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Abstract
An advanced multivariate sequential data assimilation method, the ensemble Kalman filter (EnKF), has been investigated
with a three-dimensional biochemical model of the North Atlantic, utilizing real chlorophyll data from the from the Sea-viewing
Wide Field-of-view Sensor (SeaWiFS). The approach chosen here differs significantly from conventional parameter estimation
techniques. We keep the parameters fixed, and instead update the actual model state, allowing for unknown errors in the
dynamical formulation. In the ensemble Kalman filter, estimates of the true dynamical error covariances are provided from an
ensemble of model states.
The physical ocean is described through the Miami Isopycnic Coordinate Ocean Model (MICOM). Its output, e.g. fields of
temperature, velocities and layer thicknesses, is used to force the ecosystem model, which contains 11 biochemical components.
The system is driven by realistic ECMWF atmospheric forcing fields.
A simple demonstration experiment was performed for April and May 1998, that is, the early part of the North Atlantic
spring bloom is included. It is shown that the ensemble Kalman filter analysis estimate is consistent with the choice of prior
error variances. Furthermore, it is illustrated that the multivariate analysis scheme also affects the unobserved model
compartments, and that the variance fields for all the variables decrease during the assimilation. A discussion of the number of
ensemble members needed to ensure proper representations of the true error covariances is also given.
In a companion paper [J. Mar. Syst. 40/41 (2003)], hereafter referred to as the Part 2 paper, we illustrate some useful
approaches to monitor the evolution (i.e., time series) of the ensemble of model states.
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1. Introduction
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Knowledge about biochemical components, including phytoplankton biomass and nutrient loads, is
expected to become increasingly important for future
marine management and exploitation. This is motivated by the need to monitor the response of an
ecosystem due to environmental changes, to preserve
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and study marine life forms, to be able to predict
harmful algal blooms and to study (quantify) the biological pump and the oceanic uptake of CO2, and such a
system may also be of commercial value. Toward the
development of a coupled physical –biochemical data
assimilation system for the ocean, this paper focuses on
the assimilation of ocean colour data to update the
biochemical variables of such a coupled system.
Basin scale coupled physical – biochemical models
now exist (e.g., Sarmiento et al., 1993; Drange, 1994,
1996; Nihoul and Djenidi, 1998; Oschlies and Garcßon,
1998, 1999; Haefflinger et al., 2000; Christian et al.,
in press). In these model systems, an ocean general
circulation model (OGCM) provides a realistic
description of the ocean dynamics, producing estimates of velocity, pressure, temperature and salinity.
The OGCM drives the biochemical model in either an
embedded or coupled mode.
A dynamical model will always be a simplification of the truth. For example, it may miss some
processes while others may be incorrectly represented. Furthermore, a specific model setup with
its finite grid will not capture all small-scale processes and some of these processes may be important to the system’s evolution. There may also be
errors in the forcing fields, and the initial and
boundary values may not be well known. Observations contain important information about the true
ocean state. However, real measurements may be
sparse in space and/or time, and can only provide
information at the scales they represent. They are
also normally contaminated by errors. To estimate
the true ocean state, one needs to utilize information
about the system and this is best achieved using a
data assimilation procedure which optimally extracts
and merges the information contained in the dynamical model and the real data (Daley, 1991; Bennett,
1992; Robinson et al., 1998).
Data assimilation for linear ocean models is well
understood (e.g., Bennett, 1992), but the extension of
the methods to nonlinear dynamics is nontrivial. As a
consequence of the chaotic behavior of a strongly
nonlinear model, the data assimilation problem can
become extremely complicated (e.g., Miller et al.,
1994; Evensen, 1997). Several advanced data assimilation techniques have been implemented and validated for ocean circulation models (e.g., Bennett and
Thorburn, 1992; Ezer and Mellor, 1994; Evensen and

van Leeuwen, 1996; Cooper and Haines, 1996; Fukumori and Malanotte-Rizzoli, 1995; De Mey, 1997;
Ngodock et al., 2000). However, the same is not true
for marine biochemical model systems.
Biochemical models describing marine ecosystems
typically involve a large number of parameters of
more or less known values, and it is the parameter
estimation problem that has received most attention in
the context of data assimilation for biochemical models. Different methods have been considered to find
the optimal parameter set, for example, the variational
adjoint technique (Spitz et al., 1998; Lawson et al.,
1995, 1996; Gunson et al., 1999; Vallino, 2000;
Fennel et al., 2001; Friedrichs, in press), direct minimization variational methods (Prunet et al., 1996a,b;
Fasham and Evans, 1995), simulated annealing
(Matear, 1995) and Markov chain Monte Carlo methods (Harmon and Challenor, 1996).
As emphasized by Fennel et al. (2001) and Friedrichs (in press), the success of a parameter optimization procedure depends on the model’s ability to
represent the observed features. A given model formulation may not be able to reproduce the data
(within the error bounds specified) for any set of
parameters because it may neglect important dynamics. In this way, parameter estimation can be an
important tool to determine model inadequacies.
Alternatively, one can allow the model to contain
unknown errors, and use the information from both
the data and the model to improve the actual model
state. Note that this approach is more general, because
any kind of model error is sampled, that is, the
procedure is not restricted to obtain the optimal
parameter set assuming correct dynamics.
In this paper, the focus is on state estimation rather
than parameter estimation. Only a few publications
exist regarding state estimation in biochemical models: Armstrong et al. (1995) used a very simple, but
suboptimal nudging method to constrain the ecosystem model by Fasham et al. (1990) and Sarmiento et
al. (1993) against surface chlorophyll from the Coastal
Zone Color Scanner (CZCS). Only phytoplankton in
the top model box was corrected; the other model
variables and phytoplankton in deeper boxes were
adjusted according to the evolving model. Furthermore, Natvik et al. (2001) formulated a weak constraint integral using the simple zero-dimensional
ecosystem model by Evans and Parslow (1985), and
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the integral was minimized using standard gradient
descent routines. In identical twin experiments, they
showed that it was sufficient to observe phytoplankton
(which can be linked to ocean colour chlorophyll
data) to be able to track the reference solution for
all three ecosystem compartments. In Eknes and
Evensen (2002), simulated data were assimilated into
a one-dimensional extension of the Evans and Parslow
(1985) model using an ensemble Kalman filter
(EnKF). Similar results were obtained; the multivariate analysis improved all the (three) model variables
in an experiment where only phytoplankton was
assimilated.
For an operational system, it is of interest to implement a sequential algorithm, where the observations
can be assimilated as they become available. The
optimal sequential approach to solve linear inverse
problems was originally developed by Kalman
(1960). In the so-called Kalman filter (KF), two (sets
of) equations are integrated forward in time; one
describing the model dynamics and one describing
the evolution of the model error covariance. At measurement times, the model prediction and the forecast
error covariance are updated due to a minimum variance analysis scheme. A linear process, which is
initially described by Gaussian statistics, will remain
Gaussian at all times. This makes it possible to derive
an exact equation for the evolution of the model error
covariance (for more information, see, e.g., Jazwinski,
1970; Gelb, 1979; or Bennett, 1992). A nonlinear
process, for which the initial condition is taken from
a Gaussian distribution, may develop non-Gaussian
statistics during nonlinear evolution. In this case, a
popular approach has been to use the so-called
extended Kalman filter (EKF), where one applies a
statistical reduction (approximation) in the equation
describing the evolution of the model error covariance
to get a closed system of equations. To be more
specific, contributions from statistical moments of
order three or higher are discarded (see, e.g., Jazwinski,
1970; Gelb, 1979; Section 3). Various problems regarding the above closure scheme have been reported (e.g.,
Evensen, 1992; Gauthier et al., 1993; Bouttier, 1994),
and several alternative schemes have been developed
over the last years.
Within the European Commission MAST-III DIADEM project, advanced data assimilation techniques,
originally designed to work with nonlinear models,
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are being investigated for a coupled ocean circulation
and biochemical model system for the North Atlantic.
The physical general circulation model is the Miami
Isopycnic Coordinate Ocean Model (MICOM) by
Bleck et al. (1992), and an extension of the Fasham
et al. (1990) biochemical model has been coupled to it
(Drange, 1994, 1996) for three-dimensional simulations of the ecosystem. The data assimilation methods
range from constant statistics optimal interpolation
(OI) (see Robinson et al., 1998) to the more advanced
Singular Evolutive Extended Kalman filter (SEEK) by
Pham et al. (1998) and the EnKF by Evensen (1994),
where proper evolving error statistics are taken into
account. For the first time, this paper presents an
implementation of the EnKF with a realistic threedimensional biochemical model, and utilizing real
ocean colour data from the Sea-viewing Wide Fieldof-view Sensor (SeaWiFS) for the assimilation. The
SEEK filter has been investigated with the biochemical model by Carmillet et al. (2001), where simulated
data were used to update the model state (i.e., twin
experiments). Their work shows the benefit of using a
multivariate assimilation scheme; even if only a single
variable is observed, the information is still extracted
to other model components. For a comparison of
SEEK and EnKF, see Brusdal et al. (2003).
The paper is organized as follows. In Section 2, a
brief description of the coupled model system is
given, focusing on the biochemical sub-model. An
introduction to the ensemble Kalman filter data assimilation technique is provided in Section 3. Furthermore, the SeaWiFS ocean colour data are described in
Section 4, while the data assimilation experiments are
presented in Section 5. Finally, a summary of the
results is given in Section 6.
In a companion paper (Natvik and Evensen, 2003;
Part 2), some useful approaches for monitoring the
ensemble of model states are presented and investigated for the same experiment as described here. To
be more specific, it is illustrated that a Monte Carlo
(ensemble) approach can provide information about
the underlying statistics. For example, it is possible
to visualize the ensemble in a projected space of one,
two or three dimensions. Also, one can find estimates for the degree of skewness (third-order
moment) and kurtosis (fourth-order moment) of the
ensemble, indicating the relevance of the EnKF
analysis scheme.
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2. Description of the coupled model system
The DIADEM model system consists basically of
three sub-models. The physics of the ocean are
described by an ocean circulation model, and the
output fields are used to force a biogeochemical
model describing a simple marine ecosystem. A
dynamic and thermodynamic ice model is also
included in the Arctic ocean. A description of the
coupled physical – biochemical ocean model is given
next, with focus on the biogeochemical sub-model.
The ice model is not an issue in this work; an
interested reader should consult Harder (1996),
Drange and Simonsen (1996) and Harder et al. (1998).
2.1. The physical model
The physical model describing the dynamics of the
ocean is a version of the MICOM by Bleck et al.
(1992). In the MICOM model, the interior ocean is
divided into a finite number of layers of constant and
predefined potential density. Above the interior layers,
there is a single turbulent bulk mixed layer (Kraus and
Turner, 1967; Bleck et al., 1989), driven mainly by
wind forcing fields.
Many models cannot be used at very high resolution because the numerical methods often require
large numerical diffusion to keep the code stable, and
this also smears out fronts and mesoscale activity.
However, MICOM uses advanced numerical techniques, and can be run with very low diffusion. Furthermore, it can handle the stratification over a steep
bottom, in contrast to more conventional z- and rcoordinate models.
Potential density is the vertical coordinate in
MICOM. Note that the preferred plane of flow in
the ocean is along, rather than across, surfaces of
constant density, and that the mixing is orders of
magnitude weaker in the diapycnal than in the isopycnal direction. Furthermore, any ocean circulation
model contains numerical (artificial) diffusion or
mixing. However, while z- or r-coordinate models
introduce numerical diapycnal mixing, an isopycnic
model will contain artificial mixing only along surfaces of constant density.
Another advantage of the isopycnic model concept
is that large density gradients always will be resolved.
That is, when the mixed layer deepens during winter,

the location of each isopycnal layer deepens too.
Thus, the model is capable of maintaining the large
density gradients over the pycnocline.
The model equations of the MICOM model are
given in Bleck et al. (1992), and further details may be
obtained from Bleck (1978), Bleck and Boudra
(1986), Bleck et al. (1989), New et al. (1995) and
New and Bleck (1995).
2.2. The biochemical model
The biochemical model is described in Drange
(1994), with extensions as in Drange (1996). It was
originally based on the chemical Peng et al. (1987)
model, the seven-compartment ecosystem model by
Fasham et al. (1990) and Fasham (1993) and the
three-dimensional extensions as described in Sarmiento et al. (1993). Some further improvements of
the ecosystem model were done by Drange (1994,
1996); for example, the bacteria equation was slightly
reformulated to ensure a nonaccumulating flow of
nitrogen and carbon through the bacterial compartment. Also, equations for the evolution of total dissolved inorganic carbon and alkalinity were included,
in addition to the seven compartments explicitly
modelled in Fasham et al. (1990). Furthermore, carbon-based compartments of organic dissolved material and particulate matter were included explicitly in
the model. In this formulation, the Redfield carbon to
nitrogen ratios of DOC/DON and POC/PON are free
floating and dependent on the flow of carbon and
nitrogen through these compartments, as described by
the model equations.
The basic equations evolving forward in time are
the mass continuity equation, and the equations
describing the transport of the biochemical model
compartments. Continuity of mass for layer k in terms
of layer thickness hk reads


Bhk
B
Bhk
Kv
þ rðuk hk Þ  rðKh rhk Þ 
Bz
Bt
Bz


Bhk
;
ð1Þ
¼
Bt diap
where t is the time, j is the two-dimensional gradient
operator, Kv and Kh are the diapycnal and isopycnal
diffusion parameters and uk is the two-dimensional
velocity vector, which is an input field from the ocean
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circulation model (MICOM). The isopycnal diffusivity Kh is kept fixed in the interior model domain,
while the diapycnal diffusivity Kv is proportional to
Nb 2 in the mixed layer and to Nb 1 in the layers
below, where Nb is the local buoyancy frequency
(Drange, 1994). The first term in Eq. (1) represents
the local change of the layer thickness, the second
describes the advection, and the third and fourth are
diffusive mixing terms in the isopycnal and diapycnal
directions, respectively. The term on the right-hand
side of Eq. (1) describes the diapycnal exchange of
mass. Further details may be obtained from Drange
(1994). The biochemical model compartments are
evolving according to the transport equations;
Bhk Cki
þ rðuk hk Cki Þ  rðKh rhk Cki Þ
Bt



 

B
Bhk Cki
Bhk Cki
dC i
Kv
þhk k ;
¼
Bz
Bz
Bt
dt
diap
ð2Þ

where Cki is compartment i in layer k. The first term in
Eq. (2) is the local change of compartment i, the
second is the advection, while the third and fourth
terms describe diffusive mixing in the isopycnal and
diapycnal directions, respectively. Furthermore, the
first term on the right-hand side represents the
exchange of matter across the isopycnals, while the
second is a short-hand notation for all the sources and
sinks for compartment i. The last term in Eq. (2)
indicates that the sources and sinks are evaluated
locally; see Drange (1994) for a detailed description
of the numerical implementations.
The following 11 compartments are explicitly
modelled; phytoplankton ( P), zooplankton (Z), bacteria (B), nitrate (Nn), ammonium (Nr), dissolved
organic nitrogen—DON (Nd), dissolved organic carbon—DOC (Cd), detritus as particulate organic nitrogen—PON (D N ), detritus as particulate organic
carbon—POC (DC), dissolved inorganic carbon—
DIC (CT) and alkalinity (AT).
Because nitrogen is generally regarded as the
limiting nutrient for phytoplankton growth, nitrogen
is used as the basis model currency. Also, as pointed
out by Fasham et al. (1990), this allows us to partition
the total primary production into new production
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fuelled by nitrate, and regenerated production fuelled
by ammonium. The nitrogen-based compartments ( P,
Z, B, Nn, Nr, Nd, DN) are given in terms of mmol N
m 3 (millimoles of nitrogen per cubic meter) and the
carbon based (Cd, DC, CT) in terms of mmol C m 3
(millimoles of carbon per cubic meter), respectively.
The alkalinity AT is expressed as charge equivalents
meq m 3 (for ion Xq, where q is the charge, 1 mol
corresponds to AqA equivalents).
The photic or euphotic zone is normally defined as
the zone in which there is a positive net primary
production (see, e.g., Bearman et al., 1995). Thus, by
definition, the ecosystem cannot survive for long
below the photic zone. In our formulation, the photic
zone is defined as the penetration depth of 75% of the
surface irradiance, but with a predefined minimum of
40 m (Drange, 1994).
In the photic zone, the exchanges of nitrogen and
carbon can be described by simple dynamical relations between the biochemical model compartments.
The photic zone model is based on Fasham et al.
(1990), with modifications as described in Fasham
(1993) and Drange (1994, 1996). So-called Michaelis – Menten (M –M) type formulations are used to
parameterize several of the processes (Michaelis and
Menten, 1913), for which a maximum rate, usually
constant or temperature dependent, is reduced by
some hyperbolic unitless expression. See, for example, Goldberg et al. (1977) or Kremer and Nixon
(1978) for further comments on the M – M approach.
A diagram of the photic zone biochemical system is
shown in Fig. 1; a brief explanation of the dynamical
system is explained next. The model equations and
parameters can be found in Drange (1994), with the
modifications described in Drange (1996).
At the base of the ecosystem, phytoplankton
growth is controlled by the nutrients and the light
available. It is assumed that the growth due to these
two factors can be decoupled, and further that phytoplankton tends to prefer ammonium over nitrate as
given by an exponential inhibition term acting on the
latter. Phytoplankton losses include mortality, grazing
by zooplankton and exudation. It is assumed that
sedimentation can be neglected for the small phytoplankton cells. Zooplankton graze on phytoplankton,
bacteria and particulate organic matter (detritus)
according to corresponding grazing rates. Losses
include mortality, excretion and ‘‘messy’’ ingestion.
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Fig. 1. A schematic representation of the photic zone biochemical system. Primary production is fuelled by nitrate (1) and ammonium (6), and
reduced by phytoplankton exudation (4) and mortality (5). Zooplankton graze on phytoplankton (7), bacteria (12) and detritus (13) with
prescribed efficiencies, and the fecal pellets represent a sink to detritus (14). Furthermore, zooplankton losses (excretion, mortality, messy
ingestion, Redfield balance term, grazing by higher predators, etc.) are split up as sinks to ammonium (11), dissolved organic matter (8) and an
export term representing large sinking particles (9). The bacteria take up ammonium (17) and dissolved organic matter (18), and excrete
ammonium (16). Particulate matter may sink (23) or may be broken down to dissolved matter (22). The concentration of dissolved inorganic
carbon decreases during photosynthesis (3) and during formation of CaCO3 (24), and increases during zooplankton and bacterial excretion (10,
19). Alkalinity increases during nitrate fuelled primary production and decreases during ammonium fuelled primary production (2).
Furthermore, zooplankton and bacterial excretion increase the alkalinity (15, 21), while bacterial uptake of ammonium and the formation of
CaCO3 decrease AT (20, 25).

Note that the zooplankton compartment acts as a
closure of the system, including predation by higher
order organisms. The zooplankton losses are split up
into three parts; one part is turned over to DON and
one to ammonium, while the last part represents heavy
particulate matter which is immediately exported out
of the photic zone. To maintain a constant carbon to
nitrogen ratio for zooplankton, excess nitrogen is
simply turned over to DON and excess carbon to

DOC, respectively. Bacteria are assumed to take up
DON and ammonium, they are grazed by zooplankton
and excrete DIC. Zooplankton graze on particulate
organic matter. However, some of this is returned to
POM through ‘‘sloppy’’ feeding and from zooplankton fecal pellets due to grazing on phytoplankton,
bacteria and POM, respectively. Note that there is no
direct relationship between bacteria and POM in the
formulation, but there is a link through zooplankton.
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Furthermore, dead phytoplankton is a source for
POM. While some of the particulate matter breaks
down to dissolved organic matter, some sinks out of
the photic zone. The particulate matter is subdivided
into one nitrogen-based (PON) and one carbon-based
(POC) pool, respectively. While phytoplankton, zooplankton and bacteria all have fixed Redfield nitrogen
to carbon ratios, the corresponding ratio for particulate
matter is governed by the flow of substance through
the PON and POC compartments according to the
model dynamics. A similar partitioning into DON and
DOC is used for the description of dissolved matter. It
is assumed that phytoplankton is the only compartment capable of fixing dissolved inorganic carbon
(DIC). In addition, DIC is also lost during formation
of calcium carbonate CaCO3, while bacterial and
zooplankton excretions lead to increased carbon concentrations. The CO2 gas exchange at the air – water
boundary, as well as adjustments due to evaporation
and precipitation, also affect the DIC budget. It is
assumed that the relative composition of salts does not
change with salinity (see Drange, 1994 for details).
+
Biological uptake of NO
3 and NH4 results in an
increase of the alkalinity for the former and a reduction for the latter, respectively. In addition, the alkalinity decreases whenever calcium carbonate is
produced.
A nutrient regeneration model is used below the
photic zone. To be more specific, the phytoplankton,
zooplankton, bacteria and DON compartments decay
to ammonium and then to nitrate, and DOC decays to
DIC. For all these processes, a constant (and identical)
decay rate is used. A remineralization of the POM to
ammonium is assumed. See Drange (1994, 1996) for
further details.
2.3. The coupled model system and the model setup
There is an obvious mismatch between the requirements for the vertical resolution in an isopycnic ocean
model and a biochemical ecosystem model. The
former has a (relatively thick) turbulent mixed surface
layer, with several isopycnic layers in the interior
ocean. Because a marine ecosystem relies on the
photosynthetic processes in phytoplankton, it is confined to the upper few, say 100 m, of the water
column. Thus, a realistic description of ecosystem
dynamics generally requires a finer resolution in the
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surface ocean. With this in mind, Drange (1994)
introduced specific routines for splitting up the physical layers into finer biochemical sublayers, whenever
the physical fields were needed for the biochemical
part of the coupled dynamical system. In the model
setup used here, we have 17 physical and 18 biochemical vertical layers, respectively, with two biochemical sublayers in the physical mixed layer. Even
though a higher resolution of the biochemical layers
would be desired for pure model studies or for operational systems, we decided to keep the coupled model
as simple as possible in our assimilation ‘‘demonstration’’ experiments. This was partly also motivated by
the amount of computer CPU-time, memory and disk
space required for ensemble integrations and analyses
of the coupled model system.
The biochemical model is integrated in so-called
off-line mode. This means that the fields produced by
the physical model (MICOM) are averaged and used
as input for the biochemical model. This approach
implies that one neglects the back coupling from
phytoplankton to the heat budget in the mixed layer
(Drange, 1994). According to Simonot et al. (1988),
this effect should be included for a detailed description of mixed layer dynamics. We used a barotropic
time step (for fast motions) of 50 s and a baroclinic
(for slow motions) of 600 s for the MICOM model,
and a time step of 1 1/2 h for the biochemical model.
A detailed description of the numerical treatment
of mixing, advection, mass conservation, etc., for the
coupled model can be found in Drange (1994).
The coupled model system was set up for the North
Atlantic using the orthogonal curvilinear 140  130
grid shown in Fig. 3. The grid has been generated
using a conformal mapping (Bentsen et al., 1999),
where the North and South Poles have been mapped
to new locations. By choosing the mapped Poles to be
located close to each other, we get a grid with
enhanced resolution between them. To ensure approximately square grid cells, a Mercator transformation
has been used prior to the conformal mapping. Note
that the variable grid resolution allows us to include
parts of the South Atlantic in the model domain with
coarser resolution. Thus, an open-ocean boundary,
where the model is relaxed toward climatology, can
be located far from the domain of primary interest.
Other open-ocean boundaries are also present; the
Mediterranean, the Baltic Sea and the Hudson Bay
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are not included in the model domain, and the connection with the Pacific Ocean has been excluded
from the explicit model by closing the Bering Strait.
The bathymetry has been generated from the ETOPO5
data set.
For initializing the physical model, climatological
fields of temperature and salinity (Levitus and Boyer,
1994; Levitus et al., 1994) are used, and the velocities
are set to zero. As in Drange (1994), the biochemical
model is initialized using the nitrate climatology (i.e.,
the annual mean of nitrate in the world oceans) of
Levitus et al. (1993) and inorganic carbon and alkalinity data from several field experiments. (All these
data are interpolated onto the model grid.) For the

other biochemical compartments, the following surface values are chosen (Sarmiento et al., 1993;
Drange, 1994, 1996); P = 0.14 mmol N m  3 ,
Z = B = 0.014 mmol N m 3, Nr = Nd = DN = 0.1 mmol
N m 3, and Cd = DC = 0.7 mmol C m 3. The carbonbased initial values have been calculated from the
corresponding nitrogen-based values, using the Redfield carbon to nitrogen ratio of phytoplankton. Thus,
the free floating DON/DOC and PON/POC ratios are
initialized using the corresponding ratio of phytoplankton. At greater depths, the phytoplankton, zooplankton, bacteria, ammonium, DON and DOC
compartments are assumed to decrease exponentially
according to a characteristic scale depth of 100 m. The

Fig. 2. The orthogonal curvilinear 140  130 grid. Note the high resolution in the North Atlantic and that there is no singularity in the Arctic
Ocean.
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values of PON and POC are set to zero below the
surface layer. The biochemical layer distribution is
simply initialized by specifying two biochemical sublayers of equal thickness in the physical mixed layer,
and identical physical and biochemical layers in the
interior ocean.
The physical model was spun up from rest for
approximately 10 years using a 280  260 grid for the
domain shown in Fig. 2 (i.e., double resolution) and
monthly mean atmospheric forcing fields. Then, the
biochemical model was coupled to it, and the system
was run through the years 1995, 1996 and 1997 using
realistic ECMWF synoptical, 1j resolution, atmospheric forcing fields. The physical model needs about
10 –15 years to reach a quasi-steady state (Drange,
1994; New et al., 1995), while the biochemical model
enters a stable cycle after 2– 3 years (Fasham et al.,
1990; Drange, 1996).
The fields from the first day of 1998 of the coupled
model were converted to the 140  130 grid shown in
Fig. 2 using bilinear interpolation. Then, another 2
months of spin up was performed, and an ensemble of
states was created from the March 1 model fields. This
is further discussed in Section 5.1.

3. The EnKF data assimilation methodology
As a consequence of apparent problems regarding
the too simple closure scheme in the extended Kalman
filter (see Section 1), Evensen (1994) proposed to use
Monte Carlo methods to sample the error statistics;
the EnKF was presented in final form by Burgers et al.
(1998), who emphasized the necessity to treat the
observations as random variables to get a consistent
formulation. A description of the method will now be
given; the reader should also refer to Section 5.1 for
further information.
Let y(t)aRn be an n-dimensional vector describing the state of the ocean at a particular time t. For our
particular problem, the state vector consists of all the
11 ecosystem components defined on the model grid
(Fig. 2), that is, y contains the entire space discretized
biochemical state at a particular time t. The state
vector y can be represented as a single point (i.e., a
single realization) in state space PpRn, and a time
evolution of the state represents movement along a
continuous curve in state space.
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A probability density function in P may be defined
as
/ðyÞ ¼

dN
;
N

ð3Þ

where dN is the number of points per volume increment and N is the total number of points. Thus,
/(y)dy is the probability of a realization of the state
located inside the volume element or n-ball dy around
the point y. Note that / must always be nonnegative,
and that the probability of the system being in some
arbitrary state is 1. With knowledge about either / or
an ensemble representing it, we can calculate whichever statistical moments we need.
The initial probability /(y, t = 0) is normally
chosen as a Gaussian distribution with a specified
¯
mean and covariance, and with the mean y coinciding
with the initial estimate y0. Given any initial state, the
time evolution of this state is a purely deterministic
process determined by the dynamical model used. A
forecast generated from an analyzed initial condition
is denoted the central forecast. At any time t, we may
choose the central forecast as the most probable state,
or we may choose the mean of the ensemble of
forecasts. Note that the central forecast may drift
away from the mean state. A procedure for generating
pseudo-random noise (i.e., taken from a Gaussian
distribution with mean zero and a specific covariance)
is outlined in Evensen (1994). The perturbations can
be added to the initial model fields to generate an
initial ensemble of states. In our implementation, we
perturb the layer interfaces in the physical model, and
a short spin up period of 1 month generates an
‘‘initial’’ ensemble of biochemical model states (see
also Section 5.1).
As indicated above, the basic idea within the EnKF
is to represent the true statistics of y by a finite
ensemble of states. By letting yt, yf and ya denote
the true ocean state, a model forecast and an analyzed
state (i.e., due to data assimilation), respectively, we
can define true error covariance matrices for the
forecast and the analysis as
Cf ¼ hðyf  yt Þðyf  yt ÞT i;

ð4Þ

Ca ¼ hðya  yt Þðya  yt ÞT i;

ð5Þ
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where h i denotes an expected value, that is, a
(theoretical) operation based on an infinite number
of realizations. Note that these expressions are taken
at a particular time, and therefore they only contain a
spatial variability. We may approximate the true
covariances by using the mean of the ensemble as a
best estimate, and use ensemble averages instead, that
is,


C cðy  yf Þðyf  yf ÞT uCfe ;

ð6Þ



Ca cðya  ya Þðya  ya ÞT uCae :

ð7Þ

f

f

An error covariance matrix can always be approximated using a finite ensemble, and
pﬃﬃﬃﬃ the error of the
representation will decrease as 1= N as the ensemble
size N increases (Evensen, 1994).
For a linear model where the initial condition is
taken from a normal distribution, the probability
density will remain Gaussian for all times (Jazwinski,
1970). In this case, one can find exact expressions for
the evolution of the mean and covariance, for example, the standard KF for linear dynamics (Gelb, 1979;
Bennett, 1992).
Nonlinear dynamics may develop higher order
statistical moments from a Gaussian distribution during model evolution. The error covariance C generally
evolves according to
Ckþ1 ¼ FCk FT þ Qk þ OðM3 Þ;

ð8Þ

where F is the tangent linear operator, Q is the model
error covariance and OðM3 Þ represents higher order
moments, respectively. A popular approach has been
to discard the higher order moments, and thus update
the error covariance using the truncated equation. This
approximation, which is used in the EKF, has been
shown to be too simple in many cases. For example,
Miller et al. (1994) showed that the EKF was unable
to track the reference solution of the strongly nonlinear Lorenz model near transitions of the system,
and Evensen (1992) reported an unbounded growth of
the predicted error variance in an implementation with
a multilayered and nonlinear ocean model. Note that
an inclusion of higher order terms in Eq. (8) would
improve the performance, but lead to undesirable
storage requirements for realistic ocean models.

As an alternative to the above procedure, Evensen
(1994) proposed to use Monte Carlo methods to
represent the full probability density; by integrating
an ensemble of model states, all statistical information
is contained in the ensemble. The model equations
may be written in stochastic form as
dyk ¼ f ðyk1 Þdt þ dqk1 ;

ð9Þ

where dqaRn is a vector of random noise with mean
zero and a specific (co)variance. The random forcing
represents unknown model errors, and must be included to have a realistic error growth. Again, for
generating random perturbations with mean zero and a
specific covariance, the method by Evensen (1994) is
available. In our implementation, the noise is added to
the physical forcing fields in the circulation model
during integration, and each biochemical ensemble
member adjusts accordingly. Obviously, this approach
may lead to an underestimation of the true errors in
the system, because we neglect the contribution from
the biochemical model equations. However, random
noise added to the biochemical compartments could
result in negative concentrations, which would lead to
a breakdown of the model. It should be emphasized
that a proper sampling of the dynamical errors is
required for operational applications, and noise will
also be added to the biochemical equations at a later
stage.
The evolution of the probability density for Eq. (9)
is described by the forward Fokker –Planck equation
or Kolmogorov’s equation (Jazwinski, 1970),
n
n
X
Qij B2 /
B/ X
Bfi /
þ
¼
;
Bt
By i i; j¼1 2 Byi By j
i¼1

ð10Þ

where yi is a state vector element, fi is a component of
the model operator and Qij is the model error covariance, respectively. Although Jazwinski (1970)
showed that this equation can be solved exactly for
some simple examples, that will not be possible for a
realistic ocean model.
The procedure in the extended Kalman filter is to
solve Eq. (8) for the evolving error covariance with
OðM3 Þ = 0. In the ensemble methods, Eq. (10) is
sampled by integrating an ensemble of model states,
which contains all information about /. Thus, no
statistical closure is used, and the only approximation
is due to the use of a limited ensemble.
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Let us now consider the ensemble Kalman filter
analysis scheme, which is calculated at times where
observations are available. As shown in Burgers et al.
(1998), it is essential to treat the measurements as
random variables. Thus, an ensemble is created
around each measurement with mean equal to the
observed value and variance as specified for the data.
This has to be done to get a consistent formulation of
the analyzed error covariance (see below). An ensemble of observations can be written
dj ¼ d þ ej ;

ð11Þ

where d denotes the mean or first guess observations
ðdj = d) and ej contains unknown measurement errors.
The subscript keeps track of ensemble member number j. Furthermore, an ensemble error covariance
matrix for the measurements can be written as
ce ¼ eeT :

ð13Þ

In Eq. (13), H is the (linear or nonlinear) measurement operator, which links the discrete model state to
the data before the residuals are calculated. Furthermore, Ke is the ensemble Kalman gain, which can be
written as,
Ke ¼ Cfe HT ðHCfe HT þ ce Þ1 :

ð14Þ

By updating each ensemble member using the
perturbed observations, the analyzed error covariance
is consistent with the ordinary Kalman filter for linear
dynamics in the limit of infinite ensemble size, i.e.,
Cae ¼ ðI  Ke HÞCfe :

are using ensemble estimates of the covariances and
the Kalman gain. In the limit of infinitely many
ensemble members, the ensemble covariances converge to the standard equivalents used in the other
filters. Thus, the correspondence is unique. The main
difference between the extended and ensemble Kalman filters lies in the integration step; while the
former performs a statistical closure to obtain a linear
evolution of the model error covariance, the latter
instead calculates it from the ensemble of model
states. Thus, the error of the calculation in the latter
is dominated by statistical noise due to a limited
ensemble rather than errors due to linearization. In
the analysis schemes, both methods rely on the
predicted probability density to be Gaussian. Some
useful methods to analyze and monitor the ensemble
of states, for example, the degree of nonnormality of
the ensemble, are provided in Part 2.

ð12Þ

In the limit of an infinite number of ensemble
members N, the covariance matrix above will be the
error covariance matrix c described in the standard
Kalman filter.
At measurement times, ensemble member j is
updated according to
yaj ¼ yfj þ Ke ðdj  Hyfj Þ:
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ð15Þ

To conclude, the analysis Eqs. (13) – (15) are similar to the corresponding equations in the standard
Kalman filter for linear dynamics and the extended
Kalman filter for nonlinear dynamics, except that we

4. The SeaWiFS ocean colour data
The NASA-operated SeaWiFS, which is located on
board the Orbview-2 satellite, is the second-generation
ocean colour sensor which has provided the observations used in the data assimilation experiments
described in Section 5. Orbview-2 is placed in sunsynchronous orbit, which means that it views the same
latitude on the Earth at the same local time, at an
altitude of 705 km. A brief discussion of the data,
which have been processed at the Joint Research Centre
(JRC), is now given, together with the (empirical)
approach we have used to convert the chlorophyll a
measurements to phytoplankton biomass in terms of
nitrogen.
Although the original SeaWiFS ocean colour raw
radiance data have a spatial resolution of approximately 1.1 km at nadir (directly below the sensor), a
subsampling from local area coverage (LAC) to
global area coverage (GAC) is usually performed to
reduce the storage requirements needed for a global
image (Hooker et al., 1992). Furthermore, subsequent
raw data are taken along the satellite path, and some
kind of averaging (spatial and temporal binning) must
be done to get a picture of the whole Earth (Campbell
et al., 1995). The SeaWiFS ocean colour data used in
the data assimilation experiments described in Section
5 were received from JRC as a global level 3 product
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of chlorophyll a binned (averaged) over 10 days on a
longitude/latitude grid with a resolution of 0.25j.
It is necessary to perform an atmospheric correction of the data received at the sensor, since scattering from the atmosphere contributes with about 90%
of the total signal (Austin, 1993). Originally, one
main goal of the SeaWiFS project was to be able to
estimate surface chlorophyll a within 35% accuracy
in Case 1 waters (i.e., optically dominated by
phytoplankton) over the range of 0.05 – 50.0 mg
m 3 (Hooker et al., 1992). However, note that the
NASA atmospheric correction algorithm breaks
down in Case 2 waters, leading to higher concentrations of chlorophyll a. There is currently no doubt
that even better accuracies than 35% can be obtained
in Case 1 waters. In fact, Keiner and Brown (1999)
showed that an artificial neural network algorithm
(NN) was able to produce more accurate estimates of
chlorophyll in oceanic waters (within f 20%) than
the operational SeaWiFS ocean chlorophyll 2 (OC2)
algorithm. Similar improvements were reported by
Gross et al. (2000), who also used an NN approach.
Since the data we received from JRC did not include
any error estimates, we assumed standard deviations
of 35% in the main experiment (Section 5.2),
although other percentages were also tested (Section
5.4). Assuming 35% errors seems reasonable, since
the measurements were processed using a recalibrated version of the OC2 algorithm, and a similar
algorithm as NASA for the atmospheric correction
(Bulgarelli and Melin, 2000). However, the following comments should be noted. First, since the
atmospheric correction scheme breaks down in Case
2 waters, the data are probably given too much
weight in coastal zones, near rivers or in areas where
human activity is important. Second, we use an
empirical expression to convert the chlorophyll data
to phytoplankton biomass in terms of nitrogen (see
below), which obviously leads to larger errors in the
converted observations. Thus, specifying 35% for
the total errors is probably an underestimation for
the current data set. However, near-future observations will probably be more accurate, for example,
by using an NN algorithm similar to Keiner and
Brown (1999). See also the sensitivity experiments
in Section 5.3. Although a better description of the
data errors would be required for an operational
system, the 35% hypothesis should be of sufficient

quality for our ‘‘demonstration’’ data assimilation
experiments.
To assimilate the chlorophyll data into our biochemical model, we have to be able to relate them to
phytoplankton biomass in nitrogen units. For this
purpose, we use a simple empirical (invertible) expression, an alternative would be to include chlorophyll as
a separate explicit variable in the biochemical model.
To convert chlorophyll a [mg m 3] to phytoplankton
in terms of carbon [mg m 3], we use the empirical
hyperbolic Michaelis –Menten type relationship proposed by Semovski and Woźniak (1995);
C ¼ qmax

Chla
Chla ;
Chla þ K1=2

ð16Þ

where the maximum rate qmax = 90 and the half saturation constant K1/2 = 0.477. The above formula was
based on a large amount of field data of the carbon to
chlorophyll ratio (by weight) in phytoplankton cells.
Furthermore, by expressing the concentration of C in
terms of [mmol m 3], a standard Redfield carbon-tonitrogen ratio can be used to convert the data to
nitrogen units [mmol N m 3]. There exists some
evidence that the C/N ratio generally exceeds the
classical Redfield et al. (1963) ratio of 6.625 in the
deep ocean (e.g., Takahashi et al., 1985). However,
deviations in both directions have been reported in
surface waters (e.g., Sambrotto et al., 1993; Banse,
1994). We therefore use the classical Redfield ratio to
convert the measurements. The inversion of Eq. (16)
leads to two solutions, where one is always negative
(except for the trivial solution) and can be discarded,
while the other is always positive. Thus, a conversion
can be carried out both ways, either to convert model
phytoplankton [mmol N m 3] to chlorophyll a [mg
m 3], or vice versa. We choose the latter approach for
convenience.
In the data assimilation experiments presented
below, we assume that the observations represent the
distribution of phytoplankton in the surface biochemical model layer, that is, residuals between data and
model are calculated only in the surface model layer
in the assimilation procedure. This approach seems
suitable in our simple demonstration experiments, but
its general validity may be questioned because the
light penetration and subsequently the vertical distribution of the data should be properly accounted for.
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However, note that subsurface phytoplankton is still
updated in the data assimilation analysis scheme,
based on the surface observations and the ensemble
predicted covariance between the surface and subsurface layers.
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physical model, and a 1-month spin up of the coupled
system generated an ‘‘initial’’ ensemble of biochemical model states.
To compute the Kalman gain Ke in Eq. (14),
we need to calculate the inverse of the matrix P u
HCfeHT + ce. The P matrix can be decomposed as
(Bennett, 1992)

5. Data assimilation experiments
P ¼ Z%ZT ;
A data assimilation experiment was performed for
the months April and May in 1998, i.e., including the
early part of the North Atlantic spring bloom. At the
first measurement time, some simple validation and
sensitivity tests were done. This section contains the
results from the experiments, starting with a short
description of the setup.
5.1. Experiment description
In the ensemble Kalman filter (see Section 3), the
model noise is sampled by adding pseudo-random
fields to the model equations during integration. To
generate such fields, the methodology outlined in
Evensen (1994) is available. In our implementation,
the noise is added to the physical forcing fields in the
circulation model, and each biochemical ensemble
member adjusts accordingly. Obviously, this approach
may lead to an underestimation of the true errors in
the system, because we neglect the contribution from
the biochemical model equations. However, random
noise added to the biochemical compartments could
result in negative concentrations, which would lead to
a breakdown of the model. It should be emphasized
that in an operational application, errors in the biochemical model equations should also be sampled,
and noise will also be added to these equations at a
later stage. The random fields added to the atmospheric forcing are assumed to be spatially and temporally correlated; the horizontal decorrelation length
is set to 1500 km approximately representing mesoscale activity in the atmosphere, while the decorrelation in time is set to 50 h. Furthermore, the following
standard deviations are specified for the atmospheric
forcing fields: rsx = rsy = 0.5 g cm 1 s 2, rwind = 5 m
s 1, rtemp = 3 jC.
As said in Section 2.3, an initial ensemble was
generated from the March 1 1998 model fields. This
was done by perturbing the layer interfaces in the

ð17Þ

where % is a diagonal matrix containing the eigenvalues of P, which are positive because P is symmetric
and positive definite, and Z contains the corresponding eigenvectors. Whenever /maxH/min, the system
may become ill conditioned. Thus, to avoid having a
singular inverse, we truncate the eigenvalue spectrum
at 95%, and calculate the corresponding pseudoinverse of P.
In our implementation of the ensemble Kalman
filter analysis scheme described in Section 3, the
analysis is calculated grid point by grid point (horizontally). Furthermore, we define an influence radius
for the observations, that is, the update in each grid
point is based on data within a certain distance. It can
be expected that observations at long distance will
only give a minor contribution to the analysis in some
grid point, and excluding the contribution from far
away data makes the analysis more effective. The
influence radius is set to 100 km, representing the size
of a typical mesoscale eddy. Within the influence
radius, the correlation between the errors of any two
data is exponentially related as exp(  r/r0), where r is
the distance between them and r0 is a characteristic
decorrelation scale set to 10 km.
After the biochemical model variables have been
updated using the ensemble Kalman filter analysis,
possible negative fields are simply set to zero. The
species may become alive again during model integration.
In a main experiment, data were assimilated at six
times; days 96, 106, 116, 126, 136 and 147 (see
Tables 1 and 2). Additionally, the sensitivity of the
analysis with respect to the ensemble size and the
observation errors was studied at the first assimilation
time (i.e., at day 96). Note that the relatively short
duration of the experiment does not allow for an
investigation of long-term trends of the ensemble
statistics. The choice of performing a time-limited
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Table 1
Description of the data assimilation experiments
Number of
ensemble
members
Main experiment
(days 90 – 147)
Sensitivity wrt
ensemble size
(analysis at
day 96)
Sensitivity wrt
observation
errors (analysis
at day 96)

Observation errors
(standard
deviation, %)

5.2. Main experiment
Section

100

35

5.2

10
20
40
60
80
100
100
100
100

35
35
35
35
35
1
10
60
300

5.3
5.3
5.3
5.3
5.3
5.4
5.4
5.4
5.4

experiment was motivated by the quite extensive
numerical cost of integrating the ensemble (100 members) of three-dimensional physical – biological states
forward in time; a 10-day integration in parallel took
about 1 day on 20 processors on a Cray Origin 2000
machine and the storage of the ensemble required
approximately 4.5 gigabytes for each set of restart
files. The effect of the assimilation on long-term
trends of the ensemble statistics should be investigated at a later stage, and the work presented here
should only be regarded as an initial demonstration
study. A short overview of the experiments is given in
Table 1. We start by presenting the results from the
main experiment in the next section, while the sensitivity experiments are discussed in Sections 5.3 and
5.4, respectively.

Although the sensitivity tests were performed at the
first filter analysis time, we start by presenting the
(entire) main experiment, which was performed with
an ensemble size of 100 members and observation
standard deviations of 35% (see Table 1). Evensen
(1994) indicated that 100 –500 ensemble members are
sufficient to represent the error covariance matrices.
We chose to use 100 members in the main experiment;
this should be enough in our local (grid point by grid
point) implementation of the analysis scheme (see
Section 5.3), and at the same time, the numerical
requirements do not become too large (see also the
sensitivity analysis in Section 5.3).
Even though the experiment was carried out for the
domain shown in Fig. 2, we focus on the results from
the North Atlantic domain from 10jS to 70jN.
Further north, there are few ocean colour data to
update the estimate (because of the low inclination
of the satellite/sensor), while the domain close to the
South Atlantic boundary is less important in our study.
Table 2 shows some important characteristics of
the experiment. The first column contains the times
where the ensemble Kalman filter analysis is carried
out, while the second column shows the time binning
period of the chlorophyll data. In the third column,
the percentage of bad data (mainly due to cloud
cover and sun glitter) is given for wet points. A data
point is regarded as wet only if all four surrounding
model grid points have depths above 10 m. The
fourth column shows the number of grid points
which are skipped (i.e., keeping the forecast value)

Table 2
Some characteristics of the main data assimilation experiment
Time of data
assimilation

Time binning
period of the
chlorophyll data

Amount of
bad data (%)

Number of
skipped grid points

Maximum number
of data within the
radius of influence

1998,
1998,
1998,
1998,
1998,
1998,

days
days
days
days
days
days

35.3
35.9
36.4
38.3
39.3
40.2

992
886
850
729
725
598

117
195
155
156
150
158

day
day
day
day
day
day

96
106
116
126
136
147

91 – 100
101 – 110
111 – 120
121 – 130
131 – 140
141 – 151

Note that bad data are counted at wet points only, that is, where the depths of the surrounding grid points are greater than 10 m. A particular grid
point is skipped (not updated) if it is dry (depth < 10 m) or if there are no observations available within the radius of influence.
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during the analysis. A point is skipped if it is
considered as dry, that is, whenever the depth is less
than 10 m, or if there are no observations within the
influence radius to update the estimate. There are
140  130 = 18 200 grid points altogether, so the
variables are influenced by the data in a majority
of grid points (well above 90%). The last column
shows that some grid points are influenced by many
observations. (Our results are of course a direct
consequence of the choice for the data influence
radius.) We will now focus on the results from the
first and last assimilation time (i.e., at days 96 and
147); time series from the main experiment are included in the Part 2 paper.
The impact of the EnKF analysis on the observed
variable (surface phytoplankton) at days 96 and 147
can be studied in Fig. 3; the ocean colour data (in terms
of mmol N m 3) binned over the days 91– 100 and
141 –151 are displayed in the top figures, while the
forecast and analyzed ensemble means of surface
phytoplankton are shown in the middle and bottom
plots, respectively. Even though the model produces
phytoplankton blooms in several domains at day 96,
the forecast estimate is quite different from the spatial
distribution viewed by the SeaWiFS sensor. While the
model seems to develop a large bloom extending from
the eastern boundary of the North Atlantic basin, the
observations show high concentrations at the western
boundary. This undesired property of the model may
have many causes. For example, we have only two
biochemical layers in the physical mixed layer, which
may be insufficient for resolving the ecosystem properly. Also, because the ecosystem is very sensitive to
the supply of nutrients, it will also be very sensitive to
the amount of turbulent mixing. A strong constraint
data assimilation methodology, which assumes a perfect model and allows for adjustments of the initial and
boundary conditions, might fail for our model formulation. Furthermore, it is not clear whether the current
model system would be able to provide a spatial
distribution of phytoplankton consistent with the data
for any set of model parameters. A parameter estimation technique could be used to determine inconsistencies in the model, making it impossible to obtain a
set of constant parameters. Although one, in principle,
could reconsider the model formulation, another
approach is to sample other kinds of model errors than
those related to the model parameters. As said in
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Section 3, this can be done by adding pseudo-random
noise to the model equations during integration (in our
implementation, we add noise to the atmospheric
forcing fields, see the comments in Section 5.1). Fig.
3 shows that such an approach is capable of making
successful updates during an assimilation, even for
large differences between the model forecast and the
observations. For example, by following the 0.10mmol N m 3 contour line starting at the west coast
of Portugal, it is seen that the analyzed estimate is quite
close to the observations along this contour. Furthermore, the positions of the phytoplankton blooms have
certainly become more consistent with the data after
the analysis, for example, the two blooms in the
ensemble Kalman filter estimate at the West African
coast, the large concentrations near the western boundary of the North Atlantic basin, and the removal of the
bloom that covers a large area of the eastern part of the
basin in the model forecast. Similar improvements can
be observed in the day 147 assimilation; the large
bloom at mid latitudes seen in the model forecast is
completely removed in the analysis, and the spatial
distribution of phytoplankton has become consistent
with the data.
Data-forecast and data-analysis residuals (interpolated onto the data grid) are shown in Fig. 4 (top).
Although the large negative residuals in the forecast
are removed in the analysis mean estimate (i.e.,
consistent with the right plots of Fig. 3), it is evident
that the numerical peak values of the analysis are
much lower than the corresponding values of the
observations. Note that we have assumed observation
standard deviations of 35% of the actual data values.
Thus, the data errors are assumed to be large within a
phytoplankton bloom (the observed maximum at day
147 is about 70 mmol N m 3), that is, the lower peak
values in the analysis are consistent with our specifications of the error statistics. See also the sensitivity
experiments in Section 5.4.
Fig. 4 (bottom) shows the ensemble variance of
phytoplankton for the forecast and for the analysis at
day 147. It is seen that the variance is significantly
reduced during the analysis. A long-term experiment
(i.e., a year or more) would be important to investigate
whether the reduction of the variance also would result
in a reduction of the long-term variance in the model.
The ensemble Kalman filter is a multivariate data
assimilation methodology. Thus, all the ecosystem
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Fig. 3. Results from the assimilation at day 96 (left) and day 147 (right). The observations, that is, the ocean colour data binned over the days
91 – 100 and 141 – 151, after the conversion to phytoplankton biomass in terms of nitrogen, are shown in the top plots. Furthermore, the
ensemble mean of phytoplankton for the forecast and analysis ensembles are displayed in the middle and bottom plots, respectively.

components are updated during an analysis (13 – 15).
The quality of the analyzed variables may be studied
in so-called twin experiments, where observations are

generated by adding noise to a ‘‘reference solution’’,
which should be closely recovered by the analyzed
estimates. The ensemble Kalman filter has already
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Fig. 4. Residuals between the ocean colour observations and the ensemble mean estimate interpolated onto the data grid (day 147) for the
forecast ensemble (top, left) and the analysis ensemble (top, right); and the variance of phytoplankton at day 147 for the forecast ensemble
(bottom, left) and for the analysis ensemble (bottom, right).

been investigated in twin experiments by Breuillin et
al. (2000) and Eknes and Evensen (2002), who used
one-dimensional extensions of the Fasham et al.
(1990) and Evans and Parslow (1985) ecosystem
models, respectively. The results from these studies
indicate that the information contained in a set of
surface observations of phytoplankton is sufficient to
provide successful updates also for other model variables. In our setup, we use real satellite ocean colour
measurements, and a ‘‘reference solution’’ is of course
not available. However, some desired properties of the
multivariate analysis can still be investigated. Fig. 5
shows the results at day 147 for nitrate (top) and
zooplankton (bottom) for the upper 300 m of the
water column along a section at 50jN. The ensemble

mean forecast estimates are shown in the left plots,
while the residuals between the analysis and forecast
ensemble mean estimates are shown in the right plots,
respectively. As discussed earlier (in relation to Fig.
3), the model predicted a too large surface phytoplankton bloom at mid latitudes. However, this large
bloom was removed in the analysis, i.e., to become
consistent with the data. In Fig. 5 (top, right), it can be
seen that there are large positive residuals at the
surface from about 30jW to about 10jW between
the analysis estimate and the forecast estimate of
nitrate. Thus, while the too large forecast bloom of
phytoplankton has become much smaller in the analysis, larger concentrations of surface nitrate can be
seen in the analysis for the same domain. This seems
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Fig. 5. Depth profiles of the upper 300 m of the water column along a section at 50jN (day 147). The left plots show the forecast (ensemble)
mean estimate of nitrate (top) and zooplankton (bottom), while the right plots show the residuals between the analysis (ensemble) mean estimate
and forecast (ensemble) mean estimate for the same variables.

reasonable, since phytoplankton is growing on nitrate
and since a negative correction of phytoplankton
therefore should lead to a positive correction of nitrate
in the multivariate analysis. Furthermore, large negative residuals between the analysis and forecast mean
estimates of zooplankton for the same domain can be
seen in Fig. 5 (bottom, right). Again, this seems
reasonable, since zooplankton is feeding on phytoplankton and a negative correction of phytoplankton

therefore also should lead to a negative correction of
zooplankton in the multivariate analysis. Note from
Fig. 5 that the analysis also affects subsurface zooplankton and nitrate, although the analysis updates are
weaker in the deep ocean (i.e., as expected, because
we assimilate surface observations). To conclude, the
multivariate assimilation seems to have a positive
impact (qualitatively) on the coupled biochemical
state.
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Fig. 6. Variance of surface nitrate of the forecast ensemble (left) and the analysis ensemble (right) for day 147.

Fig. 6 shows the variance of surface nitrate at day
147 without assimilation (left) and with assimilation
(right). It is clearly seen that the variance of nitrate is
much smaller for the analyzed ensemble. As expected,
this property was also seen for the other biochemical
components.
5.3. Sensitivity with respect to the number of ensemble
members
The sensitivity experiments were carried out for the
first analysis step (i.e., at day 96), basically to deter-

mine the setup for the main experiment. Fig. 7 shows
the surface concentrations (ensemble mean) of phytoplankton after an analysis with 10 and 40 members,
respectively (the estimate with 100 members was
displayed in Fig. 3). From these plots, it is evident
that a limited ensemble of only 10 members is
sufficient to obtain convergence of surface phytoplankton; the plots for 10, 40 and 100 members are
almost identical.
Note that the ensemble Kalman filter is a multivariate data assimilation methodology, that is, all
model variables are updated during the assimilation

Fig. 7. Ensemble mean of surface phytoplankton after an EnKF analysis with 10 members (left) and 40 members (right). The analysis with 100
members is shown in Fig. 3 (bottom, left).
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of the ocean colour data. To be able to provide reliable
estimates of all the variables, it is important to have
information about their correlations. As said in Section 3, this kind of information can be obtained from a
finite ensemble of model states. Even though only a
few members are sufficient to provide reliable estimates of true mean values and variances, a considerably larger number is needed for a proper description
of the covariances.
In our implementation of the analysis scheme, we
update the ensemble grid point by grid point (horizontally), and only measurements within the influence
radius r0 set to 100 km contribute in the analysis.
Thus, we need enough members to resolve the covariances locally (within r0) with respect to each grid
point (we have 11 biochemical compartments in 18
vertical grid points, giving 198 discrete variables to be
determined locally). According to the theory, the error
of an estimate of the
pﬃﬃﬃﬃcovariance decreases at a rate
proportional to 1= N , where N is the number of
ensemble members (Evensen, 1994). The correlation,
i.e. the covariance scaled by the individual variances,
between analyzed surface phytoplankton in grid point
(70, 50) and analyzed surface nitrate in any point, is
shown in Fig. 8. Note that surface phytoplankton is
the observed (assimilated) variable, and that the multivariate assimilation relies on well-resolved ensemble
covariances between surface phytoplankton and other
variables (e.g., nitrate). It is clear from Fig. 8 that an
ensemble of 10 members cannot provide proper
representations of the true error covariances. The
correlation fields corresponding to 10, 20 and 40
members are very different, and they are all far from
the corresponding field estimated from the ensemble
with 100 members. Using 60 ensemble states, one can
recognize a pattern somewhat similar to the 100member correlation, but note the domain with large
correlations near 60jN and the domain with negative
correlations near 56jN in the 60-member plot. Finally,
the estimates are quite consistent for the 80 and 100
member ensembles. However, some improvement can
still be seen, for example, the large negative correlations at 60– 63jN are still changing, indicating that a
few more members (e.g., 50 more) could be beneficial. Note that any precision can be achieved by
increasing the ensemble size. Thus, the need to
improve the quality of the estimates should be balanced by the numerical cost related to the storage and

integration of more members. It should be emphasized
that too few members, e.g. less than 60 – 80 members
in our experiment, will lead to unreliable estimates of
the covariances. To conclude, we believe that an
ensemble of 100 members is sufficient in our demonstration experiments, but that the estimates would
benefit from a slightly larger ensemble (e.g., 150
states) for any operational purpose. An experiment
using 150 members has not been included here
because of the extensive numerical requirements
(see Section 5.1) and thus balancing our objective of
performing a simple demonstration experiment. (See
also, Houtekamer and Mitchell, 1998, 2001; van
Leeuwen, 1999; Keppenne, 2000.)
It should also be mentioned that the ensemble
predicted covariances could be used to increase our
understanding of the coupled system, for example,
one could obtain (both spatial and temporal) information on how the compartments are correlated. That is,
however, beyond the scope of this paper.
5.4. Sensitivity with respect to data accuracy
As said in Section 5.2, standard deviations of 35%
were assumed for the observations in the main experiment. Other percentages were also used in the first
analysis at day 96, as presented below.
A necessary requirement of the analysis would be
the capability of almost matching the data for very
small observation errors and almost matching the
model forecast for very large errors, respectively.
Fig. 9 (top, left) shows the ensemble mean estimate
of surface phytoplankton after an analysis using very
accurate data; standard deviations of only 1% were
specified. It is seen that the analyzed estimate is very
close to the data (Fig. 3, top, left), both the positions
and the intensities of the phytoplankton blooms
almost perfectly match those described by the observations. The analyzed mean estimate of surface phytoplankton in the case of very large measurement
errors (300%) is shown in Fig. 9 (bottom, right). As
desired and expected, the estimate is close to the
model forecast shown in Fig. 3 (middle, left).
Fig. 9 also shows the concentrations of surface
phytoplankton assuming observation standard deviations of 10% and 60% in the analysis, respectively. As
expected, the estimate in the former case is also quite
close to the observations, both in terms of spatial
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Fig. 8. Correlation between surface phytoplankton in point (70, 50), which is positioned approximately at 37jW 58jN, and surface nitrate in all
other points after an EnKF analysis with 10 members (top, left), 20 members (top, right), 40 members (middle, left), 60 members (middle, right),
80 members (bottom, left) and 100 members (bottom, right).
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Fig. 9. Ensemble mean of phytoplankton after an EnKF analysis with data errors of 1% (top, left), 10% (top, right), 60% (bottom, left) and 300%
(bottom, right), respectively.

distribution and bloom intensity. The main differences
from the case with 1% data errors appear in the
western North Atlantic basin, where several phytoplankton blooms are seen from the data. Note that the
use of 60% standard deviations for the observations
results in an analyzed estimate very close to the
standard case with 35% errors displayed in Fig. 3
(bottom, left). As expected, the peak values observed
in the data are more in agreement with the latter
analysis. However, for lower concentrations, the spatial distributions of phytoplankton are very similar for
the two cases.
We also looked at the other biochemical fields for
the different cases described above (not shown here).
As expected, an assumption of accurate observations

led to quite large updates of the other variables, while
larger errors in the data resulted in weaker updates
during the analysis. Furthermore, more accurate
observations led to lower values in the analyzed
variance fields (not shown). This is also expected,
because the updates of the members due to accurate
data should bring the members closer together, that is,
the ensemble should experience a high degree of
convergence.
It should be mentioned that the results presented
here are influenced by our specification of model
errors. As said in Section 5.1, we sample the model
noise by perturbing the physical forcing fields. Thus,
we do not add noise directly to the biochemical
equations, which could lead to an underestimation
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of the true model errors. This should be further
investigated at a later stage.

6. Summary
A data assimilation system has been developed for
the biochemical part of a coupled physical –biochemical three-dimensional model of the North Atlantic.
The data assimilation technique is the ensemble Kalman filter, which has been implemented for the first
time with a realistic coupled model, and the system
utilizes real chlorophyll data from the SeaWiFS ocean
colour sensor. This paper describes some simple initial
experiments, to demonstrate the capability of such a
system.
The results from the experiments were presented in
Section 5. A first observation was that the model
system as implemented here is not capable of producing a spatial distribution of phytoplankton consistent
with the data. At day 96, the model estimated a bloom
of phytoplankton covering a large domain of the
eastern part of the North Atlantic, while the observations showed the largest concentrations near the western boundary of the basin. After the ensemble Kalman
filter analysis, the phytoplankton field became consistent with the data, as a result of assuming unknown
errors in the model. To the contrary, note that a pure
parameter estimation problem relies on the model to
be able to reproduce the data (within specified error
bounds) for some set of parameters. See the discussions in Sections 1 and 5.2.
We studied the variance of each ecosystem variable
during the assimilation. As desired, our results
showed significant reductions in the variance fields
for the different ecosystem components (only the
phytoplankton and nitrate variance fields were shown
here). Note that the short duration of our experiment
does not allow for investigating any long-term trends
in the model. Normally (but not necessarily), one will
experience a spread of the ensemble during model
integration. Thus, it would be interesting to see if the
ensemble Kalman filter is able to reduce the long-term
variance in the model. This should be investigated at a
later stage.
In a twin experiment setup, where the measurements are generated from a ‘‘reference’’ solution, it is
possible to investigate the quality of all ecosystem
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components, even if only (surface) phytoplankton is
observed. The ensemble Kalman filter has already
been investigated in twin experiments with simple
one-dimensional ecosystem models in Breuillin et al.
(2000) and Eknes and Evensen (2002). The results
from these works indicate that it is sufficient to
observe surface phytoplankton to get reliable estimates of the other model components. In this paper,
we use real measurements, and a reference solution is
of course not available. However, some qualitative
properties of the multivariate assimilation can still be
investigated. As discussed in Section 5.2, the model
predicted a too large bloom of phytoplankton at mid
latitudes at day 147. This bloom was removed in the
analysis, and the distribution of phytoplankton became consistent with the data. Furthermore, the multivariate analysis led to a significant increase of surface
nitrate in the same domain. This seems reasonable,
since phytoplankton grows on nitrate and a reduction
of phytoplankton therefore should lead to increased
concentrations of nitrate in the multivariate assimilation. Furthermore, zooplankton concentrations decreased significantly in the same domain in the analysis. Again, this seems reasonable, since zooplankton
feed on phytoplankton and a decrease of the latter
therefore also should lead to a decrease of the former in the multivariate analysis. We also verified that
the analysis affected subsurface nitrate and zooplankton concentrations, although the analysis updates
are weaker in the deep ocean (as expected). Of
course, our qualitative investigation should be followed up by a validation of the system against
independent observations. Note that in the present
setup of the system, the model errors were sampled
by adding Gaussian noise to the atmospheric forcing fields. As said in Section 5.1, one important
improvement would be to add noise to the biochemical model equations also, to sample the true errors of
the system more correctly. Thus, validation against
independent observations will be done at a later
stage, when we have improved the sampling of the
model noise.
In Section 5.3, we investigated the sensitivity with
respect to the number of members in the ensemble.
Because the ensemble members are updated grid point
by grid point (horizontally) in the analysis, it is
important to have enough members to resolve the
covariances locally within the radius of influence with
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respect to each point. From the sensitivity experiments, we conclude that at least 60– 80 members are
required to have reasonably well-resolved covariances. However, an ensemble of about 150 members
would be desired for any operational application. The
required number of ensemble members is related to
the degrees of freedom of the system. Thus, the same
size order can be expected for similar coupled physical –biochemical model systems.
The sensitivity with respect to the errors specified
for the observations was studied in Section 5.4. It was
seen that very accurate data led to an analyzed
estimate of phytoplankton very close to the observations, while large errors in the data resulted in a
corresponding estimate close to the model forecast,
as desired. Because we defined the observation standard deviations as a certain percentage of the actual
data value (35% in the standard case), the analyzed
estimate showed much lower peak values of phytoplankton than those seen in the data. Thus, the
response of the analysis is consistent with the specification of observation errors. A very positive result of
the investigation was that even with 60% standard
deviations, the analyzed estimate provides an important improvement of the poor model prediction. For
the other model components, accurate data led to
strong updates during the assimilation (and small
variance fields), while large errors in the data resulted
in weak updates (and larger variance fields), as
expected.
Future improvements of the model system include
a replacement of the MICOM model with the HYbrid
Coordinate Ocean Model (HYCOM). The HYCOM
model uses ordinary z-coordinates in the mixed layer
(the desired number of layers and vertical grid spacing
can be specified), and isopycnal layers below. This is
an improvement for the ecosystem, since no biochemical sublayer splitting is needed in the physical mixed
layer. The new coupled model will be set up with
several z-layers in the physical mixed layer, which is
obviously more appropriate for the ecosystem than the
two-sublayer formulation used here. Another important improvement of the system will be to seek a better
way of relating the chlorophyll a data to the model.
Currently, the data are simply converted to phytoplankton biomass using an empirical algorithm, and
the converted data are assimilated as ‘‘phytoplankton
measurements’’.
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Fennel, K., Losch, M., Schröter, J., Wenzel, M., 2001. Testing a
marine ecosystem model: sensitivity analysis and parameter optimization. J. Mar. Syst. 28, 45 – 63.
Friedrichs, M.A.M., 2001. Assimilation of JGOFS EqPac and SeaWiFS data into a marine ecosystem model of the Central Equatorial Pacific Ocean. Deep-sea Res., II 49 (1 – 3), 289 – 319.
Fukumori, I., Malanotte-Rizzoli, P., 1995. An approximate Kalman
Filter for ocean data assimilation; an example with an idealized
Gulf stream model. J. Geophys. Res. 100, 6777 – 6793.
Gauthier, P., Courtier, P., Moll, P., 1993. Assimilation of simulated
wind lidar data with a Kalman Filter. Mon. Weather Rev. 121,
1803 – 1820.
Gelb, A., 1979. Applied Optimal Estimation, 5th ed. The Analytic
Sciences, MIT Press, Cambridge, MA. ISBN 0-262-70008-5.
Goldberg, E.D., McCave, I.N., O’Brien, J.J., Steele, J.H., et al.,
1977. The Sea—Ideas and Observations on Progress in the
Study of the Seas. Marine Modeling, vol. 6. Wiley, New York,
pp. 789 – 921. Chaps. 20 – 23.
Gross, L., Thiria, S., Frouin, R., Mitchell, B.G., 2000. Artificial
neural networks for modeling the transfer function between marine reflectance and phytoplankton pigment concentration. J.
Geophys. Res. 105 (C2), 3483 – 3495.
Gunson, J., Oschlies, A., Garcßon, V., 1999. Sensitivity of ecosystem
parameters to simulated satellite ocean color data using a
coupled physical – biological model of the North Atlantic. J.
Mar. Res. 57, 613 – 639.
Haefflinger, C., Evensen, G., Drange, H., 2000. Coupling of a 3D
ecosystem model with HYCOM. Technical Report 188. Nansen
Environmental and Remote Sensing Center (NERSC). Edv.
Griegs vei 3a, 5059 Bergen, Norway.
Harder, M., 1996. Dynamik, Rauhigkeit und Alter des Meereises in
der Arktis. PhD thesis, Alfred-Wegner-Institut für Polar-und
Meereisforschung, Bremerhaven, Germany.
Harder, M., Lemke, P., Hilmer, M., 1998. Simulation of sea ice
transport through Fram Strait: natural variability and sensitivity
to forcing. J. Geophys. Res. 103 (C3), 5595 – 5606.

152

L.-J. Natvik, G. Evensen / Journal of Marine Systems 40 – 41 (2003) 127–153

Harmon, R., Challenor, P., 1996. A Markov chain Monte Carlo
method for estimation and assimilation into models. Ecol.
Model. 101, 41 – 59.
Hooker, S.B., Esaias, W.E., Feldman, G.C., Gregg, W.W., McClain,
C.R., 1992. An overview of SeaWiFS and ocean color. In:
Hooker, S.B., Firestone, E.R. (Eds.), NASA Technical Memorandum 104566. SeaWiFS Technical Report Series, vol. 1.
NASA, Goddard Space Flight Center, Greenbelt, Maryland.
Houtekamer, P.L., Mitchell, H.L., 1998. Data assimilation using an
ensemble Kalman filter technique. Mon. Weather Rev. 126,
796 – 811.
Houtekamer, P.L., Mitchell, H.L., 2001. A sequential ensemble
Kalman filter for atmospheric data assimilation. Mon. Weather
Rev. 129, 123 – 137.
Jazwinski, A.H., 1970. Stochastic Processes and Filtering Theory.
Academic Press, New York.
Kalman, R.E., 1960. A new approach to linear filter and prediction
problems. J. Basic Eng. 82, 35 – 45.
Keiner, L.E., Brown, C.W., 1999. Estimating oceanic chlorophyll
concentrations with neural networks. Int. J. Remote Sens. 20
(1), 189 – 194.
Keppenne, C.L., 2000. Data assimilation into a primitive-equation
model with a parallel ensemble Kalman filter. Mon. Weather
Rev. 128, 1971 – 1981.
Kraus, E.B., Turner, J.S., 1967. A one-dimensional model for the
seasonal thermocline: II. The general theory and its consequences. Tellus 14, 98 – 105.
Kremer, J.N., Nixon, S.W., 1978. A Coastal Marine Ecosystem—
Simulation and Analysis Springer-Verlag, Berlin.
Lawson, L.M., Spitz, Y.H., Hofmann, E.E., Long, R.B., 1995. A
data assimilation technique applied to a predator – prey model.
Bull. Math. Biol. 57 (4), 593 – 617.
Lawson, L.M., Hofmann, E.E., Spitz, Y.H., 1996. Time series sampling and data assimilation in a simple marine ecosystem model.
Deep-sea Res., II 43 (2 – 3), 625 – 651.
Levitus, S., Boyer, T.P., 1994. World Ocean Atlas 1994 Volume 4:
Temperature. NOAA Atlas NESDIS 4, Washington, DC.
Levitus, S., Conkright, M.E., Reid, J.L., Najjar, R.G., Mantyla, A.,
1993. Distribution of nitrate, phosphate and silicate in the world
oceans. Prog. Oceanogr. 31, 245 – 273.
Levitus, S., Burgett, R., Boyer, T.P., 1994. World Ocean Atlas
1994 Volume 3: Salinity. NOAA Atlas NESDIS 3, Washington,
DC.
Matear, R.J., 1995. Parameter optimization and analysis of ecosystem models using simulated annealing: a case study at Station P.
J. Mar. Res. 53, 571 – 607.
Michaelis, L., Menten, M.L., 1913. Der Kinetic der Inverteinwirkung. Biochem. Z. 49, 333 – 369.
Miller, R.N., Ghil, M., Gauthiez, F., 1994. Advanced data assimilation in strongly nonlinear dynamical systems. J. Atmos. Sci.
51 (8), 1037 – 1056.
Natvik, L.-J., Evensen, G., 2003. Assimilation of ocean colour data
into a biochemical model of the North Atlantic: Part 2. Statistical analysis. J. Mar. Syst., this issue.
Natvik, L.-J., Eknes, M., Evensen, G., 2001. A weak constraint
inverse for a zero-dimensional marine ecosystem model. J.
Mar. Syst. 28 (1 – 2), 19 – 44.

New, A.L., Bleck, R., 1995. An isopycnic model study of the North
Atlantic: Part II. Interdecadal variability of the subtropical gyre.
J. Geophys. Res. 25, 2700 – 2714.
New, A.L., Bleck, R., Jia, Y., Marsh, R., Huddleston, M., Barnard,
S., 1995. An isopycnic model study of the North Atlantic: Part I.
Model experiment. J. Geophys. Res. 25, 2667 – 2699.
Ngodock, H.E., Chua, B.S., Bennett, A.F., 2000. Generalized
inverse of a reduced gravity primitive equation model and
tropical atmosphere – ocean data. Mon. Weather Rev. 128,
1757 – 1777.
Nihoul, J.C.J., Djenidi, S., 1998. Coupled physical, chemical and
biological models. In: Brink, K.H., Robinson, A.R. (Eds.), The
Sea—Ideas and Observations on Progress in the Study of the
Seas. The Global Coastal Ocean, Processes and Methods, vol.
10. Wiley, New York, pp. 483 – 506. Chap. 18.
Oschlies, A., Garcßon, V., 1998. An eddy-induced enhancement of
primary production in a model of the North Atlantic Ocean.
Nature 394, 266 – 269.
Oschlies, A., Garcßon, V., 1999. An eddy-permitting coupled physical – biological model of the North Atlantic: 1. Sensitivity to
advection numerics and mixed layer physics. Glob. Biogechem.
Cycles 13 (1), 135 – 160.
Peng, T.H., Takahashi, T., Broecker, W.S., Olafsson, J., 1987. Seasonal variability of carbon dioxide, nutrients and oxygen in the
North Atlantic surface water: observations and a model. Tellus
39B, 439 – 458.
Pham, D.T., Verron, J., Roubaud, M.C., 1998. A singular evolutive
extended Kalman filter for data assimilation in oceanography.
J. Mar. Syst. 16 (3 – 4), 323 – 340.
Prunet, P., Minster, J.-F., Ruiz-Pino, D., Dadou, I., 1996a. Assimilation of surface data in a one-dimensional physical – biogeochemical model of the surface ocean: 1. Method and preliminary
results. Glob. Biogeochem. Cycles 10 (1), 111 – 138.
Prunet, P., Minster, J.-F., Echevin, V., Dadou, I., 1996b. Assimilation of surface data in a one-dimensional physical – biogeochemical model of the surface ocean: 2. Adjusting a simple trophic
model to chlorophyll, temperature, nitrate and pCO2 data. Glob.
Biogeochem. Cycles 10 (1), 139 – 158.
Redfield, A.C., Ketchum, B.H., Richards, F.A., 1963. The influence
of organisms on the composition of sea water. In: Hill, M.N.
(Ed.), The Sea: The Global Coastal Ocean I, Processes and
Methods, vol. 2. Interscience, New York, pp. 26 – 77.
Robinson, A.R., Lermusiaux, P.F.J., Sloan III, N.Q., 1998. Data
assimilation. In: Brink, K.H., Robinson, A.R. (Eds.), The
Sea—Ideas and Observations on Progress in the Study of the
Seas. The Global Coastal Ocean, Processes and Methods, vol.
10. Wiley, New York, pp. 541 – 594. Chap. 20.
Sambrotto, R.N., Savidge, G., Robinson, C., Boyd, P., Takahashi,
T., Karl, D.M., Langdon, C., Chipman, D., Marra, J., Codispoti,
L., 1993. Elevated consumption of carbon relative to nitrogen in
the surface ocean. Nature 363, 248 – 250.
Sarmiento, J.L., Slater, R.D., Fasham, M.J.R., Ducklow, H.W.,
Toggweiler, J.R., Evans, G.T., 1993. A seasonal three-dimensional ecosystem model of nitrogen cycling in the North Atlantic euphotic zone. Glob. Biogeochem. Cycles 7, 417 – 450.
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