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ABSTRACT
In this paper we describe a workflow for monitoring maritime activity in marine protected areas which makes use
of open non-collaborative surveillance data. We developed a workflow that automatically searches for satellite
images that cover marine NATURA 2000 areas which are then classified using a Convolutional Neural Network
that is able to detect vessels in the areas of interest. Our neural network is trained using AIS data as ground
truth.
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1. INTRODUCTION
Recent initiatives by the European Commission study the effect of maritime activities in protected areas, such
as NATURA 2000 sites.1–3 In this context, EU working groups, such as the European Economic Interest Group,
have published studies aiming at raising awareness regarding the fact that certain maritime activities, such as
fishing vessels that carry specific gear can sometimes have a negative impact on the conservation of biodiversity
in protected areas (e.g., trawlers can cause damage to corals). Since the effects of vessel activities differ from
area to area and depend on the respective species under protection, each EU member state is responsible for
establishing its own regulations. In most cases, for each member state, the regulations come at the aftermath of
severe loss of biodiversity due to certain maritime activities.
Maritime Situational Awareness (MSA) is defined as the effective monitoring of all activities in the maritime
domain that could affect maritime safety and navigation. Sensor based data represent the main pillar of MSA
and can be divided into two broad categories: cooperative and non-cooperative systems. Cooperative systems
rely on the vessels crews collaboration to identify and report the vessels information, while non-cooperative
systems are designed to detect and track vessels that do not provide such information voluntarily.
The most popular Cooperative system, is the Automatic Identification System (AIS) that allows for exchanging messages between ships equipped with AIS transponders, coastal stations and other ships, equipped with AIS
receivers. Using AIS, both static and dynamic information about the navigation of vessels can be exchanged.
Static messages contain information about the vessel, such as its MMSI, name, type, dimensions, draught, destination, estimated time of arrival, etc. Dynamic messages provide navigational information about the vessel,
such as the current position speed, heading, course, and its navigational status. AIS was first introduced in
order to enable vessels exchange navigational information with nearby vessels in order to avoid collisions. Since
2004, AIS is considered mandatory for all commercial vessels over 299 Gross Tonnage (GT) and for all passenger
vessels regardless of their GT that travel internationally to carry a Class A AIS transponder (which transmits
and receives AIS data) aboard. Smaller vessels can also be equipped with a Class B AIS transponder. This
resulted in a large amount of information transmitted from vessels all around the world about their navigational
status and therefore AIS is considered nowadays as one of the most powerful tools employed to increase the
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maritime domain awareness in global scope. Despite the fact that AIS is a valuable source of information, it is
often insufficient, as (i) there are areas with limited AIS coverage, (ii) most vessels involved in illegal activities
turn off their transponder, and (iii) AIS is mandatory for only certain types of vessels, so there is part of the
global fleet that cannot be monitored through AIS.
Non-cooperative systems which are are designed to detect and track vessels that do not voluntarily provide
information, include coastal and high-frequency (HF) radar, active and passive sonar, ground- or vessel-based
cameras (e.g. thermal), and satellite and airborne Earth Observation (EO) systems. EO systems can be divided
into optical (generally visual and near-infrared) and Synthetic Aperture Radar (SAR) systems.
Copernicus∗ is a programme funded by the European Space Agency (ESA) with the aim of sending constellations of new generation satellites, named Sentinels, into orbit in order to monitor the Earth. The Sentinels,
in collaboration with global network of thousands of land-, air- and marine-based sensors collect approximately
12 TB of data daily. In this way, Copernicus can be considered as the largest space data provider in the world.
Copernicus images are publicly and freely accessible from the Sentinel Data Hub† and mirror sites. Sentinel
satellites are equipped with different kinds of sensors. Sentinel 1 satellites are a pair of satellites equipped with
SAR-C radar, providing high resolution radar images such that they are not affected by weather conditions.
Combining multi-origin information to determine relationships among the data is critical for MSA, as it
improves the understanding of a current complex environment. The fusion of data produced by cooperative
and non-cooperative systems contributes towards better coverage and robustness to failure, thus improving the
reliability and quality of the situational picture.
Our approach is based on the fusion of different data sources, mostly AIS and satellite data, and on the
employment of AI techniques such as neural networks. In the context of the work described in this paper, we
will integrate AIS information combined with Sentinel 1 images. The motivation of the work described in this
paper is the facilitation and automation of data analysis tasks for monitoring marine traffic in protected areas.

2. AUTOMATIC MONITORING OF PROTECTED AREAS USING AIS AND
SATELLITE DATA
In this section we describe our prototype implementation that is able to automatically detect vessels in protected
areas. In the scope of this paper we only consider NATURA 2000 sites as protected areas but other datasets
could be supported as well. In a nutshell, we present a fully automatic approach that is able to monitor protected
areas by searching, downloading and classifying images with respect to whether they contain vessels in protected
areas. For the classification task, we employed a Convolutional Neural Network (CNN). For the training task,
we implemented a fully automatic workflow which is based on the automatic annotation of satellite images using
AIS data.
In this section, we first describe the data sources that are used in our approach, and then we describe in more
detail the system architecture and workflows.

2.1 Data sources
A description of the data sources used in our workflow is provided below.
• Europe Coastline. A dataset provided by the European Environment Agency (EEA) that contains detailed
geometries of the european coastline in shapefile format‡ .
• NATURA 2000 areas. We used a dataset that contains information and geometry boundaries of European
NATURA 2000 sites. The dataset is available in Shapefile format by EEA§ . We refined this dataset using
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the European boundaries, so we created a dataset that contains only Marine NATURA 2000 sites, i.e.,
sites that are located in or intersect with the sea.
• AIS data. We used AIS data provided by MarineTraffic¶ . We used a subset of the attributes provided
through AIS from each vessel: the vessel location at the time the satellite image was acquired, the speed,
the heading, the course and the vessel type (e.g., cargo, tanker, etc.).
• Satellite images. We used Sentinel 1 images that are available online through the Sentinel Hubk . Sentinel
1 images are equipped with a C-SAR sensor, so it provides radar images in high resolution regardless of
the weather conditions.

Figure 1. NATURA 2000 site in the Baltic Sea overlayed by a Sentinel 1 image, depicting vessels, some of which are
located inside the protected area visualised in red colour

Figure 1 shows a Sentinel 1 image that covers an area in the Baltic sea. The NATURA 2000 sites located
in this area are highlighted in red. Vessels can be seen in the satellite image as white spots. It can be observed
that some of them are located into the protected area. AIS can provide auxiliary information about these vessels
(e.g., type of vessel, speed, how long it stayed in the area, etc.)

2.2 System Architecture and workflow

Figure 2. High level overview of the system workflow

We have created a system to monitor protected areas using Satellite images and AIS data. The workflow
of the system is depicted graphically in Figure 2 and it consists of two main tasks: (a) the offline processsing
task and (b) the online search and classification task. The workflow of the offline processing task consists of the
following steps:
¶
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1. First, Sentinel 1 imagery is downloaded from Sentinel portals, such as the Copernicus Data Hub and it is
divided into tiles.
2. Next, a land masking step is performed. This means that all pixels depicting land get removed from the
image, so that the reflection of the vessels will not get confused with the reflection coming from the land.
3. Then, the Sentinel image is correlated with AIS data. More specifically, we consider vessel positions that
were located in the area depicted in the Sentinel image at approximately the same time that the image
was acquired (We use a temporal window of five seconds for that).
4. The output of the correlation step is the automatic annotation of Sentinel image tiles: each image tile in
the training set gets labelled with whether it contains a vessel or not.
5. Given the training set produced automatically from the previous step, a Convolutional Neural Network is
trained using the Keras framework∗∗ . We experimented with a variety of different CNN architectures, and
resulted to a CNN that consists of 3 convolutional layers and 2 fully-connected layers, each one followed by
a ReLU activation layer. We also used Nadam optimiser, which is a variation of Adam optimiser enhanced
with Nesterov momentum. The fully-connected layers are followed by drop-out layers in order to avoid
model over-fitting.
The online classification task consists of the following steps:
1. First, the system automatically searches for Satellite images covering areas that overlap with the geographical boundaries marine NATURA 2000 sites. To implement this we use the Sentsat API†† . Then, we
automatically download the image and the metadata and divide the image into tiles.
2. Next, we proceed with a refinement step in which we filter out the image tiles that are not located in
protected areas.
3. Last, each image tile is classified using the trained model produced by the offline processing task.

3. DISCUSSION
One of the main components of our system architecture is the convolutional neural network. Convolutional
neural networks are neural networks that are known for their efficiency in classification tasks using images as
input, that stems from the fact that they are able to capture relevant features from an image on different levels,
in a way that is similar to the human brain. For this reason, there are a lot of efforts in literature that employ
CNNs to classify satellite images.4–16 The approach described in this paper is built upon these methods.
One of the limitations of the approach described in this paper is the fact the training set is automatically
generated by correlating AIS and satellite data. However, vessels with no AIS signal transmitted might appear
in the satellite image, creating errors in the automatically created training set, which if not corrected, might
create more false negatives in the prediction step. In the context of these work, we used satellite images in areas
with good AIS coverage to decrease the number of undetected vessels in the training set by eliminating cases
when the vessels are out of coverage (and have not necessarily switched off their transponder on purpose). To
eliminate the un-detected vessels in the training set even more, one can use the approach in a semi-automatic
way and correct the respective cases manually by examining the tiles that appear to have no vessel.
In the context of this work we used NATURA 2000 dataset and Sentinel 1 images. However, other data
sources (e.g., protected areas datasets published by governmental portals) can be used interchangeably. Sentinel
2 images can also be used instead of Sentinel 1 images. Since Sentinel 2 images are optical, instead of radar,
they (i) provide more visual information about a vessel (i.e., colour), and (ii) they are able to depict moving
objects more accurately, so the processing workflow does not need to take the azimuth shift into account. On
the other hand, Sentinel 2 images are not weather-independent, in contrast to the Sentinel 1 images. The
efficiency of the proposed workflow can also be improved by using Satellite images from commercial satellites
(e.g, micro-satellites) as input.
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4. CONCLUSIONS AND FUTURE WORK
In this paper we described a fully automatic approach for monitoring protected areas using AIS and satellite
imagery. Our approach is based on data fusion from multiple sources (i.e., Sentinel 1 images, AIS, NATURA
2000 sites, European coastline) and also on the implementation of a Convolutional Neural Network that is used
to classify the images that cover protected areas.
In future work, we plan to improve our data analysis workflow in order to be able to provide an estimation
about the risk associated with the activity of certain vessels in the respective protected areas, taking into account
the kinds of species that are protected in each NATURA 2000 site as well as the local regulations.
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