Department of Civil and Environmental Engineering

Application of advanced geospatial computation and technology to model and manage coastal
environments

Application of advanced
geospatial computation and
technology to model and
manage coastal
environments
Anas Altartouri

BUSINESS +
ECONOMY

SCIENCE +
TECHNOLOGY
CROSSOVER
DOCTORAL
DISSERTATIONS

Aalto University

ART +
DESIGN +
ARCHITECTURE

Aalto University
Department of Civil and Environmental Engineering
www.aalto.fi

Anas Altartouri

9HSTFMG*agcfej+

ISBN 978-952-60-6254-9 (printed)
ISBN 978-952-60-6255-6 (pdf)
ISSN-L 1799-4934
ISSN 1799-4934 (printed)
ISSN 1799-4942 (pdf)

Aalto-DD 86/2015

Advancements in geo-computational
methods and geospatial technologies are of
great utility in environmental applications
as they enhance the performance of
environmental models and the efﬁciency of
environmental information systems. This
provides scientists and natural resource
managers with powerful instruments for
understanding, predicting, and informing in
the environmental domain. This thesis
employs a number of these methods and
technologies for two applications in coastal
ecosystems and sheds light on some of their
methodological and management
implications. As development is constantly
being made in computational and
information science and technology, new
approaches and techniques utilizing these
advancements need to be developed,
applied, and evaluated aiming at solving
environmental problems and advancing
sustainability.

DOCTORAL
DISSERTATIONS

Aalto University publication series
DOCTORAL DISSERTATIONS 86/2015

Application of advanced geospatial
computation and technology to model
and manage coastal environments
Anas Altartouri

A doctoral dissertation completed for the degree of Doctor of
Science (Technology) to be defended, with the permission of the
Aalto University School of Engineering, at a public examination held
at the lecture hall M1 of the school on 24 June 2015 at 12.

Aalto University
School of Engineering
Department of Civil and Environmental Engineering

Supervising professor
Associate Professor Jaana Sorvari
Thesis advisor
Dr. Ari Jolma, Biwatech Ltd., Finland
Preliminary examiners
Professor Danielle Marceau, University of Calgary, Canada
Professor Robert Gilmore Pontius Jr, Clark University, USA
Opponent
Professor Petter Pilesjö, Lund University, Sweden

Aalto University publication series
DOCTORAL DISSERTATIONS 86/2015
© Anas Altartouri
ISBN 978-952-60-6254-9 (printed)
ISBN 978-952-60-6255-6 (pdf)
ISSN-L 1799-4934
ISSN 1799-4934 (printed)
ISSN 1799-4942 (pdf)
http://urn.fi/URN:ISBN:978-952-60-6255-6
Unigrafia Oy
Helsinki 2015
Finland

Abstract
Aalto University, P.O. Box 11000, FI-00076 Aalto www.aalto.fi

Author
Anas Altartouri
Name of the doctoral dissertation
Application of advanced geospatial computation and technology to model and manage coastal
environments
Publisher School of Engineering
Unit Department of Civil and Environmental Engineering
Series Aalto University publication series DOCTORAL DISSERTATIONS 86/2015
Field of research Water and Environmental Engineering
Manuscript submitted 8 December 2014
Permission to publish granted (date) 18 May 2015
Monograph

Date of the defence 24 June 2015
Language English

Article dissertation (summary + original articles)

Abstract
Modeling in the environmental domain aims at exploring, explaining, and predicting phenomena and communicating this knowledge to inform decisions in planning or management. It is
an active area of research that evolves as knowledge of environmental systems advances and
as progress in related ﬁelds, such as computational and information systems sciences, is made.
Advancements in these ﬁelds enhance the performance and usability of environmental models
and information systems.
This thesis examines the utility and application of advanced geospatial computation and technology in environmental modeling and operational management in coastal areas through two
applications. In the ﬁrst application, the distribution of Phragmites australis, a perennial vascular plant that has spread intensively on southern Finnish coasts in the last few decades, is
analyzed and modeled. Machine learning methods are used to model the species occurrence
and spread and to provide transition probabilities for a cellular automata model of the species
dynamics. Transition rules, effect of scale settings, and model training and validation are examined. In the second application, a number of species and habitats were considered for protection from oil spills in the Gulf of Finland, an area that has witnessed signiﬁcant increase in
maritime oil transportation during the past years. An environmental information system was
developed using geospatial web services to assist oil combating teams in prioritizing inﬂuenced
areas for protection. Data requirements and usage context are analyzed providing system design rationale. A prototype of the system is implemented and evaluated.
The results of this research suggest high utility of advanced geospatial techniques and technologies in environmental modeling and management. Spatial models in this study help understand the distribution of Phragmites australis and provide quantiﬁcation of relationships
between factors of distribution and the species occurrence and close-range dynamics. Transition rules for a cellular automata model were successfully provided using machine learning
methods. Advances in geospatial technology demonstrated great potential for responding to
disasters and increasing the efﬁciency of operational management by bringing on-site information that facilitates real time decision making. The application of these methods, however,
requires careful consideration of raising issues such as the appropriate scale and the adequate
training and validation of models, and the usability of information systems. Appropriately used,
geospatial computational techniques and technologies provide environmental scientists and
managers with powerful instruments that help solve problems and advance sustainability.
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Tiivistelmä
Ympäristömallinnuksen tavoitteena on tutkia, selittää ja ennustaa ilmiöitä ja viestiä tämä
tieto ympäristön suunnitteluun ja hallintaan liittyvää päätöksentekoa varten. Ala on aktiivisen
tutkimuksen kohteena, sillä ekosysteemeistä on yhä enemmän tietoa ja
ympäristömallinnukseen linkittyvät tieteenalat kuten informaatioteknologia ja laskenta
edistyvät jatkuvasti. Näiden alojen kehitys heijastuu myönteisesti ympäristömallien ja
informaatiojärjestelmien suorituskykyyn ja käytettävyyteen.
Tämä väitöskirja käsittelee edistyneiden geospatiaalisten laskentamenetelmien ja
teknologioiden käyttöä rannikkoympäristön mallinnuksessa ja operatiivisessa hallinnassa
kahden eri sovelluksen kautta. Näistä ensimmäisessä analysoidaan ja mallinnetaan Suomen
etelärannikolle laajalti levinneen monivuotisen ruohovartisen kasvin, järviruo'on,
levinneisyyttä. Koneoppimisen avulla mallinnetaan lajin esiintymistä ja määritetään lajin
dynamiikkaa kuvaavalle soluautomaatille siirtymätodennäköisyydet. Lisäksi luodaan
automaatin tilamuutossäännöt, arvioidaan mittakaavan vaikutusta ja testataan ja validoidaan
malli. Toisessa sovelluksessa tarkastellaan tiettyjen lajien ja elinympäristöjen suojelemista
öljyvahinkotilanteessa Suomenlahdella, jolla öljykuljetusten määrä on viime vuosina
merkittävästi kasvanut. Öljyn uhkaamien alueiden priorisointia tukemaan luotiin
ympäristöinformaatiojärjestelmä käyttäen hyväksi geospatiaalisia verkkopalveluita.
Tutkimuksessa analysoidaan järjestelmän tietovaatimuksia ja käyttötarkoitusta ja näiden
pohjalta suunnitellaan järjestelmä ja toteutetaan ja evaluoidaan prototyyppi.
Tutkimuksen perusteella geospatiaalisten laskentamenetelmät ja teknologiat ovat erittäin
hyödyllisiä ympäristön mallinnuksessa ja hallinnassa. Spatiaaliset mallit auttavat ymmärtämään järviruo'on levinneisyyttä ja mahdollistavat kasvin levinneisyyteen vaikuttavien tekijöiden, kasvin esiintymisen ja ruovikon sisäisen dynamiikan kvantiﬁoinnin. Siirtymäsäännöt
saatiin onnistuneesti määritettyä soluautomaatille koneoppimisen avulla. Geospatiaaliset
teknologiat osoittautuivat hyvin lupaaviksi poikkeustilanteiden apuvälineiksi, sillä ne mahdollistavat tietojen tuomisen kentälle ja siten reaaliaikaisen päätöksenteon ja parantavat näin
operatiivisen hallinnan tehokkuutta. Käytettyjen tutkimusmenetelmien soveltaminen edellyttää aina mm. tarkoituksenmukaisen mittakaavan määrittämistä, riittävää mallien testausta ja
validointia ja informaatiojärjestelmien käyttökelpoisuuden arviointia. Oikein käytettynä geospatiaaliset laskentamenetelmät ja teknologiat tarjoavat ympäristötieteilijöille ja ympäristöä
hallinnoiville tehokkaita työkaluja ongelmanratkaisuun ja kestävän kehityksen edistämiseen.
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1. Introduction

1.1
1.1.1

Background and motivation
Modeling in the environmental domain

Modeling in the environmental domain aims at knowledge generation and
communication to enhance the understanding of phenomena and to inform
decisions in strategic planning or operational management (Jakeman et al.,
2008). It has been for decades, and continues to be, an active area of research
that evolves as our knowledge of environmental systems advances and as progress is made in associated research fields, such as the computational and information systems sciences. Environmental systems are complex, comprising
social, physical, and biological processes, with biotic and abiotic components,
that interact at multiple temporal and spatial scales (Jakeman et al., 2008;
Castree et al., 2009). Modeling in the environmental domain, thus, necessitates simplification of reality by incorporating only those aspects that matter
for a specific purpose (Costanza and Voinov, 2004; Jakeman et al., 2008).
Modeling can take several forms and there is a diversity of approaches to it
that vary in their purpose and performance (Perry, 2009). Continuous effort is
being made to enhance the performance of models and the effectiveness and
efficiency of decision and information systems that communicate their results.
Most notable is the utilization of recent advancements in the fields of computer science and statistics such as machine learning (ML) and distributed information systems in environmental modeling and management (Hilty et al.,
2006; Wang, 2007; Frew and Dozier, 2012). The applicability, limitations,
usefulness, and usability of models and information systems, therefore, need
to be rigorously assessed as new advanced methods are employed.
The spatial aspect of environmental systems and their underlying processes
is central to modeling and management in the environmental domain. Often
the goal of environmental models is to determine quantitative relationships
between system variables and to use these to simulate the state of the system
as it changes over time (Costanza and Voinov, 2004; O’Sullivan and Perry,
2013). The geographic space in these types of dynamic models can be accounted for either implicitly or explicitly. Spatially implicit models remove details of
the spatial structure of elements in the system under study (Hiebeler, 2000).
Spatially explicit models, on the other hand, attempt to describe and predict
the state of environmental systems taking into account the distribution of system variables in the geographic space (Soares-Filho et al., 2002). Due to the
9
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heterogeneity of space that arises from complex interactions between the elements in environmental systems, the explicit incorporation of the geographic
space in environmental models is suggested to enhance their explanation and
predictive ability (Balzter et al., 1998; Hiebeler, 2000). Spatial structure and
dependence is intrinsic to environmental data. Spatially explicit models allow
for the incorporation of close-range interactions among individuals and/or
space units to explain and predict the dynamics of environmental systems at
multiple scale levels. As the explanatory and predictive capabilities of models
enhance, the utility of these models as planning and management tools is also
expected to increase (Balzter et al., 1998). A great deal of the decisions to be
made in environmental management are spatially oriented (Sugumaran and
DeGroote, 2011). Selection of sites and allocation of resources for a specific
purpose are examples of spatially oriented decisions that are almost inevitable
in environmental strategic planning as well as operational management. All
this has led to the wide adoption of spatially explicit dynamic models and the
use of Geographic Information Systems (GISs) in environmental applications
(Foody, 2008). The incorporation of geographic space, however, requires careful treatment of issues like scale and spatial dependence in order to ensure the
validity of models and the usefulness of decision and information systems.
1.1.2

Recent advancements in geospatial tools

The field of Geographic Information Science has witnessed advances in a
number of directions in the recent years, including spatial data acquisition,
analysis, management, and communication (Frank, 2000; Brimicombe,
2009). Voluminous environmental data are collected by means of remote sensing through, e.g., satellite or LiDAR systems (Foody, 2008). Consequently, and
with the availability of high computational power, algorithmic methods have
been increasingly used with spatially referenced data (Openshaw and Alvanides, 1999). Machine learning techniques are being more and more applied
in predictive environmental modeling and geographic data mining due to their
ability to enhance prediction and model complex relationships in environmental data (Gahegan, 2003; Hochachka et al., 2007; Olden et al., 2008). Advances in the Internet and distributed systems technology have significant reflections on the management and communication of spatial and environmental
data (Scarl, 2010). Advances in geospatial distributed systems have made it
possible for spatial information and models to be exposed as services on the
web and for GISs and environmental systems to use resources from the web
(Skarlatidou, 2010; Frew and Dozier, 2012). The web mapping framework of
Open Geospatial Consortium (OGC), for instance, has facilitated the development of web GISs by standardizing geo-enabled web services for georeferenced map images, geographic data in both vector and raster formats, and
geographic data processing (Yue et al., 2009). The evolution of mobile phones
and tablet computers is also bringing advancement to GISs (Haklay and Li,
2010). With rapidly enhancing processing power and network bandwidth, mobile gadgets are now capable, however with limitations, of running web map
applications which can facilitate real time decision making. In addition, the
10
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development of free and open source geospatial software (FOSS4G) for environmental modeling and management progresses along with the advances in
computational methods and web and mobile technologies. Besides FOSS4G’s
interoperability and support for standards (Jolma et al., 2008), the open
source paradigm enhances the openness and transparency of models as scientific tools for understanding and informing (Jakeman et al., 2008). These advancements lend themselves well to the effort of modeling and management in
the environmental domain.
1.1.3

The need for modeling and management in coastal areas

Ecosystems around the globe continue to be exposed, with an increasing rate,
to anthropogenic pressure that has led to loss of habitats and has caused many
species to become threatened and endangered (Liu and Taylor, 2002). One of
the ecosystems to receive this pressure at its most is the coastal environments,
influenced by coastal development, excess nutrient and organic inputs, maritime transportation of hazardous materials, and other drivers (Duarte, 2009).
At the same time, coastal environments are recognized as significantly diverse
and productive ecosystems that deliver the highest value in terms of ecosystem
services compared to other ecosystems (Costanza et al., 1997). Coastal habitats
are important for biodiversity conservation; they frequently harbor endangered species and serve as nursery grounds for numerous species (Duarte,
2009). Coastal habitats also form structures that stabilize sediments, protect
the shore from wave-induced physical disturbances, and act as buffers for terrestrial-borne nutrient input (Duarte, 2009; Kaitaranta et al., 2013). The high
significance of coastal areas coupled with anthropogenic pressure calls for effective and efficient planning and management of coastal ecosystems. Such
planning and management requires the development of realistic models which
are based on sound ecological foundations and which can be used to explain
and predict processes in coastal ecosystems. There is also a need for the development of useful and usable decision support and information systems that
utilize input from models to communicate ecological knowledge and inform
decisions in the management of coastal areas.
Landscape and seascape ecology is a field of research where the spatial approach of geography is combined with the branch of environmental science
concerned with functional ecology (Boström et al., 2011). Landscape is a geographic area that contains a structure of habitats, and the focus of landscape
ecology is on the interactions of spatial patterns and ecological processes in a
landscape (Dunning et al., 1992; Turner, 2005). Models in the field of spatial
ecology are recognized to be useful tools for natural resource management and
conservation planning because they provide information on the processes underlying habitat structures and species distributions in natural environments
(Liu and Taylor, 2002; Guisan et al., 2013). Communication of spatial information and ecological knowledge is also vital for the successful conservation
and operational management of coastal ecosystems. Environmental management is usually a complex task due to the presence of ecological, social, economic, and political factors (Liu and Taylor, 2002) and the involvement of
11
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multiple stakeholders from various backgrounds and with different interests.
The above mentioned advancements in geospatial computation and technologies can play an important role in facilitating modeling and management in
such a multidisciplinary environment. Advanced geo-computation that employs ML techniques can aid models of landscape ecology and improve their
performance (Elith et al., 2006). In addition, the emergence of geospatial web
services as distributed information systems (Alonso et al., 2004) whose client
map applications can run in mobile gadgets brings on-site contextualized information and knowledge to help real time decision making in operational
management.

1.2

Research scope and application fields

The focus of this research is on the application of advanced geo-computational
methods and communication technologies for modeling and protecting coastal
species and habitats. Two specific applications are considered within this focus
which further confine the research scope of this thesis. In the first application,
the distribution of Phragmites australis on the Finnish coasts of the Gulf of
Finland and the Archipelago Sea is studied. A combination of approaches, including machine learning and cellular automata, is used to quantify the effect
of local conditions and close-range interactions on the species distribution and
to build a fine-scale dynamic model of its dispersion. In the second application, a scenario of operational management is addressed to protect a number
of species and habitats from a hypothetical oil spill. A geo-enabled environmental information system is developed to assist oil combating operations in
prioritizing marine and coastal species and habitats for safeguarding. A design
rationale is provided and a prototype of the system is implemented and evaluated.
1.2.1

Modeling Phragmites australis distribution

The distribution of the common reed, Phragmites australis, is the subject of
modeling in this study. Phragmites australis (Phragmites hereafter) is a globally distributed perennial vascular plant spreading in wetlands (Haslam, 1972;
Lambertini et al., 2008). Phragmites is a native common helophyte around
the Baltic Sea that plays an important role in the ecosystem dynamics of shallow coastal areas (Meriste et al., 2012). Established at the land-sea interface,
reed beds form a buffer for catchment-borne external loading, mitigate sediment-borne internal nutrient loading, and protect the shore from waveinduced bank erosion (Kaitaranta et al., 2013). Phragmites is an important
player in the ecology of coastal areas. Phragmites colonies provide spawning
areas for fish (Härmä et al., 2008; Lappalainen et al., 2008) and nesting areas
for birds (Huhta, 2009; Meriste et al., 2012). Its role is, however, contradictory as it is a strong competitor whose rapid spread is claimed to shade other
plant species and to have a negative effect on biodiversity (Munsterhjelm,
1997). In the Southern Finnish coasts of the Gulf of Finland and the Finnish
Archipelago Sea, Phragmites has significantly expanded seaward and along
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the shoreline (von Numers, 2011; Pitkänen et al., 2013). Phragmites’ versatile
role in coastal ecosystems raises both interest and concern. Analyzing the driving forces and processes underlying the spread of Phragmites in coastal areas
is essential for modeling the species’ dynamics. Dynamic models, in turn, allow predicting future species distributions and provide useful tools for management.
Landscape ecology of Phragmites australis
Phragmites australis disperses generatively by seeds and seedlings and vegetatively by rhizomes (Koppitz, 1999; Belzile et al., 2010). Seeds are produced
in the autumn and transported to a distance of up to 10 km (Fér and Hroudová, 2009) by currents in the ice-free period and by wind (Baldwin et al. 2010)
in the ice season. Three phases can be distinguished in Phragmites dispersion.
The first is the settlement phase (Koppitz and Kühl, 2000) during which seeds
establish new patches of Phragmites in environmentally suitable areas with
optimum sediment property and moisture and a lack of competing vegetation.
In the second phase, once established, Phragmites starts to propagate vegetatively into suitable areas in the vicinity. Finally, in the last phase, various genotypes within the colony compete and the clones best adapted to the site prevail
(Koppitz and Kühl, 2000). As a result, a low genetic diversity is expected in old
reed beds which typically consist of only few best adapted rhizome-dispersed
clones (Koppitz et al., 1997). Seed germination cannot occur under strong
competition or in submerged conditions (Weisner and Ekstam, 1993; Weisner
et al., 1993) which is why close-range vegetative dispersion is suggested to be
the major means of Phragmites expansion (Mal and Narine, 2004; Fér and
Hroudová, 2009; Koppitz et al., 1997; Kettenring and Mock, 2012).
A number of studies have addressed the causalities behind the extensive expansion of Phragmites in different regions and have suggested that anthropogenic disturbance in coastal areas plays an important role in this phenomenon
(Burdick and Konisky, 2003; Silliman and Bertness, 2004; Bart et al., 2006;
King et al., 2007; Chambers et al., 2008). Evidence has been found of high
Phragmites prevalence on shores adjacent to developed urban areas (King et
al., 2007) and agricultural land (Chambers et al., 2008), and along anthropogenic habitats such as drainage ditches (Maheu-Giroux and de Blois, 2007).
Eutrophication due to excess nutrient runoff from catchments around the Baltic Sea together with decreased pressure from grazing have been also suggested as causes for the rapid spread of Phragmites in the area (Jutila, 2001; von
Numers, 2011; Pitkänen et al., 2013).
Topographic factors can influence habitat suitability for Phragmites colonization. Sheltered bays with soft sediments in the Finnish Archipelago have
witnessed a rapid spread of Phragmites (Pitkänen et al., 2013). The area has
also witnessed a seaward expansion of Phragmites (von Numers, 2011). Compared to other helophytes, Phragmites has a stronger stem and exhibits more
resistance to waves in shallow waters (Coops and van der Velde, 1996). Nevertheless, open shorelines and archipelago areas with heavy waves are unfavorable habitats for Phragmites establishment (Coops and van der Velde, 1996;
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von Numers, 2011). In addition to wave exposure, the depth of water represents another physical barrier for the seaward propagation of Phragmites colonies (Meriste et al., 2012) because the transportation of oxygen to the roots
becomes more difficult the deeper the plant grows (Huhta, 2009; Engloner
and Major, 2011).
Species distribution modeling
Species distribution modeling (SDM) aims at analyzing species–environment
relationships for the purpose of explaining or predicting species distributions
in the geographic space (Guisan and Zimmermann, 2000; Austin, 2002; Elith
and Leathwick, 2009). This is achieved by linking data on the occurrence or
abundance of species at known locations with information on the environmental characteristics of those locations (Elith and Leathwick, 2009). The effect of
the spatial vicinity on the characteristics of a location in a geographic setting is
well established (Tobler, 1970). Landscape physiognomy, which refers to attributes related to the layout of elements in a landscape (Dunning et al., 1992),
can influence the dynamics of associated species. Species distributions, in general, exhibit spatial autocorrelation, a property under which closer locations
tend to have similar or different characteristics more than expected at random
(Legendre, 1993). This suggests that the occurrence of a species in a location
can indicate other occurrences in the vicinity of that location due to endogenous factors of spatial autocorrelation in species distributions, such as dispersion and colonial breeding. Other endogenous factors can result from interactions among species in communities. Examples of these endogenous factors
include space and resource competition, predation risk, and host availability
(Dormann, 2007). Exogenous factors, such as the influence of the topographic
characteristics of a location, also play a role in the autocorrelation of species
distributions as most of the environmental variables underlying species distributions are per se autocorrelated. In clonal species such as Phragmites, neighborhood effect is more pronounced due to the vegetative expansion with rhizomes to adjacent and proximate locations.
Detection of the neighborhood effect on spatiotemporal patterns is, however,
scale dependent. The scale on which variables are represented and processes
are examined is critical for the ability to detect the figures of neighborhood
effect on spatiotemporal patterns (Openshaw, 1984; Gibson et al., 2000; Parody and Milne, 2004; Wu, 2004). It is important at this point to define the
connotations of scale, pattern, and process which are referred to frequently in
this research. The definition of scale varies in different contexts (Urban, 2005;
Sayre, 2009; O’Sullivan and Perry, 2013). Scale in the context of this research
refers to the grain (i.e. cell size) with which variables are represented and the
extent over which processes are analyzed to reveal patterns. Processes are
mechanisms that cause changes in the state of a given system and affect its
patterns (O’Sullivan and Perry, 2013, p. 31). In species distribution, these include, for instance, dispersion mechanisms that result in the patterns of species distributions observed in space. Patterns refer to regularities and tendencies observed in nature (Lawton, 1999). The spatial arrangement of objects

14

Introduction

and their spacing in relation to each other (Unwin, 1996) is relevant to the
connotation of pattern in landscape ecology (Turner, 2005). The relationship
between patterns and processes is reciprocal in the sense that patterns result
from processes and in the same time can suppress or amplify those very processes (Turner, 1989; O’Sullivan and Perry, 2013). Patterns in spatial systems
are often dynamic, i.e. they change over time (Sayre, 2009; O’Sullivan and
Perry, 2013). Therefore, the definition of scale is extended to the temporal dimension to include the time step (grain) and time period (extent) in the analysis of patterns and processes.
Dynamic spatial models have long been applied in landscape ecology and related fields (Sklar and Costanza, 1991). These models facilitate quantification
of processes in environmental systems and prediction of landscape changes.
Among a plethora of dynamic spatial models that have been introduced in
landscape ecology (Parker et al., 2003), the cellular automata (CA) is widely
adopted in many environmental and ecological applications (Molofsky and
Bever, 2004). In CA, transition rules reflect local interactions and are used to
replicate landscape processes as a bottom-up approach (Fonstad, 2006). In CA
formalism, space is represented by a lattice of cells each of which holds a state
from a predefined finite set of states and evolves in discrete time steps based
on a set of transition rules (Toffoli, 1984). CA have been applied in studies of
species distributions to model, e.g., clonal plant spreading (Inghe, 1989;
Oborny et al., 2000), forest succession (Alonso and Solé, 2000), and species
competition (Silvertown et al., 1992). The utility of CA is, however, conditioned on their ability to reproduce the process at hand which, in turn, depends on the definition of CA transition rules and the choice of their spatial
and temporal scale settings. CA transition rules are a key determinant of the
model’s behavior and ability to yield realistic results. Due to the uncertainty of
our knowledge about environmental systems and relationships among their
variables, probabilistic transition rules have been introduced in CA models of
these systems (Couclelis, 1985; Phipps, 1992 cited in Balzter et al., 1998; Itami,
1994). Scale settings of CA have been found to affect model behavior and results in urban systems (Ménard and Marceau, 2005; Kocabas and Dragicevic,
2006; Pan et al., 2010). However, these settings, including cell size, neighborhood extent, and time step are often decided arbitrarily, despite the role of the
scale in landscape pattern analysis and its effect on landscape metrics (e.g.,
Parody and Milne, 2004; Wu, 2004). This raises the need of investigating and
modeling close-range effects in clonal species, such as Phragmites australis, at
multiple scales and examining the effect of these settings on the results of a
dynamic model of species distribution.
1.2.2

Support of oil spill operational management

Maritime oil transportation is growing continuously as the demand of energy
around the world increases. Despite various measures that have been taken to
enhance the safety of oil industry and transportation, the possibility of oil
spills continues to be present, proven by the records of oil spills in the last decades. These include, for example, the Deepwater Horizon oil spill in the Gulf of
15

Introduction

Mexico in 2010, Hebei Spirit in Korea in 2007, Prestige in Spain in 2002, Erika in France in 1999, and Sea Empress in Wales in 1996 (IOPC Funds, 2012).
As oil is less dense than water, much of the spilled oil forms a slick and travels
on the surface of water affected by wind, waves, and surface currents (James,
2002). While spilled oil can be recovered to some extent at sea, substantial
amounts of it can drift to the shore. Species and habitats in coastal areas,
therefore, continue to be exposed to a significant risk. Oil spill modeling has
received considerable attention motivated by the need to assess the likelihood
and consequences of oil spills (James, 2002). In many cases, due to the
amount of spilled oil, weather conditions, and shoreline complexity, the spilled
oil can hit many locations. Since the available time and resources are often
limited, prioritization of influenced locations in regard to oil combating and
cleaning is necessary. This is another area of research that has received attention. Ihaksi et al. (2011) developed an index-based prioritization method for oil
combating that takes into account a number of criteria, including species vulnerability, recovery potential, relative conservation value compared to other
species, and the possibility for safeguarding the species with the available oil
combating methods. However, the effectiveness and efficiency of oil combating
and cleaning operations in reducing the ecological consequences after an oil
spill depends on the availability, usability, and accuracy of information on
spilled oil and nature values to be protected.
Ecologically oriented response to oil spills
Adequate management of oil spills requires collecting and analyzing relevant
information and knowledge in advance and processing it into a usable form for
emergency use. Oil spill management involves preparatory risk analysis in the
form of contingency planning before any accident has occurred as well as an
operational phase which includes oil combating and cleaning after a spill. Preparatory risk assessment aims at providing maps of areas under the risk of oil
contamination as a result of simulations that assess the probability of oil to hit
different parts of the coast and evaluating the potential consequences on nature values (Helle et al., 2011; Jolma et al., 2011). The current study focuses on
providing management support in the operational phase so preparatory risk
assessment is not examined further. The primary objective of the combating
operations when a spill occurs is recovering oil at sea to prevent it from reaching coastal areas. Oil booms and sheets can be applied to minimize damage as
oil propagates towards the shoreline. If oil reaches the coast, then the cleaning
of oiled areas is the only option left. Therefore, in order for an environmental
information system to serve the purpose of reducing harm on marine and
coastal species and habitats from oil spills, the following information is necessary: (1) the accident location and the predicted drifting trajectory of the
spilled oil, (2) prioritization of coastal areas for combating and cleaning, and
(3) guidelines for cleaning influenced areas based on species and habitat susceptibility to different cleaning methods.
A primary piece of information to be communicated to the operation teams
is the location of the oil slick and its predicted drifting trajectory. The spread-
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ing, weathering, and drifting of an oil slick is governed by several factors, such
as the type and the amount of the spilled oil, prevailing weather conditions,
and the waves and currents (Fingas, 2000). Models have been developed, e.g.,
the SeatrackWeb program (Ambjörn, 2007), to forecast, based on these factors, the drifting trajectory of the spilled oil. This spatial information is best
presented in a map application interactively with other spatial data on species
and habitat occurrences and prioritization. Because this information varies
over time, the application should regularly update it to allow oil combating
teams to plan their operations accordingly.
Often due to the amount spilled, weather conditions, and shoreline complexity, spilled oil drifts to different locations causing a shortage in time and resources available for combating teams and preventing them from operating in
all influenced locations. The prioritization of coastal areas for safeguarding is
thus needed. Sensitivity maps are often proposed for prioritization (e.g., Jensen et al., 1990). These maps, however, concentrate on sensitivity per se but
they do not take into account the feasibility of safeguarding the species in
question. This may result in a misleading prioritization of areas inhabited by
species that cannot be safeguarded with the available equipment and, therefore, lower the combating efficiency. The prioritization adopted in this research is based on the method developed by Ihaksi et al. (2011), which takes
into account, together with the sensitivity of species and habitats, the utility of
safeguarding specific species or habitats.
Finally, if the spilled oil reaches the shoreline, cleaning operations are necessary. The high cost of cleaning oiled beaches in comparison to oil recovery at
sea (Etkin, 2000) necessitates efficiency in cleaning operations. However,
hastiness and lack of information on the susceptibility of species and habitats
to cleaning methods might cause additional harm. Combating teams need locational information on species and habitat occurrences as well as information
on the suitability of various cleaning methods for these species and habitats.
The occurrence of some species or habitat types might preclude the use of certain cleaning methods or require precaution in the application of other methods. Since these decisions are required to be taken in the field during the operations, such information should ideally be available on-site for the combating
teams.
Decision and information support tools
Early developed GIS and decision support systems (DSS) were strictly desktop
applications with very limited capabilities to consume distributed data or support on-line communication. Kokkonen et al. (2010) presented a map application, implemented on top of Geoinformatica FOSS stack (Jolma, 2007), which
can be used to compare the ecological value of coastal areas and guide decisions on the placement of oil booms after an oil spill. The application is a desktop application that works off-line and is limited to local data. Advancements
in geospatial technologies make it possible for map applications to use resources from distributed systems and to be available on-line. These distributed
information systems help efficient compiling and serving of spatial infor-
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mation which can facilitate decision making (Klien et al., 2006). This, together
with the emergence of mobile map technology, allow the development of thin
applications that operate with standard web browsers, require no installation
or dependencies, work on mobile gadgets, and can be used on-site for real time
management support. The development of such applications, however, requires considering usage contexts and reflecting on those in the design and
implementation of the intended system (Sarjakoski and Nivala, 2005). Client
applications for mobile gadgets, for instance, have to be designed with the
needs and specifications of mobile phones and tablet computers in mind (Nivala et al., 2007; Haklay and Li, 2010). Successful accounting for these factors
can improve the usability and performance of map applications. A web and
mobile map application that provides relevant information in a usable form
can significantly enhance the efficiency of oil spill combating.

1.3

Research question and objectives

The main question addressed in this research is how advancements in geospatial computation and technology can be utilized in environmental modeling
and operational management related to coastal species and habitats. Two specific aspects of the question are identified; the use of geospatial computation in
environmental modeling and the use of geospatial technologies in environmental decision and information systems. These were approached through the
above mentioned case studies. For the modeling task, the dynamic distribution
of Phragmites australis in coastal areas is analyzed and modeled with a spatially explicit model that incorporates computational intelligence. For the task
of management support, an environmental information system (EIS) is developed using geospatial web services to respond to ecological risks posed by oil
spills. The target of both the modeling and the management tasks are coastal
ecosystems. The case studies were chosen based on their appropriateness for
serving the two aspects of the research question; while the first case is appropriate for addressing the utility of advanced geospatial computation for dynamic modeling of environmental processes, the second case is appropriate for
demonstrating the utility of geospatial technologies for supporting operational
management in urgent situations.
The research consisted of the following objectives:
RO. 1: To develop a dynamic model of Phragmites australis distribution.
Within this objective, the distribution and spread of Phragmites australis is spatially analyzed at six sites along the Finnish coast of the Gulf of
Finland and the Archipelago Sea. A number of environmental and topographic predictors of Phragmites distribution are examined. The dynamics of Phragmites patches at these sites are analyzed on multiple scales
to capture the effect of close-range dispersion on the spread of the species. A method is developed to quantify neighborhood effect and to pro-
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vide transition rules for a CA model of Phragmites dynamics. The method takes into account, for the evaluation of transition probabilities, the
spatial arrangement of elements in the vicinity. The static distribution
model that assesses locations’ suitability for Phragmites given local
characteristics and the neighborhood model that evaluates transition
probabilities from close-range effects are integrated in a dynamic model
of Phragmites distribution. Finally, a rigorous validation procedure is
carried out to examine the effect of scale settings on the ability of the CA
model to simulate Phragmites dynamics. Specifically, this objective can
be broken down into the following sub-objectives:
1.1: To identify and quantify factors affecting Phragmites distribution
and dynamics.
1.2: To model the effect of local and focal conditions on Phragmites distribution and dynamics and to examine the effect of scale on pattern detection.
1.3: To examine the effect of scale settings and transition rules on the
CA simulations of Phragmites dynamics.
RO. 2: To develop an EIS to support the operational management of an oil
spill in protecting species and habitats.
Within this objective, geospatial web services and a mobile application
for oil combating support are developed, evaluated, and discussed. The
research aimed at constructing a decision and information system for
supporting oil spill combating and cleaning operations by providing relevant spatial information and ecological knowledge. The system development approach adopted to achieve this goal combines geospatial systems engineering with ecological knowledge communication. Issues related to system design and implementation are discussed, including user
context, system usability, and the role of standards in the implementation. This objective can be broken down into the following subobjectives:
2.1: To provide a design rationale for the EIS.
2.2: To implement and evaluate a prototype of the EIS.

1.4

Research and thesis structure

This research comprises five papers published in peer-reviewed scientific
journals and conferences that address the above stated objectives. This summary part of the compilation thesis provides an overview of the background
and motivation, materials, methods of the research, and the main findings.
Table 1 enumerates the research papers and specifies the objectives addressed
in each of them. Figure 1 illustrates the structure of the research. It shows the
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questions addressed and raised by each paper, and how papers are interconnected to constitute a whole in addressing the main research question.
The remainder of this summary is organized as follows. Chapter 2 presents
the methodology used in this research and provides a description of the study
areas, the data sets, and the software. Then, Chapter 3 presents the main findings and provides discussion specific for each application. Finally, Chapter 4
summarizes the research, discusses methodological considerations and management implications, and suggests future research directions.

Table 1. Research papers and their corresponding objectives.
Paper title

Addressed objective(s)
1.1

1.2

I

A Naive Bayes classifier for modeling distributions of the common reed in Southern Finland

X

II

Modeling the role of the close-range effect and environmental
variables in the occurrence and spread of Phragmites australis in
four sites on the Finnish coast of the Gulf of Finland and the
Archipelago Sea

X

III

Mining cellular automata rules: The use of a Naive Bayes classifier to provide transition rules in Phragmites simulation

X

IV

Spatial neighborhood effect and scale issues in the calibration
and validation of a dynamic model of Phragmites australis distribution – a cellular automata and machine learning approach

X

V

Geospatial web services for responding to ecological risks posed
by oil spills
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1.3

2.1

2.2

X

X

X

X

Introduction

Main research question: how advancements in geospatial computation and
technology can be utilized for environmental modeling and management?

Modeling
*
RO. 1: To develop a dynamic model of
Phragmites distribution in coastal areas.

Decision support in operational
management
*
1
RO. 2: To develop an EIS to
support combating operations in
protecting coastal species and
habitats after an oil spill.

Paper I
2
- Examine the potential of ML methods
for modeling Phragmites distribution and
for providing transition probabilities for a
3
CA model of Phragmites dynamics.

Open questions:
- Analysis of Phragmites spread at
multiple scales; what is the effect of
scale on pattern detection?
- Analysis of Phragmites distribution
at multiple sites and in multiple years;
4
can an SDM be generalized?

Open question:
- How can the close-range
effect on Phragmites dispersion be modeled to pro3
vide CA transition rules?

Paper II
- Examine local and focal driving forces
of Phragmites distribution and spread.
- Develop a static ML-based model of
Phragmites distribution.

Paper III
- Develop a method to model
neighborhood influence on
Phragmites dynamics using
2
ML techniques.

Open questions:
- How to integrate these models in a dynamic
model of Phragmites distribution?
3
-What is the scale effect on CA simulations?

Paper IV
- Develop a dynamic model of Phragmites distribution.
- Examine the effect of scale settings on the ability to
detect and simulate patterns of Phragmites dynamics.

Paper V
- Present a design rationale
1
for the EIS .
- Implement and evaluate a
1
prototype of the EIS .

Conclusions
Figure 1. Research structure.
* Research objective
1
Environmental Information System
2
Machine learning
3
Cellular automata
4
Species distribution model
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2. Methodology

This research is interdisciplinary combining theories and methods of engineering, including environmental and information systems engineering, and landscape ecology. A multi-methodological approach is thus adopted in this research. A quantitative approach to understanding and modeling an environmental process is adopted by conducting spatial analyses and constructing
mathematical models of Phragmites australis distribution. Systems development methodology (Nunamaker et al., 1990–91) was used to design an EIS for
oil spill combat support and to evaluate the utility of recent geospatial technologies for this type of environmental management. This chapter provides an
overview of the main methods used in this research. Elaborate description of
the methods and tools used in each paper can be found therein. This chapter
provides also descriptions of the study area, the data sets, and the software
used in this research.

2.1

Spatial analysis and mathematical modeling

Geospatial analyses encompass a wide range of methods of exploratory spatial
data analysis and visualization, spatial data sampling, and spatial simulation
(de Smith et al., 2006). Having their bases in the fields of statistics and mathematical modeling, these techniques are extended to incorporate a spatial
component in the analysis of patterns and processes in the geographic space
(Fischer and Getis, 2010). This research utilized a number of geospatial techniques in the course of modeling Phragmites distribution and dynamics. Starting from exploratory data analysis, Phragmites distributions in different locations and years were analyzed with respect to a number of environmental variables. Exploratory analysis of spatiotemporal data of Phragmites distribution
was used to examine the effect of neighborhood on Phragmites dispersion.
These exploratory analyses are essential for formulating questions (Bivand,
2010) and they serve as a basis for further analysis and modeling. Building
empirical models requires data sets for training and validation. Sample representation of all underlying variables and their distributions is critical for developing accurate models (Müller, 2007). Since spatial autocorrelation is inherent in environmental data, spatial stratification is necessary for obtaining
representative samples. Spatial data exploration and sampling provide insight
into the nature of the process at hand and input to spatial simulation models.

23

Methodology

Observational mathematical models (Gershenfeld, 1999; also called empirical
models in, e.g., O’Sullivan and Perry, 2013) are employed in this research to
derive, using methods rooted in statistics, quantitative relationships that are
then used to build spatially explicit simulation models. Modeling exercises of
this type aim at learning relationships that can be generalized to make predictions and, ideally, learn something about the rules underlying the processes
being studied (Gershenfeld, 1999; Costanza and Voinov, 2004). In this research, inductive machine learning is used to quantify relationships between
Phragmites distribution and underlying variables and processes. The resulting
models constitute the rules governing the behavior of a cellular automata
model of Phragmites dynamics.
2.1.1

Inductive machine learning

Empirical modeling adopts a data-driven approach where observations and
quantitative methods are used to construct models of the relationships between the variables in the system under study (O’Sullivan and Perry, 2013).
These models typically use induction by means of inferential statistics or machine learning to infer generic outcomes from observed examples (Breiman,
2001; Gahegan, 2003). While prior knowledge is used to provide the distribution model in inferential statistics, machine learning makes no such assumption; rather, a distribution model is constructed using evidence from the data
alone (Gahegan, 2003; Hochachka et al., 2007). As a result, methodological
differences between statistical inference and ML exist in data requirements,
training, and evaluation (Gahegan, 2003; Bahn and McGill, 2013). There has
been growing interest in ML techniques in geography and spatial ecology due
to their improved predictive capability and their ability to model complex relationships in environmental data without the need to meet a number of restricting assumptions often necessary in parametric approaches (Hochachka et al.,
2007; Olden et al., 2008). There are, however, a number of issues that arise
from the application of these methods in a geographic setting (Gahegan, 2003;
Bahn and McGill, 2013). Examples of these issues are the increased demand of
training data sets, higher computational complexity, and proneness to overfitting.
Two ML methods were used in this research, the naive Bayes classifier and
the boosted regression trees. The former was chosen for its simplicity and good
performance in a range of fields (e.g., Yang and Webb, 2009, and references
therein) and the latter was chosen for its high predictive ability reported by a
number of studies on species distribution modeling (e.g., Caruana and
Niculescu-Mizil, 2006; Elith et al., 2006). Naive Bayes is a simple Bayesian
classifier which attempts to predict a discrete response variable through supervised learning (Langlay and Sage, 1994). It is based on Bayes’ theorem and
is simplified by assuming independence between predictor variables given the
response variable, hence naive. This assumption dramatically reduces the
number of parameters to be estimated, and although the assumption rarely
holds in practice, the naive Bayes classifier is reported to be successful in a
wide range of classification tasks (Cheng and Greiner, 1999; Yang and Webb,
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2009). Boosted regression trees method is rooted in both statistics and ML
(Elith et al., 2008). It comprises decision trees for classification and regression, and boosting optimization for combining an ensemble of models (Elith et
al., 2008). In a decision trees model, the space of predictor variables is repeatedly divided into areas using split points that minimize prediction errors. Areas are then assigned to the most probable class. As an ensemble method, instead of building a single tree with the best prediction, boosting optimizes accuracy (Ridgeway, 1999; Sutton, 2005) by gradually adding up trees that best
reduce the loss in prediction performance (Elith et al., 2008).
Machine learning methods were used to develop models of Phragmites distribution (static habitat suitability models) and models of Phragmites expansion/retraction (dynamic dispersion models). These models were then integrated to provide transition rules for a cellular automaton of Phragmites dynamics.
2.1.2

Cellular automata

Cellular automata (CA) is a widely applied approach in spatial dynamic modeling (Hogeweg, 1988; Balzter et al., 1998; Soares-Filho et al., 2002; Parker et
al., 2003; Molofsky and Bever, 2004; Colasanti et al., 2007; Silva et al., 2008;
Di Traglia et al., 2011). A CA model is composed of five elements; space is represented as a grid of cells, usually square and regular; each cell in the grid has
a state from a predefined finite set of states; during the simulation all cells
evolve in discrete time steps; the evolution of cells is determined by a set of
transition rules which are based on the state of the neighborhood of the cell in
question (Ménard and Marceau, 2005). CA adopt a bottom-up approach to
modeling (Fonstad, 2006) where local interactions determine the manifestation of the process in space and time. CA underlie dynamic spatial models in a
number of domains; they are simple to define and implement but in the same
time able to simulate processes in complex systems (Barredo et al., 2003). The
evolution of automata by means of local characteristics and neighborhood effect in space and time resembles to some degree the establishment and dispersion of plant species (Oborny et al., 2000). In addition, the experimental potential of CA makes them useful tools for examining mechanisms of species
spread and for evaluating outcomes of different management scenarios
(Barredo et al., 2003; Richardson et al., 2010). Finally, the lattice representation of space in CA grants them a number of advantages, such as the possibility
for investigating phenomena at multiple scales, computational efficiency, and
compatibility with the raster format widely used in GIS (Itami, 1994; Drielsma
et al., 2007).
Early CA models were deterministic with discrete time and space and a
neighborhood window that is defined by the nearest four or eight neighbors,
known respectively as von Neumann and Moore neighborhoods (Wolfram,
1984). Because this conventional formalism of CA limits their applicability in
natural and urban environments, a number of relaxations of the original form
were introduced (Couclelis, 1985; Itami, 1994). Examples of these relaxations
are the incorporation of probabilistic and more complex transition rules and
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the adoption of various sizes and shapes for the neighborhood (Santé et al.,
2010). The predictive accuracy of CA models can be heavily influenced by these components, i.e. the transition rules and the scale settings. Therefore, while
defining and implementing a CA model can be simple, the development of a
realistic model for the process under investigation is burdened with pitfalls
(Mancy et al., 2013). Issues related to the calibration and validation of CA
models for species dynamics are studied in Paper IV.
2.1.3

Model evaluation

The evaluation of an ML-based CA model requires verification of different
pieces of code and validation of results of the overall model as well as the submodels that provide transition probabilities. A number of metrics are usually
employed for validating the results of ML classifiers and spatial dynamic models. These metrics measure different aspects of models’ predictive accuracy. A
considerable amount of literature has been devoted to examining the strengths
and weaknesses of different indices of spatial agreement and to developing
methods to overcome these weaknesses (e.g., Lobo et al., 2008; van Vliet et
al., 2013; Pontius and Millones, 2011; Pontius and Paramentier, 2014). The
predictive accuracy of spatial models is commonly assessed by comparing
model predictions with an observed map of the state of a system. The Kappa
coefficient of agreement (Cohen, 1960) and the area under the curve (AUC) of
the Receiver Operating Characteristics (ROC; Fielding and Bell, 1997) are
among the widely used, however criticized (Lobo et al., 2008; Pontius and
Millones, 2011), metrics for accuracy assessment of spatial predictions. The
AUC of a static SDM, although indicating the overall performance of models,
hides information on the ability of models to correctly predict the presence
and absence cases of a species and can be misleading especially when the classes are not equally proportioned (Peterson et al., 2007; Lobo et al., 2008). It
is, therefore, recommended to examine the true positive rate and the true negative rate (also known as model sensitivity and specificity) by dichotomizing
the model predictions into presences and absences. For dynamic spatial models like CA, van Vliet et al. (2013) introduced a variation of the Kappa coefficient called the Fuzzy Kappa Simulation (FKS). FKS is a map comparison algorithm that assesses the accuracy of simulated maps using fuzzy interpretation
of cell states and correcting for the expected agreement due to the given initial
distribution of the variable in question (van Vliet et al., 2013). This allows assessment of the ability of a dynamic spatial model to predict, not only the end
state of the system under study but also, more importantly, the changes that
occurred in the system during the simulation period. Kappa Simulation can be
further decomposed into KTransition and KTransLoc to indicate, respectively, errors
in the quantity and allocation of predicted changes (van Vliet et al., 2011; van
Vliet et al., 2013).
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2.2

Systems development methodology

Systems development (Nunamaker et al., 1990–91) is a useful methodology in
Information Systems research (Hasan, 2003–04). Systems development
methodology is concerned with the application of knowledge in problem solving, and can be categorized as engineering, developmental, and exploratory
type of research (Nunamaker et al., 1990–91). The methodology is related to
design science (March and Smith, 1995), which aims to explain how and why
artifacts work, and to engineering, which is concerned with the design, construction, and use of artifacts (Hasan, 2003–04). Gregor (2002; 2006) suggests the relevance of systems development methodology to the theory for design and action which is concerned with the principles of form and function,
methods, and justificatory theoretical knowledge used in the development of
Information Systems. The research process in the systems development methodology consists of five phases (Nunamaker et al., 1990–91): (1) conceptual
framework construction, (2) system architecture development, (3) system
analysis and design, (4) system implementation, and (5) system evaluation.
The subject matter under study here is the utilization of recent advancements
in geospatial technologies for building an EIS to respond to ecological risks
posed on coastal species and habitats by oil spills. The need for a system to
support oil combating teams in reducing harm on nature values from potential
oil spills is established in the Introduction. It is also hypothesized that utilizing
advancements in geospatial technologies, especially web and mobile mapping,
can enhance the effectiveness and efficiency of the combating operations. This
is, however, conditioned on the availability of relevant ecological knowledge
about nature values and their prioritization for safeguarding in a usable form.
The response to an oil spill described in Section 1.2.2 is used as the basis for
identifying information and knowledge needed in oil spill operational management and for defining requirements and functionalities of the EIS. This
conceptual framework is used for setting the architecture and designing the
system. Using a case study as a method of representation (Gregor, 2002), a
prototype is then implemented as proof of concept whose performance and
usability are evaluated in light of the requirements set during the previous
phases (Hevner et al., 2004; Nivala et al., 2007).

2.3

Study area and data

The study area of this research was the Southern Finnish coasts. These include
the Finnish coast of the Gulf of Finland, the easternmost part of the Baltic Sea,
and the Finnish Archipelago Sea (Figure 2). The area has a jagged coastline
and is sheltered by a vast archipelago, especially in the west, forming many
small bays and inlets with shallow and brackish waters (Soomere et al., 2008).
Brackish water together with ice cover during winter makes the area unique
among the world’s coastal environments. The area harbors several conservation areas including Natura2000 areas that are protected by the European
Union nature and biodiversity policy, Important Bird Areas (IBAs), Baltic Sea
Protected Areas (BSPAs), and national parks (Furman et al., 1998; HELCOM,
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2010). The area has witnessed significant increase in the Phragmites australis
belt during the past few decades (von Numers, 2011; Pitkänen et al., 2013). It
has also witnessed a significant increase in maritime traffic during the past
years, especially in oil transportation (Finnish Environment Institute, 2013).
The whole area was considered for the development of an EIS for oil combating support, while six sites along the area were used in the analysis and modeling of Phragmites australis distribution (see Figure 2).
Various environmental data sets from different sources were utilized in this
research. Maps of Phragmites distribution as well as topographic and environmental data were used for the analysis and modeling of Phragmites dynamics. Spatial and non-spatial data about species and habitats sensitive to oil
were used in the development of an EIS for oil combating support. Different
data sets were used in different papers. Table 2 lists the data sets and metadata. Detailed description of the data used in each paper can be found therein.

Figure 2. Location of the study area and sites; sites are referred to on the main map by the first
two letters of their names.
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Table 2. Data sets used in the research.
Paper
I, II, III

Data set

Type

Site/time

Source
SYKE1

Method/notes

Maps of

Vector

Svartbäck

Manual delineation from aerial

Phragmites

(polygons)

(2003, 2006)

Maps of

Vector

Ruissalo (1962,

Phragmites

(polygons)

1982, 1996)

Maps of

Vector

Kramppi (1962,

Phragmites

(polygons)

1977, 1995)

Maps of

Vector

Redamo (1963,

Phragmites

(polygons)

1982, 1995)

Maps of

Raster

Tammisaari

Phragmites

(4×4 m

(2009, 2013)

distribution

cell)

Maps of

Raster

Kotka (2011,

Phragmites

(4×4 m

2012)

distribution

cell)

Water depth

Raster

Svartbäck,

(5×5 and

Ruissalo,

depth contour lines and point

10×10 m

Kramppi,

depth measurements available

cell)

Redamo, Tam-

in the topographic maps of the

misaari, Kotka

NLS4 using ANUDEM

photographs

distribution
II

SYKE1

Manual delineation from aerial
photographs (Suominen, 1998)

distribution
II

SYKE1

Manual delineation from aerial
photographs (Suominen, 1998)

distribution
II

SYKE1

Manual delineation from aerial
photographs (Suominen, 1998)

distribution
IV

IV

I, II, IV

SYKE1

NDVI-based2 extraction from
satellite images3

SYKE1

NDVI-based2 extraction from
satellite images3

Derived

Interpolated from elevation and

(Hutchinson, 1988) in ArcGIS 10
(ESRI, 2011)
I, II, IV

Distance to

Raster

Svartbäck,

Derived

the closest

(5×5 and

Ruissalo,

river mouth calculated in ArcGIS

river mouth

10×10 m

Kramppi,

10 (ESRI, 2011). River mouths

cell)

Redamo, Tam-

were manually located for all

misaari, Kotka

Euclidean distance to the closest

basins that appear in the topographic maps of the NLS

I, II

Relative

Raster

Svartbäck,

Derived

Estimated from the abstraction

openness

(10×10 m

Ruissalo,

of fetch lines (the stretch of

cell)

Kramppi,

water surface over which gener-

Redamo

ated waves can develop freely)
and interpolated using TIN5

II

CORINE6

Raster

Svartbäck

land cover

(25×25 m

(2006)

cell)

Ruissalo,

SYKE1

Kramppi,
Redamo (2000)
IV

Wave expo-

Raster

The whole study

sure

(25×25 m

area

SYKE1

Based on the Simplified Wave
Model (Isæus, 2004)

cell)
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Paper
V

Data set

Type

Site/time

Source

Method/notes

Species/

Vector

The whole study

Existing

Species and habitats sensitive to

habitat

(points

area (1980 –

govern-

oil

occurrences

and poly-

present)

mental

gons)

databases

V

Cleaning

Non-

recommen-

spatial

-

dations

Existing

Information on the suitability of

govern-

different cleaning methods for

mental

the habitats from expert

data-

knowledge

bases
V

Species-

Non-

and habitat-

spatial

-

specific
precautions

1

Existing

Information on species- and

govern-

habitat-specific precautions to

mental

be taken during combating and

data-

cleaning operations from expert

bases

knowledge

Finnish Environment Institute

2

Normalized Difference Vegetation Index

3

WorldView-2 with 2×2 m pixel resolution, and RapidEye with 5×5 m pixel resolution

4

National Land Survey of Finland

5

Triangulated Irregular Network

6

www.eea.europa.eu/publications/COR0-landcover

2.4

Software

This research employed free and open source software (FOSS) in all stages of
data analysis, modeling, and EIS development. In addition, FOSS was used in
most tasks of data derivation and preprocessing. The interest in using FOSS
stems from their apparent transparency and support for standards. These are
important considerations in the development of models and information systems (Jakeman et al., 2008; Jolma et al., 2008). Table 3 lists the software
tools and libraries utilized in different parts of this study. More on these software tools and their integration can be found in the corresponding papers.
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Table 3. Software used in different tasks of the research.
Task
Data plotting and visualization

Conditional Latin Hypercube

Paper

R package Lattice

Sarkar (2008)

III

Orange (nomograms)

Možina (2004)

II, IV

R package ggplot2

Wickham (2009)

I–IV

Octave (ported from Matlab

Minasny and

code)

McBratney (2006)

Orange (naive Bayes)

Demšar et al.

I

tion

(2013)
II, IV

Development of a dynamic model of Phragmites distribution

Reference(s)

I

Sampling
Modeling of Phragmites distribu-

Software

R package gbm (boosted

Ridgeway (2006)

regression trees)

and Elith et al.
(2008)

Modeling of neighborhood effect

III

Orange (naive Bayes)

IV

R package gbm (boosted

Ridgeway (2006)

regression trees)

and Elith et al.

on Phragmites dynamics

Demšar et al.
(2013)

(2008)
Spatial neighborhood calculations

I–IV

NumPy, a Python module for

Oliphant (2007)

scientific computing
Spatial arrays – reading/writing

IV

R package RcppCNPy

Eddelbuettel
(2014)

Raster grids reading/writing

I–IV

R/Python bindings of GDAL

www.gdal.org

Dichotomization of predictions for

III, IV

R package Presence-

Freeman and

Absence

Moisen (2008)

III

R package ROCR

Sing et al. (2005)

IV

R package Presence-

Freeman and

Absence

Moisen (2008)

Implementations of agree-

van Vliet et al.

ment indexes in R

(2011)

Map Comparison Kit

van Vliet et al.

validation and CA simulation
ML classifier validation;
AUC (area under the Receiver
Operative Characteristics
curve), sensitivity, specificity
CA model validation;

IV

KTransition, KTransLoc Fuzzy Kappa
Simulation, percent correct

IV

(2013)

Development of an EIS

EIS – database

EIS – server-side application and

V

V

geospatial web services

PostGIS, a spatial extension

postgresql.org,

of the PostgreSQL

postgis.net

WMS and WFS written in

Jolma (2007)

Perl and using GDAL and
Geoinformatica for data
management and rendering

EIS – client-side application

V

GeoExt, a JavaScript toolkit

geoext.org

for web mapping applications that combines ExtJS
and OpenLayers
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3. Results and Discussion

This chapter presents and discusses the main results from the published papers. Corresponding papers are cited throughout this section and can be referred to for detailed presentation and discussion of the results. Findings of
this research are focused around the spatial dynamic model of Phragmites
distribution and the geo-enabled EIS for supporting operational oil spill management to protect coastal species and habitats. Results from different papers
are combined, when necessary, for presentation purposes.

3.1

Spatial dynamic modeling of Phragmites distribution

This section presents the main results of the analysis of Phragmites distribution and the development and output of a spatial model of Phragmites dynamics (RO. 1 and Papers I, II, III, and IV). The results are focused around the
dynamic modeling of Phragmites distribution, including exploratory analysis
of factors driving patterns of distribution, and models of local and focal characteristics influencing the distribution. Results from multiple scale analyses
and model training and evaluation are also presented. Detailed presentation
and discussion of the results are found in the corresponding papers referred to
in the text.
3.1.1

Results

Factors driving patterns of Phragmites distribution and dynamics
A number of geographic and environmental variables were found to influence
the spatial distribution and the spatiotemporal dynamics of Phragmites australis on the Finnish coasts. The depth of water, the distance to river mouths,
the shore openness, the land cover/use, and the close-range effect were examined in this study as potential explanatory and predictor variables of the distribution and dynamics of Phragmites. These variables are related to functional, resource, disturbance, and dispersion factors. The choice of these variables
was based on the review of the landscape ecology of Phragmites australis
(Section 1.2.1 and Papers II and IV).
Exploratory analyses of the observed Phragmites distribution in different
sites and time periods show significant prevalence of the species in sheltered
shores with shallow waters and close proximity to river mouths where nutrient
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rich sediments can be found. These variables exhibited potential for discriminating suitable and unsuitable locations for Phragmites with varying levels
(Papers I and II). Although Phragmites is observed to establish colonies at
shorelines adjacent to various types of land cover/use, relatively high prevalence of Phragmites was found associated with agricultural areas close to the
shore (Paper II). During the last few decades, Phragmites has been observed
to have slightly spread into deeper and more open waters in some areas although these geographic variables remain to constitute a physical barrier to its
spread seaward (Paper II). Spatiotemporally, a strong neighborhood effect was
found to influence the patterns of Phragmites dynamics by means of dispersion (Papers II and IV). Neighborhood analyses (Figure 3 in Paper II) of
Phragmites expansion/retraction using different sizes of cells and neighborhood extents revealed patterns of Phragmites dynamics influenced by the
prevalence of the species in the vicinity. In a cellular configuration, these patterns (Figure 3 below) suggest that the probability of Phragmites to propagate
to an unoccupied location increases as the number of Phragmites-occupied
cells within the neighborhood increases. The patterns show, on the other hand,
that the probability of Phragmites to retract from a location increases if not
enough Phragmites patches are found within the neighborhood. The patterns
were found to be valid in all examined sites despite significantly varying intrinsic rates of Phragmites growth among sites and years. Small variations,
however, exist in the proportion of cells to/from which Phragmites expanded/retracted given the neighborhood state. These variations were observed
between different sites and different scale settings (Figure 3 below and Papers
II and IV).
ML-based models of Phragmites distribution and dynamics
Predictive models of Phragmites distribution were built using ML methods,
including naive Bayes (NB; Paper I and III) and boosted regression trees
(BRT; Papers II and IV). These models rely on the variables mentioned in the
previous section in the prediction of Phragmites occurrence and expansion/retraction. Two groups of models can be distinguished; the first group
includes static models of habitat suitability for Phragmites assessed by predictor variables including the depth of water, the distance to river mouths, the
shore openness (or wave exposure), and the land cover; the other set of models
predict, on a fine scale, Phragmites expansion, retraction, or persistence in a
location given the state and juxtaposition of the neighbor cells.
Habitat suitability for Phragmites was successfully assessed using the proposed predictor variables. The importance of these variables in predicting
Phragmites occurrence varied (Paper II), however. Performance of the models
varied in different geographic areas and modeling tasks, i.e. interpolation and
extrapolation. In all cases, moderate to high accuracy (AUC > 0.7; Swets,
1988) was achieved although the sensitivity and specificity of certain models
dropped below this level (detailed measures of models’ predictive accuracy are
listed in each paper). The output of these models can be interpreted as a ranking of the suitability of different locations for Phragmites establishment.
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Figure 3. The effect of neighborhood composition (fraction occupied) on the probability of unoccupied cells to become occupied by Phragmites (solid circles and lines) and the probability
of occupied cells to become unoccupied (open circles and dashed lines), using different cell
sizes and neighborhood extents in Tammisaari, Kotka, and Svartbäck.

The method to model the neighborhood effect on the dynamics of Phragmites is an important result of this research (Papers III and IV). Quantification of the neighborhood influence on Phragmites expansion/retraction was
essential for the development of a dynamic model of the species distribution
using cellular automata. The developed method deals with the transition of
cells in a lattice in terms of Phragmites occupancy as a classification task that
can be approached with ML techniques. That is, the probability of a cell to become occupied/unoccupied or maintain its current state is the class variable
which is predicted using the current state of the neighborhood. The state of the
neighborhood in this method is not abstracted by the proportion of cells belonging to each possible state (occupied or unoccupied in this case). Rather,
the spatial arrangements (or configuration) of cells within the neighborhood
extent is taken into account. This is achieved by letting the current state of
each neighbor cell, which is a binary variable in this case, be a predictor variable of the ‘class’ (or ‘state’ in CA jargon) of the cell in question in the next time
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step. For a binary-state system of species presence/absence, two classifiers are
needed: one to evaluate the probability of an unoccupied cell to become occupied or remain unoccupied, and another one to evaluate the probability of an
occupied cell to become unoccupied or remain occupied. Given the current
state of cells in the lattice, these two classifiers can be used to predict the distribution of Phragmites in the next time step. More detailed description of the
method can be found in Papers III and IV.
Two models of neighborhood effect were built to predict Phragmites dynamics between two time steps: the first evaluates the probability of Phragmites to
expand to an unoccupied location and the second evaluates the probability of
Phragmites to retract from an occupied location (Paper IV). The models are
based on BRT classifiers as mentioned above. A number of classifiers were
trained using different settings of the cell size and the neighborhood extent.
Phragmites expansion/retraction was successfully predicted given the spatial
arrangement of the states of neighbor cells with an AUC above 0.7 for the majority of models (Figure 6 in Paper IV). The effect of the scale settings on the
predictive ability of models was also observed in the same Figure (Paper IV).
The performance of models with small cell sizes was significantly enhanced by
the adoption of extended neighborhoods. Extending the neighborhood, however, yielded lesser enhancement in models with larger cell sizes; it actually
lowered the predictive ability in models with a 10 m cell size. Directional influences on Phragmites dynamics were also captured using this method (Paper
IV). Examining the importance of cells within the neighborhood on the prediction of Phragmites expanding/retracting to/from a location reveals an anisotropic pattern of neighborhood effect. In the sites of Tammisaari and Kotka,
the presence or absence of Phragmites in the south and southwest directions
of the location in question was found to have the most significant influence on
predicting the location’s state in the future (Figure 7 in Paper IV). More details
about the method application can be found in Paper IV.
A dynamic model of Phragmites distribution using ML and CA – the effect of
scale settings and transition rules
Identifying and quantifying factors driving patterns of Phragmites distribution, the results from the analyses and models above constitute the basis of a
dynamic model of Phragmites distribution. The model (Figure 4 below) is a
hybrid system of geo-computational techniques that employs ML methods to
provide transition rules for the CA. The model incorporates also a non-local
top-down influence using observed intrinsic rates of the natural increase of
Phragmites colonies to control the propagation rates. A detailed description of
the model’s components and their integration can be found in Paper IV. The
model was run using different permutations of cell sizes, neighborhood extents, neighborhood transition rules, and presence/absence dichotomization
criteria, and was evaluated using various metrics that measure different aspects of its predictive accuracy (Paper IV). The results shed light on the effect
of scale settings and transition rules on the performance of CA in simulating
Phragmites dynamics.
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Figure 4. Model structure. 0->1 denotes Phragmites expansion and 1->0 denotes Phragmites
retraction.
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Simulations of Phragmites dynamics produced by CA were found sensitive to
scale settings. Significant differences were observed between model runs with
different scale settings in predicting state transitions, ranging from runs with
potential for simulating Phragmites dynamics to runs with a predictive ability
as low as can be expected at random (Figure 8 in Paper IV). Model runs with
different scale settings also varied in their ability to correctly predict quantities
and locations of transitions, i.e. Phragmites expansion/retraction. Extending
the neighborhood in model runs with large cell sizes decreased the overall predictive ability of the model, although it enhanced the ability of model runs with
smaller cells to predict the location of transitions. Transition rules that account for the spatial arrangement of cells within the neighborhood, using the
proposed method above, also enhanced the ability of the model to predict locations of transitions when extended neighborhoods were adopted. Finally, the
incorporation of a top-down effect for the determination of each generation of
the automata was important for correctly predicting quantities of transitions
and, therefore, obtaining a realistic simulation of Phragmites prevalence.
3.1.2

Discussion

This part of the research focused on the use of geo-computation methods
(Openshaw and Abrahart, 2000) for analyzing and modeling processes in the
natural environment, using the distribution and dynamics of Phragmites australis in the Finnish coastal areas as a case study. The published papers I–IV
constitute the piece of research that addressed these issues. Paper I represented a preliminary step that examined the potential of an ML method, namely
the naive Bayes, for assessing habitat suitability for Phragmites and providing
transition rules for a CA model of Phragmites dynamics. The results suggested
the potential of ML classification in these types of spatial dynamic models but,
at the same time, raised a number of questions; expanding the analysis to different geographic areas, using different ML methods, testing additional predictor variables, and examining multiple scale settings in the analysis were
open questions in need of investigation. Paper II addressed these issues. Local
and focal analyses of factors playing a role in the distribution and dynamics of
Phragmites were conducted at different sites and on multiple scales. A static
model of Phragmites distribution was built using boosted regression trees and
was validated in interpolation and extrapolation tasks. There was, still, a need
for quantifying neighborhood influences on the expansion and retraction of
Phragmites colonies in a way compatible with CA formalism. This need was
addressed in Paper III by developing an ML-based method for mining CA
transition rules. Finally, in Paper IV, a dynamic model of Phragmites distribution was developed incorporating the suitability and the neighborhood effect
models from Papers II and III. The effect of scale settings on the model results
was also examined in Paper IV through rigorous validation.
Models of Phragmites distribution developed in this study fall within the
predictive type of SDMs that, while relying on ecological knowledge of the species in question for initial variable selection, emphasize the predictive ability in
model calibration and evaluation. Despite using predictor variables in this
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study that are proxies to more functionally relevant variables, a moderate to
high accuracy (Swets, 1988) of habitat suitability assessment for Phragmites
establishment was achieved. These variables are relatively easily available
which enables the delineation of areas susceptible for Phragmites takeover in
large geographic extents, allowing management plans to be made. This can be
useful especially in areas such as the Southern Finnish coast and archipelago,
with thousands of kilometers of shoreline, for which data on directly functional variables, like the nutrient content in sediments, is hardly available.
Despite minor differences, Phragmites distribution in different years exhibited a similar response to the examined environmental variables. The dynamics of Phragmites patches, therefore, cannot be satisfactorily predicted, on fine
spatial and temporal scales, using only these variables. On the other hand, a
pronounced neighborhood effect was observed in patterns of Phragmites dynamics. Detection of these patterns, however, required an appropriate choice
of the cell size and the neighborhood and an investigation of multiple settings
of these parameters. Field data of the process under study and shape metrics
helped indicate an appropriate range of cell sizes. Patterns of species dynamics
can be detected only when the analysis is conducted on a scale that approaches
the operational scale of the processes underlying these dynamics (Wu, 2004).
The results from the analysis of neighborhood effect on Phragmites dynamics
show that extended neighborhoods, when coupled with large cell sizes, can
yield unclear relationships and result in inaccurate simulations. The results
generally suggest an inverse relation between the cell size and the neighborhood size, which is in agreement with results from other studies on the effect
of scale on CA models for urban processes (e.g., Pan et al., 2010). These two
scale settings are ideally set conjointly with the time step, which in its turn,
needs to reflect the seasonality of the process modeled. The cell size, for instance, might be set large in order to correspond to a high propagation rate of
the process in a specific site or to correspond with a longer time step set, e.g.,
for computational considerations. Extended neighborhoods may also be set if
small cell sizes are adopted. The results of this study show enhancement of
classifiers’ accuracy by extending the neighborhood when small cells are used
for representation. While the neighborhood effect in the case of a clonal species like Phragmites can be largely attributed to vegetative dispersion from
nearest neighbors, other close-range interactions can also be identified. For
instance, Kettenring et al. (2010) found that larger patches display higher genetic diversity, thus increasing the production of viable seeds that can establish and expand vegetatively. In addition, dense reed beds can alter site conditions in a way which favors their expansion by attenuating water movement,
thus enhancing sedimentation of particles and causing accumulation of organic matter (Horppila et al., 2013; Kaitaranta et al., 2013). It is, therefore, necessary for these types of analyses to examine patterns of expansion and retraction under multiple scale settings in order to account for close-range interactions of the process in the site under study.
The developed method for modeling neighborhood effect exhibited potential
for detecting patterns of Phragmites expansion/retraction and for enhancing
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the predictive ability of CA models. Accounting for the spatial configuration of
cells within the neighborhood allows maximum exploitation of data. The benefit of accounting for the spatial arrangement of cells in predicting Phragmites
dynamics is emphasized especially when cells beyond the nearest neighbors
are included in the analysis window. BRT classifiers weigh down cells with
little influence on the prediction as is likely the case for those cells in the outer
rings of the neighborhood window. An advantage of this method is that instead
of applying uniform distance decay, anisotropic weighing is applied by the
classifier allowing accounting for directional influences in the neighborhood.
In Tammisaari and Kotka, for instance, cells on the south and southwest of a
location play a more important role in determining the future of that location
compared to those on other directions (Figure 7 in Paper IV). A possible explanation for this directional influence is the effect of wind whose annual prevailing direction in these sites is south to west. The likelihood of Phragmites to
expand or persist is enhanced if the location is sheltered from wind, in this
case by Phragmites colonies (Meriste et al., 2012; Kaitaranta et al., 2013).
Iterative calibration and validation of spatial models using different sets of
parameters is needed in order to achieve accurate predictions that are useful
for input to other models or for management. The use of ML methods and dynamic spatial models requires careful training and validation. The heavy reliance of ML methods on data for building models makes them prone to overfitting (Bahn and McGill, 2013). Overfitting occurs when models capture in the
training phase not only general patterns and trends of the process, but also
noise in data that is specific to the site and cannot be generalized (Pontius et
al., 2004). Splitting data in space and/or time and examining model performance in extrapolation as well as interpolation are useful practices to avoid
overfitting (Pontius et al., 2004; Bahn and McGill, 2013). Also, as the goal of
spatial dynamic models is to simulate changes in a landscape, the evaluation
needs to assess their ability to predict not only the end-state of the target geographic area but also the state transitions that have occurred in the area over
the studied period of time. Often in simulating spatial processes, due to the
presence of positive autocorrelation, the agreement between predicted and
observed maps can be largely attributed to the expected agreement between
the observed maps at t0 (with which the model was initiated) and t1 (the modeling target). This phenomenon is more pronounced in the distribution of
plant and sessile species because their distributions usually exhibit a positive
temporal autocorrelation. The use of the Kappa coefficient of agreement for
the evaluation of dynamic models can, therefore, give a false impression of
high predictive accuracy. The results of this study indicate the usefulness of
alternatives to Kappa, such as FKS, KTransition, and KTransLoc, for model evaluation
to distinguish the model’s ability in predicting the quantity versus location of
transitions in a landscape. It remains interesting, however outside the scope of
this study, to compare these indices with indices that are not based on Kappa
and that can be used to indicate locational and quantitative accuracy of spatial
dynamic models (e.g., quantity disagreement and allocation disagreement parameters; Pontius and Millones, 2011).
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3.2

Geospatial web services for oil spill management support

This section summarizes the results corresponding to the question of how advances in geospatial technology can be used to support environmental management (RO. 2 and Paper V). The case addressed here is the response to ecological risks posed on coastal ecosystems by oil spills. The results are focused
around the design and implementation of a geo-enabled environmental information system that can be used to assist combating teams in protecting species
and habitats and reducing harm on nature. In the following subsections, I present the design rationale of the EIS and discuss its implementation and related
issues. More details can be found in Paper V.
3.2.1

Design rationale

As a distributed information system, an EIS consists conceptually of three layers: the presentation, the application logic, and the resource management layers (Alonso et al., 2004). The presentation layer is the part of the EIS that
communicates with the clients by receiving requests and delivering information. The information delivered upon client request is a result of data processing performed by the application logic layer. Data on which the application
logic relies are dealt with and implemented in a resource management layer.
An EIS can be designed in a top-down or a bottom-up approach. The former,
adopted in this research, is driven by the functionality of the system, while the
latter starts from legacy systems that already exist (Alonso et al., 2004). With
the goal and functionality driving the design of the intended EIS, a clear definition of the adequate response to the ecological risks posed by oil spills from
both ecological and end user perspectives is needed. Considering the response
to oil spills described in Section 1.2.2 and end user requirements (H. Vellonen,
pers. comm.), the functionality of an EIS required in order to assist oil combating teams can be summarized as follows:






Delivering information and communicating ecological knowledge in a
spatial context;
Enabling navigation and orientation in the geographic space;
Enabling user control of served data;
Enabling interrogation of spatial elements in the geographic space; and
Answering a set of predefined spatial and non-spatial queries relevant
to the operations.

Key to the design of any information system is identifying clients and physical environments where the system is planned to be used (Albrecht and Davies, 2010). User–system interaction is largely defined by the users and their
context and it directly influences system usability. User skills, their surroundings, and available hardware and software settings are important considerations for the design of an EIS, in general, and the presentation layer, with
which clients interact, in particular. Who will use an EIS for oil combating
support, when, where, and how can be summarized as follows:
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User groups include mainly combating personnel during the operations, but may also be extended to include ecologists from environmental authorities in contingency planning;
The system is primarily used in response to disasters, i.e. after an oil
spill;
During different stages of the operations, the system needs to be accessed and run in the office and in the field;
Clients used for interaction with the system are standard web browsers
in different operating systems and hardware platforms; and
User–client interaction can be by a mouse and a keyboard and/or a
touch screen.

The above considerations of functionality and client–system interaction are
reflected in the design and implementation of all of the components of the EIS
as per the top-down strategy.
The presentation layer of the EIS renders contextualized information relevant for oil spill combating and allows the user’s control of the application,
which makes it a primary determinant of the system usability. It comprises a
map application as a thin or a fat client and allows user interaction with the
system. Map applications can run in clients of varying hardware and software
platforms. Available classes of hardware platforms include desktop, laptop,
and tablet computers as well as cell phones. These have varying operating systems and available software. They also differ in their capabilities and methods
of user–client interaction. As mentioned earlier, an EIS for responding to the
ecological risks from oil spills needs to run, during different stages of the operations, on different clients and in varying environments. Earlier stages of the
oil spill combating may be conducted in the office using desktop computers
while the later phases require the use of portable/mobile gadgets in the field
for real time decision making. Compared to desktop computers, mobile devices provide additional capabilities such as support of location-based services,
but pose limitations such as network reliability (Haklay and Li, 2010). The
smaller display size of mobile devices in general requires a unique design for
usability considerations (Nivala et al., 2007).
Web map applications consume web services created by programs running
on remote servers. Standards of the OGC Web Mapping Framework make it
possible for spatial data and processing services to be developed and to interoperate (Jolma et al., 2008). Web Map Service (WMS) and Web Feature
Service (WFS) are common and standard protocols for serving geo-referenced
data. WMS allows a client to render map images while a WFS allows retrieval
of geospatial data. WMS can support a time dimension and simple queries.
WFS on the other hand, by serving features and their attributes, allows more
freedom for clients in using the data. These technologies facilitate the communication of various types of spatial information needed in the operational
management of oil spills. The location of spilled oil and its predicted drifting
trajectory can be rendered in the map application using time-aware WMS.
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Detailed information on species and habitat occurrences and their prioritization for protection can be provided through WFS. In addition to data services,
data processing services, such as Web Processing Service (WPS), can also be
utilized in the EIS to provide standardized geospatial processing for the calculation of, e.g., the prioritization index for safeguarding. Computing the prioritization index is a part of the application logic that involves spatial analyses
such as overlay and proximity calculation of species and habitat occurrences.
Different types of data are needed to provide contextualized information that
can support operational oil spill management (Section 1.2.2). Data used in
information systems can originate from different sources and can reside in
databases, file systems, or other information repositories (Alonso et al., 2004).
State-of-the-art environmental information systems employ relational databases with a geospatial extension for data storage and management (Günther,
1998). Responding to ecological risks from oil spills requires both spatial and
non-spatial data to be communicated with combating teams in a proper context. Non-spatial data include general ecological information about species and
habitats and their sensitivity to oil and cleaning methods. Spatial data include
the distribution of different species and habitats in coastal areas, prioritization
indexes, oil spill drifting trajectory, and background maps. A spatial database
allows joining spatial and non-spatial relations thus providing comprehensive
information on nature values while maintaining a clean structure of the data.
Additionally, spatial databases provide various spatial indexes (Brinkhoff and
Kresse, 2012) that enhances the efficiency of spatial operations needed, e.g.,
for computing the prioritization index with a back-end tool in the database.
Resources are, however, not necessarily limited to databases but can include
other distributed information systems. Enabled by standards, data from other
web services can be utilized by an EIS for oil combating support. Examples of
these are online map services such as Open Street Map
(http://wiki.openstreetmap.org/wiki/WMS)
and
Google
Maps
(https://developers.google.com/maps/documentation/javascript/) which provide background maps of various types for web applications.
3.2.2

Discussion

An EIS for responding to ecological risks from oil spills (called the OILRISK
Map) was implemented in this study with the design outlined above. The OILRISK Map targets species and habitats on the Finnish coasts of the Gulf of Finland and the Archipelago Sea for protection. It aims to provide oil combating
operations with a web and mobile tool for assisting the spatial decision of location-allocation of booms or sheets as well as prioritization of habitat/species
for protection. Its ultimate goal is to minimize the harm caused by oil spills. A
number of issues related to the implementation of the OILRISK Map prototype are discussed below. Detailed description of the implementation can be
found in Paper V.
Usability is an essential indicator of the usefulness of information systems, in
general, and those intended for responding to disasters, in particular. Low
usability can prevent systems from fulfilling their intended goals despite the
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great deal of resources upon which they may rely. While all components of an
EIS contribute to system usability, the presentation layer, being the component with which users interact, is arguably the significant determinant of the
degree of the usability of a system. A highly usable system is a system which is
easy to learn and remember, is efficient in performing tasks, has low error
rates and easy error recovery, and is pleasant to use (Nielsen, 1993). Simplicity
of the user interface was emphasized as a requirement by potential users of the
OILRISK Map (H. Vellonen, pers. comm.). The design of the OILRISK Map
took into account the clarity and intuitiveness of the user interface making it
easy to learn and memorize. The controls and the widgets of the map application are apparent to the user without the need to browse through multiple
menus or cascading panels. The graphical user interface of the OILRISK Map
was designed to mimic well known and commonly used map applications,
which makes it easy for users to learn and remember.
User context was also acknowledged in the design and implementation of the
OILRISK Map. The map application can be used in different display sizes and
it supports different ways of client–user interaction by keyboard, mouse, and
touch screen controls. The application of the OILRISK Map is a thin client that
runs on standard web browsers. This eliminates the burdens of special software installation, such as OS compatibility, software dependency, and different institution policies. Since multiple parties may be involved in the operational management of an oil spill during different stages, such obstacles are
likely to be encountered due to varying operating systems, GISs, and versions
of these adopted in different institutions. A thin web map application in this
case, being platform independent, is advantageous. Distributed environmental
information systems allow the incorporation of various resources, the development of systems that are portable across different platforms, and the design
of multiple user interfaces customized for different clients. A version of the
OILRISK Map application was tested particularly for devices with small
screens, e.g., mobile phones. Although the primary access to the OILRISK Map
is expected to be through portable gadgets with bigger screen sizes, such as
laptop and tablet computers, the mobility of the system raises the opportunity
of its use in participatory sensing. A customized interface of the presentation
layer with location awareness can be implemented and made accessible to the
public, enabling them to report observations of places influenced by oil to the
combating teams and environmental authorities.
There is, however, a number of issues related to the implementation of the
OILRISK Map and geo-enabled distributed systems in general. For example,
functionalities for storing user inputs and reports would greatly enhance the
system usability. These require simultaneous editing capabilities of overlays in
the map application which could be enabled by implementations of transactional Web Feature Service (WFS-T). WFS-T allows the creation of new features and the updating and deleting of existing features. Such operations,
however, require careful consideration for the EIS security and authentication
procedure, especially if functions of public participatory sensing are enabled.
Despite the advantageous feature of utilizing data from multiple resources in a
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distributed EIS, some obstacles can be encountered, in practice, in data sharing among different institutions. This, for instance, was the reason for not including the spatial layer of oil spill location and drifting prediction in the implemented prototype of the OILRISK Map. The designed EIS was reimplemented in another system, BORIS2 (a situation awareness system for
environmental emergency response, www.syke.fi/projects/boris2). BORIS2
resides on the servers of the institute that provides the information on the oil
spill location and drifting prediction. Although caused by limitations due to
policies of different institutions rather than the lack of technical solutions,
these problems can limit the ability of distributed information systems to utilize data from various resources. Other implementation problems related to
emerging and new technologies can be encountered in these types of applications. Smart phones and tablet computers are still evolving in both hardware
and software capabilities. The unavailability of some web browsers and the
lack of support for multi-touch screens in some devices, at the time of implementing the OILRISK Map, are examples of these problems. Finally, the usefulness of environmental information systems in general, and those dedicated
for providing support in emergency situations in particular, depends, besides
their usability, on their availability and content improvement and updating.
Long-term maintenance of the system and continuous collaboration between
the involved parties is therefore essential.
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This concluding chapter discusses the significance of the results presented
above and relevant methodological considerations and management implications. The discussion presented here is generic as discussion of the results specific within each application is presented in the previous chapter. The discussion here reflects on the utility of advanced geo-computational methods and
geospatial technologies in environmental modeling and management. In this
chapter, limitations of this research are also discussed and directions for future research are suggested.

4.1

Methodological considerations

The utility of geospatial analysis and technology in environmental modeling
and management is well established in the literature (e.g., Foody, 2008). The
rising of Geographic Information Systems and Science has contributed significantly to environmental modeling and management by facilitating the explicit
incorporation of a spatial component in environmental models and DSSs. Spatial data analysis and management capabilities are brought to these models
and DSSs by the integration of a GIS module in various ways (Denzer, 2005).
In the recent years, a number of advances have occurred in computational
methods and geospatial technology which has furthered their utility for environmental modeling and management. This research has addressed some of
these advancements and evaluated their applicability and utility for two applications of environmental modeling and operational management in coastal
areas.
Advanced computational methods of machine learning, such as the boosted
regression trees, exhibited promising performance in modeling environmental
processes, as shown by the results of Phragmites distribution modeling. A
static distribution model that uses boosted regression trees to rank habitat
suitability for Phragmites was built and successfully tested in interpolation
and extrapolation tasks. These results concur with earlier work that suggests
high potential for machine learning methods in general (Elith et al., 2006) and
boosted regression trees in particular (Caruana and Niculescu-Mizil, 2006;
Elith and Graham, 2009) for species distribution modeling. In addition to habitat suitability modeling, the utility of machine learning methods was extended
in this research to mine spatial patterns of neighborhood effect on Phragmites
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dynamics and provide transition rules for cellular automata. The developed
model of neighborhood effect allows maximum exploitation of available data
by accounting for the spatial arrangement of influential neighbors to predict
the future state of a location in a lattice. This led to detecting directional influences within the neighborhood and to weighing of neighbors’ influence accordingly. The development of such a model of neighborhood effect is facilitated by
the use of machine learning as the underlying induction method and by the
availability of highly efficient software and great computational power. Although tested here for modeling Phragmites dynamics, this method can be potentially applied in modeling dynamics of other species or spatial processes,
e.g., in urban systems.
Machine learning differs methodologically from statistical inference in that it
constructs the model from data and therefore stresses the use of any variable
that is potentially informative (Gahegan, 2003; Hochachka et al., 2007). An
advantage of boosted regression trees is the use of measures of information
gain in the boosting algorithm. This results in the implicit learning of spatial
dependence (Gahegan, 2003) among neighbor cells for modeling close-range
influences of the process under study. However, the calibration and validation
of spatial dynamic models require rigorous procedures in order to correctly
assess their predictive ability. This includes the separation of data sets for
training and testing in space and/or time and the accounting for the models’
ability to simulate changes in terms of both quantification and allocation. The
need is especially emphasized when machine learning methods are used to
develop these models since the availability of large data sets for training coupled with the ability of machine learning algorithms to fit complex functions
establishes a pitfall for overfitting.
In agreement with many previous studies in related fields (Parody and
Milne, 2004; Wu, 2004; Ménard and Marceau, 2005; Kocabas and Dragicevic,
2006; Pan et al., 2010), the results of this research emphasize the importance
of scale in landscape models and call attention to the selection of the appropriate spatial and temporal scale settings of CA. The choice of scale settings influences the ability to detect patterns in spatiotemporal dynamics as well as the
performance of dynamic models such as CA. The multiple scale analyses of
Phragmites dynamics presented in this study illustrate the importance of cell
size and neighborhood extent choices for uncovering trends of Phragmites
expansion and retraction. The ability of CA to predict both quantity and location of transitions in Phragmites cover was greatly influenced by the scale settings of the model. It is, therefore, important that CA scale settings are chosen
based on an understanding of the phenomenon in question and its underlying
processes rather than arbitrarily. Successful detection and simulation of dynamic patterns can be achieved when the scale of analysis and modeling (the
observational scale) approaches the operational scale of the landscape process
under investigation (Wu, 2004). Because the operational scale is often unknown (Sayre, 2009), it is crucial to examine the dynamics of the process in
question at multiple scales. Ecological knowledge of the process under study
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and landscape metrics can help indicate a range of scales potential for examination in an iterative calibration-validation manner.
It is, however, important to recognize the uncertainties in the results of this
research. Uncertainty is a well-recognized issue in environmental modeling
and, therefore, management decisions, and models in this study are no exception. Uncertainty is caused by a number of factors including data measurement errors, environmental system variability, model selection and structure,
and incomplete understanding of the system’s behavior (Brugnach et al.,
2008; Jakeman et al., 2008). Data on species and habitat occurrences is a
main source of uncertainty in the models’ results in both studied applications,
i.e. Phragmites distribution and species and habitat prioritization for protection. Manual delineation of Phragmites colonies from historic aerial photographs is prone to misinterpretation of different species and other objects that
appear in the photographs. Moreover, validation of these interpretations is not
possible through straight forward ground truthing. The automatic extraction
of Phragmites patches from satellite imagery through spectral reflectance is
also subject for classification errors. In addition, data on species and habitats
sensitive to oil originate from different sources and were not a result from a
designed sampling. For most of the above mentioned data, ground truth information was lacking or insufficient. Furthermore, the selection of modeling
approaches and the structure of models impose uncertainty in the results. Although the application of multiple models is one way to evaluate such uncertainty (Uusitalo et al., 2015), it has been suggested that the quality of sample
data has significant effect on the predictive accuracy of models (Bučas et al.,
2013). Additional uncertainty arises from the incomplete accounting of variables and processes due to the lack of knowledge about some aspects of the system under study. Long distance seed dispersal through wind and currents, for
instance, is ignored in the dynamic model of Phragmites distribution in this
study. Quantification of such processes often needs to be empirically derived
while data in the case of the current study was not sufficient for this purpose.
Choices in this research were made with the above mentioned uncertainties
in mind. Phragmites data from different sources and methods and for different sites and years were used to explore and verify patterns and trends of species distribution and dynamics. In the final model of Phragmites dynamics, for
instance, the boosted regression trees method is employed with a binomial
deviance loss function in order to cope with possible data mislabeling (Elith et
al., 2008) due to errors in the interpretation and classification of remotely
sensed data. In addition, model validation for different geographic sites and
years was performed to account for the variability of Phragmites dynamics
within the study area. Models were also run using different parameter settings
to examine the sensitivity of their results to such parameters. Finally, probabilistic transition rules were developed for the CA allowing coping with the randomness inherent in environmental systems.
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4.2

Management implications

Spatial models and geo-enabled environmental information systems are valuable tools for understanding and informing in environmental management.
This can be theoretically demonstrated using the developed model of Phragmites distribution and environmental information system for decision support
in oil spill operational management. The implications discussed here are, however, not limited to these applications but can be extended to modeling of
similar spatial processes and management of similar disaster and emergency
situations.
Spatial dynamic models of processes in the natural and urban environments
can be of high utility, not only for understanding such processes, but also for
planning and management. The model of Phragmites distribution developed
in this research, for instance, helps delineating suitable habitats for Phragmites along the Southern Finnish coasts using data sets which are relatively
easy to obtain. This allows early plans for Phragmites spread management to
be made (Bart et al., 2006; King et al., 2007). In addition, assessment of habitat suitability for Phragmites is essential for ecological studies of species and
habitat diversity (Lappalainen et al., 2008; Pitkänen et al., 2013) given the key
role of reed beds on littoral communities in shallow and sheltered coastal ecosystems (Meriste et al., 2012). Finally, spatial dynamic models can be integrated with models of related processes or those at different scale levels. Dynamic
models of species distribution, by incorporating species interaction with the
surrounding, allow answering management questions of ‘what if’ nature. For
example, the Phragmites distribution model can be linked to hydrological
models of water quality that estimate the amount of external nutrient input
under different scenarios of land cover/use change, in order to predict future
Phragmites distributions in response to alternative development plans.
Spatial decision and information systems are also valuable tools in environmental management. The utility of these systems is widely reported in the literature (e.g., Díes and McIntosh, 2009; Sugumaran and DeGroote, 2011). This
research investigated the application of recent advancements in geospatial
technology for operational management in response to disasters. These advancements can significantly increase the efficiency of operational management by bringing on-site contextualized information that facilitates real time
decision making. In addition, web mapping standards allow efficient communication of geo-referenced environmental information in an interoperable
form, which enables the utilization of information from various resources on
the web. Adequate analysis of the system including information requirements,
potential users, and usage context is crucial for proper usability and performance. The design and implementation of these systems should also be an
iterative process that utilizes discussion and feedback among system experts,
developers, and potential users (van Delden et al., 2011).
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4.3

Concluding remarks and future perspectives

The main question of this research was how advancements in geospatial computation and technology can be utilized in environmental modeling and management. The utility of geospatial computation and technology for modeling
and management is demonstrated through their application and in-depth
evaluation in two fields in the environmental domain, namely modeling
Phragmites distribution and supporting operational management of oil spill
combating. In addition, the current research contributes to the scientific
knowledge of these studied fields. More specifically, the contribution can be
demonstrated as follows;
This study contributed to the understanding of the spatial distribution
and spatiotemporal dynamics of Phragmites australis, a corner stone
species in coastal ecology, and the underlying endogenous and exogenous factors of the species distribution. The study also provided quantification of the relationships between these factors and the species occurrence and close-range dynamics. A generic contribution of this study that
can be potentially applied in the analysis of other spatial systems is the
method for modeling neighborhood effect which demonstrated the ability to capture directional influences within the vicinity. This research also revealed the effect of observational scale on the detection of Phragmites dispersion patterns. Finally, this research addressed the integration of these models in a dynamic cellular automata model, which utilizes advanced geo-computational methods for Phragmites spatial simulation, and examined the effect of transition rules and scale setting on the
model behavior.
This study provided a design and structure of a geo-enabled environmental information system for responding to oil spills using state-of-theart geospatial technologies. The design rationale is based on analyses of
the oil spill management process, the ecological knowledge required, and
the system’s usage context. The system’s implementation challenges and
usability were reflected upon through an evaluation of a prototype of the
designed environmental information system. The design rationale provided by this research was employed by the Finnish Environment Institute in implementing the part of BORIS2 (a situation awareness system
for environmental emergency response) which aims at providing a common operational picture for oil spill combat.
A number of limitations in this research can be identified, pointing to future
research directions. A major cause of limitations in this research is related to
data availability and accuracy. In both applications, improved quality and
quantity of data on species and habitat occurrences would enhance the performance and utility of models and environmental information systems. Despite the availability of Phragmites distribution data for rather large spatial
extents at relatively high spatial resolution, the temporal grain and extent of
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the data was constrained. This, together with the lack of spatially and temporally detailed data on nutrient input from catchments, precluded the examination of Phragmites dynamics in response to catchment-borne nutrient loads in
coastal areas. Upon the availability of such data, the model developed in this
study can be linked with models of water quality to evaluate Phragmites dynamics under different scenarios of urban development. Future research on
the long distance dispersion of Phragmites seeds can be beneficial for a better
understanding of the prominent production modes of the species in the area
and, hence, more accurate prediction of its future distributions. With regard to
the environmental information system developed for oil spill management
support, a number of future research directions can help address current limitations. Improvement of the quality of species and habitat occurrence data
through properly designed sampling would positively reflect on the system’s
ability to serve its purpose, that is, protection of nature values in coastal areas.
Additionally, the system could be further developed to apply spatial optimization analyses to suggest to oil combating personnel an optimized allocation for
oil booms, given the current location of the operation teams, the available
equipment, oil slick location and drifting prediction, and, importantly, the prioritization index.
In conclusion, advancements in geo-computational methods and geospatial
technologies have shown great utility in environmental applications by enhancing the performance of environmental models and the efficiency of environmental information systems. This in turn provides scientists and natural
resource managers with powerful instruments for understanding, predicting,
and informing in the environmental domain. This thesis employed a number
of these methods and technologies for two applications in coastal environments and shed light on some of their methodological and management implications. As development is constantly being made in computational and information science and technology, new approaches and techniques utilizing
these advancements need to be developed, applied, and evaluated aiming at
solving environmental problems and advancing sustainability.

52

References

Albrecht, J., Davis, C. (2010). Application planning. In: M. Haklay (Ed.), Interacting
With Geospatial Technologies. Wiley-Blackwell, UK, pp. 127–144.
Alonso, D., Solé, R. V. (2000). The DivGame Simulator: a stochastic cellular automata
model of rainforest dynamics. Ecological Modelling, 133, 131–141.
Alonso, G., Casati, F., Kuno, H., Machiraju, V. (2003). Web services: Concepts, Architectures and Applications. Springer, Berlin, 354 p.
Ambjörn, C. (2007). Seatrack Web, forecasts of oil spills, a new version. Environmental Research, Engineering and Management, 41, 60–66.
Austin, M. (2002). Spatial prediction of species distribution: an interface between
ecological theory and statistical modelling. Ecological Modelling, 157, 101–118.
Bahn, V., McGill, B. J. (2013). Testing the predictive performance of distribution models. Oikos, 122, 321–331.
Baldwin, A. H., Kettenring, K. M., Whigham, D. F. (2010). Seed banks of Phragmites
australis–dominated brackish wetlands: relationships to seed viability, inundation, and land cover. Aquatic Botany, 93, 163–169.
Balzter, H., Braun, P. W., Köhler, W. (1998). Cellular automata models for vegetation
dynamics. Ecological Modelling, 107(2), 113–125.
Barredo, J. I., Kasanko, M., McCormick, N., Lavalle, C. (2003). Modelling dynamic
spatial processes: simulation of urban future scenarios through cellular automata. Landscape and Urban Planning, 64(3), 145–160.
Bart, D., Burdick, D., Chambers, R., Hartman, J. M. (2006). Human facilitation of
Phragmites australis invasions in tidal marshes: a review and synthesis. Wetlands Ecology and Management, 14, 53–65.
Belzile, F., Labbé, J., LeBlanc, M.-C., Lavoie, C. (2010). Seeds contribute strongly to
the spread of the invasive genotype of the common reed Phragmites australis.
Biological Invasions, 122, 2243–2250.
Bivand, R. S. (2010). Exploratory spatial data analysis. In: M. M. Fischer, A. Getis
(Eds.), Handbook of Applied Spatial Analysis: Software Tools, Methods and Applications. Springer, Berlin, pp. 219–254. ISBN 978-3-642-03646-0.
Boström, C., Pittman, S. J., Simenstad, C., Kneib, R. T. (2011). Seascape ecology of
coastal biogenic habitats: advances, gaps, and challenges. Marine Ecology Progress Series, 427, 191–217.
Breiman, L. (2001). Statistical modeling: the two cultures. Statistical Science, 16, 199–
215.
Brimicombe, A. J. (2009). GIS, Environmental Modeling and Engineering (Second
Edition). CRC Press, Boca Raton, FL. ISBN 9781439808702.
Brinkhoff, T., Kresse W. (2012). Databases. In: W. Kresse, D. Danko (Eds.), Handbook
of Geographic Information. Springer, Dordrecht, pp. 61–108. ISBN 978-3-54072680-7.
Brugnach, M., Pahl-Wostl, C., Lindenschmidt, K. E., Janssen, J. A. E. B., Filatova, T.,
Mouton, A., Holtz, G., van der Keur, P., Gaber, N. (2008). Complexity and Uncertainty: Rethinking the Modelling Activity. In: A. J. Jakeman, A. A. Voinov, A.
E. Rizzoli, S. H. Chen (Eds.), Environmental Modelling, Software and Decision

53

References

Support: State of the Art and New Perspectives. Elsevier, Amsterdam, pp. 49–
68.
Bučas, M., Bergström, U., Downie, A.-L., Sundblad, G., Gullström, M., von Numers,
M., Šiaulys, A., and Lindegarth, M. (2013). Empirical modelling of benthic species distribution, abundance, and diversity in the Baltic Sea: evaluating the
scope for predictive mapping using different modelling approaches. ICES Journal of Marine Science, doi: 10.1093/icesjms/fst036.
Burdick, D., Konisky, R. (2003). Determinants of Expansion for Phragmites australis,
Reed, in Natural and Impacted Coastal Marshes. Estuaries, 26, 407–416.
Caruana, R., Niculescu-Mizil, A. (2006). An empirical comparison of supervised learning algorithms. In: W. Cohen, A. Moore (Eds.), Proceedings of the 23nd International Machine Learning Conference, Pittsburgh, PA. Omni Press.
Castree, N., Demeritt, D., Liverman, D. (2009). Introduction: Making Sense of Environmental Geography. In: N. Castree, D. Demeritt, D. Liverman, B. Rhoads
(Eds.), A Companion to Environmental Geography. Wiley-Blackwell, Chichester, UK, pp. 1–15. ISBN 978-1-4051-5622-6.
Chambers, R. M., Havens, K. J., Killeen, S., Berman, M. (2008). Common reed
Phragmites australis occurrence and adjacent land use along estuarine shoreline in Chesapeake Bay. Wetlands, 28, 1097–1103.
Cheng, J., Greiner, R. (1999). Comparing Bayesian Network Classifiers. In: B. K. B.
Laskey, H. Prade (Eds.), Proceedings of UAI '99 the Fifteenth Conference on
Uncertainty in Artificial Intelligence, Stockholm, Sweden. Morgan Kaufmann,
San Francisco, CA, pp. 101–108.
Cohen, J. A. (1960). Coefficient of agreement for nominal scales. Educational and Psychological Measurement, 20, 37–46.
Colasanti, R. L., Hunt, R., Watrud, L. (2007). A simple cellular automaton model for
high-level vegetation dynamics. Ecological Modelling, 203(3), 363–374.
Coops, H., Van der Velde, G. (1996). Effects of waves on helophyte stands: mechanical
characteristics of stems of Phragmites australis and Scirpus lacustris. Aquatic
Botany, 53, 175–185.
Costanza, R., Voinov, A. (2004). Introduction: Spatially Explicit Landscape Simulation
Models. In: R. Costanza, A. Voinov (Eds.), Landscape Simulation Modeling a
Spatially Explicit, Dynamic Approach. Springer, New York, pp. 3–20. ISBN 9780-387-21555-6.
Costanza, R., d'Arge, R., de Groot, R. S., Farber, S., Grasso, M., Hannon, B., Limburg,
K., Naeem, S., O'Neill, R.V., Paruelo, J., Raskin, R.G., Sutton, P., van den Belt,
M. (1997). The value of the world's ecosystem services and natural capital. Nature, 387, 253–260.
Couclelis, H. (1985). Cellular worlds: a framework for modeling micro–macro dynamics. Environment and Planning A, 17, 585–596.
Demšar, J., Curk, T., Erjavec, A. (2013). Orange: data mining toolbox in Python. Journal of Machine Learning Research, 14, 2349–2353.
Denzer, R. (2005). Generic integration of environmental decision support systems –
state-of-the-are. Environmental Modelling & Software, 20, 1217–1223.
de Smith, M. J., Goodchild, M .F, Longley, P. A. (2006). Geospatial Analysis: A Comprehensive Guide to Principles, Techniques and Software Tools (Fourth Edition). Winchelsea Press, Winchelsea, UK. URL:
http://www.spatialanalysisonline.com/HTML/ [accessed June 2015].

54

References

Díes, E., McIntosh, B. S. (2009). A review of the factors which influence the use and
usefulness of Information Systems. Environmental Modelling & Software, 24(5),
588–602.
Di Traglia, M., Attorre, F., Francesconi, F., Valenti, R., Vitale, M. (2011). Is cellular
automata algorithm able to predict the future dynamical shifts of tree species in
Italy under climate change scenarios? A methodological approach. Ecological
Modelling, 222(4), 925–934.
Dormann, C. F. (2007). Effects of incorporating spatial autocorrelation into the analysis of species distribution data. Global Ecology and Biogeography, 16, 129–138.
Drielsma, M., Ferrier, S., Manion, G. (2007). A raster-based technique for analysing
habitat configuration: The cost-benefit approach. Ecological Modelling, 202(3),
324–332.
Duarte, C. M. (2009). Global loss of coastal habitats: rates, causes and consequences.
Fundación BBVA, Bilbao, Spain. ISBN: 978-84-96515-84-0.
Dunning Jr., J. B., Danielson, B. J., Pulliam, H. R. (1992). Ecological processes that
affect populations in complex landscapes. Oikos, 65, 169–175.
Eddelbuettel (2014). RcppCNPy: Reading and writing NumPy binary files (version
0.2.3). URL: http://dirk.eddelbuettel.com/code/rcpp/RcppCNPy-intro.pdf [accessed June 2015].
Elith, J., Graham, C. H. (2009). Do they? How do they? WHY do they differ? On finding reasons for differing performances of species distribution models. Ecography, 32, 66–77.
Elith, J., Leathwick, J. R. (2009). Species distribution models: ecological explanation
and prediction across space and time. Annual Review of Ecology, Evolution, and
Systematics, 40, 677–697.
Elith, J., Graham, C. H., Anderson, R. P., Dudík, M., Ferrier, S., Guisan, A., Hijmans,
R. J., Huettmann, F., Leathwick, J. R., Lehmann, A., Li, J., Lohmann, L. G.,
Loiselle, B. A., Manion, G., Moritz, C., Nakamura, M., Nakazawa, Y., Overton, J.
M., Peterson, A. T., Phillips, S. J., Richardson, K., Scachetti-Pereira, R.,
Schapire, R. E., Soberón, J., Williams, S., Wisz, M. S., Zimmermann, N. E.
(2006). Novel methods improve prediction of species’ distributions from occurrence data. Ecography, 29, 129–151.
Elith, J., Leathwick, J. R., Hastie, T. (2008). A working guide to boosted regression
trees. Journal of Animal Ecology, 77, 802–813.
Engloner, A. I., Major, A. (2011). Clonal diversity of Phragmites australis propagating
along water depth gradient. Aquatic Botany, 94, 172–176.
ESRI (2011). ArcGIS Desktop: Release 10. Redlands, CA: Environmental Systems Research Institute.
Etkin, D. S. (2000). Worldwide Analysis of Oil Spill Cleanup Cost Factors. In: Proceedings of the 23rd Arctic and Marine Oilspill Program (AMOP) Technical Seminar.
Environment Canada, Ottawa, Ontario, 161–174.
Fér, T., Hroudová, Z. (2009). Genetic diversity and dispersal of Phragmites australis
in a small river system. Aquatic Botany, 90, 165–171.
Fielding, A. H., Bell, J. F. (1997). A review of methods for the assessment of prediction
errors in conservation presence/absence models. Environmental Conservation,
24, 38–49.
Fingas, M. (2000). The Basics of Oil Spill Cleanup, J. Charles (Ed.). Lewis Publishers,
Boca Raton, Florida.
Finnish Environment Institute (2013). Maritime accident risks and response cases.
URL: http://www.ymparisto.fi/enUS/Waters/Environmental_emergency_response_in_Finland/Marine_polluti

55

References

on_response/Maritime_accident_risks_and_response_cases [accessed June
2015].
Fischer, M. M., Getis, A. (2010). Handbook of Applied Spatial Analysis: Software
Tools, Methods and Applications. Springer, Berlin. ISBN 978-3-642-03646-0.
Fonstad, M. A. (2006). Cellular automata as analysis and synthesis engines at the geomorphology–ecology interface. Geomorphology, 77, 217–234.
Foody, G. M. (2008). GIS: biodiversity applications. Progress in Physical Geography,
32(2), 223–235.
Frank, A. U. (2000). Geographical Information Science: new methods and technology.
Journal of Geographical Systems, 2(1), 99–105.
Freeman, E. A., Moisen, G. (2008). PresenceAbsence: An R package for presence absence analysis. Journal of Statistical Software, 23(11), 1–31.
Frew, J., Dozier, J. (2012). Environmental informatics. Annual Review of Environment and Resources, 37, 449–472.
Furman, E., Hamari, R., Dahlström, H. (1998). Baltic – Man and Nature. Otava, Keuruu. 159 p.
Gahegan, M. (2003). Is inductive machine learning just another wild goose (or might
it lay the golden egg)? International Journal of Geographical Information Science, 17(1), 69–92.
Gershenfeld, N. (1999). The Nature of Mathematical Modelling. Cambridge Univ.
Press, Cambridge, UK.
Gibson, C. C., Ostrom, E., Ahn, T. K. (2000). The concept of scale and the human dimensions of global change: A survey. Ecological Economics, 32, 217–239.
Gregor, S. (2002). A theory of theories in information science. In: S. Gregor, D. Hart
(Eds.), Information Systems Foundations: Building the Theoretical Base. Australian National University, Canberra, pp. 1–20.
Gregor, S. (2006). The nature of theory in Information Systems. MIS Quarterly, 30(3),
611–642.
Guisan, A., Zimmermann, N. E. (2000). Predictive habitat distribution models in ecology. Ecological Modelling, 135, 147–186.
Guisan, A., Tingley, R., Baumgartner, J. B., Naujokaitis-Lewis, I., Sutcliffe, P. R., Tulloch, A. I. T., Regan, T. J., Brotons, L., McDonald-Madden, E., Mantyka-Pringle,
C., Martin, T. G., Rhodes, J. R., Maggini, R., Setterfield, S. A., Elith, J.,
Schwartz, M. W., Wintle, B. A., Broennimann, O., Austin, M., Ferrier, S.,
Kearney, M. P., Possingham, H. P., Buckley, Y. M. (2013). Predicting species distributions for conservation decisions. Ecology Letters, 16, 1424–1435.
Günther, O. (1998). Environmental Information Systems. Springer, Berlin. 244 p.
ISBN 978-3-662-03602-0.
Haklay, M., Li, C. (2010). Single user environment: desktop to mobile. In: M. Haklay
(Ed.), Interacting with Geospatial Technologies. Wiley-Blackwell, UK, pp. 223–
244.
Härmä, M., Lappalainen, A., Urho, L. (2008). Reproduction areas of roach Rutilus
rutilus in the northern Baltic Sea: potential effects of climate change. Canadian
Journal of Fisheries and Aquatic Sciences, 65, 2678–2688.
Hasan, H. (2003–04). Information systems development as a research method. Australasian Journal of Information Systems, 11(1), 4–12.
Haslam, S. (1972). Biological flora of the British Isles. Phragmites communis Trin.
Journal of Ecology, 60, 585–610.
HELCOM (2010). Towards an ecologically coherent network of well-managed Marine
Protected Areas. Implementation report on the status and ecological coherence
of the HELCOM BSPA network, Baltic Sea Environment Proceedings No. 124B.

56

References

Helle, I., Lecklin, T., Jolma, A., Kuikka, S. (2011). Modeling the effectiveness of oil
combating from an ecological perspective – A Bayesian network for the Gulf of
Finland; the Baltic Sea. Journal of Hazardous Materials, 185(1), 182–192.
Hevner, A. R., March, S. T., Park, J., Ram, S. (2004). Design science research in information systems. Management Information Systems Quarterly, 28(1), 75–105.
Hiebeler, D. (2000). Populations on fragmented landscapes with spatially structured
heterogeneities: landscape generation and local dispersal. Ecology, 81(6), 1629–
1641.
Hilty, L. M., Page, B., Hřebíček, J. (2006). Environmental informatics. Environmental
Modelling & Software, 21(11), 1517–1518.
Hochachka, W. M., Caruana, R., Fink, D., Munson, A. R. T., Riedewald, M., Sorokina,
D., Kelling, S. (2007). Data-mining discovery of pattern and process in ecological systems. Journal of Wildlife Management, 71, 2427–2437.
Hogeweg, P. (1988). Cellular automata as a paradigm for ecological modeling. Applied
Mathematics and Computation, 27, 81–100.
Horppila, J., Kaitaranta J., Joensuu L., Nurminen, L. (2013). Influence of emergent
macrophyte (Phragmites australis) density on water turbulence and erosion of
organic-rich sediments. Journal of Hydrodynamics, 25(2), 288–293.
Huhta, A. (2009). Decorative or Outrageous – The significance of the Common Reed
(Phragmites australis) on water quality. Comments from Turku University of
Applied Sciences 48. Turku University of Applied Sciences. URL:
http://julkaisut.turkuamk.fi/isbn9789522160867.pdf [accessed June 2015].
Hutchinson, M. F. (1988). Calculation of hydrologically sound digital elevation models. Paper presented at Third International Symposium on Spatial Data Handling at Sydney, Australia.
Ihaksi, T., Kokkonen, T., Helle, I., Jolma, A., Lecklin, T., Kuikka, S. (2011). Combining
conservation value, vulnerability, and effectiveness of mitigation actions in spatial conservation decisions: an application to coastal oil spill combating. Environmental Management, 47(5), 802–813.
Inghe, O. (1989). Genet and ramet survivorship under different mortality regimes – a
cellular automata model. Journal of Theoretical Biology, 138, 257–270.
IOPC Funds (2012). Incidents involving the IOPC Funds 2011, International Oil Pollution Compensation Funds, London. 97 p.
Isæus, M. (2004). Factors structuring Fucus communities at open and complex coastlines in the Baltic Sea. Department of Botany, Stockholm University, Sweden, p.
40. ISBN 91-7265-846-0.
Itami, R. M. (1994). Simulating spatial dynamics: cellular automata theory. Landscape
and Urban Planning, 30, 24–47.
Jakeman, A. J., Chen, S. H., Rizzoli, A. E., Voinov, A. A. (2008). Modelling and software as instruments for advancing sustainability. In: A. J. Jakeman, A. A. Voinov, A. E. Rizzoli, S. H. Chen (Eds.), Environmental Modelling, Software and
Decision Support: State of the Art and New Perspectives. Elsevier, Amsterdam,
pp. 1–13.
James, I. D. (2002). Modelling pollution dispersion, the ecosystem and water quality
in coastal waters: a review. Environmental Modelling & Software, 17(4), 363–
385.
Jensen, J. R., Ramsey, E. W., Holmes, J. M., Michel, J. E. (1990). Environmental sensitivity index (ESI) mapping for oil spills using remote sensing and geographic
information system technology. International Journal of Geographical information Systems, 4(2), 181–201.

57

References

Jolma, A. (2007). Geoinformatica: a modeling platform built on FOSS. In: D. A.
Swayne, J. Hrebicek (Eds.), Proceedings of the 6th International Symposium on
Environmental Software Systems, ISESS, Prague, Czech Republic.
Jolma, A., Ames, D. P., Horning, N., Mitasova, H., Neteler, M., Racicot, A., Sutton, T.
(2008). Free and open source geospatial tools for environmental modelling and
management. In: A. J. Jakeman, A. A. Voinov, A. E. Rizzoli, S. H. Chen (Eds.),
Environmental Modelling, Software and Decision Support: State of the Art and
New Perspectives. Elsevier, Amsterdam, pp. 163–180.
Jolma, A., Lehikoinen, A., Helle, I. (2011). Coupling Bayesian networks and geospatial
software for environmental risk assessment. In: F. Chan, D. Marinova, R. S. Anderssen (Eds.), MODSIM2011, 19th International Congress on Modelling and
Simulation. Modelling and Simulation Society of Australia and New Zealand,
pp. 1881–1887. ISBN: 978-0-9872143-1-7.
Jutila, H. (2001). How does grazing by cattle modify the vegetation of coastal grasslands along the Baltic Sea? Annales Botanici Fennici, 38, 181–200.
Kaitaranta, J., Niemistö, J., Buhvestova, O., Nurminen, L. (2013). Quantifying sediment resuspension and internal phosphorus loading in shallow near-shore areas
in the Gulf of Finland. Boreal Environment Research, 18, 473–487.
Kettenring, K. M., Mock, E. M. (2012). Genetic diversity, reproduction mode, and dispersal differ between cryptic invader, Phragmites australis, and its native conspecific. Biological Invasions, 14, 2489–2504.
Kettenring, K. M., McCormick, M. K., Baron, H. M., Whigham, D. F. (2010). Phragmites australis common reed invasion in the Rhode River subestuary of the
Chesapeake Bay: disentangling the effects of foliar nutrients, genetic diversity,
patch size, and seed viability. Estuaries and Coasts, 33, 118–126.
King, R., Deluca, W., Whigham, D., Marra, P. (2007). Threshold Effects of Coastal
Urbanization on Phragmites australis Common Reed Abundance and Foliar Nitrogen Chesapeake Bay. Estuaries and Coasts, 30, 469–481.
Klien, E., Lutz, M., Kuhn, W. (2006). Ontology-based discovery of geographic information services – An application in disaster management. Computers, Environment and Urban Systems, 30(1), 102–123.
Kocabas, V., Dragicevic, S. (2006). Assessing cellular automata model behaviour using
a sensitivity analysis approach. Computers, Environment and Urban Systems,
30(6), 921–953.
Kokkonen, T., Ihaksi, T., Jolma, A., Kuikka, S. (2010). Dynamic mapping of nature
values to support prioritization of coastal oil combating, Environmental Modelling & Software, 25(2), 248–257.
Koppitz, H. (1999). Analysis of genetic diversity among selected populations of
Phragmites australis world-wide. Aquatic Botany, 64, 209–221.
Koppitz, H., Kühl, H. (2000). To the importance of genetic diversity of Phragmites
australis in the development of reed stands. Wetland Ecology and Management,
8, 403–414.
Koppitz, H., Kühl, H., Hesse, K., Kohl, J.-G. (1997). Some aspects of the importance of
genetic diversity in Phragmites australis Cav. Trin. ex Steudel for the development of reed stands. Botanica Acta, 110, 217–223.
Lambertini, C., Gustafsson, M. H. G., Frydenberg, J., Speranza, M., Brix, H. (2008).
Genetic diversity patterns in Phragmites australis at the population, regional,
and continental scales. Aquatic Botany, 88, 160–170.
Langley, P., Sage, S. (1994). Induction of selective Bayesian classifiers. In: Proceedings
of the Tenth international conference on Uncertainty in artificial intelligence.
Morgan Kaufmann Publishers Inc., pp. 399–406.

58

References

Lappalainen, A., Härmä, M., Kuningas, S., Urho, L. (2008). Reproduction of pike Esox
lucius in reed belt shores of the SW coast of Finland, Baltic Sea: a new survey
approach. Boreal Environment Research, 13, 370–380.
Lawton, J. H. (1999). Are there general laws in ecology? Oikos, 84, 177–192.
Legendre, P. (1993). Spatial autocorrelation: trouble or new paradigm? Ecology, 74,
1659–1673.
Liu, J., Taylor, W. W. (2002). Integrating landscape ecology into natural resource
management. Cambridge University Press, UK.
Lobo, J. M., Jiménez-Valverde, A., Real, R. (2008). AUC: a misleading measure of the
performance of predictive distribution models. Global Ecology and Biogeography, 17(2), 145–151.
Maheu-Giroux, M., De Blois, S. (2007). Landscape ecology of Phragmites australis
invasion in networks of linear wetlands. Landscape Ecology, 22, 285–301.
Mal, T. K., Narine, L. (2004). The biology of Canadian weeds. 129. Phragmites australis (Cav.) Trin. ex Steud. Canadian Journal of Plant Science, 84(1), 365–396.
Mancy, R., Prosser, P., Rogers, S. (2013). Discrete and continuous time simulations of
spatial ecological processes predict different final population sizes and interspecific competition outcomes. Ecological Modelling, 259, 50–61.
March, S. T., Smith, G. F. (1995). Design and natural science research on information
technology. Decision Support Systems, 15, 251–266.
Ménard A., Marceau, D. J. (2005). Exploration of spatial scale sensitivity in geographic cellular automata. Environment and Planning B: Planning and Design, 32(5),
693–714.
Meriste, M., Kirsimäe, K., Freiberg, L. (2012). Relative sea-level changes at shallow
coasts inferred from reed bed distribution over the last 50 years in Matsalu Bay,
the Baltic Sea. Journal of Coastal Research, 28, 1–10.
Minasny, B., McBratney, A. B. (2006). A conditioned Latin hypercube method for
sampling in the presence of ancillary information. Computers and Geosciences,
32, 1378–1388.
Molofsky, J., Bever, J. D. (2004). A new kind of ecology? BioScience, 54(5), 440–446.
Možina, M., Demšar, J., Kattan, M. K., Zupan, B. (2004). Nomograms for Visualization of Naive Bayesian Classifier. In: J.-F. Boulicaut, F. Esposito, F. Giannotti,
D. Pedreschi (Eds.), Proceedings of the Principles Practice of Knowledge Discovery in Databases (PKDD-04), Pisa, Italy, pp. 337–348. URL:
http://eprints.fri.uni-lj.si/154/1/PKDD_camera_mozina.pdf [accessed June
2015].
Müller, W. G. (2007). Collecting Spatial Data: Optimum Design of Experiments for
Random Fields (Third Edition). Springer, Berlin. ISBN 978-3-540-31174-4.
Munsterhjelm, R. (1997). The aquatic macrophyte vegetation of flads and gloes, S
coast of Finland. Acta Botanica Fennica, 157, 1–68.
Nielsen, J. (1993). Usability Engineering. San Diego: Academic press, San diego, CA.
362 p.
Nivala, A. M., Sarjakoski, L. T., Sarjakoski, T. (2007). Usability methods’ familiarity
among map application developers. International Journal of Human–Computer
Studies, 65(9), 784–795.
Nunamaker, J. F., Chen, M., Purdin, T. D. M. (1990–91). Systems development in information systems research. Journal of Management Information Systems, 7(3),
89–106.
Oborny, B., Kun, Á., Czárán, T., Bokros, S. (2000). The effect of clonal integration on
plant competition for mosaic habitat space. Ecology, 81(12), 3291–3304.

59

References

Olden, J. D., Lawler, J. J., Poff, N. L. (2008). Machine learning methods without tears:
a primer for ecologists. Quarterly Review of Biology, 83, 171–193.
Oliphant, T. E. (2007). Python for Scientific Computing. Computing in Science & Engineering, 9, 10–20.
Openshaw, S. (1984). The modifiable areal unit problem. Concepts and Techniques in
Modern Geography 38. Norwich: Geo Books. ISBN 0-86094-134-5.
Openshaw, S., Abrahart, R. J. (2000). GeoComputation. Taylor & Francis, London.
Openshaw, S., Alvanides, S. (1999). Applying geocomputation to the analysis of spatial
distributions. In: P. A. Longley, M. F. Goodchild, D. J. Maguire, D. W. Rhind
(Eds.), Geographical information systems. Wiley, New York, pp. 267–282.
O'Sullivan, D., Perry, G. L. W. (2013). Spatial Simulation: Exploring Pattern and Process. Wiley-Blackwell. ISBN 978-1-119-97079-8.
Pan, Y., Roth, A., Yu, Z., Doluschitz, R. (2010). The impact of variation in scale on the
behavior of a cellular automata used for land use change modeling. Computers,
Environment and Urban Systems, 34(5), 400–408.
Parker, D. C., Manson, S. M., Janssen, M. A., Hoffmann, M. J., Deadman, P. (2003).
Multi-agent systems for the simulation of land-use and land-cover change: a review. Annals of the Association of American Geographers, 93(2), 314–337.
Parody, J. M., Milne, B. T. (2004). Implications of rescaling rules for multi-scaled
habitat models. Landscape Ecology, 19(6), 691–701.
Perry, G. L. W. (2009). Modelling and simulation. In: N. Castree, D. Demeritt, D.
Liverman, B. Rhoads (Eds.), A Companion to Environmental Geography. WileyBlackwell, Chichester, UK, pp. 336–356.
Peterson, A. T., Papeş, M., Eaton, M. (2007). Transferability and model evaluation in
ecological niche modeling: a comparison of GARP and Maxent. Ecography,
30(4), 550–560.
Phipps, M. J. (1992). From Local to Global: The Lesson of Cellular Automata. In: D. L.
DeAngelis, L. J. Gross (Eds.), Individual-Based Models and Approaches in Ecology: Populations, Communities and Ecosystems. Chapman and Hall, New York,
pp. 165–87.
Pitkänen, H., Peuraniemi, M., Westerbom, M., Kilpi, M., von Numers, M. (2013).
Long-term changes in distribution and frequency of aquatic vascular plants and
charophytes in an estuary in the Baltic Sea. Annales Botanici Fennici, 50, 1–54.
Pontius Jr., R. G., Millones, M. (2011). Death to kappa: birth of quantity disagreement
and allocation disagreement for accuracy assessment. International Journal of
Remote Sensing, 32(15), 4407–4429.
Pontius Jr., R. G., Parmentier, B. (2014). Recommendations for using the relative operating characteristic (ROC). Landscape Ecology, 29, 367–382.
Pontius Jr., R. G., Huffaker, D., Denman, K. (2004). Useful techniques of validation
for spatially explicit land-change models. Ecological Modelling, 179, 445–461.
Richardson, D. M., Iponga, D. M., Roura-Pascual, N., Krug, R. M., Milton, S. J.,
Hughes, G. O., Thuiller, W. (2010). Accommodating scenarios of climate change
and management in modelling the distribution of the invasive tree Schinus
molle in South Africa. Ecography, 33(6), 1049–1061.
Ridgeway, G. (1999). The state of boosting. Computing Science and Statistics, 31, 172–
181.
Ridgeway, G. (2006). Generalized boosted regression models. Documentation on the
R package "gbm", version 1.5–7.
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.113.9298&rep=rep1
&type=pdf [accessed June 2015].

60

References

Santé, I., García, A. M., Miranda, D., Crecente, R. (2010). Cellular automata models for
the simulation of real-world urban processes: a review and analysis. Landscape
and Urban Planning, 96(2), 108–122.
Sarjakoski, L. T., Nivala, A.-M. (2005). Adaptation to Context – A Way to Improve the
Usability of Mobile Maps. In: L. Meng, A. Zipf, T. Reichenbacher (Eds.), Mapbased Mobile Services, Theories, Methods and Implementations. Springer, NY,
pp. 107–123.
Sarkar, D. (2008). Lattice: Multivariate Data Visualization with R. Springer, New
York. ISBN 978-0-387-75968-5.
Sayre, N. F. (2009). Scale. In: N. Castree, D. Demeritt, D. Liverman, B. Rhoads (Eds.),
A Companion to Environmental Geography. Wiley-Blackwell, Chichester, UK,
pp. 95–108.
Scharl, Arno (2010). Environmental Online Communication. Springer-Verlag, London. ISBN 978-1-84996-913-0.
Silliman, B. R., Bertness, M. D. (2004). Shoreline development drives invasion of
Phragmites australis and the loss of plant diversity on New England salt
marshes. Conservation Biology, 18, 1424–1434.
Silva, E. A., Ahern, J., Wileden, J. (2008). Strategies for landscape ecology: An application using cellular automata models. Progress in Planning, 70(4), 133–177.
Silvertown, J., Holtier, S., Johnson, J., Dale, P. (1992). Cellular automaton models of
interspecific competition for space – the effect of pattern on process. Journal of
Ecology, 80, 527–533.
Sing, T., Sander, O., Beerenwinkel, N. and Lengauer, T. (2005). ROCR: visualizing
classifier performance in R. Bioinformatics, 21, 3940–3941.
Skarlatidou, A., 2010. Web-mapping applications and HCI considerations for their
design. In: M. Haklay (Ed.), Interacting with Geospatial Technologies. WileyBlackwell, UK, pp. 245–264.
Sklar, F. H., Costanza, R. (1991). The development of dynamic spatial models for landscape ecology: a review and prognosis. In: M. G. Turner, R. H. Gardner (Eds.),
Quantitative Methods in Landscape Ecology: the Analysis and Interpretation of
Landscape Heterogeneity. Springer-Verlag, New York, pp. 239–288.
Soares-Filho, B. S., Cerqueira, G. C., Pennachin, C. L. (2002). DINAMICA—a stochastic cellular automata model designed to simulate the landscape dynamics in an
Amazonian colonization frontier. Ecological Modelling, 154, 217–235.
Soomere, T., Myrberg, K., Leppäranta, M., Nekrasov, A. (2008). The progress in
knowledge of physical oceanography of the Gulf of Finland: a review for 1997–
2007. Oceanologia, 50(3), 287–362.
Sugumaran, R., DeGroote, J. (2011). Spatial Decision Support Systems Principles and
Practice. CRC Press - Taylor & Francis Group, Boca Raton, FL. 469 p. ISBN
9781420062090.
Suominen, T. (1998). Järviruokokasvustojen muutokset Saaristomerellä (Changes in
Phragmites australis stands in the Archipelago Sea, SW Finland). M.Sc. thesis.
Department of Geography, University of Turku. 93 p.
Sutton, C. (2005). Classification and regression trees, bagging, and boosting. In: C. R.
Rao (Ed.), Handbook of Statistics 24: Data Mining and Data Visualization. Elsevier, Amsterdam, pp. 303–329. ISBN: 978-0-444-51141-6.
Swets, J. (1988). Measuring the accuracy of diagnostic systems. Science, 240, 1285–
1293.
Tobler, W. R. (1970). A computer movie simulating urban growth in the Detroit region. Economic Geography, 46, 234–240.

61

References

Toffoli, T. (1984). Cellular automata as an alternative to (rather than an approximation
of) differential equations in modeling physics. Physica D: Nonlinear Phenomena, 10, 117–127.
Turner, M. G. (1989). Landscape ecology: the effect of pattern on process. Annual Review of Ecology and Systematics, 20, 171–197.
Turner, M. (2005). Landscape ecology: what is the state of the science. Annual Review
of Ecology, Evolution, and Systematics, 36, 319–344.
Unwin, D. (1996). GIS, spatial analysis and spatial statistics. Progress in Human Geography, 20(4), 540–551.
Urban, D. L. (2005). Modeling ecological processes across scales. Ecology, 86, 1996–
2006.
Uusitalo, L., Lehikoinen, A., Helle, I., Myrberg, K. (2015). An overview of methods to
evaluate uncertainty of deterministic models in decision support. Environmental Modelling & Software, 63, 24–31.
van Delden, H., Seppelt, R., White, R., Jakeman, A. J. (2011).A methodology for the
design and development of integrated models for policy support. Environmental
Modelling & Software, 26(3), 266–279.
van Vliet, J., Bregt, A. K., Hagen-Zanker, A. (2011). Revisiting Kappa to account for
change in the accuracy assessment of land use change models. Ecological Modelling, 222, 1367–1375.
van Vliet, J., Hagen-Zanker, A., Hurkens, J., van Delden, H. (2013). A fuzzy set approach to assess the predictive accuracy of land use simulations. Ecological
Modelling, 261–262, 32–42.
von Numers, M. (2011). Sea shore plants of the SW Archipelago of Finland – distribution patterns and long-term changes during the 20th century. Annales Botanici
Fennici, 48, 1–46.
Xinghao W. (2007). Editorial: Environmental Informatics for Environmental Planning
and Management. Journal of Environmental Informatics, 9(1), 1–3.
Weisner, S. E. B., Ekstam, B. (1993). Influence of germination time of juvenile performance of Phragmites australis on temporarily exposed bottoms – implications
for the colonization of lake beds. Aquatic Botany, 45, 107–118.
Weisner, S. E. B., Ganeli, W., Ekstam, B. (1993). Influence of submergence on growth
of seedlings of Scirpus lacustris and Phragmites australis. Freshwater Biology,
29, 371–375.
Wickham. H. (2009). ggplot2: Elegant Graphics for Data Analysis. Springer, New
York. ISBN 978-0-387-98141-3.
Wolfram, S. (1984). Cellular automata: a model of complexity. Nature, 31, 419–424.
Wu, J. (2004). Effects of changing scale on landscape pattern analysis: scaling relations. Landscape Ecology, 19(2), 125–138.
Yang, Y., Webb, G. I. (2009). Discretization for naive-Bayes learning: managing discretization bias and variance. Machine Learning, 74(1), 39–74.
Yue, P., Di, L., Yang, W., Yu, G., Zhao, P., Gong, J. (2009). Semantic Web Services-based process planning for earth science applications, International Journal of Geographical Information Science, 23(9), 1139–1163.
Zimmermann, N. E., Edwards, T. C., Graham, C. H., Pearman, P. B., Svenning, J. C.
(2010). New trends in species distribution modelling. Ecography, 33, 985–989.

62

Department of Civil and Environmental Engineering

Application of advanced geospatial computation and technology to model and manage coastal
environments

Application of advanced
geospatial computation and
technology to model and
manage coastal
environments
Anas Altartouri

BUSINESS +
ECONOMY

SCIENCE +
TECHNOLOGY
CROSSOVER
DOCTORAL
DISSERTATIONS

Aalto University

ART +
DESIGN +
ARCHITECTURE

Aalto University
Department of Civil and Environmental Engineering
www.aalto.fi

Anas Altartouri

9HSTFMG*agcfej+

ISBN 978-952-60-6254-9 (printed)
ISBN 978-952-60-6255-6 (pdf)
ISSN-L 1799-4934
ISSN 1799-4934 (printed)
ISSN 1799-4942 (pdf)

Aalto-DD 86/2015

Advancements in geo-computational
methods and geospatial technologies are of
great utility in environmental applications
as they enhance the performance of
environmental models and the efﬁciency of
environmental information systems. This
provides scientists and natural resource
managers with powerful instruments for
understanding, predicting, and informing in
the environmental domain. This thesis
employs a number of these methods and
technologies for two applications in coastal
ecosystems and sheds light on some of their
methodological and management
implications. As development is constantly
being made in computational and
information science and technology, new
approaches and techniques utilizing these
advancements need to be developed,
applied, and evaluated aiming at solving
environmental problems and advancing
sustainability.

DOCTORAL
DISSERTATIONS

