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ABSTRACT
A combined Sentinel-2 and Sentinel-3 Suspended Particulate
Matter reconstruction is performed using an Empirical Or-
thogonal Function technique, called DINEOF (Data Interpo-
lating Empirical Orthogonal Functions). The combination of
these two datasets allows us to retain both the high spatial res-
olution of the Sentinel-2 data while increasing the temporal
resolution thanks to the addition of Sentinel-3 data on days
when no Sentinel-2 data are available. Results show an in-
creased variability on the reconstruction of Sentinel-3 data,
and a low error of the overall reconstruction.

Index Terms— Ocean Suspended Particulate Matter,
Multisensor synergy, Missing data reconstruction, DINEOF

1. INTRODUCTION

High resolution ocean data, like those produced by the
Sentinel-2 (S2) satellites, provide important information
about ocean dynamics and water quality in the coastal zones.
However, the narrow swaths of these satellites result in a long
repeat cycle (5 days for the tandem S2 A and B). Given the
transient nature of small scale processes typical of coastal re-
gions, a combined use with other satellite data of lower spatial
resolution but shorter temporal resolution becomes necessary
in order to resolve these temporal changes, at the cost of
losing the high-resolution information. Information from
medium resolution ocean colour sensors like OLCI (Ocean
and Land Colour Instrument) onboard Sentinel-3 (S3) can be
used in days with no high spatial resolution data. Both S2 and
S3 data are affected by clouds, so even in a combined dataset
clouds are a major source of missing data.

In this work we propose an approach to perform a com-
bined reconstruction of S2 and S3 data using DINEOF (Data
Interpolating Empirical Orthogonal Functions, [1]). The aim
is to obtain both a high spatial and temporal resolution data
set, with no missing data. The approach is tested in the Bel-
gian Coastal Zone.

2. DATA USED

S3 OLCI L1 full resolution data, with a spatial resolution of
300 m, were obtained from the CREODIAS infrastructure.
First the IdePix software (v2.2.10), available on the Sentinel
Application Platform (SNAP, v7.0), is used for detection of
pixels containing land, clouds, cloud shadows, floating vege-
tation and other elements which can affect accurate retrieval
of remote sensing reflectance products. Next, C2RCC [2, 3]
is applied to remove the atmospheric signal from the top of at-
mosphere signal to retain the primary ocean colour variable:
the remote sensing reflectance (Rrs) for the water pixels.
From this variable it is possible to derive bio-geophysical
products such as SPM and chlorophyll-a concentrations. The
SPM product is generated following [4] and the CHL product
using [5].

L1C data from the Multispectral Instrument (MSI) on-
board S2 have been processed similarly to the S3 processing
chain to ensure product comparability. C2RCC (SNAP v7.0)
was used to generate L2 remote sensing reflectance products.
Suspended Particulate matter (SPM, gm−3) at 10 m resolu-
tion were calculated using the Nechad algorithm [4]. Cloud
shadows in S2 SPM data have been detected and removed
following [6].

In order to maximise the similarity between both datasets,
identical atmospheric correction procedures and ocean colour
algorithms were applied to both the S2 and S3 products to
ensure maximal comparability. Unavoidable differences be-
tween both products are however still possible due to the
difference in spectral band characteristics and acquisition
time.

3. METHOD

To construct the data matrix a combination of S2 and S3
scenes is done, with S2 data used as the default. On days



where a S2 pass is not available, data from S3 are interpo-
lated to the S2 spatial grid. If S3 data are too cloudy, with less
than 2% of valid pixels, then that day is not included in the
data matrix. The initial dataset is therefore daily except for
those days where no S2 nor S3 data were available, and with
the spatial resolution of the S2 dataset. The use of the two
data streams in an alternate way allowed for maximising the
use of the high resolution S2 data while not having temporal
gaps due to their lower revisit time. In the Belgian coastal
zone, revisit time is of about 2-3 days and therefore the gap
between two S2 images is not very large. As mentioned, S3
data interpolated onto the S2 grid were used for those days,
but of course these interpolated data do not resolve features
at the S2 resolution.

A DINEOF reconstruction is then performed with the
S2-S3 combined SPM data matrix. DINEOF uses a trun-
cated EOF basis calculated iteratively to infer the missing
data [1, 7]. The optimal number of EOFs is determined by
cross-validation, by marking as missing about 2% of initially
valid data. At each EOF mode calculation, the error between
the DINEOF reconstruction and the cross-validation data is
calculated, and the number of modes that minimises this error
is retained for the final reconstruction. DINEOF is therefore a
data-driven approach, in which the information necessary for
retrieving the missing information is obtained from the data
through the EOF basis. Temporal coherence in the data is
reinforced by using a Laplacian filter developed for DINEOF
[8].

4. RESULTS AND CROSS-VALIDATION

Several DINEOF tests have been made with different filter
lengths. Varying this filter has an impact in the number of
EOFs retained [8], and therefore in the variability of the final
reconstruction. The results from the best run are discussed
here. For the present work, data from 5 February to 28 May
2018 on the Belgian Coastal zone are used, for a matrix size
of 3501 × 4261 (in space) and 55 temporal steps. The best
reconstruction in terms of the cross validation comes from a
5-EOF basis, obtained with a temporal filter of 1.1 days. A
cross-validation is performed following [9] to determine the
RMS error of the reconstruction, by hiding initially available
data in the form of clouds. This approach provides a better
estimate of the reconstruction error than taking randomly-
distributed cross-validation points. The cross-validation error
of the final reconstruction was of 1.3 mg/l.

An example of the gap-free reconstruction data is shown
in Figure 1 along with the initial data. The reconstruction
is showing a good amount of spatial variability and realistic
SPM distribution, based on the original data displayed. The
initial data in this example are interpolated S3, and as can be

seen in the north-south transect shown in Figure 1, the smooth
initial S3 data have been reconstructed with a higher variabil-
ity, effectively increasing the spatial resolution of the data.
This result is obtained because the EOFs used to reconstruct
the missing data have retained the small-scale variability in
the S2 frames, and this has been therefore used to reconstruct
the S3 frames. Similar results were obtained at different time
frames with initially S3 data.

5. CONCLUSIONS

A join Sentinel-2 (S2) and Sentinel-3 (S3) Suspended Par-
ticulate Matter (SPM) DINEOF analysis has been realised
in order to remove missing data due to clouds (among other
causes). The use of both data streams allowed us to maximise
the use of the high spatial resolution S2 data while also min-
imising the temporal gaps due to the lower revisit time of S2.
The results show that not only the reconstruction realistically
represents the main patterns of SPM variability in the Belgian
Coastal Zone and the small-scale patterns, but also that the
initially smooth S3 data are reconstructed with an increased
spatial variability, therefore generating a final product with
high spatial and temporal resolution.

Future work needs to assess how long the S2 temporal
gaps can be (up to 5 days in the Equator) so as to still obtain
an increase in the final spatial resolution of the dataset. A
thorough validation of the results needs to be done, by assess-
ing the accuracy of the results, and also the effective spatial
resolution achieved by the DINEOF interpolation. The pro-
posed approach can be also extended to other variables like
chlorophyll-a concentration.
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Fig. 1. Top left: initial SPM data from S3 interpolated to the S2 grid. Top right: DINEOF reconstruction. Bottom: transect of
SPM from the two datasets in the position marked by the dotted line in the top panels.
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