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Abstract A method to initialize an ensemble, introduced
by Evensen (Physica, D 77:108–129, 1994a; J Geophys
Res 99(C5):10143–10162, 1994b; Ocean Dynamics
53:343–367, 2003), was applied to the Ocean General
Circulation Model (OGCM) HYbrid Coordinate Ocean
Model (HYCOM) for the Pacific Ocean. Taking advantage
of the hybrid coordinates, an initial ensemble is created by
first perturbing the layer interfaces and then running the
model for a spin-up period of 1 month forced by randomly
perturbed atmospheric forcing fields. In addition to the
perturbations of layer interfaces, we implemented perturbations of the mixed layer temperatures. In this paper, we
investigate the quality of the initial ensemble generated by
this scheme and the influence of the horizontal decorrelaResponsible editor: Jean-Marie Beckers
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tion scale and vertical correlation on the statistics of the
resulting ensemble. We performed six ensemble generation
experiments with different combinations of horizontal
decorrelation scales and with/without perturbations in the
mixed layer. The resulting six sets of initial ensembles are
then analyzed in terms of sustainability of the ensemble
spread and realism of the correlation patterns. The
ensemble spreads are validated against the difference
between model and observations after 20 years of free
run. The correlation patterns of six sets of ensemble are
compared to each other. This study shows that the ensemble
generation scheme can effectively generate an initial
ensemble whose spread is consistent with the observed
errors. The correlation pattern of the ensemble also exhibits
realistic features. The addition of mixed layer perturbations
improves both the spread and correlation. Some limitations
of the ensemble generation scheme are also discussed. We
found that the vertical shift of isopycnal coordinates
provokes unrealistically large deviations in shallow layers
near the islands of the West Pacific. A simple correction
circumvents the problem.
Keywords Ensemble Kalman filter . Initial ensemble .
HYCOM model . Model uncertainty . Ensemble spread .
Correlation pattern
Abbreviations
EnKF
Ensemble Kalman Filter
KF
Kalman filter
KPZ
Kardar–Parisi–Zhang
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1 Introduction
Ensemble data assimilation is at the intersection of
ensemble forecasting methods and independently developed data assimilation based on the theory of statistical
estimation. The ensemble Kalman filter (EnKF) is a data
assimilation approach introduced by Evensen (1994b) using
a Monte Carlo method for the nonlinear propagation
(forecast) and the traditional update (analysis) of the
Kalman filter (KF). Burgers et al. (1998), Brusdal et al.
(2003), and Keppenne and Rienecker (2002, 2003) have
discussed EnKF applications in ocean data assimilation
research, while Hamill et al. (2001), Whitaker and Hamill
2002, Houtekamer and Mitchell (2001), and Houtekamer et
al. (2005) focus on the EnKF in atmospheric data
assimilation (see also Evensen (2003) for a recent review
of the literature using the EnKF). The EnKF is attractive
because it avoids many of the problems associated with the
traditional extended Kalman filter such as the closure
problem reported in Evensen (1992) and the large computational resources needed for computing variance–covariance matrices for three-dimensional systems. The EnKF has
been applied with success in realistic oceanography
applications such as the Agulhas Current using Geosat
altimeter data (Evensen and van Leeuwen 1996), the
assimilation of sea level anomalies (SLA) and sea surface
temperature (SST) data into an Ocean General Circulation
Model (OGCM) for the Indian ocean (Haugen and Evensen
2002), and the assimilation of ice concentration in a
coupled ice–ocean model (Lisæter et al. 2003). It is used
operationally in the TOPAZ Atlantic and Arctic Ocean
system since 2003 (see http://topaz.nersc.no) and two
operational weather forecasting services at University of
Washington and the Meteorological Service of Canada
(http://www.atmos.washington.edu/~enkf/ and http://www.
cmc.ec.gc.ca/rpn/enkf/index_e.html, respectively). Our intention is to set up and validate an operational forecasting
system for the Pacific Ocean of moderate resolution (half a

degree) that can resolve the main three-dimensional largescale circulation and its variability on the synoptic scales,
including the El Niño Southern Oscillation (ENSO),
Rossby waves, and Kelvin waves, but not the mesoscale
variability. We cannot afford to run the model at eddy
resolving resolution but the system we used in this study
can provide lateral boundary conditions to high-resolution
systems nested in areas of particular interest.
Two main statistical assumptions of the EnKF are the
Gaussian distribution of state variables and the nonbias of
error statistics (i.e., their mean and covariance are supposed
to be exactly known), see the presentation by Bertino et al.
(2003). The present work concerns the second assumption
and the setup of initial statistics of the EnKF for an ocean
model. There are three different types of errors accounted
for in the sequential data assimilation algorithm: initial
errors, model errors, and observation errors. Ideally, the
statistics of the initial ensemble represent the uncertainties
of the initial guess for model states, in particular the
ensemble standard deviation (also referred as “ensemble
spread”) and the structure of the error covariance. Those are
used only once at the initialization stage, then the model
errors and the observation errors sustain the ensemble
spread all through the sequence of assimilation steps.
Recent findings indicate that the EnKF outperforms
traditional 3DVAR assimilation techniques and that it may
as well outperform the advanced 4DVAR technique if
properly parameterized for model errors, for observation
error statistics, and with covariance localization (Hamill
and Whitaker 2005; Kalnay et al. 2006).
The parameterization of model and measurement errors
has been previously considered. Toth and Kalnay (1993)
introduced a “breeding of growing modes” method that
consists of one additional, perturbed short-range forecast on
top of the regular analysis in a cycle. Hamill et al. (2001)
compared ensembles of bred vectors, singular vectors, and
perturbed observations. The ensemble mean by perturbed
observations was more accurate than the two others. Palmer
et al. (2004) used wind stress perturbations randomly taken
from a set of monthly differences between two quasiindependent analyses to derive as many ocean state estimates as
ensemble members for the forecast. Other applications to
ocean models can be found in Rogel et al. (2005) and
Vialard (2005). In contrast, little has been done about the
initialization of ensemble-based data assimilation techniques. The initial ensemble is usually either based on an
ensemble model run with random perturbations (Evensen
1994b; Brusdal et al. 2003) or on a collection of model
outputs taken at different times (Pham 2001, Leeuwenburgh
2005). One disadvantage of the latter is that the initial
ensemble represents time-averaged variability rather than
instantaneous variability and may contain unwanted temporal (e.g., seasonal) covariances. Using model outputs as
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initial ensemble may also be limited in the sense that the
model deficiencies (e.g., bad position of a current) are
inherited by the ensemble and thus increase the risk of
ensemble bias. We will thus focus on the first type of
method. One difficulty with the representation of initial
errors in a large-scale ocean system is that their sources are
numerous and complex and their errors statistics are
dependent on location and time. The errors may indeed
arise both from random variability—the timing of natural
phenomena may be off—and from accumulated biases
caused by inaccurate surface and lateral boundary conditions, approximations in the model discretization, and
parameterization. In this study, we assume a simple
spatially stationary1 initial error followed by ensemble
model propagation—including model errors—during which
the ocean dynamical equations develop nonstationary and
time-dependent errors.
Models and algorithms to generate random spatial fields
with a given spatial covariance are reviewed in Lantuejoul
(2002). Evensen (1994b; 2006) provides a cost-effective
technique to generate 2-D and 3-D pseudorandom fields
with a fast Fourier transform (FFT).
We will look for the initial statistical parameters that
produce the most realistic ensemble statistics in the HYbrid
Coordinate Ocean Model (HYCOM) in a realistic configuration of the Pacific Ocean. In a shallow-water model
forced by random surface wind stress, Alves and Robert
(2005) showed that, in shallow-water equations, the error
covariance range of a 10-day ensemble forecast is limited
by the propagation of Rossy and Kelvin waves. Such largescale waves will also take part in the errors in a primitive
equation model like HYCOM for the Pacific Ocean. We,
therefore, focus on large-scale initial errors and set up the
experiment at the onset of the ENSO in December. We
expect that the Kelvin waves will respond to the large-scale
perturbations, but we expect that HYCOM will resolve
more processes, including the large-scale circulation in
midlatitudes. Because of the nonlinearity of the ocean
physics, it is a priori unclear how errors at different scales
will evolve during the ensemble model run, which areas
and variables are sensitive to different scales of perturbations. Our objective is, therefore, to evaluate which
processes are excited under which set up and have an
indication of the expected performance of the data
assimilative system.
The structure of the paper is as follows. In Section 2, we
first give a short introduction to the ocean model. Section 3
describes the main generation method of the initial
ensemble. In Section 4, we explain the experimental design
and the observation data sets used in the experiment.
1
The covariance of a pair of points depends only on the distance that
separates them.
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Section 5 gives the results of model uncertainty and a
comparison of six different sets of initial ensemble. In
Section 6, the corresponding correlation patterns are
compared. Finally, Sections 7 and 8 present the limitations
and conclusions, respectively.

2 Model configuration
The HYCOM (Bleck 2002) is a primitive equation, general
circulation model, which evolved from the Miami Isopycnic Coordinate Ocean Model (MICOM; Bleck and Smith
1990). The MICOM model uses density as the vertical
coordinate. The main advantage of the isopycnic coordinates is their ability to maintain the properties of water
masses that do not communicate directly with the mixed
layer. In HYCOM, the isopycnal vertical coordinates
become z-coordinates in the weakly stratified upper-ocean
mixed layer and terrain-following sigma coordinates in
shallow-water regions.
The computational domain spans the Pacific Ocean from
95° E to 70° W and from 28° S to 52° N and is created by
the conformal mapping tool of Bentsen et al. (1999). In the
present case, the grid sizes range from 42 to 72 km in the
Pacific. The vertical resolution of HYCOM is 22 layers in
hybrid isopycnal and z-level mode. The target potential
density values range from 18.00 to 27.84 with a few light
target density values that ensure a minimum of four fixed
depth levels near the surface of the ocean. The upper 10
layers follow a linear increase of density and the 12 bottom
layers follow an exponential increase. In the vertical, the
top layer is 3 m thick, the following levels increase by a
stretching factor of 1.125. The bottom topography is based
on the General Bathymetric Chart of the Oceans model
(GEBCO), a 1-min gridded dataset.
Temperature, winds, sea level pressure, and relative
humidity determined from dewpoint temperatures were
used as synoptic forcing, which were acquired from the
European Center for Medium-range Weather Forecasting
(ECMWF). We use the high-frequency (6 h) component
because the mixed layer is sensitive to variations in surface
forcing on time scales of a day or less (Kara et al. 2005).
Cloudiness is based on the Comprehensive Ocean and
Atmosphere Climatology Dataset (COADS; Slutz et al.
1985), while precipitation is based on the climatology of
Legates and Willmott( 1990). River input is modeled as a
negative salinity flux, and the river sources in the Pacific
include climatological run-off from 13 rivers. They are
Fraser, Columbia, Sacramento, Colorado, Santiago, Amur,
Luanhe, Huanghe, Changjiang, Xijiang, Pahang, Cagayan,
and Meikong. The model surface level and the northern and
southern boundaries are relaxed toward temperature and
salinity from the Generalized Digital Environmental Model
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(GDEM) climatology (Teague et al. 1990) with a common
relaxation time scale of 100 days. The period of the control
run is from January 1, 1981 to December 31, 2002.

3 Ensemble generation
Initially, we pick a model snapshot from a spin-up
integration in free run. We assume that the inaccuracy in
this snapshot can be attributed to a displacement of the
vertical coordinates. The initial ensemble is sampled by
perturbing the layer interfaces from a spun-up model
snapshot, then it is integrated forward with model errors
in the atmospheric forcing fields. The method is documented in Evensen (2003). An improved sampling method
based on a singular value decomposition of a larger sample
(Evensen 2004) has been used in this study to reduce the
redundancy of information in the initial ensemble.

layer thickness—in other terms “random stratification”—in
the ensemble, the assimilation can update them and, in case
they become thinner, this is a practical way to sharpen a
pycnocline or a thermocline. Such a routine may be
difficult to apply to fixed coordinate models because of
the nonlinear equation of state relating temperature, salinity,
and density. The perturbations of layer thicknesses follow a
lognormal law. Note that the direct multiplication by the
exponential of q′ is biased although q′ has zero mean
because the exponential is nonlinear. We define as σln(d) the
logarithmic standard deviation of q′. Then:
Eðd exp ðq0 ÞÞ¼dEðexp ðq0 ÞÞ
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3.1 Perturbations of the ocean stratification
In the ocean model, the water column is split up into
several hybrid layers. As ocean currents bear their signature
over several model layers, independent changes from one
layer to the other are bound to be unphysical. The threedimensional initial perturbations, therefore, need to be
correlated along the vertical coordinate. The following will
discuss how to generate vertical correlations from uncorrelated two-dimensional random fields.
Let q(x,y,zk) and q(x,y,zk+1) be horizontal pseudorandom
fields in consecutive layers. The two fields are uncorrelated
and their variance is equal to one. We wish to generate two
correlated random variables q′(x,y,zk) and q′(x,y,zk+1) with
unit variance and correlation equal to a. To do so, we
combine linearly the uncorrelated fields:

We, therefore, use a bias-corrected exponential transformation:
 0
. 
d' ¼ d exp qd  σlnðd Þ  σ2lnðd Þ 2 :
ð5Þ
The advantages of using the lognormal law are twofold:
first, it avoids naturally negative values in the perturbed
layer thickness and second, the standard deviation of the
lognormal perturbations is proportional to the layer thickness, which is intuitively reasonable.
The perturbed layer thicknesses are then adjusted to take
account of the bottom depth, as follows:
P
d ð zÞ

d ¼ d'  P
:
ð6Þ
d' ð zÞ

ð3Þ

For the mixed layer, the thickness is diagnosed at the
pressure grid point based through vertical interpolation to
the depth where density exceeds the surface layer density
by a prescribed amount. However, because the unstratified
mixed layer uses Cartesian vertical coordinates in the
hybrid ocean model, the above perturbations of layer
thicknesses have no impact. In this study, we attempt to
enhance the initial variance of temperature in the mixed
layer by adding vertically correlated perturbations of
temperatures, using a lognormal law as above:
 0
. 
T ' ¼ T exp qT  σlnðT Þ  σ2lnðTÞ 2 :
ð7Þ

A practical way of generating an initial ensemble in a
variable vertical coordinate model like HYCOM is to add
perturbations to the layer thicknesses and then to spin up
the ensemble to adjust other variables and let the
multivariate covariances build up. In this way, the model
stratification is modified, but the water mass properties
remain consistent within a given layer. Having variable

The constants are given in Table 1 where rv is expressed as
the number of layers
In the model, the three-dimensional pseudorandom fields
are generated by the method described above. The layer
thicknesses are perturbed by 10% of their thickness and the
perturbations can, therefore, reach up to a hundred meters.
Such a large vertical misplacement may typically be

q' ðx; y; zkþ1 Þ ¼ qðx; y; zkþ1 Þ
q' ðx; y; zk Þ ¼

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1  a2 qðx; y; zk Þ þ aqðx; y; zkþ1 Þ:

ð1Þ
ð2Þ

The resulting 3-D field follows an exponential covariance in the vertical of range rv, expressed as the number of
hybrid layers, i.e., in density coordinates. The α parameter
is related to rv as:
a ¼ e1:0=rv :
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Table 1 Parameters of the initial ensemble perturbations
Variable

σln

rv

Layers

Layer thickness, d
Temperature, T

0.1
0.05

2.0
3.0

Isopycnal layers
Mixed layer

experienced in an instantaneous model output, for example,
in the case of nontimely ENSO onset and even minor
misplacement of a current system. Every member in the
ensemble then needs to be integrated to let it adjust to the
perturbed stratification. While the model adjusts the currents
and the horizontal distribution of water masses to the new
stratification in each member, the ensemble will build up
multivariate covariances where the geostrophic adjustment
probably represents a large part of the variance.
3.2 Perturbations of the forcing fields
During the ensemble integration, model errors are added to
simulate the inaccuracies caused by errors in the surface
boundary conditions, including errors in the atmospheric
forcing fields, and thus increase the spread of the ensemble.
The model errors are constituted by random red noise
added to the atmospheric forcing fields; they are spatially
and time-correlated as outlined in Evensen (2003). Parameters of model errors are shown in Table 2. The horizontal
scale of the perturbation is consistent with Alves and
Robert (2005) who used statistics of the differences
between two well-established reanalysis products as a
proxy for errors in wind stress.

4 Experimental design and data preparation
4.1 Data preparation
To quantify the initial uncertainties of the physical model
and validate the ensemble generation method, observations
are necessary to compare with the model results. For this
purpose, four data sets are chosen.
The first data set is Argo float profiles. Argo is a global
array of 3,000 free-drifting profiling floats that measure the
temperature and salinity of the upper 2,000 m of the ocean.
Optimum interpolation sea surface temperature (OISST)
analysis sets are produced at the National Oceanic and
Atmospheric Administration (NOAA) using both in situ
and satellite data from November 1981 to the present. The
monthly SST fields on a 1° grid are derived by a linear
interpolation of the weekly optimum interpolation (OI)
fields to daily fields and then averaged over a month
(Reynolds et al. 2002).
The Tropical Ocean Global Atmosphere Coupled Ocean
Atmosphere Response Experiment (TOGA-COARE) was a

large international field experiment conducted in 1992–
1993 to study the atmospheric and oceanic processes over
the region of the western Pacific known as the “warm
pool.” The Tropical Atmosphere/Ocean (TAO) array consists of approximately 70 moorings in the Tropical Pacific
Ocean telemetering oceanographic and meteorological data
to shore in real-time via the Argos satellite system.
Sea surface height (SSH) measurements give insights
into ocean circulation, water mass, and climate cycles and
provides valuable information about currents as an integrated function of water density and pressure over the
whole water column. The SSH maps are merged from three
satellites, TOPEX/Poséidon, ERS-2, and Geosat Follow
On, provided by Collecte Localisation Satellites (CLS).
The experiment is designed to compute the initial errors
and compare them with the ensemble spread. Because there
are too few observations to compute instantaneous errors at
the exact initialization time, we extract the data from 2000
to 2001 for computing model initial errors as a 2-year
average and we will assume that the time average errors are
representative of the instantaneous errors, at least qualitatively. The ensemble standard deviation indicates which
variables will receive large assimilation update and their
locations and depths. It is, therefore, important that the
ensemble standard deviation reflects the actual distribution
of the errors. We leave the data after 2002 to forthcoming
data assimilation experiments.
Oceanic observation data of temperature and salinity are
sparse in the deep ocean, although the density of Argo
floats data is increasing fast. To analyze the model
uncertainties, we split the domain into 5×4° rectangles,
that is, the whole Pacific domain is separated to 41×22
subregions. We compute model RMS error against observations in each area by:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
1X
so ¼
ð8Þ
ð xi  xÞ 2
n i¼1
where the summation is made over all observations in the
years 2000 and 2001. In Eq. 8, xi is the difference between
model results and observations. The observations used in

Table 2 Parameters of model errors in forcing fields
Parameters

Description

Value

rβ

Decorrelation length scale
of random forcing
Atmospheric temperature
standard deviation
Atmospheric wind stress
standard deviation
Wind speed standard deviation
Radiation flux standard deviation

10 grid cells
(500 to 720km)
3K

σT
στ
σw
σr

0.03 N/m2
1.6 m/s
0.2 W/m2
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this study are the Argo floats, the OISST, and the TAO
array.
4.2 Experimental design
To validate the ensemble spread, we design six experiments
focusing on the main initial error parameters and the new
vertical correlation scheme of temperature fields in the
mixed layer. The version of HYCOM used in this study is
based on second-order finite differences of the equations.
Thus, the scales that the model is expected to resolve are at
least four times the size of a grid cell. The horizontal
resolution going from 40 to 72 km, we cannot expect the
model to resolve horizontal scales smaller than 160 to
300 km and we do not expect realistic model sensitivity at
those scales. On the other extreme, it is difficult to assess
the largest scale of error at the initial time. A model
snapshot taken at an arbitrary time in free run will
inevitably show random errors caused by the timing of
various ocean processes. For example, the onset of the
ENSO or the phase of a Kelvin or Rossby wave cannot be
perfectly accurate because the surface fields that force them
and the parameterization of air–sea interactions are themselves imperfect. Such processes represent a major share of
the Pacific Ocean variability and have a typical horizontal
scale reaching up to several thousands of kilometers. In
addition, the model is impaired by its horizontal and
vertical discretization and the imperfect parameterization
of subscale processes (like the eddy viscosity or the
numerous parameters of the mixing scheme). After accumulation over several years of model spin up, these may
result in displacements of the current systems, both in the
horizontal and in the vertical directions. In the present case,
the errors are more likely the vertical position of isopycnal
layers than their water mass properties. We, therefore,
concentrate the initial error on the layer thickness variable.
Table 3 summarizes the parameters used in the six
experiments. We have used ensembles of 100 members
because Natvik and Evensen (2003) showed that ensemble
sizes below 60 were unreasonably small for realistic
nonlinear applications. Besides, most EnKF applications
Table 3 Six experiments of ensemble generation
Number Ensemble Spin-up
size
time
(days)
Expt1
Expt2
Expt3
Expt4
Expt5
Expt6

100
100
100
100
100
100

30
30
30
30
30
30

Horizontal
decorrelation
scale (km)
1,000
1,000
500
2,000
4,000
7,000

Perturbations
in mixed
layer
No
Yes
No
No
No
No

seem to work well with 100 members. We resample from
an eight times oversized initial ensemble. The ensemble
spin-up time is about the same as in Lisæter et al. (2003).
The results presented below are obtained after integration with perturbed forcing fields 1 month after the instant
when the 3-D perturbations described in Section 3.2 were
applied. Because the 3-D perturbations were all applied
with equal variance and the six ensembles were run with
similar parameterization of the model errors, the differences
in standard deviation indicate how well the initial ensemble
spread is sustained in the system with different set ups of
the initial 3-D perturbations. The perturbations change the
vertical density gradients and the currents should, therefore,
adjust to the changes, whatever their horizontal scale. As a
consequence, the 3-D temperature and salinity fields should
be sensitive to the initial perturbations by advection and
diffusion. They should also be sensitive to the perturbations
of the forcing fields that influence their exchange with the
atmosphere (for temperature only because the precipitation
field is not perturbed in the present settings) and influence
the mixing near the surface.
The ensemble standard deviation is:
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
N
u1 X
σe ¼ t
ð9Þ
ð8  8 Þ2
N i¼1 i
where σe is the ensemble standard deviation, 8i is a member
of the ensemble, and N is the ensemble size.
Finally, to view the correlation pattern, the correlation
coefficient rkl is:
N
P

ð8ki  8k Þð8li  8l Þ
i¼1
ﬃsﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
rkl ¼ sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
N
N
P
P
2
ð8ki  8k Þ
ð8li  8l Þ2
i¼1

ð10Þ

i¼1

where 8i is a member of the ensemble, k and l are the
indexes of two model variables at two grid points, and 8k
and 8l are the corresponding ensemble averages.
For the comparison between model results and Argo
data, we interpolate the model results to the Argo float
positions in the horizontal direction by bilinear interpolation and interpolate the Argo levels linearly to model layers
in the vertical direction. For OISST, we interpolate the
OISST to the model grid by bilinear interpolation.

5 The initial uncertainties and ensemble spread
The initial ensembles generated from the above procedure
should be examined before running data assimilation with
them. In this section, we first examine their spreads and
check if they can present the actual uncertainties that can be
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estimated using model minus observations. Because the
SSH, temperature, and salinity profile observations are
available, we concentrate on the error statistics of the SSH,
temperature, and salinity in this paper.
5.1 Standard deviation of sea surface heights
The RMS of SSH initial errors and the ensemble spread of
six sets are shown in Fig. 1. The maximum model errors of
SSH are located near the large meander of the Kuroshio
Current and the Kuroshio Extension Current. The Kuroshio
Current, which is located off Japan’s East coast, has an
average speed of 1.5 to 2 m s−1. At the relatively coarse
resolution used in this study, the model does not resolve the
current meanders properly and underestimates their variability, so a part of the 2-year average errors in Fig. 1a is
caused by the mesoscale activity that the ensemble standard
deviation should in principle underestimate.
The ensemble experiments show, however, large ensemble standard deviations in the North and South Pacific
subtropical Gyres with maximum deviation along the
Kuroshio Current, although the initial perturbations of layer
Fig. 1 SSH standard deviation
(unit: m). a Model RMS errors,
b Expt1, c Expt2, d Expt3, e
Expt4, f Expt5, g Expt6

87

thickness and the perturbations of atmospheric forcing
fields have the same amplitude over the whole Pacific
Ocean (Sections 3.1 and 3.2). The locations and magnitudes
of the ensemble spreads are qualitatively consistent with
model RMS errors but the area of high ensemble spread
values is broader in all ensemble experiments than in the
model RMS errors, showing that the subtropical Gyres are
the most sensitive areas for the SSH variable with standard
deviations in excess of 10 cm. This indicates that the
adjustments are largely geostrophic: the perturbations evolve
in circulation cells that contribute positively or negatively to
the overall strength of the gyre that contains them.
Expt2 shows the closest fit of the maximum error near
the large meander of the Kuroshio Current with ensemble
standard deviations significantly larger than in Expt1. This
can be explained by thermal expansion in the relatively
deep mixed layer near the Kuroshio in the boreal winter.
Assuming a mixed layer depth of 100 m and temperature
perturbations of 5% (about 1°) gives about 3 cm of SSH
standard deviation due to thermal expansion.
The spatial scale of the initial 3-D errors does not seem
to make significant differences from 500 to 4,000 km. At

88

7,000 km (Expt6), the amplitude of the SSH standard
deviation is generally lower and does not exhibit the
sensitivity of the subtropical gyres clearly. One possible
explanation is that the layer thickness anomalies have
become larger than the subtropical gyres themselves and
the associated geostrophic adjustment have little chance to
contribute to the gyres circulation.
Thus, the SSH is sensitive to the initial 3-D errors mostly
in the western part of the subtropical gyres where they
intensify and the sensitivity is independent on the horizontal scales as long as they are smaller than the two
subtropical gyres. A marginal part of the standard deviation
also arises from the perturbations in the atmospheric
forcing, experiments in which the latter are switched off
show mostly the same results (not shown).
The efficiency of the assimilation in the EnKF relies on
sufficient ensemble standard deviation relative to measurement errors. In the present system, the corresponding
observation errors is of the order of 3 to 5 cm and the
assimilation of altimeter data should, therefore, be efficient

Fig. 2 SST standard deviations,
upper 3 m (unit: °C). a Model
RMS errors, b Expt1, c Expt2, d
Expt3, e Expt4, f Expt5, g Expt6
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in the western parts of the subtropical gyres. Expt2 would
be the preferred setup for assimilation.
5.2 Standard deviation of temperature
For surface temperature, we calculate the standard deviation
of the difference between model results and OISST
observations. Note that the top hybrid layer is 3 m thick
whereas the OISST observations represent the ocean skin
temperature, so that the model error estimate should
underestimate the model versus observation errors. In
Fig. 2a, the peaks of surface temperature errors between
model results and OISST are mainly located in the East
Equatorial Pacific and in the Northwest Pacific (Fig. 2a).
The values of the ensemble spread in the six experiments
are of comparable amplitude, except in the Northwest
Pacific where it is underestimated in all experiments
(Fig. 2b to g). The unresolved mesoscale variability in the
model mostly affects mid and high latitudes and may
explain why the ensemble spread underestimates the RMS
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errors north of 40° N. In the East Equatorial Pacific, the
magnitudes and the extent of areas of high values are
comparable to Fig. 2a. The SSTs in the Kuroshio Extension
and the Southwest Pacific are most sensitive to small-scale
perturbations while the Central and Eastern Equatorial
Pacific are more sensitive to scales of about 4,000 km.
This indicates to us the background error covariance in
midlatitudes is probably triggered by small-scale variations
of the western boundary currents, while the Equatorial
region is more sensitive to perturbations of the ENSO
mode. The comparison of the six experiments shows that
the perturbations in the mixed layer in Expt2 make overall
the most realistic ensemble spread in the surface layer.
In the following, we will discuss the standard deviations
of temperature in the layer in which potential density is
26.05, shown in Fig. 3. This layer is located between the
bottom of the mixed layer and the thermocline. The
temperature in such intermediate waters is influenced by
surface heat fluxes although the mixing is weaker than in
the mixed layer and, therefore, difficult to model accurately.
The comparison to in situ observations is less clear in the
interior of the ocean than at the surface due to their
Fig. 3 Temperature standard
deviation, internal layer of potential density 26.05 (unit: °C).
a Model RMS errors, b Expt1, c
Expt2, d Expt3, e Expt4, f
Expt5, g Expt6
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insufficient coverage. Temperature errors are higher in the
Northwest Pacific due to the unresolved mesoscale processes of the Kuroshio Current (Fig. 3a). Moreover,
temperature errors larger than 1 K appear near the Central
and East Equatorial Pacific. The standard deviations of
ensemble experiments (Fig. 3b to f) show higher errors in
the Northwest Pacific, in the East Equatorial Pacific, and
along the West coast of the Pacific. The temperatures in the
Northwest Pacific are logically more sensitive because of
the stronger mixing in December. The sensitivity to mixed
layer temperatures is higher in the East Equatorial Pacific
due to the tilting of the isopycnals along the Equator; the
water of density 26.05 being shallower in the Easter Pacific
and more sensitive to changes in the mix layer. The
comparison with Fig. 3b,c,d,e,f, and g indicates that the
ensemble is likely to underestimate the errors. Expt1,
Expt3, and Expt4 are close to the observed RMS in the
Northwest Pacific, but underestimate the errors in the
Central and East Equatorial Pacific. The Central and East
Equatorial Pacific seems to be most sensitive to scales of
about 4,000 km, the typical dimension of an ENSO event.
On the other hand, the Kuroshio extension is more sensitive
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to smaller perturbations exciting variations in the Kuroshio
currents. This is consistent with the SSH results in Section
5.1. There is a large increase of ensemble spread from
Expt1 to Expt2 in the East Equatorial region, showing that
temperatures below the bottom of the mixed layer in this
area are most sensitive to the initial mixed layer temperatures. The blank areas in Fig. 3a are boxes where in situ
data are insufficient.
We will now examine the vertical distribution of the
ensemble spread of temperature in a subregion. Figure 4
shows the average errors as a function of depths in the
Central Equatorial region. Due to the scarcity of Argo data
from 2000 to 2001, we choose a small region (160° E–180°
E and 10° S–10° N, the only area where observations are
available both for temperature and salinity) to check the
vertical profiles of temperature and salinity errors. Because
there were little data below 1,000 m, the vertical axis in
Fig. 4 goes from 0 to 1,000 m.
The model minus observation temperature RMS error in
Fig. 4a is an erratic function of depth, which is probably
due to the small number of available profiles and especially
deep profiles in the early stages of the Argo project. The
RMS is higher in the upper 300 m (about 0.4 K) and
decreases to 0.25 K further down. The large RMS errors
in depths between 400 and 1,000 m are probably due to
the coarse vertical resolution in the model that counts on
average only two layers in these depths in the selected
area. The ensemble spread is also decreasing with depths
in all model experiments, reflecting first the impact of
perturbing the surface forcing fields and to a smaller
extent by the initial vertical displacement of the temperature gradients above the thermocline (about 100 m deep
in this season in the area selected). The ensemble spread
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in layers below the thermocline (deeper than 400 m) is
less than the RMS errors, indicating a lack of variability
in the deep layers, which amplitude is not alarming by
comparison to other modeling studies (Keppenne and
Rienecker 2002; Leeuwenburgh 2007).
The reason for that bias could be insufficient vertical
resolution in the area selected. We have also found
similar underestimation in other regions of deep water
(e.g., 110° W–90° W, 10° S–10° N, figures not shown). If
the bias is caused by a coarse model resolution then we
might face a limitation of the EnKF that relies on a nobias assumption (as do most data assimilation methods).
Methodologies for reducing the bias (Dee and da Silva
1998) could then be evaluated.
The comparison of experiments 1, 3, 4, 5, and 6 reveals
that the ensemble spread is decreasing with the range of the
initial errors—although their standard deviations were
initially identical—confirming that the efficiency of the
initial perturbation is dependent on their horizontal scales.
Expt6 has least ensemble spread all through the water
column. As we have seen in Section 5.1 that Expt 6 was
generating the least geostrophic adjustment, one can deduce
that the geostrophic adjustments are necessary to maintain
the ensemble spread even near the Equator and that the
perturbations of surface fields alone would be clearly
insufficient at all depths. The addition of perturbations in
the mixed layer increases the spread between 50 and 400 m
depth (up to 0.1 K), thus indicating that about 7% of the
uncertainties in the mixed layer temperatures find their way
below the bottom of the mixed layer in 1 month. It is
surprising to note that the spread in the upper 50 m seems
slightly lower in Expt2 than Expt1, while it was initially
5% larger (about 1.5 K). This counterintuitive result might

Fig. 4 Temperature and salinity
standard deviation vary with
depth in the region (160° E–
180° E, 10° S–10° N) (unit: °C
and psu). a Temperature, b
salinity

a

b
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not be geographically representative, as the ensemble
standard deviation of SST is generally higher in Expt2,
see Fig. 2a and b. Expt2 is overall closest to the observed
errors.
5.3 Standard deviation of salinity
The salinity observations are sparser than temperature
observations and this makes the comparison even harder.
The RMS errors of surface salinity and the six ensemble
spreads are shown in Fig. 4. The surface salinity measurements are interpolated Argo data in the model top layer.
The model RMS errors are large in the West Pacific “warm
pool” and the East Equatorial Pacific (Fig. 5a). The six
ensemble experiments consistently show large spread in
surface salinity on the Eastern and Western Pacific but the
spread in the Central Equatorial region seems smaller than
the RMS errors. Two possible reasons for the RMS errors to
be larger than ensemble spread are the absence of
perturbations of precipitation and the relaxation to climatological surface salinity that tends to “shrink” the ensemble
Fig. 5 Surface (3 m) salinity
standard deviation (unit: psu). a
Model RMS errors, b Expt1, c
Expt2, d Expt3, e Expt4, f
Expt5, g Expt6
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spread. The sensitivity pattern of surface salinity is similar
to that of surface temperature. Again, the midlatitudes are
more sensitive to small-scale perturbations and the Central
and Eastern Equatorial regions are more sensitive to
perturbations on the scales of about 4,000 km, confirming
a particular sensitivity of the equatorial current system to
perturbations at these scales. Figure 5b and c shows that
Expt2 has twice the standard deviations of Expt1 all along
the Equator, proving that perturbations of mix layer
temperatures also induce multivariate changes in salinity
via the resulting changes in the mix layer depths.
As in the case of temperature, we discuss the standard
deviation in an isopycnic layer with a potential density
26.05 (Fig. 6). The maximum model error seems to be near
the Central Pacific, whereas the ensemble spread is
maximal near the West coast, but unfortunately no data is
available there for validation. We suspect the large values
on the shelf breaks are artifacts caused by interactions with
the topography and we will come back to this point in
Section 7. The ensemble spread shows a secondary
maximum in the Central Pacific but the ensemble experi-
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Fig. 6 Salinity standard deviation internal layer of potential
density 26.05 (unit: psu). a
Model RMS errors, b Expt1, c
Expt2, d Expt3, e Expt4, f
Expt5, g Expt6

ments seem to underestimate the real errors in many areas
where observations are present. The pattern of salinity
sensitivity below the mixed layer is different from that of
temperature in the same layer, the areas of maximum
sensitivity being the Central and Eastern Equatorial Current
rather than the Kuroshio Extension. Similar to surface
values, it seems from Fig. 6b and c that the salinity in the
deep layer chosen is sensitive to perturbations of temperatures in the mixed layer at least in the Central Equatorial
region. Figure 6b,c,d,e, and f also demonstrates clearly that
the ensemble spread is not sustained in the model if the
horizontal range of the perturbations is too large.
If we now examine the vertical distribution of errors in
salinity (Fig. 4b), we notice that the underestimation of the
RMS errors is less marked than in the case of temperature,
although the possible cause of bias previously mentioned
still holds so it is unclear why the deep temperature errors
are underestimated in Fig. 4a. The differences between
experiments 1, 3, 4, 5, and 6 are consistent with the ones
already observed for temperature: the larger the range of the
initial perturbations, the lower the resulting ensemble
spread after 1 month of integration with Expt6 giving

lowest spread. The difference between Expt1 and Expt2 is
less obvious than for temperature, which could be expected
because the additional perturbations were applied to the
temperature of the mixed layer, not to their salinities.
However, the ensemble spread is noticeably larger in Expt2
from the surface to 300 m depth, again well below the
bottom of the mixed layer, which reflects the sensitivity of
deep model salinities to perturbations of the mixed layer
depths. As in the case of temperature, Expt2 is closest to the
observed RMS errors.

6 Ensemble correlations
The initial ensembles can also be examined from the
resulting correlation coefficients between different locations
or different variables. The correlations should represent
physically consistent flow patterns if the priors for the
initial error are correct.
For SST, SSH, and surface zonal current, we select three
particular points: two in the Kuroshio Current and one in
the Equator. The Kuroshio Current is warm and saline,
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flowing from Southeast Asia to the East of Japan. To
pinpoint important characteristics of the Kuroshio Current,
the first two points are chosen at 129° E, 29° N and 137° E,
33° N. The first point is located at the bifurcation of the
current, and the other is located in its large meander. We
mainly discuss the surface temperature correlation between
these two points and the surrounding ones.
6.1 Correlations of temperature
The correlation of SST at the first reference point is shown
in Fig. 7. We expect the current here to have strong
relationship with the main axes of the Kuroshio Current and
the Tsushima Current (a branch of the Kuroshio Current
flowing to the west of Japan). Most experiments give
comparable correlation pattern, in agreement with the one
obtained by Fu et al. (2004), except Expt5. This indicates
Fig. 7 SST correlations with
point (129° E, 29° N). a Expt1,
b Expt2, c Expt3, d Expt4, e
Expt5, f Expt6
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that the branching of the Kuroshio is more sensitive to the
atmospheric forcing than to the stratification, unless in
Expt5 where large-scale equatorial processes are excited. In
the latter case, the horizontal scale is too broad (about 800
to 2,000 km) when compared to Fu et al. (2004).
The second point is located on the main axis of the
Kuroshio Current, shown in Fig. 8. The correlation pattern
here is expected to be oriented Southwest–Northeast, along
the main current direction. The area of the correlation
seems to augment with the range of 3-D perturbations,
more than in the previous reference point. This indicates
that the Kuroshio meander is more sensitive to the
stratification than to the surface forcing fields, contrary to
the branching point. The direction of the pattern in Expt1 is
isotropic, and the deflection to the East is very small.
Expt4, Expt5, and Expt6 present unphysical large-scale
correlations as in the first point. Expt2 also presents the
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Fig. 8 SST correlation with
point (137° E, 33° N). a Expt1,
b Expt2, c Expt3, d Expt4, e
Expt5, f Expt6

most realistic pattern. Expt5 is again an outlier as for the
first reference point and for the same reason.
6.2 Correlations of sea surface height
The third point we select is 160° W, EQ located in the
equatorial countercurrent (ECC) which flows eastwards.
Both to the North and to the South of the ECC, there are
currents flowing westward: the North Equatorial Current
(NEC) and the South Equatorial Current (SEC). In a simple
shallow-water model, Alves and Robert (2005) show that
the error covariances generated by the perturbations of the
wind stress reflect the propagation of Rossby and Kelvin
waves along the Equator, similar to those generated by a
Westerly wind burst centered slightly to the West of the
reference point. If those were the dominant processes in the
present experiments as well, one would expect a covariance

elongated along the Equator and dissymmetric showing two
Rossby waves to the West and a Kelvin wave to the East.
The correlation patterns of SSH displayed in Fig. 9 show
that the SSH correlation length increase as expected with
that of the initial error, but they are no longer isotropic after
1 month of model integration. The covariance pattern
becomes elongated along the Equator and dissymmetric:
the remarkable aspect is the remote positive correlation
with the Western end of the basin. The circulation
associated to Rossby waves is cyclonic and would rather
induce two negative correlation cells to the West of the
reference point on each side of the Equator. Additional
results without perturbations of the atmospheric forcing
(not shown) look very similar, so that the sole changes in
the layer thicknesses explain this evolution. The secondary
correlation maxima far to the West could either be the
reflection of a fast wave—much faster than a Rossby wave
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Fig. 9 SSH correlation with
point (160° W, EQ). a Expt1, b
Expt2, c Expt3, d Expt4, e
Expt5, f Expt6

to cross half the Pacific in 1 month—or a geostrophic
adjustment that strengthens the subtropical gyres. In both
cases, one should notice that the correlation maxima are
further away from the reference point at shorter length
scales than at longer scales, which rather indicates a tropical
wave which speed depends on the size of the initial
perturbations. These results do not contradict Alves and
Robert (2005) because their experiment neglected initial
errors in the ocean stratification but rather indicate that
perturbing the initial stratification excites additional ocean
processes. It is very likely that the Rossby waves contribute
to the correlations in Fig. 9, but they do not represent the
dominant process.
One can also notice smaller waves of length about 10°
along the Equator, indicating that Kelvin waves are also
excited by the random perturbations, independently of their
horizontal scales. The contribution of perturbations in the
mixed layer is not obvious.

scale as short as 1 month. Moreover, the positive
correlation with the subtropical counter current appears in
Fig. 10b where the locations of the currents are appropriate.
The other experiments also exhibit some negative correlations at about 10° N and 10° S, but not as clearly as in Exp1
and Exp2. Exp4, Exp5, and Exp6 with initial correlation
length scales larger than 1,000 km link artificially the ECC
with the NEC and SEC and are, therefore, inadequate for
the Equatorial region. Expt3 generates smaller scales and
long-range correlations beyond the NEC and SEC, contrary
to what we expected. This behavior reminds of sampling
noise from ensembles that have insufficient size. It is
possible that while reducing the spatial scales, the number
of degrees of freedom has augmented in the system and a
larger ensemble might be needed to reduce the sampling
noise.

7 Limitations
6.3 Correlations of zonal currents
Figure 10 displays the correlation pattern in the meridional
section along 160° W with the surface current at the
Equator. All experiments show that the ECC has negative
correlation with the NEC and the SEC in Expt1 and Expt2,
as expected with the geostrophic adjustments, and little
correlations beyond these currents. The addition of initial
errors in the mixed layer temperature enhances the negative
correlation with the NEC and the SEC, emphasizing the
sensitivity of the current system to the mixing on a length

In the proximity of the islands of the West Pacific and along
the Southwest coast of the Pacific, some limitations of the
method appear in thin layers (in Fig. 3b,e,f and Fig. 6b,e, f).
The perturbations of the layer interface depths generate a
too large ensemble spread for both temperature and salinity.
Where isopycnal layers meet the topography, one given
layer may have vanished in some members while it still has
a nonnegligible depth in others. The temperature and
salinity of vanishing layers are set by practical rules—to
the values of the layers above in the version of HYCOM
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Fig. 10 Zonal current correlation along the 160° W section
with the surface at Equator. a
Expt1, b Expt2, c Expt3, d
Expt4, e Expt5, f Expt6

used in this study—and thus the ensemble statistics are
corrupted by irrelevant values. The same effect can also
explain why the ensemble spread of temperature and
salinity in the internal layer is large near the Western coast
(Figs. 3 and 6). This limitation can be alleviated by setting
an upper bound for ensemble spread.
In the case of temperature, we write Tl (x, y, z) the
temperature of ensemble member l at a given location x, y,
z. The ensemble average at that location is noted T and the
standard deviation σT.
We set a maximum temperature deviation λT and we
consider that disappearing layers cause all deviations larger
than that sill. An alternative is to perform no assimilation at
all points where the layers are disappearing.
We define a coefficient 0<γ≤1, defined by:

1 if σT  λT
γ ¼ λT
;
ð11Þ
if σT > λT
σT

and replace the temperature by a temperature closer to the
0
mean Tl :

0
ð12Þ
Tl ¼ T þ γ Tl  T
The standard deviation of the corrected ensemble becomes:

0
σT if σT  λT
σT ¼
ð13Þ
λT if σT > λT
where 0<γ<1, the standard deviation of the corrected
ensemble is reduced. Where γ=1, the ensemble is unchanged.
In this study, we set the maximum temperature deviation
to 3. A salinity correction, similar to temperature, is also
implemented with a maximum salinity of 0.35. The
pragmatic fix we propose in this study does reduce the
ensemble standard deviations of temperature after correction as shown in Fig. 11.
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Fig. 11 Standard deviations of
temperature before and after
correction along 110° E. a Before correction, b after
correction
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There are other possible ways to deal with the problem,
one would be to withdraw from the calculation of ensemble
statistics the values in massless layers and another would be
to weight the ensemble statistics by the layer thickness so
that thin layers do not influence the statistics. The former
approach would, however, induce a risk to compute
statistics over too few members; the latter may not respect
better the Gaussian assumptions better than the present
approach and would require further testing.
Similar problems will inevitably occur in other models
where a variable may become undefined in some members
of an ensemble, for example, in a coastal ocean model with
wetting and drying. It relates more generally to the problem
of estimating categorical variables: in the present case, a
Boolean variable indicating whether a density layer is
defined or not.

&

&

8 Conclusions
In this paper, we discussed the issues of applying an
ensemble generation method of Evensen (1994a, b; 2003)
to HYCOM in the Pacific. Utilizing the hybrid coordinates,
the initial ensemble is created by perturbations of the layer
interfaces followed by a spin-up period of 1 month forced by
randomly perturbed atmospheric forcing fields. We tested six
sets of initial ensembles with different decorrelation scales
and with or without temperature perturbations in the mixed
layer. The ensemble spreads and correlation patterns have
been examined. The main conclusions of this study are:
The ensemble generation scheme can yield ensemble
spreads consistent with model uncertainty for different
model variables at different depths; in particular, the
decrease of errors as a function of depths is wellrendered. The combination of initial errors in the
density field and continuous perturbations of the surface
forcing fields can mimic an ensemble spread of
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standard deviation similar to the observed errors. This
is conforming to our prior assumptions on the statistical
characteristics of the initial errors.
Perturbations of the stratification at difference scales
trigger different processes in different regions. Scales of
about 1,000km seem better adapted for temperature and
salinity standard deviations in midlatitudes, but also for
the Equatorial current system. The results also show
that large-scale correlations can be reduced in ensemble
methods only by choosing properly the prior statistics
for the initial errors.
The larger ensemble standard deviations in Figs. 2e, 3e,
and 4e, together with the larger scales of correlation in
Fig. 7e, show an unexpected response of the Pacific
Ocean to perturbations of stratification at a 4,000-km
scale, in a way analogous to a resonant cavity excited at
the resonant wavelength.
The initialization by relatively small-scale perturbations
(500km) did not result in the expected damping of the
errors but the correlations were impaired by spurious
noise. This may indicate that the choice of the ensemble
size should not be independent from the scales
randomized in the system. The smaller the scales we
act upon, the higher the number of degrees of freedom
and the larger the ensemble should be. Because we
cannot afford a very large ensemble size in this study,
perturbing the scales of 1,000km seems to be a
satisfactory compromise.
The ensemble correlation displays the main current
characteristics; the spread in temperature and salinity
shows that the process that is most sensitive to the initial
perturbations at all scales are large-scale equatorial
waves. The Kuroshio Current seems to be more sensitive
to smaller-scale perturbations. The observations are
lacking in other areas to allow deeper oceanographic
interpretation.
It is beneficial to apply temperature perturbations in the
mixed layer. The added perturbations can improve the
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spread at depths below the bottom of the mixed layer
and the correlation patterns in most areas.
Near the islands of the West Pacific and along the
Southwest coast of the Pacific, the scheme shows
unrealistically large ensemble deviations caused by the
representation of massless layers. This limitation can be
alleviated by imposing an upper bound to the perturbations but should be pursued in the context of estimating
categorical variables.
Overall, although some limitations exist, the generation
scheme is still a feasible and effective method to
generate initial ensemble for ocean data assimilation in
the Pacific experiments.

The initialization method used in this study allows the
combination of perturbations of different variables at
different scales and could be refined. We have, however,
sufficient indications that the results obtained in Expt2 are
most favorable for the data assimilation system used in this
study. Further work will concentrate on data assimilation
experiments on the years following 2002.
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