
remote sensing  

Article

Ocean Currents Reconstruction from a Combination of
Altimeter and Ocean Colour Data: A Feasibility Study

Daniele Ciani 1,* , Elodie Charles 2, Bruno Buongiorno Nardelli 3 , Marie-Hélène Rio 4 and Rosalia Santoleri 1

����������
�������

Citation: Ciani, D.; Charles, E.;

Buongiorno Nardelli, B.; Rio, M.-H.;

Santoleri, R. Ocean Currents

Reconstruction from a Combination

of Altimeter and Ocean Colour Data:

A Feasibility Study. Remote Sens. 2021,

13, 2389. https://doi.org/10.3390/

rs13122389

Academic Editor: Sergey Stanichny

Received: 14 May 2021

Accepted: 14 June 2021

Published: 18 June 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Consiglio Nazionale delle Ricerche, Istituto di Scienze Marine (CNR-ISMAR), 00133 Rome, Italy;
rosalia.santoleri@cnr.it

2 Collecte Localisation Satellites (CLS), 31520 Ramonville St-Agne, France; echarles@groupcls.com
3 Consiglio Nazionale delle Ricerche, Istituto di Scienze Marine (CNR-ISMAR), 80133 Naples, Italy;

bruno.buongiornonardelli@cnr.it
4 European Space Agency, European Space Research Institute (ESA-ESRIN), 00044 Frascati, Italy;

marie-helene.rio@esa.int
* Correspondence: daniele.ciani@cnr.it

Abstract: Measuring the ocean surface currents at high spatio-temporal resolutions is crucial for
scientific and socio-economic applications. Since the early 1990s, the synoptic and global-scale
monitoring of the ocean surface currents has been provided by constellations of radar altimeters.
By construction, altimeter constellations provide only the geostrophic component of the marine
surface currents. In addition, given the effective spatial-temporal resolution of the altimeter-derived
products (O (100 km) and O (10 days), respectively), only the largest ocean mesoscale features
can be resolved. In order to enhance the altimeter system capabilities, we propose a synergistic
use of high resolution sea surface Chlorophyll observations (Chl) and altimeter-derived currents’
estimates. The study is focused on the Mediterranean Sea, where the most energetic signals are
found at spatio-temporal scales up to 10 km and a few days. The proposed method allows for
inferring the marine surface currents from the evolution of the Chl field, relying on altimeter-derived
currents as a first-guess estimate. The feasibility of this approach is tested through an Observing
System Simulation Experiment, starting from biogeochemical model outputs distributed by the
European Copernicus Marine Service. Statistical analyses based on the 2017 daily data showed that
our approach can improve the altimeter-derived currents accuracy up to 50%, also enhancing their
effective spatial resolution up to 30 km. Moreover, the retrieved currents exhibit larger temporal
variability than the altimeter estimates over annual to weekly timescales. Our method is mainly
limited to areas/time periods where/when Chl gradients are larger and are modulated by the
marine currents’ advection. Its application is thus more efficient when the surface Chl evolution is
not dominated by the biological activity, mostly occurring in the mid-February to mid-March time
window in the Mediterranean Sea. Preliminary tests on the method applicability to satellite-derived
data are also presented and discussed.

Keywords: ocean currents; altimetry; earth observations synergy; ocean colour

1. Introduction

Global-scale, synoptic, high-resolution and accurate estimates of sea surface variables
are necessary for a better understanding and prediction of a variety of processes occurring
in the Earth system. Observations from individual sensor/platform types, however, gen-
erally provide incomplete information, either due to their non-homogeneous space–time
sampling, to limited spatial-temporal resolution and coverage, and/or to measurement
representativeness issues. The combination of observations of a single (or multiple) envi-
ronmental variable collected by different instruments and platforms is a common technique
in Earth Observation (EO) disciplines to overcome at least some of these limitations.
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Since the 1960s, sensors mounted on board satellite platforms were revealed to be
useful for this purpose. Though providing lower-accuracy measurements compared to the
in situ platforms, satellites enable the observation of large portions of the Earth surface and
atmosphere over daily to sub-daily time scales, depending on the study area and satellite
platform [1]. Nowadays, physical and bio-optical oceanic variables such as, e.g., sea surface
temperature (SST), salinity (SSS), ocean wind stress, significant wave height, sea surface
height (SSH), sea surface roughness, surface chlorophyll concentration (Chl) and total
suspended matter can be obtained from satellite measurements at global scale with weekly
to daily frequency. However, achieving global coverage at high spatial-temporal resolution
still remains a challenge and requires advanced techniques to produce gap-free, high-
resolution analyses based on multiple observations. To this scope, several approaches have
been developed. Some examples are provided below.

Optimal Interpolation (OI) is systematically applied within operational monitoring
services. OI algorithms allow for combining several observations weighting them by their
correlations to the interpolation point and penalizing them through their uncertainties
and cross-correlations. They proved useful in creating gap-free estimates of physical and
biogeochemical ocean variables at the operational level [2–9].

Based on a different statistical analysis tool with respect to OI, DINEOF (Data INter-
polating Empirical Orthogonal Functions) builds an iterative decomposition into empirical
orthogonal functions (the EOF) allowing for filling in missing values in an EO data timeseries
by estimating the dominant patterns of variability from available valid data. This technique
can also be applied to pre-determined, multi-sensor/platform estimates of oceanographic
variables [10,11].

More recently, Artificial Intelligence (AI)-based methods are also emerging as poten-
tially useful techniques for reconstructing physical and biogeochemical oceanic properties,
also combining different observations of the ocean surface [12–14].

Here, we present an EO data fusion technique combining SSH and Chl data, testing
its potential in the satellite-based marine surface currents retrieval. Since the early 1990s,
the space-based monitoring of the sea surface currents has been guaranteed by constella-
tions of radar altimeters. Such instruments are mounted on board polar-orbiting satellites
and enable deriving the geostrophic component of the global sea surface circulation by
observing the ocean surface topography. The altimeter-derived currents are indeed widely
used for large scale ocean circulation studies (e.g., [15]), and the altimetry products are
found to have better performance than data assimilative ocean circulation model outputs
in simulating surface drifter trajectories [16]. However, this observing system has some
intrinsic limitations due to its sampling capabilities and to the assumption of geostrophic
balance needed to estimate surface velocities from sea surface level displacements. Indeed,
the altimeters only provide nadir, along-track measurements, which thus need to be inter-
polated on 2D maps to estimate gradients. Within the Copernicus Marine Environment
Monitoring Service (CMEMS), this is done through an optimal interpolation method that
is able to efficiently account for along-track correlated errors after adjusting inter-sensor
biases [3]. Nevertheless, only the largest mesoscale circulation features can be accurately
resolved with this approach. Nowadays, the highest effective spatial-temporal resolutions
(i.e., that almost fully resolved scales) of the altimetry gridded products attain around
'100 km and '10 days, respectively [3,17–21]. These resolutions are not satisfying for
capturing the variety of processes acting at the ocean surface, whose spatial-temporal
scales span over several orders of magnitude (eventually reaching also a few meters and
hours, [22] and references therein), with drawbacks for several socio-economic applications
in the marine context (e.g., safe navigation, ship routing, and environmental management).

The altimeter-derived currents can be improved via several techniques, e.g., develop-
ing new algorithms for the 2D mapping of the along-track altimeter measurements based
on dynamical assumptions [23,24] or through the blending of altimeter-derived and in situ
measured currents [25].
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Relying on past achievements of Piterbarg [26] (PIT09), some studies took advantage
of satellite-derived ocean surface tracers data to optimize the altimeter-derived geostrophic
currents in both regional and global scale applications [27–31]. The main idea is that re-
motely sensed distributions of ocean tracers (as surface temperature, salinity, or chlorophyll-
a concentration) are linked to ocean currents’ advection, so that improved ocean currents’
estimates can be derived by optimally merging high spatio-temporal tracer image se-
quences with lower resolution altimeter data. Until the present date, the technique has
been extensively used to combine the altimeter-derived geostrophic currents and higher
resolution satellite SST data. Extracting dynamical information from the satellite SST
spatial-temporal derivatives, the altimeter-derived geostrophic currents were improved up
to 35% locally, although some degradations with respect to the altimeter system were ob-
served at high latitudes (larger than ±50◦), mainly because of lower SST product accuracy
in those areas.

In the present study, relying on the same technique initially developed by Rio et
al. [27], we explore the feasibility of using ocean-colour based estimates of the Chl surface
as an alternative surface tracer with respect to the SST. Past and recent studies [32,33]
have indeed shown that ocean colour data can provide valuable information on the ocean
surface circulation, allowing for tracking mesoscale to submesoscale features. In case of
homogeneous SST distributions, ocean colour data can also provide a good alternative
to SST in recognizing and tracking surface-intensified circulation features, as shown by
Liu et al. [34] in the Gulf of Mexico.

Unlike SST, Chl concentration variations in space and time are driven by both biologi-
cal and physical processes (and their eventual interactions, e.g., [35]), which contribute to its
variability over different spatial-temporal scales with respect to the sea temperature. As an
example, phytoplankton growth is clearly modulated by light and nutrient availability
and also limited by grazing, so that combined physical/biological processes may signifi-
cantly affect its concentration in the surface layer (e.g., turbulent mixing, photo-adaptation,
nutrient upwelling, remineralisation).

Here, we run an Observing System Simulation Experiment (OSSE) to test the appli-
cability of the PIT09 method (optimal reconstruction hereinafter) in preparation of the
eventual future applications to satellite-derived data. We rely on the CMEMS physical and
biogeochemical regional forecast models for the Mediterranean Sea (detailed in Section 2).
Based on one year of modelled data (2017), we simulate synthetic altimeter-derived cur-
rents, and we combine them with the surface modelled Chl data. The validity of the
reconstructed currents is evaluated using the CMEMS modelled surface currents as a
validation benchmark. The Mediterranean Sea represents a quite challenging study area,
mostly due to the scales of its circulation features, reaching only a few kilometers in some
cases [36], and to the presence of distinct (and changing) trophic regimes [37,38]. Moreover,
the Mediterranean Area is of interest for several activities directly affected by ocean cur-
rents: it hosts 30% of the global sea-born trade, as well as more than 200 marine protected
areas. Though challenging, this context clearly justifies a dedicated study to improve the
monitoring of the Mediterranean surface circulation patterns. The paper is structured as
follows: in Section 2, we present the materials and methods of our study. Then, we illustrate
the main results of our analyses in Section 3. A discussion of the results is presented in
Section 4, also providing the main conclusions and perspectives.

2. Data and Methods
2.1. Data

The following datasets were used in our study, all covering the year 2017:

1. The CMEMS Mediterranean Sea Physics Analysis and Forecast (PHY) Model
The Mediterranean Forecasting System is a hydrodynamic primitive equations model
for the Mediterranean Basin and the Atlantic Ocean off Gibraltar-Straight [39]. It is
available via the CMEMS web portal (CMEMS Product ID: MEDSEA-ANALYSIS-
FORECAST-PHY-006-013). The model provides daily and hourly fields of horizontal



Remote Sens. 2021, 13, 2389 4 of 22

currents, 3D temperature, salinity and free-surface elevation for the Mediterranean
Area as well as a small region of the Atlantic Ocean in proximity of the Gibraltar
Strait. We collected the daily outputs within the boundaries of the Mediterranean
Basin (30 to 46◦N and −6 to 37◦E), which are provided on a 1/24◦ regular grid and
125 unequally spaced vertical levels. The core of the hydrodynamical model is the
Nucleus for European Modelling of the Ocean (NEMO, version v3.6), and the wave
component is provided by Wave Watch-III. The numerical simulations take advantage
of data-assimilation of temperature and salinity vertical profiles as well as along-track
sea-level anomaly observations.

2. CMEMS Mediterranean Biogeochemical Flux, MedBFM (BIO) Model
MedBFM BIO is a biogeochemical model for the Mediterranean Sea distributed via
CMEMS [CMEMS Product ID MEDSEA-ANALYSIS-FORECAST-BIO-006-014] [40–42].
This model provides daily 3D outputs of ocean biogeochemical variables (Chl, nutri-
ents, oxygen, etc.) on the same horizontal and vertical grids as the PHY model (1/24◦

regular horizontal grid and 125 vertical levels), which also provides the physical
forcing that contributes to the biogeochemical systems evolution. MedBFM BIO also
includes assimilation of satellite-derived surface Chl concentration, oxygen, nitrates
and phosphates’ vertical profiles.

3. The Synthetic Altimeter-Derived Currents
The Synthetic Altimeter-derived Currents (SAC) are simulated using SSH data from
the CMEMS PHY model. First, the Sea Level Anomaly (SLA) information is obtained
from the model outputs using the following formula:

SLA = SSH− (MDT− 0.344) (1)

with the Mean Dynamic Topography (MDT) provided by the CMEMS product.
The 0.344 constant (given in m) allows to center the SLA values on the Mediter-
ranean region during 2017, so that the spatio-temporal mean of SLA equals zero.
The obtained simulated SLA exhibits rapid sea level changes across the whole basin
occurring over 2–3 days. Indeed, recent progress in ocean modelling now allow for
simulating rapidly moving atmospheric pressure disturbances causing storm surges
and inverse barometer effects. This raw SLA cannot be handled by the mapping
method based on Optimal Interpolation. With real altimetry data, this large-scale high-
frequency variability is removed using the Dynamic Atmospheric Correction (DAC)
derived from atmospheric forcing [43]. However, the application of this correction to
our simulation is not satisfactory as some residual effects are still noticeable. The alter-
native consists of filtering out the large-scale patterns to focus on the reconstruction of
the small-scales and therefore local gradients. A Loess filter with a cut-off frequency of
600 km is applied to SLA maps in order to preserve small-scale features, such as eddies.
The small-scale SLA is finally sampled along the actual tracks of Jason-3, Sentinel-3A,
SARAL/Altika, and Cryosat-2 missions, using the SWOT simulator software [44].
Measurement errors and noise representative of each mission are added to the SLA
value to simulate the altimeter data (see Table 1 or Quality Information Document for
CMEMS product ID SEALEVEL-GLO-PHY-L3-NRT-OBSERVATIONS-008-044). This
4-satellite constellation is representative of the CMEMS near-real-time constellation
during 2017.
These along-track synthetic measurements are then used in input of DUACS (Data
Unification and Altimeter Combination System) to produce gap-free SLA maps. Based
on optimal interpolation (OI), the mapping of SLA follows the DUACS DT2018 con-
figuration for the Mediterranean Sea, described in [20]. In particular, the correlation
spatial scales range from 75 to 200 km, depending on the location, while temporal
scales are set to a constant value of 10 days. It means that, for a given space–time grid
point, only along-track observations that lie within 75 to 200 km and 10 days with re-
spect to the grid point are selected. The modelled large-scale SLA patterns (filtered out
before the mapping) and the reconstructed small-scale maps are finally recombined
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in order to compute the daily surface currents via the geostrophic approximation.
Such data are provided on a regular 1/8◦ grid, as for the present-day version of the
CMEMS Altimeter-derived gridded regional products for the Mediterranean Sea.

4. The Synthetic Satellite-Derived Chl
Space-based bio-optical oceanic variables such as the surface Chl concentration are de-
rived from passive observations by sensors mounted on board polar satellites through
algorithms calibrated with in situ observations. The Chl remote sensing principle is
based on measurements of the visible radiation that, after penetrating the first meters
of the surface oceanic layer, is scattered back towards the atmosphere in the direction
of a satellite sensor. Therefore, the satellite-derived Chl is an integrated quantity over
the first meters of the oceanic water column.
Since our study constitutes a testbed for applying the optimal reconstruction to
satellite-derived data, we evaluated a satellite-derived equivalent surface Chl “Csat”
from the CMEMS BIO model for the entire year 2017. We relied on the “Csat” expres-
sion provided by Morel and Berthon 1989 [45]:

Csat =

∫ zp
0 C(z)e−2kzdz∫ zp

0 e−2kzdz
(2)

where “C” is the marine Chl value at the depth “z”, “k” is the light attenuation
coefficient, and “Zp” is the light penetration depth along the water column. In our
study, the quantities appearing in (2) were computed from the CMEMS BIO model
and Zp ranged from 5 to 30 m, depending on the location and season. Using Csat
is more rigorous than approximating the satellite equivalent Chl via the first layer
output of the MedBFM model ('1 m depth). A comparison between the Chl-1m and
the Csat is carried out in two distinct periods of 2017: the high biological production
(20 February to 20 March 2017) and the low biological production periods (15 July to
15 August 2017) also accounting for past studies on the Mediterranean Sea trophic
regimes [37]. The normalized scatter density plots of the Csat and Chl-1m are obtained
computing the time-averaged Chl maps in the two aforementioned periods for the
entire Mediterranean basin. The results proved that the Chl-1m mostly underestimates
the Csat (Figure 1). This is more evident during the low production period, when the Zp
values appearing in (2) are larger due to a decreased near surface water turbidity and
the larger Chl concentrations (the Deep Chl Maximum) are found at larger depths [46],
increasing the discrepancies between Chl-1m and Csat.

Figure 1. (Left) Normalized scatter density plots between Chl-1m and Csat. (Left) high biological production period, 20 February to
20 March 2017. (Right) low biological production period, 15 July to 15 August 2017. In both panels, the identity line is given in blue.
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Table 1. Mean 1 Hz noise measurement observed for the different altimeters on along-track (L3)
DUACS products in the Mediterranean Sea. Noise for raw SLA is indicated in cm rms.

Mission Noise Measurement Error

Jason-3 2.4
Sentinel-3A 2.1

SARAL/AltiKa 1.75
Cryosat-2 2.1

2.2. The Work Logic

The work logic of our OSSE is sketched in Figure 2.

Figure 2. Workflow of the OSSE, covering the entire year 2017.

The CMEMS PHY and BIO models are used to generate synthetic altimeter-derived
geostrophic currents and satellite-derived Chl concentrations in the Mediterranean Sea,
as detailed in Section 2.1. Then, the optimally reconstructed currents (OPtimal Currents,
OPC hereinafter) are computed according to the PIT09 equations (provided in Section 2.3)
for the entire year 2017 and compared to the PHY model surface layer outputs (our ground-
truth current field). In this way, a direct comparison of the 2D Eulerian currents can
be carried out, enabling to have equally significant statistics for every grid point of our
study area.

2.3. Methods: Rationale of the Optimal Reconstruction

The ocean surface currents are computed from synthetic altimetry measurements com-
bined with higher resolution synthetic satellite Chl observations, relying on the algorithm
firstly developed by Piterbarg [26] and Rio et al. [27]. The principle is to constrain the
surface geostrophic flow to follow the evolution of a surface tracer, assuming the tracer
can be derived independently and that it is characterized by higher spatial-temporal res-
olutions than the geostrophic flow, like in our study. With this approach, we attempt to
extract useful dynamical information from the surface oceanic tracer evolution to enhance
the spatial-temporal content of the geostrophic currents. For clarity, the derivation of the
optimal currents is reminded in this section. The sea surface currents are inferred from (3):

∂Chl
∂t

+ u
∂Chl

∂x
+ v

∂Chl
∂y

= F (3)

In (3):

• (x,y) are the zonal and the meridional directions;
• (u,v) are respectively the zonal and meridional components of the ocean surface flow;
• F is the forcing term, representing the Chl source and sinks which, in the present case,

include both biological and environmental factors. In particular, F includes contributions
from the marine currents’ vertical advection, horizontal and vertical diffusion as well as
the biogeochemical reactions involved in the phytoplankton dynamics [47]. The con-
tributors to the source/sink terms can have different relative magnitudes according
to space and time. For example, we expect vertical advection to be dominant under
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high wind stress conditions that may trigger upwelling currents or in the presence of
mesoscale/submesoscale features generating strong vertical motions [48,49]. In addi-
tion, biogeochemical reactions become dominant during the so-called “Chl-blooming
periods”, i.e., when the near-surface Chl production increases due to an abundance
of light and nutrients (e.g., inorganic carbon dioxide, silica, nitrates and phosphorus)
involved in the phytoplankton photosynthetic activity [37,38].

PIT09 [26] derived the expressions of an optimized flow field accounting for the merged
contribution of a large-scale, background flow with the dynamical information contained in
high-resolution tracers. If the background flow is given by the Synthetic Altimeter Currents
(SAC) and the high-resolution tracer by Chl, the zonal and meridional OPtimal Currents
(OPC) can be expressed by (4):

uOPC = uSAC −
A(AuSAC + BvSAC + E)

A2 + B2 = uSAC + uCORR

vOPC = vSAC −
B(AuSAC + BvSAC + E)

A2 + B2 = vSAC + vCORR (4)

where A = ∂xChl, B = ∂yChl, E = ∂tChl− F. In (4), the subscript “t” stands for temporal
derivative and the subscripts “x,y” respectively indicate the spatial derivative in the zonal
and meridional directions.

Equation (4) expresses the PIT09 method rationale: the geostrophic currents are cor-
rected by means of a factor (uCORR, vCORR) depending on the spatio-temporal derivatives
of the high-resolution tracer observations and on the forcing term (F) regulating the tracer
dynamical evolution.

Equation (4) is valid when the forcing term F is known perfectly, like in the present
study where F is derived from Equation (3). In case the F term cannot be derived perfectly,
the set of Equations (4) is modified accordingly and also requires estimating and calibrating
the uncertainties on F and on the (u, v)SAC, as extensively illustrated by [26,28,29,31].

2.4. Methods: Optimal Reconstruction Quality Assessment

Using the daily data detailed previously and accounting for Equations (3) and (4), we
computed one year (2017) of optimal currents. The performances of the optimal reconstruction
were evaluated by means of qualitative and quantitative assessments, respectively via visual
inspection and by computing the Root Mean Square Differences (RMSD, Equation (6)), Per-
centage of improvement (PI, Equation (5)), temporal standard deviation (STD, Equation (7))
and spatial spectral properties of the altimeter-derived, optimal currents and CMEMS PHY
modelled surface currents (our validation benchmark):

PIU,V = 100

1−
(

RMSDOPC
U,V

RMSDSAC
U,V

)2
 (5)

RMSDSAC/OPC
U,V =

√
∑N

i=1[(Ui, Vi)SAC/OPC − (Ui, Vi)PHY]2

N
(6)

STDSAC/OPC/PHY
U,V =

√
∑N

i=1[(Ui, Vi)SAC/OPC/PHY − 〈(Ui, Vi)SAC/OPC/PHY〉t]2
N

(7)

In (5)–(7):

• the superscripts SAC, OPC, PHY, respectively, stand for synthetic altimeter currents,
optimal currents, and CMEMS PHY modelled surface currents;

• U,V respectively indicate the zonal and meridional flow;
• the i index goes from 1 to N = 365, i.e., the number of the daily surface currents data

during 2017;
• the 〈〉t operator in (7) indicates a time average over the year 2017;



Remote Sens. 2021, 13, 2389 8 of 22

Briefly, Equation (5), based on inputs provided by (6), quantifies the ability of the
optimal reconstruction to reproduce the CMEMS PHY currents compared to the altimeter
estimates. This is achieved computing a percentage of improvement (PI) for every grid point
of our simulation area. On the other hand, Equation (7) is used to quantify the enhancement
of the optimal currents temporal variability compared to the altimeter system. Indeed,
the STD is computed with respect to the 2017 time averaged surface currents: higher STDs
will correspond to higher temporal variability of the signal under evaluation.

Finally, a spatial spectral analysis is also performed. From the Kinetic Energy (KE) fields
of the SAC, OPC and CMEMS PHY modelled surface currents, we compute the KE power
spectral density (PSD) in two land free areas of the Mediterranean Sea (in the Levantine
Basin and in proximity of the Algerian Current). The PSDs are obtained via spatial Fast-
Fourier-Transform analysis using the same technique proposed by [9,50]. Longitudinal KE
samples are extracted from the KE fields; then, the corresponding PSD are computed for every
latitude and time. The PSDs are finally averaged to obtain a single spectrum for each dataset
under evaluation. With this approach, we determine the amount of KE spatial variance
found at different scales in the three surface currents’ datasets, allowing for estimating and
intercomparing their effective spatial resolution.

3. Results

Here, we illustrate the qualitative and quantitative assessments of the optimal currents,
based on the validation metrics described in Section 2.4.

3.1. Qualitative Assessment

The optimally reconstructed currents are presented in three test cases on 30 March 2017,
sketched in Figure 3. In our numerical study, the late-March time window is a favourable
one for the OPC reconstruction. In this period, higher sea surface Chl concentrations result
from the blooming activity [37,38], facilitating the extraction of dynamical information
from the surface Chl patterns. We chose three well-known dynamically active areas of
the Mediterranean Sea [36]: the Northwestern Mediterranean in correspondence with the
Liguro-Provencal Current, the area in proximity of the Alboran Sea and the Sicily Channel;
the last region was also investigated by past studies based on a similar approach [29,30].
Figure 3A–C allow for inspecting simultaneously the surface circulation field described
by the SAC and OPC datasets, with the CMEMS PHY model providing the ground truth.
In general, the SAC underestimates the maximum current intensities, providing a smoother
description of the main meanders, filaments, and eddy-like features. Some examples of the
circulation features not correctly captured by the SAC dataset in the three analysed areas
are provided below,

• Figure 3A: the anticyclonic meander found at 43◦N–7◦E, the two eddy system lo-
cated at 41.3◦N–4◦E and the meandering tongue flowing from 40◦N–5◦E towards the
northeastern section of area A;

• Figure 3B: the current system flowing off the western tip of Sicily, perpendicular
to the coastline (at the approximate location of 37.5◦N–12.5◦E), the eddy located at
38.5◦N–12◦E and the western boundary of the the Messina Rise Vortex (37◦N–15.5◦E);

• Figure 3C: the Alboran gyre and multiple eddies system found north of the 36.5◦N
parallel, particularly the one circulating at 37◦N–1.5◦W.

The aforementioned features are almost fully recovered by the OPC datasets (Figure 3).
Recalling the basics of Equation (4), the improvements must come from the surface tracer
gradients field: they enable to build the correction terms for the SAC dataset and carry out
the optimal reconstruction. An additional qualitative analysis, depicted by Figures 4 and 5,
indicates the validity of this assumption. The figures show the patterns of the surface Chl

spatial gradient magnitude, |∇Chl| =
√
(∂xChl)2 + (∂yChl)2, and the corrections factors

(ucorr, vcorr) computed with (4). Comparing Figures 3–5 allows for confirming that the
main corrections are found in areas where the |∇Chl| is larger than '2·10−6 mg·m−4 and
exhibits patterns related to the advection of the horizontal currents. Elsewhere, the optimal
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reconstruction cannot extract dynamical information from the surface tracer patterns. We
also notice that the case (∂xChl)2 + (∂yChl)2 = 0, following Equation (4), is not accepted
for the optimal reconstruction. In our numerical study, this condition only happened
in 0.1% of the analysed cases and mostly during summertime (late June to early July),
i.e., when the biological productivity is damped compared to the late-winter/early-spring
months [37]. If we exclude the coastal areas, the summertime surface Chl fields are mostly
O(10−2) mg·m−3 against the O(1) mg·m−3 found during winter. Moreover, the sum-
mertime Chl surface fields tend to be more uniform throughout the basin, hindering the
appearance of surface Chl gradients related to the horizontal currents advection.

Figure 3. (A) Northwestern Mediterranean: left, middle and right panels, respectively, indicate the Synthetic Altimeter
Currents (SAC), Optimal Currents (OPC) and CMEMS PHY modelled currents. (B) same as (A), with focus on the Sicily
Channel. (C) same as (A), with focus on the Western Mediterranean.
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Figure 4. Surface Chl from the CMEMS MedBFM BIO model in: (A) the Northwestern Mediterranean,
(C) the Sicily Channel, (E) the Western Mediterranean. (B,D,F) Chl spatial gradients magnitude
|∇Chl|, same areas as (A,C,E), respectively.

3.2. Quantitative Assessment

Following Equation (6), we present some quantitative performances of the optimal
reconstruction, sketched in Figure 6. Based on the 2017 daily data, we compute the RMSD
of the Synthetic Altimeter (SAC) and OPtimal Currents (OPC), using the CMEMS PHY
surface outputs as a validation benchmark. This operation is repeated for both the zonal
and meridional surface flows. When the SAC are analysed, we find RMSDs always equal
to or larger than 5 cm·s−1, with maximum values reaching 30 cm·s−1 in the Western
Mediterranean, in the Atlantic Ionian Stream across the Sicily Channel and in many areas
of the Levantine Basin (roughly from 18 to 30◦E), including the area south of Ierapetra.
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Figure 5. Correction factors for the zonal SACs in: (A) the Northwestern Mediterranean; (C) the
Sicily Channel; (E) the Western Mediterranean; (B,D,F) the same as (A,C,E) for the meridional SACs.

Figure 6. (Left) column: RMSDs of the Synthetic Altimeter Currents (SAC) against the CMEMS PHY outputs, top and
bottom panels show results for the zonal and the meridional currents. (Right) column: same as the left column, for the
OPtimal Currents (OPC).
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When the information from the surface Chl is introduced within the Altimeter currents,
large improvements are observed at the basin-scale. Patches of RMSD '20 cm·s−1 only
cover 2 to 3% of the basin and are mostly limited to coastal areas in the Western Alboran
sea. Overall, the RMSD of the OPC is mostly around 7 to 8 cm·s−1 for both components
of the motion, against the '13 cm·s−1 found in the SAC case. This is clearly summarised
by the distributions of RMSD values reported in Figure 7: the improvements of the OPC
with respect to the altimeter currents result in narrower OPC RMSD distributions, with a
significantly larger number of cases shifted left towards the zero value.

Figure 7. Distributions of the RMSD values for the SAC (light green) and OPC (blue). Left and right panels show the results
for the zonal and meridional currents, respectively.

The RMSD values enable building additional indexes that quantify the skill of the
optimal reconstruction, e.g., through the percentage of improvement, PI, described by
Equation (5). This analysis was performed accounting for the entire time series of the SAC
and OPC datasets (i.e., relying on more than 5 · 107 data for both datasets) considering
observations lying in |∇Chl| areas ranging from 10−5 to 10−4 mg·m−3·m−1 for both the
zonal and the meridional currents. Figure 8 shows that the zonal and meridional OPC
improve the altimeter estimates by about 20 to 50% and that the PI is generally larger for
the meridional component of the motion. This is easily explained considering the north–
south orientation of the nadir-looking altimeter ground tracks, allowing for deriving more
accurate zonal surface currents via the geostrophic approximation [28,31,51]. More in detail,
the overall behaviour of the PI is summarised by the left panel of Figure 8, which considers
all the 2017 data except for the mid-February to mid-March period (far from the main Chl
blooming events, [36,37]). The meridional PI is fairly constant, exhibiting values oscillating
between 45% and 52%, while the zonal PI increases from 27% to 38% when the local Chl
spatial gradients are intensified. As a result, the PIT09 method reproduces higher quality
optimal currents for increasing local |∇Chl|, in a good agreement with past studies based
on the use of SST data [28,29,31]. On the other hand, Figure 8-right shows that the PIs tend
to decrease towards highest |∇Chl| areas between mid-February to mid-March 2017 (i.e.,
during the main Chl blooming events found in the MedBFM simulations). Though the zonal
and meridional PIs are still positive, the result suggests that, during the blooming events,
the highest |∇Chl| may not fully optimise the altimeter derived horizontal currents,
as Chl evolution is strongly dominated by biological and environmental factors favouring
significant phytoplankton growth and complex interactions within the trophic network.
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Figure 8. (Left) improvement of the zonal (blue) and meridional (red) optimal currents with respect to the Synthetic
Altimeter estimates (January to Mid-February and Mid-March to December 2017). (Right) same as left, in the period
mid-February to mid-March 2017.

The benefits of the optimal reconstruction are also given by enhancements of the
spatial and temporal variability of the OPC dataset compared to the SAC. Such benefits
are quantified by means of Equation (7) and via the spatial spectral analysis illustrated in
Section 2.4. To investigate the SAC and OPC temporal variabilities, we first derive the 2017
time-averaged surface currents (zonal and meridional) for the SAC, OPC, and PHY datasets.
Then, we compute the SAC, OPC, and PHY currents’ temporal standard deviations (STDs)
using the 2017 daily data. The results are reported in Figure 9. The CMEMS PHY data
show STDs around 10 to 25 cm·s−1 throughout the Mediterranean, with only a few areas
characterised by 5 cm·s−1 values for both the zonal and the meridional flow. An ideal
optimal reconstruction should reproduce the same PHY STD values. This is not the case
for the two components of the optimal currents, which exhibit STD values mostly centered
around 7 cm·s−1 and reaching 20 cm·s−1 in a few areas of the western Mediterranean.
However, an interesting result is shown in the bottom panels of Figure 9, showing maps of
zonal and meridional STD differences (∆STD) between the optimal and synthetic altimeter
currents. The ∆STDs are larger than zero in 80% of the Mediterranean Sea, confirming that
the optimal currents are characterised by an enhanced temporal variability compared to
the Altimeter estimates. We repeated this analysis on timescales of 10 days, which is the
temporal search radius used in the SAC optimaI interpolation scheme (as for the DUACS
system, discussed in Section 2) and can be thought of as our lower limit for the SACs’
effective temporal resolution. In this case, we also obtained ∆STDs > 0 in more than 80% of
our study area, suggesting that the OPC has larger effective temporal variability than the
synthetic altimeter estimates, as shown by Figure 10.

The optimal currents effective spatial resolution is also quantified using the 2017 daily
data involved in our study. After computing daily maps of surface Kinetic Energy (KE), we
derive the KE power spectral density (PSD) in two land-free areas of the Mediterranean Sea:
the “WEST” and “EAST” areas, with respective horizontal extents from 37.5–38.5◦N/0–11◦E
and 33–34◦N/16–34◦E, depicted in Figure 11. As discussed in Section 2, the PSDs are
obtained from spatial Fast Fourier Transform analysis and enable checking simultaneously
the properties of the SAC, OPC and CMEMS PHY currents (Figure 11). The OPC (blue) and
the SAC (red) spectra behave similarly in the WEST and EAST areas. For low wavenumbers
(scales up to 100 km), the spectra are fully superimposed, indicating that the two fields are
describing the same surface dynamics. Going towards smaller spatial scales, the two spectra
begin to separate, the OPC one always exhibiting larger values, closer to the theoretical
predictions on surface 2D turbulence (K−5/3 slope, with K the wavenumber, [51]). As a result,
the optimal reconstruction is describing more accurately the finer circulation structures
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compared to the SAC. The CMEMS PHY ground truth KE spectra (light blue) are also
reported and indicate good agreement with the optimal currents, further confirming the
potential of the PIT09 method for improving the effective spatial resolution of the surface
currents. Based on our analyses, the PSD of the optimal currents fully recovers the ground
truth spectral properties until scales of '30 km.

Figure 9. Temporal standard deviation (STD) of the CMEMS PHY and optimal surface currents for the year 2017. (Top) CMEMS
PHY STD; (Middle) STD of the optimal currents (OPC); (Bottom) ∆STD: differences between the OPC and the Synthetic
Altimeter Currents (SAC) STDs. (Left) and (right) columns stand for zonal and meridional currents, respectively.

Figure 10. Differences between the OPC and the SAC temporal standard deviations (∆STD) computed on a 10-day temporal
window. (Left) and (right) panels stand for zonal and meridional currents, respectively.
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Figure 11. Kinetic energy power spectral density of the Synthetic Altimeter Currents (SAC, red),
OPtimal currents (OPC, blue) and CMEMS PHY modelled currents (light blue). The spectra are
computed in the WEST and EAST areas of the Mediterranean, depicted by the yellow and green
borders, respectively.

3.3. Effective Depth of the Optimal Currents

As discussed in Section 2, the PIT09 method has been implemented relying on an
optically weighted Chl dataset. This is obtained via Equation (2) integrating contributions
from several layers of the water column, i.e., from the sea-surface to the light penetration
depth Zp [45]. Maximum penetration depths can reach 30 m in the Mediterranean area;
therefore, we evaluate whether a vertically integrated “near surface” oceanic tracer can
impact the effective depth of the optimally reconstructed currents. To this scope, we
compare the PI of the optimal currents (Equation (5)) using several modelled PHY currents
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as ground truth, selecting outputs at 1, 3, 5, 7, and 10 m depth. In Figure 12, the PI
is presented for both the zonal and meridional flows (blue and red lines, respectively).
The figure suggests that the OPC is closer to the PHY surface layer currents, i.e., the 1 m
depth output. In that case, we obtain the highest basin-scale averaged PI, around 45%,
while, for larger depths, the PI decreases monotonically, reaching '20% at 10 m depth
(eventually becoming negative for larger depths, not shown). The monotonic decrease of
the PI, following Equations (5) and (6), indicates that for larger depths, the OPC RMSD
increases due to the OPC deviation from the PHY modelled currents.

The effective depth of the OPC is also evaluated as a function of space. This is achieved
computing the OPC improvements with respect to the 1, 3, 5, 7, 10 m PHY currents in
1◦ × 1◦ boxes. The results are reported in Figure 13 only for the zonal OPC (the behaviour
of the meridional currents is analogous). In the figure, the colours stand for the depth at
which we record the maximum PI of the OPC, evaluated via Equation (5) and based on
one year statistics (2017). More than 90% of the basin exhibits maximum PIs when the
surface layer (1 m) PHY currents are considered as a benchmark. Very rarely, and mostly in
coastal zones, some PIs are larger at 3 or 5 m depths. Nevertheless, in these cases, the PI
differences between the surface and the deeper layers never exceed 0.4%. We concluded
that our optimal reconstruction mainly yields information on the sea-surface circulation.

Figure 12. Maximum OPC basin scale averaged PI over the year 2017, seen as a function of depth.

Figure 13. Depth of maximum OPC PI over the year 2017, represented in 1◦ × 1◦ boxes.
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4. Discussion and Conclusions

The OSSE has showed encouraging results to improve the altimeter-derived surface
currents in the Mediterranean Area by exploiting the combination of SSH-derived and
surface Chl data with the PIT09 method. This study relied on numerical hydrodynamical
and biogeochemical models distributed within the Copernicus Marine Service CMEMS,
providing gap-free data that can be manipulated to simulate satellite-derived observations
and, at the same time, to rely on gap-free fields that can be used as a validation benchmark.
Specifically, the CMEMS PHY hydrodynamical model has been used to simulate the
altimeter-derived currents and to extract total surface currents, e.g., our ground truth.
The CMEMS MedBFM model was used to simulate the satellite surface Chl fields.

In the simulated scenario, the PIT09 method allowed for computing a one year long
time series of optimal currents by merging the altimeter-derived currents (1/8◦ horizontal
resolution) with the surface Chl data (1/24◦ horizontal resolution). Analysing the optimally
reconstructed surface currents, we could mainly determine that:

• the effective temporal resolution of the optimal currents is enhanced compared to the
altimeter estimates. This was obtained computing the temporal standard deviations
(STD) of the Synthetic Altimeter-derived and OPtimal surface Currents (SAC and OPC,
respectively). The difference between the OPC and SAC STDs, computed on both
annual and weekly timescales, is positive in 80% of the Mediterranean, demonstrating
an enhanced temporal variability;

• the spectral analyses of the SAC, OPC and CMEMS PHY Kinetic Energy fields suggest
that the OPC fully recovers the surface dynamics until scales of 30 km that we defined
as the OPC effective spatial resolution. Following the same spectral analysis, the SAC
dataset fully describes larger mesoscale features around 100 km;

• the optimal currents improve the surface circulation estimates provided by satellite
altimetry by about 30 to 50% at the basin scale for both the zonal and meridional
currents. This was determined checking simultaneously the RMSD values of the
SAC and OPC with respect to the total surface currents estimates provided by the
CMEMS PHY model. Such improvements can be found throughout the year. However,
the enhanced biological activity during late winter/early spring [36,37] may give
rise to significant changes in surface Chl gradients. Such gradients are not strictly
related to the horizontal advection and can thus slightly reduce the OPC maximum
improvements with respect to the altimeter system. The summer period (mostly late
June/early July) can also give rise to issues in the optimal reconstruction: in this period,
the Mediterranean sea surface Chl gradients reach their minimum value (evaluated via
the CMEMS BIO model and shown in Figure 14 as a basin-scale average), preventing
the optimal reconstruction (PIT09 method) to extract dynamical information from the
surface tracer patterns;

• the OPC built from Chl concentrations, despite Chl being obtained integrating contri-
butions in the first tenths of meters of the water column, instead represent the surface
circulation in the Mediterranean area.

The present-day Altimeter-derived gridded products in the Mediterranean Area fully
resolve dynamical features at scales around 100 km and 10 days [21]. Therefore, extracting
dynamical information from the patterns of the high-resolution Chl is advantageous to
correct and improve the effective spatial-temporal resolution of such products.

Our study, however, has been carried out in a very idealized context. Relying on
hydrodynamical and biogeochemical 3D models enables accessing full information on
the Chl evolution that is used to constrain and correct the synthetic altimeter-derived
currents. More in particular, this idealized framework allows for determining perfectly
the source and sink terms that modulate the Chl variations at the sea surface, i.e., the F
term of Equation (3), which is clearly much more complicated to account for in a realistic
observational setup, due to complex biological responses and interactions within the
surface layer. Indeed, the application of the PIT09 method to satellite-derived data will
require approximating the forcing term from satellite information. Specific studies covering
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those aspects are already underway and will be the subject of future papers. Preliminary
analyses on this topic seem to indicate that, at scales larger than 30 to 50 km, the F term
is sufficiently well approximated by the temporal derivatives of the surface Chl field
(F ' ∂tChl). An example is provided in Figure 15. During the main blooming events (mid-
to-late February in our numerical study), the agreement between F and ∂tChl is only found
at a large scale, while the smaller features O (20 km) cannot be retrieved exploiting the
surface Chl temporal variations (Figure 15-left). Far from the blooming period, F and ∂tChl
are mostlyO (10−7 to 10−8 mg·m−3·s−1), i.e., one to two orders of magnitude lower than in
the blooming period. The variability found in the F term is still given by the superposition
of a large scale signal, the ∂tChl, and a small scale component (Figure 15-right).

01/01 31/01 02/03 01/04 01/05 31/05 30/06 30/07 29/08 28/09 28/10 27/11 27/12
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

|∇
 C

h
l|
 n

o
rm

Figure 14. Temporal evolution of the spatial Chl gradient magnitude (|∇Chl|, normalized).

Figure 15. (Left) Top panel represents the F term computed by means of Equation (3). The bottom panel shows the surface
Chl temporal derivative on 16 February 2017. (Right) same analyses reproduced on 25 July 2017.
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Approximating the F term as ∂tChl means that the correction factors for the synthetic al-
timeter currents in Equation (4) are reduced to the case E = 0: the correction of the geostrophic
current is only built accounting for the spatial derivatives of the surface Chl. As a result, we
force the flow to follow the Chl concentration isolines. We check that this approximation
(E = 0) still leads to satisfying statistical performances of the OPC (Figure 16).

Figure 16. PI of the Optimal Currents given in 2◦ × 2◦ boxes: (top) zonal currents ; (bottom)
meridional currents.

The percentage of improvement of the SAC is computed throughout 2017 by means
of Equation (5). Figure 16 depicts the zonal and meridional PI in 2◦ × 2◦ boxes. Given
the approximation used here, the extent of the improvement is reduced compared to the
idealized case, where the basin-scale PI could also exceed 50% in large Chl gradient areas
(Figure 8). Here, the local improvements mostly range from 10 to 20% and, occasionally,
degradations may occur in highly active dynamical areas such as the Alboran Sea or in
correspondence with the Algerian Current.

This additional and preliminary analysis still encourages future applications of the
PIT09 method with satellite-derived data, i.e., using only surface Chl and geostrophic
currents fields, without the perfect knowledge of the daily forcing term. In such future
analyses, the optimal reconstruction should also be implemented accounting for the uncer-
tainties on the Forcing term, thus relying on the PIT09 set of equations used by [28,29,31].
In these studies, the uncertainties on the daily approximated forcing were computed by
exploiting the high frequency (six-hourly to hourly) measurements of in situ SST by La-
grangian drifters [52,53]. This approach is not applicable for Chl, as the temporal sampling
of in situ measurements of Chl is much lower than one day [54]. This could be addressed
in the future by empowering the deployment of Lagrangian drifters designed for the
measurements of high frequency sea surface bio-optical parameters (as presently achieved
using Saildrones [55]). In the meantime, other approaches need to be explored, for in-
stance relying on dedicated biogeochemical numerical simulations or exploiting machine
learning techniques.

Future studies on the PIT09 method should also assess the potential of exploiting
simultaneously different types of oceanic tracers like Chl and SST. Provided a good knowl-
edge of the tracers’ evolution (including their source/sink terms), one could select the
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areas and periods where each tracer maximises the enhancement of the altimeter system
capabilities. For instance, when surface Chl patterns are dominated by the biological
activity, one could preferably rely on OPC estimates based on SST. Similarly, in case of
prolonged uniform Chl fields (with tracer gradients close to zero), it could be useful to
extract spatial-temporal gradients from SST fields, and vice versa [34].
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