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Abstract Aiming to achieve systematic ocean forecasting for
the southeastern Brazilian coast, an incremental 4D-Var data
assimilation system is applied to a regional ocean model focused mainly in the Santos Basin region. This implementation
is performed within the scope of The Santos Basin Ocean
Observing System (or Project Azul), a pilot project designed
to collect oceanographic data with enough frequency and spatial coverage so to improve regional forecasts through data
assimilation. The ocean modeling and data assimilation system of Project Azul is performed with the Regional Ocean
Modeling System (ROMS). The observations used in the assimilation cycles include the following: 1-day gridded, 0.1°
resolution SST from POES AVHRR; 1-day gridded, 0.3°
composite of the MDT SSH from AVISO; and surface and
subsurface hydrographic measurements of temperature and
salinity collected with gliders and ARGO floats from Project
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Azul and from UK Met-Office EN3 project dataset. The assimilative model results are compared to forward model results and independent observations, both from remote sensing
and in situ sources. The results clearly show that 4D-Var data
assimilation leads to an improvement in the skill of ocean
hindcast in the studied region.
Keywords 4D-Var . ROMS . Data assimilation . Santos
Basin . Regional Ocean Observing System . Project Azul

1 Introduction
In the last few years, Santos Basin (Fig. 1) became a major
player in the exploration and production activities of marine
resources, especially those related to the production of hydrocarbons, mainly due to the discovery of new oil reserves in the
pre-salt layer. Although this region comprises the main coastal
states of Brazil in economic terms, it still lacks ocean measurements, especially in deeper regions, which prevents researchers from better understanding many aspects of the
oceanographic features of this area, such as the Brazil
Current System and its associated eddies and meanders.
This paper describes the results and findings originating
from the effort of the group of researchers responsible for
establishing a data assimilation system within the scope of
the Santos Basin Ocean Observing System, also known as
Project Azul.
Project Azul is a pilot project started in August 2012 for the
offshore area of Santos Basin, totally funded by a private oil
and gas operator (BG-Brasil) within the scope of the research
and development program of the Brazilian National
Petroleum, Natural Gas and Biofuels Agency (ANP) (dos
Santos et al. 2015).
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Fig. 1 Representation of Santos Basin (solid line polygon), ocean model domain (full figure area), sea glider Maricá transect (black solid line), and the
three subregions used in the spatial analysis (R1, R2, and R3). R1 and R2 are represented by the crosshatched areas and R3 by the dotted line square

The surface circulation in the study area is dominated by
the Brazil Current (BC), which is part of the South Atlantic
Subtropical Gyre, and is formed from the bifurcation of the
South Equatorial Current that occurs between 5° S and 10° S.
It is a western boundary current that plays the same role as the
Gulf Stream, carrying warm, salty water from the equator
toward the pole. It is a highly unstable baroclinic current system, characterized by meanders and eddy formation events
along its path (Peterson and Stramma 1991).
A general description (dos Santos et al. 2015) of the vertical structure of the current system is usually split into three
layers (e.g., Stramma and England 1999):
1. The BC dominates the upper layers flowing poleward
over the continental shelf break transporting Tropical
Water (TW) and South Atlantic Central Water (SACW).
In most of the Santos Basin, the BC occupies the upper
500-m layer and represents a strong baroclinic component
of the circulation (Campos et al. 1995; Silveira et al.
2004).
2. The Intermediate Western Boundary Current (IWBC) is
another important component of the circulation that results in an important region of shear in conjunction with
the BC. The IWBC originates at the Santos Bifurcation

around 27° S and transports Antarctic Intermediate Water
(AIW) northward, below the BC flow and down to approximately 1300 m (Boebel et al. 1997; Legeais et al.
2013).
3. Another current inversion occurs toward the bottom
layers, where the Deep Western Boundary Current
(DWBC) transports the North Atlantic Deep Water
(NADW) southward (Fig. 2).

An important oceanographic feature in the region is the
Cabo Frio Eddy (CFE), a transient cyclonic coherent structure
with approximately 100-km diameter frequently observed in
the northern part of Santos Basin. Due to the abrupt change in
the orientation of the Brazilian coastline, the BC detaches
from the shelf break and flows toward deeper waters, increasing potential vorticity and causing the current system to meander (Campos et al. 1995, 1996). Such features, related to
intense mesoscale activity, represent a challenge to ocean forecasting since its space-time variability adds a higher degree of
complexity to local circulation, which can contribute to lower
forecast skill. Therefore, the use of data assimilation is essential to ocean analysis and forecasting in this region and this
paper describes the application and results of an incremental
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time through the discretized nonlinear ocean model and is
subject to surface boundary conditions (denoted f(ti)), for momentum, heat and freshwater fluxes, and lateral open boundary conditions (denoted b(ti)). A complete description of
ROMS and the extensive set of numerical algorithms available can be found in Shchepetkin and McWilliams (2005).
2.1.2 ROMS I4D-Var

Fig. 2 Schematic representation of the Santos Basin dynamics (adapted
from dos Santos et al. 2015)

strong constraint 4D-variational (I4D-Var) data assimilation
(DA) system successfully applied to a regional ocean observing system in the southeastern Brazilian coast. This study
focus on the improvement to model skill brought by the DA
system and does not dwell in detail on forecast skill
assessment.
It is the first time such assimilation system is applied to a
regional ocean model in Brazil, an effort that helps building a
reliable set of model results, in which many poor understood
ocean features may be studied. Therefore, this work could
bring important contribution for the oceanographic community interested in this region. It is also a major step for building
an ocean forecasting system in a region where great offshore
activity takes place, bringing benefit also to the local industry.

2 Experimental setup
2.1 Modeling system
2.1.1 Forward model
Our model is based on the Regional Ocean Modeling System
(ROMS), a free-surface, terrain-following, primitive equation
ocean model, which is advantageous for regional applications
(Shchepetkin and McWilliams 2005; Haidvogel et al. 2008).
The ROMS prognostic variables are potential temperature
(T), salinity (S), horizontal velocity (u, v), and sea surface
displacement (ζ). When the primitive equations are
discretized and arranged in a ROMS grid, the individual grid
point values at the time ti define the components of a state
vector x(ti) = (T, S, ζ, u, v)T where superscript T denotes the
vector transpose. The state vector is propagated forward in

The application of ROMS 4D-Var includes the nonlinear forward model (NLROMS), the tangent linear model
(TLROMS) and its adjoint (ADROMS) (Moore et al. 2004).
The ROMS 4D-Var data assimilation system has already been
evaluated in several studies (Di Lorenzo et al. 2007; Powell
et al. 2008; Powell and Moore 2009; Broquet et al. 2009a, b;
Broquet et al. 2011; Matthews et al. 2011). All ROMS 4D-Var
data assimilation algorithms are based on the state vector
(x(ti)), surface forcings (f(ti)), and open boundary conditions
(b(ti)) from a reference prior solution, also known as background (or first guess). The main objective of the 4D-Var
approach is to identify the best circulation estimate or
posterior analysis (xa(t)), which minimizes the difference
between the model prior and observations, subject to prior
hypotheses about errors and additional constraints (Moore
et al. 2011a). The solution of x(ti) that describes xa, will depend on the choice of x(t0), f(t) and b(t), all of which are
subject to errors and uncertainties. In 4D-Var scheme, x(t0),
f(t) and b(t) are referred as control variables and define the
control vector z = (x(t0)T, f(t)T, b(t)T)T and the vector with prior
control variables is denoted by zb = (xb(t0)T, fb(t)T, bb(t)T)T.
4D-Var seeks to identify the appropriate combination of control variables that provide the best estimate xa(t) over a time
interval. The solution of xa(t) is derived via the minimization
of a nonlinear cost function (JNL) given by the following:
J NL ¼

1
ðz−zb ÞT D−1 ðz−zb Þ
2
1
þ ðy0 −H ðzÞÞT R−1 ðy0 −H ðzÞÞ
2

ð1Þ

where z and zb are the vectors of control variables and prior
control variables, respectively; H is nonlinear observation operator that maps the state vector to the observation points,
which in 4D-Var includes NLROMS; y0 is the vector of observations; D is the model prior error covariance matrix; and
R is the observation error covariance matrix.
The cost function in Eq. 1 is minimized iteratively starting
from the prior zb and seeks a sequence of new z iterates that
returns smaller values of JNL. The minimum JNL corresponds
to za, the desired posterior estimate of z, and maximizes the
conditional probability P(z|y0) denoted formally by the Bayes’
theorem expression P(z|y0) = P(y0|z)P(z)/P(y0), where z (control variables) and y0 (vector of observations) are treated as
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random variables. Since the observational operator H is nonlinear, JNL will be nonquadratic and may possess multiple
minima, so a truncated Gauss-Newton method is typically
used to minimize JNL, which involves the solution of a sequence of linear minimization problems via so-called inner
loops and outer loops.
The method adopted in ROMS is the I4D-Var developed by
Courtier et al. (1994). The incremental approach assumes that
each estimate of zk is a small departureδz from the prior, so
k−1

zk ¼ zb þ ∑t¼1 δzk−1

ð2Þ

where k denotes the kth outer loop iterate, and δzk − 1 are the
increments from all previous outer loops given by
δzk − 1 = (δxk − 1(t0)T, δfk − 1(t)T, δbk − 1(t)T)T, where δxk − 1,
δfk − 1, and δbk − 1 are the increments in the initial conditions,
surface forcing, and open boundary conditions, respectively.
The incremental approach to 4D-Var leads to a sequence of
linear minimization problems in which the incremental form
of cost function Jk is minimized instead, and given by the
following:
Jk ¼

1 T −1
δz D δzk
2 k
1
þ ðd k−1 −G k−1 δzk ÞT R−1 ðd k−1 −G k−1 δzk Þ
2

ð3Þ

where the increments of the control vector are given by δzk
and G is the tangent linear observation operator. The vector

Fig. 3 The Project Azul
observing system dataset. Drifter
trajectories (gray lines), floats
CTD profiles (gray triangles),
and glider dive positions (black
dots) from March 2013 to
March 2014

dk − 1 = y0 − H(xk − 1) is the innovation vector where H(xk − 1) is
x from the previous outer loop evaluated at the observations
points using the observation operator H. Each δzk − 1 corresponds to the minimization of Jk where G is linearized about
zk − 1 and is identified by a sequence of inner loop iterations.
The outer loops are the updates of the nonlinear model circulation about which TLROMS and ADROMS are linearized.
2.2 The observations
Assimilated observations include the following: 1-day sea surface temperature (SST) 0.1° resolution gridded composites of
the Advanced Very High Resolution Radiometer (AVHRR)
from the Polar Operational Environmental Satellites (POES)
project (AVISO 1996); sea surface height (SSH) 1-day
gridded composite of the mean dynamic topography (MDT)
with 0.3° resolution, masked between the coast and 200 m
isobath; hydrographic data (temperature and salinity) from
the UK Met Office EN3 project dataset (Ingleby and
Huddleston 2007) and the Project Azul Observing System
(dos Santos et al. 2015), the latter including gliders and profiling floats as shown on Fig. 3 that also shows drifter trajectories, not assimilated, but used as independent data for
comparison.
Observation errors were treated as uncorrelated in space
and time (Moore et al. 2011b). The elements of the observation error covariance matrix (R) are derived from several
sources of errors such as instrument error, misrepresentation
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associated with processes not resolved or absent from the
model physics, interpolation errors, and representativeness error. The latter is a measure of the uncertainty of the ability of a
single observation to describe the circulation in a single model
grid (i.e., it is grid size dependent). Since errors associated
with model resolution and physics are difficult to quantify,
the specification of observation errors (especially in a new
region, where reference values are not yet published) is a
complex task, subjective to user experience and sensitivity
tests. Prescribed observation errors should represent the extent
to which the DA system can fit the data (Zhang et al. 2010).
In literature, the use of an observation error of 2 cm, 0.4 °C,
and 0.1 °C is commonly used for SSH, SST, and in situ temperature, respectively, while for salinity, the value is distributed in a range between 0.002 and 0.4 (Broquet et al. 2009a, b;
Zhang et al. 2010; Broquet et al. 2011; Arango et al. 2011;
Moore et al. 2012; Janeković et al. 2013; Chen et al. 2014).
Mostly based on the literature, in this study, an observation
error of 2 cm for SSH measurements was chosen, as it is the
usual precision associated with altimetric measurements
(Broquet et al. 2009a, b) and 0.4 °C was chosen for SST
measurements. For hydrographic data, an error of 0.1 °C and
0.05 is prescribed for temperature and salinity, respectively.
2.3 Model setup
2.3.1 Forward model setup
The ROMS configuration used for the Santos Basin region
covers the domain from 49° W to 30° W and from 15° S to
30° S (Fig. 1) with a horizontal grid resolution of 1/12° and 40
vertical levels. The numerical grid presents 306 × 181 grid
cells with three open boundaries in the model domain: northern, southern, and eastern boundaries, while the western is
bounded by the coast. The model is configured to conserve
volume with a free-surface condition (Chapman 1985), a condition for the 2D momentum (Flather 1976), and radiation

Fig. 4 Schematic illustration of
4D-Var analysis cycles for the 1year experiment. The prior initial
conditions (xb) are taken from the
best circulation estimate at the end
of the previous cycle (xa); the
prior surface forcing (fb) is the
NCEP-GFS atmospheric data;
and the prior boundary conditions
(bb) are provided by MyOcean

boundary condition with nudging for the 3D momentum and
tracers (Marchesiello et al. 2001), with nudging timescales of
1 and 30 days for the inflow and outflow, respectively.
The model initial and boundary conditions were obtained
from the global model results of the MyOcean analysis
(Global Ocean 1/12° Physics Analysis and Forecast updated
daily), starting on 1 January 2013. The results from this system are released over a scale time of 1 day with 1/12° grid
spacing and correspond to daily averages for temperature,
salinity, SSH, and velocity fields (Lellouche and Regnier
2015). Atmospheric forcing fields were obtained from the
National Centers for Environmental Predictions (NCEP)
Reanalysis 2 dataset (Kanamitsu et al. 2002). The
nonassimilative run was integrated for 15 months and was
used as a hindcast reference for comparison with the data
assimilation experiments, and to obtain parameters for the
background error covariance matrix (D).
2.3.2 I4D-Var setup
The I4D-Var system (primal formulation, performed in the full
space of the control vector) subject to the strong constraint
was run sequentially from 1 March 2013 to 1 March 2014
using an assimilation window (cycle) of 7 days with adjustments in the initial conditions, boundary conditions, and surface forcing—comprising 52 cycles. For each assimilation
window (except for the first window where the initial condition is given by MyOcean), the prior initial condition xb is
derived from posterior circulation estimate xa at the end of the
previous window .The prior surface forcing (fb) is the NCEPR2 atmospheric data, and the prior boundary conditions (bb)
are provided by MyOcean (Fig. 4).
In addition, for the incremental strong constraint 4D-Var,
model prior error covariance matrix (D) is required for x(t0),
f(t), and b(t). A proper definition of the prior error covariance
D matrix is a critical component of the data assimilation system since it determines the way the observational information

Author's personal copy
Ocean Dynamics

is propagated to nonobservational variables. The D matrix is
expressed as a block diagonal, factorized by a diagonal matrix
of standard deviations, a univariate correlation matrix and a
multivariate dynamical balance operator, Σ, Z, and Kb, respectively. The Z matrix is modeled as the solution of a
pseudo-heat diffusion equation, where the decorrelation
length scale is approximately the natural decorrelation length
scale of the related variable.
The decorrelation length scale controls aspects of the extrapolation of sparse data, thus must be related to the natural
decorrelation length scale of the related variable and to the
spacing of the platforms in the observing system (Broquet
et al. 2009a, b). If the decorrelation lengths are large, the
influence of each observation will be spread over a large distance, and if the regions of influence of each datum significantly overlap with each other this will reduce the independence of all the observations, in the other hand, if the
decorrelation lengths of Z are short, the independence of the
observations will increase (Moore et al. 2011a, b).
In our experiment, estimates of the decorrelation length
scales for Z were a compromise between (i) the results of a
semi-variogram analysis over the nonassimilative run (e.g.,
Matthews et al. 2011), (ii) the length scales of the main dynamic features of the studied region (Silveira 2007), and (iii)
the model resolution. However, we also used some level of
subjective adjustment of the decorrelation lengths to optimize
the performance of 4D-Var. This analysis led to the choice of
100-km horizontal decorrelation length scale for sea surface
height, temperature, and salinity, and for all surface forcing
variables and a 60 km for momentum. In the vertical, a 100-m
decorrelation scale was chosen for all variables. These values
are comparable to those used in other regions of the world
ocean (Moore et al. 2011b; Broquet et al. 2009a, b; Chen
et al. 2014).
In ROMS 4D-Var system, the prescribed prior standard
deviations (Σ) may vary in time and along model 3D domain.
Thus, monthly error standard deviation for the initial and
boundary conditions were calculated from the run without
data assimilation (FREE12) and reflects the assumption that
corrections to the control variables should not exceed the magnitude of typical variability. The same was done to obtain the
error standard deviation for surface forcings, but using NCEP
R2 dataset. The use of monthly varying standard deviations
matrices accounts for the typical variability of each month
adding a time varying complexity for the background error
covariance matrix. Typical (mode) values for the prior error
standard deviation are presented in Table 1.
The numbers of outer loops and inner loops were fixed to
yield a good estimate of the minimum of J, and it is a trade-off
between the computational cost of 4D-Var and the level of
convergence achieved by the minimization algorithm. The
following experiments were performed using ten inner loops
and two outer loops (Fig. 5). A series of sensitivity tests with

Table 1 Typical values (mode) of the prior error standard deviation
matrix of each initial and boundary conditions and surface forcing
variables
Initial and boundary

STD mode

Surface forcing

STD mode

Salt

0.03 ± 3e−3

ssflux(m s−1)

Temperature (°C)
u (m s−1)
v (m s−1)
ubar (m s−1)
vbar (m s−1)

0.17 ± 2e−2
0.03 ± 7e−4
0.03 ± 5e−4
0.02 ± 8e−4
0.02 ± 8e−4

shflux (W m−2)
svstr (N m−2)
sustr (N m−2)

1.81e-6 ± 2e−7
48.50 ± 2
0.01 ± 4e−3
0.01 ± 5e−3

zeta (m)

0.01 ± 8e−2

different numbers of outer loops and inner loops (not shown)
indicate that this is a practical and effective combination in
terms of system performance and affordability.
2.3.3 Experimental methodology
The forward model run without data assimilation will be
referred to as FREE12, the DA model run prior estimates
as FWD12 and the best estimates of the model run with
I4D-Var data assimilation as DA12. FREE12 is used as a
benchmark model run to which FWD12, and DA12 is compared to assess the improvement in the fit to observed data
(independent and assimilated) due to the assimilation of
the observation datasets. FWD12 represents a 7-day forecast initialized by the best circulation estimate of the last
DA cycle, and DA12 is the best circulation estimate obtained after each DA cycle.

3 Results
3.1 I4D-Var System Performance
Since data assimilation can be viewed as the identification of a
control vector z (initial condition x(t0), boundary condition
b(t), and surface forcing f(t)) that minimizes the cost or
penalty function (J) and thus maximizes the conditional probability. The performance of this system was assessed by monitoring J during each assimilation cycle (a total of 52 cycles)
and iterations within each cycle. Figure 5a shows the time
series of the prior and posterior cost function over each assimilation cycle. It can be noted that the posterior cost function is
always smaller than the prior, indicating that the minimization
algorithm is behaving correctly. Also shown are the values of
the nonlinear cost function (JNL). At each cycle, the nonlinear
cost function is close to the posterior cost function, indicating
that the tangent linear assumption of the incremental approach
is generally valid.
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Fig. 5 Prior, posterior, and nonlinear cost function (log10) at all 52
assimilation cycles (a) and normalized cost function (b) at each
iteration of all the 52 cycles (20 iterations—2 outer loops time 10 inner

loops). The normalization is achieved through dividing the cost functions
by their values at the beginning of each DA cycle. The vertical dashed
curve indicates the outer loop

Figure 5b shows the normalized cost function, where each
curve is normalized by the value at the beginning of the cycle
(i.e., all values started with value 1). We can see that the cost
function decreases with each iteration of the inner loop and
increases at the beginning of the next outer loop. This occurs
because the new nonlinear model trajectory changes the background state about which the TLROMS approximation is expanded and the previous inner loop solution is not the optimal
anymore. The cycles show between 48 and 73 % of reduction
in the cost function after 20 iterations (two outer loops times
ten inner-loops). All cycles started the second outer loop with
smaller values compared to the first outer loop, except for the
cycle 38 that shows higher value (1.1). As the minimization
proceeds, the choice of the number of outer and inner loops
seems to be satisfactory, with decreasing values after each
iteration, indicating that the incremental method is
converging.

where n is the number of observations, ym is the simulated
variable and yo is the observed variable, ym is the simulated
variable mean and yo is the observed variable mean, σ is the
standard deviation from
the model (σm) or observation (σo)
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 n
and is given by σ ¼ n ∑i¼1 ðyi −yÞ2, and eo is the observation
error. The indexes εb, RMSE reflect the discrepancy between
model and observation while MDC corresponds to the correlation between the model and the data. The JFIT accounts for
the model error fit within the prescribed observation errors
(i.e., a JFIT of 1 indicates that the model error is at the same
magnitude of prescribed observation error). Error bias provides specific information on whether the model overestimates or underestimates the observed variables while RMSE
provides a clear view of the magnitude of the error making it
suitable to compare different models.

3.2.1 Vertical profile bias and RMSE assessment
3.2 Model skill assessment
In this section, several error analyses are presented in order to
assess the improvement on the fit of the FWD12 and DA12
results to the observational data—assimilated and independent—in comparison to the FREE12. The metrics used were
the error bias (εb), the root mean squared error (RMSE), the
observation fit (JFIT) (Ngodock et al. 2015), and the correlation between the model and the data (model data correlation
(MDC)):
1 n  m o
y −y
∑
n i¼1 i i
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 n  m o 2
y −y
∑
RMSE ¼
n i¼1 i i


o
1 n  ym
i −yi 
J FIT ¼ ∑i¼1  o 
ei
n
εb ¼

M DC ¼



n 
1
m
o
m
o
∑
y
−y
−y
y
i
nσm σo i¼1 i

ð4Þ
ð5Þ
ð6Þ

ð7Þ

For each of the 3005 hydrographic profiles assimilated, the
RMSE and error bias were computed for profiles of temperature and salinity from DA12 (black line), FWD12 (gray
dashed line), and FREE12 (gray line) (Fig. 6). The analyses
indicate a significant reduction of the RMSE throughout the
water column, most noticeably in the vicinity of the thermocline, for both FWD12 and DA12. These results can be expected since the thermocline and halocline regions present
high temporal and spatial variability. The vertical temperature
structure of FREE12 is overestimated at the surface and
underestimated from ∼100 to ∼800 m. Data assimilation reduced this bias, although introducing a small positive bias at
∼100 m.
For temperature, the maximum error bias observed is −1 °C
for FREE12 and 0.4 °C for DA12 and the maximum RMSE is
2.4 and 1.2 °C for FREE12 and DA12, respectively. For the
salinity, the maximum error bias is −0.18 for FREE12 and
−0.15 for DA12 and the maximum RMSE is 0.4 for
FREE12 and 0.3 for DA12. The order of magnitude of the
RMSE and error bias for both runs, and the reduction obtained
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2014), we note that R and D parameterization could also play
a role.
Although more experiments with different R and D parameterization could be done to address this hypothesis, these
results could be of importance as a reference basis for future
similar studies with 4D-Var data assimilation.
3.2.2 Vertical section error bias and RMSE

Fig. 6 Vertical profiles of the RMSE (a) and error bias (b) between
model and assimilated temperature from hydrographic in situ data.
Vertical profiles of the RMSE (c) and error bias (d) between model and
assimilated salinity from hydrographic in situ data. Black line represents
DA12, dashed gray line represents FWD12, and the gray solid line
represents FREE12

in the temperature and salinity RMSE and error bias, are in
line with other similar studies (Zavala-Garay et al. 2012; Chen
et al. 2014; Broquet et al. 2009a, b).
It can be noted that the improvement in the temperature
vertical structure was more significant than in the salinity.
This may be related to the prior and observation error covariance matrix (D and R) parameterization. The error used for
salinity was 0.05, which represents approximately 1.6 % of
the variability amplitude (∼3), while the error for temperature
(0.1 °C) represents ∼0.7 % of the variability amplitude
(∼15 °C). Chen et al. (2014), who report the same issue regarding the salinity correction, used an even higher value for
salinity observation error (0.1), while Broquet et al. (2009a, b)
used 0.01 for the salinity observation error and did not find
this issue. Although the difference in the amount of salinity
and temperature data can be an important factor (Chen et al.

Within the period of the data assimilation experiment, sea
gliders from Project Azul gathered 26 transects in which the
sea gliders remained within 30 km of the desired path—the socalled Maricá transect (Fig. 1). One transect was completed by
the sea glider in approximately 5 days, which guarantees the
synopticity of the vertical section. Error bias (Eq. 4) and
RMSE (Eq. 5) based on these 26 transects and were computed
in order to analyze the improvement in the vertical structure
due to the I4D-Var assimilation process.
Figures 7 and 8 exemplify such a comparison. Figure 7
shows glider and model (FREE12 and DA12) temperature
(Fig. 7a–c) and salinity (Fig. 7d–f) vertical sections obtained
from 1 to 6 March 2013. It can be noted that the isotherm and
isohaline position misfit was reduced considerably in the case
of DA12. Improvements in the baroclinic structure potentially
improve the BC-IWBC volume transport representation since
the velocity field is 75–80 % baroclinic (Silveira et al. 2004).
Figure 8 illustrates the temperature and salinity error bias of
the model (DA112 and FREE12) relative to the sea glider
section. It can be noted that the largest bias is concentrated
at the depth of the main thermocline, between 50- and 200-m
depth. For both variables, the FREE12 positive bias over the
continental slope and the negative bias at the thermocline region over the deep ocean basin were significantly reduced at
the DA12 model results.
The temperature and salinity RMSE obtained for each of
the 26 sections were spatially integrated and the average results are presented at Table 2. Also presented is the 90th percentile of the integrated RMSE. 4D-Var leads to an average
improvement in RMSE of 30.2 % for temperature and 15.8 %
for salinity.
3.2.3 Surface circulation assessment
In order to assess how data assimilation has reduced the misfit
between the model and observations at the surface, comparisons with SST, SSH, and drifter observations were made. The
SSH was taken from the AVISO, also used in the assimilation,
and SST was taken from an independent database, the Multiscale Ultra-high Resolution Sea Surface Temperature (TSMMUR). The product is a L4 1–2-km resolution which uses
eight satellite image interpolations from different sensors
(Chin et al. 2010).
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Fig. 7 Vertical sections of
temperature gathered from 1 to 6
March 2013, by sea gliders during
Project Azul (a), FREE12 (b),
and DA12 (c). Also shown are
vertical sections of salinity from
the same period (d), FREE12 (e),
and DA12 (f)

Fig. 8 Temperature error bias between FREE12 and sea glider section (a) and between DA12 and sea glider section (c). At right, salinity error bias
between FREE12 and sea glider section (b) and between DA12 and sea glider section (d)
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Table 2 Temperature and salinity RMSE for the model based on the in
situ glider observations integrated in the analyzed vertical section
RMSE

90th percentile

FREE12

DA12

FREE12

DA12

T (°C)

0.96

0.67

1.51

0.91

S

0.19

0.16

0.29

0.23

Results are averaged values for 26 vertical sections. The 90th percentile of
the 26 vertical sections RMSE is also presented

Drifters from the Project Azul observing system were used
to examine both velocity and SST. It is important to note that
this is an independent dataset and that velocity was not an
assimilated variable, representing a crucial comparison when
analyzing data assimilation experiments.
To examine geographical variations in the impact of 4DVar on the circulation, SST and SSH comparisons were divided in three areas (R1, R2, and R3) included in a subregion
corresponding to Santos Basin region. This division was defined to gather information on the impact of data assimilation
over dynamically distinct environments. R1 spans the continental shelf domain and is restricted from the coastline to the
200-m isobaths. R2 comprises the deep ocean area. R3 is the

Fig. 9 Time series of SST average bias (left column—a, c, e ) and SST
RMSE (right column—b, d, f) between model (FREE12 is the solid gray
line, DA12 is the black line, and FWD12 is the dashed gray line) and

general area of the subset located between 21° S–29° S and
37° W–50° W (Fig. 1). Since SSH was not assimilated where
the depth was less than 200 m, the comparison for this variable
was only made for subregions R2 and R3.
Time series of the spatially integrated error bias and RMSE
based on differences between the observations and the model
(FREE12, FWD12, and DA12) were computed at R1, R2, and
R3 for SST (Fig. 9) and at R2 and R3 for SSH (Fig. 10).
For SST, the error bias at R1 for FREE12 exhibits a seasonal variation with strong negative bias during summer/
spring and a small positive bias at winter, both reduced in
FWD12 and DA12. The negative bias in FREE12 is most
likely related to the seasonal upwelling that occurs during
spring/summer and is subsampled by satellite SST. At R2
and R3, RMSE is generally smaller than at R1 and the
intraannual variation is also present at the FREE12 error bias
with positive values during winter. Seasonal variations are not
present in the FWD12 and DA12 error bias. The assimilation
had a more effective result at R2 due to the larger number of
observation. RMSE was reduced significantly for R1
(64.48 %), R2 (53.41 %), and R3 (57.08 %).
For SSH, in the R2 subdomain the FREE12 SSH is
underestimated during autumn, overestimated during summer/spring, and exhibits smaller bias during winter. DA12

MUR SST for the three analysis subdomains, R1 (top—a, b), R2
(center—c, d), and R3 (bottom—e, f)
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Fig. 10 Time series of SSH average bias (left column—a, c) and SSH RMSE (right column—b, d) between model (FREE12 is the solid gray line, DA12
is the black line, and FWD12 is the dashed gray line) and AVISO SSH for the two analysis subdomains, R2 (top—a, b) and R3 (bottom—c, d)

does not show seasonal variation for R2 and R3 subregions.
Even though presenting significant improvement in the SSH
RMSE for R2 and R3, FWD12 presents less agreement to
DA12 than at SST analysis. Considering FREE12 and
DA12, RMSE was reduced 13.75 % at R2 and 21.47 % at R3.
The improvements of the DA system on surface fields can
also be observed through the JFIT metric (Eq. 6) presented in
Fig. 11a, b. This index shows how model results fit to the
observation errors used in the assimilation process and were
obtained considering the entire model domain and SST and
SSH assimilated datasets.
The fit of SST and SSH was clearly improved after each
assimilation window and the model ability to retain the assimilation correction is also shown as the FWD12 solution presented a better fit to the observations than the FREE12
(Table 3).
Both SST and SSH presented JFIT from approximately 1.0
for DA12 and 1.5 for FWD12, while for the FREE12, the
minimum JFIT observed was approximately 2.2 and 2.3 for
SST and SSH, respectively. In general, the assimilation fits the
observations considering surface fields within observation error during the most part of integration time. In addition, good

correlation indexes were observed mainly between observations and DA12 results for SST (average MDC = 0.91, ranging
from 0.68 to 0.96) and SSH (0.88, from 0.49 to 0.97).
A set of 28 drifters deployed during the experiment time
span was used to assess the impact of the assimilation on the
surface velocities. SST, zonal (U), and meridional (V) currents
were taken from drifters’ trajectories and from the model at
each grid point and corresponding time along the drifter path.
Although the data used have a Lagrangian nature, here, it is
used an Eulerian approach in which pairwise model-drifter
velocity components are compared directly.
Lagrangian analysis (i.e., drifter separation distance or trajectory prediction) was not used since the focus of this study is
the reduction of the misfit between the model and observations due 4D-Var.
The drifters deployed were Surface Velocity Program–
World Circulation Experiment (SVP-WOCE) type
(Sybrandy and Niiler 1991), and spurious data were eliminated following the forward and backward procedures described
in Hansen and Poulin (1996).
In order to remove high-frequency and small-scale processes not solved by the model from the drifters data, a Blackman

Fig. 11 Jfit between free-run, background and analysis and a SST from OSTIA and b SSH from AVISO for the entire domain
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Table 3 Averaged misfit and
correlation indices computed for
the entire domain, for SST and
SSH; JFIT (MDC)

FREE12

FWD12

SST

SSH

SST

SSH

SST

SSH

3.53 (0.74)

2.76 (0.55)

1.36 (0.83)

1.63 (0.81)

1.03 (0.88)

1.01 (0.91)

low-pass filter was applied with a 45-h window as performed
in Berti et al. (2011), who applied the same filter for SVP’s in
this region.
Since velocity observations are not assimilated in this
DA experiment, changes and improvements in the
representation of the velocity field are due to the other
assimilated variables. Also, as Broquet et al. (2009a, b)
highlight, differences between the model and independent
observations demonstrates a sensible extrapolation by the
model dynamics of the information from observed regions
to remote portions of circulation.
As an example of the velocity correction in DA12, a drifter
that followed the path of the BC as it meanders through the
Santos Basin was chosen. A typical drifter trajectory is shown
in Fig. 12.
The U and V time series taken from this trajectory and its
DA12 and FREE12 pairwise values are presented in Fig. 13.
Despite FREE12 presents oscillations with compatible

Fig. 12 SVP drifter trajectory
between 6 February 2014
(marked by the dot) and 27
February 2014 (marked by the
cross)

DA12

amplitude, DA12 has adjusted its phase and amplitude showing a clear improvement.
RMSE was computed for each of the 28 trajectories, considering FREE12 and DA12, as summarized in Table 4.
On average, there was a reduction in the RMSE of
12.50, 13.04, and 55.42 % for U, V, and T, respectively.
The 90th percentile of the RMSE also presents smaller
values in DA12.
Compared to the other variables that are directly assimilated in the DA system, the reduction of the RMSE of velocity is
smaller but still significant. Probably, if the drifters’ dataset
was also assimilated, RMSE reduction in the velocity would
be greater. This issue will be investigated in future works.
3.3 Representation of regional mesoscale features
The Cabo Frio Eddy (CFE), a transient cyclonic coherent
structure with approximately 100-km diameter, is an

Author's personal copy
Ocean Dynamics
Fig. 13 Time series of U, V
(drifter data is the black line,
DA12 is the gray line, and
FREE12 is the dashed gray line)

important oceanographic feature that is frequently observed in
the northern part of Santos Basin. Its formation and dynamic
evolution are linked to the abrupt change in the orientation of
the Brazilian coastline and to specific instability conditions in
the baroclinic BC-IWBC layer (Campos et al. 1996;
Silveira et al. 2008). The hydrographic sections from the
Project Azul glider and drifter deployments were designed
to monitor the meander region of the BC and formation of
the CFE.
Zavala-Garay et al. (2012) showed that assimilation of only
surface information results in poor estimates of the true subsurface ocean state, and dos Santos et al. (2015) showed two
examples of how the CFE can be misrepresented by global
ocean models that assimilate only satellite data at the region.
Thus, here is presented an analysis aiming to assess whether
assimilating data from Project Azul observing system with
I4D-Var can improve the representation of the CFE.
Remote sensing data and drifter trajectories from the
Project Azul observing system were used to track the occurrence of this oceanographic feature during the data assimilation period. Since the drifters are independent data, two events

Table 4
drifters

Zonal and meridional currents averaged RMSE for the 28
RMSE

Variable
U (m s−1)
V (m s−1)
T (°C)

FREE12
0.24
0.23
1.78

90th percentile RMSE
AZ12
0.21
0.20
0.79

FREE12
0.31
0.35
3.00

The 90th percentile of the 28 drifters’ RMSE is also presented

AZ12
0.25
0.24
1.14

where drifters were captured by the CFE were chosen for
comparison with model results. The CFE vertical structure
during both events was sampled by sea glider and assimilated
in the DA experiment. As an example, the sea glider hydrographic section at Maricá transect obtained from 7 to 17 May
2013 is shown in Fig. 14. The doming of the isotherms and
isohalines caused by the cyclonic eddy (CFE) is clearly visible
in Fig. 14.
Figure 15 shows the FREE12, FWD12, and DA12 surface
temperature and current field at 14 May 2013 and 26
November 2013, along with the drifter trajectories (black
lines) that indicate the position of the CFE.
The CFE occurred around May 14 was the most defined
and persistent event during the experiment time window, with
strong signature on remote sensing data (SST and SSH). Both
model runs (free run and DA run) were able to reproduce the
CFE presence, with a cold subsidence core with cyclonic
movement signature (Fig. 15). Additionally, the cyclonic flux
was also identified along the water column in eddy’s cross
section (Fig. 16). However, in FREE12 eddy signatures on
surface and in the water column are displaced by at least
70 km.
The DA run prior estimates (FWD12) presents an intermediate state between FREE12 and DA12 (Fig. 15),
with stronger surface temperature signature and smaller
position mismatch (<50 km), meaning that the system
forecast ability is also improved and that the model is able
to retain the data assimilation correction. Finally, in the
best circulation estimate of the DA run (DA12), the CFE
is very well represented, both in surface and in-depth signatures, attesting the system ability on improving the representation of the CFE due to surface and hydrographic
data assimilation.
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Fig. 14 Vertical cross sections of temperature (left) and salinity (right) obtained by a sea glider from project Azul at Maricá Section from 7 to 17 May
2013

Even though the Nov 26 CFE event—a shorter-term event
with weaker SST and SSH signatures—could not be
reproduced by the free run model, it is correctly represented
by the DA experiment, both on the prior and best circulation
estimates (FWD12 and DA12, respectively).
Based on a reliable representation of such a complex
mesoscale feature—normally not well represented on global ocean models—the complete assessment of the evolution of these two CFE events would be of great value for
the oceanographic community and should be the subject of
future studies.

4 Conclusion
Within the scope of Project Azul, an ocean data assimilation
system was designed to allow accurate representation and
forecasting of the challenging mesoscale oceanographic features of the Santos Basin, by combining the data collected by
the project observing system, including gliders, profilers, and
remote sensing data with a numerical ocean model for the
region.
This paper presents a successful application of I4D-Var
data assimilation within the South Brazil Bight, producing a

Fig. 15 Surface current field overlaid on temperature contours for 14 May (upper) and 26 November 2013 (lower) and drifter trajectories for the same
period (black lines). Left plots are from FREE12 model run, middle plots are from FWD12, and right plots are from the DA12 run
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Fig. 16 Cabo Frio Eddy cross section of the velocity meridional component. Left plot is the FREE12 result, and right plot is the DA12 result

1-year sequence of weekly circulation analyses. The experiment spans the period from 1 March 2013 to 1 March 2014
using multiple 1-week sequential assimilation windows
(52 cycles). Assimilated data includes SST from POES
AVHRR, SSH from AVISO, hydrographic stations from UK
Met-Office EN3 dataset, and from Project Azul Observing
System.
The results presented demonstrate a clear improvement in
the skill of ocean circulation analyses for the South Brazil
Bight, as assessed through comparisons with assimilated and
independent data. Comparisons comprise the following: temperature and salinity RMSE and error bias of vertical profiles
and glider transects, RMSE and error bias for SSH and SST,
and temperature and velocity RMSE obtained from independent Lagrangian drifters.
The main findings of these comparisons can be summarized as follows:
&
&

&

&

Regarding the T and S profile comparison, DA12 reduced
the RMSE over the whole water column but most noticeably within the thermocline by a factor of ∼2.
The comparisons with vertical sections from gliders reveal
significant improvements in the baroclinic structure of the
circulation, leading to potential improvements in the representation of the CB-IWBC volume transport. This will
be the subject of a future study. The averaged, spatially
integrated RMSE for all vertical sections represents an
improvement of 30.2 % for temperature and 15.8 % for
salinity.
SST RMSE improved 64.5 % over the continental shelf
(region R1), 53.4 % within region R2, and 57.1 % in the
region R3. Similarly, SSH RMSE improved by 13.75 % at
within R2 and by 21.5 % in R3.
A comparison with independent drifter velocities and temperatures showed a reduction of the RMSE in DA12 for U
(12 %), V (13 %), and T (55 %) compared to FREE12.

Data assimilation was also shown to improve the representation of the CFE during two events in 2013. By assimilating
glider profiles and remote sensing data, DA12 successfully

captured the position of the CFE. The correct representation
of this challenging oceanographic mesoscale feature, especially in the context of operational oceanography in an important
oil and gas production area, represents an important proof of
concept for Project Azul.
It is the first time an I4D-Var data assimilation system is
applied to a regional ocean model in Brazil, an effort that helps
building a reliable set of model results and represents an important step toward ocean forecasting system for South Brazil
Bight area. Therefore, this work can bring important contributions for the oceanographic community as well as for the local
industry.
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