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ABSTRACT
Bertassello, Leonardo E. PhD, Purdue University, May 2019. Eco-Hydrological Analysis of
Wetlandscapes. Major Professors: P. Suresh C. Rao and Antoine F. Aubeneau.
Wetlands are dispersed fractal aquatic habitats that play a key role in watershed ecohydrology. Wetlands provide critical habitats for specialized fauna and flora, process nutrients, and store water. Wetlands are found in a wide range of landscapes and climates,
including humid/tropical regions where surface water is abundant, and in semiarid/arid
regions with surface-water deficits. Wetland morphology and hydrology are governed by
geomorphology and climate. Wetlands are dynamic; they change in space and time in response to unsteady external conditions, and over longer term to internal process feedbacks.
Together, wetlands form a mosaic of heterogeneous, dynamic, aquatic habitats in varying
spatial organizations, networked by hydrological and ecological connections.
The overarching goal of the proposed research is to provide a robust theoretical framework to model the dynamics of multiple wetlands spread across watersheds (wetlandscape).
In particular, the three main lens I used for identifying the spatiotemporal variability in
wetlandscapes were: hydrology, morphology and ecology. Indeed, the hydrological modeling
of wetlands is of key importance to determine which habitats are potentially able to host
aquatic and semiaquatic species, as well as function as retention basin for storing considerable amount of water or for processing nutrients. Wetlands interaction with the landscape
topography is essential to characterize the morphological attributes of these waterbodies.
Different generating mechanisms have produced differences in wetland shapes and extent.
However, even if wetlands are different among regions, and also within the same landscape,
the set of function that they can support is similar. In the present research, I have also proposed that because water accumulates at low elevations, topography-based models helpful
for the identification of wetlands in landscapes. These types of models are useful especially
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in those cases were wetlands data are sparse or not available. The proposed approaches could
reproduce the abundance and distribution of active wetlands found in the NWI database,
despite the differences in identification methods. In particular, I found that wetland size
distributions in all the conterminous United States share the same Pareto pdf . Furthermore,
the wetland shape is constrained into a narrow range of 2D fractal dimension (1.33;1.5).
Since this method can be carried out with only a DEM as input, the proposed framework
can be applied to any DEM to extract the location and the extent of depressional wetlands.
Wetlands are among the most biologically diverse ecosystems, serving as habitats to a
wide range of unique plants and animal life. In fact, wetlands and their surrounding terrestrial habitats are critical for the conservation and management of aquatic and semi-aquatic
species. Understating the degree and dynamics of connectedness among individual wetlands
is a challenge that unites the fields of ecology and hydrology. Connectivity among spatially
distributed mosaic of wetlands, embedded in uplands, is critical for aquatic habitat integrity
and to maintain metapopulation biodiversity. Land-use and climate change, among other
factors, contribute to wetland habitat loss and fragmentation of dispersal networks. Here,
I present an approach for modeling dynamic spatiotemporal changes, driven by stochastic
hydroclimatic forcing, in topology of dispersal networks formed by connecting habitat zones
within wetlands. I examined changes in topology of dispersal networks resulting from temporal fluctuations in hydroclimatic forcing, finding that optimal dispersal network are available
only for limited time period, thus species need to constantly adapt to cope with adverse
conditions.
Loss of wetlands leads to habitat fragmentation and decrease in landscape connectivity,
which in turn hampers the dispersal and survival of wetland-dependent species. Ecosystem functions arise from interdependent processes and feedbacks operating concurrently at
multiple scales. In this thesis, I integrated stochastic models for landscape hydrology to
study the temporal variability in wetlands attributes (e.g., stage, surface area and storage volume, carrying capacity) with ecological network theory allows for characterization
of the spatiotemporal dynamics of habitat distribution and connectivity that is essential
to meta-communities. The proposed framework can be applied in diverse landscapes and
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hydro-climates, and could thus be used at larger scales. The proposed approach could also
inform conservation and restoration efforts that target landscape functions linked to transport in wet ecological corridors. The interdisciplinarity that characterizes this work allows
for a wide spectrum of potential applications. Despite the ultimate goal of the thesis consists
in the eco-hydrologic modeling of wetlandscapes, the backbone of the proposed models could
be extended to any kind of patchily habitat driven by stochastic forcing.
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1. INTRODUCTION
1.1

General background
Wetlands is a generic term used to define the universe of aquatic habitats including

marshes, swamps, bogs, fens, and seasonally waterlogged areas. Wetlands are subjected to
permanent or periodic inundation or prolonged soil saturation sufficient for the establishment
of hydrophytes and/or the development of hydric soils or substrates unless environmental
conditions are such that they prevent them from forming.
Numerous wetland definitions have been developed for various purposes. Raplh W. Tiner
in his book Wetland Indicators, A Guide to Wetland Formation, Identification, Delineation,
Classification and Mapping, reports more than fifty different wetland definitions that are
adopted in the US and across the world. Since a common definition is difficult to find,
landscape managers usually refer to the regulatory law definitions proposed by the Rivers
and Harbors Act and the Clean Water Act. The final regulatory definition was published in
July 19, 1977 and states that:

Wetlands are those areas that are inundated or saturated by surface or ground water
at a frequency and duration sufficient to support, and that under normal circumstances do
support, a prevalence of vegetation typically adapted for life in saturated soils. Wetlands
generally include swamps, marshes, bogs, and similar areas.

An all-encompassing definition for something as complex and significant as a wetland is
difficult to provide. Despite this, it is well-known how wetlands play an integral role in the
ecology of the watershed. The combination of shallow water, high levels of nutrients and
primary productivity is ideal for the development of organisms that form the base of the
food web and feed many species of fish, amphibians, shellfish and insects. Many species of
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birds and mammals rely on wetlands for food, water and shelter, especially during migration
and breeding. Wetlands are fundamental component of habitat mosaic, and human activities
and climate change over the past few decades have endangered a growing number of these
ecosystems.
Several studies have focused on single wetland features, providing an in-depth understanding of the hydrological, biogeochemical, and ecological processes and their interdependence.
Here, the focus is on multiple freshwater wetlands distributed across landscapes (hereafter
wetlandscapes), with physical attributes that vary in time and space at multiple scales depending on hydro-climatic forcing (e.g., rainfall pattern), landscape topography, vegetative
cover, and ecological connectivity. These variables also determine spatial distribution and
organization of wetlands in the landscapes.

1.2

Motivation and research question
The motivation for the current research starts from the work that I did during the Fall

semester of 2015, as a visiting scholar at Purdue University. I analyzed the temporal hydrological dynamics for single geographically isolated wetland influenced by the groundwater
dynamics [1]. Here, I characterized what are the most influencing drivers for the hydrological
variability of wetlands and if similar concept could be transferable to a broader spectrum of
wetlands type. Based on the impact of the hydro-climatic forcing (e.g., rainfall and evapotranspiration), water exchange with shallow groundwater, wetland bathymetry and soil
properties, I developed parsimonious hydrological models to evaluate wetland temporal dynamics. Wetlands must not be considered like isolated waterbodies in the landscape, but
investigated following an interdisciplinary approach, which considers the possible connections
of wetlands and other hydrological (e.g., river network), ecological (e.g., flora and fauna) and
biogeochemical (e.g., nutrients) elements. The starting point of this thesis, is to switch the
focus from the study of single isolated wetlands, to landscape populated by multiple wetlands
(hereafter wetlandscapes), interacting among themselves and with the other landscape attributes, to provide a portfolio of ecosystems functions (e.g., biodiversity). Since study after
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study demonstrates that wetland area and quality continue to decline in most regions of the
world, throughout this research, I want to emphasize the how wetlands are indispensable for
the countless benefits or ”ecosystem services” they provide to humanity, ranging from freshwater supply, food and building materials, and biodiversity, to flood control, groundwater
recharge, and climate change mitigation.
The overarching goal of the thesis is to investigate wetlands variability from different perspectives. Wetlands are focal points influencing landscape-scale hydrological, biogeochemical
and ecological functions. Rapid loss of wetlands over the past decades from anthropogenic
forcing is an obvious, direct concern, while the induced changes in wetland habitat network
structure are less obvious, but also affect landscape ecological functions. Wetland losses
alter landscape connectivity with negative feedbacks not only to downstream waters, but
also on the flora and fauna they harbor [2]. Modeling the dynamic coupling between the
hydrology and the ecology of wetlandscapes will reveal the ”hot spots” (spatial hubs) and
”hot moments” (temporal hubs) that should be targeted for restoration and conservation to
sustain resilient populations of aquatic species.
The research proposed here is motivated by three overarching questions:
• Question 1: How can we assess and compare the temporal patterns in spatial distribution and organization of wetlands at landscape-scale in regions shaped by different
generating mechanisms?
• Question 2: How can we represent and quantify wetland hydrologic dynamics (e.g.,
stage, wetted area and perimeter, storage volume) in regions with contrasting climatic
and geologic conditions?
• Question 3: How can we analyze the variation in landscape connectivity, which affects
the dynamics of ecological species that live, breed and disperse in different wetlandscapes?
These research questions are addressed here, focusing on the nexus of hydroclimatic
variability (e.g. rainfall and evapotranspiration patterns), wetlands geometry and spatial
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distribution, and ecological characteristics of the considered species (e.g. life-history traits,
dispersal ability).
I developed numerical and analytical models to consider the stochasticity of the hydroclimatic forcing, and the different landscape settings in which wetlands are located as well as
their bathymetry. In addition, the proximity with other water sources (e.g. upland, shallow
groundwater) is scrutinized. Validation of the proposed models is performed on available
empirical data. Furthermore, the coupling between the hydrologic and ecological dynamics
in wetlandscape requires the knowledge of wetlands spatial distributions (areas, geometry),
structure (separation distances) and portion of habitat available based on connectivity. The
novelty of this approach mainly consists in the creation of stochastic dispersal networks with
heterogeneous, dynamic ”nodes” that can be used to analyze landscape eco-hydrological
connectivity, and species dispersal. Indeed, based on few topological metrics it is possible to
identify ”keystone” wetland habitats that are most important from a landscape management
perspective (e.g., stepping stones and ”hubs”).
The overarching questions posed above will be addressed in this project by developing
an interdisciplinary research framework guided by following three primary hypotheses:
• Hypothesis 1: Topography represents a key driver for wetland presence and abundance
in landscapes. The fractality which characterizes surface topography is translated in
the fractality of depressional wetlands. In particular, wetlands size distribution can
be generally described by a scale-free distribution (with varying degree of tempering).
The tempering in the lower or upper tail can be explained by temporal changes in
land-use and land-cover from anthropogenic modifications or by the effect of climate
change that modify wetland presence and distribution.
• Hypothesis 2: The temporal hydrological variability in wetlandscapes can be assessed
using stochastic models to represent the effects of hydro-climatic forcing (e.g., rainfall
and evapotranspiration patterns), coupled with analyses of wetland geometry and/or
bathymetry and its connection to the upland. In particular, that factors controlling
wetlandscape structure and function are similar across regions. This means that, while
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the magnitude of local and landscape controls may vary across different climatic and
geologic regions, their effects are consistent.
• Hypothesis 3: Wetlands can be viewed as discrete aquatic habitats that occupy specific positions in the landscape and could act as ecological corridors to favor species
dispersal. In this perspective, graph theory is a suitable tool to represent and quantify
the ecological dynamics in wetlandscapes. Variations in wetlandscape attributes would
produce different stochastic dispersal networks that can be used to analyze landscape
eco-hydrological connectivity.
A novelty of the proposed research is to investigate the spatio-temporal dynamics of
ecological species that inhabit the wetlandscape. In particular, while the characterization of
the species presence or absence in patchy habitat has been the focus of several works [3] [4],
studying how the effects of a dynamic landscapes would impact the ecological dynamics
of species that populate these landscapes. However, it is evident that a modeling of the
ecological dynamics in wetlandscapes, requires at first a robust knowledge of the hydrological
and spatial dynamics of the wetlands spread across the landscape. For this reason, the
representation and quantification of the hydrologic response of wetlandscapes to variable
hydro-climatic forcing is the first building block of this thesis. One critical aspect of the
thesis is its suitability to different case studies. Here, the models are tested in several study
regions spanning a wide range of climatic and geologic conditions, and within in each region
that span the regional range of geomorphic variability and connectivity.

1.3

Structure of the thesis
The thesis is organized as follows. I start with a synthesis of the main findings of the

works obtained during these years of research (Chapter 2) to an overview of how these
results are inter-linked, and how they are important for any type of future assessment of
wetlandscapes. Chapter 3 focuses on the landscape that host wetlands, and in particular,
how surface roughness and terrain characteristics play a fundamental role for determining
the location and extent of waterbodies. In Chapter 4, the focus is switched to the hydrologic
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modeling of single wetlands and then it extends to the modeling of the entire landscape
populated by a set of wetlands. Chapter 5 proposes a further synthesis of the previous two
chapters, since it relates the hydrologic dynamics of wetlands with their spatial distribution
in landscapes to evaluate the ecological dynamics of metapopulation that live, breed and
disperse in wetlandscapes. Finally, the conclusions and future studies are presented and
proposed.
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2. SYN-THESIS
2.1

General background
Wetlandscapes are among the most productive ecosystems around the world, comparable

to rain forest and coral reefs [5]. A variety of species of microbes, plants, insects, amphibian,
reptiles, birds, fish and mammals can be part of a wetland ecosystem [6] [7] [8]. Physical and
chemical features such as climate, landscape shape (topology), geology and the movement
and abundance of water help to determine the plants and animals that inhabit each wetland.
The functions of a wetland and the values of these functions to human society depend on a
complex set of relationships between wetlands and the other ecosystems in the watershed [2]
[9]. Over the past century, landscapes in many regions of the world have become intensively
managed, typically to produce a single resource or service demanded by humans [10]. Such
single resource-based management regimes have often simplified and fragmented landscapes
and contribute to degradation of ecological resilience. A major effect of such fragmentation
is the loss of connectivity between habitat patches used by terrestrial and aquatic species to
obtain food resources or used as breeding sites over multiple time scales [11].
In recent years, different fields of studies such as Hydrology, Neuroscience, Engineering,
Ecology and Social Network Science have focused on the definition of connectivity. In its
simplest form, connectivity describes the level of connectedness within a system, and corresponds to a structured set of relationships between spatially and/or temporally distinct
entities [12] [13]. In these disciplines, connectivity has been a transformative concept in
understanding and describing what is considered to be a complex system. Complex systems
often exhibit non-linear relations between dynamic and heterogeneous components that together determine the function of the whole through dynamic relations across different levels
of organization and scale [14] [15] [16]. Whilst conceptualizations and operationalizations of
connectivity have evolved largely within disciplinary boundaries, similarities in the concept
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and its application among disciplines are also evident. Existing approaches to study of connectivity have been applied in different ways to understand systems properties underlying
the specific behavior of complex systems. Turnbull et al., [13] identified four key challenges
in using connectivity to understand complex systems: (1) Defining the fundamental unit, (2)
Separating structural connectivity and functional connectivity, (3) Measuring connectivity,
and (4) Understanding emergent behavior.
A fundamental unit FU, can be either a physical object or a concept that sustains its
identity and participates in the interactions within a system for a sufficiently long time and in
sufficiently important ways to merit quantification. In this research, the FU is the wetlandscape that could sustain all the eco-hydrological processes that are going to be investigated.
The separation between structural and functional connectivity is not straightforward. Structural connectivity (SC) quantifies the level of configuration or arrangement of a network,
whilst the functional connectivity (FC) of a system describes dynamical processes operating within a structurally connected network. SC thus derives from the system’s architecture
(topology), whereas FC is inferred from the system’s process dynamics (flows) which are represented by fluxes and transportations of energy, matter or information between structural
units (nodes). In a wetlandscape, we could think as SC the size and attribute distribution
of wetlands that populated the landscape. Mean separation distance, nearest neighbors and
degree of connectedness with other sources of water (e.g., rivers, lakes, shallow groundwater)
are necessary to characterize structural connectivity of wetlandscapes. Instead, functional
connectivity could be defined based on the specific variable of interest. For instance, in
ecology patterns that can arise in wetlandscape, functional connectivity would be based on
the degree and direction of movement of organisms through the landscape [17], describing
the linkages between different landscape elements [18]. Thus, the FC of a wetlandscape is
likely to be species-dependent and context-dependent. Among the different methods used to
assess connectivity, network-based approaches are those selected for this research. Emergent
behavior is an important characteristic of complex systems that leads to the formation of
spatiotemporal patterns; simple and complex patterns at the larger scale can be formed by
very simple interactions at the local level.
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Recognizing that a wetlandscape is a complex system changes the way landscape-scale
resource management should be carried out. Adopting a complex systems management
approach involves working with a conceptual model of the landscape as a dynamic, interconnected systems, and investigating the heterogeneities at multiple scales that could support
system resilience and adaptive capacity. In this perspective, the overarching goals of my
thesis research are to model the temporal dynamics of wetlandscapes with special attention
to understand how process at local scale (i.e., within wetlands) and watershed scale (i.e.,
among wetlands) interact to influence the emergence and stability of larger-scale functions
(e.g., species dispersal and biodiversity). In particular, there are three different types of
dynamics of interest:
• Spatial Dynamics
• Hydrological Dynamics
• Ecological Dynamics
These different types of dynamic are inter-linked, and my investigations on the processes
that influence one, have cascading effects also on the others. Thus, wetlandscape spatiotemporal dynamics are investigated from three perspectives, in increasing level of complexity
and interdependence. Spatial and temporal variability is quantified using probability density
functions (pdfs) and their statistical moments, network topological metrics, and dynamics
of emergent spatial patterns.

2.2

Wetlandscape spatial dynamics
Wetlands do not function in isolation, but form an important component of the landscape

mosaic. Their presence and spatial distribution are of key importance for a different set of
eco-hydrological functions that can support [2]. While an individual wetland can affect
local-scale eco-hydrology, its effect on landscape-scale eco-hydrology is almost negligible.
However, the cumulative effect of several wetlands can become considerable on landscapescale by regulating the frequency, magnitude, duration and rate of flows [19] [9]. Wetlands
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eco-hydrological functions are intimately tied to their geometric characteristics [20] [21] [22].
In particular, the fitness of faunal community is influenced by the hydro-period [23], which
is strongly affected by wetland morphology (depth, surface area, perimeter, and volume) [24]
and stochasticity of hydroclimatic forcing. The overall physical structure and hydrology of
wetlands is determined by geomorphological and climatic factors. The spatial distribution,
density, and size of wetlands are mainly the result of landscape generating mechanisms,
such as recent glaciation (e.g., Prairie Pothole Region, ND), limestone dissolution (e.g.,
Everglades, FL) or wind action (e.g., Texas Playa Lakes). Climate determines the availability
of water and influences soil development, which, in combination play a major role in wetland
formation. Wetlands should not be viewed as static and unchanging landscape features, but
as dynamic habitats and develop through time in response to changing external conditions
[25] [26]. Changing the external conditions influence the geomorphological process that affect
the movement of mass, ultimately leading to changes in wetlandscapes.
My primary goal was to investigate how wetland spatial distribution changes over time
based on landscape topography and the fluctuations of hydroclimatic forcing. Previous studies modeled wetlandscape temporal dynamics by simulating the progressive drying of small
flooded ponds [27] or by constructing a spatial network based on surface-water habitats estimated from Landsat satellite imagery [28] [29] [30]. However, before evaluating the spatial
dynamics of wetlandscape it is fundamental to properly identify the location and the extent
of these waterbodies when data are scarce or not available. Delineation of wetlands is thus
challenging because their boundaries are dynamic in both space and time (inundation, erosion, size of surrounding ecotone, etc.). Since the definition of wetlands requires inundation,
I identified potential wetlands based only topographic information. Landscape topography,
recorded in DEM is the manifestation of the geologic legacy that sculpted the landscape [31].
Because water accumulates at low elevation, topography alone can reveal the location of wetlands. In my analyses, I applied a DEM-based approach to delineate potential wetlands as
landscape units defined by elevation. High-resolution images and DEMs have long been used
to extract geomorphic features from landscapes [32] [33] [34]. To identify such wetlands, I
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followed the recent framework developed by Chu et al., [35], Shaw et al., [36], and improved
by Le and Kumar [37].
Here, I proposed two different frameworks to assess the presence of depressional wetlands
as function of landscape topography are proposed. The first mechanism considers a filling
of topographic depression from below. In particular, wetland stage is assumed to be at
hydrological equilibrium with the shallow groundwater (i.e., synchronous), and that the
water table follows the land surface. All portions of the landscape at elevations lower than the
groundwater level are assumed to be filled with water, and are referred to as active wetlands.
The second mechanism, defined as Topographic Depression Model, TDI, [37] [38] considers
a filling of topographic depression from above. Rainfall and runoff fill water in depressions
to create transient ponds on the land surface. Here, wetlands attributes (stage, surface area
and storage volume) progressively increase as rainfall and surface runoff increases, because
the topography of the terrain conveys the effective rainfall to the landscape depressions.
The ability of both models consist in the possibility to identify the spatial dynamics
of wetlands for different degree of wetness of the landscape. In particular, I am interest
in evaluating how wetlands attributes (e.g., stage, surface area, and storage volume) are
distributed at landscape-scale. Figure 2.1 shows an example of four different conditions that
could occur. The two end members represent respectively the most dry and wet conditions.
During wet conditions the size of each wetland is consistently increased, while the distance
among themselves is decreased. On the other hand, when dry conditions occur, wetlands
area tends to be small and the inter-patch distance is large. In addition, severe drought
could also cause the loss of some wetlands.
The lower panels in Figure 2.1 show the distribution of wetland attributes for the different
hydrologic conditions of the landscape. For all the cases, an exponentially-tempered power
law distribution p(x) ∝ x−b e−cx is fitted to the data. This type of distributions allow
tempering of a true power law. When c = 0, the distribution collapses to a power law, and
c increases when larger wetlands are not completely filled. The comparison among these
distributions reveals that wetlands attributes tend to maintain the same distribution for
different hydrologic conditions. What changes among them is the value of the empirical
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Figure 2.1. The upper panels show the progressive increase in the degree
of wetness of the landscape. The black regions in the plots represent wetlands size. As the degree of wetness increase, wetland sizes increase as well.
The three lower panels represent the complementary cumulative distribution
functions, CCDFs, of wetland stage, h, area, A, and volume, V, for the four
filling levels expressed in the upper panels. The CCDFs are fitted using an
exponentially tempered power law distribution (continuous lines).

parameters that define the type of distribution. The distributions of wetlands attributes are
characterized by an increasing variance as the wetness of the landscape increases. Wetlands
get bigger and can hold more water. Wetland size distribution (Figure 2.1) illustrates how
the four different distributions are characterized by the same slope, b, and by four different
degree of truncation. Slope, b, represents the upper limit for a true power law scaling
of wetland size distribution. The main reason why there is a deviation from the complete
power law scaling for several orders of magnitude of wetland area is due to the limited extent
of the domain (finite size effect). However, when two million wetlands were evaluated a true
power law scaling is evident [38]. Indeed, geographic and landscape constraints limit the
largest size of wetlands, while the formal definition of an area delineated as a wetland has a
certain minimum size. Thus, the power law distribution may be cutoff, or truncated, on both
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ends [39], and other pdfs may be more appropriate (e.g., log-normal, gamma, exponential,
etc.). However, this type of analysis facilitates the multiscale assessment of hydrological,
biogeochemical, and ecological processes.
Natural ecosystems such wetlandscapes are vulnerable to climate variability and will be
likely impacted by projected climate changes [40] [41]. For example, Sorenson et al., [42]
suggested that global warming could reduce the number of ponds available for breeding
ducks from 1.6 million to 0.6 million in the north central United States. However, before
the effects of climate change can be adequately addressed, there is a need to develop a
quantitative description of the size distribution and spatial organization of wetlands around
the world.
A rather robust scaling theory based on power laws [43] [44] [25] [45], allows examination
of the functions of wetlands and lakes in a new and different way. Such distributions are
important for several reasons. For example, Downing et al., [44] show how such relationships provide a simple way of comparing differences in lake numbers among regions. They
also allow for comparison among different type of landscapes to investigate similarities and
differences in the generating mechanisms of such regions. With power law relationships,
complex heterogeneity among waterbodies can be rationalized by just a few parameters.
Other than that, scaling relationship could be useful to understand not just the distribution
of current wetlands, but that of the historical wetlands that have been lost to drainage and
other anthropogenic impacts [46].
The scaling exponent b of wetland size distribution is also important to characterize the
topography of landscapes. Landscapes features are fractal, and their (fractal) dimension
encapsulates their (irregular) geometry [47] [48] [49]. Fractal dimension could thus describe
the distinct pattern of isolated [2] or networked [50] wetlands in landscapes. Ensembles
of natural objects (e.g., wetlandscapes) are also often fractal, exhibiting scaling properties
reflected in their statistical distributions. A log-log plot of the number of wetlands whose
area exceed value A as a function of A, should produce a straight-line plot, whose slope is
related to the fractal dimension, D, of the surface [51]. The exponent, b, of the wetland area
distribution is related to wetland fractal dimension as D = 2b [51] [52]. Fractal dimension
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describes the complexity in the geometry of wetland shorelines; for circles, D = 1, while
for more complex shapes, the perimeter becomes increasingly dissected (plane filling) or
elongated (e.g., riverine wetlands), resulting in D = 2. Therefore, natural wetlands span
the spectrum of intermediate shapes between lines and circles. Figure 2.1 suggests that the
scaling exponent b is maintained constant throughout the different hydrologic conditions;
the only differences among these distributions are expressed by the tempering parameter,
c, which decreases for progressive filling levels. This means that wetlands maintain their
shapes and just enlarge and shrink based on the hydrologic conditions.
This emergent scaling suggests that wetlandscapes are self-similar; each wetland in a wetlandscape is geometrically similar to the whole [53], and the objects can be enlarged or reduced without the scale being apparent [54]. In this perspective, we could potentially describe
the size distribution for any topographic depression in landscapes. Scale free distributions
are widely known to be valid tools to describe the spatial distribution of lakes [55] [44] [56]
and they are also adapt to model landscape microtopographies [37]. The analysis of scaling
properties in the size distribution of lakes, wetlands and smaller ponds is fundamental in
order to determine their worldwide abundance. When data are not available it is possible to
take advantage of these properties to estimate their distribution. In particular, an overlooked
area in the study of water body population is the large number of small ponds and puddles
that likely contain a small, but significant, fraction of stored surface water [57]. The small
water bodies are an enigma because their size and numbers defy direct counting and because
they are commonly dry during some parts of a year. Knowledge concerning the existence
and behavior of such water bodies is tremendously important in providing a complete and
quantitative understanding of the volume of water stored in surface water [45]. In addition,
what is commonly thought is that small, isolated wetlands are expendable when compared
with the larger wetlands [58]. This represents an underestimation of the importance of small
wetlands [57]. In particular, in fragmented landscapes, the spatial distribution of habitat
patches can influence the spatial dispersal movement of individuals [59]. Small wetlands
are extremely valuable in maintaining biodiversity in a number of plants, invertebrate, and
other vertebrate taxa (e.g. amphibians) and their disappearance will cause a dire reduction
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in the ecological connectivity among remaining species population. Furthermore, for the
same wetland area lost, the loss of small wetlands corresponds to a greater loss in wetland
nutrient removal potential [60].
The shape of wetland shorelines and the concept of fractal dimension is a powerful tool
also from an ecological point of view. Several species, such as different type of amphibians
prefer to live and breed in the transition zones (ecotones) between land and water. Therefore, wetlands characterized by larger fractal dimension D, could represent the ideal habitat
for amphibians. Furthermore, within a given wetland, several habitats niches are present
depending on water depth and vegetation. Thus, differences among wetlands and within
each wetland offer a broad range of habitat niches, which promotes biodiversity. The study
of wetland shorelines is important also from a hydrological perspective, because the interaction between surface water and groundwater usually occur along wetland wetted bottom
area, and this exchange increases with the ratio of pool perimeter length to pool area [61].
Wetland size distribution constitutes the basic architecture of any wetland habitat network
and restoration efforts should focus on maintaining variability in wetland sizes and shapes
to promote biodiversity [62] [2].
Temporal changes land-use and land-cover (LULC) from anthropogenic modifications
(e.g., urbanization, intensive agriculture; landscape drainage; groundwater pumping) and
the effect of climate change caused loss of wetlands and also reduction in their heterogeneity.
During the period from the 1780s to the 1980s, half the wetlands in the conterminous US
disappeared [63]. The remaining wetlands were modified and their shape and size distributions at regional scales altered [46]. Wetland loss can alter the spatial configuration of the
landscape, by reducing landscape potential connectivity and increasing isolation [64]. These
harsh conditions decrease the species recolonization of wetland habitat because the pools
sizes are reduced and the average distance between wetlands is increased [65] [58]. Indeed,
the minimum amount of habitat area required to sustain a viable population is large for
isolated areas and for less mobile species [66] [5]. Therefore, increasing isolation, increases
the likelihood that a given loss in area will push the resource below the minimum habitat
requirement and cause local extinction. Complete loss of wetland area is not necessary for
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landscape connectivity to be reduced; certain types of degradation may also decrease connectivity. For example, lowering the water table as a consequence of anthropogenic forcing
decreases the frequency of wetland inundation. This may reduce dispersal and recolonization of restored wetlands by wet-adapted plant species [67]. All these considerations become
fundamental when the ecological dynamics in wetlandscapes are addressed.

2.3

Wetlandscape hydrological dynamics
Wetlandscape hydrology represents the basis for all the frameworks and models that

are proposed to analyze wetlandscapes temporal dynamics. Wetlands are key elements of
landscapes and their hydrological dynamics strongly influence surface water storage, runoff,
groundwater recharge/discharge processes, and evapotranspiration [9]. Wetlands are dynamic; they change in space and time in response to unsteady external forcing [25] [26], and
over longer term to internal process feedbacks. The presence or absence of water inside the
pools is of critical importance not only at local scale, but also at landscape scales where
wetlands interact with other watershed elements to create a portfolio of different functions.
Flood control and runoff peak attenuation are among the most important hydrologic
functions performed by wetlands. In this perspective, wetlands can act as surface storage
tanks that store flood volumes. When floods occur, the overland flow reaches a peak of
discharge (Figure 2.2A) that can have devastating effects over the landscape (Figure 2.2C).
The presence of wetlands spread across the landscape is fundamental since they could store
consistent amount of volume (Figure 2.2A) reducing the overland flow covering the landscape.
Until 300 years ago, a large portion of the incoming rainfall was intercepted by thick layers
of vegetation, organic rich soils, and lush depressional wetlands of North America. The
amount of water stored by these wetlands was either retained in the soil or returned to the
atmosphere through evaporation. When these waters finally reached the major rivers, they
spread out harmlessly across wide floodplains. The arrival of European settlers changed
completely these dynamics. Intercepting vegetated surfaces were chopped down, forests and
prairies were replaced by row crops and pastures, causing a reduction in rainfall interception
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and water storage. Across the continent, more than half of wetlands and marshes, which
had trapped and held floodwaters, were destroyed [63]. For the past 175 years, US tried to
limit and prevent damages from floods by constructing of channel levees, where crops could
be grown and allocating homes, industries and even cities to be built behind them [68].
Nevertheless, as the elevation and the force of flood flows increased, the same development
brought about an increase in flood damage when the levees eventually failed. One possibility
is to try to build ever stronger, higher levees, but perhaps it is time to change the focus to a
more effective, comprehensive flood management strategy. What can be done is to expand
the surface-holding capabilities of wetlands, not to the exclusion of agricultural production,
but in association with that production. Restored riverine and palustrine wetlands could be
distributed strategically throughout the watershed to reduce the impact of flooding [69] [70].
Among the types of wetlands that are important for flood control, it is necessary to mention
salt marshes. Salt marshes play a major role in coastal defense, acting as a natural buffer
zones, providing protection from waves during storms [71]. In particular, the presence of
marsh vegetation causes a considerable wave attenuation, even when water levels and waves
are highest [72]. The dynamic nature of salt marshes and their ability to adjust to rising sea
level makes them particularly attractive from a flood protection perspective. In particular,
the flood protection service increases with higher elevation of the salt-marsh surface. Thus,
to be effective during extreme storm conditions, the salt-marsh needs to be relatively high.
If a salt marsh cannot keep pace with the sea level rise, and there is no accommodation space
to move landward, it will deteriorate and eventually disappear.
Wetlands hydrologic dynamics have a direct effect also on landscape biogeochemistry.
Wetlands are biogeochemical hotspots, processing nutrients at high rates and influencing
global cycles. Stage inside waterbodies (such rivers and wetlands) alters the nutrient uptake
dynamics, and impacts the water quality of downstream water [73] [60]. Wetlands increase
the retention time for nutrient rich runoff water in the landscape, thereby decreasing the
amounts of nutrients reaching lakes and, eventually the sea [74]. Thus, by relating the
wetland stages with any biogeochemical parameter (e.g., nutrient removal rate constant), the
nutrient loss or sediment deposition in wetlandscapes could be predicted. Biogeochemistry
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Figure 2.2. Comparison between the runoff discharge (A) in landscape characterized by an abundance of wetlands (B) and landscape without wetlands
(C). The blue region intersecting the two curves represents the volume of
water store by wetlands.

of wetlands is also affected by anthropogenic activities and climate change. Reduction in
wetland area, and the increased use of fertilizers has led to severe eutrophication problems
both in freshwater and coastal waters. An obvious result of this common scenario is that the
affected waters become less useful as a resource for humans and as habitat for most organisms.
Wetlands have also an important role in global carbon cycles. They are highly productive
ecosystems that accumulate large amounts of organic matter in the soil, functioning as
significant carbon sinks [75] [76]. Despite covering 6-8% of the freshwater surface, wetlands
are estimated to account for one-third of the world’s organic soil carbon pool [77]. Part of the
carbon that wetland produces is released to the atmosphere as methane. Estimates of total
annual global emission of methane are 120 Tg/year from natural wetlands (range 100-200)
and 60 Tg/year from rice fields (range 20-100) [78]. The amount of carbon that a wetland
stores and emits every year depends greatly on the hydrogeochemical characteristics of the
ecosystems, which, in turn, determine the wetland vegetation communities. Integrating eco-
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hydrological analysis of wetlands with CNO cycle and/or energy balance may result of key
importance in the mitigation of landscape water and air quality.
However, before starting the design of constructed wetlands for flood mitigation and
nutrient processing, or implementing conservation strategies to preserve and maintain the
existing waterbodies, it is necessary to completely characterize the hydrologic regime of wetlandscapes. Here, I investigated wetland hydrologic variability using a stochastic framework.
The main advantage of stochastic analysis is that few parameters are needed to describe the
long-term dynamics of the investigated variables (e.g., wetland volume, soil moisture, nutrient concentration) can be described. In addition, this framework can be easily transferred
to any location. The parameters will be adjusted based on the local conditions that characterize the hydro-climatic forcing (e.g., rainfall and evapotranspiration) and the landscape
properties (e.g., geologic legacy) of the selected region.
Hydrologic modeling of multiple wetlands distributed in landscapes requires at first a
robust framework to analyze the dynamics of a single wetland. It is possible then to extrapolate the procedure to the entire watershed scale. The stochastic modeling proposed here
was firstly developed for investigating the of a single geographically isolated wetlands, GIW.
GIWs, which are recognized as threatened and vulnerable aquatic systems [79]. Evaluating
the temporal dynamics of GIWs is crucial to understanding their landscape functions [2] .
Here, the term GIWs is used to represent single depressions, with topographically delineated
boundaries, and distributed across landscapes [5]. GIWs span many wetland types and hydrogeomorphic settings (e.g., vernal pools, playas, cypress domes, prairie potholes), grouped
together by a shared absence of persistent surface-water connection [80] [81]. GIWs are
embedded into the landscape in various spatial patterns and not permanently connected to
stream networks. However, GIWs do interact through permanent or episodic connections to
shallow groundwater, depending on the hydro-geologic setting of the specific landscape [82].
However, in what follows the considered wetlandscape may be composed also by other wetland types, that are connected in some ways to other wetlands (e.g., fill, spill and merge), or
whose dynamics are also affected by proximity with other water bodies (e.g., rivers or lakes).
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For simplicity, in local and regional scale hydrologic modeling (Chapter 4), I am considering
as geographically isolated all the wetlands that compose a given landscape.
An example of local vs regional scale hydrologic modeling is presented in Figure 2.3.
Figure 2.3A shows the temporal hydrologic dynamics in two distinct wetlands located in
North Dakota. Even though they both are located within the same wetlandscape (∼7 km
of distance), their hydrologic response is different. In particular, the northern wetland has
relatively smaller wetted area when compared to the southern wetland, but is close to the
average of all wetlands. The same hydro-climatic forcing drives different pattern of wetted
area in these two wetlands. For some time of the year, northern wetland shrinks to A = 0
m2 becoming completely empty, while, despite this dry condition, southern wetland always
has some water. However, despite these differences several similarities are evident. There is
a high degree of correlation between the two time series. Indeed, the wetted area peaks in
the two wetlands are synchronous, because they are forced by the same climate (e.g., rainfall
and evapotranspiration). The differences in their hydrologic recessions is attributed to the
different local conditions (e.g., permeability of wetland sediment layer) and their different
sizes that could impact the rate of water losses.
Figure 2.3A shows the similarities and differences in wetlands dynamics at local scale
(within the same landscape), in Figure 2.3B the focus is switched to the similarities and
differences across regions. Here, the hydrologic dynamics are modeled for the entire wetlandscape of four different United States regions (California, North Dakota, Florida and
Texas). The four insets of Figure 2.3B show the probability density function, pdf, of total wetted normalized area in the considered wetlandscape. When A∼0 , it means that
the entire landscape is dry, while when A∼1, it means that all wetlands are full of water.
The comparison among the four locations demonstrates the variation in the hydro-climatic
forcing, landscape characteristics and environmental settings, which drive differences in wetlandscape hydrologic dynamics. The low mean area observed in California, is explained by
the arid conditions that are caused by scarce rainfall frequency and intensity characterizing
the wetlandscape. In Florida the mean rainfall is larger, and this drives a right-shift of
the pdf, which changes from an exponentially-like distribution, towards a gamma function.
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Similar type of distribution describes the hydrologic regime in N. Dakota and Texas. The
peak in the pdf of wetland area is more right-skewed in Texas, meaning that the probability
of observing wetlands less filled with water is higher than in N. Dakota and Florida.

Figure 2.3. Comparison between the local (A) and landscape (B) scale hydrologic modeling for wetlands and wetlandscapes. Two insets describe wetlands
dynamics at local scale (A): time series of wetted area and the pdf of wetted area (histograms). For the northern wetland in North Dakota, the time
series of wetted area and its pdf are constrained at lower values, while the
southern wetland is more wetted. For as concern the landscape modeling
(B), the insets report the comparison among different pdf of wetted area in
four United States regions.

This analysis represents the starting point for any further assessments on wetlandscape
dynamics. Indeed, spatial and ecological temporal dynamics are strongly inter-linked with
hydrologic variability. For example, variation in spatial distribution of wetlands is function
of the seasonality observed in the hydro-climatic forcing. Extremely dry conditions during
those months that lack of rainfall could provoke a shrinkage in wetlands extent, which is
accompanied by a loss of the ecological function that the landscape could have supported.
Indeed, smaller wetlands implies a decrease in the total available habitat for aquatic and
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semi-aquatic species. Variation in the hydro-climatic forcing can be observed not only within
the same site (e.g., seasonality) but also across different type of regions (e.g., Florida vs N.
Dakota) or between current and future conditions (e.g., climate or land-use changes). Among
the different parameters proposed in Chapter 3 to assess the hydrologic status of wetlands,
the aridity index, Φ, defined as the ration between the evapotranspiration rainfall input, is
the key driver of the hydrologic regime of the investigated region. High aridity index describes
landscapes where the ET losses dominate over rainfall inputs. Therefore, wetlands tend to
be small and potentially located far apart, as in Texas. On the other hand, small aridity
index characterizes wetlandscapes where water rainfall input is considerable. However, based
on the geologic legacy and landscape soil properties, the previous considerations may be
misleading. For instance, the presence of restrictive layers at wetland bottom could impede
water movement to the shallow groundwater, then wetland hydroperiod in dry regions could
be longer than in wet regions where the bottom layer is completely permeable and water flows
downwards to recharge the shallow groundwater. In these conditions, wetland hydroperiod
are longer also in arid hydro-climatic regions, enabling the support of luxuriant aquatic flora
and fauna.
Stochastic approaches become fundamental for predicting future patterns or trajectories
of the state variable (e.g., wetted perimeter). In particular, analytical expressions describing
the shape of the probability density function, pdf, of wetland volume [83] [1], soil moisture [84]
or river discharge [85] can be derived. The shape of those distributions may change due
to differences in the hydro-climatic forcing (e.g., climate changes) or by the influence of
anthropogenic activity (e.g., river damming or land use conversion). These changes can
be predicted and their effects can be estimated and quantified by modifying the set of
parameters that characterize these distributions, with low computational effort. In addition,
the flexibility of these approaches enables extrapolation of the results to different domains,
spatial regions and temporal scales.
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2.4

Wetlandscape ecological dynamics
Wetlands and their surrounding terrestrial habitats are critical for the protection of water

resources and are also essential for conservation and management of aquatic and semiaquatic
species [86]. Aquatic systems, and their unique biota, are among the most threatened ecosystems in the world [87] [88] since they are affected by changes in climate and anthropogenic
factors (e.g., land use change in the catchment). Wetlands are considered the most biologically diverse ecosystems, serving as home to a wide range of plants and animal life. One
of the most important factors affecting the biota is the duration of flooding [89]. Wetlands
often encompass a wide range of hydrologic conditions within a region (e.g., from shallow
temporary ponds to deeper permanent waters), and this leads to a diversity of habitat types
and quality, both within and among wetlands [5]. Ecologists have long recognized this environmental gradient as a critical axis along which aquatic communities are organized [90].
Virtually every type of animal known to inhabit freshwater is also known to have a restricted
distribution across this habitat gradient. The restricted species distributions and turnover in
community composition along the gradient result from relatively few important constrains on
the life-styles of aquatic animals [23]. Changes in community structure along this freshwater
habitat gradient are determined by the coupled effects of physical environmental factors that
limit the potential breadth of species distributions, and biotic interactions that determine
the realized success of species. At the broadest scale, physical factors constrain the potential
pool of community members by eliminating species unable to cope with the physical stress.
Habitat diversity contributes to biological function in several ways. One of the ways
in which plant diversity expresses itself is through zonation: concentric rings of vegetation
(coenoclines) containing different species which occur across moisture gradient. Along most
coenoclines, vegetation zones generally run perpendicular to an environmental or elevation
gradient [91]. Zonation is a feature of many depressional wetlands, including prairie potholes
[92], Carolina bays [93], and vernal pools [94]. While moisture gradients can result from
variations in surface-water hydrology, zonation can also occur in wetlands dominated by
groundwater, such as Florida karst ponds [95]. This has been interpreted to mean that
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differences in environmental conditions along gradients are responsible, directly or indirectly,
for arraying species along them [96]. Figure 2.4 shows an example of the zonation pattern
we can observe in wetlands. The inner ring represents the aquatic habitat, which fluctuates
based on the hydro-climatic forcing. Annual drying of this habitat precludes organisms that
require permanent water and favors species adapted to fluctuating water levels. Riparian
zones are located between standing water and upland. These zones are of critical importance
for all those species that can live under transitional wet and dry regimes. The proximity
with water guarantees a constant supply of moisture which is fundamental for certain types
of plants (e.g., mangroves) a fauna (e.g., amphibians). The most outer ring represents the
upland zone. Other than hosting different types of species that do not strictly require water,
upland functions as a buffer that minimizes impacts from development on natural wetlands
systems, allows connectivity among habitats, and provides area for natural processes which
result in a wider diversity of habitat and species.
These three possible zones should not be viewed as fixed unit in wetlands, but more like
a continuum that fluctuates based on the hydrological variability of the pool. Each of these
zones could be inhabited by different type of species because it provides a specific set of
resources that can be exploited. The different abilities of each species determine which is
the most adapted to live in these conditions. Every zone could host a determined number
of species and individuals; after this limit is overcome, the individuals are forced to move
and migrate towards wetland habitats that could provide enough resources. This limit is
called carrying capacity, and it represents the maximum population size of the species that
the environment can sustain indefinitely given the food, habitat, water, and other necessities
available in the environment.
Because wetlands often occur in discrete patches within a matrix of upland habitats [9]
many species of wetland-dependent organisms live in multiple populations that occasionally
exchange individuals through migration, that is, in metapopulations [97] [98]. Metapopulation dynamics consist of local extinctions of individual populations within distinct habitat
patches, due to environmental or demographic stochasticity, and recolonization of this habitat from neighboring patches through dispersal [99]. The degree of isolation between wetlands
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Figure 2.4. Representation of zonation pattern in wetland. In this example, I
show three different potential habitats for species that rely on transitional wet
and dry regimes. It is worth to mention that there could be more than three
habitats, and instead wetland and upland should be viewed as a continuum
of potential habitats for several types of species. Member of the same species,
but with different class age could also live in different zones. For example,
amphibians’ eggs are more limited to live in aquatic conditions then adults’
frog that could disperse and spend lot of time in the upland.

(inter-patch distance) has a fundamental effect on a metapopulation, since this influences
dispersal. Habitat connectivity and inter-patch distance has important demographic implications for wetland species. Connectivity is a central concern in landscape conservation
biology because wildlife habitats are being lost and fragmented for several reasons, including rapid urban development, denser transport infrastructure, and expansion of intensive
agriculture [100]. A major effect of such fragmentation is the loss of connectivity between
dispersed habitat patches used by species to obtain food resources or as breeding sites over
multiple time scales [11]. Aquatic habitat connectivity facilitates animal dispersal, genetic
flow and multiple other ecological functions of a landscape [101], and is essential for wildlife
population survival [102] and reduction of extinction risk [103]. When a specific wetland
does not provide a suitable habitat for a certain species, this species is forced to migrate
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towards another wetland where the conditions are more favorable to its survival. Thus, ecological connectivity of habitats and species dispersal/survival dynamics are controlled by:
(Chapter 3) hydrologic suitability of individual wetlands, and (Chapter 4) spatial patterns
and size-distribution of wetlands.
Identification of critical wetlandscape elements usually requires investigating the link
between wetland structural analysis and the functional response of species to landscape
patterns. Quantifying this linkage using field work requires extensive time and data to
characterize species responses to local details of landscape structure [104]. Among different
methods proposed, graph theory [105] is emerging as promising tool for conservation planning
in fragmented landscapes. Networks have been used to represent spatial relationships among
patchy habitats [3] and among individuals on landscapes [27] for focal species. Analysis of
dispersal network topology provides new and straightforward way to quantify the resilience
of metapopulations to patchy habitat loss, and the identification of keystone patches that
are critical to landscape connectivity and hence population persistence [106] [107]. Network
theory is a suitable tool to represent a landscape of habitat patches as a set of nodes (wetlands) connected to some extent by links between nodes [3] [108]. A link is established if
and only if there is a potential for flux between the nodes [109]. Here, this flux is conceptualized as the potential dispersal of species from one wetland to another, and two wetlands
are connected by a link if the distance between a given pair of wetlands is less than or equal
to the maximum distance that could be navigated by the species [27] [110]. One key point
consists in the definition of the distance between a given pair of wetlands. Figure 4 shows
that there are three different zones that could be connected: upland, riparian and aquatic
zone. The connection among wetland habitats is based on the type of species of interest. For
example, riparian zones and wetlands edges are key habitats for species, such as amphibians,
that are more associated with water and wetlands than are most reptiles, birds or mammals.
Most anurans (i.e., frogs and toads) and many caudates (i.e. salamanders and newts) lay
their eggs in shallow water near shorelines, have aquatic larvae, and inhabit forests or other
uplands habitats as adults [111] On the other hand, when we want to address the dispersal of birds that preferentially feed in open water [112], the network should be constructed
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based on the aquatic habitat (e.g., centroid of the wetland) that coincides with open water
surfaces. In the latter case, the dispersal kernel will be much larger if compared to that one
selected for amphibians, since birds can fly over great distances. Similar considerations may
be extended also for plants associated to wetlands. Indeed, certain type of plant prefer to
live along wetland edges [113], while other need a constant supply of water and could be
found only in the center of wetlands (e.g., cypress domes). Each of these different methods
of connecting wetlands is subjected to the hydrologic variability of wetlands, and, therefore
are dynamic. Aquatic and riparian habitats change in time based on the portion of wetland
that is covered by standing water.
The novelty the approach is mainly in considering the dynamic spatial network of wetlands governed by the fluctuations of hydroclimatic forcing (Bertassello et al., 2019). The
spatio-temporal dynamics of metapopulations in wetlandscapes are analyzed in detail in
Chapter 5. Despite the difference among all the possible species that could live and breed in
wetlandscapes, the basic governing equation of any metapopulation, M, can be written as:
dM
= N G(M ) + D(M )
dt

(2.1)

where, NG(M) and D(M) represent respectively the net growth of the population and the
dispersal ability of the investigated species. Based on the type of species, these two variables
can be modified and adjusted to mimic its life-history traits. In addition, within the same
species we can have different values of these variables based on the class age of the individuals
(e.g., juvenile vs adults). While the net growth is only based on the chosen species, the term
D(M) is also dependent on the type of wetlandscape in which species are spread. Here, the
inter-patch distance plays a fundamental role to define the possible movements of species.
Large inter-patch distance can reduce the dispersal of individuals, constraining them in
narrow range of the network. The only way to survive in these landscapes is adaptation and
evolution. In this sense, wetlandscape architecture could potentially drive natural selection
of species that are more adapt to cope with these adverse conditions.
The effects of intra-annual variability of wetlandscape hydrology on the ecological dynamics of four different species metapopulations are showed in Figure 2.5A. I assessed the
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ecological dynamics of frogs, salamanders, snakes and turtles. Their dynamics are correlated
with the rainfall patterns, which drives shrinkage and expansion of wetland carrying capacity.
Here, Eq. 2.1 is adapted for different species. The key element that changes for the different
species is the dispersal term, D(M). Frogs and snakes are characterized by large dispersal
kernel (∼300-350 m) while salamanders and turtles dispersal kernel are smaller (∼200-250
m) [86]. The application of graph-theoretical approach to evaluate wetlandscape connectivity and ecological dynamics shows how and where species are distributed in the landscape.
Indeed, Figure 2.5B gives different, but complementary information about the ecological
status of the wetlandscape. The only limitation is that it represents a single snapshot of
the temporal dynamics that are reported in Figure 2.5A (end of simulation). Each colorcoded node in Figure 2.5B represents a wetland that hosts a certain number of species. This
number changes as the size of wetland changes, and therefore its carrying capacity. This approach provides a quick visual representation of the eco-hydrological status of wetlandscape
is provided. This representation could be used for prioritising certain wetlands in a biological
conservation or landscape restoration perspective [114]. Graph metrics (e.g., centrality and
betweenness) can inform about what wetlands are of key importance for hosting the largest
number of individuals (e.g., sources) and those that could be easily colonized (e.g., sinks).
In addition, those wetlands that act as bridges, facilitating the dispersal of individuals, and
the overall connectivity in landscapes can be identifed (e.g., high betweenness nodes).
Figure 2.5 represents the ecological dynamics of four different species that inhabit the
wetlandscape. Their dynamics are only related to the hydrologic status of the landscape, as
well as the intra-specific competition among members of the same species. In real scenarios,
the abundance of species is also affected by the presence of other species (e.g., inter-specific
competition) and predation, or by the different types of vegetation that structure wetlandscapes. Indeed, the vegetation distribution pattern and water level fluctuations make a
range of continuously changing wetland habitats available at different times of the year to
aquatic, terrestrial and arboreal animals. From this perspective, providing a clear and robust
framework to assess species presence/absence in landscape is of key importance to estimate
wetlandscape biodiversity. During the last decades, the interest in biodiversity has increased
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Figure 2.5. Analysis of the effect of rainfall variability in metacommunities
dynamics for a four different species (A). Time series of the number of frogs,
salamanders, snakes and turtles that populate a wetlandscape. On the right
panel, I showed the network for a determined time instant. The color-coded
nodes represent the number of species that are located within a wetland,
while the links between the node represent where the possible directions of
species dispersal.

tremendously [115] [116], not only because high biodiversity may increase a systems resistance to invasive species [117], but also because it has been suggested to have strong effects
on ecosystem function [118]. Integrating stochastic models for landscape hydrology to study
the temporal variability in wetlands attributes (e.g., stage, surface area and storage volume)
with ecological network theory allows for characterization of the spatiotemporal dynamics
of habitat distribution and connectivity that is essential to meta-communities. The extension of metacommunity models widely adopted in riverine literature [119] [4] to evaluate
large spatial biodiversity patterns in wetlandscapes requires a proper identification of the
dynamic and heterogenous aquatic habitats and the dispersal networks that connect them.
The temporal dynamics of the landscape network are of fundamental importance from an
eco-hydrological perspective. Similar to river networks, wetlands should be also seen as
ecological corridors that integrate hydrologic, geomorphologic and ecologic dynamics [120].
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3. SPATIAL DYNAMICS OF WETLANDSCAPES
Parts of the current chapter are adapted from the manuscript: Leonardo E. Bertassello, P.
Suresh C. Rao, James W. Jawitz, Gianluca Botter, Praveen Kumar, Phong V.V. Le, and
Antoine F. Aubeneau (2018), Wetlandscapes Fractal Topography, published in Geophysical
Research Letters.

3.1

Introduction
Wetland are a product of landscape geologic and geomorphic history. The physical struc-

tures of wetlands are shaped by geomorphological processes, which involve the movement of
mass (rock, sediment, water, organic matter) across the Earth’s surface [121]. The movement of mass associated with the shaping of wetlands can involve tectonic activity (uplift,
subsidence), and the weathering, erosion, transportation and deposition of surface materials
by surface water, groundwater, gravity, ice and wind [82]. The overall physical structure and
hydrology of wetlands is determined by geomorphological and climatic factors. Wetlands
should not be viewed as static and unchanging landscape features but as dynamic elements
which develop through time in response to changing external conditions [25] [26]. Changing
the external conditions influence the geomorphological process that affect the movement of
mass, ultimately leading to changes in wetlandscapes. Individual extreme weather events
(e.g. intense rainstorms, coastal surges) can lead to rapid, commonly dramatic, changes
to erosional and deposition patterns in both inland and coastal settings [122]. Over longer
timescales, tectonic activity can also drive wetland changes. In inland settings, subsidence
may continue to provide a depression within which water and sediments accumulate [123],
whereas in coastal settings, land subsidence can lead to relative sea level rise, beach erosion
and wetland loss [124]. In addition to changing external conditions, wetland development
can also be driven by changing ecological conditions (e.g. vegetation succession, animal ac-
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tivities). Terrestrialization is the process of in-filling of open waterbodies with organic or
inorganic matter that eventually converts open water to land for plant community [125].
However, an important cause for wetland loss is due to the direct and indirect effects of
human activities (e.g. land use modification, environmental governance, building of infrastructures). Indeed, too often wetlands have been considered a nuisance hindering agricultural
and urban development [46], and this mindset has led globally to a loss of more than half of
all wetland area over the past two centuries [63] [126].
The U.S. Clean Water Act defines wetlands as ”areas that are inundated or saturated by
surface or ground water at a frequency and duration sufficient to support [...] a prevalence
of vegetation typically adapted for life in saturated soil conditions”. Delineation of wetlands
is thus challenging because their boundaries are dynamic in both space and time (inundation, erosion, size of surrounding ecotone, etc.). Since the definition of wetlands requires
inundation, I propose that topographic information alone is sufficient to identify potential
wetlands. In this analysis, I applied Digital Elevation Model (DEM) based approaches to
delineate potential wetlands as landscape units defined by elevation. Landscape topography,
recorded in DEM is the manifestation of the geologic legacy that sculpted the landscape [31].
Surface topography can be described by its statistical characteristics and fractal properties.
Fractals are widely used to describe scaling in natural phenomena [127]. Fractals can be
self-similar or self-affine. A self-similar fractal means that each piece of the object is geometrically similar to the whole, and the object can be either enlarged or reduced without
distortion. A statistically self-similar fractal is thus isotropic by definition, meaning that the
observed scaling does not depend on the geometrical orientation of the x- and y-axes [49].
A statistically self-affine fractal is different; it scales differently in the x- and y- directions.
To appreciate the self-similarity of self-affine objects, they have to be rescaled using an
anisotropic affine transformation, or more simply using different amounts in the x and y
directions. Topographic elevation and surface roughness are typical examples of self-affinity,
whereas contours are usually self-similar [53] [47] [49] [54]. In self-affine fractals, scaling in
the horizontal and vertical direction is related by the Hurst exponent (H) according to the
(affine) transformation f(x,z) to f(rx,rH z), where r is a scaling factor and H, with range [0,1],
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represents the scale of spatial correlation between elevation points [128] [53]. The fractal
dimension DS of a topographic surface is given by DS = 3 - H; therefore, the theoretical
range of a surface fractal dimension is 2 < DS < 3. Smooth surfaces have high spatial
correlation and H → 1.0, while for H → 0.0 the correlation is low and the surface is rougher.
For H = 1, the transformation is invariant and the fractal is self-similar. Landscape surface
roughness is of key importance for the identification of wetlands since they are found at the
lowest local elevations, where water can accumulate.
Among the different approaches used to estimate the fractal dimension, DS , of a topographic surface, the semi-variogram method [127] [129] [130] is a well-known technique for
determining the spatial characteristic of data and it has been widely accepted for calculating
DS . The semi-variogram, γ(l), is given by:
N (l)
1 X
γ(l) =
[Z(si + l) − Z(si )]2
2N i=1

(3.1)

where, si is location i, l is the lag distance, Z(si ) is the elevation at location si , Z(si +l)
is the elevation at location (si +l), and N(l) is the number of pairs spaced at l. Fractional
Brownian motion (fBm) corresponds to a particular form of the semi-variogram, γ(l) ∝ l2 H,
where H is the Hurst exponent. The fractal dimension of topographic surfaces (DS ) was
determined using the slope S of the best-fitting line produced when the logarithm of the
distance between the sampled points is regressed against the logarithm of the mean-squared
difference in the elevation for that distance. This slope is related to the Hurst exponent, H,
by the expression: H=S/2 [51]. In general, landscapes are known to have Hurst exponents
near 0.5, and topography is self-affine in the z direction with a scaling near a Brownian
walk [49].
The occurrence of active wetlands (depressions with standing water) in a landscape with
a specific topography depends on the hydro-climatic conditions [83] [131] [132]. Variability in hydro-climatic forcing translates in different spatial organization and distribution of
wetlands attributes. With a plane view of the landscape, we can observe an expansion and
contraction of patchy objects in response to the climatic patterns. In particular, if a horizontal plane intersects a self-affine fractal surface (e.g. topographic surface), the points
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where fractal surface returns to the horizontal plane form a fractal known as random Cantor
set [51] [52]. The fractal dimension of the intersected profile is one less than the fractal
dimension of the surface (DS -1). The direct analogy of this approach is to measure the
areas of the wetlands (or lakes) which lie below this threshold. This threshold should not be
seen as static, but varies according to the dynamic hydro-climatic condition (e.g., rainfall,
ET, shallow groundwater). In particular, the intersection of the horizontal plane with the
self-affine fractal surface produces boundary line which are self-similar rather than merely
self-affine. Therefore, by repeating for several times the thresholding of the fractal surface,
I will obtain several sets of self-similar wetlandscape. The complexity in the geometry of
wetland boundaries is evaluated using shoreline fractal dimension, D, determined based on
the relationship between wetland perimeter, P, and area, A, P = kAD/2 , where k is a pro√
portionality factor [53] [48] [38]. For circles, P ∝ A and D=1. For more complex shapes,
the perimeter becomes increasingly dissected (plane filling) or elongated (e.g., riverine wetlands), resulting in the limit in linear shapes where P ∝ A, and D=2. Natural wetlands
span the spectrum of shapes between lines and circles. A log-log plot of perimeter vs area
for different wetlandscape slices should returns constant values of the fractal dimension, D,
which is eventually 1.0 less than the surface dimension [51]. Fractal analysis can provide information regarding landscape genesis, and thus enable grouping of landscapes components
(e.g. wetlands) generated by common processes.
These earlier works motivated the current study, focused on exploring the applicability of fractal concepts for describing the morphological characteristics of natural wetlands
distributed over landscapes. In what follows, I focus on how landscape topography and
hydrology interact to affect the presence of wetlands in landscapes, as well as the spatial dynamics of their attributes such as stage, wetted perimeter, surface area and storage volume.

3.2

Methods for filling the landscape
The first aim of this Chapter is to identify the presence of wetlands and their attributes in

terms of stage, surface area and storage volume starting from the solely DEM. Then, based
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on these extracted depressional wetlands, I will simulate their spatial dynamics for different
degree of water filling.
Many methods have been proposed to identify wetlands using high-resolution images [25]
[34] or digital elevation models [33] [38]. Here, I want to provide simple frameworks that
could be adopted at broad scales since they rely on DEM, which are worldwide available.
Because water accumulates at low elevation, I proposed two different methods that can reveal
the location and extent of wetlands.
The first mechanisms (Figure 3.1A) considers a filling of topographic depression from
below. This method relies on the groundwater dominated, GWD [1]. Groundwater often
plays a key role in wetland water balance and vegetation dynamics [133] [134] [131]). Here,
wetland stage is assumed to be at hydrological equilibrium with the shallow groundwater (i.e.,
synchronous), and that the water table follows the land surface. All portions of the landscape
at elevations lower than the groundwater level are assumed to be filled with water, and here
are referred to as active wetlands (Figure 3.1A). The second mechanism (Figure 3.1B),
defined as Topographic Depression Model, TDI, [37] [38] considers a filling of topographic
depression from above. Rainfall and runoff fill water in depressions to create transient ponds
on the land surface. Here, wetlands attributes (stage, surface area and storage volume)
progressively increase as rainfall and surface runoff increases, because the topography of the
terrain conveys the effective rainfall to the landscape depressions. Wetlands merge as the
water level reaches the common elevation threshold from incoming rainfall and runoff.
There are several similarities in these two methods, such that they both start only from a
simple DEM of the interested region, and they consider the possibility of filling, spilling and
merging [33]. A key role is played by two landscape attributes: wetland bottom elevations
(zB ), and wetland divide elevations (zD ). Wetland bottoms and divides are identified from
DEM data [37] [38]. The procedure starts by evaluating the flow direction for each cell in
the DEM by finding the neighboring cell with the steepest descent [135]. If the cell has no
neighbors with lower elevation, it is identified as a sink, representing the bottom of potential
wetlands. The drainage basin of a potential wetland (wetlandshed) is the collection of cells
from which water flows into a sink. To identify the divide for a wetland i I need to consider
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Figure 3.1. Comparison between the two methods used for filling the DEMs,
and thus identify active wetlands

an adjacent wetland j. The divide between wetlands i and j is the lowest elevation of cells
that are shared along the boundary of both wetlandsheds. If a wetland is bounded by more
than one neighbor, more than one divide will be identified. In both the cases, the total
number of bottom elevations, which are the local minima of the landscape, can be seen as
the total number of potential wetlands (Np ).

3.2.1 GWD model
This method hypothesizes that landscape topography and shallow groundwater dynamics control the dynamics of wetlandscapes. Together, topography and water table elevation regulate the number of active wetlands and their attributes (e.g., water stage, surface
area and storage volume). As the groundwater level rises, and intersects wetland bottom
elevations (zB ), the wetlands fill. As the rising water table intersects wetland divide elevations (zD ) these depressions eventually begin to spill and merge, and form composite
depressions [33] [34]. However, in landscapes characterized by a certain degree of slope the
intersection of a horizontal groundwater with the original topographic profile of the region
would introduce an error in the identification of wetlands. For this reason, it is necessary
to correct for the regional slope of the terrain [31]. The aim of the procedure is to censor
the landscape using a groundwater that follows the mean topography of the region. I can
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detrend the slope of the DEM by first evaluating the moving average of the elevation profile
for prescribed 2D windows hziL×L (x,y), centered in different positions along x and y axis.
Then, I calculate the fluctuations of the original DEM elevation around its moving average
(i.e., z 0 (x,y) = z(x,y)-hziL×L (x,y)). These fluctuations represent the detrended DEM of a
given region. Finally, for the sake of convenience, I can shift this detrended DEM by adding
the mean elevation of the region hzi. Note that hzi and the mean of the detrended DEM,
hhzi + z 0 i, are equal becausehz 0 i=0. Figure 3.2 illustrates the procedure of detrending in a
wetlandscape located in Florida (Green Swamp Area).

Figure 3.2. Comparison between the original (left) and detrended DEMs
(right). Middle panel is a horizontal section (dashed line in side panels).
The blue line represents the original profile, the red line the moving average
and the black line the detrended profile

A probabilistic approach is proposed to evaluate how the distribution of elevation bottoms
and divides for all potential wetlands together with the dynamics of the groundwater level,
are sufficient to characterize the number of active wetlands and their geometrical attributes.
The procedure described in previous section identifies the number of potential wetlands
Np in a landscape. The fraction of wetlands holding water is described by the cumulative
distribution function, CDF, of the wetland bottoms (zB ), and wetland divides (zD ). The
number of active wetlands (Na ) in a landscape at a specific groundwater level (zgw ) is then
determined as the product of Np and the difference between these CDFs:

Na = Np [P (zB < zgw ) − P (zD < zgw )]

(3.2)
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where P (zB < zgw ) and P (zD < zgw ) represent the CDFs of wetland bottoms and divides.
Eq. (3.2) accounts for the effect on the number of wetlands of two phenomena triggered
by groundwater fluctuations: filling and merging of water-filled depressions [37]. Dividing
Eq. (3.2) by Np I obtain a normalized index, faw = Na /Np , which quantifies the fraction
of potential wetlands that are active (i.e., filled with water) in the landscape. Analytical
expressions could be obtained for Eq. (3.2) based on the difference between two CDFs of
known distribution types, enabling comparison across different landscapes on the basis of
the moments of those distributions.
Three key threshold elevations are identified, zF , zC and zM for defining the dominant
hydrological process across the landscape (Figure 3.3). In particular, zF represents the
initiation of filling based on the lowest elevation of wetland divides in the landscape, zC
is the critical groundwater elevation of the intersection of the wetland bottom and divide
probability density functions, pdfs, and zM is the maximum elevation of wetland bottoms
in the landscape. These threshold elevations are functions of the Hurst exponent, and, in
particular, zF , zC are negatively correlated with H, while zM is positively correlated with H.
Based on Eq. (3.2), the maximum value of fraction of active wetlands is obtained when the
difference between the zB and zD CDFs is largest. This point also is the intersection of their
respective pdfs, and thus in Figure 3.3 and in the following plots I show the pdfs instead of
CDFs to better visualize the location of the critical groundwater elevation, zC .
When groundwater level is below the wetland divides, (zgw < zF ),filling of landscape
depressions is the dominant process, thus the number of active wetlands increases because the
groundwater level exceeds the elevation of potential wetland bottoms, zB . In this phase, the
merging process is prevented because the wetland divides are all higher than the groundwater
stage. For higher groundwater level zF < zgw < zC , the number of active wetlands is still
increasing, but with a decreased rate due to the initiation of the merging process. The
merging process leads to an aggregation of wetlands that have already been filled. However,
since the number of active wetlands generated by the rising groundwater is still larger than
the number of wetlands that are merging, faw is still increasing. The number of active
wetlands in a given landscape is maximum when the groundwater reaches the elevation where
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Figure 3.3. (A), (B), (C) Hypothetical pdfs of wetland bottom and divide.
(D), (E), (F) Application of Eq. 3.2 to estimate the number of active wetlands
scaled to the total number of potential wetlands (faw ). These three different
conditions summarize how the fraction of active wetlands is influenced by
the distribution of wetland bottom and divide.

the pdfs of wetland bottom and divide intersect (Figure 3.3A-B-C). This point represents a
critical threshold for the landscape, which is determined only by morphological attributes.
Above this limit (zC < zgw < zM ), the merging process overtakes the filling process, and
the total number of active wetlands decreases as the water table rises. At this point, only
potential wetlands at high elevations have not yet been filled. Finally, when zgw > zM all
the potential depressions are filled and only the effect of the merging process is observed.
The critical groundwater level corresponding to the maximum number of wetlands may
or may not be reached depending on local hydrologic conditions. In the example in Figures
3.3E and 3.3F, faw < 1; this happens because the merging process begins before the filling
of all potential depressions is completed. When the pdfs of wetland bottoms and divides
are relatively close, faw cannot reach 1 because of the interplay between filling and merging
processes. In contrast, when the pdfs of wetland bottoms and divides are farther apart
(Figure 23.3), and therefore the elevation of the wetland divides is much larger than the
elevation of wetlands bottoms, the filling and merging processes are more separated. Under
these conditions, faw approaches 1 (Figure 3.3D), such that all potential wetlands are active
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because they are filled before the merging process starts. The probabilistic estimates of faw
from Eq. (3.2) are compared with numerical integration obtained by censoring the landscape
at fixed groundwater level and counting the number of depressions below this level.
The temporal dynamics in all the wetlands distributed in a wetlandscape can be evaluated
with the groundwater-dominated model. The model can thus be used to evaluate morphological attributes such as stage, surface area and storage volume for different groundwater levels.
The water level (h) inside each wetland is calculated as the difference in elevation between
the groundwater level (zgw ) level and the wetland bottom (zB ): h = zgw − zB . Following
Chu et al., [35] and Le and Kumar [37], the geometric attributes of the wetlands in terms of
surface area and storage volume are estimated for each groundwater level. The surface area
of any wetland represents the maximum flooded surface area that can be observed in the
z

wetland for that groundwater level. The surface area, Akgw [L2 ], of the kth depression at that
groundwater level, zgw , is the sum of the areas of all individual cells within that depression.
Wetland perimeter is the sum of the distance between each adjoining pair of pixels around
the border of the region. The storage volume of any wetland can be calculated by summing
the contribution of each grid cell. The storage volume of the kth wetland at groundwater
z

level, zgw , denoted as Vk gw [L3 ], is given by:
z
Vk gw

=

mk
X

(zgw − zk,i )∆x∆y

(3.3)

i=1

where, where mk is the number of cells and zk,i [L] is the elevation of the ith cell, respectively in the kth wetland. ∆x [L] and ∆y [L] are the uniform horizontal resolution of the
DEM data.
The proposed model was applied to a wetlandscape located in Florida: the Green Swamp
Wildlife Management Area, GSA, which covers ∼ 450 km2 in Hernando, Lake, Pasco, Polk,
and Sumter Counties, Florida. There is little development of the groundwater resource in
this area, and surface-water levels are largely unaffected by human activities [136]. Wetlands cover about one-third of the GSA, and much of the remainder is covered in natural
pine flatwoods. The Southwest Florida Water Management District (SWFWMD) has established several long-term sites for wetland monitoring [137] [136] [138]). For this purpose,
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a 10 × 10 km portion of the GSA (Figure 3.4) is considered. The DEM data were downloaded from the United States Geological Survey (USGS) platform National Map Viewer
(https://viewer.nationalmap.gov) at 10 × 10 m resolution. In the GSA, the water table
remains near the land surface for extended periods because of the hydrogeologic characteristics of the area. The Upper Floridan aquifer groundwater mound hinders the downward
movement of water, as well as high clay content in the soils at larger depths and confining
layers stabilize the water table [139] [138].
Wetland stage data recorded at daily scale by SWFWMD for six cypress wetlands in the
GSA [138] (Figure 3.4). Each wetland is also characterized by a coupled well allocated for
monitoring groundwater levels at monthly intervals. Although the six wetlands are located
several kilometers apart, they exhibit similar hydrologic responses given shared regional
rainfall patterns and shallow aquifer. This also suggests that patterns observed at these six
wetlands may occur in numerous other wetlands in the same region. Wetland areas, obtained
from the National Wetland Inventory (NWI) database, are also shown in Figure 3.4.
Figure 3.5 shows the comparison between the wetland and groundwater time series scaled
through the moving average in the six cases studies, while the original time series are reported
in the insets. The similarity among the jumps and recessions of wetlands and groundwater
hydrological dynamics is also showed in Figure 3.5, suggesting a strong correlation between
the two systems, suggesting the stochasticity of the hydroclimatic forcing as the primary
control of wetland elevation.

3.2.2 TDI model
The TDI model considers all depressions in which water can accumulate as wetlands
and simulates the filling of the landscape with water. It starts from the identification of
wetland bottoms and divides as well. Then, starting from these wetland bottoms, a localsearch algorithm identifies the neighboring cells pertaining to a depression [35] and fills these
potential depressions till it reaches a wetland divide. This threshold represents the highest
elevation for water ponding, beyond which water spills. At the threshold level (l), a wetland
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Figure 3.4. 10 km x 10 km study area near Green Swamp, Florida. Approximately 1100 wetlands are identified from the National Wetland Inventory
(NWI) database (blue polygons). The six cypress wetlands considered in this
study are highlighted in red and their identification number is reported.

Figure 3.5. Comparison between the wetland stage (A) and groundwater
level (B) measurements from the six wetland-paired wells in the GSA.
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reaches its maximum stage, area, and storage volume. The elevation of the wetland divide
(local maxima in the landscape) controls the shift from wetland-filling to wetland-spilling
and/or merging [33]. Then, the DEM is edited by raising the depression cell to the threshold
level (l), and the algorithm is implemented again to derive the maximum values for stage,
surface area, perimeter, and storage volume of the wetlands for the next level of filling
(ln+1 ). Following Chu et al., [35] and Le and Kumar [37], geometric attributes of wetlands
were estimated from the output of the TDI model. Wetland surface area, perimeter, and
storage volume are evaluated in the same way of the GWD model. The stage value inside
each wetland can be determined by evaluating the difference in elevation between the wetland
divide (zD ) at the specific threshold level and the lowest grid cell that compose the wetland
(zB ). When the threshold level, l, is low, the landscape is mainly composed by small and
shallow wetlands, while for higher l, the degree of wetness of the landscape increases because
wetlands are getting bigger and they can spill over large areas and merge.
The TDI model was applied to six landscapes across the conterminous United States (Figure 3.6). These landscapes span gradients in wetland abundance and hydrologic conditions.
Wetland types within these landscapes include vernal pools (California and Maine), cypress
domes (Florida), prairie potholes (North Dakota), basin wetlands (Minnesota), and playa
lakes (Texas). The size of each wetlandscape is 10×10 km, and wetland area and perimeter are obtained from the National Wetland Inventory, (NWI) database. Figure 3.6 shows
differences in wetland distribution among the landscapes. The DEM data from the Unites
States Geological Survey (USGS) National Map Viewer (https://viewer.nationalmap.gov)
were used in this analysis. The DEM data are 1/3 arc-second resolution (∼10×10 m). Actual wetland data were obtained from the NWI (https://www.fws.gov/wetlands/) for the
six landscapes, and all wetlands smaller than 100 m2 were removed for consistency with
the DEM resolution. I also extended the analyses to 30×30 km grids to assess whether the
results would change with scale. Finally, the perimeter and area distributions are examined,
as well as shoreline fractal dimension of all wetlands (excluding riverine and estuarine) listed
in the NWI database (∼20 million) to compare with the six test areas.
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These six tested area were selected due to their abundance in terms of wetlands. In
particular, these wetlandscape are a subset of the case studies investigate in Cohen et al., [2].
They picked these regions since they are composed by a large presence of geographically
isolated wetlands. However, in this thesis I am not only focused on the identification of
GIWs, but all those topographic depressions that can be potentially filled with water. The
filter I have used here to remove riverine and estuarine wetland is not the same adopted in
Cohen et al., [2], to filter the GIWs.

Figure 3.6. Representation of the wetlandscapes considered in the current
analysis. The blue polygons represent the potential wetlands identified by
the National Wetland Inventory, NWI. The grayscale background represents
the Digital Elevation Model, DEM, of the regions. In the specific: California
vernal pools (a), Florida cypress domes (b), Maine vernal pools (c), Minnesota basin wetlands (d), N. Dakota prairie potholes (e) and Texas playa
lakes (f). On the top of each wetlandscape wetland density is reported.
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3.3

Results

3.3.1 GWD model
Validation of GWD model
The proposed model is based on a strong assumption that wetland dynamics are entirely
driven by the groundwater fluctuations. Indeed, only when the groundwater crosses wetland bottom, standing water inside the pools is possible. This assumption is validated by
comparing the time series of wetland stage, h(t), and groundwater level, zgw (t) in six pairedwells in GSA (Figure 3.5). These results suggests strong correlation (synchronicity), with
R2 = 0.85 ± 0.09. The percentage difference between the mean (median) of wetland and
groundwater is ∼0.5% (1%) in all wetlands. The Mean Absolute Difference (MAD) between
observed wetland and groundwater data was < 20 cm in the six wetlands (Table 3.3). These
differences may be due to lower-permeability sediment layers in the wetland bottoms that
affect water exchange between the wetlands and the groundwater, or to the differences in
specific yield between the wetland and the surrounding upland soils [134] [140].
Observed wetland stage data for the six cypress wetlands in the GSA are compared in
Figure 3.7 to stages computed from h = zgw −zB . The landscape was detrended and monthly
groundwater data (zgw ) were used. When the groundwater is lower than the elevation of the
wetland bottom (zgw < zB ), the wetland is empty and the stage is zero (h = 0 m). The
numerical simulations cannot describe the daily fluctuations observed in the observed data,
because the groundwater record is characterized by a monthly temporal resolution, while
wetlands stage is daily recorded. Nevertheless, the groundwater-based numerical estimates
reproduce the observed stages well, with root mean square error, RMSE < 0.3, suggesting
that wetland dynamics are mainly driven by the fluctuations of the groundwater level, which
in turn are driven by stochasticity of hydroclimatic forcing (effective rainfall, P-ET).
Although the six wetlands are located several kilometers apart, they exhibit similar hydrologic responses given the shared regional rainfall and shallow aquifer. This also suggests
that patterns observed at these six wetlands may occur in numerous other wetlands in the
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Table 3.1. Statistics for the groundwater level and the wetland stage in the
six wetland-paired wells. The statistics in terms of mean (µ) median (z) and
standard deviation (σ) are calculated both for the groundwater level (zgw )
and the wetland stage (zwet ) rescaled in the detrend landscape. The mean
absolute difference (MAD) among these values is also reported. The unit of
measurement for all the value is meter [L]. Wetland and groundwater level
are referred to the NGVD 1929.
GS1

GS2

GS3

GS4

GS5

GS6

µ (zgw )

29.45

29.42

29.50

29.36

29.30

29.37

z (zgw )

29.48

29.41

29.55

29.40

29.41

29.44

σ (zgw )

0.36

0.38

0.31

0.38

0.36

0.41

µ (zwet )

29.57

29.48

29.47

29.58

29.39

29.44

z (zwet )

29.69

29.63

29.60

29.63

29.52

29.56

σ (zwet )

0.30

0.41

0.29

0.35

0.36

0.26

MAD

0.17

0.20

0.08

0.16

0.10

0.15

same region. The hydrologic dynamics of the entire wetlandscape were also simulated using
the observed groundwater level record. Figure 3.8 shows the results of these simulations in
terms of total number of active wetlands and total wetted area for the considered wetlandscape. Although both time series are correlated, sometimes the peaks in total wetted area
are not as pronounced as the number of active wetlands because the hydrological conditions
favor an increase in the number of small active wetlands, while a considerable portion of the
landscape is still dry. Indeed, the total wetted area is maximized when the number of active
wetlands is smaller than the maximum and the groundwater level is greater than the critical
value (zgw > zC ).

Application of the probabilistic framework
The results of the application of the Eq. 3.2 to the slope-detrended landscape are reported
in Figure 3.9. The pdfs of wetland bottom and divide are similar, suggesting high correlation
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Figure 3.7. Measured (cyan) and simulated (black line) wetland water level
time series in the six cypress wetlands within the GSA. The RMSE evaluated for each time in which there are both a wetland and groundwater level
recorded.

Figure 3.8. Total number of active wetlands and the total wetted area in the
landscape simulated for each groundwater recorded level.

between the elevation points. The probabilistic approach presented in Eq. (3.2) shows
good agreement (RMSE = 0.01) with the numerical integration obtained from censoring the
detrended landscape with a horizontal water table. The shape of the function describing the
number of active wetlands is a right-skewed unimodal, with a single peak representing the
maximum number of active wetlands, close to 4,000 in this case. This is only 13% of the
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potential wetlands in the landscape (∼30,000). The main reason is the limited differences
in elevation of bottom and divide in this landscape, which implies an early beginning of the
merging process as the groundwater rises.
The pdf of zgw obtained from the available data and the associated simulated number
of active wetlands are compared in Figure 3.9C. The groundwater pdf does not span the
entire range of the active wetlands, meaning that during the observation period only a
portion of the potential wetlands could be filled, while the others remained dry. The pdf of
the number of active wetlands during the observation period is bimodal (Figure 3.9D), with
peaks corresponding to a low number of active wetlands (< 500) and to the largest (> 3500).
This tendency was expected since it reproduces the bimodal trend observed in Figure 3.9C
where the wetlandscape fluctuates between these two states. Finally, when 29.40 m < zgw <
29.45 m, the mean and median of the observed groundwater level, the corresponding number
of active wetlands in this interval is between 1000 and 1200, consistent with the NWI value
of almost 1100 wetlands (Figure 3.4).
The impact of the groundwater level on the number of active wetlands is evident in Figures 3.8 and 3.9. This approach can be used to assess how the variations in the groundwater
pdf, driven by long-term fluctuations in the hydroclimatic forcing, would impact the distribution of the number of active wetlands in a given landscape. Indeed, if the groundwater pdf in
Figure 3.9C is shifted to the left or to the right, for example, from climate change or anthropogenic modifications, the distribution of active wetlands (Figure 3.9D) would respectively
move to a drier or wetter wetlandscape.
The proposed modeling approach was first evaluated using long-term monitoring data
available for six wetlands located within the GSA in Florida. The reliability of the approach
is assessed using daily wetland stage and monthly groundwater level data along with the NWI
dataset for this region. The model provides a reliable representation of the maximum number
of active wetlands in the landscape at specific groundwater levels. In a given landscape, the
number of active wetlands is maximum for a specific groundwater level, which is determined
by morphological attributes of the terrain and corresponds for the GSA to the most common
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Figure 3.9. (A) Comparison between the pdfs for wetland bottom and divide.
(B) Comparison between the number of wetlands estimated by the model and
by the analytical approach provided in Eq. (1). The dashed line represents
the elevation of the zC . (C) Comparison between the pdf of zgw empirical
data and the number of active wetlands. (D) Pdf for the number of wetlands
that are active during the observation period

groundwater level. This suggests that there may be a previously unrecognized equilibrium,
where the number of active wetlands is maximized at the median water table elevation.

Spatial distribution of wetlandscape attributes
I evaluated the spatio-temporal dynamics of wetlandscape attributes in terms of stage,
wetted perimeter, surface area and storage volume (Figure 3.10). The empirical pattern of
wetland stage CCDFs is well represented by a gamma distribution with elongated tail for
large groundwater levels. Since rainfall input represents the main source of variability in
the shallow groundwater and, therefore, for wetlandscape hydrologic dynamics, the shape of
the pdf of wetland stage is consistent with the (nearly) gamma-distributed steady-state pdfs
obtained in similar environmental systems [84] [141].
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The CCDFs for wetland perimeter, surface area, and storage volume are fitted by an
exponentially-tempered power law distribution p(x) ∝ x−b e−cx . Power law scaling for water
body size distribution is well documented [37] [44] [142] with tempering of the tail related
to finite size-effects (the dimension of the DEM limits the maximum size of wetlands). In
particular, the exponent, b, of the wetland area distribution is related to wetland shoreline
fractal dimension as D = 2b [51] [52]. For the GSA landscape b = 0.66 ± 0.02, and, thus
D = 1.32 ± 0.04. The tempering that is observed both in area, perimeter and volume
distributions, suggests that wetlands characterized by higher surface area, perimeter and
volume are less frequent than expected by pure power law scaling. The variability in the
CCDFs of wetland attributes is limited due to the relatively low variance of the observed
groundwater fluctuations [136]. Therefore, the overall wetlandscape would provide similar
eco-hydrological services throughout the analyzed time period [2] [9]. However, changes in
groundwater regime either from climate change or anthropogenic withdrawals would directly
affect the wetlandscape attributes and the ecosystem resilience [143].
I compare the fractal dimension, D, obtained from the size distribution of active wetlands,
with the fractal dimension computed following other two methods: semi-variogram, Eq. 3.1
and perimeter vs area relation. Figure 3.11 summarizes the results. First, it is necessary to
focus on the similarity between the semi-variograms of the original and detrended landscapes.
The resulting DEM maintain the same landscape characteristics of the original topography.
The Hurst exponent and the consequent fractal dimension of the surface, DS , is the same
(H ∼ 0.68 and DS ∼ 2.32). The fractal dimension of wetland shorelines can be obtained
as one less than the fractal dimension of the surface (D = DS -1). This result is consisted
with the values previously calculated, and also with the fractal dimension obtained from the
perimeter vs area relation (D = 1.30). All these values are reported in Table 3.2. All the
methods used to evaluate fractal dimension, D, are consistent and provide the same result.
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Figure 3.10. CCDFs for wetland stage, perimeter, area and volume in the
Green Swamp Area. Darker blue lines are associated with higher groundwater levels.

Figure 3.11. Comparison between the semi-variogram evaluated for the original and detrened landscape to estimate fractal dimension DS . Computation
of fractal dimension, D, from the perimeter vs area relation.

3.3.2 TDI model
Comparison between outputs of TDI and NWI
Figure 3.12 compares the wetlands listed in the NWI database (red lines) and the output
of the TDI model (grey regions). The TDI algorithm was run for several times in order to try
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Table 3.2. Comparison between shoreline fractal dimension of wetlands using
different approaches. From left to right: perimeter vs area relation for the
NWI data and TDI simulation; semi-variogram method; slope of wetland size
distribution.
Case study

D(slope)

D(= DS − 1)

D(P vs A)

GSA

1.32

1.31

1.30

to reach the convergence with the NWI dataset. In some cases, such as North Dakota and
Texas, it quickly reaches the convergence, while in the other landscapes (Florida, California,
Maine and Minnesota) the algorithm was implemented for several levels. The main reason
of this discrepancy is related to the type of wetlands that characterize the landscapes. The
wetlandscapes located in North Dakota and Texas are mainly composed by geographically
isolated wetlands that are well dispersed, therefore the local search is faster. Florida landscape is also mainly characterized by GIWs, but these wetlands are close to each other and
this can lead to the merging phenomena that may alter their number and size. To better
investigate the similarities and discrepancies between the outputs of TDI and NWI, I evaluated quantitatively the presence or not of wetlands in the landscapes. This was done by
imposing a fine grid over the outputs of the TDI model and the NWI data (Figure 3.13).
The resolution of the grid was equal to the pixel size of the DEM used to run the TDI model
(10x10 m). Before applying the grid over the wetlandscapes provided by the NWI, I convert
using ArcGis 10.3 the shapefile into a raster file characterized by the same resolution of the
DEM (10×10 m). Then, every pixel filled with water (black regions in Figure 3.13) was
marked in both the TDI and NWI wetlands data. Then, I identified the common wetland
between the TDI and NWI wetlands data. These common wetlands (or the portions of wetland) are defined solely by the topography of the landscape. An example of these wetlands
is presented in Figure 3.13 for the North Dakota landscape. Finally, I divide the number
of common wetlands by the total number of wetlands present in the NWI. This fraction
represents the performance of the TDI model in identifying the wetlands prescribed by the
NWI database.
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The performance for each wetlandscape is reported in the first row (WB) of Table 3.3.
The TDI model gives robust estimates especially in Florida, North Dakota and Minnesota
(performance > 80%), while the performance is decreasing in the other wetlandscapes. In
addition, I reported the percentage of True Positive (TP), True Negative (TN), False Positive (FP) and False Negative (FN) in the identification of wetland pixel in the landscape.
Assuming that the NWI grid represents the truth, I compare each pixel in the NWI and
TDI grids for the six wetlandscapes. When a pixel is marked as wet both in the NWI and
TDI it represents a True Positive. Instead, when is dry both in the NWI and in the TDI
grids it represents a True Negative. When a pixel is marked as wet in the TDI, while is dry
in the NWI, this pixel is considered a False Positive. On the other hand, when a pixel is
marked as dry in the TDI, while is wet in the NWI, this pixel is considered a False Negative.
Overall, the total percentage of pixel properly identified (TP + TN) is larger than 60% in
all the six wetlandscapes. The difference in the performance among the wetlandscapes can
be attributed to different factors. The most important among them is represented by the
different definition of wetland for the TDI and NWI. The TDI can solely identify wetlands
based on its topographic characteristics. If there is no depression, wetland cannot be identified. Instead, the NWI also takes into account the presence of vegetation and hydric soil in
the proximity of the waterbody. In addition, the NWI database has well documented limitations, [144], with omission errors seriously under-representing small wetland prevalence and
extent. Therefore, some of the wet pixel present in the TDI outputs may not be represented
in the NWI, decreasing the performance of the model. Another factor that should be taken
into account is the season in which the survey of the region was made. If it was made in wet
season, the NWI may overestimates the actual wetlands boundaries and sizes, and therefore,
decrease the performance of the model.
I compared wetlands identified with a DEM-based approach (TDI) with actual wetlands
from the NWI. High-resolution images and DEMs have long been used to extract geomorphic
features from landscapes [32] [33] [34]. This new method reproduced the sizes and shapes
of actual wetlands, indicating that elevation models can be used to assess wetlands characteristics. The observed similarity between TDI model and empirical data indicates that the
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Table 3.3. Performance of the TDI model in representing the wetland listed
in the NWI. The first row (WB = waterbody) of the Table represent the
performance of the TDI model in finding a wetland in the landscape, even
a small portion of the actual wetland reported in the NWI. The other rows
of the table represent the percentage of True Positive (TP), True Negative
(TN), False Positive (FP) and False Negative (FN) for every pixel of the
NWI and TDI grids.
CA

FL

ME

MN

ND

WB

44.6%

97.3%

55.6%

81.3% 82.2%

69.8%

TP

0.6%

17.6%

1.9%

6.5%

11.1%

1.8%

FP

6.6%

17.0%

7.4%

3.3%

14.8%

2.1%

TN

89.4%

44.9%

81.5%

65.9% 61.8%

93.7%

FN

3.4%

20.4%

9.2%

24.2%

2.5%

12.4%

TX

morphological properties of wetlands are reflected in the elevation (DEM) data and identified
by the TDI. Therefore, the abundance and possible locations of wetlands can be predicted
in any other location on Earth where DEM data are available. The resolution of the DEM
(10×10 m in this case) does not represent a limitation since it only affects the size of the
smallest wetland that can be identified by the TDI method. Hence, even coarser DEMs may
be suitable for this type of analysis. On the other hand, finer resolution DEMs will improve
the identification of smaller waterbodies as well as their contours.
The comparison between the outputs of the TDI model and the NWI data has also been
performed based on the CCDFs of wetland attributes. Plots of wetland area ccdfs, scaled
by the mean area in each wetlandscape, are shown in Figures 3.14A and 3.14B both for the
TDI model and the NWI data. Because the abundance of small wetlands is uncertain [43]
[39], I fitted a Pareto distribution, P (X > x) ∝ x−α to the ccdf tails starting at a value
xmin representing the lower bound of the power-law behavior [145]. Both α and xmin were
estimated via maximum likelihood. The Pareto scaling exponents, α, for the TDI model
(α=1.32, xmin =1.78) and NWI data (α=1.36, xmin =1.91) were not statistically different,
suggesting that the TDI model is an acceptable predictor of the larger wetland distribution.
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Figure 3.12. Comparison between the wetlands identified by the local search
algorithm (grey regions) and the actual wetlands provided by the NWI
database (red contours) for each wetlandscape: California (A), N. Dakota
(C), Minnesota (C), Maine (D) Florida (E) and Texas (F).

The wetland shoreline fractal dimension was determined here from D = 2r, where r is the
slope of the regression line of the log-transformed Eq. (1). I compared the results obtained
from the regression between the log(P) and log(A) of the potential wetlands (TDI), and
the NWI wetlands. For the TDI model, wetland shorelines are constrained by the elevation
profile at the prescribed threshold level, l. For the NWI, wetland shorelines are determined
by on-screen interpretation of digital imagery [82]. The procedures used to produce the
NWI data also consider the presence of vegetation at the interface between wetland-upland
area and soil moisture. In the six wetlandscapes (Figure 3.15A and 3.15B) D values for all
wetlands are distributed within the possible range [1,2], from circle to lines. NWI data for the
six wetlandscapes (Figure 3.15B) suggest several scaling regimes for D, bounded by circular
shapes (D=1) and riverine shapes (lines, D=2), showing that not all riverine wetlands were
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Figure 3.13. Schematic representation of the method used to assess the
similarity between the outputs of the TDI model (A) and the data provided
by the NWI database (B). The black regions represent the wetland that are
identified both in the TDI model and the NWI database (C). They can be
seen as those wetlands that are essentially defined by the topography of the
landscape.

Figure 3.14. Comparison between the normalized wetland size distribution
obtained from the TDI model (A) and the NWI database for the six wetlandscapes (B). In both plots, the wetland size distribution is reported for
all the US wetlands (∼20 million data points) from the NWI database (black
solid line).

censored during filtering. The shoreline fractal dimension is clustered around D=1.33, which
is the value corresponding to the unscreened perimeter of percolating clusters [146] as well
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as that of 2D Brownian frontiers [47]. Larger water bodies appear constrained by a higher
fractal dimension (D=1.5), closer to that of the landscape itself.

Figure 3.15. Shoreline fractal dimension D for the six wetlandscapes from the
TDI model (a) and the NWI database (b). The black dashed lines represent
scaling regimes for circular (D=1) and linear (D=2) wetlands. The grey dots
represent data from all the wetlands in the US (except riverine and coastal).

Fractal dimension links perimeter and area of a set of objects. Therefore, knowing the
scaling exponent, α, of the wetland area distribution and the shoreline fractal dimension, D,
is predicted the wetland perimeter Pareto scaling exponent β = 2α/D (Figures 3.16A and
3.16B), where D=1.33. The estimated scaling exponents for the TDI (β=1.97) and NWI
data (β=2.02) are consistent with the values obtained from maximum likelihood (β=1.95,
xmin =2.98 and β=1.98, xmin =2.09 respectively). This procedure can also be extended to the
entire NWI database (black lines in Figures 3.16A and 3.16B). In this case, β=1.89 is the
same as the estimates of the maximum likelihood method in the 10×10 km wetlandscapes.
Different wetland shapes are observed among and within wetlandscapes. For example,
for wetlands in California, Maine and Minnesota, 1 ≤ D ≤ 2, while wetlands in Texas are
mostly circular (D∼1). TDI estimates for the six wetlandscapes (Figure 3.15A) exhibit less
variability in fractal dimension then the NWI data (Figure 3.15B). Riparian wetlands that
are described by a large fractal dimension (D∼2) are not well identified by the TDI model
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Figure 3.16. Comparison between the normalized wetland perimeter distribution obtained from the TDI model (A) and the NWI database for the
six wetlandscapes (B). In both plots, the wetland perimeter distribution is
reported for all the US wetlands (∼20 million data points) from the NWI
database (black solid line).

because their shape tracks the rivers they flank and these wetlands are thus not delineated
by elevation.
The comparison between the wetland shorelines identified by the TDI model and the
empirical data provided by the NWI database is also reported in Figure 3.17 to enhance the
robustness of the TDI model in predicting wetland shape. Figure 3.17 also shows how the
TDI model is able to reproduce the peak in the pdf of wetland shoreline fractal dimension.
For both the modeled and real data the pdf shows a peak in correspondence of the value
prescribed by the percolation theory (D = 4/3). More complex shapes are not identified by
the TDI model, while are captured by the NWI data (D = 1.5). The reason why this happens
is because the TDI only considers topography as the driver for wetland shape, while this is
not always the case as pointed out in the real data. In addition, the comparison between the
NWI data for the 10×10 km landscape portion and the entire US wetland database shows
good agreement, suggesting that the wetlandscape blocks are representative for the overall
pattern of shoreline fractal dimension distribution.
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Figure 3.17. On the left panel, the comparison between the shoreline fractal
dimension for the wetlands identified by the TDI model and the NWI data
in the six 10 x 10 km wetlandscapes. On the right panel, the probability
density function of shoreline fractal dimension for the wetlands identified by
the TDI model and the NWI data in the six 10 x 10 km wetlandscapes. In
addition, the pdf of shoreline fractal dimension obtained by analyzing all the
wetlands listed in the NWI is provided.

The shoreline fractal dimension of the actual wetlands, and those identified by the TDI
model, are clustered around D∼1.33. This is similar to the classic 4/3 scaling Mandelbrot
conjectured for the frontiers of Brownian islands [47]. This same value is also found from
the perimeter-area relationship for lakes on Earth [142] and Titan [147] and also is the
average value for coastlines around the world [53]. The NWI wetlands also show a small
second peak around D=1.5 not captured by the TDI (Figure 3.17). These more dissected
contours may be missing from the TDI model because of limited DEM resolution. Pixelation
becomes important when the object size is near the pixel size, and thus the contour of small
wetlands appears smoother (lower D) in the TDI output. However, the deviation from the
4/3 dimension is more evident for larger wetlands (Figure 3.15A and 3.15B), which have more
convoluted boundaries with fractal dimension closer to D=1.5. This could be related to the
dimension of the surface intersected. The current analysis of the 3D landscape dimension
shows typical values near 2.5. An iso-set (or zero-set) intersecting the surface would thus
have a dimension near 1.5 [51]. I speculate that the consistently lower values observed in the
shoreline fractal dimension for the six 100 km2 test landscapes translate the local erosion at
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the wetland boundary with the diffusive, mass-wasting erosive processes leading to smoother
than expected contours. For the larger wetlands, however, the actual topography of the
terrain may constrain the shoreline, as reflected in their (higher) dimension.

Spatial distribution of wetlandscape attributes
Wetlandscape dynamics can be assessed by running the TDI model for several filling
levels, and by computing the CCDFs of wetlands attributes such as maximum stage, surface
area, wetted perimeter and storage volume. These plots are essentially similar to Figure 3.10
obtained using the groundwater dominated model. Indeed, for rising water table, or level of
filling, all the CCDFs show an elongation in the tail of such distributions, which tends to
shift from a gamma-lognormal type of distribution to a power law. This tendency is evident
in the CCDFs of wetland area, where a dashed-line is added to fit the upper tails. The
power law scaling is not observed also in the lower tail because the landscape depressions
are not enough filled with water, or because the size of the domain is constrained and the
probability of observing large wetlands cannot be fully explored.

Figure 3.18. CCDFs of wetland stages obtained by running the TDI model
for 4 filling levels to the six analyzed wetlandscapes.
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Figure 3.19. CCDFs of wetland perimeters obtained by running the TDI
model for 4 filling levels to the six analyzed wetlandscapes.

Figure 3.20. CCDFs of wetland areas obtained by running the TDI model
for 4 filling levels to the six analyzed wetlandscapes.

Wetland size distribution (Figure 3.20) allows for an estimation of landscape fractal dimension. As aforementioned, fractal dimension can be calculated from the scaling exponents
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Figure 3.21. CCDFs of wetland volumes obtained by running the TDI model
for 4 filling levels to the six analyzed wetlandscapes.

of size distribution CCDFs (D = 2b). The obtained value is then compared (Table 3.4) with
the fractal dimension evaluated using the other approaches.

Comparison between landscape fractal dimension and topography
Figure 3.22 shows the application of the semi-variogram method to the six wet-landscapes.
The fractal dimension, DS , for all the landscapes varies between 2.2 < DS < 2.7. These
calculated values are consistent with the results obtained by Mark and Aronson [129] and
Kilkenberg and Goodchild [130]. The wet-landscape located in Florida has the highest value
(DS = 2.7) and it is also characterized by the largest wetland density. On the other hand,
Texas wetlandscape presents both the lowest value of the fractal dimension (D = 2.2) and
wetland density.
No correlation is found between D obtained from the perimeter/area ratio and DS contrary to the theoretical expectation of DS = D+1. This is presumably because topography
does not always control wetlands and other processes, such as genesis mechanisms (e.g.,
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Figure 3.22. Application of semi-variogram theory to determine the fractal
dimension, D, and the Hurst exponent, H, in the six wetlandscapes: California (A), N. Dakota (B), Maine (C), Minnesota (D) Florida (E) and Texas
(F).

glaciation, bedrock dissolution), local erosion, and hydro-climatic variability also influence
wetlandscapes structure.

3.4

Discussion

3.4.1 Similarities and Differences between the two models
The application of the two DEM-based approaches for the identification of wetlands in
landscapes showed similarities and differences. In both the cases, I started from the analysis of a DEM representing the landscape in which wetlands are spread. Then, based on
local-searching algorithms I was able to identify the number of potential wetlands. These correspond to the topographic depressions where water can accumulate. The main advantage of
the GWD model is that it simulates the temporal dynamics of the landscape, since wetlands
responds to the variability of the water table, induced by the stochastic hydroclimatic forc-
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Table 3.4. Comparison between shoreline fractal dimension of wetlands using
different approaches. From left to right: perimeter vs area relation for the
NWI data and TDI simulation; semi-variogram method; slope of wetland size
distribution.
State

D(NWI)

D(TDI)

D(= DS − 1)

D(slope)

CA

1.32

1.29

1.38

1.42

FL

1.18

1.32

1.67

1.42

ME

1.33

1.32

1.42

1.73

MN

1.25

1.37

1.43

1.62

ND

1.10

1.17

1.46

1.10

TX

1.01

1.02

1.18

-

ing (precipitation patterns and potential evapotranspiration). The proposed approach could
reproduce the abundance and distribution of active wetlands found in the NWI database,
despite the differences in identification methods [82]. The presented model provides reliable
distributions of all potential and active wetlands and their hydrological attributes (stage,
surface area, wetted perimeter and storage volume). Since this method can be carried out
with only a DEM as input, the proposed framework can be applied to evaluate temporal
hydrologic variability in any wetlandscapes where the groundwater is the major driver for
wetland dynamics.
Main limitation of the TDI approach is that it cannot reproduce the daily fluctuations
that characterize wetlandscapes, since it only fills the identified topographic depressions.
Among the advantages of the TDI is that it does not require a preprocessing of the landscape that are characterized by a certain slope. It could be applied to any DEM to extract
the location and the extent of depressional wetlands. Furthermore, The TDI algorithm
identifies small depressions that are not included in the NWI dataset. The NWI has well
documented limitations [144], with omission errors underrepresenting small wetlands. Some
of the wetlands may be completely dry or flooded depending on when the survey was made,
since the hydrologic regime of smaller wetlands is driven by the stochastic hydro-climatic
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forcing [25] [26]. In addition, the NWI could merge some of the small wetlands into larger
complexes, since soil saturation and vegetation are criteria omitted in the TDI. Thus, the TDI
model can be used to identify small wetlands that are missing from inventories. However,
not all the potential wetlands identified by the TDI model are necessarily actual wetlands in
the landscape. For example, the TDI could identify depressions as potential wetlands even
in arid climates that cannot support hydrophytes. In addition, closed depressions and flat
areas on digital models of the land surface are sometimes artefacts [148]. These features
could be identified as potential wetlands by the TDI and increase the number of false positive (number of potential wetlands identified by the TDI model but not listed in the NWI
database, Table 3.3). As such, for flat landscapes, the TDI is useful as a basis to inform
wetland surveying, but not as a definitive identification tool.
Both the results of the GWD model and of the TDI approach have been investigated using
the concept of fractal dimension. Several methods are proposed to calculate the fractal
dimension of wetland shorelines, but only using the groundwater-dominated model, these
methods gave the same result. In particular, the discrepancy between DS and D, that is
manifested in the output of the TDI model, and not in the GWD model could be explained
by the way in which the active wetlands are defined. When a horizontal plane intersects a
self-affine fractal surface (e.g. topographic surface), the points where fractal surface returns
to the horizontal plane form a fractal known as random Cantor set [51] [52]. The fractal
dimension of the intersected profile is one less than the fractal dimension of the surface (DS 1). While following the GWD model wetlands are simply the expression of a slice though
a fractal 3D surface (a zero set), the TDI intersect the 3D surface at different elevations
(wetland divide). This is the reason why there is discrepancy in the output of the TDI
model and not in those of the GWD approach.
Fractal dimension is useful to evaluate and interrogate the spatial heterogeneity associated with the genetic processes that shaped the wetlandscapes. Wetlands formed by similar
processes should have similar shapes and thus the same fractal dimension. For example, wind
carved the Texas playa, hollowing out depressions in dry, non-cohesive soils down to the local water table [82], resulting in the typical rounded shapes observed. The post-glaciation
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receding ice sheets shaped the glacio-lacustrine plains of North Dakota (Figure 3.6E) or
Minnesota (Figure 3.6D), [92]. Limestone dissolution strongly affected the formation of the
Florida cypress domes (Figure 3.6B). Still in Florida, the Everglades exhibit these peculiar parallel ridge and slough patterns [50]. Each particular process results in a particular
shape associated with a particular fractal dimension. Investigating wetland fractal dimension could support further analysis and classification. For example, the size beyond which
circular shapes do not exist and the scaling regime appears to shift, could reveal the local
interaction of land and climate.

3.4.2 Extrapolation across scales
The consistency of the results across different domain sizes has been investigated for both
the proposed models. The probabilistic approach of the GWD model links the number of
active wetlands to key statistical properties of the landscape, which are less sensitive to the
specific choice of the size and position of the simulated domain and, therefore, more suited to
extrapolate information across scales within individual landscapes. The distributions for the
wetland bottom and divide were similar for landscapes of different sizes (3×3 km, 5×5 km,
10×10 km, 20×20 km) and, thus the fraction of active wetlands as a function of groundwater
level.
I ran the TDI model and analyzed the NWI data on 30×30 km grids encompassing the
original wetlandscapes to demonstrate that the results are independent of sample size (as
long as there are enough waterbodies to compute distributions). The normalized wetland
area and perimeter distributions are independent of sample size and the ccdfs obtained from
the analysis of the 30 x 30 km align well with the distributions for the smaller portion of
landscapes (10×10 km).
Furthermore, I reported the comparison between the normalized wetland area and perimeter distribution in the six analyzed wetlandscape with the same distribution obtained from
the analysis of the entire NWI database (black lines in Figures 3.14 and 3.16). Both the TDI
outputs and the NWI data that characterize the small landscape portions (10×10 km) are
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representative for the overall trend that emerges from the distribution of wetland area and
perimeter of the entire NWI database. Figures 3.14 and 3.16 show the area and perimeter
distributions for all the wetlands listed in the NWI for conterminous United States (black
solid line), excluding the riverine and estuarine waterbodies. The normalized CCDFs for
area and perimeter of all the wetlands in the NWI dataset lines up with that of the 100 km2
subsets analyzed here. The consistency between the TDI model and NWI area distributions
determined from the 100 km2 study sites and all the wetlands in the conterminous United
States (excluding riverine and coastal) suggests that this scaling relation can be extended to
larger wetlandscapes.
The distributions of wetland shoreline fractal dimensions evaluated from the TDI and the
NWI in the 100 km2 test wetlandscapes are consistent with the shoreline fractal dimension
evaluated for all the wetlands in the conterminous United States provided by the NWI
database. This suggests that the 100 km2 wetlandscapes are representative of the general
patterns in the entire NWI database.
The application of both groundwater-dominated model and the TDI approach show a
similarity in the distribution of wetlands attributes. In particular, the emergent scaling
relationships for wetland area, perimeter and volume distributions indicates that smaller
wetlands have a disproportionate impact on open surface area and water storage volume in
wetlandscapes [25] [26], highlighting the importance of the oft overlooked small waterbodies
[57]. In addition, the scaling of area and perimeter distributions was similar across the
six contrasting locations, and across scales (10×10 km, 30×30 km, and conterminous US).
Apparent universality of the observed scaling could provide a useful tool to managers and
stakeholders.

3.4.3 Self-similarity in wetlandscapes
The consistency of the results across different domain sizes suggests that even the smallest
subset is representative of the overall behavior of the whole studied region. This emergent
scaling suggests that wetlandscapes are self-similar; each piece of the wetlandscape is ge-
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ometrically similar to the whole [53], and the objects can be enlarged or reduced without
the scale being apparent [54]. In this perspective, the size distribution for any topographic
depression in landscapes could potentially be described. Scale free distributions are widely
known to be valid tools to describe the spatial distribution of lakes [55] [44] [56] and they are
also adapt to model landscape microtopographies [37]. Microtopographies and lakes can be
thought respectively as the lower and upper limit of wetlands. The differentiation between
wetlands and microtopographic depressions and between wetlands and lake is ephemeral and
lack of a clear distinction. For these reasons, I hypothesize that all these waterbodies are
members of the same family and the same type of size distributions. Figure 4 shows the
size distribution of microtopographic depression, wetlands and lakes. In particular, microtopographic data were taken from a recently published work by Le and Kumar [37], where
the authors identified topographic depressions based on DEM-based model algorithm. This
topographic depression identification (TDI) method was applied to five different landscapes
in the United States. Wetlands data for all the conterminous United States were downloaded from the NWI database. All the wetlands data were processed and filtered in order
to remove the estuarine and riverine wetlands to maintain consistency with the other types
of depressions that are considered in this analysis. Messager et al., [56] developed a global
database of all lakes with a surface area of at least 10 ha, comprising the shoreline polygons
of 1.4 million individual water bodies. This novel data set aims to be as comprehensive
and consistent and possible at global scale and contains both freshwater and saline lakes,
including Caspian Sea, as well as human-made reservoir and regulated lakes. In the end, I
also added closed-basin lakes on Mars. These were obtained from a recent a recent work of
Goudge et al., [149]. Here, the authors conduced a global survey of closed-basin lakes using
the wealth of image and topographic data collected from the surface of Mars over the last
15 years. Their final catalog includes 205 closed-basin lakes distributed across the Martian
surface.
The considered data span several orders of magnitudes, from microtopographic depressions (102 m2 ) to closed-basin lakes on Mars (1011 m2 ). To have comparable dataset, I
decided to scale the four different distribution based on the minimum value in each dataset
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(Figure 3.23). The comparison among those four distributions of waterbodies shows that
they can all be described by the same exponentially-tempered power law distribution. What
is even more interesting is that the scaling exponent, b, is similar among these distributions
[0.87;1.21]. The key parameter is the value of the tempering constant, c. For lakes it goes
to zero, consistently with the finding of several works in literature [55] [44] [56]. For the size
distributions of wetlands, microtopographic depression and open-basin lakes on Mars, tempering parameter c, increases from nearly zero (lakes) to 0.062 (micro) and 0.012 for Mars.
The tempering that is observed in these three size distributions, suggests depressions characterized by higher surface area are less frequent than expected by pure power law scaling.
Among the possible reasons that could explain this tendency, it is important to remember
the size of these datasets. While lakes distribution includes all the lakes across the world,
the other three distributions are referred to a limited dataset (e.g., conterminous US for
wetlands). Especially for open-basin lakes on Mars, the number sample is too small (∼200)
to observe the development of power law tail. In addition, the tempering that emerges in
those distributions could mean that after that particular size for which starts the tempering,
it makes no more sense talking about wetlands (or microtopographic depressions) since they
are large enough to be considered as lakes (or wetlands).
The key finding is that microtopographic depressions, wetlands and lakes could be viewed
as member of the same family of waterbodies. Their size distributions tend to follow the same
type of distribution and the degree of truncation is sensitive to the choice of the maximum
threshold which differentiate between the type of water body (e.g., microtopographies vs
wetlands; wetlands vs lakes) and by the dimensions of the sample data. For this reason, I
claim the self-similarity among all these waterbodies. In this sense, lakes are only a magnified
and enlarge example of microtopographic depression and wetlands. The scaling relation is
the same for all the investigated distributions.
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Figure 3.23. CCDFs of microtopographic depression in five United States
landscapes, wetlands in the conterminous United States, worldwide lakes
and open-basin lakes on Mars. The CCDFs are scaled to the minimum area
for each type of waterbody and then fitted using an exponentially tempered
power law distribution (continuous lines). CCDF of lakes represents the
power law limit for such distributions. The other three CCDFs are better
described by an exponentially tempered power law. On the right side of the
plot, a portion of the Koch snowflake is reported to interpret how all these
waterbodies can be thought as member of the same family of fractal objects.
The lakes represent only a magnification of the other types of landscape
depressions.

3.5

Conclusions and future perspectives
Wetlands are the form a mosaic of freshwater habitats [9] [150] in terrestrial landscapes.

Their dynamics are affected by the morphology of the landscape, in particular its surface
roughness, and by the hydro-climatic forcing [83] [131]. I proposed wetland modeling approaches that uses DEM data and specified thresholds of filling to evaluate the hydrologic
dynamics of wetlandscapes. These models can estimate the temporal changes in the number
of active wetlands with shifts in groundwater (or filling levels) and the statistical distributions of stage, surface area, wetted perimeter and storage volume water within the landscape
and across different regions. The spatiotemporal distributions of wetlands and their morphological and hydrological attributes are important to understand the eco-hydrology of
landscapes [111]. The ecological connectivity and biodiversity can be protected by preserving the local and regional distribution and spatial organization of wetland attributes [46].
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A main limitations of the proposed approaches is the challenge in validating the spatial
outputs of the models. Indeed, gathering data for multiple wetlands at several time period
is not straightforward. In this perspective, I started working on remote sensing images to
get few snapshots of the same area under different hydro-climatic conditions (Figure 3.24).
However, the identification of wetlands using satellite images is complicated by the large
presence of vegetation within and around the ponds that could affect the correct boundaries
of a wetland. Furthermore, several remote sensed images are affected by cloud-cover, which
impedes the identification of wetlands.
Among the different indices that could be used to identify the presence of wetlands I
used the NDVI and NDWI. The normalized difference vegetation index, NDVI, is a graphical
indicator that indicates the presence of live green vegetation or not. Instead the normalized
difference water index, NDWI, provides information about the presence or not of water.
Comparing these indices with the NWI data provides insightful information about the type
of wetland and its status. Indeed, Figure 3.24 shows a large and elongated wetland identified
from the NWI database. This wetland is characterized by a great amount of vegetation, since
the NDVI shows the largest values, but it does not seem to contain water. Indeed, here the
NDWI shows the smallest values. After this quick comparison, there is a key question that
we should ask. Does this wetland do not contain water at all, or the small NDWI is a byproduct of the great amount of vegetation that cover the area impeding the identification of
standing water from satellite images?
A possible answer can be found in the comparison among several snapshots of the wetlandscape (Figure 3.24 D-E-F). Here, I compared the temporal variation of the NDWI for
three different satellite images. From March 2014 to December 2014 I observed a progressive
increase in the wetness of the wetlandscape. In particular, also the same wetland considered
in the previous discussion shows an increase of the NDWI, especially in the center of the
pond.
Coupling the usage of remote sensing images and indices with the application of DEM
based approaches for the identification of wetlands and of their spatio-temporal dynamics,
represents an interesting branch of research. Due to the large availability of these types of
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Figure 3.24. Application of remote sensing indices to assess wetlandscape
hydrological status.

data, we can potentially map out all the wetlandscapes of interest, and we would be also
able to differentiate between depressional wetlands, which are only function of landscape
topography, or wetlands that are the surface representation of the vegetation zonation in the
watershed. This insights would have a great impact on understanding the flora and fauna
that can live in these waterbodies.
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4. HYDROLOGIC DYNAMICS OF WETLANDSCAPES
Parts of the current chapter are adapted from the manuscript: Leonardo E. Bertassello, P.
Suresh C. Rao, Jeryang Park, James W. Jawitz, and Gianluca Botter (2018), Stochastic
Modeling of Wetland-groundwater systems, published in Advance in Water Resources.

4.1

Introduction
Wetlands are key hydrological and ecological elements of landscapes and their spatiotem-

poral dynamics strongly influence surface water storage, runoff, groundwater recharge/discharge
processes, evapotranspiration [9] and temporal variability of catchment hydrology [9] [151].
The dynamics of wetland biogeochemical processes (e.g., nutrient retention and sediment
accretion [152] [60] and ecological processes (e.g., aquatic habitat suitability, integrity and
connectivity for unique flora and fauna) [150] are linked to hydrologic regimes. Wetland
habitats are found in a wide range of landscapes and climates, including humid/tropical regions where surface water is abundant, and semiarid/arid regions with surface-water deficits
[6]. Wetlands are shaped by climate and surface processes [121] [82] and are thus highly
dynamic; they change in space and time in response to unsteady external and internal conditions [25] [26]. Together, wetlands form a mosaic of aquatic habitats [150], a network linked
by hydrological [9] [2] and ecological connections [150].
I propose a general stochastic framework to assess wetlandscape hydrological dynamics
in different geographic and hydroclimatic settings. The dominant drivers of variability are
embedded in the hydro-climatic forcing (e.g., rainfall and ET) and in the local geologic legacy
that constrains topography. I adapted a stochastic hydrologic model for the study of single
GIW [83] [1] to evaluate the dynamics of wetlandscapes. The spatio-temporal variability in
landscape attributes (e.g., abundance, diversity, persistence and accessibility) suggests which
wetlands and regions are critical and should be targeted by conservation and restoration

73
efforts. Restoration should focus not only on re-establishing the maximum wetland area lost,
but also the changes in size-distribution and spatial organization of different wetland classes
within landscapes. Indeed, wetlands do not function in isolation, and must be considered as
components of the landscape habitat mosaic for successful restoration.

4.2

General stochastic model
I investigated the wetlandscape hydrologic dynamics by considering it as a landscape

populated by several geographically isolated wetlands, GIWs. Each individual wetland is
assumed to be independent from the others, but that they all share the same rainfall input,
evapotranspiration loss and shallow groundwater. Given these assumptions, the temporal
dynamics of each wetland composing the wetlandscape are evaluated following Bertassello
et al., [1]. In particular, the water balance equations for each GIW coupled with shallow
groundwater can be written as:

dVgw
dt

dVi
= ξ(λp , αp Ac ) − ET Ai (Vi ) − K1 [hi (Vi ) − zgw ]Si (Vi )
dt
N
N
X
X
= ξ(λ, αp Agw ) − ET (Agw −
Ai (Vi )) + K1 ( (hi (Vi ) − zgw )) − K2 Vgw
i=1

(4.1)
(4.2)

i=1

In Eqs. (4.1) and (4.2), V is the water volume stored and the subscripts i and gw indicate
individual wetlands and shallow groundwater. The first term on the right-hand side of Eqs.
(4.1) and (4.2)represent the stochastic water inputs due to a sequence of rainfall events.
In particular, the rainfall input in Eq. (4.1) is represented by the actual rainfall, while in
Eq. (4.2) it is an effective rainfall due to the filtration through the soil column. Following
Rodriguez-Iturbe et al., [84] and Botter et al., [85] the term ξ(λp , αp Ac ) is modeled as a
stationary Poisson process where events occur at random time with mean frequency λp [T −1 ],
and random, exponentially distributed depths, with mean αp [L] over wetland contributing
area. The term ξ(λ, αp Agw ) represents the stochastic water input from the root zone to the
groundwater due to a sequence of censored rainfall events, over the groundwater contributing
area (Agw ). Effective rainfall take place with frequency λ < λp , and are also represented by
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a marked Poisson process [85]. The frequency λ of these censored episodic events produced
by the infiltrating precipitation can be expressed in terms of the underlying rainfall, soil and
vegetation properties [141] [85] as:

λ = λp

Φγ γ/Φ exp (−γ)
γΓ(γ/Φ, γ)

(4.3)

where Φ is the aridity index [153] and represents the ratio between the mean potential
evapotranspiration hET i and the long-term mean of rainfall hP i, given by the product, αp λp .
Moreover, γ defines the ratio between the soil-water storage capacity nZr (sf c − sw ) and the
mean rainfall depth αp , where n is the porosity of the soil, Zr the root zone depth, and
sf c and sw representing respectively, the field capacity and the wilting point. In Eq. (4.3),
Γ(γ/Φ, γ) represents the lower incomplete gamma function of parameters γ/Φ and γ.
The second term on the right-hand side of Eqs. (4.1) and (4.2) stands for the volumetric
water loss through the temporal average potential ET rate, where Ai (Vi ) the water surface
area of wetland i which changes over time as a function of water volume. In Eq. (4.2), ET
losses are referred to the whole landscape area that is not covered by wetland’s water.
The third term on the right-hand side of Eqs. (4.1) and (4.2) describes the rate of
exchange between wetlands and shallow groundwater, through wetland surface area, Si (Vi ).
This process is modeled following a generalized Darcy’s law, where the hydraulic gradient is
defined by the difference between wetland pool level, hi (Vi ) and groundwater stage, zgw , and
K1 is the recession constant of wetland bottom layer. In Eq. (4.2), the exchange term sums
up the entire water flux exchange between all N wetlands and the shallow groundwater.
Finally, the last term on the right-hand side of Eq. (4.2) expresses losses due region
shallow groundwater recession. In particular, it expresses the gravity driven vertical leakage.
Accordingly, K2 is the recession constant of shallow groundwater. The system of Eqs. (4.1)
and (4.2) represents the most general way to treat wetlandscape dynamics. Indeed, it could
be easily adjusted for accounting the heterogeneities that could arise when we are investigating landscapes. For example, the recession constant, K1 , of wetland sediment layer can be
variable thorough the landscape, and, being different for each wetland. Deeper wetlands may
be characterized by a larger production of sediments or organic matters that deposit at the
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bottom of such ponds, thus the degree of permeability would decrease for deeper wetlands.
This pattern can be represented by considering the recession constant of each wetland as a
function of wetland maximum depth according to: K1,i = K1∗ e−hM AX,i .
Another advantage of the proposed framework is its applicability also at local scale [83] [1].
The hydrologic dynamics of a single GIW can be described by simplifying the system of
Eqs. (4.1) and (4.2) for i = 1. In this condition, the exchange term that appears in the
groundwater mass balance equation can be neglected since the groundwater volume is much
larger compared to that of a single wetland (Vgw  V ). Further simplifications of this
system are possible by considering the hydrologic connectivity of wetlands to groundwater,
which varies along a continuous gradient. When sufficiently thick or an impermeable layer
occurs along the pool bottom as a result of accretion of sediment or organic material. In this
case, the wetland is more or less isolated from the groundwater, and pool stage dynamics
are defined only by the rainfall and the ET (Figure 4.1A). As the hydrologic resistivity
of the wetland bottom decreases, water can also exfiltrate out of the ponds through this
permeable layer. In particular, there are two similar cases that can arise. First, if the
water table depth is deep relative to the GIW pool bottom, the groundwater dynamics
minimally influence the temporal variability of wetland stage (Figure 4.1B) [83]. Second,
when the groundwater is close to wetland bottom, there is a gradient between the two
systems, that continuously exchange water (Figure 4.1C) [1]. This gradient term can be
positive or negative, depending on the wetland and groundwater level position. Finally,
as the hydrologic resistivity of the wetland bottom approaches zero (i.e. K1 → ∞), the
time-lag between wetland stage and the shallow groundwater table diminishes, such that the
wetland is simply surface expression of the groundwater level. In such cases, wetland stage
and groundwater depth are deterministically linked at all times, and temporal variability of
the wetland is described entirely by the dynamics of the shallow groundwater (Figure 4.1D).
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Figure 4.1. Schematic representation of the wetland configurations defined in
the research. (A) Impervious GIW, (B) GIW connected to upland, (C) GIW
connected to upland and groundwater, (D) groundwater dominated GIW.

4.2.1 Stochastic modeling of single GIW
The model conceptualizes a GIW as a depression in the landscape within which water can
accumulate, with its bathymetry defined by landscape topography. The changes in wetland’s
water storage are completely described by the balance or imbalance between water inputs
and water losses. The rate of water input is composed by the rain falling on the contributing
area of the wetland plus the infiltration from the groundwater. For as concern the rate of
water losses form the wetland, they are controlled by evapotranspiration and exfiltration,
which are assumed to be mainly a function of the actual water storage in the wetland, V.
This conceptual model describes a generalized problem of water storage dynamics in a nonlinear reservoir forced by a stochastic input. The model developed considers the dynamics
of a GIW and accounts for water exchange between shallow groundwater and GIW. To do
this, it was necessary to evaluate the coupled dynamics in the wetland and in the shallow
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groundwater. The latter was modeled as a linear reservoir, subjected to a censored rainfall
and modulated by a linear recession.
A main objectives of this study is to develop the analytical pdf s for wetland attributes
(stage, surface area and storage). Methodologically, the dynamics of the coupled bivariate
non-linear system, Eqs. (4.1) and (4.2) can be solved only numerically. In order to derive
analytical expression for the pdf , the groundwater level is considered as fixed around its longterm mean level hzgw i, which can be either above or below wetland bottom, thus exerting
hydrologic influence on pool dynamics. Thus, influence, in the mean, of shallow groundwater
on wetland stage dynamics is considered, but temporal variability of such effects is not
considered in the analytical model. In order to derive an analytical expression for hzgw i, the
expectation of the mass balance Eq. (4.2) is taken, ending up with:

hVgw i =

λαp Agw
K2

(4.4)

To calculate hzgw i from hVgw i, the dependence of the drainable porosity on the groundwater level needs to be accounted for. However, the steady-state pdf for the water volume
is derived by considering that the groundwater is fixed around its mean level hzgw i. Under
this assumption, from Eq. (4.4):

hzgw i =

λαp
K2 n(hzgw i)

(4.5)

which has to be solved numerically, or by assuming an effective value for n.
The pdf for wetland volume consists of writing the mass balance Eq. (4.1) scaled with
maximum volume Vmax :
dV ∗
= −ρ∗ (V ∗ ) + ξ(λp , r2 αp )
dt

(4.6)

where r2 is the ratio between the contributing area of the wetland Ac and Vmax and
V ∗ = V /Vmax is the normalized pool water storage. In Eq. (4.6), the function ρ∗ (V ∗ )
includes both the volumetric water loss by ET and the wetland-groundwater exchange term.
Therefore, the function ρ∗ (V ∗ ) can be expressed as:
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ρ∗ (V ∗ ) = ET r1 (V ∗ )β + p1 (V ∗ )2−3β/2 + p2 (V ∗ )1−β/2

(4.7)

where the three terms on the right hand side represent respectively loss driven by ET
(with r1 = Amax /Vmax ), exfiltration from the wetland to groundwater, and infiltration from
groundwater into the wetland. The coefficients p1 and p2 which describe these processes can
be expressed as:
√
4 π
√
p1 = hmax K1
(2 − β) Amax
√
4 π
√
p2 = (hgw − hzi)K1
(2 − β) Amax

(4.8)
(4.9)

where hgw is the thickness of the aquifer.
Using this loss/gain function and following the approach developed by Botter et al., [85],
the steady-state pdf for V ∗ can be expressed as:


Z
C
V∗
1
C
pV (V ) = ∗ ∗ exp −
+ λp
+ δ(V ∗ )
∗
∗
∗
ρ (V )
αp r2
ρ (V ) dV
λp
∗

(4.10)

where the first term on the right-hand side expresses the continuous part of the pdf when
0 < V ∗ ≤ 1, while the second term is the atom of probability in V ∗ = 0 (i.e., fraction of time
when V ∗ = 0) and there is no open water in the wetland. The term C is a normalization
R1
constant that ensures 0 pv (u) du = 1. Because of the nature of the inverse of the loss/gain
function in Eq. (4.10), a closed form expression for pV (V ∗ ) can not be obtained. Hence,
pV (V ∗ ) needs to be calculated numerically. The shape of the pdf is controlled by the wetland
shape parameter, β, and the following scaled parameters:

φ∗ =

ET r1
ET Amax
=
αp λp r2
αp λp Ac
r = αp r2
p1
ET r1
p2
ε2 =
ET r1
ε1 =

(4.11)
(4.12)
(4.13)
(4.14)
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These parameters can be physically interpreted as follows; φ∗ is a normalized aridity
index, which quantifies the ratio of ET rate occurring from the maximum water surface
relative to the mean water input rate from rainfall events occurring over the contributing
area; r is the average volumetric input per event, scaled to the maximum volume of the
wetland; ε1 is interpreted as the ratio of exfiltration to evapotranspiration losses when V ∗
= 1; ε2 is interpreted as the ratio of infiltration to evapotranspiration losses when V ∗ = 1
and, it accounts for the possible infiltration contribution from shallow groundwater into the
wetland.
The pdf for wetland normalized volume represents the general solution for wetlandgroundwater coupled systems [1]. Starting from Eq. (4.10), the analytical expression can
be modified and simplified based on the strength of interaction between the two systems.
When the groundwater is far from wetland bottom, and the flux of water is only downwards
from wetland to groundwater (i.e., no infiltration contribution), the term p2 can be neglect
from Eq. 4.7, and thus the dimensionless parameter ε2 . The new analytical pV (V ∗ ) is the
same that is derived in Park et al., [83] for characterizing the storage volume dynamics in a
non-linear reservoir subjected to shot noise. A further simplification of the model presented
in Eq. (4.10) is derived is derived when the wetland bottom is considered as completely
impermeable, with no possible exchange terms with the groundwater. This is usually the
case of constructed wetlands with sealed bottom or rock pool formations. Here, K1 = 0, and
the exchange term of Eq. (4.1) disappears, as well as the groundwater mass balance Eq. (2),
since the wetland is unaffected by water table fluctuations. The steady-state pdf of normalized water volume in an impervious wetland or rock pool is controlled only by the balance of
rainfall and evapotranspiration. In addition, the wetland shape is reduced to a simple box
(β = 0), the analytical solution for pV (V ∗ ) is identical to that for a linear reservoir problem provided by Milly et al., (1993) [154]. On the other hand, if the hydrologic resistivity
of the wetland bottom approaches zero (i.e. K1 → ∞), the wetland-groundwater coupled
model converges to a model governed only by the groundwater. However, this convergence
cannot be showed analytically using Eq. (4.10) since the loss term approaches infinity for
K1 → ∞. Therefore, the dynamics of a wetland with low resistance have to be investigated

80
by reformulating the water balance for a groundwater recharged by effective rainfall. This
mass balance is equal to Eq. (4.2) , where the second and third terms on the right-hand
side are absent. The steady state solution for the pdf of the wetland normalized stages h∗
is obtained following Porporato et al., [141] and Botter et al., [85]. The general solution can
be expressed by a gamma distribution:

ph (h∗ ) =

γH(λ/K2 )
exp (−γH h∗ )(h∗ )(λ/K2 −1) H[1 − h∗ ]H[h∗ ]+
Γ(λ/K2 )

(4.15)

+ p0 (h∗ = 0) + p1 (h∗ = 1)
where H represents the Heaviside step function. The pdf of the normalized wetland stage
is described by three parameters: γH , λ and K2 . In particular, the ratio λ/K2 is the key parameter which defines the shape of the pdf . When (λ/K2 ) > 1 the pdf is a bell shape, typical
of a wet regime, while when (λ/K2 ) < 1, the shape switches to monotonically decreasing,
indicating a dry regime. Thus, (λ/K2 ) = 1 serves as an important threshold for separating
dry (erratic) and humid (persistent) hydrologic regimes for wetlands in equilibrium with the
groundwater. However, since I am considering a domain bounded at the bottom (h∗ = 0)
and at the top of the wetland (h∗ = 1), it is necessary to truncate this pdf and account for
the atoms of probability that quantify the probability to observe a completely dry wetland
(h∗ = 0) and the full-pool stage (h∗ = 1). Therefore, the shape of the pdf expressed in Eq.
(4.15) is not only influenced by the ratio λ/K2 , but is also affected by the truncation due
to the atoms of probability, which may transform a hump-shaped pdf into a monotonically
decreasing. The expression for the steady-state pdf of the normalized stage h∗ , given by
Eq. (4.15) is useful since it represents a general approach for modeling long-term dynamics
of GIW with permeable bottom, and in equilibrium with shallow groundwater. Table 4.1
summarizes the four models derived for the analysis of a single GIW influenced (or not)
by groundwater fluctuations. The pdfs or water storage volume in all the proposed models
could be described by few dimensionless parameters. These parameters are fundamental to
characterize the hydrologic regime, and the soil properties of a determined region of interest.
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Table 4.1. Summary of the models considered in investigating wetland hydrology
Model

Parameters

Impervious GIW

φ∗ , r, β

GIW connected to upland

φ∗ , ε, r, β

GIW connected to upland and groundwater

φ∗ , ε1 , ε2 , r, β

Groundwater Dominated GIW

γH , λ/K2

Eqs. (4.10) and (4.15) show the pdf of the normalized volume and stage. The pdfs
for normalized surface area and water stage are obtained from Eqs. (4.10) and (4.15) by
applying the concept of the derived distribution, based on the power function model for
wetland volume-area-depth (V-A-h) relationships derived by Hayashi and Van der Kamp,
(2000) [155] and Brooks and Hayashi (2002) [24]:

A∗ = (h∗ )β/1−β

(4.16)

V ∗ = (h∗ )1/1−β

(4.17)

where A∗ = A/Amax , W ∗ = W/Wmax and h∗ = h/hmax . Amax , Vmax and hmax are respectively
the maximum value for area, volume and stage. β is an empirical parameter that determines
the shape of wetland slope. While the theoretical range of β is (0,1), according to field
survey data presented in Hayashi and van der Kamp [155] and Brooks and Hayashi [24], it
generally ranges from 0.20 to 0.65.
Wetland hydrologic dynamics are analyzed also in terms of crossing times, intended as the
time interval spent above/below a specific threshold. The duration of water stage excursion
above and below some threshold level is of crucial importance for the management of the
GIW as viable aquatic habitats for a variety of adapted aquatic flora and fauna or to perform
critical biogeochemical functions. One possible way to represent these characteristics is to
analyze the crossing properties at some specific levels of water volume (or stage) that are
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crucial for the considered system (e.g. persistence of drought period during the growing
season). In general, for a stochastic variable x that obeys the Langevin equation:
dx
= −ρ(x) + ξ
dt

(4.18)

where ξ is a marked Poisson noise and ρ(x) the loss function, the time interval, τI , elapsed
between an upcrossing and a subsequent downcrossing of a threshold ξ is a new stochastic
variable. The mean of this variable, TI (ξ), represents the average interarrival between an
upcrossing of the threshold from below and the subsequent downcrossing from above [1]:

TI =

1 − PE (x)
ρ(x)p(x)

(4.19)

where the terms PE (x), p(x) and ρ(x) represent respectively, the cumulative non-exceedance
probability, the pdf and the loss function of the relevant variable. Similarly, the time interval, τE , elapsed between a downcrossing and a subsequent upcrossing is a stochastic variable,
whose average value is:

TE =

PE (x)
ρ(x)p(x)

(4.20)

In this analysis, the variable x could be either the normalized volume of the wetland
V ∗ , the normalized wetted area, A∗ or the normalized stage of the wetland h∗ . To compute
the observed exposure times, TE , a threshold is selected for either the normalized volume of
the wetland (W ∗ ) or the normalized stage of the wetland (h∗ ). Then, the upcrossing and
downcrossing events are identified, and the interarrivals between a downcrossing and the
following upcrossing are calculated. Finally, the mean value of all these interarrivals was
computed. This procedure is then repeated for different thresholds.
I evaluated the temporal hydrological variability in wwo karst plain depressional GIWs
in different parts of Florida (USA): one in the Lake Okeechobee watershed and one in the
Tampa Bay watershed (Figure 4.2). Min et al., [134] monitored water levels in four GIWs
in the Lake Okeechobee basin, and I have used their data for the wetland labeled BW1
(27◦ 240 34.0000 N, 80◦ 560 48.7600 W) because the stage dynamics of this wetland were least
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affected by artificial drainage. This wetland is characterized by a maximum surface area of
about 1.8 ha, and the only ditch present in the wetland is located at a height of 0.5 m from
the bottom, which imposes the maximum stage of the wetland. Note that for the major
part of the depressional wetlands present in the region the depth is never larger than one
meter and they typically exhibit a bowl or elongated bowl-shape. Bhadha and Jawitz [156]
studied a similar wetland in the area and found that the soil immediately below wetlands
(0 − 2m) is characterized by a higher organic matter content with an order of magnitude
lower hydraulic conductivity compared to upland soils. Thus, the wetland bottom restricts
rate of upland-wetland water exchange. Below this 2 m, a clay-rich soil layer is present.
The second wetland selected for this study is located south of the Starkey well-field
boundary [138] and classified as a cypress wetland. Wetland planar area (A=3.2 ha) was
calculated from the Geographic Information System (GIS) Land Use 1999 (SWFWMD 2007)
and it corresponds to the wetland surface extent. Additionally, wetland dry bed elevation
(DBE) and normal pool elevation (NPE) have been previously identified by South West
Florida Water Management District (SWFWMD) staff. The wetland DBE was evaluated as
the dry reading mark in the staff gauge and assumed to be the lowest point in the wetland
[138]. The wetland NPE corresponds to physical and vegetative markers, i.e., inflection
points on the buttresses of cypress trees [157]. In this wetland, the DBE based on the
National Geodetic Vertical Datum of 1929 (NGVD) is 13.5 m, and the NPE is 14.3 m.
Therefore, the difference between these values (0.8 m) is the estimated maximum depth.

4.2.2 Extension to the entire wetlandscape
When the focus is switched from local-scale (i.e., single GIW) towards landscape-scale
(i.e., wetlandscapes), it is necessary to identify metrics that quantify the cumulative effects
of multiple wetlands spread in the region. For this reason, the hydrologic status of a whole
wetlandscape can be assessed by comparing four wetlandscape attributes that are of fundamental importance from an eco-hydrological perspective: (1) Abundance, evaluated as
the wetland density (ρ) and percent of total are occupied by wetted area, which quantifies
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Figure 4.2. Site map of Florida with the location of the two studied wetlands. Case Study 1 represents the wetland located within the boundaries
of the SFWMD and is located in Lake Okeechobee watershed. Case Study
2 represents the wetland located within the boundaries of the SWFWMD
and is located in Tampa Bay watershed. In this inset, which is taken from
SWFWMD website, it is shown that the wetland is located below the Starkey
well boundary.

spatiotemporal patterns of the available aquatic habitats; (2) Diversity, quantified by the
distributions of wetted area, p(A), which indicates variations in habitat size and suitability; (3) Persistence, indicated by mean inundation duration (TI ) above specific thresholds,
which indicates habitat suitability in terms of hydrological fluctuations, and (4) Accessibility, represented by the nearest-neighbor distance distribution, p(NND), which affects species
dispersal [58] [62] [113].
I evaluated the hydrological dynamics of the six landscapes across the conterminous
United States (Figure 3.6) investigated in Chapter 3. These landscapes span gradients
in wetland abundance and hydrologic conditions. Wetland types within these landscapes
include vernal pools (California and Maine), cypress domes (Florida), prairie potholes (North
Dakota), basin wetlands (Minnesota), and playa lakes (Texas). Figure 3.6 shows differences
in wetland distribution among the landscapes. For example, North Dakota is characterized
by many small wetlands, while Texas contains fewer, but larger wetlands. Therefore, wetland
density is much different in these two landscapes; at almost 32 wetlands per km2 in N. Dakota
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and less than 1 wetland per km2 in Texas. Wetland abundance in the other landscapes is
between these values (Table 4.2).
I seleceted several key attributes for the six wetlandscapes (Table 4.2): density of wetlands, percentage of wetland covering the area, fractal dimension of wetland shorelines and
the aridity index, Φ. The aridity index is calculated based on the obtained climate data as
the ratio between the mean daily potential ET and mean daily rainfall hP i = αp λp California and Texas are the two driest landscapes (high Φ) and with similar mean potential ET
and mean rainfall hP i. Potential ET was highest for the Florida wetlandscape; however,
the aridity index is not as large as for California and Texas since the mean rainfall is much
higher. Maine and Minnesota represent the wettest landscapes (low Φ), with low ET and
high mean rainfall.
The observed variability in climate that characterizes the six regions is linked to a similar
trend in wetland shape. Wetland shape was described using the concept of fractal dimension,
and is related to the ratio between wetland area and perimeter [53] [48] [38]. Except for
California, a strong negative correlation (R2 > 0.9) between the aridity index and fractal
dimension is observed, suggesting that the climate represents a fundamental driver for the
wetland shapes. High aridity indices, and, therefore, dry climates cause simpler wetland
shapes (e.g., circular objects). On the other hand, wet conditions, favor the presence of
more complex shapes. California is affected by the presence of river networks that could
severely affect the shape of wetlands.
Wetlands sediment layer recession constant, K1 , and groundwater recession, K2 , are two
key parameters that impact, along with hydro-climatic forcing, wetlandscapes dynamics.
While for the hydro-climatic forcing I can rely on rainfall and ET actual data, the estimation
of K1 and K2 requires the knowledge of more specific data such as wetland stage (for each
wetland) and water table. Due to the complexity in getting this type of data, I assigned
values for K1 and K2 . I estimated K1 value based on the saturated hydraulic conductivity
for the dominant soil in the region (Soil Surveys). In particular, I divided KSAT , by a
characteristic value for the wetland sediment layer (δ = 20-40 cm). Porosity data were
evaluated on the basis of the bulk density of the soils, from the same database. The soil

86

Figure 4.3. Correlation between the fractal dimension and the aridity index
in the six wetlandscapes. Note that the outlier data point is for California.
The fitting (dashed black line) is performed without considering California.

column is considered as homogeneous, and I kept constant this value for the entire domain
(100 km2 ). K2 value was assigned since the hydrologic dynamics of the wetlandscapes are
not sensitive to variation in this parameter.
Table 4.2. Key attributes of the six United States wetlandscapes investigated in this study.
Key Attributes

CA

FL

ME

MN

ND

TX

Abudance, ρ

11/km2

6/km2

12/km2

21/km2

32/km2

0.7/km2

% Wetted Area

6%

40%

20%

60%

40%

5%

Geometry, D

1.62

1.20

1.55

1.44

1.33

1.01

Climate, Φ

1.53

0.93

0.49

0.55

0.88

1.69

Bulk Density, [g/cm3 ]

1.44

1.52

1.44

1.65

1.35

1.39

Porosity, n

0.46

0.42

0.46

0.38

0.50

0.48

KSAT [m/d]

1.73

6.25

1.64

7.77

1.10

1.80

K1 [1/d]

0.70

1.50

0.85

1.63

0.50

0.58

K2 [1/d]

0.10

0.05

0.03

0.03

0.02

0.08

Wetlandscape dynamics are assessed by evaluating the temporal trend of three variables:
wetland area (A), distance of the nearest neighbor (NND), and mean inundation time (TI ).
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In particular, I evaluated the time series of normalized wetland area, A∗ , and distance of
the nearest neighbor by solving the system of Eqs. 4.1 and 4.2 using the available data for
rainfall and evapotranspiration. At each time step, I normalized the total wetted area in
P
PN
the landscape ( N
i=1 Ai (Vi )) by the maximum available area (
i=1 Ai (Vi )), calculated as the
sum of all wetland areas. For each wetland, AM AX,i is assumed as the value provided by the
NWI database. When A∗ =1, all wetlands are filled with water and their area is equal to the
value reported in the NWI database. Likewise, when A∗ =0.5, the wetlandscape is half-full
of water. These time series were analyzed to estimate the mean inundation time, the mean
time spent by the system above some specific thresholds for A∗ (0.25, 0.50, 0.75).
The analytical expression for the steady-state pdf for A∗ , p(A∗ ) could be obtained from
the Eq. 4.10 by applying the derived distribution approach. Since V ∗ = (A∗ )1/β , I get
dV ∗ = β −1 (A∗ )1/β−1 . Therefore, the continuous part of p(A∗ ) is expressed as:


Z
C(A∗ )1/β−1
(A∗ )1/β
(A∗ )1/β−1
∗
pA (A ) =
exp −
dA
+ λp
βρ∗ (A∗ )
α p r2
βρ∗ (A∗ )
∗

(4.21)

Eq. (4.21) represents the pdf of normalized wetted area for a single GIW. However, here
I am interest in the cumulative effects at the landscape-scale. Thus, I need to derive an
expression for the total pdf of wetted area in the wetlandscape. To do this, I need to state
a strong assumption, which is considering all the wetlands as independent from each other,
even if they are affected by the same rainfall and the same shallow groundwater. Then, I
have to weight each pA (A∗ ) of the single wetland by its own contribution in terms of total
wetted area in the landscape. AM AX,T is defined as the total maximum wetted area in the
P
wetlandscape, computed as N
i=1 AM AX,i . The analytical expression for the steady-state pdf
of total wetted area can be expresses as:

pT (A∗ ) = pA,1 (A∗1 )

AM AX,1
AM AX,2
AM AX,N
+ pA,2 (A∗2 )
+ ... + pA,N (A∗N )
AM AX,T
AM AX,T
AM AX,T

∗

pT (A ) =

N
X
i=1

pA,i (A∗i )

AM AX,i
AM AX,T

(4.22)

(4.23)
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Wetlandscape future possible trends were analyzed following the scenarios prescribed
by the IPCC. In particular, I simulate wetlandscapes hydrological dynamics under three
Representative Concentration Pathways, (RCPs): RCP2.6, RCP4.5 and RCP8.5. These
pathways are labeled after a possible range of radiative forcing values in the year 2100 relative
to pre-industrial values (+2.6, +4.5 and +8.5 W/m2 , respectively) [158]. I modified the
rainfall and ET parameters to evaluate the effects of climate changes on the wetlandscapes.
Following Sillmann et al., [159] I estimated the mean ET based on the temperature predicted
for the period 2081-2100. Then, I adjusted rainfall parameters αp and λp based on the
precipitation indices reported in Sillmann et al., (2013) [159]. For as concern λp , the authors
did not find any significant trend as compared to the overall variability in this index, while
for αp there is an increasing trend in all the United States. I run 50-years Monte Carlo
numerical simulations for the system of Eqs. 4.1 and 4.2 based on the current and the
adjusted hydro-climatic parameters to assess the expected differences under these scenarios.
The results of this analysis are reported in terms of probability density function, pdf, of
wetland normalized area and distance of the nearest neighbor.

4.3

Results

4.3.1 Results at local scale
The models described in Bertassello et al., [1] aim to quantify the effect of temporal
hydrologic variability of storage and stage in GIWs, as influenced by stochastic hydro-climatic
forcing (rainfall and evapotranspiration) with connectivity to surrounding upland or shallow
groundwater. Model analyses presented in Figure 4.4 suggest that different shapes of the
volume and stage pdfs (Figures 4.4A and 4.4D) and patterns of mean exposure time (Figures
4.4B and 4.4E) can arise under different climatic and geomorphic conditions. These analyses
may help in the development of a general approach to classify wetland hydrologic regimes,
and in the prediction of the likely ecological response of wetland ecosystems to unsteady
external forcing. In addition, the dependence of the pdf shapes for normalized water volume,
p(V ∗ ), and mean exposure times, TE , on morphologic and hydro-climatic attributes, was
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explored throughout a sensitivity analysis by varying the five scaled parameters Φ∗ , ε1 , ε2 ,
r and β. Figures 4.4C and 4.4F show the dependence of p(V ∗ ) on scaled aridity index Φ∗
ranging from 0.1 to 5.0 when the other four parameters are fixed (ε1 =1, ε2 =-0.5, r=0.1 and
β=0.5). The range of this parameter is related to the normalized aridity index, and values
of Φ∗ <1.0 indicate a humid climate, whereas Φ∗ >1.0 indicates an arid climate. As the
value of this parameter increases, a reduction of the mean water volume V ∗ is observed; this
is because the mean water losses due to evapotranspiration are larger than the water input
rate, represented by rainfall. In fact, keeping constant the rainfall parameters αp and λp ,
the variation of Φ∗ is entirely due to variations in the ET rate. When the ET losses are
larger than rainfall water input, the pdf is monotonically decreasing with high probability
of low levels of the volume of water inside the wetland; on the other hand, as Φ∗ (and ET)
decreases, the pdf is a monotonically increasing distribution, with a high probability near
the maximum volume.
The patterns of mean crossing time reflect this behavior. With increasing Φ∗ the water
losses tend to become more relevant, and the time interval in which the normalized water
volume V ∗ is below a certain threshold is larger than that obtained for lower values of Φ∗ .
The detailed results of the sensitivity analysis are reported and commented in Supplementary
Material of Bertassello et al., [1].

4.3.2 Results at landscape scale under current conditions
Wetland attributes, based on model simulations of the six wetlandscapes under current
hydroclimatic forcing, are summarized in Table 4.3 and Figures 4.5-4.8. For all the presented
figures, the order of the wetlandscapes is the same of Figure 3.6, and specifically: California vernal pools (A), Florida cypress domes (B), Maine vernal pools (C), Minnesota basin
wetlands (D), N. Dakota prairie potholes (E) and Texas playa lakes (F). In the following
discussion, I highlight key features of the simulated patterns for the four metrics used in the
comparisons.
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Figure 4.4. (A) Comparison between analytical and observed pdfs for normalized volume in Lake Okeechobee wetland. (B) Comparison between analytical and observed pdfs for normalized volume in Tampa Bay wetland.
(C) Normalized volume pdf sensitivity analysis for the aridity index. (D)
Comparison between analytical and observed exposure time for normalized
volume in Lake Okeechobee wetland. (E) Comparison between analytical
and observed exposure time for normalized stage in Tampa Bay wetland.
(F) Normalized volume exposure time sensitivity analysis for the aridity index

Hydro-climatic forcing represents a fundamental driver for wetland abundance. The
mean wetted area, µ(A∗ ), in the six landscapes shows a correlation (R2 > 0.6) with the
aridity index. Wetted regions have on average more wetted area in comparison with drier
landscapes. However, the weak correlation implies that climate is not the only driver for
wetlandscape dynamics since an important part is also played by the local soil properties
(e.g., soil hydraulic conductivity, regional groundwater, geologic legacy). Temporal dynamics
of the six wetlandscapes for the time period from 2007 to 2017 are shown in Figure 4.5. Maine
vernal pools are on average the most wetted landscape (A∗ ∼ 0.6), while Texas playa lakes
and California vernal pool are the driest (A∗ ∼ 0.3). This tendency was expected since the
former landscape is characterized by the lowest value of aridity index. Therefore, ET losses
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Table 4.3. Summary of the hydrological and spatial attributes for the six
analyzed landscape during the period 2007-2017.
Key Attributes

CA

FL

ME

MN

ND

TX

µ (A∗ )

0.27

0.39

0.61

0.35

0.49

0.33

CV(A∗ )

1.03

0.58

0.30

0.57

0.42

0.47

µ (NN) [m]

116

140

123

99

79

674

CV (NN)

0.17

0.23

0.12

0.15

0.23

0.05

TI (A∗ = 0.25) [d] 21.9

23.4

124.3

10.2

62.6

51.3

TI (A∗ = 0.50) [d] 10.2

9.5

23.9

3.7

16.1

18.0

TI (A∗ = 0.75) [d]

4.2

4.5

1.7

5.9

2.9

5.4

are overcome by rainfall inputs, and the wetlandscape tends to remain wet throughout the
simulated period. California and Texas are the two landscapes characterized by the highest
value of aridity index. California vernal pools are the most variable (highest CV of A∗ )
since during the dry season wetlands are mostly empty, while as the wet season begins, these
wetlands quickly fill, with high peaks of A∗ .
Diversity of wetland area in the six wetlandscapes is evaluated by comparing the distributions of areas among the many individual wetlands within each landscape. Area complementary cumulative distribution functions, CCDFs, are shown (Figure 4.6) for multiple
snapshots of three threshold levels (A∗ =0.25,0.50,0.75) as proxies for dry, normal, and wet
conditions. Moving from the right to the left in each panel of Figure 4.6, we observe the
progressive dryness of the landscape. Wetland size distribution is extremely sensitive to climatic conditions. The tails of the CCDFs show large variability, and in particular, a severe
tempering in the lower tails due the contraction in area for progressively dry conditions.
California and Minnesota (Figures 4.6A and 4.6D) show how the progressive dryness of the
landscape provokes the loss of small wetlands. Indeed, the tempering in the upper tail of the
CCDFs increases as small wetlands disappear. This is more evident in the insets of Figure
4.6, where I reported the same CCDFs in log-log scale. The CCDFs for the Playa Lakes

92

Figure 4.5. Temporal dynamics of the normalized total wetted area (red
lines) in the six wetlandscapes. On the top of each plots, I reported the
hyetograph (grey histograms) obtained from real records (2007-2017).

wetlands are very similar, just shifted from right to left as the dryness increases. This means
that all the wetlands are still wet, but with reduced areas. The insets of Figure 4.6 suggest
that small wetlands are also sensitive to variation in the hydro-climatic forcing and their
seasonality produces diverse landscape conditions even for the same threshold in a specific
landscape.
The high variability in temporal dynamics of A∗ is also manifested in the mean inundation
times (see Table 4.3). Indeed, California vernal pools show the shortest mean inundation
times. Since the wetlandscape is highly dynamic, there are several short excursions of the
system for the three thresholds. The excursions above all three thresholds are longest in
Maine (TI = 124 days for A∗ = 0.25), and thus this landscape is the most persistent in terms
of wetted area. This tendency has important implications for the type of flora and fauna
that could arise. N. Dakota and Texas are also characterized by large TI for A∗ = 0.25 (TI ∼
60 days). As the wetted area threshold is increased (A∗ =0.50), the mean inundation time is
reduced and is longer than 10 days only in Maine and N. Dakota. Finally, when A∗ = 0.75
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Figure 4.6. CCDFs of wetland area for multiple snapshots of three thresholds: wet conditions (blue lines), normal conditions (black lines), and dry
conditions (red lines). Note that P (A > x) values are truncated at 10−2 .
In the insets, I reported the log-log representation of the same CCDFs to
highlight the tempering in the lower tails of the distributions.

the mean inundation times are small (TI < 6 days) in all cases, meaning that there are few
short excursions above this value.
Patterns of temporal dynamics of the mean separation distance among wetland nearest
neighbors (Figure 4.7) are opposite to the temporal dynamics of wetland area (Figure 4.5).
Indeed, larger total wetted areas imply that the landscape is more covered by water and thus
the inter-patch distances among wetlands decrease. The mean distance of wetland nearest
neighbor is constrained in a narrow range (70-150 m) in all the landscapes, except for Texas,
where wetlands are farther apart (∼ 700 m). Also, the scatter around this mean value is low
(CV(NND) in Table 4.3) in all the wetlandscapes.
Simulated mean distance of wetland neighbors for 2007-2017 is shown in Figure 4.8 as a
function of the order of nearest neighbor, ONN. When ONN=1, wetland nearest neighbor
is considered. ONN=2 indicates the second wetland nearest neighbor, and so on. The
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Figure 4.7. Temporal dynamics of the normalized mean separation distance
of the nearest neighbor (red lines) in the six wetlandscapes. On the top of
each plots, I reported (grey) the observed hyetographs (2007-2017).

maximum ONN coincides with the farthest wetland in the landscape. Figure 4 shows only
the mean distance for each ONN, but there is also landscape-dependent variability. The
curves that characterize the ONN in the six landscapes show similar shape (power law: d =
a(ON N )b ), but translated upwards as the degree of dryness in the wetlandscape increases.
The upwards translation is given by the proportionality factor a. The maximum difference
that is observed for this parameter is equal to ∆ (∆ = adry − awet ), and is inset in Figure 4.8.
Furthermore, the scaling exponent, b, is constrained in a narrow range of variation among
the different wetlandscapes [0.64;0.73], suggesting a similar behavior in wetlandscape spatial
organization despite the local differences.
The number of wetlands that could be accessed by a certain species depends on its
dispersal ability. For example, a species with a dispersal kernel of 500 m would have more
habitat choices in N. Dakota (Figure 4.8E), where up to 20 nearest neighbors can be reached.
But in Florida or Maine, fewer choices would exist because wetland separation distances
are larger. In Texas, wetlands are ecologically isolated for this species because the closest
neighbor wetland is distant, on average ∼1 km even in the wettest conditions.
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Figure 4.8. Simulated mean distance of wetland neighbors for 2007-2017 as
a function of the order of nearest neighbor. The blue line represents the
wettest condition for which A = AM AX in all the wetlands. ∆ indicates the
maximum distance between the nearest neighbor in each wetlandscape.

4.3.3 Long-term simulations under three IPCC’s scenarios
Wetlandscape future trajectories were analyzed comparing the probability density functions, pdfs, of total wetted area, p(A∗ ), and distance of the nearest neighbor, p(D) from
50-years Monte Carlo simulations of Eqs. 4.1 and 4.2 for the four climate scenarios. These
four cases refer to the current conditions plus the three IPCC’s scenario) using the system.
Table 4.4 summarizes the results by presenting the differences in mean wetland area (∆A)
and mean separation distance (∆D) corresponding to the three variation in the aridity index
(∆Φ). The operator ∆, expresses the ratio of the future scenario to the current conditions.
The pdf of total wetted area in the current conditions is different among the six landscapes. In particular, total wetted area is negatively correlated with the aridity index.
Indeed, California and Texas are the landscapes characterized by the most arid conditions.
Here, the shape of p(A∗ ) is positively skewed (e.g., Texas) or even exponential-like (e.g., California). As the aridity index decreases, the shape of p(A∗ ) changes becoming less positively
skewed. Maine and Minnesota are the landscapes characterized by the lower aridity index
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Table 4.4. Summary of the effects of climate changes (∆Φ) simulated from
the three IPCC scenarios on the wetland area (∆A) and distance from the
nearest neighbor (∆D).
State

∆Φ

∆Φ

∆Φ

RCP2.6 RCP4.5 RCP8.5

∆A
RCP2.6

∆A

∆A

∆D

∆D

∆D

RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5

CA

1.04

1.20

1.82

1.02

0.99

0.90

1.00

1.01

1.02

FL

1.20

1.56

3.17

0.98

0.94

0.76

1.02

1.04

1.14

ME

1.04

1.08

1.32

1.00

1.01

1.03

1.00

1.00

1.01

MN

1.13

1.18

1.45

0.99

0.98

0.96

1.00

1.01

1.02

ND

1.13

1.22

1.56

0.98

0.96

0.92

1.01

1.03

1.06

TX

1.11

1.22

1.83

0.99

0.98

0.92

1.00

1.00

1.01

(Φ ∼ 0.5) and also by the large mean total wetted area. For the effects of climate change,
with the exception of Florida (Figures 4.9B and 4.10B) there is no significant difference in
the pdfs of total wetted area between the current conditions and the three different IPCC’s
scenarios. The overall tendency consists in a decrease of the mean wetted area (shift towards
left) that is clearer in the RCP8.5 scenario (Figure 4.8). The latter scenario represents the
worst condition where the temperature is predicted to increase of 8 C. Since the increases in
ET, due to the increase in temperature, is compensated by an increase in the mean rainfall
(αp increases and λp is constant), I was not expecting to observe any significant trend. In
particular, the variation in the mean normalized wetted area is in the order of 5% in all the
six wetlandscape (except for Florida, where it reaches a decrease of 24%).
The shape of the pdfs of nearest neighbors in the current conditions (solid line of Figure
4.10) shows variability among the six wetlandscapes. California is described by a monotonically increasing distribution, while in all the other landscape, p(D) resembles more a
bell-shaped distribution with a positive skewness. While California tends to be characterized by limited variability in the nearest neighbor distance, in the other landscapes, wetlands
tend to be distributed less uniformly. For the effects of climate change, I can observe an
elongation the lower tail of such distributions for increasing aridity indices values. However,
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Figure 4.9. Comparison between the probability density function of normalized total wetland area in current conditions and in the three different
IPCC’s scenarios for the six analyzed wetlandscapes

the increase in the aridity index, produces a limited increase in the mean distance of the
nearest neighbor (less than 5% in all the cases except Florida). The progressive dryness of
the landscapes due to climate change could have an adverse impact on ecological species presence and distribution since the inter-patch distance among wetlands is predicted to slightly
increase.

4.3.4 Analytical pdfs for normalized wetted area at landscape-scale
I compared the analytical pdfs for normalized wetted area at landscape-scale obtained
in Eq. 4.23 with the numerical pdfs of A∗ estimated by solving the system of Eqs. 4.1 and
4.2. The general patterns predicted by the analytical p(A∗ ) represent well the numerical
estimates, especially in Minnesota, N. Dakota and Texas (Figure 4.11). In Florida, the
analytical solution is characteized by a smaller variance if compared with the numerical pdf,
while in California and Maine, also the mean value is not captured. California and Florida
are characterized by a strong seasonality in the hydro-climatic forcing, which implies two
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Figure 4.10. Comparison between the probability density function of nearest
neighbor distance in current conditions and in the three different IPCC’s
scenarios for the six analyzed wetlandscapes.

distinct wet and dry seasons. For this reason, in Figure 4.11 I reported the analytical p(A∗ )
for wet and dry seasons, and also a two-seasons pdf with accounts for the distinct patterns
observed in wet and dry conditions. Overall, accounting for the seasonality of the hydroclimatic forcing gives better results that considering a single period. Despite the advantage
of having a single set of parameters, the 2-seasons pdfs allows for a better characterization of
the observed patterns. Indeed, using solely a single period may biased the analytical solution
since the hydro-climatic parameters embedded in its formulation, Eq. 4.23, are averaged over
the entire time-period.
One of the main advantage of the proposed analytical solution is that it allows for predictions of the impacted of modified hydrologic and geometric conditions. Indeed, if the
hydro-climatic are modified due to the impact of climate changes, a prolonged dry season
could have been observed, which shifts the shape of the pdf towards lower A∗ . This pattern
could be predicted by modifying the values of αp , λp and ET that compose the aridity index,
Φ of the investigated region. On the other hand, human intervention could impact the shape
and the size of wetlands spread in the landscape. This tendency would lead to a variation in
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the hM AX , AM AX and VM AX that are used to normalized the single wetland behavior, and
ultimately leads to a decrease in the storage capacity of the landscape.

Figure 4.11. Comparison between the analytical solution for normalized wetted area obtained in Eq. (x) and the numerical simulations evaluated from
Eqs. (1) and (2).

4.4

Discussion and implications
The novelty of the proposed approach is mainly in evaluating the hydrologic dynamics

of wetlandscapes governed by the stochastic fluctuations of hydroclimatic forcing. Previous
studies modeled wetlandscape temporal dynamics by simulating the progressive drying of
small flooded ponds [27] or by constructing a spatial network based on surface-water habitats
estimated from Landsat satellite imagery [28] [29] [30]. Here, I use a system of two stochastic
equations to describe spatio-temporal hydrologic dynamics of wetlandscapes. The strength
of the proposed framework is in its flexibility. I showed that it can be applied indifferently
both at local (e.g., single GIW) and landscape (e.g., multiple GIWs) scale. In addition, by
modifying the parameters described in the systems of Eqs. 4.1 and 4.2, I can obtain different
landscape scenarios that govern the interaction between wetlands and shallow groundwater.
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The proposed model quantifies the variability in wetlands response at different scales.
When we are interested in the evaluation of the temporal hydrologic variability of a single
GIW, we can investigate how the seasonality in the hydro-climatic forcing (e.g., rainfall and
ET) would produce distinct regimes for the same wetland. During the wet season, which is
characterized by heavy and frequent rainfall events, wetland would respond with an increment in the mean storage, and with extended hydroperiod. Once that rainfall becomes less
frequent and the evaporation losses increase, a contraction in wetland’s attributes (stage,
surface area and storage volume) can be observed, and a decreased hydroperiod. Different
wetlands within the same landscape respond in a different way to the hydro-climatic forcing.
Some of them may respond quickly to this variation, while other are less sensitive to these
impacts. The difference in the response is a function of the soil properties (e.g., permeable
and impermeable bottom) and in the degree of connection with upland or surface water (e.g.,
connection to river or other waterbodies through ditches). For the entire wetlandscape dynamics, we can compare the response of a determined wetlandscape in a specific region, with
other wetlandscape in completely different hydro-climatic region or with a diverse environmental setting (e.g., geologic legacy). The analysis showed how it can be applied both in a
limited-local scale (few km2 ) to continental scale. Inter-annual variability can be investigated
both at small and large scale. Indeed, long-terms modification in the hydro-climatic forcing
(e.g., climate change) or in landscape properties (e.g., land-cover land-use change) can be
detected by observing the mean wetland(scape) temporal trend. For example, an overall
decreasing pattern for wetland stored volume could be explained by an increase in the global
temperature, which would increase the losses due to evapotranspiration, or by a decrease
in storage capacity that can be due to landscape conversion (e.g., increased urbanization or
farming and pasture activities).
I investigated temporal hydrologic variability in six wetlandscapes across the U.S., characterized by different climate conditions (aridity index) and landscape attributes (topography,
soils). In each landscape, geologic legacy and different generating conditions sculpted the
landscape to produce diverse wetlandscapes. This study provides an approach for extending
earlier hydrologic modeling from a single GIW [1] [83] to multiple wetlands distributed in
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diverse wetlandscapes. Numerical simulations obtained using rainfall and ET data revealed
different spatio-temporal patterns of wetland hydrologic responses.
I quantified these trends using four key metrics: abundance, diversity, persistence and
accessibility. For each wetlandscape, these attributes are based on variations in density
of active wetlands, perimeter fractal dimension, size distribution, separation distance, and
hydroperiod. Aridity index and landscape topography are two primary drivers of the four
metrics I examined. Wetlandscapes located in humid regions (e.g., Maine) are characterized
by a more persistent presence and proximity, while arid zones showed drier regimes (e.g.,
Texas). This tendency is manifested in the pdfs of wetland normalized area, p(A∗ ) (Figure
4.12A). As the aridity index increases, a shift in the shape of p(A∗ ) from a monotonically
decreasing (California) to more left-skewed (Maine) is observed. Geometry and topography
of the landscape coupled to hydroclimatic forcing are two fundamental drivers for the spatial distribution of wetlands. Indeed, the pdfs of nearest neighbor, p(N N D), (with means
subtracted here to allow comparisons across the six landscapes) show different distributions
that can be correlated with the wetland’s fractal dimension (Figure 4.12B). Larger fractal dimension implies small variability in the mean distance of the nearest neighbors (California),
while small fractal dimension (Florida and Texas) suggests a more variation in the distance
of wetlands nearest neighbors.
From this perspective, changes in the aridity index (e.g., climate change) or in the fractal dimension (e.g., land-use land-cover modification) will likely affect the shape of p(A∗ )
and p(N N D). Lager aridity indices, would shift p(A∗ ) towards drier hydrologic regime,
while homogenization of the landscapes (reduction of fractal dimension) would produce more
spreading in the proximity of wetland neighbor.
Wetland abundance and temporal variability are of key importance for several aspects.
First, wetlands are fundamental for water storage and nutrient processing. In this perspective, knowing how much water is stored in the landscape is important for flood control and
biogeochemical mitigation. Second, wetlands are special habitats for the development of a
unique range of flora and fauna. They are ecotones and their different gradient of spatial
zone could be occupied by several unique species. Wetland edges are key habitats for species,
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Figure 4.12. Total wetted area and nearest neighbor pdfs in the six analyzed
wetlandscapes. The pdfs of nearest neighbors are translated by their mean
values for a clearer visual interpretation; mean and CV of each wetlandscape
is reported in Table 4.3.

such as amphibians, that are more associated with water (ecotones) and wetlands than are
most reptiles, birds or mammals [111]. On the other hand, some avifauna preferentially feed
in open water [6] [112]. Similar considerations may be extended also for wetland plants.
Indeed, certain type of plant prefer to live along wetland edges [113], while others need a
constant supply of water and could be found only in the center of wetlands.
The ability to evaluate wetland hydrologic attributes (e.g., stage, surface area, wetted
perimeter and storage volume) is essential to predict the distribution of species that rely on
these wetted habitats. In concert with other factors, hydrologic threshold crossing-times have
important implications for determining the suitability of wetlands as aquatic habitat, and the
adaptive strategies of specific flora and fauna for coping with variable conditions in wetlands
[1][34] [131]. For example, particular ”specialist” plant species could only survive under
conditions with a small range of hydro-period (large TI ), while other ”generalist” pants could
readily adapt to a wide range of hydrological conditions. Third, wetlands form a network of
patchy habitats, linked together by flows of water and material. Surface and subsurface water
can link wetlands, but animals and plants can also travel across the landscape, depending on
their mobility and life stages. Although it is widely recognized that wetland connectivity is
important for hydrology and biodiversity [160], conservation strategies and policies targeting
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wetland habitat patterns and dispersal network properties are still lacking. The possibility of
predicting which wetlands, or what portion of the landscape could be altered or lost, would
help in developing strategies for the conservation and the maintenance of these habitats.
Natural ecosystems such wetlandscapes are vulnerable to climate variability and will be
likely impacted by projected climate changes [40] [41]. Among the advantages of proposed
model is evaluating the temporal dynamics of wetlandscapes and the possibility of predicting
the impacts of climate change or anthropogenic activities. Variation in hydro-climatic forcing
such as increasing global temperature would lead to an increase in the evapotranspiration
rate, and thus the aridity index. As a consequence, I expect a shift in the hydrologic
conditions of wetlandscapes towards drier regimes, with smaller wetted area and enlarged
mean separation distance among the wetlands. If elevated temperatures are also accompanied
by an increase mean rainfall, there would only be a small change in aridity index. Based
on the projections on climate changes proposed by the Intergovernmental Panel on Climate
Changes, IPCC, I simulate wetlands dynamics under three possible scenarios by comparing
the distribution of two wetlandscape attributes: total wetted area, and nearest neighbor.
The results showed that the solely variation in temperature and rainfall are not sufficient to
cause a drastic change in wetlandscape regime (Figures 4.9 and 4.10). Indeed, the aridity
index (ratio between ET and mean rainfall input), which is the only parameter that varies,
does not change sufficiently to observe a considerable difference from the current condition.
The only exception is Florida, where the aridity index increases more than three times
compared to the current conditions. Indeed, here the high temperatures cause the largest
shift in the mean ET under the three possible scenarios prescribed by the IPCC. In all the
other wetlandscapes, the variation in the aridity index is small (∆Φ <2.0), and, therefore,
the resulting differences in p(A) and p(D) are small. Soil properties, wetland shape and
groundwater influence are other fundamental factors affecting the hydrological variability in
wetlandscapes. However, the simulations did not consider the possibility of changes in land
use due to urbanization or agriculture. The soil properties are maintained throughout the
simulations, as well as wetland presence and properties.
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This analysis showed the direct effects of climate change (i.e. increase in aridity index).
However, what could drastic change the size and spatial distributions of wetlands are the
indirect effects of climate change. The increase in the global temperature would affect the
yield of agriculture, increasing the demand of water-resources from the surface or subsurface
waters. For example, an increment in groundwater withdrawal would increase the hydraulic
potential between wetlands and their shallow water table, causing a larger loss of water from
wetlands. In addition, the sea-level rise induced by global warming, which is driving thermal
expansion of seawater and the melting of land-based ice sheets and glaciers, would have
a strong impact of the coastlines that host several wetlands (e.g., Florida and Louisiana).
These ephemeral wetlands could rapidly disappear as the sea level erodes the coastal zones.
Variation in temperature and moisture are the two most prominent components of climate
that impact amphibian biology directly [161]. The amount and timing of precipitation
can dramatically affect the yearly reproductive output of an amphibian population. Mean
daily rainfall hP i is the product of mean rainfall depth (αp ) and mean rainfall frequency
(λp ), variability in both represented with exponential probability density functions. Thus,
for several combinations of αp and λp rainfall hP i remains the same, but the ecological
consequences to amphibians would play out differently. Inadequate precipitation and dry
conditions due to the elevate temperatures would reduce pond size, affecting food supply,
density of tadpoles, size at metamorphosis and subsequent post-metamorphic effects [162].
Persistent dry conditions and high temperatures would also increase amphibian mortality
and limit dispersal ability. Further, temperature variability induced by climate changes could
cause an increase susceptibility of amphibians to infectious disease [163].
The effects of anthropogenic activities can also alter wetland dynamics by modifying soil
properties (e.g., increase impervious area) and the interaction between surface and subsurface
waters. Temporal changes in land-use and land-cover from human activities (e.g., urbanization, intensive agriculture) contribute to variation in wetlands size and spatial distribution.
During the period from the 1780s to the 1980s, half the wetlands in the conterminous United
States disappeared [63]. Many remaining wetlands were modified, and their distributions altered [46] to accommodate human activities. Acceleration of such effects will be reflected
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in further loss of important ecological services wetlands provide, and contribute to habitat
fragmentation and loss of biodiversity.
The temporal dynamics of wetlandscapes are of fundamental importance from an ecohydrological perspective. Similar to river networks, wetlands should be also seen as ecological
corridors that integrate hydrologic, geomorphologic and ecologic dynamics [120]. The extension of metacommunity models widely adopted in riverine literature [119] [4] to evaluate
large spatial biodiversity patterns in wetlandscapes requires a proper identification of the
dynamic and heterogenous aquatic habitats and the dispersal networks that connect them.
Wetlands can be viewed as discrete aquatic habitats that occupy specific positions in an
otherwise undifferentiated space and could act as ecological corridors to favor the dispersal
across the landscape. In this perspective, integrating stochastic models for landscape hydrology to study the temporal variability in wetlands attributes (e.g., stage, surface area
and storage volume) with ecological network theory [3] [27] [105] allows for characterization
of the spatiotemporal dynamics of habitat distribution and connectivity (e.g., separation
distance among wetlands) that is essential to meta-communities.

4.5

Conclusions and future perspectives
In this chapter, I investigated temporal hydrologic variability in wetlands and wetland-

scapes spread across the United States characterized by different climate and geologic legacy.
The models described aim to quantity the effect of temporal hydrologic variability in wetlands attributed (stage, surface area and storage volume), as influenced by stochastic forcing
(rainfall and ET) with connectivity (or not) to surrounding upland or shallow groundwater.
These models can be defined by a limited set of dimensionless parameters that include the
main processes that drive variability in wetlands.
Based on the current database and other possible additional wetland data, I argue that
a new classification scheme to group wetlands in specific class could be proposed using the
dimensionless parameters. The main driver of this variability is the normalized aridity index.
A wetland in a humid climate (low Φ∗ ) is likely to have lower variability in its hydroperid,
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as the timing and the amount of rainfall are less variable in humid and tropical climates as
compared to semi-arid and arid climate. Permanently flooded wetlands are likely to be large
wetlands located in humid and tropical climates and positioned in landscapes such that they
have large contributing area. Seasonal and ephemeral wetlands are likely to be midsized or
small wetlands in semiarid and arid climates, where the total net radiation energy exceeds
the amount of water available for evapotranspiration (high Φ∗ ).
Another fundamental process is represented by the influence of the wetland bottom sediment layer, which affects the values of ε1 ,and ε2 . As resistivity of the wetland bottom
sediment layer increases, the influence of the groundwater decreases and, therefore, rainfall
and ET will be the most dominant drivers of wetland dynamics. On the other hand, when
an exchange of water between these two systems is observed, porosity of the soil, capillary
fringe and soil recession constant will be fundamental in the definition of the parameters
that affect the shapes of pdfs and crossing times. Shape of the wetland (β and r) as well
as perimeter-area ratio (fractal dimension, D), have also to be considered for classification
purposes because they are of key importance especially from an ecological perspective.
Among the advantages of the proposed framework are its simplicity and generality, since
it can be easily transferred to any region, both at local-scale (single GIW) and landscapescale (wetlandscape). The precision of the model can be enhanced by using actual data not
only for the hydro-climatic forcing, but also for wetland geomorphic characteristics (e.g.,
permeability of the sediment layer and wetland shape). I was able to obtain this type of
data for the single GIWs in Florida, but it is more difficult to find data for landscapes
characterized by a presence of ∼ 1000 wetlands. This represent the main limitation of the
current work, since I did not have not available data for multiple wetlands at daily temporal
resolution that could have been used to validate the model. One possible way to overcome
this lack of data, and to avoid spending extensive time in field work campaign, is the recourse
to remote sensing techniques [28] [29] [30]. Indeed, here I started from a 2D map provided
by the NWI for wetlandscape, and I assigned the maximum area and perimeter of each
wetland based on their extent on these maps. For this reason, having a multiple set of maps
of the same region for several snapshots, would be useful to detect the changes in the total
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wetlandscapes dynamics. Despite the apparent simplicity in getting remote sensing images
from satellite data (e.g., Landsat, MODIS) that are growing in number, precision and usage
in environmental science, the proper identification of wetlands is still challenging. Indeed,
wetlands are transitional habitat between dry and wet condition, and the majority of them
are strongly associated with vegetation that can cover partially or completely the water
surface, making their identification more difficult.
Despite the limitations due to the lack of data, I am confident that the proposed study is
a good starting point towards a robust representation of the hydrological spatial variability
in wetlandscapes that is of fundamental importance to evaluate the current eco-hydrological
status of landscapes as well as their future trajectories. These analyses may help in the
development of a general approach to classify wetland hydrologic regimes, and in prediction
of the likely ecological response of wetland ecosystems to unsteady external forcing. For
example, the proposed framework could allow for a theoretical analysis of the expected shift
in vegetation species in response to climate change scenarios, or how amphibian population
dispersal and survival patterns are influenced by current hydro-climatic patterns (see Chapter
5).
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5. ECOLOGICAL DYNAMICS OF WETLANDSCAPES
5.1

Introduction
Wetlands are among the most biologically diverse ecosystems, serving as home to a wide

range of plants and animal life. Wetlands and their surrounding terrestrial habitats are
critical for conservation and management of aquatic and semiaquatic species [86]. Among
the most important factors affecting the biota is the duration of flooding [89]. Wetlands
often encompass a wide range of hydrologic conditions within a region (e.g., from shallow
temporary ponds to deeper permanent waters). This leads to a diversity of habitat types
and quality, both within and among wetlands [5]. Ecologists have long recognized this
environmental gradient as a critical axis along which aquatic communities are organized [90].
Virtually every type of animal known to inhabit freshwater is also known to have a restricted
distribution across this habitat gradient. The restricted species distributions and turnover
in community composition along the gradient result largely from a relatively few important
constrains on the life-styles of aquatic animals [23].
Changes in community structure along this freshwater habitat gradient are determined
by the coupled effects of physical environmental factors that limit the potential breadth of
species distributions and biotic interactions that determine the realized success of species. At
the broadest scale, physical factors constrain the potential pool of community members by
eliminating species unable to cope with the physical stress. In ephemeral wetland habitats,
the need to cope with periodic drying imposes severe constraints on a species behavior,
development, and life history [111]. Importantly, this constraint prevents colonization by
many key predators found elsewhere on the gradient such as fish that are highly susceptible
to pond drying. Temporary pond habitats thus often contain fewer predators than do more
permanent habitats. Aquatic habitat connectivity facilitates animal dispersal, genetic flow
and multiple other ecological functions of a landscape [101], and is essential for wildlife
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population survival and reduction of extinction risk [103]. Connectivity is a central concern
in landscape conservation biology because wildlife habitats are being lost and fragmented
for several reasons, including rapid urban development, denser transport infrastructure, and
expansion of intensive agriculture [100]. A major effect of such fragmentation is the loss of
connectivity between dispersed habitat patches used by species to obtain food resources or
as breeding sites over multiple time scales [11].
In this perspective, I want to investigate how do hydrological variability and landscape
spatial heterogeneity could impact the variation in wetlandscape connectivity, which affects
the dynamics of ecological species that live, breed and disperse in different wetlandscapes.
Variations in wetlandscape attributes due to stochastic hydro-climatic forcing are reflected
in highly dynamic habitat attributes (heterogeneous wetland nodes), which in turn produce dynamic, stochastic dispersal networks. Such spatiotemporal variability in landscape
eco-directly influence: wetlandscape habitat carrying capacity, diversity, connectivity, persistence and accessibility. These factors influence aquatic species dispersal dynamics, and
metacommunity persistence. To address these questions, wetlands are viewed as discrete
aquatic habitats that occupy specific positions in the landscape and could act as ecological
corridors to favor species dispersal. Wetlandscape hydrological variability is evaluated using
stochastic approaches to simulate the temporal dynamics of wetlands attributes in terms
of stage, surface area, perimeter and storage volume. Then, their degree of connectivity
is assessed using network theory. Finally, ecological dynamics of aquatic communities that
occupy freshwater bodies as wetlands are investigated using metapopulation models.
The main novelty of the proposed research is to investigate the spatiotemporal dynamics
of ecological species that inhabit the wetlandscape. Analysis of dispersal network topology provides new and straightforward way to quantify the resilience of metapopulations to
patchy habitat loss, and the identification of keystone patches that are critical to landscape
connectivity and hence population persistence [106] [107]. In particular, while the characterization of the species presence or absence in patchy habitats has been the focus of several
works [3] [4], studying how the effects of a dynamic landscapes would impact also the ecological dynamics of species that populate these landscapes represent an important step forward.
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However, a proper modeling of the ecological dynamics in wetlandscapes, requires at first a
robust knowledge of the hydrological and spatial dynamics of the wetlands spread across the
landscape. For this reason, the representation and quantification of the hydrologic response
of wetlandscapes to variable hydro-climatic forcing is the first building block of the study.
One critical aspect of the current work is its suitability to different case studies. Here, the
models are tested in several study regions spanning a wide range of climatic and geologic conditions, and in within in each region that span the regional range of geomorphic variability
and connectivity.

5.2

Methods
Wetlandscape hydrology represents the basis of all the frameworks proposed to analyze

wetlandscapes ecological dynamics. The different models to assess structural and hydrological variability of wetlandscape have been already investigated in Chapter 3 and Chapter 4.
For this reason, in what follows the focus is on an ecological perspective.

5.2.1 Network-based models
Identification of critical wetlandscape elements usually requires investigating the link between wetland structural analysis and the functional response of species to landscape habitat
patterns. Quantifying this linkage using field work requires extensive time and data to characterize species responses to local details of landscape structure [104]. Among different
methods proposed, graph theory [105] is emerging as promising tool for conservation planning in fragmented landscapes. Networks have been used to represent spatial relationships
among patchy habitats [3] and among individuals on landscapes [27] for focal species. Network theory is a suitable tool to represent a landscape of habitat patches as a set of nodes
(wetlands) connected to some extent by links between nodes [3]. A link is established if and
only if there is a potential for flux between the nodes.
How this connection has to be defined represents one of the main challenges for the ongoing research. All the connections among the edges of the graph are summarized in the
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adjacency matrix, A. This represent the most important attribute of a network. It can be
a binary matrix in which each element is defined aij = 1 if nodes i and j are connected,
otherwise aij = 0. The diagonal of the matrix is set to zero to avoid self-loops. Instead,
when we want attribute more value to certain edges, weights are assigned according to specific
criteria. For example, the adjacency matrix can be associated with the distance matrix, D.
In this way, those nodes (wetlands) that are more distance will receive a higher value of
weight, which implies a great effort to be reached by a particular species. Another example
is the so-called dispersal probability matrix, P, which expresses the probabilities that an
individual in node i will disperse to node j. Following Urban and Keitt [3], this probability
matrix can be constructed based on the distance matrix as:

pij = e−θdij

(5.1)

where θ is a distance-decay coefficient that is related to the dispersal ability of the species,
and dij represents the distance between a given pair of wetlands i and j.
The adjacency matrix can be censored by choosing a threshold distance. In fact, in
several studies [27] [100] [110] the connection between the nodes was only generated if the
least-cost distance corresponded to a cost below the maximum dispersal distance [11] or
a certain dispersal probability. The dispersal matrix can be also related to the patch size
array, because dispersal flux depends not only on the probability of dispersal but also on
the source strength of the donor patch. Another possible way to construct a network in a
patchily habitat is by using the minimum spanning tree (MST). A minimum spanning tree
or minimum weight spanning tree is a subset of the edges of a connected, edge-weighted
undirected graph that connects all the vertices together, without any cycles and with the
minimum possible total edge weight.
Once the structure and the topology of the network has been defined, it is necessary
to quantify the degree of connectivity among wetlands nodes, to identify which are the
key nodes, to assess the robustness of the network and its overall traversability. For these
purposes, I selected a certain number of graph metrics to assess the status of wetlandscape.
Among these, node degree and betweenness are probably the most widely used. Node degree,
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k, quantifies the number of links (edges) incident to a node. The higher the value of k, more
connected is a node to all other nodes in the graph. From an ecological perspective, patches
with low degree may be more prone to extinction if their neighbors are removed rather
than the patches with higher k. Node degree distribution P (k) is a fundamental tool to
characterized the structure of a network. Complex networks can be generally divided in
two major classes: random networks and scale-free networks. Random networks consist of
nodes with randomly placed connections. These systems are characterized by a bell-shaped
(Poisson) node degree distribution, with the most nodes having approximately the same
number of edges. On the other hand, scale-free networks contain nodes with a very high
number of edges (i.e., hubs) whereas the majority of nodes are low degree nodes [164] [165].
In such networks, node degree distribution follows a power law.
Betweenness is a classical connectivity metric based on the counting of the shortest
paths crossing a focal element, given the paths joining all the pairs of nodes [Freeman 1979].
Patches that are characterized by high value of betweenness are the so-called steppingstones. These patches are fundamental because they can control flow across the network and
be critical for maintaining connectivity.
Ecological connectivity can be further analyzed by considering other two graph metrics:
size of the largest connected component, and network diameter. The first metric indicates
the largest subgraphs present in the whole network. When this value is large, there is
a high probability for a species to travel long distances in the landscape. In this case,
the wetlandscape is potentially reachable from every single wetland. Instead, when the
size of the largest component decreases, the network is fragmented in several disconnected
subgraphs. Then, the overall reachability of the wetlandscape diminishes. A graph diameter
is the longest path between any two nodes in the graph, where the path length between
these nodes is itself the shortest possible path. It can be considered an index for the overall
traversability of the habitat mosaic.

113
5.2.2 Metapopulation models
Because wetlands often occur in discrete patches within a matrix of upland habitats [9],
many species of wetland-dependent organisms live in multiple populations that occasionally
exchange individuals through migration, that is, in metapopulation [97] [98]. The degree of
isolation between wetlands (inter-patch distance) has a fundamental effect on a metapopulation, since this influences dispersal. Habitat connectivity and inter-patch distance has
important demographic implications for wetland species. When a specific wetland is dry and
does not provide a suitable habitat for a certain species, this species is forced to migrate
towards another wetland where the conditions are more favorable to its survival.
In addition, a specific wetland could also be full of water, but still it cannot provide
enough resources to all the species that are present. Indeed, every wetland could host a
determined number of species and individuals; after this limit is overcome, the individuals are
forced to move and migrate towards wetland habitats that could provide enough resources.
This limit is called carrying capacity, and it represents the maximum population size of the
species that the environment can sustain indefinitely given the food, habitat, water, and
other necessities available in the environment. Carrying capacity should not be viewed as a
fixed unit, but as a dynamic variable that fluctuates based on the hydrological variability of
the pool. Therefore, there is a functional relationship between wetland hydrological attribute
(e.g., perimeter) and habitat availability. Here, I assumed that the carrying capacity, K, of
√
each wetland is proportional to its perimeter, P, as K= P .
The total amount of habitat in the fragmented landscape is often a good predictor of longterm metapopulation dynamics. Metapopulation approaches are important to conservation
biology because they provide an empirical basis for assessing the influence of habitat patch
geometry and connectivity on local and regional population persistence [160]. Metapopulation models have been applied to several type of species, ranging from protozoa to butterflies
and grizzly bears [166]. Despite the difference among all the possible species that could live
and breed in patchily habitats, the basic governing equation of any metapopulation, M,
was presented in Eq. 2.1. The generality of Eq. 2.1 allows for covering a wide range of
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species that could live and breed in landscapes. In particular, Species have adapted to their
environments and hence, the distribution of species abundance in space reflects the match
between the environment and the species ecological requirements [166]. In this perspective,
wetlandscape architecture could potentially drive natural selection of species that are more
adapt to cope with these adverse conditions.

5.3

Construction of the landscape network based on wetlands ecotones
Network theory is a suitable tool to represent a landscape of habitat patches as a set of

nodes (wetlands) connected to some extent by links between nodes [3]. An edge is established
if and only if there is a potential for flux between the nodes [109]. Here, I conceptualize this
flux as the potential dispersal of aquatic species from one wetland to another. Accordingly,
two wetlands are linked if the distance between them is less than or equal to the maximum
distance defined by the dispersal kernel [27] [110]. I investigate wetland connectivity for
species dispersal by constructing the network based on either the edge-to-edge distance, E2E,
[167] and the centroid-to-centroid distance, C2C [3] [27] [106]. These approaches (Figure 5.1)
represent the end-members of a spatial gradient of ecotones, which are the preferred habitat
zones within wetlands occupied by diverse species. Wetlands edges are key habitats for
species, such as amphibians, that are more associated with water and wetlands than are
most reptiles, birds or mammals. Most anurans (i.e., frogs and toads) and many caudates
(i.e. salamanders and newts) lay their eggs in shallow water near shorelines, have aquatic
larvae, and inhabit forests or other uplands habitats as adults [111]. For dispersal of birds
that preferentially feed in open water, the network should be constructed based on the
centroid of the wetlands that coincides with open water surfaces. In the latter case, the
dispersal kernel will be much larger than that for amphibians [112]. Similar considerations
may be extended also for plants associated to wetlands. Indeed, certain type of plants prefer
habitats along wetland edges [113], while other emerged or submerged vegetation are found
only near the wetland centers (e.g., cypress domes).
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Figure 5.1. Comparison between the construction of the wetland network
using the Edge-to-Edge (cyan) and the Centroid-to-Centroid (red) criterion.
The black regions in (B) and (C) represent the active wetlands in the landscape. A further magnification of the different type of connection is showed
in panel (C), where the zonation of a real wetland is reported to emphasize
the importance of different parts of the same wetland.

The novelty of this approach is in considering the dynamic spatial network of heterogeneous wetlands governed by the fluctuations of hydroclimatic forcing. Previous studies modeled wetlandscape temporal dynamics by simulating the progressive drying of small flooded
ponds [27] or by constructing a spatial network based on surface-water habitats estimated
from Landsat satellite imagery [28] [29] [30]. Here, I use a DEM-based approach to describe
spatiotemporal hydrologic dynamics of wetlandscapes. In particular, the occurrence of active
wetlands (node in the spatial network) in a landscape with a specific topography depends on
the hydro-climatic conditions [83] [131] [132] influencing groundwater fluctuations, and thus
wetland hydrologic and habitat variability. The temporal dynamics of the wetlandscape network are of fundamental importance from an eco-hydrological perspective. Similar to river
networks, wetlands represent ecological corridors that integrate hydrologic, geomorphologic,
geochemical and ecologic dynamics [120]. The extension of metacommunity models widely
adopted in riverine literature [4] [119] to evaluate large spatial biodiversity patterns in wetlandscapes requires a proper identification of the dynamic and heterogenous aquatic habitats
and the dispersal networks that connect them. In this perspective, this study is a starting
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point towards a robust representation of the ecological network that constitute the backbone
for ecological models based on the concept of metapopulation.

5.3.1 Creation of the stochastic network
Evaluating the hydrological dynamics of a wetlandscape is essential for constructing the
wetland dispersal network. Here, using the GWD model, I simulate hydrological dynamics
of five 30×30 km landscapes across the United States. These landscapes are characterized
by an abundance of wetlands and represent a wide range of environments with diverse wetland types, such as cypress domes (Florida), prairie potholes (North Dakota) and Delmarva
potholes (Delaware), basin wetlands (Minnesota) and playa lakes (Texas). Aquatic habitat
suitability and integrity is determined by (1) number of active wetlands, (2) wetted perimeter
(3) habitat carrying capacity.
The number of active wetlands and the wetted perimeter are fundamental to describe the
density and the shape of the patchy habitats dispersed in wetlandscapes. A higher density
of wetlands provides more solutions for species dispersal, and larger number of wetlands
offer habitat diversity and higher carrying capacity. Species migrate among wetlands for
effective use of resources. Wetland perimeter is an index for habitat availability for semiaquatic species, such amphibians associated with these transitional wet and dry habitats
surrounding wetlands [168].
Here, I analyze how the number of wetlands and their total wetted perimeter vary for
different groundwater levels, zgw (Figure 5.2). In this framework, zgw is allowed to vary
both in response to seasonality of climate and individual rainfall events recharging shallow
groundwater. In all the examined landscapes, the number of wetlands and their total wetted
perimeter show a unimodal dependence on the groundwater level. In general, two different
groundwater levels that maximize number of active wetlands, zaw , and the total wetland
perimeter, ztp , (e.g., N. Dakota, Minnesota and synthetic landscape) exist, while, in some
cases, the two peaks are close together (Delaware and Texas) or completely superimposed
(Florida). The sharp peaks observed in Figure 5.2 suggest that small variations in the
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groundwater level cause a rapid shift both in the number of active wetlands and their total
wetted perimeter. For this reason, the knowledge of how these two attributes vary according
to hydroclimatic forcing is important for quantifying the status of the wetlandscape.
Under arid conditions (e.g., zgw < zaw ) fewer active wetlands are present, and the total habitat available for dispersal is limited by a low total wetted perimeter. In addition,
separation distance among active wetlands is too large relative to the dispersal kernel, thus
preventing species dispersal. For extreme wet conditions (e.g., zgw > ztp ), the landscape will
be flooded and only few large wetlands are present; thus, the total habitat available is low
due to the limited perimeter of these few large wetlands.
Optimal conditions for species dispersal in wetlandscapes result as a trade-off of these
end-member configurations, and require both a large number of active wetlands and large
total wetted perimeter. Negative exponential dispersal kernel implies many short movements
and only few long ones [169].Thus, a large number of wetlands with diverse shapes allows
dispersal options required for the persistence of aquatic species like amphibians.
I expect such optimal conditions when groundwater level fluctuates within the range
[zaw ;ztp ], and aquatic species have multiple habitat choices to live, breed and disperse. In
concert with other factors, hydrologic thresholds have important implication for determining
the suitability of wetlands as aquatic habitat, and adaptive strategies specific flora and fauna
need to adopt for coping with variable conditions in wetlands. For example, particular ”specialist” plants species could only survive under conditions with a small range of hydroperiod
(e.g., [zaw ;ztp ]), while other ”generalist” could readily adapt to a wide range of hydrological
conditions.

5.3.2 Evaluation of Ecotone Connectivity
Active wetlands are the patchy habitat nodes in the dispersal network. The network
topology is of fundamental importance for amphibian dispersal. I analyzed wetlands network
topology by examining the node-degree distribution, p(k), for different groundwater levels
(zgw ) in all the six landscapes (Figure 5.3). The sensitivity of p(k) to zgw variation in the
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Figure 5.2. Application of the groundwater-dominated model to five natural
landscapes and to one synthetic generated. Comparison between the temporal trend of the number of active wetlands (blue) and the total perimeter (black) for different groundwater level. The dashed lines represent the
groundwater level which maximises the variable. More rapid is the merging
process, closer are these two peaks.

other landscapes is reported in Supporting Information. Here, networks were constructed
based both on the E2E and C2C criteria. The shape of p(k) obtained using the E2E criterion
varies from a lognormal distribution to a Pareto distribution depending on the value of zgw .
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In particular, p(k) is scale-free when zgw = ztp , in every case (except for Texas) with different
scaling exponents (2 < α < 3.5). Network topology based on E2E and C2C criteria converge
in Texas, where wetlands are mainly circular shape (fractal dimension, D = 1). On the other
hand, C2C networks have log-normal p(k) in all the cases with limited differences among the
them.
Variation in the hydroclimatic forcing, and thus in the groundwater level, has different
effects on the E2E vs. C2C networks. In E2E network node geometry variability (e.g., wetted area and perimeter) is explicitly considered, and with rising water table more wetlands
emerge reducing the inter-patch distance. In addition, wetland area increases, inter-patch
distances decrease, thus facilitating the connections among previously isolated patches. Under these conditions, a small number of large wetlands act as hubs in the dispersal network
connecting several small wetlands, thus increasing the variance of p(k), reflected in shift from
lognormal to Pareto distribution. However, smaller wetlands with lower degree also serve
important function as ”stepping-stones” in dispersal pathways. If the groundwater continues
to rise (zgw > ztp ), several wetlands coalesce with few large wetlands with larger separation
distances. With fewer nodes and edges, p(k) variance is smaller, described by a log-normal
pdf.
The dispersal network using the C2C criterion is not as sensitive as the E2E approach to
variation in the hydroclimatic forcing because wetland centroids do not shift. Differences in
the topology of C2C and E2E networks are also related to the different separation distances
among wetlands; pdf of separation distance for E2E is negatively skewed, while that for C2C
shows the opposite trend. Pareto distribution in p(k) emerges in the E2E networks because
a majority of wetlands are connected by short distances, while few of them are connected
by large distances. When the pdf of separation distance coincides (e.g., Texas) the resulting
similar p(k).
Emergence of Pareto p(k) in E2E network is related to three key metrics of the wetlandscape: (1) number of active wetlands; (2) total wetted perimeter; and (3) distribution of separation distances among wetlands. All three are a function of the groundwater
level. Hydroclimatic forcing (e.g., severe droughts) as well as human-induced activities (e.g.,
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groundwater pumping) impact all three metrics, and thus the degree connectivity among
waterbodies. For example, by lowering the water-table, the number of active wetlands decrease reduce the habitat choices and diversity, and increase the separation distances among
wetlands, thus changing the accessibility of habitats for a given dispersal kernel .
Species dispersal ability is of key importance in building the network. These results
reported are for a species characterized by a negative exponential dispersal kernel, with a
mean of 200 m, representing an amphibian species (<100 m for terrestrial salamanders [170]
[171] to several hundred meters for frogs and toads [172] [173]). The proposed framework
can be adapted to several types of amphibians or other species just modifying the dispersal
kernel used to build the network.

Figure 5.3. Comparison between the total number of active wetlands and
total wetted perimeter in the synthetic generated wetlandscape. The dashed
lines coincides with the groundwater level used to evaluate the node degree
distributions. Node degree distribution for zgw = ztp in the five considered
wetlandscapes.

5.3.3 Fragmentation of Dispersal Network
The importance of connectivity within ecology has been recognized for decades [174].
Connectivity describes the interactions between landscape (habitat) structure and ecological
function (e.g. organisms movement, transfer and transformation pathways of energy and
matter) [175] and the degree to which landscape facilitates or impedes movement, transfer
and transformation processes among patches or ecosystems [176]. Node degree distribution is
useful to describe the structural connectivity of the wetlandscape network, but does not pro-

121
vide insights about the ecological connectivity of the network that could be fundamental to
assess the status of the wetlandscape and to implement plans for conservation or restoration
of wetland habitats.
Ecological connectivity was further analyzed by considering two graph metrics: (1) size
of the largest connected component, LCC, and (2) network diameter, ND. The first metric
indicates the largest subgraphs present in the whole network. When subgraph is large,
there is a high probability for a species to travel long distances in the landscape and thus
access more diverse sizes of wetlands. In this case, the wetlandscape is potentially reachable
from every single wetland. Instead, when the size of the largest component decreases, the
network is fragmented in several disconnected subgraphs. Then, the overall reachability of
the wetlandscape diminishes. A graph diameter is the longest path between any two nodes
in the graph, where the path length between these nodes is itself the shortest possible path.
It can be considered an index for the overall traversability of the patchy habitat mosaic.
The variation in network ecological connectivity (in terms of LCC and ND) for each
wetlandscape network created using the E2E and C2C criteria was tested for three different
type of node removal (wetland loss). For all these scenarios, wetlands were removed from
the optimal configuration for which zgw = ztp . This represents the groundwater level where
scale free node-degree distribution (E2E criteria) emerges, and wetlands are most efficiently
connected. In this way, the robustness of the scale-free network (E2E) is assessed to the loss
of wetlands due to anthropogenic factors. First, a defined percentage of nodes were randomly
removed from the original network (Figure 5.4 A-D). Random removal could be associated to
external agents such as the drainage of few wetlands for land use conversion or the spreading
of a disease (or contaminants) that make some wetlands unavailable for species dispersal. In
the second case, wetlands characterized by small area were removed (Figure 5.4 B-E),. In
this sense, I could think as the action of extreme hot conditions that start to dry out first
the small wetlands through direct evaporation, and then eventually affect the larger ones.
Finally (Figure 5.4 C-F), I have deleted from the original graph wetlands starting from those
nodes characterized by the highest degree (i.e., hubs). Hubs removal is typical of network
science to evaluate the resilience of complex systems. In this way, it is possible to evaluate
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the response of the landscape connectivity when its fundamental nodes are removed from
the network.
Network fragmentation with various random and ”targeted” node removal has been well
studied for both scale-free (here, E2E) and ”random” (here, C2C) configurations. In the
following, I examined the ecological dispersal consequences of node removal in E2E configuration. Network fragmentation is most likely under targeted ”hub” removal, while random
removal of network nodes causes least disruptions. For wetlandscape E2E dispersal networks
(Figure 5.4 A-B-C), hub removal produces causes a large decrease in the size of the largest
component, while networks are more resilient to targeted removal of small wetlands with
low node-degree (Figure 5.4B). Random removal (Figure 5.4A) lies in between the previous
two conditions. The size of the largest component decreases with random removal but not
as fast as for the hub removal. The long decrease observed in Figure 5.4A are due to the
random removal of a hub. However, only after that 80% of wetlands are removed the size of
the largest component goes to zero.
Random node removal affects the length of the network diameter in two different ways.
When fewer nodes are removed, the diameter tends to increase, but the diameter decreases
with removal of increasing fraction of nodes. This means that the initial wetlands removed
were stepping-stones which reduce isolation among habitat patches within the wetland network [65] [58]. Dispersal distances within network from wetland i to wetlands j become
longer and more convoluted. On average, the maximum path length that could be traveled
within the wetlandscape decreases, and species are now constrained in a narrower habitat,
because access to a part of the initial habitat has been lost.
Targeted removal of wetlands based on their area (Figure 5.4E) does not affect the length
of the diameter in the wetlandscape networks until almost 60% of the small wetland are
removed, and diameter begins to decrease. As expected, targeted hub removal causes a
rapid decrease in the diameter of the different wetlandscapes network (Figure 5.4C). C2C
networks were also analyzed following the same node removal investigated in Figure 5.4, and
the results are reported in Supporting Information.
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Generally, E2E networks are more robust that C2C networks because the nature of the
power law distribution implies that the majority of the nodes have only few links [165].
However, scale-free networks are more sensitive to targeted removal [164]. When hubs are
removed from this type of network, the overall connectivity decreases. The results confirm
this characteristic since the removal of the high degree nodes in the E2E networks (Figure 5.4
C-F) has a negative impact on network structure. Indeed, networks generated using the
E2E criteria behaves as scale-free networks. Instead, when p(k) is described by a lognormal
distribution (C2C) the network itself is less affected by this kind of removal. The loss of these
wetlands would not affect the overall traversability of the wetlandscape because there are
several other wetlands characterized by similar degree. Random removal has a large effect on
graph structure also for scale-free networks. This happens because the procedure may delete
network hubs that are fundamental for species dispersal, causing a severe fragmentation of
the wetland network, and a densification of species in the few remaining wetlands subgraphs.

5.3.4 Implications and Conclusions
Hydroclimatic forcing, manifested in shallow groundwater dynamics, is the dominant
driver of spatiotemporal fluctuations in hydrology of wetlandscape habitats, which in turn
impacts the dynamics of species dispersal networks. The results show that different criteria used to connect wetland nodes in the landscape significantly affects the topology of the
resulting dispersal network. When connectivity is based on the edge-to-edge criteria, and
when the groundwater level reaches a critical range for which the number of active wetlands
and the total perimeter are maximized, I observe the emergence of Pareto node-degree distributions if the fractal dimension of the wetlandscape is higher than 1 (i.e. wetlands are
not circular, as in Texas). Instead, asymmetric node-degree distributions (e.g. lognormal)
are observed when C2C configuration is used. Pareto node-degree distributions appears in
wetlandscapes for a small range of hydroclimatic conditions suggesting that this optimal configuration is highly sensitive to changes in shallow groundwater table, either from stochastic
hydroclimatic forcing during a year, or extreme drought or floods, and from land-use change
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Figure 5.4. Sensitivity analysis on the size of the largest component and
diameter for the six wetlandscapes to the random removal of nodes (left
panels), area removal (central panels) and degree removal (right panels).
The initial condition is the same in every landscape and it is the network
obtained from the E2E criterion when the groundwater maximizes the total
perimeter. The 1:1 line indicates a linear decrease of the network metric with
the removal type.
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(e.g., groundwater withdrawals) or climate-change (e.g., increasing aridity) effects. Adapting
to such variable conditions with a sub-optimal dispersal network and habitat distribution is
essential for co-evolution of resilient aquatic metacommunity.
The difference observed in the structure of E2E and C2C networks affirms that node geometry and heterogeneity is a critical feature when determining network topological metrics.
Using patch centroids may bias the spatial location of nodes, for example, when patches tend
to be elongated in shape (D>1), or inter-patch distances are small relative to the patch dimensions [177]. Two-dimensional node geometry (E2E networks), permits greater accuracy
in identifying the connection between patchy habitats because distances between nodes can
be calculated between patch boundaries rather than centroid [178]. This is especially true
for wetland systems [113] but it is transferable to all types of patchy habitats. However, this
differentiation becomes irrelevant for circular objects (e.g., wetlands in Texas) or when the
dimensions of the spatial domain is several orders of magnitude larger than node size.
C2C and E2E networks may be viewed also as the representation of two different dispersal strategies within the same wetlandscape. In particular, they could represent the two
end-members of a spectrum of dispersal strategies of several species that rely on different
zones of wetland habitat. Evaluating wetlandscape connectivity is dependent on the type of
species of interested, since, for the same wetlandscape, different types of species could have
their own connected network. Connectivity is a fundamental determinant of many ecological
processes [17] including population movement [166], changes in species diversity [179] and
metacommunity dynamics [180]. Coupling wetlandscape hydrologic variability with network
theory allows for a dynamic characterization of the spatial wetland distribution and connectivity that is essential for every metapopulation model. In this perspective, this contribution
may serve as the basis for the development of metacommunity studies that aim to evaluate
the impact of climatic forces on landscape biodiversity, where wetlands constitute essential
ecological corridors for species dispersal.
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5.4

Application of network-theory and metapopulation model to assess amphibians distribution and persistence in wetlandscapes

5.4.1 Amphibians life cycle
Among the different types of species that inhabit wetlands, the focus here is on amphibians, ecological dynamics. It is widely accepted that amphibians are experiencing world-wide
declines in abundance and diversity [181]. Primary reasons for declines include the spread of
invasive species, infectious disease outbreaks, patterns of global climate change, and human
land use practices. Of these, human land use is arguably one of the most readily identifiable
negative impacts on amphibian populations. Amphibians, such as frogs and salamanders,
breed and lay eggs in wetlands during short breeding season lasting only few days or weeks
and during the remainder of the year emigrate to terrestrial habitats to forage and overwinter [86]. Wetland loss and habitat fragmentation may exacerbate the negative impacts
associated with other causes of declines, resulting in decreased mating success and increases
susceptibility to other biotic and abiotic factors. Amphibian population dynamics is largely
determined by the success of individual dispersal among breeding sites, which in turn depends on the spatial distribution of wetlands [160] [86]. Although amphibians cannot migrate
long distances due to physiological limitations induced by water loss and thermoregulatory
need, dispersal distances may not be as limited as has traditionally been suggested. As a
group, amphibians exhibit a wide range of dispersal distances [169]. Patterns of variation in
distances traveled appear related to life-history differences between major taxonomic groups.
In general, the plethodontid stream salamanders (e.g., Desmognathus fuscus, Eurycea bislineata, Eurycea longicauda), although migratory at some stage of their life cycle, remain
close to the edges of ponds and stream and seldom move more than 20-30 m from aquatic
habitats. Alternatively, some species of frogs, toads, and newts are highly vagile and move
1000-1600 m (e.g., Bufo bufo, Rana catesbeiana, Notophthalmus viridescens). The majority
of the remaining species use intermediate distances, where they emigrate to find suitable
habitat. The overall core terrestrial habitat for amphibians range from 159 to 290 m from
the edge of the aquatic site [86].
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In what follows, I consider how the hydrological variability and landscape spatial heterogeneity impact the variation in wetlandscape connectivity, which affects the dynamics of
amphibians that live, breed and disperse in different wetlandscapes. The dynamics of amphibian population are investigated by adapting Eq. (??) for different age classes of the same
metapopulations. Amphibians are divided in four age-classes that are eggs (E), tadpoles (T),
juveniles (J) and adults (A). Eggs and tadpoles lack of the dispersal term, D(M) since they
are only characterized by an aquatic phase, while juveniles and adults can move on upland,
where their net growth term NG(M) is also affected by the presence of terrestrial predators.
One fundamental characteristic of tadpoles dynamics is that their presence is also affected
by the presence of fish. Fish rarely occur in temporary aquatic environments because these
habitats are subject to seasonal drying, and thus, most species are unable to colonize or
withstand the harsh abiotic conditions (e.g., low oxygen levels, low conductivity, extreme
temperatures, drying) associated with temporary wetlands [182]. Despite the difficulties,
colonizing fish may benefit from abundant food resources (e.g., tadpoles) and few potential
competitors [8], at least until wetlands drawdown. For this reason, in all the simulations,
fish presence is only possible in those wetlands with maximum depth larger than 20 cm, and
when there is water inside the pools. Once that wetlands experience drought, all fish die and
they cannot recolonize these wetlands. The system of equations governing the dynamics of
amphibians metapopulation is defined as follows:
dEi
= bPw rE AR − (µE + ρE )Ei
dt

(5.2)

dTi
µT 2 Ti
= ρE Ei − (µT 1 +
+ ρT )Ti − γTi Fi
dt
Ki

(5.3)

dJi
µJ2 Ji
= ρT Ti − (µJ1 +
+ ρJ )Ji − DISP
dt
Ki

(5.4)

dAi
µA2 Ai
= ρJ Ji − (µA1 +
)Ai − DISP
dt
Ki

(5.5)
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dFi
µF 2 F i
= ρF Fi − (µF 1 +
)Fi
dt
KF,i

(5.6)

The parameters associated with each equation are explained in Table 5.1.
Table 5.1. List of the parameters used in the metapopulation model that
separate the life cycles of amphibians.
Parameter

Explanation

Value

b

Mean number of eggs per ovipostion

20

rE

Oviposition rate [d−1 ]

0.20

PW

Perimeter

[0;1]

AR

Number of gravid adults

Ai /3

µE

Eggs natural mortality [d−1 ]

0.30

ρE

Hatching rate [d−1 ]

0.70

µT 1

Tadpoles natural mortality [d−1 ]

0.15

µT 2

Tadpoles density dependent mortality [d−1 ]

0.35

ρT

Conversion into juveniles [d−1 ]

0.5

γ

Predation of fish an amphibians

0.005

µJ1

Juveniles natural mortality [d−1 ]

0.15

µJ2

Juveniles density dependent mortality [d−1 ]

0.25

ρJ

Conversion into adults [d−1 ]

0.60

µA1

Adults natural mortality [d−1 ]

0.10

µA2

Adults density dependent mortality [d−1 ]

0.20

ρF

Intrinsic growth rate of fish [d−1 ]

0.20

µF 1

Fish natural mortality [d−1 ]

0.10

µF 2

Fish density dependent mortality [d−1 ]

Ki

Carrying capacity for amphibians in wetland i

KF,i

Carrying capacity for fish in wetland i

0.20
p
∝ PW,i
p
∝ AW,i
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The proposed metapopulation model is applied to investigate amphibians dynamics in the
six wetlandscapes described in Chapter 3 (Figure 3.6). The bulk of studies on network and
metapopulation have assumed fixed structure through time. While this is a good assumption
for several systems, spatial networks of temporary wetlands are highly variable in time. For
this reason, I simulated wetlandscape hydrological dynamics following the systems of Eqs.
4.1 and 4.2 and by considering the variability of the network by connecting wetlands on the
basis of their edge to edge distance. In this way, the stochasticity of hydro-climatic forcing
will cause a stochasticity both in the wetlandscape response and in its corresponding spatial
network.

5.4.2 Definition of the wetlandscape network
Dispersal represents a key process for amphibians metapopulation persistence. When a
wetlands habitat is no more suitable (e.g., dry or absence of resources), amphibians need
to migrate. In Eqs. 5.4 and 5.5, the term DISP represents the possibility for a determined
amphibian class (juveniles and adults) to disperse. The direction of this movement is essentially function of the network imposed over the wetlandscape. I started from a complete
graph, which means that every wetland i, is connected to all other wetlands N-1 (where N
is the total number of wetlands). Here, each edge is weighted by the edge-to-edge distance
between any given pair of wetlands. Then, the actual structure of the dispersal network is
given by the Minimum Spanning Tree, defined as the subset of the edges of a connected network that connects all the nodes together without any cycles and with the minimum possible
total edge weight. The direction of the links (i.e., the direction of movement for species)
is assigned by considering a preferential movement from small wetlands to large wetlands.
In this way, an oriented graph is constructed. At every time step, a species can move with
some probability from a wetland to one of the adjacent wetlands, which are all the wetlands
that are connected to it through an inward or outward link. Following Bertuzzo et al., [119]
I define as Pout (Pin ) the probability that a species move from a wetland to another along an
outward (inward) link. Here, species move only once that they exceed the carrying capacity
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of a determined wetland. In this case, the probability Pij for a species to jump from wetland
i to one of its neighbors j could be expressed as:

Pout
dout (i)Pout + din (i)Pin
Pin
Pij =
dout (i)Pout + din (i)Pin

Pij =

if i → j

(5.7)

if i ← j

(5.8)

Where dout (i) and din (i) are the outdegree and indegree of node i, respectively. The bias,
b, of the transport [119], is here b = 0.5, meaning that Pout = Pin (b = Pout - Pin + 2Pout - 1).
It is essentially to remember that the computation of the network topology and connectivity
is repeated for every time step of the simulation, since the inter-patch distance, as well as
the number of wetland changes at every time.
The dispersal abilities of the species are not considered yet for the construction of the
spatial network. However, they come in play for evaluating how many individuals succeeded
in moving from one wetland to another. The proposed framework associated to the migration/dispersal of amphibians a penalty function [110]. All the species are still free to move
throughout the entire network; however, when the distance between two wetlands is larger
than a certain threshold, they are likely to die. Here, I have considered a maximum dispersal
ability of 500 m. This dispersal kernel is almost four times larger than the mean separation
distance in five of the six considered wetlandscape. Only Texas is characterized by a mean
separation distance larger than the maximum dispersal kernel (∼ 650 m). Therefore, I expect that species are more prone to disperse in these five weltandscape, while in Texas they
face more difficulties in their movement.

5.4.3 Results
Figure 5.5 summarizes the main findings of the hydrologic behavior in the six wetlandscapes. Wetlandscapes locate in humid regions (e.g., Maine) are characterized by a more
persistent presence and proximity, while arid zones showed drier regimes (e.g., Texas). This
tendency is manifested in the pdfs of wetland normalized area, p(A∗ ). As the aridity index
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increases, a shift in the shape of p(A∗ ) from monotonically decreasing distribution (California) to more left-skewed distribution (Maine) is observed. The pdfs of nearest neighbor,
p(N N D), (translated here to allow comparisons across the six landscapes (Figure 5.5B),
show small variability in the mean distance of the nearest neighbors in California, while
suggests a more variation in the distance of wetland nearest neighbors in Florida and Texas.
The patterns of mean inundation times, TI , is reported in Figure 5.5C. After the threshold
of five days, all the six wetlandscapes show a power law scaling, with different slopes. California is characterized by the most severe slope, and by the shortest maximum inundation
time (∼ 50 days for A∗ =0.1). On the other hand, N. Dakota and Maine show the longest
maximum inundation time, which coincides with TI =365 days. This means that during the
entire year, the wetlandscape is partially full with standing water.

Figure 5.5. Comparison among the pdfs of total wetted area, the pdfs of
nearest neighbors and the mean inundation crossing times in the six analyzed
wetlandscapes. The pdfs of nearest neighbors are translated by their mean
values for a clearer visual interpretation.

Figure 5.6 shows the temporal dynamics of the four amphibian age-classes for three years.
These dynamics were obtained by solving the system of Eqs. 5.2-5.6 in the six wetlandscapes.
The results are expressed in terms of the total population of each age class (i.e., E, T, J, A),
and I also reported the dynamics of fish predation. Since amphibian breed and reproduce
only in a specific period of the year, I decided to limit the oviposition of the considered
species to 3 months (April, May and June), and analyze how does this constrain affect the
metapopulation. It is clear how the limited possibility to reproduce strongly impacted the
metapopulation dynamics of eggs and tadpoles. Once that the breeding season is ended, we
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observe a drastic decrease of these individuals. Instead, juvenile, and especially adults show
a lag-phase that is induced by the metamorphosis from younger age-classes. Once that the
breeding season starts again the following year, also eggs and tadpoles come back.

Figure 5.6. Analysis of the effect of seasonality in the metapopulation dynamics for a determined species of amphibian. Here, I report the time series
of the number of eggs (E), tadpoles (T), juveniles (J) and adults (A) that
populate a wetlandscape. Fish (F), temporal dynamics are also showed.

One of the key aspect of the latter analysis is that seasonality is important when the
ecological dynamics of a determined species is analyzed. Indeed, if during the breeding
season the hydrologic status of the landscape is completely dry, there would not be any
potential habitat left for adults to lay their eggs. Then, in that specific year, all the four age
classes would show a decrease in their number, since the metapopulation is forced to skip
the breeding season.
Amphibians metapopulations are influenced by the climate and the spatial organization
of wetlands. Wetlands that are often inundated, and whose mean separation distance is
small, are more prone to sustain metapopulation. For instance, Maine, Minnesota and N.
Dakota are characterized by the larger metapopulations, and these landscapes are also characterized by small aridity index and mean separation distance, and by large mean inundation
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times (Figure 5.5). California is the wetlandscape characterized by the smallest size of the
metapopulation. The major cause of this tendency is high aridity index, which causes an
extended duration of the dry season, leaving the major part of wetlands empty. As a consequence, few habitat is left for oviposition during the breeding season, and small amphibian
metapopulation are sustained. The only chance for survival, is to adapt and co-evolve to
the seasonality of the hydroclimatic forcing.Thus, the same species that live and breed in
California and Maine, would be characterized by different time periods for breeding season.
Wetlandscape patterns are also analyzed in terms of species distribution. Figure 5.7
shows the CCDFs of adult amphibians in the six wetlandscapes. Florida and Minnesota are
the landscapes characterized by the longer tail in the abundance distribution. this is mainly
related to the presence of few big wetlands that act as an attractor for individuals. This is
also translated in the node-degree distributions, which show the presence of a high degree
node, i.e. hub. This hub is connected with several nodes and can act as a ”source” of species
in all the nearby wetlands (e.g., ”sinks”).
The CCDFs of adults abundance are compared in Figure 5.7, with the CCDFs of the
carrying capacity, which is obtained as the square root of the wetted perimeter. The dashed
lines in Figure 5.7 well represent the observed pattern of adults abundance in the majority of
the cases. This means that by knowing the perimeter distribution, and the functional relation
between the perimeter and the carrying capacity, we are able to estimate the abundance
of species in a landscape. Deviations from this pattern could inform about the status of
the wetlandscape, such as overexploitation of landscape resources (e.g., Minnesota), or the
availability of more resources if compared to what is currently exploited by species (e.g.,
large wetlands in N. Dakota).
Among the graph metrics that could be used to assess the variability in wetlands network,
betweenness give us a sense about the possible pathways that could be taken by species. In
particular, betweenness quantifies the number of times a node acts as a bridge along the
shortest path between two other nodes. Large betweenness nodes serve as stepping stones
to favor the dispersal of species through the entire network. In Figure 5.8, I selected four
different time instant where to evaluate the betweenness of the landscape network. The
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Figure 5.7. CCDFs for adults’ abundance in the six analyzed wetlandscape.
The dashed line represent the CCDFs estimated from the functional relation
between wetland perimeter and carrying capacity.

structure of the resulting network is similar among the four time frames. However, the
function of wetlands changes in these different scenarios, since wetlands that act as stepping
stones at time (2) are different from those at time (3). Some of the wetlands that are full
of water in a particular time instant may not be active during another period. This will
cause the fluctuation in the paths that could be taken by amphibians for traveling across
the network. Figure 5.8 represents a clear representation of the effects of the stochasticity
in hydro-climatic forcing, and how these are translated in a stochasticity of the dispersal
network. The landscape in which dispersal acts is the same in the four cases; what changes
is the hydro-climatic forcing that cause a contraction and an expansion of wetland size and,
therefore, a variation in their separation distance. This is of key importance for amphibians,
or other type of species, since the hydrologic variability could cause an increased ecological
isolation among wetlands.
The application of graph-theoretical approach to evaluate wetlandscape connectivity and
ecological dynamics shows how and where amphibians are distributed in the landscape.
Figure 5.9 depicts three different metrics that are used to identify wetlandscapes ecological
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Figure 5.8. Variation of betweenness spatial pattern at four different time
instant in N. Dakota wetlandscape.

status: abundance of adults frogs (A), degree centrality and betweenness. All the networks
reported in Figure 5.9 are evaluated for the last time instant of the simulation (31st December
2010).
The landscape in Figure 5.9 are ordered by increasing aridity index. On the left column,
I reported the abundance of adult frog in each landscape. Each color-coded node represents
a wetland that hosts a certain number of (adults) individuals. This number changes as the
size of wetland changes, and therefore its carrying capacity. This kind of approach provides
a quick visual representation of the eco-hydrological status of wetlandscape that could be
used for biological conservation or landscape restoration. Degree centrality and betweenness
are reported in central and right columns respectively. These metrics can inform about
what wetlands are of key importance for hosting the largest number of individuals (e.g.,
sources) and those that could be easily colonized (e.g., sinks). In addition, I can also identify
those wetlands that act as bridges, facilitating the dispersal of individuals, and the overall
connectivity in landscapes (e.g., high betweenness nodes). It is interesting to observe the
difference between high degree nodes and high betweenness nodes. Sometimes, such in
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Minnesota and Florida, a hub (high degree node) is also fundamental for the connectivity
of the landscape since is located within the high betweenness path. The removal of this hub
not only would affect the recolonization rate since it can act as a source of amphibians, but
also would fragment the network in two distinct components. In the other wetlandscapes,
the node degree hub is not associated also with high betweenness values. The comparison
and the integration of the concepts of node degree and node betweenness could help in a
landscape management and conservation perspective.

5.4.4 Discussion
Application of graph-theoretical approaches for assessing wetlandscape connectivity represents a growing branch of the current ecological research [27] [110]. The main contribution is to have framed this idea into a dynamic landscape. Here, wetlands respond to the
variability of the hydro-climatic forcing, changing in size and shape. This has ultimately an
important effect on the dispersal network that arises. An increase in the inter-patch distance
due to dry climatic conditions will cause a decrease in the dispersal efficiency of species that
populate the landscape. If these conditions persist, species need to quickly adapt to the new
environment, otherwise they will not be able to survive. This analysis also showed that, the
spatial characteristics of the different wetlandscape have an important effect too. For example, the geologic legacy and the current land-use of the soil make the set in which wetlands
are spread. The post-glaciation receding ice sheets that shaped the glacio-lacustrine plains
of North Dakota (Figure 3.6E) or Minnesota (Figure 3.6D), [92], favor the presence of several
small wetlands that can interact frequently due to their proximity. On the other hand, wind
carved the Texas playa, hollowing out depressions in dry, non-cohesive soils down to the local
water table [82]. This created a limited number of wetlands that are characterized by large
shape and large mean separation distance. The power of applying graph-theory metrics is
its generality, since it allows to treat each wetlandscape in the same manner.
Results presented here show that hydrological variability is an important driver for ecological dynamics in wetlandscapes. Overall, landscapes characterized by low aridity index
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Figure 5.9. Spatial patterns of adults abundance, wetland degree and betweenness in the six wetlandscapes.
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have large amphibian metapopulations. In addition, wetlandscapes with wet hydrological
regimes are also characterized by a more complex wetland shape and geometry. This is
important because wetlands should be viewed like ecotones characterized by different zones,
which could host different type of species. In this perspective, a fundamental step in the
creation of the network is based on the type of species investigated. Since the focus is here
on amphibians, I connected wetlands based on the edge-to-edge distance. The coupling between wetland hydrological variability and ecological variability is possible by means of the
link between wetland perimeter and carrying capacity. This represents a crucial point of the
proposed framework. Wetland perimeter responds to variation in the hydro-climatic forcing
(e.g. rainfall and ET) [1] [83], and, this induces variation in wetland carrying capacity (K ∝
√
P ). In this perspective, not only wetlands hydrology and the spatial network are dynamics,
but also the carrying capacity of the landscape. Figure 5.7 showed how the abundance of
species can be expressed as a function of wetlandscape perimeter. This represent an important finding, but also a possible limitation. It is an interesting finding because by knowing
the perimeter distribution of wetlandscape, the distribution of species in the landscape could
be predicted. At the same time, viewing carrying capacity as only function of wetted perimeter may be a limitation. Indeed, larger wetlands will also have larger carrying capacity and
will appear more suited for dispersal. However, these wetlands will be also more appealing
for predators since they can find more resources and more preys to feed themselves. In this
perspective, smaller wetlands may be a better solution for certain type of species due to the
absence of terrestrial predators.
Assessing the whole wetlandscape eco-hydrological dynamics is important to evaluate
the current status of the landscape. However, in this way we could lose track about the
information at local scale. Small wetlands are strongly affected by the stochastic of hydroclimatic forcing not only from a hydrological perspective (wetland perimeter), but also in
their ecology. Amphibians abundance shows a correlation with the rainfall because dry season corresponds to the moment in which individuals start to migrate from wetlands and their
abundance goes to zero. Once that rainfall recharges the pools, amphibians start to recolonize these ponds, due to their high site fidelity [169]. On the other hand, larger wetlands
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are less sensitive to variation of the hydroclimatic forcing, and, therefore, more resilient to
drastic shocks (e.g., a prolonged dry season). The presence of these large ”source” wetlands
that are able to maintain longer hydroperiod is important for sustaining populations for the
entire duration of the year. However, thinking that small, isolated wetlands are expendable
if compared with the larger one represents a dangerous underestimation of the importance
of small wetlands [58] [57]. Small wetlands are extremely valuable in maintaining biodiversity in a number of plants, invertebrate, and other vertebrate taxa, and their disappearance
will cause a dire reduction in the ecological connectivity among remaining species population. Furthermore, small wetlands serve important function as stepping-stones in dispersal
pathways.
The proposed framework could be fundamental to inform about what wetlands are of
key importance from an eco-hydrological perspective. Figure 5.9 showed that there are
few nodes in each landscape that represent source of amphibian metapopulation. These
wetlands need to be protected since they are necessary to maintain and sustain species
dynamics. In almost all the cases, these source wetlands are also the hubs of the network,
meaning that they represent the wetlands with more connections. These connected wetlands
are the sinks that are refilled by the large pond [174]. From a conservation and management
perspective, betweenness is another essential metric to identify what wetlands need to be
protected and preserved. Indeed, the removal of stepping-stones (high betweenness nodes)
could fragment the network in several components. In some cases, Florida and Minnesota,
the high betweenness nodes represent also the hub of the network. Therefore, the loss of
these wetlands would not only fragment the network, but also causes a severe decrease in
the size of the metapopulation. It is essential mentioning that Figure 5.9 represents a single
snapshot of wetlandscape status and topological metrics. Indeed, for every time step I can
get a determined status since the landscape reacts to the stochasticity of rainfall input. This
is what is showed in Figure 5.8. Different patterns and network trajectories can arise based
on the current the hydrologic condition of the wetlandscape.
Another advantage of the proposed framework consists in its flexibility. It can be adjusted
to reproduce the dynamics of different type of species. They key core is represented by
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the coupling between the hydrological dynamics and the spatial network. By changing
the dispersal kernel of the considered species, its ecological parameters (e.g., net growth
rate) and its relation with wetlands habitat (e.g., edge-to-edge, centroid-to-centroid, carrying
capacity) the metapopulation dynamics of several species can be described. In addition, here
I presented the dynamics of a single species, for different age-classes. A possible extension
is to assess the dynamics of more than a single species, and reframe the model from a
metacommunity perspective. In this way, I could assess how the hydrology and spatial
organization of wetlands could drive different patterns of biodiversity.

5.4.5 Conclusions
I presented an eco-hydrological framework to assess the spatio-temporal dynamics of
amphibians population in wetlandscapes. Hydrologic variability, spatial organization of wetlands and the dispersal abilities of amphibians are the main drivers of these dynamics. The
problem is casted in terms of metapopulation theory, using stochastic hydrologic models and
network approaches to assess the similarities and differences in wetlandscapes response. I
investigated the metapopulation variability in six wetlandscapes across the United States,
and I found that the hydrologic regime, represented by the aridity index, and the separation
distance among wetlands are two indicators for the ecological variability. Wetlandscapes
characterized by an abundance of rainfall and by small separation distances could sustain
more abundant populations. In addition, small wetlands are more sensitive to external
forcing, and this is reflected in the species behavior that decide to move once a wetland
is not more able to sustain the population. However, once the hydrological characteristics are reestablished, I observed a recolonization of these habitats. Larger wetlands are
less sensitive to these changes and can host a great number of individuals for the entire
simulated period, acting as donor patches of individuals. The conservation of both types of
wetlands is fundamental since large patches represent the sources of population, thus the loss
of these habitat will strongly affect the entire population dynamics. Small wetlands are fundamental too, since they can act as stepping stones facilitating the dispersal of species and
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the connectivity through the entire network. Connectivity is a fundamental determinant
of many ecological processes including population movement, changes in species diversity
and metacommunity dynamics. I propose that coupling wetlandscape hydrologic variability
with network theory and metapopulation models allow for a dynamic characterization of the
ecological connectivity in landscapes. In this perspective, this contribution may serve as a
starting point for the development of metacommunity studies that aim to evaluate landscape
biodiversity, where wetlands constitute essential ecological corridors for species dispersal.
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6. FINAL REMARKS AND FUTURE PERSPECTIVES
In this thesis, I investigated the temporal dynamics of wetlandscape with special attention
to the hydrological variability, spatial organization and ecological abilities of the considered
species. In the different chapters, I showed how each variable should be specifically addressed
and modeled to have a clear picture of the importance and complexity of wetlands and the
ecological species that rely on these water bodies. These three main drivers for wetlandscape
heterogeneities and variability are inter-linked, since the variation in one of them, will have
important effects on the others. I showed how landscapes characterized by arid hydrologic
regimes, and therefore described by shallower stages and small wetted areas would cause
more harsh conditions for the development of metapopulations. On the other hand, wet
conditions are more suitable for several type of semi-aquatic species.
The coupling of such considerations represents an important step toward a new method
for wetland classification, depending on the hydroclimatic forcing that characterize the region, wetland geometry and their spatial distribution of the wetlands, and their hydrologic
persistence. In this perspective, I identified three parameters that represent these processes:
aridity index, defined as the ratio between mean evapotranspiration and mean rainfall input;
mean distance of the nearest neighbor and the mean inundation time. Only the coupling of
these three variables can inform about the eco-hydrological status of a wetlandscape (Figure
6.1). Only considering the mean inundation times that express the hydrological status of
a wetlandscape would have misleading information from an ecological perspective. Maine
and Texas are characterized by relatively high values of TI , which means that wetlands are
often filled with water. However, the degree of isolation expressed by the mean NN distance
shows a completely different trend. While in Maine wetlands are close to each other (∼120
m), Texas Playa Lakes are more ecological isolated (∼700 m) and only species that have
strong dispersal ability can survive and disperse in this landscape. On the other hand, the
comparison between Maine and Minnesota is also significant since despite the similarity in
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the hydroclimatic forcing, expressed by a similar aridity index, and by wetlands relatively
close, the mean inundation time is different, and Minnesota basin wetlands are characterized
by short duration. The discrepancy between the wet conditions prescribed by the aridity
index in the two cases can be explained by the variation in the soil properties and groundwater connection. High permeable soil would let more exfiltration from wetlands, and thus
decrease the persistence of the hydroperiod. It is worth to note that I selected a threshold
of A∗ = 0.5, meaning that I evaluated the mean duration of inundation of the wetlandscape
when its storage capacity is half-full. Different plots as in Figure 6.1 can be done for different
threshold levels.
From an ecological perspective, an ideal wetlandscape should be characterized by a large
presence of wetlands distributed close to each other (high density), relatively long hydroperiod (high TI ) and wet conditions (low aridity index) where water rainfall input could provide
recharge in the landscape. This type of wetlandscape would be located in the south corner
of Figure 6.1, and its bar would be tall; a clear example is Maine. I can expect that this
wetlandscape would be able to sustain a large number of ecological species, which are also
characterized by limited dispersal abilities (∼ 100 m). On the other hand, a worse example
of wetlandscape from an ecological point of view would be characterized by an arid hydrologic regime (high aridity index) where wetlands are dry most of the time and are located
far apart. Under these conditions, only those species that have a strong dispersal kernel
would be able to survive and disperse. Among the cases presented in Figure 6.1, Texas is an
example of ecologically isolated landscape.
The example of wetlandscape classification presenteded in Figure 6.1 has also another important advantage: it could be quickly adjusted to variability in climate and anthropogenic
modification of the landscape. In this sense, it could give an idea about the wetlandscapes
trajectories. The impact of climate changes would increase the evapotranspiration losses due
to an increase in global temperature, thus increasing the aridity index and decreasing the
mean inundation times. This would lead to a shift towards the eastern side in Figure 6.1 and
a decrease in the elevation of the bar. The joint effect of climate changes and anthropogenic
modification expressed by an increase groundwater pumping or land conversion would pro-
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Figure 6.1. Schematic representation of a proposed method to classify wetlandscapes based on the hydro-climatic forcing (Φ), landscape spatial organization (NND) and hydrologic persistence (TI ).

voke the disappearance of several wetlands, especially the small ones that are fundamental
in reducing the mean distance among ponds. Thus, the projected shift would be towards
the northern side in Figure 6.1.
The broad applicability of the proposed research is among the main advantages. I showed
that all the frameworks could be adapted for a large set of cases studies. In particular, the
absence of wetland data can be overcome by the application of DEM-based approaches to
identify those wetlands that are simply expression of landscape topography. On average
this is a good approximation, but I would not be able to identify wetlands that are mainly
function of vegetation zonation or hydric soil. For this type of wetlands, long-term monitoring data would be necessary. However, since the access to long-term hydrologic data for
multiple wetlands at a landscape-scale is often challenging, remote sensing and satellite observations seem suitable to estimate the state of the landscapes surface soil moisture (SSM).
Indeed, wetland can exist where the surface is flooded for extended periods or where there
is saturation because groundwater remains close to the land surface for extended periods of
time. Once that the spatial location and extent of wetlands is determined, I could apply the
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proposed eco-hydrologic models to investigate the temporal dynamics of wetlandscapes and
the ecological species that could habit these zones.
The generality and the flexibility of the models allow for interesting possible extensions.
Among these I propose:
• Invasion along wetlandscape network: Metacommunity models could be extended in
different scenarios. For example, I could investigate the dynamics of invasive species
and evaluate how wetlands could facilitate or impede their movement in a landscape.
Indeed, surface water connections were one of the most important processes that favor the invasion of Cane Toads in Australia [183]. Another perspective could be the
transport of waterborne disease. Bertuzzo et al., [184] showed how river networks
are fundamental on the space-time evolution of cholera epidemic. Landscape depressions and water bodies are often associated with aquatic larval stages for Anopheles
mosquitoes that are responsible for malaria transmission [185]. Studying how wetlands
could play a determinant role for the spreading of malaria and other waterborne disease
would represent a challenging, but important topic.
• Wetlands are strongly associated with plants and vegetation communities that can live
and grow under these transitional wet/dry conditions. the Clean Water Act states that:
”Wetlands are those areas that are inundated or saturated by surface or ground water at
a frequency and duration sufficient to support, and that under normal circumstances
do support, a prevalence of vegetation typically adapted for life in saturated soils”.
Studying wetlandscape dynamics would also be beneficial for evaluating how the effects
of wetland spatial configuration could impact the status of wetland plant assemblages.
Vegetation composition in many wetland communities is known to shift in response to
soil moisture conditions and to nutrient inputs from land-use in the resident watershed.
Indeed, certain type of plants prefer to live along wetland edges [113], while other need
a constant supply of water and could be found only in the center of wetlands.
• Stage inside waterbodies (such rivers and wetlands) may severely impact the water
quality of downstream water [73] [60]. Thus, by relating the wetland stages with any
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biogeochemical parameter (e.g. denitrification constant) I could be able to predict the
nutrient loss or sediment deposition in wetlandscapes. Biogeochemistry of wetlands is
also affected by climate change. Estimates of total annual global emission of methane
are 120 Tg/year from natural wetlands (range 100-200) and 60 Tg/year from rice fields
(range 20-100) [78]. The degree to which wetlands produce methane is related to the
hydrology, vegetation, and management practices. In addition, wetlands can strongly
influence local and regional microclimates through evapotranspiration. Wetlands and
their vegetation cover have a direct effect upon regional climate through the dissipation
of the incoming solar radiation. The air-conditioning effect of wetlands plays an important role in mitigation local climate extremes. Integrating eco-hydrological analysis
of wetlands with CNO cycle and/or energy balance may result of key importance in
the mitigation of landscape water and air quality to predict, manage and eventually
design a more resilient wetlandscape.
These represent three possible interesting branches of research that could be undertaken
to investigate more in details the importance of wetlandscapes from multiple perspectives. It
has to be noted how wetlands should be seen as corridors that integrate hydrologic, geomorphologic and ecologic dynamics where emerging features, such as the distribution of species
persistence times [4], are controlled by landscape attributes rather than specific underlying
ecosystems. One of the objectives of my thesis is to spotlighted the eco-hydrological importance of wetlandscapes, because, despite their crucial hydrological, biogeochemical and
ecological services, loss of wetlands continues. The remaining wetlands are modified and
their shape and size distributions at regional scales altered [46]. Wetland losses erode biological diversity: a disproportionate fraction of species listed as endangered or threatened
are wetland obligates [62]. With the ever-increasing human population, wetlands could soon
disappear and with them the benefits they provide.
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