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Abstract 
 
The long-term EU strategy to support the sustainable growth of the marine and maritime sectors (Blue Growth) involves economic 
and ecological topics that call for new computer science systems to produce new knowledge after processing large amounts of data 
(Big Data), collected both at academic and industrial levels. Today, Artificial Intelligence (AI) can satisfy the Blue Growth strategy 
requirements by managing Big Data, but requires effective multi-disciplinary interaction between scientists. In this context, new 
Science paradigms, like Open Science, are born to promote the creation of computational systems to process Big Data while 
supporting collaborative experimentation, multi-disciplinarity, and the re-use, repetition, and reproduction of experiments and 
results. AI can use Open Science systems by making domain and data experts cooperate both between them and with AI modellers. 
In this paper, we present examples of combined AI and Open Science-oriented applications in marine science. We explain the direct 
benefits these bring to the Blue Growth strategy and the indirect advantages deriving from their re-use in other applications than 
their originally intended ones. 
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1. Introduction 
 

Blue Growth is the long-term European 
strategy for the sustainable growth of the marine and 
maritime sectors. These sectors currently involve 
more than 5 million jobs with a gross added value of 
around 500 billion euros per year (EU Commission, 
2019), and thus are integral parts of countries’ 
economy. Blue Growth involves problems that include 
Big Data and requires Artificial Intelligence 
modelling (Steven et al., 2019). Extracting knowledge 
from these Big Data is essential to prevent severe 
consequences on sea resources alteration due to 
overfishing, climate change, invasive species, and 
other disasters. 

Generally, the availability of Big Data in most 
fields of Science is strongly influencing the progress 
and evolution of Information Technology and 
consequently, the way Science is approached (Hey et 
al., 2009). Web and mobile applications and scientific 

and industrial experiments continuously produce Big 
Data and demand for new systems to process them, 
and extract information to produce new knowledge. 
Issues with Big Data, involve at least the following six 
“V” features: large Volume, high production Velocity, 
Variability of complexity, Variety of representational 
formats, untrustworthiness (Veracity) of the contained 
information, and high commercial or scientific Value 
of the extracted information. Managing and 
processing Big Data requires using non-conventional 
computer science architectures and models (Manyika 
et al., 2011). Indeed, in the last decade, new Science 
paradigms have been introduced to manage Big Data 
while supporting collaborative experimentation, 
multi-disciplinarity, and the open publication of 
scientific findings. These paradigms include Open 
Science, e-Science, and Science 2.0, which are rapidly 
converging towards the same objectives, i.e. (i) the 
open publication of results, findings and documents, 
(ii) the extraction of knowledge from Big Data 
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through proper computational platforms and models, 
(iii) the implementation of collaborative approaches 
for services and users to solve complex scientific 
problems, and (iv) the application of the three Rs of 
the scientific method: Reproducibility, Repeatability, 
and Re-usability of models and results (Andronico et 
al., 2011; EU Commission, 2016; Waldrop, 2008). In 
this paper, we will refer to Open Science (OS) as a 
representative of all the mentioned paradigms. 

While new Science paradigms evolve, 
Artificial Intelligence (AI) is overcoming its 
traditional boundaries - of research on systems that 
simulate human intelligence - to meet industrial 
applications (Jeschke et al., 2017; Leitao et al., 2016). 
However, AI models often need domain/data experts 
to collaborate with machine learning experts to refine 
models and gain high performance. Indeed, a key to 
achieving high performance in AI modelling is that 
multi-disciplinary teams cooperate efficiently. In this 
view, Open Science-compliant systems are crucial to 
support AI modelling. 

In this paper, we present examples of Open 
Science-oriented computer systems and AI 
approaches that have addressed and supported the 
Blue Growth strategy in several ways (summarised in 
Figs. 1-2). We also present how these systems, 
initially conceived for marine-science, have generated 
knowledge and methodologies that other scientists 
have re-used in other domains, thus extending their 
range of application. The paper is organised as 
follows: Section 2 describes standard features of Open 
Science-compliant platforms; Section 3 reports AI 
experiments - reported per application topic – 
supporting Blue Growth and Open Science; Section 4 
draws the conclusions. 
 

2. Open Science-oriented platforms 
 
Processing Big Data requires distributed or 

parallel computing systems that execute computations 
on several processors/cores or machines in a computer 
network (Attiya and Welch, 2004). Today, most of the 
available computing systems do not meet Open 
Science requirements, because (i) they usually manage 
specific community requirements, (ii) are much tied to 
specific repositories and data formats, and (iii) do not 
support collaborative experimentation. Further, they 
seldom take into account the open publication of the 
results and the support of the three Rs of the scientific 
method. However, examples of Open Science-
oriented platforms are available, that have been 
developed in the context of marine science and have 
been extended to other domains (Candela et al., 2016; 
Coro et al., 2017; Hunter et al., 2012). These platforms 
include distributed computing systems that are 
economically sustainable and support flexible and 
quick import of community-provided processes. 

They foster Open Science by embedding their 
computational platforms within an e-Infrastructure (e-
I), i.e. a network of hardware and software resources 
(e.g. Web services, machines, processors, databases 
etc.) allowing users residing at remote sites to 
collaborate and exchange information in a context of 
data-intensive Science (Andronico et al., 2011; 
Assante et al., 2019a). An e-I can make a 
distributed/parallel processing platform (e.g. a High-
Performance Computing, a Cloud/Grid Computing 
system etc.) interoperate with a distributed storage 
system and other services to manipulate, publish, 
harmonise, visualise, and access data.  

 

 
 

Fig. 1. Logic schema of e-Infrastructure features that support Open Science-oriented AI modelling and Big Data processing 
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Fig. 2. Logic schema of the support to Blue Growth by Open Science-oriented AI applications 
 

Also, an e-I can manage various access policies 
and formats for data payloads, data catalogues, 
security and accounting services, data sharing 
services, and social networking services. 

The distributed computing systems used by e-
Is mostly work in the same way as standard computing 
systems, but they also embed Open Science features. 
These features allow publishing processes (e.g. 
scripts, compiled programs etc.) as services that are 
invocable via a communication standard, and allow 
for their programmatic exploitation by other services, 
software, and workflows either provided by the e-I or 
by the communities using the e-I. Additional services 
enable quick integration of processes implemented 
under several programming languages to facilitate 
their usage and sharing. Usually, an e-I computational 
platform is also able to interoperate with other services 
of the e-I while tracking the provenance of an 
executed computation, i.e. the set of input/output data, 
parameters, and metadata that allow to precisely 
repeat the experiment. Finally, the platform should 
also support data and computational result sharing 
between users through collaborative online spaces. 

There are many examples of Open Science-
oriented platforms (Kramer and Bosman, 2016). 
However, few of them manage many of the mentioned 
properties with the same weight, e.g. D4Science 
(Assante et al., 2019b) and HubZero (McLennan and 
Kennell, 2010). Open-access platforms like 
Zenodo.org, Dataverse.org, and DataDryad.org, focus 
on the publication and re-use of documents, data, and 
software. Other platforms, e.g. Jupyter, focus on the 
reproducibility of processes and workflows (Kluyver 

et al., 2016), or foster the transparency of scientific 
workflows and collaborative multi-disciplinary 
experimentation (Staines, 2018; Thelwall and Kousha, 
2015). Overall, a fragmented scenario exists across e-
Infrastructures. Usually, scholars must use several 
platforms to reconstruct and repeat one experiment 
and retrieve results, documentation, and publications. 
The main reason is the high cost to manage all 
requirements of Open Science within one platform. 
Attempts to inter-connect several e-Infrastructures 
exist (Assante et al., 2019b; De Roure et al., 2008; 
Liew et al., 2016) that promote the introduction of 
standards for workflows’ definition and re-use, and for 
service interactions and data exchange. However, 
these attempts have achieved minimal success so far. 

Indeed, integral to Open Science compliance is 
the use of communication standards for all services 
and data that are integrated with the e-I. For example, 
the Web Processing Service standard (WPS) is 
commonly used to publish processes as-a-service and 
to enhance their interoperability with other services 
(Schut and Whiteside, 2007). The computational 
provenance can be described through the Prov-O 
XML-based standard (Lebo et al., 2013). The OAI-
PMH standard (Lagoze and Van de Sompel, 2001) is 
commonly used to describe metadata. The standards 
defined by the Open Geospatial Consortium (OGC, 
2019) are used for geospatial data description and 
access, and the Statistical Data and Metadata 
eXchange standard (SDMX, 2004) is used for time 
series search, retrieval, and inspection. The economic 
sustainability of Open Science platforms is usually 
managed by setting up fully automatic service 
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deployment systems and by relying on multiple 
machine providers (Assante et al., 2016; Coro et al., 
2015a). 

One of the main advantages for marine 
scientists when using these platforms is the possibility 
to execute their processes much faster without 
developing specific code for the e-I computational 
platform. This goal is crucial also to run scientific 
experiments that would be computationally 
impractical otherwise (Coro et al., 2015b; Froese et 
al., 2014). Another advantage is the possibility to work 
collaboratively in a multi-disciplinary team made up 
of scientists residing very far from each other and 
having complementary competences. To this aim, 
Open Science e-Is usually offer virtual laboratories 
that provide collaboration tools and computational 
resources dedicated to a research focus group (Assante 
et al., 2016). For example, within a virtual laboratory, 
marine biologists can work together with AI experts 
and exchange data and experimental parameters, while 
mutually revising experiments and including 
biologically-oriented knowledge into AI models 
(Santana et al., 2006; Stockwell et al., 2006). In the 
next sections, we will show examples of experiments 
supporting Blue Growth, where multi-disciplinary 
teams have shared their competences through e-Is to 
build novel solutions. 

Although the will to contribute to Open 
Science should naturally spur scientists to spend the 
effort required to share pre-processed data under 
recognised standards and to update these data 
continuously, the reality is that Open Science is still 
not practised spontaneously. This scenario is an open 
issue for OS-oriented e-Is. Some e-Is have introduced 
tools to help and accelerate e-I users to (i) standardise 
data, (ii) automatically import data from 
heterogeneous repositories, and (iii) make models 
available as standardised services (Assante et al., 
2019a; Candela et al., 2015; Coro et al., 2018c). Other 
e-Is have proposed academic index calculation 
promoting open-access research (Thelwall and 
Kousha, 2015). However, the European Commission 
has a strategic implementation plan to foster Open 
Science practice (EOSC, 2019). Also, it has funded 
European projects to accomplish data/model sharing 
and standardisation within very large consortia (Blue-
Cloud, 2019). 

 
3. AI Applications for blue growth 

 

3.1. Ecological niche modelling 
 

Ecological niche modelling (ENM) refers to a 
set of computer-based approaches that predict the 
actual or potential distribution of a species across a 
geographic area and time. ENM is mostly based on 
environmental data and aims at identifying the abiotic 
and biotic conditions that favour a species' 
subsistence. ENM has been used in conservational 
biology and ecology, where approaches are 
categorised as correlative or mechanistic (Pearson, 
2007). While correlative approaches model a species' 

niche as a function of the environmental parameters, 
mechanistic approaches use explicit information on 
the species' physiology. Correlative approaches have 
used AI techniques to model niche functions, in 
particular to (i) identify the most relevant 
environmental data to a species' ecological niche, (ii) 
simulate niche functions, and (iii) project these 
functions onto geographical spaces. 

Identifying the environmental features 
correlated to a species' niche requires combining 
occurrence locations records (i.e. the presence points 
where the species was observed) - and possibly 
absence locations (where the species cannot subsist) - 
with the environmental parameters of those locations. 
Before simulating a niche function, the environmental 
features should be pre-processed and combined to 
maximise the correlation with the species' preferences. 
To this aim, processing techniques like Principal 
Component Analysis and machine learning (e.g. 
Maximum Entropy and cluster analysis) are 
commonly used (Coro et al., 2015b; Phillips and 
Dudík, 2008). Machine learning models are normally 
used to simulate a niche function, e.g. Generalised 
Linear Models, Artificial Neural Networks, Maximum 
Entropy, Support Vector Machines etc. (Coro et al., 
2013a; Olden et al., 2008; Pearson, 2007). These 
models learn and simulate the correlation between 
presence (and sometimes absence) points and 
environmental parameters as a function with range 
[0,1]. This function is finally projected onto a 
geographical area at a specific spatial resolution by 
applying the learned function to the environmental 
parameters of that area. 

In the context of Blue Growth, AI-based ENM 
(AI-ENM) approaches have been used in multi-
disciplinary EU projects. For example, they have been 
used to detect the presence of rare species in a 
particular area as indicators of areas to be protected 
from fisheries and exploitation (Coro et al., 2013a; 
Owens et al., 2012). Further, AI-ENM has been used 
to assess species commonness and absence in marine 
areas as indicators of biodiversity change in time 
(Coro et al., 2015c; Pearman and Weber, 2007; Webb 
et al., 2012). In these cases, the use of AI, and in 
particular of pattern recognition techniques, was 
necessary to combine the expertise of conservation 
biologists with that of data scientists and AI modellers. 
Indeed, OS-oriented infrastructures have played an 
essential role in these experiments to (i) foster multi-
disciplinary collaboration, (ii) produce results while 
publishing models as Web services, and (iii) 
disseminate results to decision-makers (Coro et al., 
2016b; Vanden Berghe et al., 2010). AI-based ENM 
through OS-oriented e-Is is applicable as long as the 
e-I makes occurrence records - and the environmental 
parameters associated with these records - accessible 
to the models. Currently, the produced species 
distribution maps are of great support to taxonomic 
studies and are usually associated with species' 
descriptions in most large taxonomic collections 
(Froese, 1990). 
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3.2. Vessel data analysis and fishing activity 
forecasting 

 
Vessel Monitoring Systems (VMSs) are either 

physical or virtual electronic systems that enhance 
maritime security and fishing activity monitoring. 
Tracking systems, based on information transmitted 
by on-board GPS (Vessel Transmitted Information, 
VTI), integrate different transmission technologies 
that are eventually processed by a computer system 
(Chang, 2003). These data have Big Data 
characteristics and require distributed storage systems 
to be managed and AI modelling for extracting 
valuable information. One common application based 
on VMSs is the monitoring of unreported, 
unregulated, and illegal (UUI) fishing activity (Davis, 
2000). For this task, computer systems combine 
documents with time series information through AI 
models (e.g. Bayesian models and Artificial Neural 
Networks) to estimate the type of fishing activity 
performed by a group of vessels in a particular area 
and period (Joo et al., 2011; Walker and Bez, 2010). 
VTI has been used in AI models also to estimate the 
behavioural response of birds and marine species to 
commercial fisheries activity (Votier et al., 2010). 
Other applications have used AI to enhance the 
precision and reliability of VTI time series, which 
usually contain gaps and biases (Palmer and Wigley, 
2009). Also, other models have combined AI-ENM 
with VTI to estimate locations with high fishing 
pressure (Campanis, 2008; Coro et al., 2013a). These 
methods help the Blue Growth strategy to regulate 
illegal activity and monitor the exploitation of marine 
resources. For example, tuna fisheries in the Pacific 
and Indian oceans produce several times the incomes 
of all other fisheries combined and involve frequent 
UUI fishing activity (Lymer et al., 2008). Thus, 
forecasting VTI time series is helpful to predict future 
exploitation rates and locations as well as illegal and 
piracy activity (Hollowed et al., 2011). Methods used 
in this context include Artificial Neural Networks 
combined with signal processing techniques (e.g. 
Fourier Analysis, Singular Spectrum Analysis), which 
decompose the time series of effort, longitudes, and 
latitudes into components that represent the essential 
structure of the time series and project them in the 
future (Coro et al., 2016a). Open Science technology 
has been used in these experiments also to gather and 
share data from VTI repositories (Coro et al., 2013b, 
Lee et al., 2010). AI-based VTI processing is being 
included in decision processes and management 
strategies. Large companies - like Google - are 
proposing open-access AI-based vessel monitoring 
systems, through online platforms (Merten et al., 
2016). These platforms also promote VTI re-use in AI 
models to produce indicators for decision-makers. For 
example, monitoring authorities have used them to 
evaluate the success of the application of management 
strategies (Witkin et al., 2016). 

Based on time series of annual catch statistics 
(at land or in the seas), AI methods are more and more 
used in fisheries to assess a stocks' status, e.g. to 

estimate the biomass still available for fishing and the 
yearly sustainable catch. These stock assessment 
techniques are becoming more and more crucial to 
safeguard the availability of food resources. One 
parameter estimated by the models is the Maximum 
Sustainable Yield (MSY), i.e. the maximum catch that 
can be taken from a commercial species in a specific 
area (i.e. a stock), so that catch corresponds to 
repopulation in the next year. Most stock assessment 
models are statistical models that require a large 
amount of prior information (Froese et al., 2017; 
Shepherd and Pope, 2002). However, data-poor 
models are emerging that rely just upon time series of 
catch, biomass, and fishing effort, and estimate MSY 
with comparable accuracy with respect to data-rich 
models (Froese et al., 2018a). These data-poor models 
increase the number of people and countries who can 
independently assess the status of their resources 
(Froese et al., 2018b). These models usually rely on 
population dynamics formulations and estimate life-
history traits of the stock, e.g. the intrinsic rate of 
growth and the carrying capacity. They are generally 
computationally intensive, and high-performance 
models use exhaustive techniques like Markov Chain 
Monte Carlo methods (Cope, 2013; Froese et al., 
2017; 2018a). Some of these models are available 
through Open Science platforms and support courses 
and scientists' assessments (Coro et al., 2015a; i-
Marine, 2015). Stock assessment models are already 
considered in decision-making processes, and their 
results have been debated in political agendas 
(Oceana, 2017). Indeed, the suggestions deriving from 
scientific models are being actually considered in 
management strategies in Europe, with a decreasing 
compliance gradient from North to South (Froese et 
al., 2018b). 

 
3.3. Climate change and effects on species’ 
distribution 

 
Climate change is currently one of the most 

discussed topics in public and scientific agendas. 
Ecological changes have potentially disruptive effects 
on many aspects of human life (Boon et al., 2011; 
Fritze et al., 2008). Climate change also influences 
species' habitat distributions, especially if coupled 
with anthropogenic pressure. This combination has 
already shown adverse effects on species' abundance 
and biodiversity at the global level (Cheung et al., 
2009; SCBD, 2009). Climate change has severe 
consequences on many ecosystem services that are 
integral for human well-being, e.g. food, water, 
leisure, and recreation provisioning (Harley et al., 
2006), and are taken into account by the Blue Growth 
strategy. ENMs have been used to measure the 
potential impact of climate change on species' habitat 
distribution. These approaches use forecasts of 
environmental parameters under different greenhouse 
gases emission scenarios (Coro et al., 2016c; 
Fernandes et al., 2013). However, reliable estimates 
require using complex models and massive 
computational resources. Thus, they are mostly 
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limited to the near future and to a regional scale. High-
quality forecasts of marine-related environmental 
parameters, combine information of air and ocean 
currents dynamics with socio-economic factors (under 
different greenhouse gases emission scenarios). They 
require high-performance computing systems even to 
produce regional-scale forecasts (Artale et al., 2010; 
Gualdi et al., 2013). However, the products of these 
models are Big Data that can be analysed with OS-
compliant technologies and can be reused in ENMs 
and stock assessment models to analyse trends of 
ecological change due to climate change, and assess 
impact on habitat shift, fisheries, and food 
provisioning (Coro et. al., 2016b). For example, time 
series analysis and pattern recognition have been 
applied to environmental parameters forecasts 
focussing on different global marine areas and oceans 
(Coro et. al., 2018a). This application has revealed 
notable properties, for example that (i) the 
Mediterranean Sea has potentially a standalone 
"response" to climate change with respect to other 
areas, (ii) the trends of the Poles are the most 
representative of global change, and (iii) the current 
trends are generally negative and alarming in most 
oceans.  

This information is crucial from the Blue 
Growth strategy point of view since the retreat of polar 
ice and the deterioration of tropical ecosystems - due 
to acidification - influence food availability, organism 
growth, and reproduction. Most of these 
considerations and reports have been taken into 
account by the Paris Climate Agreement in 2016. 

Pattern recognition techniques have also been 
applied to extensive collections of ENM models' 
projections to extract global patterns of habitat shift 
and biodiversity change, and to assess the impact of 
climate change on fisheries (Otto et al., 2016; Uhe et 
al., 2016). OS-compliant technology has demonstrated 
effectiveness at combining different AI-ENM models 
with fisheries information while 
retrieving/harmonising parameters forecasts from 
extensive collections (Coro et al., 2018b). These 
models coarsely approximate very complex systems, 
but the extracted change rate indicators have a 
significant overlap with human expert assessments. 
For example, AI models have correctly predicted the 
increase of species richness of small-body fishes in the 
North Sea (Perry et al., 2005), a general shift of their 
latitudinal and depth ranges (Dulvy et al., 2008), and 
the probable replacement of calcareous corals by non-
calcareous algae in high CO2 regions (Bellwood et al., 
2004). 
 
3.4. Alien and invasive species 

 
Alien invasive species (AIS) are animals and 

plants that arrive somehow in a non-native natural 
environment and have severe consequences on the 
habitats their invade.  

These species can settle in the new 
environment, increase in number, spread in the 
invaded area and threaten native species and countries' 

economy (Galil, 2008). High growth and reproduction 
rate, lack of natural predators, ability to exploit food 
resources, and tolerance to a wide range of 
environmental conditions are shared characteristics of 
the most dangerous species (Yaglioglu et al., 2011). 
Recent studies indicate that more than 5% of the 
marine species in the Mediterranean Sea are non-
native (alien) and 13.5% are invasive (Galil, 2009; 
Golani, 2010; Zenetos et al., 2015). Supervising 
organisations spend considerable effort to monitor and 
predict AIS spread and avoid economic and ecological 
disasters. In the Mediterranean Sea, AIS especially 
enter through the Suez Canal, and their number is 
continuously increasing (Golani, 2010; Nader et al., 
2012). For example, the silver-cheeked toad-fish 
Lagocephalus sceleratus (Gmelin, 1789) has begun 
the invasion around 2003 and has rapidly invaded all 
the eastern Mediterranean basin (Akyol et al., 2005; 
Peristeraki et al., 2006). This pufferfish is 
extraordinarily poisonous and lethal to humans if 
eaten, due to a high level of Tetrodotoxin (TTX) 
contained mainly in the liver and excreted from the 
skin (Nader et al., 2012; Yaglioglu et al., 2011). It is 
favoured by climate change because it prefers 
medium-high water temperature, which also increases 
its TTX production.  

In Turkey, this species has caused a 5 million 
euros monetary loss between 2013 and 2014 and 
currently represents 4% of the weight of total artisanal 
catches (Nader et al., 2012). Further, since 2003 it has 
caused several episodes of death and severe illness 
after consumption since fishermen and ordinary 
people usually cannot identify it (Bentur et al., 2008; 
Kheifets et al., 2012). According to Blue Growth, it is 
crucial to detect, prevent, and eradicate this type of 
AIS. Selective fishing has been proposed as a solution 
but has not been effective. However, AI models have 
been used to forecast invasion patterns and thus to 
guide the development of preventive and corrective 
actions (Coro et al., 2018a; Pouteau et al., 2011; 
Sadeghi et al., 2012). In particular, AI-ENMs have 
been used to evaluate the differences between an AIS 
native habitat and the invaded region and have used 
climate forecasts to predict how climate change may 
facilitate the invasion (Sax et al., 2007; Thuiller et al., 
2005). These AI-ENMs use machine learning and 
statistical models, e.g. Genetic Algorithms, Maximum 
Entropy, Artificial Neural Networks, and Support 
Vector Machines (Kulhanek and Bodur, 2011; 
Peterson, 2003; Sadeghi et al., 2012; West et al., 
2016).  

Also, they have been combined with economy-
related information to assess the potential economic 
impact of the invasion (Coro et al., 2018b; Ünal et al., 
2017). In this context, OS-oriented approaches have 
demonstrated efficiency in terms of reducing the time 
for integrating ENMs with economy-related data and 
effectiveness in building ensemble models (Assante et 
al., 2019b). Thanks to the reproducible and transparent 
methodologies implemented, the results have been 
included in international strategy documents and 
decision-makers' agendas (FAO, 2017). 
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3.5. Cross-domain Reuse of Models and Approaches 

 
Open-Science AI models and approaches 

developed for ecological and climate modelling can be 
re-used for other scopes of the Blue Growth strategy. 
For example, they can be used in underwater habitats 
restoring and for sustainable tourism, through the 
implementation of tools for scuba-divers (Lucrezi et 
al., 2018; Palma et al., 2017). These applications can 
benefit from OS products such as GIS services, ENM 
species maps, AI-assisted applications, and 
collaboration tools. For example, OS services have 
been used to endow scuba-divers with ENM GIS maps 
in an explored area, and with processes for underwater 
photo sharing that rebuild an explored area as a 3D 
model through photogrammetry (Coro et al., 2019a; 
Palma et al., 2018a, 2018b). Additionally, Web 
services have been built to offer Virtual Reality tools 
to explore these reconstructions (Calvi et al., 2017; 
Coro et al., 2019). These OS services address both 
scientists who want to monitor the status of an 
ecosystem (e.g. a coral reef) in time, and tourists who 
want to plan the exploration of an underwater area and 
may use the 3D reconstructions to plan further visits. 
Thus, through OS-compliant platforms, it is possible 
to re-use models initially conceived for a specific 
scientific task on a new Blue Growth topic, such as 
citizen science, which may create financial gain and 
social benefits. 

The Food and Agriculture Organisation of the 
United Nations (FAO) has sponsored Open Science 
platforms, and AI-enabled Virtual Research 
Environments, to support social analyses in marine 
science (FAO, 2020a, 2020b). In particular, these 
environments offer solutions to (i) visualise, analyse, 
and report essential ecological features within marine 
protected areas, (ii) study human-activity impact on 
these areas, (iii) monitor aquaculture activity through 
the automatic processing of Earth observations, (iv) 
understand aquaculture impact on protected areas, and 
(v) support maritime spatial planning. Generally, 
techniques conceived to process Big Data in social 
sciences have also been proposed to manage Blue 
Growth topics (Aronova et al., 2010; Palma et al., 
2019). The idea behind these approaches is that the 
management of protected areas can benefit from the 
complementation of ecological information with 
social-science analyses regarding environmental 
economics, tourism, ecosystem-generated services, 
and the socio-cultural value of biodiversity (Bennett et 
al., 2017; Gruby et al., 2016; Mascia et al., 2003). 
Overall, integrating biodiversity conservation with 
human dimensions is an integral part of the concept of 
Digital Earth (Gore, 1998; Guo, 2017; Guo et al., 
2014), i.e. a virtual representation of the globe that 
should allow accessing a vast amount of scientific and 
cultural information, and help people understand the 
Earth and human activities. 

AI models for marine science have also been 
re-used through OS platforms in entirely different 
domains. For example, AI approaches assessing 

marine species commonness have been re-applied as-
they-were to rivers restoration, e.g. to identify regions 
where groundwater mixes with a river's bed 
(hyporheic zone) (Magliozzi et al., 2019). Likewise, 
Maximum Entropy models for ENM have been re-
applied to identify the most suitable sites for a 
geothermal energy plant installation by treating 
planting suitability as a species-presence function of 
environmental parameters (Coro and Trumpy, 2019). 
These applications were possible thanks to the re-
usability guaranteed by the standardisation of data and 
processes provided by an OS platform, which allows 
re-applying the models to new data. 
 
4. Conclusions 
 

In this paper, we have presented technology 
and methods that support the Blue Growth strategy 
with economic, ecological, and sustainability assets. 
Artificial Intelligence, combined with Open Science-
oriented platforms, can convince decision-makers to 
include results in their management strategies, thanks 
to the transparency of the supported methodologies. 
Thus, a sustainable management of marine and coastal 
ecosystems can be addressed by combining 
complementary competencies and approaches through 
collaborative online tools, and then by openly offering 
reproducible results to decision-makers. Important 
features brought by OS-compliant platforms to this 
context are (i) the transparency of the methodologies 
through the repeatability and reproducibility of the 
processes, (ii) the longevity guaranteed to data and 
processes through platform sustainability plans, (iii) 
the re-usability of the hosted models across different 
domains, (iv) the management of Big Data complexity 
and size, (v) the production of new knowledge as a 
consequence of the creation of new methodologies. 

Overall, the reported examples indicate that AI 
is supporting Blue Growth in several ways: (i) to 
simplify complex problems through the discovery of 
an underlying analytical function defined on the input 
parameters, (ii) to select important information out of 
a large set of parameters related to a particular 
phenomenon, (iii) to estimate the parameters of a 
function that regulates a complex system, (iv) to 
produce and discover new knowledge out of Big Data, 
and (v) to find new virtuous combinations between 
datasets. One possible drawback is that most AI 
models do not reveal the rationale behind their outputs 
(e.g. Artificial Neural Networks, Long Short-Term 
Memory models, etc.), which often prevents 
explaining the mechanisms behind the modelled 
phenomenon. Further, the results are possibly driven 
by the prior knowledge of the modeller, who pre-
selects particular input parameters or introduces prior 
information in variable initialisation (e.g. in Bayesian 
models). These shortcomings, together with the 
difficulty to make Open Science practised in every 
experiment, are hindrances also for Blue Growth 
development and will be a focus of future research in 
these sectors. 
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The future of OS-platforms will likely see AI 
also used as an e-Infrastructure meta-model to 
improve the cooperation between users. Indeed, an AI 
model working over an OS-platform can analyse the 
practices of the platform’s users to inform other users 
about the possible cross-domain applications of their 
methods and data. This approach would create new 
collaborative laboratories and focus groups. New 
knowledge would come out not only from the data 
owned by the single scientists but also from their 
practice that – when repeatable and standardised – 
may be re-used for novel applications. This 
combination of AI and OS could also help to combine 
and harmonise the many topics addressed by the Blue 
Growth strategy itself. 

 
References 
 
Akyol O., Ünal V., Ceyhan T., Bilecenoglu M., (2005), First 

confirmed record of Lagocephalus sceleratus (Gmelin, 
1789) in the Mediterranean Sea, Journal of Fish 
Biology, 66, 1183-1186. 

Andronico G., Ardizzone V., Barbera R., (2011), e-
infrastructures for e-science: a global view, Journal of 
Grid Computing, 9, 155-184. 

Aronova E., Baker K.S., Oreskes N., (2010), Big science and 
big data in biology: from the international geophysical 
year through the international biological program to the 
Long Term Ecological Research (LTER) Network, 
1957-Present, Historical Studies in The Natural 
Sciences, 40, 183-224. 

Artale V., Calmanti S., Carillo A., Dell’Aquila A., 
Herrmann M., Pisacane G., Bi X., (2010), An 
atmosphere–ocean regional climate model for the 
Mediterranean area: assessment of a present climate 
simulation, Climate Dynamics, 35, 721-740. 

Assante M., Candela L., Castelli D., Cirillo R., Coro G., 
Frosini L., Pagano P., Panichi G., Sinibaldi F., (2019a), 
The gCube system: delivering virtual research 
environments as-a-service, Future Generation 
Computer Systems, 95, 445-453. 

Assante M., Candela L., Castelli D., Cirillo R., Coro G., 
Frosini L., Sinibaldi F., (2019b), Enacting open science 
by D4Science, Future Generation Computer Systems, 
101, 555-563. 

Assante M., Candela L., Castelli D., Coro G., Lelii L., 
Pagano P., (2016), Virtual research environments as-a-
Service by gCube, PeerJ Preprints, 4, e2511v1. 

Attiya H., Welch J., (2004), Distributed Computing: 
Fundamentals, Simulations, and Advanced Topics, vol. 
19, 1st Edition, John Wiley and Sons (Eds.), Hoboken 
New Jersey. 

Bellwood D.R., Hughes T.P., Folke C., Nyström M., (2004), 
Confronting the coral reef crisis, Nature, 429, 827. 

Bennett N.J., Roth R., Klain S.C., Chan K., Christie P., Clark 
D.A., Greenberg A., (2017), Conservation social 
science: Understanding and integrating human 
dimensions to improve conservation, Biological 
Conservation, 205, 93-108. 

Bentur Y., Ashkar J., Lurie Y., Levy Y., Azzam Z.S., 
Litmanovich M., Golik M., Gurevych B., Golani D., 
Eisenman A., (2008), Lessepsian migration and 
tetrodotoxin poisoning due to lagocephalus sceleratus 
in the eastern Mediterranean, Toxicon, 52, 964-968. 

 
Blue-Cloud, (2019), Blue-Cloud: Piloting innovative 

services for Marine Research & the Blue Economy, EU 

Commission Web site, On line at: 
https://cordis.europa.eu/project/id/862409. 

Boon H., Brown L., Clark B., Pagliano P., Tsey K., Usher 
K., (2011), Schools, climate change and health 
promotion: a vital alliance, Health Promotion Journal 
of Australia, 22, 68-71. 

Calvi L., Santos C.P., Relouw J., Endrovski B., Rothwell C., 
Sarà A., Pantaleo U., (2017), A VR Game to Teach 
Underwater Sustainability While Diving, Proc. 7th IFIP 
Conf. on Sustainable Internet and ICT for 
Sustainability, Funchal, Portugal, 1-4. 

Campanis G., (2008), Advancements in VMS data analyses, 
NAFO Annual Report 2008, On line at: 
https://www.nafo.int/Library/General-
Publications/Annual-Report/annual-report-2008. 

Candela L., Castelli D., Coro G., Lelii L., Mangiacrapa F., 
Marioli V., Pagano P., (2015), An infrastructure-
oriented approach for supporting biodiversity research, 
Ecological Informatics, 26, 162-172. 

Candela L., Castelli D., Coro G., Pagano P., Sinibaldi F., 
(2016), Species distribution modeling in the cloud, 
Concurrency and Computation: Practice and 
Experience, 28, 1056-1079. 

Chang S.J., (2003), Vessel Identification and Monitoring 
Systems for Maritime Security, IEEE Proceedings - 
37th Annual 2003 International Carnahan Conference 
on Security Technology, 14-16 October, Taipei, 
Taiwan, 66-70, 
http://doi.org/10.1109/CCST.2003.1297537. 

Cheung W.W., Lam V.W., Sarmiento J.L., Kearney K., 
Watson R., Pauly D., (2009), Projecting global marine 
biodiversity impacts under climate change scenarios, 
Fish and Fisheries, 10, 235-251. 

Cope J.M., (2013), Implementing a statistical catch-at-age 
model (Stock Synthesis) as a tool for deriving 
overfishing limits in data-limited situations, Fisheries 
Research, 142, 3-14. 

Coro G., Pagano P., Ellenbroek A., (2013a), Combining 
simulated expert knowledge with neural networks to 
produce ecological niche models for Latimeria 
chalumnae, Ecological Modelling, 268, 55-63. 

Coro G., Fortunati L., Pagano P., (2013b), Deriving fishing 
monthly effort and caught species from vessel 
trajectories, Proc. 2013 MTS/IEEE OCEANS, 10-14 
June, Bergen, Norway, 1-5, http://doi.org/ 
10.1109/OCEANS-Bergen.2013.6607976 

Coro G., Candela L., Pagano P., Italiano A., Liccardo L., 
(2015a), Parallelizing the execution of native data 
mining algorithms for computational biology, 
Concurrency Computation: Practice and Experience, 
27, 4630-4644. 

Coro G., Magliozzi C., Ellenbroek A., Pagano P., (2015b), 
Improving data quality to build a robust distribution 
model for Architeuthis dux, Ecological Modelling, 305, 
29-39. 

Coro G., Webb T.J., Appeltans W., Bailly N., Cattrijsse A., 
Pagano P., (2015c), Classifying degrees of species 
commonness: North Sea fish as a case study, Ecological 
Modelling, 312, 272-280. 

Coro G., Magliozzi C., Berghe E.V., Bailly N., Ellenbroek 
A., Pagano P., (2016a), Estimating absence locations of 
marine species from data of scientific surveys in OBIS, 
Ecological Modelling, 323, 61-76. 

Coro G., Large S., Magliozzi C., Pagano P., (2016b), 
Analysing and forecasting fisheries time series: purse 
seine in Indian Ocean as a case study, ICES Journal of 
Marine Science, 73, 2552-2571. 

Coro G., Magliozzi C., Ellenbroek A., Kaschner K., Pagano 
P., (2016c), Automatic classification of climate change 



 
Open science and artificial intelligence supporting blue growth 

 

 1727

effects on marine species distributions in 2050 using the 
AquaMaps model, Environmental and Ecological 
Statistics, 23, 155-180. 

Coro G., Panichi G., Scarponi P., Pagano P., (2017), Cloud 
computing in a distributed e-infrastructure using the 
web processing service standard, Concurrency and 
Computation: Practice and Experience, 29, e4219. 

Coro G., Pagano P., Ellenbroek A., (2018a), Detecting 
patterns of climate change in long-term forecasts of 
marine environmental parameters, International 
Journal of Digital Earth, 13, 1-19. 

Coro G., Vilas L.G., Magliozzi C., Ellenbroek A., Scarponi 
P., Pagano P., (2018b), Forecasting the ongoing 
invasion of Lagocephalus sceleratus in the 
Mediterranean Sea, Ecological Modelling, 371, 37-49. 

Coro G., Scarponi P., Pagano P., (2018c), Enhancing ARGO 
floats data re-usability, Bollettino di Geofisica Teorica 
e Applicata, 53, 53-55. 

Coro G., Palma M., Ellenbroek A., Panichi G., Nair T., 
Pagano P., (2019), Reconstructing 3D virtual 
environments within a collaborative e-infrastructure, 
Concurrency and Computation: Practice and 
Experience, 31, e5028. 

Coro G., Trumpy E., (2019), Predicting geographical 
suitability of geothermal power plants, Journal of 
Cleaner Production, 266, 121874. 

Davis J.M., (2000), Monitoring control and surveillance and 
vessel monitoring system requirements to combat IUU 
fishing, FAO Web site, On line at: 
http://www.fao.org/docrep/005/Y3274E/y3274e0g.ht
m. 

De Roure D., Goble C., Bhagat J., Cruickshank D., Goderis 
A., Michaelides D., Newman D., (2008), 
myExperiment: Defining the Social Virtual Research 
Environment, Proc. IEEE Fourth Int. Conf. on 
eScience, Indianapolis, USA, 182-189, 
http://doi.org/10.1109/eScience.2008.86 

Dulvy N.K., Rogers S.I., Jennings S., Stelzenmüller V., Dye 
S.R., Skjoldal H.R., (2008), Climate change and 
deepening of the North Sea fish assemblage: a biotic 
indicator of warming seas, Journal of Applied Ecology, 
45, 1029-1039. 

EOSC, (2019), European Open Science Cloud strategic 
implementation plan, EU Commission Web site, On 
line at: 
https://ec.europa.eu/research/openscience/index.cfm?p
g=open-science-cloud. 

EU Commission, (2016), European Commission, Open 
science definition, EU Commission Web site, On line 
at: 
https://ec.europa.eu/programmes/horizon2020/en/h202
0-section/open-science-open-access. 

EU Commission, (2019), European Commission, Blue 
Growth definition, EU Commission Web site, On line 
at: 
https://ec.europa.eu/maritimeaffairs/policy/blue_growt
h_en. 

FAO, (2017), Report of the Expert Meeting on Climate 
Change Implications for Mediterranean and Black Sea 
Fisheries, FAO Web site, On line at: 
http://www.fao.org/family-
farming/detail/en/c/1142401/. 

FAO, (2020a), The Protected Areas Impact Maps Virtual 
Research Environment, i-Marine Gateway, On line at: 
https://i-
marine.d4science.org/web/protectedareaimpactmaps. 

FAO, (2020b), The Aquaculture Atlas Generation Virtual 
Research Environment, i-Marine Gateway, On line at: 
https://i-

marine.d4science.org/web/aquacultureatlasgeneration. 
Fernandes J.A., Cheung W.W., Jennings S., Butenschön M., 

de Mora L., Frölicher T.L., Grant A., (2013), Modelling 
the effects of climate change on the distribution and 
production of marine fishes: accounting for trophic 
interactions in a dynamic bioclimate envelope model, 
Global Change Biology, 19, 2596-2607. 

Fritze J.G., Blashki G.A., Burke S., Wiseman J., (2008), 
Hope, despair and transformation: Climate change and 
the promotion of mental health and wellbeing, 
International Journal of Mental Health Systems, 2, 13. 

Froese R., (1990), FISHBASE: an information system to 
support fisheries and aquaculture research, Fishbyte, 8, 
21-24. 

Froese R., Thorson J.T., Reyes Jr.R.B., (2014), A Bayesian 
approach for estimating length-weight relationships in 
fishes (Acknowledgments), Journal of Applied 
Ichthyology, 30, 78-85. 

Froese R., Demirel N., Coro G., Kleisner K.M., Winker H., 
(2017), Estimating fisheries reference points from catch 
and resilience, Fish and Fisheries, 18, 506-526. 

Froese R., Winker H., Coro G., Demirel N., Tsikliras A.C., 
Dimarchopoulou D., Scarcella G., Probst W.N., Dureuil 
M., Pauly D., (2018a), A new approach for estimating 
stock status from length frequency data, ICES Journal 
of Marine Science, 75, 2004-2015. 

Froese R., Winker H., Coro G., Demirel N., Tsikliras A.C., 
Dimarchopoulou D., Scarcella G., Quaas M., Matz-
Lück N., (2018b), Status and rebuilding of European 
fisheries, Marine Policy, 93, 159-170. 

Galil B.S., (2008), Alien species in the Mediterranean Sea 
which, when, where, why?, Hydrobiologia, 606, 105-
116. 

Galil B.S., (2009), Taking stock: inventory of alien species 
in the Mediterranean Sea, Biological Invasions, 11, 
359-372. 

Golani D., (2010), Colonization of the Mediterranean by 
Red Sea fishes via the Suez Canal-Lessepsian 
migration, Fish Invasions of the Mediterranean Sea: 
Change and Renewal, 1, 145-188. 

Gore A., (1998), The Digital Earth: Understanding our 
planet in the 21st century, Australian surveyor, 43, 89-
91. 

Gruby R.L., Gray N.J., Campbell L.M., Acton L., (2016), 
Toward a social science research agenda for large 
marine protected areas, Conservation Letters, 9, 153-
163. 

Gualdi S., Somot S., Li L., Artale V., Adani M., Bellucci A., 
Déqué M., (2013), The CIRCE simulations: regional 
climate change projections with realistic representation 
of the Mediterranean Sea, Bulletin of the American 
Meteorological Society, 94, 65-81. 

Guo H., Wang L., Chen F., Liang D., (2014), Scientific big 
data and digital earth, Chinese science bulletin, 59, 
5066-5073. 

Guo H., (2017), Big Earth data: A new frontier in Earth and 
information sciences, Big Earth Data, 1, 4-20. 

Harley C.D., Randall Hughes A., Hultgren K.M., Miner 
B.G., Sorte C.J., Thornber C.S., Williams S.L., (2006), 
The impacts of climate change in coastal marine 
systems, Ecology Letters, 9, 228-241. 

Hey A.J.G., Tansley S., Tolle K.M., (2009), The Fourth 
Paradigm: Data-Intensive Scientific Discovery, vol. I., 
1st Edition, A.J. Hey (Ed.), Redmond, Washington, 
United States. 

Hollowed A.B., Barange M., Ito S.I., Kim S., Loeng H., 
Peck M.A., (2011), Effects of climate change on fish 
and fisheries: forecasting impacts, assessing ecosystem 
responses, and evaluating management strategies, ICES 



 
Coro/Environmental Engineering and Management Journal 19 (2020), 10, 1719-1729 

 

 1728 

Journal of Marine Science, 68, 984-985.  
Hunter A.A., Macgregor A.B., Szabo T.O., Wellington 

C.A., Bellgard M.I., (2012), Yabi: An online research 
environment for grid, high performance and cloud 
computing, Biology and Medicine, 7, 1, http://doi.org/ 
10.1186/1751-0473-7-1. 

i-Marine, (2015), The Stock Assessment Open Science 
Virtual Research Environment, i-Marine Gateway, On 
line at: https://i-
marine.d4science.org/web/stockassessment. 

Jeschke S., Brecher C., Meisen T., Özdemir D., Eschert T., 
(2017), Industrial Internet of Things and Cyber 
Manufacturing Systems, Industrial Internet of Things, 
vol. I, Springer, Cham, Switzerland, 3-19. 

Joo R., Bertrand S., Chaigneau A., Niquen M., (2011), 
Optimization of an artificial neural network for 
identifying fishing set positions from VMS data: an 
example from the Peruvian anchovy purse seine 
fishery, Ecological Modelling, 222, 1048-1059. 

Kheifets J., Rozhavsky B., Girsh Solomonovich Z., 
Marianna R., Soroksky A., (2012), Severe tetrodotoxin 
poisoning after consumption of Lagocephalus 
sceleratus (pufferfish, fugu) fished in Mediterranean 
Sea, treated with cholinesterase inhibitor, Case Reports 
in Critical Care, 2012, 782507. 

Kluyver T., Ragan-Kelley B., Perez F., Granger B., 
Bussonnier M., Frederic J., Kelley K., Hamrick J., 
Grout J., Corlay S., Ivanov P., Avila D., Abdalla S., 
Willing C., (2016), Jupyter Notebooks - A Publishing 
Format for Reproducible Computational Workflows, 
Proc. 20th Int. Conf. on Electronic Publishing, 
Gottingen, Germany, 87-90, http://doi:10.3233/978-1-
61499-649-1-87 

Kramer B., Bosman J., (2016), Innovations in scholarly 
communication-global survey on research tool usage, 
F1000Research, 5, 692. 

Kulhanek S.A., Leung B., Ricciardi A., (2011), Using 
ecological niche models to predict the abundance and 
impact of invasive species: application to the common 
carp, Ecological Applications, 21, 203-213. 

Lagoze C., Van de Sompel H., (2001), The Open Archives 
Initiative: Building A Low-Barrier Interoperability 
Framework, Proc. 1st ACM/IEEE-CS joint Conf. on 
Digital libraries, New York, United States, 54-62. 

Lebo T., Sahoo S., McGuinness D., (2013), Prov-O: the Prov 
ontology, W3C Recommendations’ Web site, On line 
at: https://www.w3.org/TR/prov-o/. 

Lee J., South A.B., Jennings S., (2010), Developing reliable, 
repeatable, and accessible methods to provide high-
resolution estimates of fishing-effort distributions from 
vessel monitoring system (VMS) data, ICES Journal of 
Marine Science, 67, 1260-1271. 

Leitao P., Karnouskos S., Ribeiro L., Lee J., Strasser T., 
Colombo A.W., (2016), Smart agents in industrial 
cyber–physical systems, Proceedings of the IEEE, 104, 
1086-1101. 

Liew C.S., Atkinson M.P., Galea M., Ang T.F., Martin P., 
Hemert J.I.V., (2016), Scientific workflows: moving 
across paradigms, ACM Computing Surveys (CSUR), 
49, 1-39. 

Lucrezi S., Milanese M., Palma M., Cerrano, C., (2018), 
Stirring the strategic direction of scuba diving marine 
Citizen Science: A survey of active and potential 
participants, PloS One, 13, e0202484. 

Lymer D., Funge-Smith S., Clausen J., Miao W., (2008), 
Status and potential of fisheries and aquaculture in Asia 
and the Pacific 2008, FAO Web site, On line at: 
http://www.fao.org/3/i1924e/i1924e00.pdf. 

Magliozzi C., Coro G., Grabowski R.C., Packman A.I., 

Krause S., (2019), A multiscale statistical method to 
identify potential areas of hyporheic exchange for river 
restoration planning, Environmental Modelling and 
Software, 111, 311-323. 

Manyika J., Chui M., Brown B., (2011), Big data: The next 
frontier for innovation, competition, and productivity, 
McKinsey Global Inst. Web site, On line at: 
https://www.mckinsey.com/business-
functions/mckinsey-digital/our-insights/big-data-the-
next-frontier-for-innovation. 

Mascia M.B., Brosius J.P., Dobson T.A., Forbes B.C., 
Horowitz L., McKean M.A., Turner N.J., (2003), 
Conservation and the social sciences, Conservation 
biology, 17, 649-650. 

McLennan M., Kennell R., (2010), HUBzero: a platform for 
dissemination and collaboration in computational 
science and engineering, Computing in Science and 
Engineering, 12, 48-53. 

Merten W., Reyer A., Savitz J., Amos J., Woods P., Sullivan 
B., (2016), Global Fishing Watch: Bringing 
transparency to global commercial fisheries, arXiv 
preprint, On line at: https://arxiv.org/abs/1609.08756. 

Nader M., Indary S., Boustany L., (2012), The puffer fish 
Lagocephalus sceleratus (Gmelin, 1789) in the eastern 
Mediterranean, EastMed Technical Documents, On line 
at: http://www.fao.org/3/a-ap967e.pdf. 

Oceana, (2017), EU Policy: Subsidies, Oceana Web site, On 
line at: https://eu.oceana.org/en/our-work/fishing-
subsidies/overview. 

OGC, (2019), Open Geospatial Consortium standards, OGC 
document repository, On line at: 
https://www.opengeospatial.org/docs/as. 

Olden J.D., Lawler J.J., Poff N.L., (2008), Machine learning 
methods without tears: a primer for ecologists, The 
Quarterly Review of Biology, 83, 171-193. 

Otto F.E., Van Oldenborgh G.J., Eden J., Stott P.A., Karoly 
D.J., Allen M.R., (2016), The attribution question, 
Nature Climate Change, 6, 813. 

Owens H.L., Bentley A.C., Peterson A.T., (2012), 
Predicting suitable environments and potential 
occurrences for coelacanths (Latimeria spp.), 
Biodiversity and Conservation, 21, 577-587. 

Palma M., Rivas Casado M., Pantaleo U., Cerrano C., 
(2017), High resolution orthomosaics of African coral 
reefs: A tool for wide-scale benthic monitoring, Remote 
Sensing, 9, 705. 

Palma M., Rivas Casado M., Pantaleo U., Pavoni G., Pica 
D., Cerrano C., (2018a), SfM-based method to assess 
gorgonian forests (Paramuricea clavata (Cnidaria, 
Octocorallia)), Remote Sensing, 10, 1154. 

Palma M., Pavoni G., Pantaleo U., Rivas Casado M., Torsani 
F., Pica D., Benelli F., Nair T., Ccoletti A., Dellepiane 
M., Callieri M., Scopigno R., Cerrano C., (2018b), 
Effective SFM-Based Methods Supporting 
Coralligenous Benthic Community Assessment and 
Monitoring, Proc. 3rd Mediterranean Symp. on the 
conservation of Coralligenous and other Calcareous 
Bio-Concretions, Antalya, Turkey, 94. 

Palma M., Magliozzi C., Rivas Casado M., Pantaleo U., 
Fernandes J., Coro G., Cerrano C., Leinster P., (2019), 
Quantifying coral reef composition of recreational 
diving sites: a structure from motion approach at 
seascape scale, Remote Sensing, 11, 3027. 

Palmer M.C., Wigley S.E., (2009), Using positional data 
from vessel monitoring systems to validate the 
logbook-reported area fished and the stock allocation of 
commercial fisheries landings, North American Journal 
of Fisheries Management, 29, 928-942. 

Pearman P.B., Weber D., (2007), Common species 



 
Open science and artificial intelligence supporting blue growth 

 

 1729

determine richness patterns in biodiversity indicator 
taxa, Biological Conservation, 138, 109-119. 

Pearson R.G., (2007), Species’ distribution modeling for 
conservation educators and practitioners, Synthesis of 
American Museum of Natural History, 50, 54-89. 

Peristeraki P., Lazarakis G., Skarvelis C., Georgiadis M., 
Tserpes G., (2006), Additional records on the 
occurrence of alien fish species in the eastern 
Mediterranean Sea, Mediterranean Marine Science, 7, 
61-66. 

Perry A.L., Low P.J., Ellis J.R., Reynolds J.D., (2005), 
Climate change and distribution shifts in marine fishes, 
Science, 308, 1912-1915. 

Peterson A.T., (2003), Predicting the geography of species 
invasions via ecological niche modeling, The Quarterly 
Review of Biology, 78, 419-433. 

Phillips S.J., Dudík, M., (2008), Modeling of species 
distributions with maxent: new extensions and a 
comprehensive evaluation, Ecography, 31, 161–175. 

Pouteau R., Meyer J.-Y., Stoll B., (2011), A SVM-based 
model for predicting distribution of the invasive tree 
Miconia calvescens in tropical rainforests, Ecological 
Modelling, 222, 2631-2641. 

Sadeghi R., Zarkami R., Sabetraftar K., Van Damme P., 
(2012), Use of support vector machines (SVMs) to 
predict distribution of an invasive water fern Azolla 
filiculoides (lam.) in anzali wetland, southern Caspian 
Sea, Iran, Ecological Modelling, 244, 117-126. 

Santana F.S., Fonseca R.R., Saraiva A.M., Correa P.L.P., 
Bravo C., De Giovanni R., (2006), OpenModeller - An 
Open Framework for Ecological Niche Modeling: 
Analysis and Future Improvements, Proc. Computers in 
Agriculture and Natural Resources, Orlando, Florida, 
787, http://doi.org/10.13031/2013.21974 

Sax D.F., Stachowicz J.J., Brown J.H., Bruno J.F., Dawson 
M.N., Gaines S.D., Grosberg R.K., Hastings A., Holt 
R.D., Mayfield M.M., (2007), Ecological and 
evolutionary insights from species invasions, Trends in 
Ecology and Evolution, 22, 465-471. 

SCBD, (2009), Secretariat of the Convention on Biological 
Diversity, Review of the Literature on the Links 
between Biodiversity and Climate Change: Impacts, 
Adaptation, and Mitigation, UNEP/Earthprint, On line 
at: https://www.cbd.int/doc/publications/cbd-ts-42-
en.pdf. 

Schut P., Whiteside A., (2007), OpenGIS web processing 
service, OGC document repository, On line at: 
http://www.opengeospatial.org/standards/wps. 

SDMX, (2004), The SDMX standard, SDMX Web site, On 
line at: https://sdmx.org. 

Shepherd J.G., Pope J.G., (2002), Dynamic pool models I: 
Interpreting the past using virtual population analysis, 
Handbook of Fish Biology and Fisheries, 2, 127-163. 

Staines H., (2018), Digital open annotation with hypothesis: 
Supplying the missing capability of the web, Journal of 
Scholarly Publishing, 49, 345-365. 

Steven A.D., Vanderklift M.A., Bohler-Muller N., (2019), A 
new narrative for the Blue Economy and Blue Carbon, 
Journal of the Indian Ocean Region, 15, 123-128. 

 
 
Stockwell D.R., Beach J.H., Stewart A., Vorontsov G., 

Vieglais D., Pereira R.S., (2006), The use of the GARP 
genetic algorithm and Internet grid computing in the 
Lifemapper world atlas of species biodiversity, 
Ecological Modelling, 195, 139-145. 

Thelwall M., Kousha K., (2015), Research Gate: 
Disseminating, communicating, and measuring 
Scholarship?, Journal of the Association for 
information Science and technology, 66, 876-889. 

Thuiller W., Richardson D.M., Pysek P., Midgley G.F., 
Hughes G.O., Rouget M., (2005), Niche-based 
modelling as a tool for predicting the risk of alien plant 
invasions at a global scale, Global Change Biology, 11, 
2234-2250. 

Uhe P., Otto F.E.L., Haustein K., van Oldenborgh G.J., King 
A.D., Wallom D.C.H., Cullen H., (2016), Comparison 
of methods: Attributing the 2014 record European 
temperatures to human influences, Geophysical 
Research Letters, 43, 8685-8693. 

Ünal V., Bodur H., (2017), The socio-economic impacts of 
the silver-cheeked toadfish on small-scale fishers: a 
comparative study from the Turkish coast, Journal of 
Fisheries and Aquatic Sciences, 34, 119-127. 

Vanden Berghe E., Halpin P.P., da Silveira F.L., Stocks K., 
Grassle F., (2010), Integrating Biological Data into 
Ocean Observing Systems: The Future Role of OBIS, 
Proc. OceanObs'09: Sustained Ocean Observations and 
Information for Society, Venice, Italy, 1-4. 

Votier S.C., Bearhop S., Witt M.J., Inger R., Thompson D., 
Newton J., (2010), Individual responses of seabirds to 
commercial fisheries revealed using GPS tracking, 
stable isotopes and vessel monitoring systems, Journal 
of Applied Ecology, 47, 487-497. 

Waldrop M.M., (2008), Science 2.0, Scientific American, 
298, 68-73. 

Walker E., Bez N., (2010), A pioneer validation of a state-
space model of vessel trajectories (VMS) with 
observers’ data, Ecological Modelling, 221, 2008-2017. 

Webb T.J., Freckleton R.P., Gaston K.J., (2012), 
Characterizing abundance–occupancy relationships: 
there is no artefact, Global Ecology and Biogeography, 
21, 952-957. 

West A.M., Kumar S., Brown C.S., Stohlgren T.J., 
Bromberg J., (2016), Field validation of an invasive 
species maxent model, Ecological Informatics, 36, 126-
134. 

Witkin T., Reyer A., Savitz J., (2016), Global Fishing Watch 
Reveals a Fisheries Management Success in the 
Phoenix Islands, Oceana Reports, On line at: 
https://usa.oceana.org/publications/reports/global-
fishing-watch-reveals-fisheries-management-success-
phoenix-islands. 

Yaglioglu D., Turan C., Erguden D., Gurlek M., (2011), 
Range expansion of silverstripe blaasop, Lagocephalus 
sceleratus (Gmelin, 1789), to the northeastern 
Mediterranean Sea, Biharean Biologist, 5, 159-161. 

Zenetos A., Arianoutsou M., Bazos I., Balopoulou S., 
Corsini-Foka M., Dimiza M., Drakopoulou P., 
Katsanevakis S., Kondylatos G., Koutsikos N., (2015), 
Elnais: A collaborative network on aquatic alien species 
in Hellas (Greece), Management of Biological 
Invasions, 6, 185-196. 

 
 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


