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Abstract: This work deals with the implementation and operational use of low-
cost and smartphone-based camera system for the purpose of coastal video
monitoring. Capability of such system for coastal remote sensing is described in
this study. Particularly, a small network of ©Solarcam has been implemented in
Corsica Island (France) for purposes of coastline evolution, sandbar(s) detections
and to investigate the influence of the Posidonia banquettes on morphological
evolution. A new coastal indicator derived from video observation is presented.
Furthermore, the second part deals with the description and application of image
semantic segmentation procedures, developed in order to regionalize the main
morphologies framed by web-cams. Such techniques can be apply for a range of
applications: from shoreline evolution, sandbar(s) detection, algae identification
and development of a warning system.

Introduction

Nowadays, worldwide coastal zone is heavily exposed to several hazards,
related to wide urbanization and human activities, as well as climate changes
effects, which tend to weaken its environmental quality and sustainability.
Coastal management retains a special role to shape economic and social
resources, particularly for places with huge sea resources. To accomplish such a
worthy scope, coastal monitoring measurements have been established to
represent a leading phase to collect meaningful data, useful for studies related to
hydrodynamic processes and morphological evolution. Specifically, remote-
sensed imagery is considered as a very helpful tool for coastal monitoring field.
Since the first experiences, during the 1980s, it has been applied for a variety of
objectives, aiming at studying nearshore hydrodynamics and morphodynamics
(e.g. shoreline and nearshore bars detection, beach width, breaker zone and
intertidal bathymetry estimations, runup or swash investigations). Currently, the
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‘state of the art’ in coastal imaging is represented by video systems, among
which the most known are Argus (Holman and Stanley 2007) and VMA4GIS
(Rihouey et al. 2009) that typically include more fixed cameras per site, on-site
acquisition, control and different suites for data analysis. They are installed in
case of necessity and their dissemination could be actually hampered by
economic constraints (Valentini, Damiani, Molfetta, & Saponier, 2016).

Principal objective of the present contribution is to discuss about the capabilities
of low elevation, low-cost smartphone imagery (©Solarcam) in the investigation
of coastal processes for obtaining qualitative and quantitative coastal state
indicators, by applying also new semantic segmentation techniques. Such
experimentations in the Mediterranean area will be described and complemented
with the development and implementation of a warning system for Sargassum
macroalgae in the Caribbean.

Study site and system description

The ©Solarcam network developed in Corsica Island (France) consists of three
pilot sites: Ostriconi, Meria and Pietracorbara (see fig. 1). They are pocket
beaches, chosen also because of the subsistence of Posidonia Oceanica
meadows, characterized by accessibility to good view points for webcam
installation, and by different wave exposures (Balouin, Bélon, Merour, & Riotte,
2014). The ©Solarcam system (https://www.solarcam.fr) is composed of a
standalone camera powered by a modified Sony Android smartphone that
provides timelapse in real time, a small solar panel (for charging), and a battery
that keeps the system operating even during bad weather conditions. Up to one
image every minute is transmitted over 3G, but the interval is adjustable,
depending obviously on the solar panel efficiency and mainly on the scopes.
Images, with 8 Megapixels resolution, are stored directly to a FTP server. A
plastic case for hosting the phone and a plastic band for attaching it to a support
(e.g. pole, tree, etc.) are used. The price of the described system (expect the 3G
monthly communication expenses) is less than 370 €. It guarantees good
portability, cheapness, simplicity in communication and installation, good
resolution; meanwhile issues are mainly related to network signal fluctuations,
low acquisition frequency and potential movements due to strong winds or
temperature-related material deformations of case/support. In order to
investigate morphological and hydrodynamic coastal processes, particularly
coastline evolution, Posidonia banquettes and their influence on coastline
behavior, bar dynamics, etc., modelling chains have been developed. A Matlab-
based GUI has been built aiming images processing and chain modelling. The
implemented  processing  tools include averaging, geo-rectification,
sandbar(s)/shoreline or algae detection with semi-automatic analysis and
automatic semantic segmentation. The wave data derived from the Wave




Forecast AEMET/OPPE organism, which distribute hourly wave and wind
fields forecast for the Northern Atlantic and the Western Mediterranean area
(http://www.puertos.es/en-us).

Fig. 1. (a) Example of solarcam placement for the monitoring of Ostriconi’s beach. (b) Solarcam
GUI main interface and an exemplary image of localized emerged and submerged structures, from
nearshore bars to algae.

Posidonia dynamics - results

The system described above has been applied, among other scopes, for analyzed
the dynamics of the Posidonia’ banquettes. A general dynamics has been
identified at these pocket beaches, characterized by two general mechanisms of
deposit: lateral deposition and subsequent accumulation (Laigre, 2017). The
former is mainly due to low to moderate wave climate, the latter during rough
wave conditions. A thresholds criterion has been clearly discernable: low wave
conditions (under a low threshold) favor the banquettes to remain stable with a
tendency to sink, while over a high threshold, common destruction of deposits
have been observed. This kind of threshold criterion is highly influenced by the
compactness of the banquettes: the greater the compactness, the rougher the
wave conditions useful for allowing the deposit displacements. The main
banquettes motions have been identified in the range between these mentioned
thresholds, which evidently are different among beaches, influenced by the
foreshore and nearshore morphology. Basically, the banquettes behavior
followed beach morphological behavior like beach rotation, but could also
influence hydrodynamics and sediment transport. The wave direction is
obviously responsible for the construction and destruction locations of the zone
involved.



As an example, two representative hydrodynamic events at the Ostriconi’s
beach are described in the following, the former from 01 to 03, the latter from
09" to 11™ April of 2017. The two successive events are featured by North and
South wave direction with a duration of almost two days. Fig. 2 shows the
rectified time-exposure images representative of both events, with initial
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Fig. 2. Rectified images of (a) 01/04, (b) 03/04, (c) 09/04 and of (d) 11/04/2017 with
overlapped corresponding shorelines (blue and red). In yellow two cross-shore
timestacks monitored over time at the monitored station.
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shoreline position (blue and red dashed lines, respectively). Shoreline evolution,
focusing on erosion and accretion phenomena is illustrated Fig. 3a for several
cross-shore transects. During the first event, a global transfer of algae has been
derived, with the formation of big deposit at the south side. Conversely, the
second event produced a successive migration of Posidonia towards the northern
side of the pocket beach.



The image analysis are traditionally very useful in order to determine the



position and evolution of submerged bars and rip channels (Balouin,



Longueville, & Colombet, 2016). In this study the distribution of leaves in water
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Fig. 3. Wave power calculated from offshore wave forecast data, with qualitative state
indicator on the banquettes behaviors, derived from processing image with semi-automatic
routines. Shoreline evolution in terms of erosion and accretion transects, computed for
both wave events, wave rose overlapped.

were highly related with nearshore morphological pattern. Offshore, leaves are
mainly sparse but while approaching the shore the leaves tended to be funneled
in the rip channel, and then followed the two main deposit mechanisms,
described above. Submerged sandbars morphology (i.e. see Fig. 2c where white
dissipation patterns are visible) in reality have been shown to determine a strong



influence on both direction of the leaves movements. Hence, the nearshore
bar/rip current system represents an important factor influencing the
development and distribution of the banquettes.

Semantic image segmentation

Image segmentation task aims to assign each pixel of an image a visual object
class label from a selected range of possible classes. Semantic segmentation
could be described as the process of associating each pixel of an image with a
class label (i.e. coastal morphologies: sand, dune, vegetation, foam, surf, sky,
sea, etc.). The exploitation of deep learning, a subset of machine learning, for
semantic classification of imagery, does not directly require features to be
detected. They are automatically learned from data, by using general-purpose
procedures. A powerful and popular class of these algorithms can be defined as
the deep convolutional neural networks (DCNN), often trained on generic
libraries, with attention on natural environment, road or indoor scenes (He,
Zhang, Ren, & Sun, 2015; Krizhevsky, Sutskever, & Hinton, 2012). The
possibility to exploit the efficacy of deep neural networks trained for such
generic purposes resides on procedures of transfer learning (Buscombe and
Ritchie 2018). MobileNetV2 (Sandler, Howard, Zhu, Zhmoginov, & Chen,
2018), among others, is a small and very efficient neural network, faster to train
and execute, compared to competing architectures, designed to be transferable
for generic image recognition tasks. By combining deep learning models which
significantly outperforms earlier methods in many image processing tasks with
traditional fully connected conditional random field (CRF) could even achieve
better results. The drawbacks of convolutional networks related to low spacial
accuracy could be mitigated by dense CRF algorithm, which takes in account
the low-level information captured by the local interactions of pixels and edges
(Chen, Papandreou, Kokkinos, Murphy, & Yuille, 2014; Liu & Wen, n.d.).

Moreover, one can say the interest in coastal image analysis is highly related to
the identification of semantic boundaries, which requires an association of
precise boundaries to a semantic class, associated to them. This idea is typically
seen as a combination of boundary detection and semantic segmentation
(Hariharan, Arbelaez, Bourdev, Maji, & Malik, 2011; Maninis, Pont-Tuset,
Arbeléez, & Van Gool, 2017). A common approach to this task is to separate
method such as semantic segmentation and contour detection, and hence fuse
the results of both steps. An alternative, simpler and straightforward way to
improve the semantic segmentation output could be based on the inclusion of
the effects of boundary detection by employing an edge-adhesive superpixels
map.




A modelling chain aiming the semantic segmentation of the coastal image has
been developed which takes advantage of the above-mentioned processes. It
consists of a training procedure of convolutional neural network and the
implementation of semantic segmentation routine for pixel-wise classification of
oblique images. Firstly, a workflow modified from Buscombe and Ritchie, 2018
for efficiently creating labeled imagery is employed. It is composed of a routine
for interactively manual delineation of few regions in the input image defining
specific classes in conjunction with CRF to estimate a pixel-scale segmentation,
by using the inference algorithm for fully connected CRF models in which the
pairwise edge potentials are defined by a linear combination of Gaussian kernels
(Abadi et al., 2016). Sticky edge-adhesive superpixels are generated and
snapped to the semantic class map to refine results. The superpixels are
computed on the base of the original preprocessed (contrast-enhanced, shape-
preserving be-exponential filtered) image by sticking the SEEDS superpixels,
based on Bergh et al., 2013, to the structured edges computed with Dollar and
Zitnick, 2015. The superpixels stack to the edges result in higher quality
boundaries. The segmentation classes from CRF are snapped to the computed
superpixels by majority voting of the regions: in particular, the superpixels that
overlap more than 60% with the semantic class are assigned the corresponding
label. Then, the re-training process of DCNN MobileNetV2 model is performed
by using image patches of 96 x 96 pixels. This process has been carried out in
Python environment with mainly TensorFlow and Tensorflow Hub (Abadi et al,
2016).

The routine aiming the pixel-wide classification substantially makes use of the
re-trained DCNN model (MobilenetV2 network) for classes’ prediction on
image patches from unseen images. Then, the probabilistic approach, based on
CRF above described, is applied in order to detail the information at the scale of
pixel. Finally, the sticky edge-adhesive superpixels, computed with the method
above described, allows further refining the final segmentation map. The
parameters optimization of the processes are here not fully discussed. This
generic procedure could be adopted for several type of monitoring activities,
employing any kind of image sources. It turns out that by using high-resolution
images (i.e. 8 Mega pix) a labelled database of around 12/15 images could
generate a good training database of thousands of patches, which could be
sufficient for reaching over 90% of validation precision.

Shoreline analysis

The procedure described in Sec. 3 has been implemented for different beach
morphologies. A guantitative assessment of the results is proposed in terms of
shoreline detection capabilities apply for the Ostriconi’s coastal stretch.
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As an example, the predicted classes overlay on the original oblique timex
image (averaged over two hours), are shown in Fig. 4a. For this application the
DCNN model has been trained with an averaged value of 4000 image patches
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Fig. 4. (a). Example of semantic segmentation of timex oblique image at Ostriconi. (b). Overlay
of manual, automatic shoreline, cross-shore transects on georectified timex image. (c). Statistic
box plots of differences between manual and automatic results.

for each class (see colormap and legend for classes reference on Fig. 4a), by
using 15 images. The validation accuracy obtained has been calculated as 0.915,
while the training accuracy as 0.932, by using 1000 training steps and 0.01 as
learning rate. Most training performance variation can be normally attributed to
few hyperparameters of neural network (default network values are here
applied) which, given the further detailing and refining processes here applied,
for this application have not been optimized.
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In order to derive the shoreline from long-exposure images, the sea/sand
interface is typically used as a proxy. Specifically, considered the several classes
used in this context, the shoreline as boundary between the two blocks of algae-
sand classes and foam-sea classes has been chosen. We selected to assess the
quality of results by employing the relative distances between the manual and
automatic shorelines (Ax) in real world coordinates, here presented for 14
datetimes (images). Both, the main errors derived from the quality of
segmentation and detection themselves and the one due to georectification
procedure are condensed in the statistics. The distribution of errors are displayed
as box plot in Fig. 4c, for each analyzed image, during the time interval ranging
between the 4™ of April and the 5" of May 2017 (not all the days are included).
For the most of images, the sample dispersion which is represented by the
distance between the upper and lower quartiles, is close to the median,
suggesting that over 50 % of data is concentrated around the median value. The
overall averaged value calculated is less than 1.8 m with a root mean square
error of around 2.5 m. Outliers of the box plot can be associated to further
transects, where the image footprints equals the value of around 10 m. They are
also associated with the beached Posidonia banquettes, with a swash interface
difficult to well localize. Generally, the automatic results seems promising in
terms of relative distances to manual drawings.

Sargassum warning system

Recently, there’s a growning need for the quantification of the spatio-temporal
pattern of floating/beached macroalgae, particularly Sargassum species and
remote/ground sensing application represents an interesting tool. Sargassum is
particularly distributed along the Gulf of Mexico and the Caribbean,
representing important ecological and economic interests. However, an
excessive growth has generated massive off-shore Sargassum shoals that
negatively affect coastal towns and certain coastal ecosystems (Cuevas, Uribe-
Martinez, & Liceaga-Correa, 2018). It has a negative effect on the tourism on
which much of the region depends — the sight and smell left beaches highly
unattractive, and swimming appears impossible. The issue is being taken so
seriously from governments across the Caribbean that they have initiated
emergency programmes to deal with this big issue.

In the effort of extending the capability of the ©Solarcam video system and the
automatic semantic segmentation, described in Sec. 3, a modelling chain is
being exploited aiming the development of a warning system to assist the local
government and municipalities in quantifying the beached/floating macroalgae.
This quantification plays a crucial role for defining strategies for collection (i.e.
trucks number and capacity) rather than the storage, and eventually the recycling
and/or reuse activities.
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The processing chain makes use of a three-step procedure: (i) collecting
necessary information of image and performing an automatic segmentation of
the coastal stretch investigated. (ii) Analyzing the predicted classes in order to
detect the potential Sargassum bloom/banquettes blobs, filtering based on
relative distances to potential close and far classes (beach, terrain/vegetation,
foam and sky, respectively), excluding the smallest ones. So, compute
boundaries and areas of each spots. (iii) Determine potential warning based on
absolute low thresholds (to be validated at each site) and/or consecutive
percentage  differences between successive hours/days. Georeference
information are useful for reporting useful data as in meters square rather than
pixel, by means of standard method for georectification (Valentini, Saponieri, &
Damiani, 2017) at mean sea level.
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CRF + Sticky superpixels prediction
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Fig. 5. Automatic Sargassum detection useful for the warning system under development for the
Carribean coasts (Martinique and Guadaloupe). Chain example for Anse Cafard beach, Le
Diamant, Martinique. (a). DCNN prediction on image patches, 96 pixels sized. The labels and
colors are described at the right. (b). CRF + Sticky superpixel processes output with detected
sargassum overlay. (FR). (c). Detail box from the lonely output of CRF process. (d). Same detail
after applying the contours enhancement procedure by using the sticky superpixels.

The described warning system procedure is being tested at several sites in
Martinique (FR), including three beaches and five coastal basins, for
beached/bloom macroalgae spots detection. As an example, some qualitative
results are presented in Fig. 5, which shows the spotted beached Sargassum at
the beach of Anse Cafard, Le Diamant, Martinique. The processes are
highlighted in the figures: from top to bottom, the DCNN (a) and the CRF +
sticky edge superpixels predictions (b). A dashed rectangle box is overlay on the
latter, in which the semantic contours detection is applied. Fig. 5c represents the
segmentation as solely CRF output, the (d) is the coupled CRF + sticky
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superpixels. As partly illustrated, snapping to sticky superpixels further
improves on boundary locations, as well as on noisy semantic segmentation
detections in places where the superpixels are not present.

Conclusion

We described in this study the capabilities of smartphone-based low-cost video
monitoring system, ©Solarcam, aiming the investigation of coastal parameters.
Results related to the description of the general dynamics of Posidonia,
characterized by two general mechanisms of deposit. The relationship of
nearshore algae dynamics with submerged morphological pattern such as
sandbar(s) has been briefly presented. A new approach for semantic
segmentation of coastal image has been highlighted in Sec. 3. The labelling,
DCNN training and prediction routines have been presented. The drawbacks
associated to the low spatial accuracy of DCNN segmentation has been alleviate
with CRF detailing. Aiming at increasing contours precision for detection of
fundamental boundaries (i.e. shoreline, algae spots, sand limits, etc.) the edges
snapping procedure has been introduced. Results improve consistently, as
outlined qualitatively in Sec. 4. The presented scheme represents an alternative
methodological frame for coastal image analysis. Particularly, with its large
range of applications: automation of tasks such as shoreline, surf area,
macroalgae and shoreface detection and classification. This method has been
implemented over a very simple, low-cost monitoring system and would be
beneficial for a variety of scopes. Further research in hyperparameters
optimization while training the model will assess a better classification of such
morphological features particularly those smaller than an image patch (96 sq.
pixel).
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