of the ensemble error covariance matrix, i.e.,

Pl ~ (1+X)(poPf) (5)

[16] As with Mitchell and Houtekamer [2000], the inflator
), 1s estimated by

(")) — tr(HPPHT ) — tr(Ry)
A= tr(HkP,i’ll{Z ; ©

The inflator estimated by (6) is determined by the three items:
the traces of the observation-minus-forecast covariance
("), the covariance matrix of forecast ensemble in obser-
vation space (HPpHy) and the observation error covariance
matrix (Ry). Here H, is the observation operator. It should
be noted that the parameter ), is set to zero if its actual value
in (6) is less than 0.

[17] The standard Kalman gain can be written as below
[Evensen, 2003; Deng et al., 2010]

. . -1
Ky = PLH] (HP[H] + R) (7)

The bias-aware analysis for the state variables is obtained
using the standard analysis procedure [Balmaseda et al.,
2005]

X = (X = xap0) + Ko - B (X, - x8)] ®)

where (X‘/{) i — \30%) is the bias-corrected model state vector
(A3 = 1) or the original model state vector without bias cor-
rection (A3 = 0), G% is the analysis of model bias (see below),
Vi is the perturbed observation. In this study the state vec-
tor X= [T S]” includes temperature (T) and salinity (S).

[18] The definition of the observation error covariance
matrix (Ry) is the same as that given by Deng et al. [2010].
The localization function (p) is a Gaussian function defined

by

dx

p(x,y,2) = e (B @B +(E)) ©)

where dx, dy and dz are distances between the analysis grid
and its surrounding grids in the zonal, meridional and vertical,
respectively. The localization length scales are set to Lx =
3000 km x cos(#), Ly = 1500 km % cos(#) and Lz = 100 m
in the three directions, just a half of the size of the box used
in localization.

[19] The incremental analysis update (IAU) proposed by
Bloom et al. [1996] is also used to avoid model dynamical
instability. The principle of this method is to incorporate the
analysis increment directly into prognostic equations of the
model as an additional forcing term [Balmaseda et al., 2007;
Castruccio et al., 2008]. Like Keppenne et al. [2005], the
analysis increments are added to model states gradually over
the time steps from k to & + /. In this study, there are a total
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Table 1. The Parameters for the Six Experiments

A1 A A3 Bias
Experiment (Additive) (Multiplicative) (Bias) Correction
Expl 0 0 0 No
Exp2 0 Adaptive 0 No
Exp3 1 0 0 No
Exp4 1 Adaptive 0 No
Exp5 1 Adaptive 1 Dee’s
Exp6 1 Adaptive 1 Persistent

number of 120 integration steps from & to k + /, thus each
step only accounts for 1/120 of increments.

3. Experimental Design

[20] Six sensitivity experiments are designed to explore the
impact of different schemes on the performance of the data
assimilation system, as summarized in Table 1. In the first
four experiments, model bias is not considered whereas in
the last two experiments model bias is corrected using bias
correction methods. A detailed introduction for each of the
experiments is given as below.

3.1. Perfect Model (Expl)

[21] In this experiment, we assume the model is perfect,
i.e., the data assimilation system only considers errors in
initial conditions without considering random model error
(A1 =0) and bias. It is an idealized case, as a reference for the
comparisons against other experiments. In this case, there is
no additive random error added to the forecast ensemble and
no inflation used to tune the background error covariance
matrix. As can be seen in the following sections, the spread of
the analysis and forecast ensembles will not have to decrease
with assimilation steps since the random error in observation
and the uncertainty in wind stress are considered for ensem-
bles during the analysis cycle.

3.2. Adaptive Multiplicative Inflation (Exp2)

[22] The inflation method has been used in many studies to
avoid underestimation of model background error covariance
(A2 = 0). This experiment is the same as Expl but an adap-
tive inflator estimated using equation (6) is used to inflate
the model background error covariance matrix according to
equation (5). This experiment can be used to explore the role
of the multiplicative inflation method in data assimilation.

3.3. Additive Inflation (Exp3)

[23] This experiment is the same as Expl but a pseudo-
random perturbation is added to each forecast ensemble
member prior to the calculation of model background error
covariance matrix (\; = 1). Comparison between this
experiment and Expl can help us assess the impact of the
additive inflation. The construction of the 3-dimensional
pseudorandom perturbation ¢; (j = 1,2,.,L) is based on
2-dimensional pseudo-random field series generated with
the method proposed by Evensen [2003], namely,

61:W|

Jimaw (10)

& = gj—1 +
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where W; (j = 1,2...,L) is a two-dimensional pseudorandom
field at the j-#& model level, a; € [0 1] is a parameter to
control the coherent structure between level j-/ and level ;.
Here, we approximate it using the correlation of model var-
iable anomalies (temperature and salinity) between the two
levels, which can be derived from the control run during the
period of 1985-2004.

[24] Different from Deng et al. [2010], the amplitude of
the model error (q) is always rescaled to a random number
HGN(O,0.025q,2), where a} is the mean square of temperature
or salinity anomalies at level j averaged over model domain
obtained using the control run for the period 1985-2004.
Comparisons between Exp3 and Exp2 can also help us to
understand the relative roles of the additive inflation and the
multiplicative inflation in reducing analysis error.

3.4. Combination of the Additive Inflation
and Multiplicative Inflation (Exp4)

[25] This experiment is a mix of Exp2 and Exp3, i.e.,
using both the additive inflation and multiplicative inflation
simultaneously (A\; = 1,)\; > 0). It can help us explore the
joint contribution of the additive inflation and multiplicative
inflation on the data assimilation performance.

3.5. One-Step Bias Correction Scheme (ExpS5)

[26] In the previous four experiments, there is no bias
correction method incorporated into the data assimilation
system. This experiment is the same as Exp4 except that it
includes a simplified bias correction scheme proposed by Dee
[2005], in which the model bias is assumed to be the analysis
bias of the previous step (i.e. 3= 3%,). The bias is subtracted
from each forecast ensemble member before the analysis of
the model state. At the first data assimilation step, the forecast
of bias is set 3{ = 0. Following Dee [2005], the state analysis
is given by

X = (X - ) ke —H (X -8)] A

The analysis of the model bias, which will be used as the bias
forecast for the next step, is calculated using the following
formula [Dee, 2005]:

G =B -k -H (X - )] (2
where 7,(<1), a tuneable coefficient, is set as a constant
of 0.01 in this study; yi is the original observation without
perturbation.

3.6. Persistent Bias Correction Scheme (Exp6)

[27] For this method we assume that the model bias is a
large scale error and can be approximated by the mean of the
differences between simulation and observation averaged
over a large spatial area [Chu et al., 2004; Frank and Colby,
1997; Deng et al., 2010], i.e.,

g |

- Ya _ v
Ni I (Hk—le,l yk—l)

dx|<l.,|dy|<l,

(13)
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where |ldx| and |dyl are the distances between the model
grid point and the location of the observation in the zonal
and meridional directions respectively; ldxl < [, ldyl <,
defines a rectangle region of /, and /,, centered at the model
grid point. We set /, = 3000 km x cos(f) and /, = 1500 km x
cos(f) here, which are the same as those used in localization.
Nj_; is the number of the observations within the rectangular
region, [, is the measurement operator, X" | is the mean of
the analyzed state ensemble X7_;, 57 is the original obser-
vation vector and also the mean of the observation ensemble.
Similar to Exp5, the Kalman gain used for the bias analysis is
assumed to be a small part of the Kalman gain used for state
estimation and the bias forecast at the first step is set to 0.
Following the standard “two-stage” procedure, the analysis is
as follows [Dee, 2005]:

B = 5‘/{ — 72K {}Tk_Hk ()?{— ﬁ[)} (14)

X= (L -om)rklm-u(,-x)] 0y

[28] The above experiments are summarized in Table 1.
These experiments are all conducted for the 3-year period
from January 1 2005 to December 31 2007. For validation,
only 90% randomly chosen Argo profiles and the other in situ
observations are assimilated and the remaining 10%, not
assimilated, will be used for validation. A control run (CTL)
without data assimilation is also performed as the reference
for comparison.

4. Metrics Used for Evaluation

[20] With the assumption that observations are unbiased,
the model bias can be detected using time- and space-averaged
differences between observation and model background.
Nonzero mean difference (MD) indicates the presence of
bias. The root-mean square error (RMSE) represents the total
error in forecast and/or analysis [Dee, 2005]. Following this
convention, we use the MD and RMSE to represent bias and
total error, respectively, as defined below

>

k=1 i

MD = 3 (vi - vz (16)

1

I

—

(17)

=

M 2
RMSE = J—MkZZ (vo -1z

1 i=1

where Y is the variable of evaluation; the superscript “o”
denotes the observations and “m” denotes the model; the
subscript 7 is the index of observation and N is the total
number of the observations within a region or grid cell of
evaluation; k is the assimilation step and M is the number of
total steps. »

[30] The forecast and analysis ensemble spread s} and s{
are also used in following discussions:

1 M N

S’{:JMNk—l.Z

=1 j=

(18)

1
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. 1 M N
Sk—JmZZY{} (19)

i=1 j=1

where M is the ensemble size, N, is the number of the model
grid in the region of evaluation.

[31] We performed several different calibration experi-
ments using different observations, including all Argo
profiles, the 10% withheld Argo profiles, satellite surface
currents and satellite mean sea level height anomalies. When
the Argo profiles are used for calibration, the modeled vari-
ables are linearly interpolated to the locations of the Argo
observations. To ensure that sufficient Argo profiles are
available, all Argo profiles within a grid cell of 5° (lat.) x
5° (lon.) centered at the grid of evaluation are used. For
consistency and simplicity, the comparisons between the high
spatial resolution satellite data and the model data are also
performed on the 5° (lat.) x 5° (lon.) grids.

5. Evaluation of Model Bias

[32] We first diagnose model bias by comparing the CTL
against the observations. The CTL is also used as a basic
reference in the discussions of assimilation experiments
below.

[33] Figure 1 shows the MD between modeled and
observed temperature and salinity at the depths of 45 m,
105 m and 180 m based on the 3-year data, respectively.
These levels are selected due to either the large model bias or
their importance for seasonal climate prediction. For exam-
ple, the depths of 45 m and 180 m have large cold and warm
biases respectively whereas the 105 m depth is within the
thermocline at the equator, a very important region for ENSO
forecasting. Figure 1 was obtained using all Argo profiles for
the 3 year interval. As can be seen, there are large-scale cold
biases at 45 m and 105 m and a warm bias at 180 m in the
northern Pacific and the subtropical southern Pacific Ocean.
For salinity, its MD shows a similar spatial structure in all
of the three levels with positive bias (saltier water) in the
northern Pacific and negative bias (fresher water) in the
central to eastern equatorial Pacific. The spatial distribution
of the MD dominates the spatial distribution of RMSE as
shown in Figure 2. Corresponding to the large tempera-
ture MDs shown in Figure 1, the RMSEs of temperature are
larger than 1°C in most parts of the Pacific Ocean at 105 m
and 180 m and most parts of the North Pacific Ocean at 45 m.
It should be noted that Figures 1 and 2 are based on the
data for the period 2005-2007, during which there were two
El Nifio events (2004-2005, 2006-2007) and two La Nifia
events (early 2006 and 2007-2008). The cooler upper ocean
temperature in the CTL might be due to the model’s inability
to simulate the large positive anomalies corresponding to
these El Niflo events. Similarly, the large RMSE regions
correspond to large MD regions for salinity (e.g., the north-
east Pacific). The consistent distribution between MD and
RMSE indicates that the model mean bias probably dom-
inates the model RMSE skill.

[34] To examine the time dependence of the MD, we
plotted the time-longitude diagram of the temperature MD
along the equator at the three depths, as shown in Figure 3.
It can be seen that the large temperature MD has strong
persistence. For example, at the depths of 45 m and 105 m,
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Figure 1. Temperature (Figures la, 1lc, and le) and salinity (Figures 1b, 1d, and 1f) differences between
model and observation averaged over the 3-year period at (a and b) 45 m, (c and d) 105 m and (e and f) 180 m
for the control run. The contour interval is 0.2°C for temperature and 0.1 psu for salinity.

the warm water mainly lies in the eastern tropical Pacific
Ocean while the cold water occupies the region from the west
to central tropical Pacific. There are always lower tempera-
tures along the equator at the 180 m. These large spatial-
temporal scale warmer (or cooler) waters, which can be
consider to be model biases, persist for relatively long periods
with a varying amplitude with time.

6. Validation of Assimilation Experiments

[35] In this section, we evaluate the six assimilation
experiments described in section 3. Emphasis is placed on
the comparison among these experiments, revealing the

impact of different error schemes (model biases and random
errors) on assimilation performance.

6.1.

[36] As the 10% withheld Argo profiles are not enough to
produce spatial distribution maps of MD and RMSE, all Argo
profiles for the 3 years are used for calculating the MD and
RMSE within each grid cell. Good skill is expected when
validating against the same observations that were directly
assimilated. To eliminate this artificial skill, we used the
5-day forecast ensemble mean instead of the oceanic analysis
for validation. The observations within a time window of
5 days centered at the forecast date are used. Figure 4 shows

Temperature and Salinity
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Figure 2. Temperature (Figures 2a, 2c, and 2¢) and salinity (Figures 2b, 2d, and 2f) RMSEs between
model and observation averaged over the 3-year period at at (a and b) 45 m, (¢ and d) 105 m and (e and
f) 180 m for the control run. The contour interval is 0.5°C for temperature and 0.1 psu for salinity.

the spatial distributions of temperature MD of the six
experiments at the depth of 105 m for the period from 2005 to
2007. As illustrated in Figure 4a, though the model is
assumed to be perfect, without considering either the biases or
the random model errors in Expl, the large temperature MD
values in CTL (Figure 1c¢) are greatly reduced (under 0.05°C)
in most areas of the Pacific Ocean by assimilation. The rel-
atively large MD values, which are still much smaller than
those in CTL, mainly occur in the northern subtropical
Pacific, around Australia and the eastern equatorial Pacific
where there are large biases as shown in CTL (Figure 1c).
[37] Figure 4b shows the spatial distribution of temperature
MD of Exp2. The comparison of Figure 4b with Figure 4a

indicates that the multiplicative inflation of the model back-
ground error covariance can reduce the MD. For example, the
large MD values in the eastern equatorial Pacific Ocean, the
northern Pacific and around Australia are further reduced.
Figure 4c shows the spatial distribution of temperature MD of
Exp3, in which additive spatially coherent Gaussian noise are
added to each ensemble during the data assimilation. The
comparison of Figure 4c and Figure 4a indicates the positive
effects of the additive inflation on the reduction of tempera-
ture MD in data assimilation. For example, relatively large
MDs shown in Figure 4a in the eastern equatorial Pacific
Ocean and in the northern Pacific are further reduced. The
comparison of Figure 4c with Figure 4b indicates that the
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Figure 3. Meridional averaged tropical (10°S—10°N) temperature bias as a function of longitude and time:
(a) 45 m, (b) 105 m and (c) 180 m. The contour interval is 1.0°C. Areas with absolute value over 0.5°C are

shaded.

additive inflation (Exp3) is more effective than multiplicative
inflation (Exp2) in reduction of the MD. Figure 4d shows
the MD generated by Exp4, in which a combination of the
additive inflation and the multiplicative inflation are used.
Comparing Figure 4d with Figures 4b and 4c shows that the
combination of these two methods can more effectively
reduce MD than using only a single method in some areas, for
example in the southwestern Pacific Ocean. The advantage of
the combination has also been confirmed by other studies
[Bonavita et al., 2010]. The impacts of the two bias correction
methods used in Exp5 and Exp6 are shown in Figures 4e
and 4f. Actually these two experiments combine the addi-
tive inflation, multiplicative inflation and bias correction
methods into the data assimilation. Because the MD values
have already been significantly reduced in Exp4, the impacts
of the two bias correction methods are not evident through
comparing Figures 4e, 4f, and 4d. At a model grid when there
are sufficient observations in vicinity and the background
error covariance is adequately estimated, the traditional
ensemble Kalman filter (e.g., Exp4) can effectively correct
errors (bias and random error) and produce a sufficiently

accurate analysis [Dee and Todling, 2000]. The use of IAU
enhances the positive impacts of traditional EnKF on the
reduction of biases because the IAU procedure consists of an
integration of the model forced by the analysis increment
including the bias tendency [Dee and Todling, 2000]. This
is also the reason why experiments 1~4 significantly reduce
the MD even though these experiments were not designed to
treat bias. After the biases have already been significantly
reduced, the effect of bias correction schemes (Exp5 and
Exp6) might be lessened. Very small differences between
Exp35, Exp6 and Exp4 might be due to the reason that we used
a very small 7, in equation (12) (1%). In the following dis-
cussions, we will show that the bias-aware data assimila-
tion experiments (Exp5 and Exp6) are actually more effective
than the bias-blind experiment (Exp4) in reducing RMSE
in the first five months (30 assimilation steps), in particular
for some model levels.

[38] Figure 5a shows that the assimilation significantly
reduces the temperature RMSE in most areas of the Pacific
Ocean relative to CTL (Figure 2¢). However, in the areas
between the equator and 45°N the RMSEs are still large and
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Figure 4. Temperature differences between model and observation averaged over the 3-year period at
105 m for the 6 data assimilation experiments. The contour interval is 0.05°C.

the reduction in RMSE by assimilation is limited. The posi-
tive contributions of the additive inflation, multiplicative
inflation and their combination in the reduction of tem-
perature RMSE are evident by comparing Figures 5b—5d
with Figure 5a. As in the reduction of MD, the contri-
butions of the bias correction schemes in the reduction of
RMSE are not very evident as well based on the 3-year data
(Figures 5e and 5f).

[39] Figure 6a shows that Expl can reduce the salinity MD
at the depth of 105 m in the Pacific Ocean as well. The use
of multiplicative inflation (Figure 6b) and additive inflation
(Figure 6¢) can further reduce salinity MD. The combination
of the two techniques (Figure 6d) can obtain smaller MD
values than only using one method. Comparing Figures 6e

and 6f with Figure 6d shows somewhat difference between
them indicating the impact of the bias correction scheme.
However, we find the difference among the three figures
is not evident except that the Exp5 generates relative large
MD values in the southeast Pacific Ocean. Similarly, the
assimilation system can significantly reduce salinity RMSE
(Figure 7a) and the contribution of the multiplicative infla-
tion (Figure 7b), additive inflation (Figure 7c) and the com-
binations of the two methods (Figure 7d) in reduction of
salinity RMSE is evident. Comparing Figures 7e and 7f with
Figure 7d, reveals that after the RMSE has already been
significantly reduced in Exp4, the contributions of the bias
correction schemes in reduction of RMSE are not evident.
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Figure 5. Temperature RMSEs between model and observation averaged over the 3-year period at 105 m
for the 6 data assimilation experiments. The contour interval is 0.2°C.

[40] As mentioned above, the impacts of bias correction
schemes used in Exp5 and Exp6 are not evident relative to
Exp4 when comparing the MDs and RMSEs at 105 m.
Because the model error will decrease as the assimilation
proceeds, the metrics based on long-term evaluation might
muddle the differences among different methods. Here, we
only use the first year (2005) for a further comparison. The
vertical distributions of temperature and salinity MDs aver-
aged over the year of 2005 for the whole model domain based
on the withheld Argo profiles are shown in Figure 8. Com-
pared to CTL, all the experiments generate much smaller
temperature and salinity MDs. For temperature (Figure 8a),
the Exp3~6 generate similar small MDs in depths between
80 and 1000 m. It is evident that the bias-aware experiments

(Exp5~6) generate smaller MDs than the bias-blind experi-
ments (Expl~4) near the surface and the deep level below
1000 m. The use of inflation methods (Exp2~Exp4) can
generate smaller MDs than the traditional method (Expl).
For salinity (Figure 8b), the six experiments also generate
similar small MDs between 80 and 1000 m. The bias aware
experiments (Exp5~6) generate smaller MDs than the other
experiments (Exp1~4) near surface. However, the differences
between Exp3~6 are almost undetectable when all withheld
data during the 3-year are used in the validation (not shown).

[41] The average over the entire Pacific Ocean might cancel
out the regional differences of MD. To explore the spatial
differences, the MD and RMSE are also computed for several
different regions, including region I (35-50°N, 150-240°E),
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Figure 6. Salinity differences between model and observation averaged over the 3-year period at 105 m
for the 6 data assimilation experiments. The contour interval is 0.02 psu.

region II (10°S—10°N, 120-190°E), region III (10°S—10°N,
190-240°E) and region IV (30-45°S, 120-280°E). The
regions I-IV were selected to typify the N. Pacific, the
western equatorial Pacific, the eastern equatorial Pacific and
the S. Pacific, respectively. The regions II and III are also of
particular interest for seasonal climate prediction. Figure 9
shows the averaged MD of temperature for the region I~IV.
The performance of the experiments with additive inflation
(E3~E6) are much better than the perfect model experiments
(E1 and E2) for all regions. This result further confirms the
finding that ignorance of random model error may not be a
viable approach when working with a high-dimensional state
vector [Keppenne et al., 2005]. The biases in region II (the
western equatorial Pacific) and IV (the southern Pacific) are

significantly reduced to very small values at all levels in
Exp3~6. However, in region I (the northern Pacific) and III
(the eastern equatorial Pacific) there are still relatively large
temperature MD values at most levels possibly due to the fact
that the observations are sparse in region I and III. The
opposite sign of MDs between CTL and the experiments at
depths between 40 and 100 m of region III indicates that the
experiments may over-adjust the temperature bias. Figure 10
shows the vertical distribution of salinity MD for the four
regions. The advantages of the one-step bias correction
scheme (Exp5) and the persistent bias correction scheme
(Exp6) are evident in region I and III and not very clear
in other regions. The vertical distributions of RMSE for the
four regions are also calculated. The differences among

11 of 22



C09027

45N
30N
15N

EQ +
158
308
455

DENG ET AL.: MODEL ERROR ARGO ASSIMILATION

C09027

(b) Exp2

)

120E 150E 180  150W 120W  9OW

(c) Exp3

0.1

:0 05\/———\

120E  150E 180  150W 120W  9OW

45N
30N
15N

EQ s
158
308
458

]

do.o.’:v_/-\

180  150W 120W  90W

(e) Expb

N )

0.1

(-

150W  120W  90W

180

(f) Exp6

120E  150E

45N
30N
15N

EQ £
158
308
458

120E 150E 180  150W 120W  90W

120E 150E 180  150W 120W  90W

01

0.16 [X]

Figure 7. Salinity RMSE between model and observation averaged over the 3-year period at 105 m for the
6 data assimilation experiments. The contour interval is 0.05 psu.

Exp3~6 are evident in region I but not obvious in other
regions. Figure 11 shows the vertical distribution of RMSE
for the region I. It is clear that Exp6 can gain smaller tem-
perature RMSE and smaller salinity RMSE than Exp4,
and Exp5 can generate smaller RMSEs than Exp4 at some
model levels, indicating positive impacts of the bias correc-
tion schemes.

[42] The above results indicate that the adaptive multipli-
cative inflation (Exp2) is able to improve the performance of
assimilation. The additive inflation (Exp3) results in much
smaller forecast errors than Expl and Exp2 at most model
levels. Combining the additive inflation and the adaptive
multiplicative inflation can further improve the performance
of the data assimilation system. The incorporation of the bias

correction schemes into the assimilation system (Exp5 and
Exp6) can further reduce the forecast error relative to Exp4 at
some model levels. The impacts of the bias correction
schemes are most evident in the northern Pacific Ocean where
the observations are relatively sparse and the model has large
warmer and saltier biases. However, in regions where the
observations are dense, the contributions of bias correction
are not evident because the standard assimilation scheme is
capable of gaining sufficiently accurate analysis when
observations are dense [Dee and Todling, 2000].

6.2. Error Evolution With Assimilation Cycles

[43] Insight into whether the assimilation reduces or elim-
inates systematic errors may be gained by examining spatially
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(black dash line), Expl (El:red), Exp2 (E2:green), Exp3 (E3:blue), Exp4 (E4:black solid line), Exp5
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Figure 9. Biases of temperature as a function of depth, from the control experiment (black dash line), Exp1
(El:red), Exp2 (E2:green), Exp3 (E3:blue), Exp4 (E4:black solid line), Exp5 (E5:cyan) and Exp6 (E6:
magenta) for region (a) I, (b) II, (c) IIT and (d) IV, where the observations are Argo profiles for the year
of 2005.
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Figure 11. RMSEs of (a) temperature and (b) salinity, as a function of depth, from analyses of the control
experiment (black dash line), Exp1 (red), Exp2 (green), Exp3 (blue), Exp4 (black solid line), Exp5 (cyan)
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profiles for the year of 2005.
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Figure 12. Time evolution of the RMSEs of (a) temperature and (b) salinity at 105 m, as a function of data
assimilation step, from analyses of the control experiment (black dash line), Expl (red), Exp2 (green),
Exp3 (blue), Exp4 (black solid line), Exp5 (cyan) and Exp6 (magenta) for the north Pacific Ocean
(35-50°N,150-240°E), where the observations are Argo profiles for the year of 2005.

averaged errors (observation-minus-forecast). In this section,
we will explore the temporal evolution of the errors. For
convenience, we confine the analysis to the RMSE averaged
over the northern Pacific Ocean (i.e., region 1) defined using
equation (17).

[44] As shown in preceding section, the MD dominates
the spatial pattern of RMSE. To show the differences between
the 6 experiments clearly, we calculate RMSEs for each
data assimilation cycle for the six experiments respectively.
Figure 12 only shows the RMSEs at 105 m for region I for the
period of 2005, because the differences are not evident among
Exp3~6 after 2005. As shown in Figure 12, the RMSEs of
temperature and salinity are quickly reduced during the first
few assimilation steps for all of the six experiments. The
additive inflation scheme is very effective in reducing RMSE
as demonstrated by the small RMSE with it (E3~E6) against
large RMSE without it (E1~E2). It is also found that the bias
correction schemes (E5 and E6) are not very effective in
reducing the model bias after around 5 months (30 assimi-
lation steps). For other regions, there are features similar to
those in Figure 12 (not shown).

[45] In the EnKF method, the ensemble spread is an
important parameter that can be used to explain the perfor-
mance of the system. Figure 13 shows the temporal variation
of the spread of the forecast and analysis ensembles at 105 m
in the region I. As can be seen, the ensemble spread presents a
typical feature of a good ensemble system in all experiments,

15

i.e., increasing until saturation after some assimilation
steps. This increasing ensemble spread allows the forecast
to draw to the observations and thus do not encounter
filter divergence, which is where bias can really increase. This
is an underlying reason why exp 1-4 do reasonably well in
reducing MD. The continual increase in ensemble spread
is due to the continual perturbations in the wind stress during
the assimilation. In similar experiments without the pertur-
bation of wind, the ensemble spread is quickly damped after
5-10 steps (not shown). The saturation is probably a con-
sequence of the adjustment of model dynamics. The spreads
of Exp3—6 retain relatively large values and are closer to
the RMSE (Figure 12), compared with those of E1~2. A
good ensemble system should show an ensemble spread
close to the RMSE [e.g., Cheng et al.,2010]. Thus, Exp3—6 is
better than E1~2, showing the advantage of the inflation
method.

[46] The standard implementation of the Kalman filter
is able to provide an efficient analysis where measurements
are available [Drécourt et al., 2006]. This is true when the
amplitude of the model background error covariance can
reflect the amplitude of total model errors including both bias
and random model error. When we estimate the parameter \,
through equation (6), the bias and random model error are
combined because the observation-minus-forecast covari-
ance consists of these two components. So, the Exp4 will
always generate results similar to Exp5—Exp6. Comparing
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analyses of the control experiment (black dash line), Exp(red), Exp2 (green), Exp3 (blue), Exp4 (black solid
line), Exp5 (cyan) and Exp6 (magenta) for the north Pacific Ocean(35-50°N,150-240°E), where the obser-

vations are Argo profiles for the year of 2005.

the Kalman gains of the six experiments listed in the appen-
dix, we can see that the gains of Exp4—6 have the same
pattern. After model biases are significantly reduced, the
results of these three experiments should be similar especially
when we validate them against long-term observational data.

7. Further Validation Using Independent Data

[47] The surface current data from the Ocean Surface
Current Analyses-Real time [Helber et al., 2007] and the sea
level height anomaly data (SLA) from (M)SLA and (M)ADT
near-real time and delayed time products [Dibarboure et al.,
2009] are used for further validation. The correlation coef-
ficients and RMSEs between the observed and simulated
zonal currents generated by CTL and the six experiments
are calculated on 5° grids. To show the impacts of differ-
ent schemes, the differences in correlation and RMSEs
between the six experiments and CTL are also computed for
a period of 3 years. Figure 14 shows the correlation coef-
ficients of CTL (Figure 14a), and the correlation differ-
ences between the assimilation experiments and CTL. In
Figures 14b—14g positive values show where assimilation

experiments improved the simulation of currents, and nega-
tive values show where they did a worse job. Figure 14a
illustrates a good simulation of surface current in the tropi-
cal Pacific regions by CTL but a poor simulation between
15°N-30°N. In contrast, the assimilation experiments sig-
nificantly improve the surface current simulation in most
areas between 15°S-30°N (Figures 14b—14g). At higher
latitudes and in the tropical western Pacific, the correlation
skill is lower from the assimilation than from CTL, probably
due to the small number of Argo profiles in these regions.
Comparing Figure 14 with the number of Argo profiles as
shown in Figure 1 of Deng et al. [2010], one can find that
these relative poor skills in assimilation coincide with areas
having few Argo profiles. Dynamical adjustment plays a
critical role in the surface current analyses when assimilating
the temperature (T) and salinity (S) profiles. The assimila-
tion of insufficient Argo T-S profiles actually could greatly
degrade the dynamical balance and make dynamical adjust-
ment harder, leading to skill even poorer than the control run.
Another possible reason for poor skills at higher latitudes is
probably related to the design of the localization box. As the
box is shifted poleward from the equator it would begin to
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Figure 14. (a) Correlation between the observed zonal surface current and the CTL. (b—g) The differ-
ences between the correlations of the 6 experiments and the CTL (Rexps-Re1r). Contour interval is 0.2 in
Figure 14a and 0.1 in Figures 14b—14g. Areas with absolute value over 0.1 are shaded in Figures 14b—14g.

span parts of the ocean with very different vertical structures.
In the Pacific Ocean, the thermocline deepens and broadens
from the equator reaching its deepest point at about 30 N, and
then rises to break the surface farther north. The complex
vertical structure is a great challenge in the design of locali-
zation. In addition, relative small mean and variability in the
currents in these regions (about 10~20% of the values of
the currents in the tropics) make them very sensitive to the
analysis increments, easily leading to poor skill in correlation
and RMSE.

[48] The most evident improvement of RMSE skill due to
assimilation occurs in the equatorial central and the eastern
Pacific, the area with relatively more Argo profiles and rel-
atively stronger equatorial currents, as shown in Figure 15. In
other regions, the surface currents are weak, associated with a

small RMSE in all experiments, leading to little evident
impact of assimilation on RMSE skill. This is the reason
why the six experiments have small differences in RMSE
skill. However, a comparison between Figures 14c—14g and
Figure 14b reveals that the experiments with inflation meth-
ods can improve the simulation of surface currents in most
areas over experiments without them.

[49] Correlations and RMSEs between the observed and
simulated sea level height are also calculated grid by grid.
Figure 16a shows the correlation between the observed and
simulated sea level height anomalies by CTL for the three
year interval. The CTL experiment generates a good simu-
lation of SLA in the tropical Pacific but does badly in the
region between 15° and 30° in both the hemispheres. All of
the six experiments (Figures 16b—16g) perform better in the
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tropical Pacific between 30°S-30°N than CTL, which is
important for ENSO prediction. Exp2~6 produce some-
what better results than Exp1 in most areas. Corresponding to
the improvements in correlation, the six experiments (shown
in Figures 17b—17g) generate smaller RMSEs than CTL
(Figure 17a) between 20°S—20°N but larger RMSEs at higher
latitude, which is most probably due to the paucity of Argo
profiles.

[50] An interesting feature in Figures 16 and 17 is an evi-
dent improvement of SLA in all assimilation experiments in
the tropical western Pacific where Argo profiles are sparse.
This is different from the result for surface currents as dis-
cussed above, and is not well understood. A possible reason
is that the SLA is mainly controlled by thermodynamics and
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7g.

surface pressure, which are highly related to temperature
and salinity. The propagation of the equatorial Kelvin waves
and the off-equator Rossby waves can quickly bring thermo-
dynamic information (e.g., thermocline adjustment) from the
central and the east to the west.

8. Summary

[51] An adequate estimate of random model error and
model bias is an important issue in data assimilation. In
this paper, six experiments were performed to examine
the capability of different model error schemes to reduce
these model errors for the Pacific Ocean. The delayed-mode
Argo, XBT, CTD, and TAO-TRITON profiles for the period
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2005-2007 were assimilated for this purpose. The valida-
tion and comparisons of these experiments indicated that all
of the six assimilation experiments can obtain better simu-
lation of temperature and salinity than the control run without
assimilation. Assimilation of temperature and salinity also
improved the simulation of surface zonal currents and SLA in
the tropical Pacific but degraded the simulation at higher
latitudes. However, the degradations of zonal surface current
and SLA probably were due to a relatively sparse distribu-
tion of Argo profiles. It is interesting that all the assimila-
tions significantly improved simulation of the tropical Pacific
Ocean, which can benefit ENSO prediction. The additive
inflation was found to be important in maintaining ensemble
spread amplitude in an appropriate range thus alleviating
the underestimation of the background error covariance. The
advantage of additive inflation is most evident near the sur-
face and in the deep ocean. The multiplicative inflation also
contributed positively to improvement in the assimilations.
The combination of additive inflation and adaptive multipli-
cative inflation further improved the performance of assimi-
lation, and was better than using either one. The combination
with the additive inflation, adaptive multiplicative inflation
and the bias correction schemes is appropriate only for a
relatively short initial period of assimilation. With any increase
of assimilation cycles, the advantages of bias correction
schemes gradually disappeared since the errors had become
small after only a few assimilation steps.

[52] Several other sensitivity experiments were also
conducted as part of this study. For example, we used bias
correction schemes without additive inflation and/or multi-
plicative inflation. The results are a little better than Expl
and Exp2 but worse than Exp3—-6. We also found that if
the amplitude of the additive model error is significantly
increased, over-fitting occurs after the first few assimilation
cycles. In the bias correction schemes, Kalman gains for bias
analysis are assumed to have the same structure but much
small amplitude, as those for the state analysis. The misrep-
resentation of bias gain might affect the performance of the
assimilation system.

[53] This paper explores the impacts of different model
error schemes on ocean assimilation, especially on the
assimilation of Argo data, in the framework of the EnKF.
Some similar comparisons have been made in atmospheric
data assimilation, but this kind of work is new in ocean data
assimilation, in particular within the Argo data assimilation
community. The use of a realistic OGCM and the Argo
data for assimilation experiments makes this study not only
useful in selecting appropriate error schemes in oceanic data
assimilation but also has practical significance for Argo data
assimilation.

[54] In this study, only the Argo and other in situ profiles
are assimilated to explore the impact of several different
model error schemes on ocean assimilation. Neglect of other
observations such as satellite SST and SLA, as well as oce-
anic currents etc. may impact ocean state estimation. The
ensemble size in this study is not very large and that probably
affects the assimilation performance despite the use of a local
analysis strategy that can reduce the impact of the small
ensemble size on the efficiency of the EnKF. Also, the
localization scale and the additive model error amplitude
are chosen somewhat subjectively. All of these issues may
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impact the assimilation performance and need to be addressed
in future studies.

Appendix A: The Kalman Gains of the Six
Experiments

[s5s] Given P = p o P/, the Kalman gains of the six
experiments can be written as

1

Kg1 = PH" (HPH" +R)” (A1)
Kpy = (PHT+>\2PHT)[(HPHT+R+/\2HPHT)71] (A2)
Kis = (PH" + QHT) [(HPHT +R) + HOH'] ' (A3)

Kis = [PHT + (0 + \P + MO)HT |
-[(HPH" +R) + H(Q + \P + M 0)H"] ™ (A4)

Kgs = [PHT + (0 + XP + M O)H' |
[(HPHT 4 R) + H(Q + \oP + o Q)H] "' (A3)

Kis = [PH' + (0 + MP + MO)H]
[(HPHT 4+ R) + H(Q + \oP + M O)H"] ™ (A6)
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