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Chapter 1

Introduction

Suspended particulate matter (SPM) consists of a mix of mineral or terrigenous sediments and
particulate organic matter. This mixture is in uenced by waves, tides, and marine currents, with
contributions from both terrestrial and marine sources [6]. Apart from the natural forcing, which is
the main cause of SPM, anthropogenic forces also commit to the formation of SPM. For example,
activities such as sh trawling and maritime development including harbor sediment dredging and
dumping, o shore wind farms, oil and gas pipelines also contribute [14].

The understanding of the SPM dynamics and the resulting turbidity contribute to the study of
the growth of micro-organisms based on photosynthesis [30]. In particular, studies have shown how
high concentrations of SPM harm marine ecosystems, especially those with rich organic sediments
[55, 24, 48, 40, 68]. Those sediments tend to stick to coral tissue and seagrass leaves, which
are species that have di culties in removing this type of sediments compared to more inorganic-
rich ones. Moreover, due to its lower density, organic SPM can be more easily resuspended and
contribute to incrementing the turbidity of the water, even for long periods. It will result in the
reduction of acidity and oxygen concentration in the water.

The study of SPM dynamics in some areas is more challenging. For example, the Dutch part
of the Wadden Sea, see Fig. 1.1, is a shallow water area with a high concentration of SPM due to
the sediments coming from the river estuary and the sediments from the islands, which often get
partly ooded, spreading mud and sand in the nearby area.

In order to investigate the SPM concentration and dynamics, di erent types of data are typically
collected and studied, including simulation data based on computational models, in situ data and
satellite data using remote sensing. Simulation data provide complete and continuous spatio-
temporal information over the study area, but due to the complex underlying processes, these
data obtained from the computational models are subjected to simpli cations and assumptions,
resulting in discrepancy and uncertainty. In situ data contain very accurate data and are often even
more reliable than satellite data. But they only present local information of where the sensors are
placed and often the measurements are limited to a time window. For this reason, they are often
used to validate the models or considered as reliable sourced of information to be integrated to the
data from other sources. Finally, satellite data provide more realistic information, but they also
involve limitations, such as instrumental errors and missing information due to cloud coverage on
the study area. Therefore, the availability of SPM satellite and complete satellite data of the area is
of great value for ecological and biogeochemical modellingmaking image reconstruction techniques
essential for recovering missing portions of the satellite data.

A wide variety of methods have been developed for image reconstruction [17] and applied
in oceanography. Numerical interpolation-based methods, i.e. optimal interpolation and kriging
[31, 62, 61, 15], combine observed and simulated data to minimize the error of the interpolated
eld, using both spatial correlations of the data and model's error characteristics to create the best-
guess estimate; a combination of Empirical Orthogonal Functions (EOF), also known as Principal
Component Analysis [52], with data interpolation was proposed by Beckers et. al. [11], resulting
in the so-called DINEOF. This is an iterative method that is able to identify dominant modes of
variability and reconstruct missing values in a way that captures the main spatial and temporal
structures of the given dataset. DINEOF, according to [17], is widely applied in real world scenarios
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