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Preface

This thesis is the outcome of interdisciplinary research between environmental biology-ecology
and environmental engineering-hydraulics. Often integrated under the terms ‘ecohydrology’,
‘hydroecology’, or more recently, ‘ecohydraulics’, these very diverse scientific disciplines
explore and attempt to interpret the natural phenomena and ecological processes using two
conceptually different approaches. Hydraulics/hydrodynamics, a scientific field of Physics,
accepts that as the natural (physical) phenomena obey the laws of nature, they can be
numerically interpreted and fully comprehended and described by using simple or complex,
deterministic mathematical equations. The three-dimensional movement of water in a river,
for example, can thus be fully determined and accurately simulated/predicted. On the contrary,
due to the complex and variable, stochastic nature of biological-ecological phenomena,
biology/ecology focuses on intensively observing them in nature, and afterwards attempts to
draw wider conclusions based on repeating observations, which seem to constitute evidence
of generic ‘ecological norms’ or ‘ecological laws’. This, results in lower accuracy (from the
physicist’s, engineer’s or mathematician’s perspective), but in equally detailed descriptions and
predictions of, for example, how aquatic organisms are distributed across a river reach, based
on the local climatological, hydrological and hydraulic conditions.

Based on the aforementioned, environmental engineers initially assume that habitat
models are equally accurate to the hydrodynamic/hydraulic models, often disregarding the
complex, interactive nature of hydro-ecological processes. Consequently, they may often get
disappointed when they conclude that this accuracy cannot be achieved. On the other hand,
ecologists acknowledge this inherent complexity but usually lack the proper mathematical
background to go any further than just descriptively interpreting their field observations, and
rarely engage in a process of numerical description and modelling.

For the scientist-ecologist however, a detailed and accurate observation, description
and prediction of the response of ecological communities to hydrological and habitat changes,
is of paramount importance for the protection of ecosystems from possible degradation caused
by the human presence and activity. And when it comes to studying and modelling
hydroecological relationships and interactions, increased predictive accuracy cannot be
achieved without the use of hydraulic/hydrodynamic habitat models, and consequently,
without the cooperation and knowledge-exchange between hydraulic engineers and biologists-
ecologists.

The current PhD Thesis has been conducted by an environmental biologist and includes
two interacting parts; a numerical-hydraulic part and an ecological part, which are often
integrated throughout the text to derive common results and conclusions. The ecology-
oriented reader may find it difficult to “follow’ the numerical-mathematical focus of the first
part, as well as the engineering-oriented reader may find it difficult to follow’ the ecological
focus and terminology used in the second part, despite the effort of the writer to fully describe
all terms and processes of the study. | consider this absolutely normal and should not
discourage the reader from further reading. Ecologists, for example, may see lots of equations
describing the movement of water along a river reach; still there is no need to learn them in
detail in order to understand what has been applied. Understanding the fundamental principles
of water movement is more than enough to proceed with hydrodynamic modelling for
ecologists.

This is one of the few in-depth attempts in Greece to integrate different scientific
disciplines, with the purpose of predicting and modelling the response of aquatic organisms (in
this case the benthic macroinvertebrates) to multiple gradients of hydraulic variability. The
ultimate aim has been to develop model-based environmental flow scenarios in hydrologically-



altered river reaches, in order to keep dams operating without compromising the long-term
integrity and functionality of the downstream aquatic ecosystems.

| wish you a happy reading,
Christos Theodoropoulos
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Abstract

Hydrodynamic habitat models (HHMs) have long been used in environmental flow assessments
(EFAs); currently, they are considered as the most robust EFA option, applicable in situations
where a high degree of certainty is required to provide water managers and stakeholders with
defensible environmental flow recommendations. Despite the wide recognition of the
effectiveness of HHMs to provide accurate environmental flow predictions, their practical
application remains disproportionately limited compared to their hydrology-based alternatives
and is primarily focused on fish. Model-based frameworks focusing on other components of
the aquatic ecosystem -benthic macroinvertebrates, macrophytes and riparian vegetation- are
currently missing. Yet, within a holistic perspective, the habitat requirements of all aguatic-
ecosystem components should be considered in model-based EFAs. Moreover, the habitats
that are suitable for fish may not be equally suitable for other organisms in the aquatic
ecosystem. In this study, we developed an HHM-based EFA framework focused on benthic
macroinvertebrates (BMs). Their habitat preferences were evaluated based on a reference
dataset collected from nine sites, over three seasons, in Greece. A BM-based habitat suitability
(K) index, integrating four primary BM-community metrics, was developed and included in an
optimal-flow-scenario index to facilitate the development of model-based environmental flow
predictions. Based on these indices, the predictive accuracy of various habitat modelling
algorithms was evaluated and a fuzzy rule-based Bayesian algorithm (FRB) was selected as the
most suitable option. A habitat modelling software (HABFUZZ) was developed to implement
this algorithm and a two-dimensional hydrodynamic model (TELEMAC 2D) was used to simulate
flow velocities (V) and water depths (D) in various discharges in two river reaches in Greece.
The results showed that BMs do respond to hydrological variation-alteration; the distribution,
abundance and diversity of BMs before and after a rainfall-induced high flow event were
significantly different, and this flow variation explained up to 42.9% of the overall BM
community variation. The habitat preferences of BMs followed a Gaussian distribution with
specific optimal values for V, D, substrate (S) and temperature (T). Not all habitat modelling
algorithms can be used to simulate their habitat preferences; the predictive accuracy of the
regression-based, machine-learning and fuzzy rule-based algorithms tested, ranged from
49.74% to 67.92%, with the FRB model reaching 61.2% accuracy. Using this algorithm, the
habitat suitability of two river reaches was mapped in various discharges; the results showed
that the model-based environmental flows were higher than those calculated using
hydrological methods and thus, the delivery of environmental flows should be upwards-
adjusted to ensure the long-term integrity of the aquatic communities. Apart from the
developed BM-based, HHM methodology, this study showed that (i) complex -interactive-
hydroecological relationships can be successfully described-modelled using fuzzy rule-based
algorithms and (ii) multimetric indices can be effectively incorporated to describe the status of
the benthic community in various discharges. The collection of robust hydro-ecological
datasets, their spatiotemporal variation and the field-validation of HHMs should be future
research targets towards the development of robust HHMs-based EFAs.
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Chapter 1

Introduction



1.1. Historical background

1.1.1. Hydrodynamics

When Claude-Louis Navier, in France, and George Gabriel Stokes, in England, independently
formulated the equations that describe the motion of viscous fluid substances in 1822, they
would probably not have imagined the numerous applications that these equations would have
during the next centuries. Although during the late 1800s - early 1900s engineers were actually
simplifying these equations to the point they could be solved by hand, the increasing power of
computing technology after the 1950s gave birth to a new era; the era of Computational Fluid
Dynamics (CFD), that branch of fluid mechanics, which uses numerical analysis and data
structures to solve and analyze problems that involve fluid flows. After the first CFD model
solving the Navier-Stokes equations was implemented in 1957 by the T3 group at the Los
Alamos Scientific Lab (Harlow, 2004), continuously upgraded CFD models have been routinely
used to predict and simulate the weather, the movement of air in the atmosphere, ocean
currents, the water flow in a pipe or an open channel and other numerous fluid-flow related
phenomena. During the 1960s, the use of CFD models was also introduced in open channel
hydraulics. In 1991, the initially simplified one-dimensional (1D) transect-based applications
evolved to 2D- and 3D-based software of enhanced predictive accuracy and hence, the use of
hydraulic-hydrodynamic models enabled scientists and engineers to quickly and accurately
solve the complex fundamental Navier-Stokes equations to simulate/predict water depths and
flow velocities in river reaches of interest. This, as a result, offered the opportunity for
interdisciplinary hydroecological studies and introduced the first part of what we nowadays call
‘hydrodynamic habitat modelling’.

1.1.2. Ecological niche - habitat - microhabitat

For ecologists, it all started in 1910 when Roswell Hill Johnson first used the word ‘niche’ to
suggest that different species in a region occupy different environmental spaces (Johnson,
1910). But it was Joseph Grinnell and Tracy Irwin Storer in 1924 who theoretically defined the
niche as ‘the ultimate distributional unit, within which each species is held by its structural and
instinctive limitations’ (Grinnell and Storer, 1924). Soon afterwards, Charles Sutherland Elton
(1927) enhanced this concept to include between-species interactions and competition, but it
was George Evelyn Hutchinson (1957) who attempted to quantify the niche, describing it as a
multi-dimensional hypervolume, where the different dimensions represent environmental
conditions and resources, which define the requirements of an individual or a species to live
and of its populations to persist and thrive.

As the processing power and data storage capacity of modern computers increased
over the last decades, the aforementioned fundamental framework has been the springboard
for operational applications aiming to explore, interpret and predict the distribution of biota to
gradients of environmental-physical conditions, in search of the optimal physical location -
called habitat- where a species or a group of species may select to live. Termed as habitat
suitability models, ecological niche models, species distribution models or bioclimatic envelope
models (Bradley et al., 2012), these applications have been widely used worldwide to define
the habitat preferences of terrestrial and aquatic organisms. After the first aquatic habitat
suitability methodology was introduced in 1978 (the Instream Flow Incremental Methodology
- Bovee and Milhous, 1978) these applications advanced after 1999 to include complicated
habitat modelling algorithms (e.g. machine learning, fuzzy logic, Bayesian inference) and were
recently integrated into the terms ecohydrology, hydroecology and ecohydraulics, to highlight
the interdisciplinary nature of the particular scientific field (Fig. 1.1).

1.2. Hydrodynamic modelling

Hydrodynamic models are computer software applications that aim to simulate surface flow
dynamics using numerical formulas. These formulas are based on three fundamental laws of
physics-mechanics (Anderson, 2009; Prichard, 2011):
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1. Conservation of mass - the mass of an object or collection of objects never changes, no
matter how the constituent parts rearrange themselves.

2. Newton’s second law - the acceleration of an object (a) depends directly on the net force
acting upon the object (F) and inversely on the mass (m) of the object (a=F/m).

3. Conservation of energy - in a closed system, a system isolated from its surroundings, the
total energy of the system is conserved.

The purpose of hydrodynamic models is to calculate the water depths and the relevant
flow velocities over a range of discharges at multiple points (nodes) in a one-, two- or three-
dimensional geometric representation of the area under investigation, by solving various
alternatives (transformations) of the following equations:

dp a(pu)+a(pv) +0(pW)=

(Conservation of mass)* Fn + % 3y 3 0 (1.1)
(X momentum)? ou N ou? N ouv N ouw N 10P u0%u N 0%u N %u\ 0 (12)
ot o0x 9y 0z pox Y p\ox2 = dy? = 09z2) '
(¥ momentum)? 6v+6uv+6v2 +6vw+ 10P U 62v+62v +62v _o (13)
ot ox "oy "oz pay P p\ox2 T yr T o22) T '
(2 momentum)? ow N owu N owv N ow? N 10P u (0w N 0%w N ’w 0 (14)
ot o0x 9y 0z poz 9z p\ax2 = ayz = 0z2 ) '
_ De +6(kaT)+6(k6T>
(Conservation of energy) P e - P9t 5\ "5 9y \“3y
+6(k6T) (au+av+aw>”(au+av+aW)2 (1.5)
9z\"az) P \ox dy 0z dx dy 0z .
a2 (c’)u)z . (av)z . (6W)2 N (c’)u . 6v)2 . (au N aW)2 N (av N GW)2
ul 0x dy 0z dy 0x dz Ox dz 0dy ]

where,

p (kg/m?) density of water

u, v, w (m/s) velocity components along the x, y and z directions, respectively
u (Pa s) fluid’s dynamic viscosity

A (Pas) fluid’s bulk viscosity

g (m/s?) gravity acceleration

x, Y,z (m) space coordinates

P (Pa) pressure

t (s) time

T (°K) temperature

q rate of volumetric heat addition per unit mass

d / 0t time rate of change at a given point in space

D/Dt = (0/0t+ud/dx +vd/dy +w d/0z) instantaneous time-rate of change between
two points in space (substantial derivative)

! For incompressible flow (p constant; dp/dt = 0) p can be omitted
2 These are the Navier-Stokes equations for Newtonian, incompressible fluids (p and u
constant)
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Hydrodynamic models are categorized in three groups, based on the number of dimensions
they use to simulate flow dynamics, and consequently, on the number and the form of the
equations they include in the calculations; (i) one-dimensional (1D), (ii) two-dimensional (2D)
and (iii) three-dimensional (3D). A different geometric representation of the reach to be
simulated is required for each group.

1.2.1. One-dimensional hydrodynamic models

One-dimensional models are transect-based applications. The geometry of the study reach
(channel geometry) is described using cross sections (transects) where the water depth, the
water surface elevation (Z), the average flow velocity, the type of substrate and often shading,
canopy cover and temperature are measured at specific user-defined intervals across each
transect (Fig. 1.2), with the total number of cross sections depending on the detail required.

Flow

Bankfull width

[[] Cross-sectional area Discharge = velocity x cross-sectional area

Velocity = distance (m) _ ..

D Cross-sectional area
time (sec)

at bankfull stage

Fig. 1.2. A typical cross section. Image from http://www.geo41.com/discharge/

Based on the transect-based description of the area, there are two basic processes followed in
the 1D hydrodynamic models:

1. For unsteady flows (when all conditions at any point in the reach, including the flow
velocity, change over time) the model solves the continuity equation (conservation of
mass) and the Reynold’s averaged Navier-Stokes equations (RANS) to calculate the cross-
sectional averaged water surface elevation (Z’) and the cross-sectional averaged
horizontal flow velocity vector (u) at each cross section of the study reach. Local depths
(D) are then calculated as the difference between 7’ and the local bed elevation, while
the local u values are determined using the D values and uniform flow equations (Bovee,
1982; Benjankar, 2014). The RANS one-dimensional momentum equation (along the x
axis) is the following:
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where,
u', v, w' (m/s) are the time-averaged velocity components along the x,y and
z directions, respectively

2. Forsteady flows (when all conditions including the flow velocity do not change over time)
the model solves the continuity equation and an equation for the friction loss to compute
the x velocity vector (1) and the water surface elevation. Based on an empirical friction
coefficient (e.g. Manning’s n) which depends on various factors including the channel’s
substrate, the following Manning’s formula is often implemented:

1 2
u= R s (17)

where,
u (m/s) the velocity component along the x direction
n the Manning’s friction coefficient
Ry, = A/P (m) hydraulic radius
A (m?) the cross-sectional area of the channel
P (m) the channel’s wetted perimeter
S the slope of the hydraulic grade line, which is the same as the channel bed slope in
constant water depth

The fundamental assumptions of 1D models are that flow velocity is a function of local depth
and energy slope, and that flow vectors have only the longitudinal direction (u). The most
commonly used 1D hydrodynamic models are the PHABSIM (Milhous et al., 1989; Waddle,
2001), CASIMIR (Schneider et al., 2001), HEC RAS (USACE, 2016) and MIKE11 (DHI, 2017).

1.2.2. Two-dimensional hydrodynamic models

Two-dimensional hydrodynamic models require a detailed geometric representation of the
study reach (channel topography). Using advanced spatial surveying and mapping equipment,
such as Real-Time Kinematic GPS or LiDAR, the study reach is represented as a dense network
of geographical coordinates (X, Y) and bed elevation data (H). Geospatial processing software
applications, either as independent programs or incorporated into the hydrodynamic models,
are then used to construct a computational mesh based on the set of X, Y, H point dataset (Fig.
1.3).

Using the aforementioned input, in combination with user-defined initial and boundary
conditions, 2D hydrodynamic models solve the Navier-Stokes-derived shallow water equations
developed by Adhémar Jean Claude Barré de Saint-Venant in 1871 to determine the water
depth and depth-averaged flow velocity at each node of the computational mesh. The St.
Venant equations for incompressible flow (p constant; dp/dt = 0) are the following:

oh  (uh) o(wh) _

. 1.8

(Conservation of mass) ot + ox + 3y (1.8)
E)uh+a(2h+1 h2)+auvh h(Sox — Sfx) =0 (1.9)

(X momentum) ot T ox u 29 3y gh(Sox fx) = .
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dvh 0 1 duvh
(Ymomentum) "4 ~ (2h + Z gR2
ot Toy Wtz 1

— gh(Sey — Spy) = 0 (1.10)

where,

h (m) depth of the water

u, v (m/s) velocity components along the x and y directions, respectively

g (m/s?) gravity acceleration

x,y,z (m) space coordinates

t (s) time

So(x.y) channel bottom slope in the (x, y) directions

St(x,y) friction slopes in the (x,y) directions based on the Manning’s equation

n*uvu? + v? n?vvu? + v?
Sfx - C§h1-33 r Ofy T C§h1-33

n Manning’s friction coefficient
C, correction factor (C, = 1 in Sl units)

To solve these partial differential equations (PDEs) all 2D hydrodynamic models apply
various alternatives of the same conceptual framework called ‘discretization’; the numerical
process that transforms the integral or the differential form of a partial differential equation
into an equivalent but different set of algebraic equations, which provide results at a finite
number of points within the numerical domain (Tonina and Jorde, 2013). The most popular
discretization methods are the finite difference method, the finite element and the finite
volume method.

1.2.2.1. The Finite Difference Method (FDM)

As with all the discretization methods, in the FDM, the continuous domain (the river reach to
be simulated) is partitioned in space (a computational grid is constructed) and time (the same
computational grid at multiple time steps) and the partial differential terms (equations 1.8, 1.9
and 1.10) are approximated at each node and for each time step using algebraic differences
(Fig. 1.3). In the FDM, these differences are based on the Taylor’s expansion theorem, devised
in 1712, which states thatifn = 0isaninteger and f is a function which is n times continuously
differentiable on the closed interval [a,x] and n + 1 times differentiable on the open
interval (a, x), then

"(x "(x M) (x
Flto + 400 = Floxo) + o) gy f L0 gy (SO pn gy )
where,
™ (x,) the nt" derivative of f evaluated at x,,
n+1
Ry (x) = 7 (x — Ax)™*1 for some ¢ between x and Ax

n+1!

The Taylor series converges to f if and only if lim R, (x) = 0.
n—-oo

Applying the Taylor’s expansion for the first derivative, we get

f'xo) , +f”(C)Ax2 o o +4%) — f(xo)

fxo +4x) = f(x0) + x
0 f”(c)(’ 1! 2! Ax (1.12)
= f'(xg) + T Ax
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The term (f"'(c)/2D)Ax is called the local truncation error, which denotes the error between
the numerical approximation (f (x, + 4x) — f(x,))/Ax and the exact value f'(x,) and is usually
symbolized with 0(4x), so that the previous equation becomes

fxo + A;C; = f(xo0) = f'(xy) + 0(4x) (1.13)

Similarly f(x, — 4x) may be expanded as

f (o) — fxo — 4x)

T = f'(xg) + 0(4x) (1.14)

Subtracting eq. 1.14 from eq. 1.13, rearranging and dividing by 4x, we get

fxo + Ax)zgf(xo — Ax) = f'(xo) + O(4x)? (1.15)

The same process can be applied for higher order derivatives.

Equations 1.13, 1.14 and 1.15 comprise the three finite difference schemes (approximations)
used in numerical modelling; the forward finite-difference, the backward finite-difference and
the central finite-difference scheme (Stamou and Rutschmann, 2011).
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Fig. 1.3. A two-dimensional grid where the finite difference method is applied at each
time step (t). Each simulated variable X in 2D-FDM models is described as X (i,],t)
denoting the two spatial and the one temporal indexes-coordinates. Consequently, the
model creates a number of grids equal to the number of the time steps of the
computation.

Based on the aforementioned, numerous algorithms have been developed to apply an FDM-
oriented 2D hydrodynamic simulation where each modelled (dependent) variable is described
by three grid coordinates, two spatial, i, j, denoting the fluid flow in the two-dimensional space,
and one temporal, t, denoting the water flow in time. Prior to the initiation of the
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computations, all algorithms require the user to provide specific conditions for the dependent
variables in the boundaries of the domain (boundary conditions) and initial values of the
dependent variables (t = 0) to start the FDM approximations (initial conditions). As an example,
the MacCormack algorithm/scheme is described below (MacCormack, 1969).

To ease the equation manipulation, the St. Venant equations 1.8, 1.9 and 1.10 can be
re-written using matrices in the following form:

U +Ex+F+5=0 (1.16)

where,
n uh uh 0
- _ ! _| vk _ |—gh(Sex - 5
U= |uh|; = uzh+5gh2 ; F= 1 ;S =|—9h(Sox — Srx)
vh wh uh + Egh2 —gh(Soy — Sy)

Replacing the partial differential terms with the forward, backward or central FDM schemes
and after some appropriate rearrangement and transformation, equation 1.16 can be written
as follows:

) At At

 _ gt t t t

(Predictor) Ui =Uf; - P V.Ef; - E V,Fl; — AtSf; (1.17)
*ok t At * * *

(Corrector) Uij = Uij =7z Babij = Iy AyFyj — AtS; (1.18)

where,

Aint,j = Eit+1,j - Eit,jF vint,j = Eit,j - Eit—1,j

AyEi; = Ejjuy — Eji VaEij = Ejj — Ej4

U;;j and U are intermediate values for U. The new U values at time t + 1 are
Uttt _1 U:: + U
i~ Wi + Usj (1.19)

1.2.2.2. The Finite Element Method (FEM)

While the FDM uses the differential form of the equations 1.8, 1.9 and 1.10, the finite element
and finite volume methods (FEM and FVM, respectively) use their integral form, with the
advantage of handling complex mesh geometries, as the integral forms do not require a specific
structure of the computational mesh. To ease understanding of the complex FEM method, the
continuity and momentum equations (1.8, 1.9 and 1.10) can be abbreviated as

C(h,u,v) =0 (1.20); M,(hu,v) = 0 (1.21); M,(h,u,v)= 0 (1.22)

The concept in FEM is that ‘trial functions’, which are based on ‘base functions’ are
introduced to approximate the aforementioned PDEs and the objective is to minimize the
resulting residuals by using relevant weighting functions. Consequently, the replacement of the
aforementioned equations by trial functions would result in

C(h,0,9) = Rc (1.23);  M,(h,4,0) = Ry, (1.24); M, (h,0,0) = Ry, (1.25)
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where

h=Y;mN; @ =Y,;uP; D=Y,;v;L; trial functions of h, u, v

R¢, Ryyx and Ry, the relevant residuals (errors of approximation)

N;, P; and L; base functions of h, u, v

h;, u; and v; the coefficients of the base functions approximating h, u and v with fl,ﬁ and ¥

By using a weighting function W; and integrating over the area A of the cells surrounding a
node, equations 1.20, 1.21 and 1.22 become

[Wi(A)C(h, @, 9)dA =0 (1.26); [ W;(A)M,(h, 1, D)dA =0 (1.27)
S Wi(A)M,,(h,0,0)dA = 0 (1.28)

A one-dimensional approximation of a variable using the FEM is shown in Fig. 1.4.

’ F(X)

Nodes Elements

Fig. 1.4. One-dimensional river depth (h) approximation using the FEM concept. The h
values at each node (the continuous h function - grey line)) along a theoretical x axis are
approximated by A (straight black line), which is a linear combination of the linear base
function N; with coefficients h;. Image adapted from http://what-when-how.com/the-
finite-element-method/computational-modelling-finite-element-method/

1.2.2.3. The Finite Volume Method (FVM)

In the FVM (similarly to FEM), the study reach is divided into a set of cells, which can have
irregular shape, in contrast to the FDM. Each cell is identified by its centre point (Fig. 1.5).
Volume integrals represent the integral of the time evolution of the function of the cell area.
Surface integrals represent the total normal flux through the cell boundaries. Equation 1.16 can
be rewritten in its integral form as follows:
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ou
f —du + fﬁ (Hn)ds = Sdu (1.29)
v Ot s

where,
H is the flux term at the control surface
Hn = Eny + Gn, where n, and n,, are the x and y components of the unit vector n

Fig. 1.5. A two-dimensional grid where the finite volume method is applied. The values of
each simulated variable X in 2D-FVM models are integrated over the cell area, described by
its centre point (i,j,t), which denotes the two spatial and the one temporal indexes-
coordinates.

Assuming the vector U to be uniform over each cell and by approximating the surface integral
by a sum over the four walls of the finite volume cell, the aforementioned equation 1.29 can
be rewritten as

4

au

T Z(Hrnr)dSr = SAA (1.30)
r=1

where,

AA is the area of the finite volume cell

dS, lengths of the four walls which surround the cell (i,j)

H, the numerical flux through the cell faces r which contour the cell (i,j)

For example, the numerical flux for the cell face (e.g. 3) between the nodes i,j and i+1,j is

1
(H3nz)dSz = (Hn)jy1/2,j = E[HR + H, — a(Ug — U)niy1)2, (1.31)

where,

a is a positive coefficient

Hg = f(Ug) the flux computed using the information from the right side of the cell face
H; = f(Uy) the flux computed using the information from the left side of the cell face
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1
(UL)iz1/2j = Uyj + §5Ui,j

1
(Ur)i+1/2,j = Uir1,j — E5Ui+1,j

The time integration is applied by using a predictor-corrector approach as follows:

At
Uittt = uf; - -[H' 1 dS 1 +H 4dS
(Predictor) ¥ AA;; ~ ity ) Lt l’]+7 (1.32)
+H' 1 dS. 1 b H' 1dS. . 1+ AtS};
s Lj-3  bl73 ’
U't-!_At — l[Ut + U't-!_At _ (Ht+AtdS
LJ 2 LJ L AA 2‘] i+%,j
(Corrector) +H't4.rAde” t Ht+AtdS Ht+AtdS 1)+AtSitJ-rAt] (1.33)
l,]+§ l,]+§ l——] 2,] l]—— J

1.3. Habitat and habitat modelling
1.3.1. A working definition of habitat and habitat suitability
The concept of habitat modelling is based on the ecological niche theory and assumes that a
species or group of species prefers specific areas/places within its surrounding environment,
where it can survive, grow and reproduce. Such areas are defined by specific environmental
parameters/variables/factors; they are called habitats and, in accordance to Kearny (2006), the
habitat should be distinguished from the ecological niche; the latter is that part of the habitat
where a specific species selects as its ‘home’. A habitat is a wider unit, it has a number of niches
and supports a number of different species, which form a community. In rivers, for example,
different species of aquatic insects may occupy the same habitat (forming a community) but
different ecological niches within this habitat. Moreover, a species may occupy different niches
within the same habitat throughout its life cycle.

Based on the aforementioned, and since the current thesis is focused on the aquatic
environment, the following ‘working definition” of aquatic habitat (hereafter called habitat) is
proposed:

Aquatic habitat is the place in the river, characterized by specific
environmental and hydraulic parameters, which supports the survival, growth and
reproduction of one or more aquatic communities-populations

This definition implies that some areas in the river may be completely unsuitable to provide
‘home’ for the aquatic communities and other areas may be totally suitable, with places of
varying suitability occurring among them. This gradient of habitat suitability is numerically
expressed using habitat models in a scale between 0 (unsuitable) and 1 (totally suitable).

1.3.2. Habitat models

Habitat models are numerical processes and formulas (algorithms), which are based on the
aforementioned concept and aim to explore and quantify the relationships between the
environmental-hydraulic habitat parameters (hereafter called abiotic variables) and the
distribution-response of the (aquatic) organisms (hereafter called biotic variables) to the
environmental-hydraulic gradients. This process of exploring the relationship between habitat
variability and biotic-ecological response (environmental-hydraulic parameters and aquatic
communities) requires the following:
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A reference hydroecological dataset - multiple observations (samples), which relate the
variability of specific environmental factors with the distribution of (aquatic) organisms of
interest. This hydroecological dataset is sampled in unpolluted areas with no or minor
anthropogenic influence to account only for the natural ecological variation. Usually, the
habitat variables studied are the flow velocity (V), the water depth (D), the type of
substrate (S) and the water temperature (T), but additional or fewer parameters can be
also included (see chapters 2 and 4 for details).

i. Amethod to calculate the habitat suitability based on the distribution of organisms at each

sample. Usually, the habitat suitability is directly related to the abundance of the
organisms (Li et al., 2009; Mufioz-Mas et al., 2016) but other options, such as the use of
community-based metrics have also been developed (Waddle and Holmquist, 2011;
Theodoropoulos et al., 2018) (see chapter 3 for details).

A method-algorithm, which will identify the correlations between habitat variability and
ecological response.

What is often termed as a ‘habitat model’, is the third part of the aforementioned process. The
first habitat model was the one described by Bovee (1986), which requires the development of
three types of univariate habitat suitability curves (HSCs) based either on expert knowledge
(category | - professional judgment curves), or on actual field data (categories Il and Il - habitat
utilization and habitat preference curves) to quantify the relationship between the abiotic
variables (V, D, S and/or T) and the biotic response variables (the abundance of organisms).
During the last decades, complex mathematical methods evolved, including three basic types:

Multivariate statistical models, usually regression-oriented, which attempt to fit a curve
between the abiotic predictors (environmental and hydraulic data) and the biotic response
variables, based on specific assumptions about the distribution of data. Over time, these
models have been enhanced to include various alternatives of the fundamental curve-
fitting concept to avoid the assumptions of linearity between the predictor and response
variables (Generalized Linear Models (GLMs) - McCullagh and Nelder, 1989) or to account
for the cumulative influence of the predictors on the response variables (Generalized
Additive Models (GAMs) - Hastie and Tibshirani, 1990).

Machine learning models; a series of non-parametric algorithms, which combine
regression or classification functions based on the characteristics of available data. These
algorithms are able to deal with complex relationships and interactions between the
environmental variables; they can handle large amounts of data with possible non-linear
relationships between the predictors and are able to process complex and noisy data
(Recknagel, 2001). The most widely used examples include Classification and Regression
Trees (Breiman et al., 1984; Dakou et al., 2007), Artificial Neural Networks (Broomhead
and Lowe, 1988; Tirelli and Pessani, 2009), Random Forests (Breiman 2001; Vezza et al.
2015; Booker, 2016) and Boosted Regression Trees (Elith et al., 2008; Theodoropoulos et
al., 2017).

Fuzzy-rule based models (Zadeh, 1965), often enhanced by Bayesian Belief Networks
(BBNs - Pearl, 1988); based on sets of IF-THEN rules, fuzzy models convert the actual values
of the predictor and response variables to membership functions ranging from 0 to 1 and
calculate the habitat suitability by applying logical operators (AND/OR). These methods
can handle the inherent vagueness of the input and output data, as well as the possible
interaction between the predictor variables (Ahmadi-Nedushan et al., 2006) and have
been applied in habitat modelling, in combination with BBNs to enhance predictive
accuracy (Van Broekhoven et al. 2006; Liu et al. 2013; Lange et al. 2015).

1.3.2.1. Habitat suitability curves
In this model, the abiotic variables (usually V, D and S) are related to the habitat suitability (K)
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with an index ranging from O (unsuitable) to 1 (totally suitable). According to the discrimination
between habitat use and habitat preference applied in Bovee (1986), habitat suitability may be
based on (i) the number of individuals observed in a particular microhabitat sample (N; - habitat
use) or (ii) on the quotient of N; and the microhabitat availability (the number of the
microhabitats having the same value of abiotic variable) (habitat preference). The HSCs
developed using the habitat-use option are called category-Il HSCs and those developed using
the habitat-preference option are called category-lll HSCs, both being different from the
category-lI HSCs, which are developed only based on expert judgment.
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Fig. 1.6. Habitat suitability curves for water depth (a), flow velocity (b) and type of substrate
(S) developed following the approach of Bovee (1986). Image from Li et al. (2009).

To develop category-Ill HSCs, each variable (V, D and S) is divided in bins, and the
frequency of each bin (the number of individuals observed at each bin) is estimated and
visualized using frequency histograms. The microhabitat availability is also visualized using
histograms and the habitat preference is derived for each bin by dividing the habitat use value
by the relevant availability value (Fig. 1.6). The values are normalized in a 0-1 scale. The
individual habitat suitability indices (the three different HSCs, one for each abiotic variable) are
then combined to form a composite index using the following equation:

K = /Ky x Kpx K (1.34)

where,
K is the habitat suitability
Ky, Kp and K denote the individual habitat suitability values of V, D and S, respectively
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1.3.2.2. Regression-based models

Instead of following a histogram-based approach, a more recent statistical process known as
regression analysis is used to describe the dependence of one or more ‘response’ variables (in
this case K) to one or more ‘predictor’ variables (in this case, the abiotic variables V, D and S).
The general concept of curve fitting in regression analysis can be formulated as

Y=f(x)+e (1.35)
where,
Y are the actual values of the response variable for the predictor x
f(x) are the modelled values of the response variable
e is the variability of the actual values around the modelled values (called ‘regression residual’)

The complexity of the model can be shifted from linear
f(x) = bo + blx (136)

to a n'" grade polynomial curve (usually 3™ or 4™ grade) (Fig. 1.7)
f(x) = by + byx + byx? + byx3 + -+ bpyx™  (1.37)

where by, by ... b, are called ‘regression coefficients’.

When multiple predictors (x4, x5, ... , X,) contribute to the determination of the response
variable, the simplest form of the equation 1.35 (in which the predictors are linearly combined
and the response variable has a normal distribution) becomes

Y = bo + blxl + bzxz + b3x3 + -4 bnxn +e (138)
or E(Y) = bo + b1x1 + b2x2 + b3X3 + -+ bnxn =u (139)
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Fig. 1.7. Linear regression (a) and 6 grade polynomial regression models (b) to find the
best fitting curve between the abiotic variable flow velocity (V) and the response variable
habitat suitability (K)

The aforementioned linear regression model is termed as General Linear Model (GM). This
model makes specific assumptions about the predictor and response variables and their
relationships; the most important for habitat modelling are (i) the assumption that the
response variable has a normal distribution and (ii) the assumption that the normal distribution
of the response variable is based on a linear combination of the predictor variables. Moreover,
it does not account for possible interactions between the predictor variables to determine the
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distribution of the response variable; in habitat modelling however, K is the result of a specific
V, combined with a specific D and in a specific S. Based on the aforementioned, enhanced
algorithms have been developed to overcome these obstacles. Among them, the Generalized
Linear Models (GLMs - McCullagh & Nelder, 1989) and the Generalized Additive Models (GAMs
- Hastie & Tibshirani, 1990) have been widely used in habitat modelling.

In the GLMs, E(Y) may not necessarily be equal to a linear combination of the predictor
variables. This is achieved by the use of a ‘link function’, which is actually a transformation of
E(Y)to g(E(Y)) so that although E(Y) may not be a linear combination of the predictors,
g(E(Y)) may. Consequently, non-normal distributions of the response variable (e.g. Poisson,
binomial, inverse Gaussian) are not a problem in the analysis, as long as g(E(Y)) is a linear
combination of the predictor variables. Equation 1.38 within a GLM becomes

Y = f(bo + b1x1 + bzXz + b3x3 + -+ bnxn) +e (140)

From equation 1.39, the inverse function of E(Y), which is
g(E(Y)) = g(‘u) = bo + b1x1 + bzxz + b3x3 + -+ bnxn (141)

is the link function; depending on the type of non-normal distribution of the response variable,
different link functions are used in GLMs. Typical link functions include

(i) thelogit function g(u) = log (:—H) (1.42)
(i) identity g =u (1.43)
(iii) negative binomial g(u) = log (u+l;‘1) (1.44)

where k is the ancillary parameter of the negative binomial distribution.

Still, g(E(¥Y)) must be a linear combination of the predictor variables, and in habitat modelling,
predictors are not often linearly combined to predict the response variable. This can be
overcome by applying the GAM models. In addition to the link functions applied in GLMs to
account for a non-normal distribution of the response variable, GAMs use ‘smooth functions’
to additionally account for possible non-linear combinations of the predictors to determine the
response variable. Thus, the equation 1.39 can be written as

E(Y) = bo + fi(x1) + f2(x2) + f3(x3) + -+ fr(xp) (1.45)

where f1, f2, f3 ... fn the smooth functions, estimated from the data.

1.3.2.3. Boosted Regression Trees
Boosted Regression Trees (BRT) is a recent and very powerful machine-learning algorithm,
which has been often used for curve-fitting. BRTs is an ‘ensemble learning’ algorithm; instead
of searching for the most accurate model/curve (like HSC, GM and GAM), it develops multiple,
internal models-predictors, and combines them to increase the accuracy of the final prediction.
These models are actually decision trees, that is, schematic representations of the combined
influence of the predictor variables on the determination of the response variable. In the case
of BRT, this is done by applying ‘gradient boosting’, an optimization technique for minimizing
the loss function (e in equation 1.35) by adding, at each step, a new tree that best reduces
(steps down the gradient of) the loss function (Elith et al., 2008). The algorithm goes as follows
(Fig. 1.8):
1. Asingle decision tree is initially developed, which maximally reduces e.
A second tree is fitted on the residuals of the previous tree. This tree may be developed
using different predictor variables, which may be split at different points.
3. The algorithm is then updated to contain the two trees and the residuals of the two-
tree model are calculated.

32



4. Another tree is fitted using the same process, the model is updated and new residuals
are again calculated, in a stagewise process (existing trees are not changed as the
process continues).

5. Thefinal BRT modelis a linear combination of all trees (usually hundreds to thousands)
that can be thought of as a regression model where each term is a tree (Elith et al.,

2008).
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Fig. 1.8. Stagewise development of the Boosted Regression Trees algorithm. The more trees
added to the model, the more accurate the prediction becomes. Image adapted from
https://www.slideshare.net/DataRobot/gradient-boosted-regression-trees-in-scikitlearn

1.3.2.4. Random Forests

It has been argued that in habitat modelling, the prediction of a precise numerical output is not
of much importance and probably, such a ‘precise’ habitat model would not be trusted by
ecologists (Van Broekhoven et al., 2006); a classified output (for example a habitat suitability
with classes ranging from 0-unsuitable to 1-excellent) is considered more informative and
probably more appropriate. Consequently, regression-based models have been often replaced
by classification algorithms. Random Forests (RF) is such an algorithm that, although it can also
be used as a curve fitter (regression), it has been often used as an accurate classifier. Similarly
to BRT, RF is an ensemble learning model; it creates multiple (internal) outputs and combines
them to increase the accuracy of the final prediction (Fig. 1.9). The RF algorithm, simultaneously
(unlike the stagewise manner of BRT) generates a large number of decision trees, which are
then aggregated to compute the final classification. In detail (Peters et al. 2007; Vezza et al.
2015):
1. A bootstrap subset (resampled with replacement) X; containing approximately 2/3 of
the elements of the original dataset X is selected as the training dataset (the set of
observations with known output, from which the algorithm will learn the relationships

33


https://www.slideshare.net/DataRobot/gradient-boosted-regression-trees-in-scikitlearn

between the predictor and the response variables). The elements not included in the
training dataset are referred to as out-of-bag (OOB) data for that bootstrap sample.

2. Xis used to grow an unpruned classification tree (unlike the BRT algorithm, which uses
pruning) to the maximum depth but, rather than choosing the best binary split among
all predictive variables, m predictor variables are randomly selected and the best binary
split is chosen among these variables.

3. Each tree is fully grown and used to predict OOB observations. Prediction is applied
according to the majority vote of the ensemble of k trees (the predictions from all the
trees are combined to predict an observation class as well as a probabilistic prediction
output for that observation).

As more trees are added to the forest, the OOB error is reduced and the predictive accuracy of
the ‘random forest” increases.
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Fig. 1.9. Schematic representation of the Random Forest algorithm
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1.3.2.5. Fuzzy logic

In fuzzy logic (Zadeh, 1965) predictions are made based on a rule-based approach. A fuzzy rule-
based algorithm can handle the inherent vagueness of the input and output data, as well as the
possible interaction between the predictor variables (Ahmadi-Nedushan et al., 2006). The basic
concept of a fuzzy rule-based algorithm is that the actual, numerical values of the predictor
variables are converted to partially overlapping classes (fuzziness is introduced), which are
called membership functions and range from 0 to 1 (Fig. 1.10); a set of IF-THEN rules is
developed based on a training dataset and the value of the response variable is predicted by
the use of logical operators (AND/OR). Based on the detailed description provided in Ross
(2010), the steps of a fuzzy rule-based algorithm are the following:

1.

Fuzzification of the input variables (predictors): In this step, partially overlapping
classes called membership functions or fuzzy sets are defined for each predictor and
the actual, numerical values (called crisp sets) of each predictor are assigned to one or
more membership functions. By this process, the crisp sets of each input variable are
converted to a fuzzy ‘membership degree’, ranging from 0 to 1 for each membership
function. Then the process continues using the membership degree of each fuzzy set
(corresponding to a crisp numerical input) instead of using the crisp input itself. For
example, a depth value of 0.14 m may yield a membership degree of 0.7 (out of 1) for
the ‘shallow’ fuzzy set and 0.3 for the ‘very shallow’ fuzzy set (Fig. 1.10). Then the
process continues based on the fuzzy sets instead of the crisp numerical inputs.
Application of a fuzzy operator (AND or OR) and development of IF-THEN rules: After
the fuzzification of the predictor variables, based on the training dataset (with a priori
known values of the response variable for each combination of the predictors), logical
operators, either the AND (min) or the OR (max), are applied to the membership degree
of each fuzzy set (defined in the previous step) and the derived, minimum or maximum
value (depending on the selected operator) is assigned to the membership function of
the output variable, in this case the habitat suitability (K). If for example, K is classified
in five classes (f1, f2, f3, f4, f5, which may correspond to bad, poor, moderate, good and
high K respectively), the application of a logical operator would result in

fa(K) = min [f,(V), f3(D)] (1.46)
f3(K) = min [f5(V), f,(D)] (1.47)
fa(K) = min [f,(V), f4(D)] (1.48)

where,

fi is the membership function (fuzzy set) of each input and output variable
V the flow velocity

D the water depth

K the habitat suitability

Aggregation of outputs: When different combinations of the predictors’ fuzzy sets
result in the same K class, these outputs are aggregated usually using the OR (max)
operator; thus, the membership degree of the combined output (F;) is the maximum
membership degree observed for the specific K class:

F; = max [f1(K), fZ(K), ... , f{*(K)]

Defuzzification: In this step, a final ‘crisp” K value is derived from the integration of the
fuzzified predictor combinations with the different K classes (the membership degrees
of all fuzzy sets are combined). There exist various defuzzification options-methods;
among them the most widely used are (i) centroid, (ii) maximum membership, (iii)
weighted average and (iv) mean of maximum.
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i=1 f (XD
where,

f (37) is the membership degree at the average value x7 of each fuzzy set

X, is the first value with the highest membership degree of the class with the highest
membership

Xp is the last value with the highest membership degree of the class with the highest
membership

1.3.2.6. Fuzzy rule-based Bayesian algorithm

This algorithm uses the Bayesian joint probability and a classification system based on an
‘expected utility’ function (Brookes et al., 2010) and can be summarized in three steps:

1.

Fuzzification of the input variables (predictors): This is the same step followed in the
fuzzy-logic-based algorithm described previously. The input predictors (crisp values)
are fuzzified in user-defined overlapping classes (fuzzy sets).

Calculation of the Bayesian joint probability: The joint probability for independent
events is calculated as

P(ANB) = P(A|B)P(B) = P(B|A)P(A) (1.53)

where,

P(A N B) is the joint probability of event A and event B occurring together

P(A|B) is the conditional probability of event A occurring given that event B occurred
P(B|A) is the conditional probability of event B occurring given that event A occurred

In the case of V, D and S predictors, they are considered independent events and their
joint probability is calculated by replacing P(A|B) with P(A). For example, the joint
probability of V being 0.5 m/s and the D being 0.2 m, given their probabilities P(V:0.5 =
0.8)and P(D:0.2=0.3)is 0.8 x 0.3 =0.24. The fuzzy membership degrees (fuzzified input
values) from step 1 are used as the probabilities of occurrence of each input.
Classification K in habitat suitability classes: The algorithm applies an expected utility
function (Brookes et al., 2010) to determine the final K-class value. A score is assigned
to each K class (in our case bad-0.1, poor-0.3, moderate-0.5, good-0.7, high-0.9) and
each value is multiplied by the joint probability of occurrence of the specific K class as
follows:

EU(4) = X1, P AU (x)  (1.54)

where,

EU(A) is the expected utility of action or event A

P(x;|A) is the probability of action or event A

U(x;) is a utility weight to convert a state to numerical values
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1.4. Ecological indicators - the benthic macroinvertebrates

Freshwater macroinvertebrates, benthic invertebrates, benthic macroinvertebrates or simply
‘macroinvertebrates’ are small (approx. 0.5 mm - 2 cm), bottom-dwelling invertebrate animals
(including insects -e.g. dragonfly or stonefly larvae-, worms, leeches and snails), which are
visible to the naked eye (hence, macroinvertebrates) (Fig. 1.11, 1.12). BMs have long been
considered reliable indicators for ecological monitoring (Rosenberg and Resh, 1993). In Europe,
they have been used as biological indicators in the ecological monitoring of surface waters
within the implementation of the Water Framework Directive 2000/60/EC (European Union
Council, 2000), together with the fish fauna, aquatic macrophytes and diatoms. The generic
concept of using benthic macroinvertebrates as ecological indicators is that the benthic
community of polluted sites will differ from the benthic community of unpolluted sites, with a
degree, which is predictable and can be quantified to reflect the relevant pollution load. There
are currently numerous studies worldwide, which show that the magnitude of anthropogenic
impact in a river reach (either the surrounding land-use patterns or the in-stream chemical
pollution) is strongly correlated with benthic-macroinvertebrate metrics reflecting the status
of the benthic community (Stephenson and Morin, 2009; Theodoropoulos and lliopoulou-
Georgudaki, 2010; Kappes et al., 2011; Sundermann et al., 2013; Theodoropoulos et al., 2015a).

s *

Fig. 1.11. Some taxa of benthic macroinvertebrates. Image from https://dep.wv.gov/WWE/
watershed/bio fish/Pages/Bio Fish.aspx
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Fig. 1.12. Laboratory analysis of benthic macroinvertebrates (one by one, the benthic
macroinvertebrate individuals are transferred from the sample to the Petri dishes and then
stored for taxonomic identification).

Benthic macroinvertebrates are categorized in varying levels of similarity (classes,
families, genus, species etc.). In ecological monitoring, most BM-based metrics use the family
level for analyzing and quantifying ecological alteration and, consequently, anthropogenic
impact. The use of benthic macroinvertebrates in hydrodynamic habitat models to develop
environmental flow predictions has not been so popular, with the relevant studies being
primarily focused on fish (Milhous and Waddle, 2012). However, river habitats appropriate for
fish survival and diversity may not benefit macroinvertebrates or other aquatic organisms.
Consequently, the integration of all elements of the aquatic ecosystem into habitat modelling
is a crucial step towards robust, holistic environmental flow recommendations. Benthic
macroinvertebrates are considerably less mobile than fish, with less tolerance to changes in the
water volume and a reduced ability to colonize habitat-poor areas (Gore, 1989). Related studies
have shown that, in contrary to fish that may be limited or not present in many small streams,
a diverse benthic macroinvertebrate fauna is supported and benthic macroinvertebrates are
abundant in most low-order streams (Barbour et al., 1999). As several authors have
acknowledged that benthic macroinvertebrates are ideal candidates for the development of
hydroecological models (Niu and Dudgeon, 2011), they are currently increasingly used in
model-based environmental flow assessments (Waddle and Holmquist, 2013; Kominkova et al.,
2017; Theodoropoulos et al., 2018b, 2018c).

1.5. Purpose of the thesis

The ultimate purpose of this thesis was to develop and demonstrate a hydrodynamic habitat
modelling methodology using freshwater macroinvertebrates as ecological indicators. To reach
this outcome, specific scientific questions were researched and answered, and the following
research gaps were covered:
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The response of freshwater macroinvertebrates to flow variation was researched
(chapter 2)

The habitat preferences of benthic macroinvertebrates were developed using habitat
suitability curves and BM-metrics-based approaches (chapters 2 and 4)

A new command-line software implementing fuzzy logic and fuzzy rule-based Bayesian
algorithms to simulate-predict habitat suitability was developed in FORTRAN (chapter
3)

The predictive performance of multiple state-of-the-art habitat modelling algorithms
was researched for benthic macroinvertebrates (chapter 4)

Two case studies using a two-dimensional hydrodynamic model were applied to
demonstrate the developed BM-based, hydrodynamic habitat modelling
methodological framework (chapters 5 and 6)

The use of hydrodynamic habitat models to develop environmental flow scenarios was
researched and the results were compared with hydrology-based environmental flows
(chapter 6)
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Chapter 2

Response of benthic macroinvertebrates to natural flow
variation and hydrological alteration



2.1. Overview

Physical habitat, a major ‘driver’ of the distribution, abundance and diversity of aquatic
communities in riverine ecosystems, is fundamentally determined by flow variability (Allan,
1995; Bunn and Arthington, 2002). Instream organisms are affected by hydrological processes,
either directly due to the applied hydrodynamic forces of varying magnitude (which depend on
the hydraulic properties of the water) (Giller and Malmqvist, 1998) or indirectly, by determining
the composition of substrate, the water chemistry and the availability of physical habitat (Hart
and Finelli, 1999). As the successful conservation and management of aquatic ecosystems
requires deep knowledge of the underlying hydrological-hydroecological processes (Acreman
and Ferguson, 2010), research has long been focused on quantifying the response of aquatic
communities to natural or anthropogenic hydrological and hydraulic variation (Poff and
Zimmerman, 2010; Caiola et al., 2014; Papadaki et al., 2016). Benthic macroinvertebrates (BMs)
have often been used as the target aquatic community in such studies (Gibbins et al., 2001;
Theodoropoulos et al., 2010; Karaouzas et al., 2011; Armanini et al., 2014) and they have been
proven reliable ecological quality indicators (Rosenberg and Resh, 1993; Theodoropoulos et al.,
2015). Still, their use in hydroecological studies is limited, and currently, existing literature on
the response of benthic macroinvertebrates to flow variability is primarily focused on extreme
hydrological events, such as floods (Herbst and Cooper, 2010; Mesa, 2010; Mundahl and Hunt,
2011) and droughts (Lake, 2011; Skoulikidis et al., 2011; Chessman, 2015), occurring either
naturally within the seasonal or interannual variation in the hydrological cycle, or artificially due
to water regulation by dams and water abstractions. Their response to flow variation of
moderate magnitude remains insufficiently researched.

Aflood has been defined in the EU Floods Directive as ‘the temporary covering by water
of land not normally covered by water’ (European Commission, 2007). The effects of floods on
aquatic communities have been well documented (Leigh et al., 2015); they are related to the
alteration of physical habitat provoked by the increased flow velocity/discharge, which in turn
alters the composition of the instream assemblages. During and after floods, large amounts of
organic and inorganic matter are transferred downstream (Lake, 2000), affecting the water
chemistry and as a consequence, community composition. In-stream productivity, retention of
particulate organic matter and decomposition are also affected (Hladyz et al., 2012), channel
morphology is altered, macrophytes are translocated and other aquatic organisms are
dislodged and transferred downstream (Brittain and Eikeland, 1988; Lake, 2000). This results in
reduced macroinvertebrate density and diversity (Gjelrov et al., 2003; Melo et al., 2003; Suarez
etal., 2017), while taxonomic richness may be reduced or remain constant (Rempel et al., 1999;
Effenberger et al., 2008). Macroinvertebrates however have behavioral, morphological and
physiological adaptations, evolved over large time scales to resist physical disturbances. Such
adaptations to prevent dislodgment include small-sized bodies and specialized structures such
as mucilage (Biggs and Hickey, 1994), hooks (Crosskey, 1990) and suckers (Frutiger, 1988), while
many animals actively drift to microhabitats which offer protection from floods, usually called
refugia (Negishi and Richardson, 2006; Fuller et al., 2010).

Despite the aforementioned assiduous research, studies on ecologically significant
habitat features associated with river morphology and flow regime still remain scarce (Belmar
et al.,, 2013). In combination with the lack of studies examining the response of freshwater
communities to disturbances of smaller magnitude of hydrological alteration (between 0 - 50%
of the naturally occurring flow), the development of quantitative relationships between
ecological responses and altered flow regimes is generally inhibited (Poff and Zimmerman,
2010). Such relationships however are of critical importance to develop robust environmental
flow recommendations downstream of anthropogenic activities provoking hydrological
alteration, while they comprise essential input for advanced hydrodynamic habitat modelling
approaches, which offer water managers and stakeholders the ability to select the optimal,
among various environmental flow scenarios (Waddle and Holmquist, 2011; Theodoropoulos
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et al., 2015a), with the purpose of maintaining the integrity and functionality of freshwater
ecosystems.

2.2. Purpose of the chapter

This chapter researches and describes the response of benthic macroinvertebrates to
natural flow variability. Hydrological, hydraulic and BM data were collected from four sites in
Greek rivers before and after a heavy rainfall event, which in turn resulted in a high flow event
of moderate magnitude. Differences in the macroinvertebrate communities between the pre-
and post-impact samples (abundance, diversity, taxonomic richness and Ephemeroptera-
Plecoptera-Trichoptera richness) were examined. Moreover, hydroecological relationships
between hydraulic-habitat variability, in terms of flow velocity, water depth and substrate type,
and the BM metrics were researched, with the purpose of calculating optimal (suitable) ranges
for the aforementioned parameters and thus developing preliminary habitat suitability criteria
for benthic macroinvertebrates.

2.3. Study area

The mountainous reaches of four rivers in central Greece were sampled for hydrological and
ecological data (Fig. 2.1). The selected reaches are characterized by natural landscape with no
or very minor anthropogenic activities, mountainous relief with altitudes ranging from 407 to
972 m, large areas with evergreen forests mainly composed of firs belonging to the species
Abies cephalonica and Abies borisii regis, which are often mixed with deciduous forests of
Quercus ceris, Cornus sp. and Fagus sp. The riparian vegetation is composed of thick riparian
forests including plane trees (Platanus orientalis), willows (Salix alba), poplars (Populus nigra),
alders (Alnus glutinosa) and ash trees (Fraxinus angustifolia).

The study area has a temperate mediterranean climate, characterized by hot, dry
summers and cold, wet winters, with temperatures ranging between 0 °C (or lower) and 35 °C
(or higher during extreme events). The flow regime is highly seasonal, influenced by the amount
of precipitation, most of which falls between October and April (maximum in January), with the
driest months being July, August and September (minimum rainfall during August). Due to the
high variety of climatic subtypes resulting from the influence of the topography on the incoming
air masses from the central Mediterranean Sea, we selected meteorological stations, near each
sampling area to describe the particular microclimatic conditions (Theodoriana, Pertouli and
Koniakos at altitudes of 924, 1170 and 840 m respectively) by deriving mean monthly
precipitation values for the period 2010 - 2015 (Fig. 2.2). The maximum and minimum average
precipitation for Theodoriana and Koniakos stations was in January (395.7 and 158.2 mm
respectively) and August (48.5 and 24 mm respectively). For the Pertouli station, the maximum
values were observed in October (212.9 mm) and the minimum in July (23.12 mm).

Sampling was applied prior to (August 2015) and after (October 2015) a heavy rainfall
event, which took place between the 21st and 24th of October, 2015. The precipitation
observed during the event was 117 mm at the Theodoriana station (40% of the month’s
average rainfall), 57.6 mm at the Pertouli station (30% of average) and 89.8 mm at the Koniakos
station (110% of average).

2.4. Site selection and sampling periods

Four reference sites were selected (Fig. 2.1; Table 2.1) according to the European guidelines
for reference site selection (REFCOND - WFD CIS Guidance Document No. 10, 2003) in order to
assess only the effects of flow-related changes and avoid possible bias of the results from
pressures resulting from water quality degradation. At each site, a maximum of 20 rectangular
microhabitats of 0.0625 m?, (combinations of flow velocity, water depth and substrate type)
was sampled prior to (August 2015) and after (October 2015) the high flow event, resulting in
a dataset of 142 microhabitats spanning over two periods. Detailed characteristics of each
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microhabitat are shown in table Al. Three additional unpolluted sites, not impacted by the high
flow event, were sampled during the same periods to account for possible seasonal influence
on the results of the study (and as indicated and supported by previous literature (Lazaridou-
Dimitriadou, 2002), no seasonal variation was observed).
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Fig. 2.1. Map of the study area
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Table 2.1. Physicochemical characteristics of the selected sites

Altitude (m)
1 659
2 972
3 563
4 407

Catchment
area (km?)

56.27

49.07

81.14

221.51

Distance to
source (km)

2.8

6.68

2.64

15.46

Strahler
order

High flow
event

Before
After
Before
After
Before
After
Before
After

Temperature
(°C)
18.9
9.6
19.9
89
18.5
9.3
23.8

13
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7.9
8.2
8.2
8.1
8.1
8.2

8.3

DO (mg/L)

7.36
9.83
9.17
10.27
9.1
10.74
8.79
8.85

DO (%)

87.1
92.8
90.7
95.4
104.3
98.8
105
88.5

Conductivity
(uS/cm)
231
224
340
214
289
268
324
284

TDS (mg/L)

113
113
169
108
148
134
162
142



2.5. Environmental and hydraulic-habitat data

Water temperature, dissolved oxygen (DO), electrical conductivity and total dissolved solids
(TDS) were measured using the Aquaread AP-2000 Multiparameter Meter. Water samples
were afterwards collected in plastic bottles (250 mL), stored at 4 °C, transferred to the lab, and
analyzed for major ions (NOs, NO,, NHs* and PO4*) using the Merck Nova 60 Spectroquant
Photometer, with the results indicating that all sites conformed to the REFCOND guidelines for
reference site selection (NO3<0.5 mg/L; NO;<0.3 mg/L; NH4*<0.01 mg/L; PO,><0.15 mg/L).

At each microhabitat, flow velocity, water depth and substrate were recorded. Flow
velocity (V) was measured using the Swoffer 2100 current velocity meter, water depth (D) was
measured using a water-depth measurement rod and substrate (S) was visually assessed using
the categories defined by Schneider et al. (2010).

2.6. Benthic macroinvertebrates

Immediately after the hydrological-hydraulic measurements, benthic macroinvertebrates were
sampled at each microhabitat using a 0.25 x 0.25 m surber sampler with a mesh size of 500 um.
Samples were preserved in plastic bottles containing 70% ethanol. In the lab, all specimens
from each sample were sorted and identified at the family level using a stereo microscope and
macroinvertebrate identification guides for the Mediterranean region (Campaioli et al., 1994;
Tachet et al., 2010; Patsia and Lazaridou, 2011). The relative abundance of Functional Feeding
Groups (FFGs) and metrics describing the integrity of benthic communities including
macroinvertebrate abundance, taxonomic richness (Ntaxa), diversity (Shannon’s index) and EPT
richness (EPTtaxa) were calculated using the ASTERICS 3.1.1 software.

2.7. Statistical analysis

Samples were grouped using the Non-metric Multidimensional Scaling (NMDS) procedure with
the Bray-Curtis distance measure, implemented in the PRIMER 6 statistical software. NMDS is
an ordination technique, in which samples are allocated to a two-dimensional or three-
dimensional space based on their ranked dissimilarity, in a concept that distant samples will
have more differences than neighboring samples. Count biological variables (abundance,
Ntaxa, EPTtaxa, Shannon’s diversity index) were square root transformed and percentage
variables (%FFGs) were log-transformed to approximate normality and homoscedasticity
(Quinn and Keough, 2002; Leps and Smilauer, 2003; George and Mallery, 2010). The
transformed data were afterwards re-tested for heterogeneity of variance using the Levene’s
test (Levene, 1960) and independent sample t-tests were applied to identify macroinvertebrate
community differences between the microhabitats sampled prior to and after the high flow
event, using the IBM SPSS 22.0 statistical package. For pre- and post-impact groups, failing to
meet the Levene-test’s criteria, Welch’s t-test was used instead of Student’s t-test.

To examine preliminary hydroecological relationships, Boosted Regression Tree (BRT)
models were developed to investigate the response of the selected BM metrics (abundance,
Ntaxa, EPTtaxa and Shannon’s diversity index) to the environmental-hydraulic predictors (high
flow event, site/location, substrate type, depth, bed flow velocity and average flow velocity).
As previously described BRT is a relatively new and powerful statistical model used efficiently
to explain and predict the response of aquatic communities to environmental variability
(Leathwick et al., 2006; Leclere et al., 2011; Waite et al., 2014; Piliere et al., 2014). The main
advantages of BRT are the ability of fitting complex nonlinear relationships and the enhanced
reliability in identifying predictors’ interactions without being affected by outliers (Elith et al.,
2008). BRTs are considered to have increased predictive power against Generalized Linear
Models (GLM), Classification and Regression Trees (CART) (Leclere et al., 2011) and Generalized
Additive Models (GAM) (Leathwick et al., 2006). BRT models were fitted and run in R version
3.1.0 (the R Foundation for Statistical Computing, 2014), using the dismo package v1.0-15
(Hijmans et al., 2016). A bag fraction of 0.5, a learning rate of 0.002 and a tree complexity of 2
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were used to develop the models, which achieved at least 1000 trees (Table A4), following the
rule of thumb suggested by Elith et al. (2008). Backwards elimination of variables was
performed using the simplification function in dismo. The remaining variables were afterwards
used to develop the final BRT model. The BRT models were developed using untransformed
data, according to Elith at al. (2008).

2.8. Results

A total of 6905 BM specimens (individuals) belonging to 135 taxa were isolated and identified
from the 142 microhabitats collected before and after the high flow event. The allocation of
microhabitat samples to the three-dimensional space according to the NMDS procedure
showed a clear differentiation between the pre- and post-impact samples, indicating structural
differences in their BM communities (Fig. 2.3).
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Fig. 2.3. Grouping of microhabitats samples in the three-dimensional
space according to the NMDS procedure

On average, macroinvertebrate abundance showed a 9.5-fold decrease between the
pre- and post-impact samples (mean * SE, pre-impact: 80 + 7 ind, post-impact: 8 + 1 ind). Taxa
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richness decreased by 2.5 times the pre-impact values (mean * SE, pre-impact: 10 + 0.4, post-
impact: 4 + 0.4), EPT richness showed a 2-fold decrease (mean + SE, pre-impact: 6 + 0.2, post-
impact: 3 £ 0.3) and diversity showed a 1.6-fold decrease (mean * SE, pre-impact: 1.6 + 0.05,
post-impact: 1 + 0.1), with all differences being statistically significant (p<0.05; Table A2).
Statistically significant changes were also detected in the relative abundance of all FFGs
between the pre- and post-impact samples. The relative abundance of miners decreased by 5
times the pre-impact values (mean + SE, pre-impact: 2.5 + 0.28, post-impact: 0.6 + 0.23).
Gatherers/collectors showed a 1.6-fold decrease (mean + SE, pre-impact: 28.4 + 1.1, post-
impact: 17.8 + 2.15), active filter feeders showed a 6.1-fold decrease (mean + SE, pre-impact:
4.9 + 0.54, post-impact: 0.81 + 0.4) and the relative abundance of passive filter feeders
increased by 3.25 times the pre-impact values (mean * SE, pre-impact: 4.65 + 0.8, post-impact:
13.6 £ 2.1). The relative abundance of grazers/scrapers decreased 0.9 times the pre-impact
values (mean * SE, pre-impact: 26.2 £ 0.98, post-impact: 23.9 + 2), shredders showed a 1.9-fold
decrease (mean * SE, pre-impact: 4.45 + 0.66; post-impact: 2.89 + 0.64) and parasites showed
a 7-fold decrease (mean + SE, pre-impact: 2.42 + 0.27, post-impact: 0.35 + 0.2) (Table A2).
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Fig. 2.4. Box plots of the macroinvertebrate metrics per substrate type of the pre- and post-

impact samples. Each box shows the median within the box, the 25th and 75th percentile as the
upper and lower margins of the box, and the 95% confidence interval as error bars. Dots indicate
outliers, asterisks indicate extreme outliers. BO: Boulders, LS: Large stones, SS: Small stones, LG,

MG, FG: Large, medium and fine gravel, respectively, SA: Sand
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According to the substrate-specific analysis, all macroinvertebrate metrics were
significantly reduced for all substrate types prior to and after the moderate-magnitude flow
event (Fig. 2.4; Table A3). It must be noted that after the event, no fine substrate microhabitats
(medium gravel, fine gravel and sand) were present at the sampling sites. Moreover, prior to
the event, higher mean abundance values were observed at the sand and large-gravel
microhabitats (139 ind and 105 ind, respectively, comprising 24% of the total invertebrate
abundance), while after the event, higher mean values were detected in boulders and large
stones (12 ind and 10 ind, respectively, comprising 73% of the total abundance).

The per-substrate relative abundance of FFGs was also altered between the pre- and
post-impact samples (Fig. 2.5). Higher relative abundance of predators was detected at all the
remaining substrates after the high flow event. The relative abundance of passive filter feeders
was higher in coarse substrates (BO, LS, SS) and lower in gravel. Shredders were higher only in
boulders, while the relative abundance of all other functional feeding groups was reduced after
the event. Despite the overall structural changes, grazers/scrapers, gatherers/collectors
predators and passive filter feeders were the most abundant feeding types both in the pre- and
post-impact samples.
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Fig. 2.5. Per-substrate, average relative abundance of the functional feeding groups
between the pre- and post-impact samples. BO: Boulders, LS: Large stones, SS: Small
stones, LG: Large gravel
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According to the BRT models the high-magnitude flow event had the strongest impact
on macroinvertebrate abundance, Ntaxa and EPTtaxa (relative influence 36.8%, 42.9% and
27.1%, respectively) (Fig. 2.6). Shannon’s diversity index was mostly influenced by the spatial
variability, represented by the different sampling sites (relative influence 31.5%) followed by
the influence of the high-magnitude flow event itself (27.5%). Spatial variability in general had
a great effect on all the modelled macroinvertebrate metrics. Furthermore, partial dependency
plots (PDPs) showed a negative influence of depth on the Ntaxa, EPTtaxa, Shannon’s diversity
index and total macroinvertebrate abundance. Average flow velocity influenced the Ntaxa
(8.8%) and the EPTtaxa (13.4%).

Regarding microhabitat-defining, physical-hydraulic variables (flow velocity, water
depth and substrate), all macroinvertebrate metrics decreased in finer substrates and in flow
velocities higher than 0.7 m/s and depths higher than 0.3 m. The PDPs showed specific optimal
values for each metric. Abundance was higher in boulders, large stones and large gravel and in
depths lower than 0.2 m. Ntaxa index was optimal in boulders, large stones and large gravel, in
flow velocities between approximately 0.25 and 0.65 m/s and in depths approximately lower
than 0.2 m. EPTtaxa index was higher in boulders, large stones and large gravel and in average
flow velocities between 0.25 and 0.6 m/s. Diversity was higher in boulders, large stones, large
and fine gravel, in depths around 0.2 m.
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2.9. Discussion

The results of the study suggest that benthic macroinvertebrates do respond to natural flow
variation. According to the NMDS plot, the pre- and post-impact microhabitat samples were
clearly separated, reflecting the influence of the rainfall-induced moderate-magnitude flow
event on their BM-community structure. The results of the BRT model further backed up this
influence by showing that the highest portion of the overall variation (27.1% to 42.9%) was
explained by the high-flow event itself, which exerted strong influence on all macroinvertebrate
metrics studied.

Macroinvertebrate abundance, taxonomic richness, EPT richness and diversity
decreased significantly by 90%, 60%, 50% and 25% respectively, between the pre- and post-
impact microhabitat samples, as in partial accordance with previous studies, which indicate
similar trends, but of varying magnitude and significance. Specifically, the 90% and 60%
decrease in macroinvertebrate abundance and taxonomic richness respectively, has been
previously reported by Argerich et al. (2004) as a result of an extremely large flood. Mesa (2010)
also detected a 70% decrease in macroinvertebrate abundance but no statistically significant
differences in the richness and diversity of macroinvertebrate communities, which in contrast,
was derived by the results of the current study and those of Rosser and Pearson (1995), as well
as those of Jacobsen and Encalada (1998). In contrast, Melo et al. (2003) indicated only a 15%
decrease in macroinvertebrate abundance. Despite this variability in the magnitude of
structural alteration, attributed to the variety of climatological characteristics of each study
area, the different sampling periods (pre- and post-impact) and the methods applied, most
studies conclude that macroinvertebrate abundance, diversity and often taxonomic richness
and EPT richness decrease due to floods and extreme rainfall events (Poff and Zimmerman,
2010). In addition, our study indicates that even after events of moderate flow-alteration, the
benthic communities are critically influenced.

Despite the overall structural degradation, the results of the study, being supported by
previous relevant research (Lancaster and Hildrew, 1993; Rempel et al., 1999; Fuller et al,,
2010), reveal that during high flow events, specific types of substrate act as flow refugia,
providing shelter against macroinvertebrate dislodgment. In our study, these substrate types
were mainly boulders and large stones, hosting 73% of the total macroinvertebrate abundance
and higher taxonomic richness, compared to finer substrates, after the high flow event. As
discussed by Borchardt (1993) and indicated in the current study, benthic macroinvertebrates
either actively drift to these refugia or are accidentally protected, being on refugia when
flow/hydraulic conditions become critical (provoking dislodgment). This is suggested by the fact
that prior to the moderate-magnitude flow event, macroinvertebrates were almost evenly
distributed among the various microhabitats (Fig. 2.4), while concentrated in coarser
substrates (at the interstitial spaces or underneath boulders and large stones) after the event.

Regarding the response of particular functional feeding groups to elevated flows, the
results showed increasing relative abundance of predators and passive filter feeders in flow
refugia, while the relative abundances of gatherers/collectors and grazers/scrapers were
reduced or remained constant. Nevertheless, these four FFGs were the most dominant, both
prior to but especially after the event. Predator macroinvertebrates are favored by the high
concentration of prey taxa in flow refugia due to the high retention rates of organic matter at
these coarse microhabitats (Dobson and Hildrew, 1992; Haapala et al., 2003). In addition, the
increased flow velocity, favors the transport of fine organic material within the water column
and thus justifying the increased relative abundance of passive filter feeders (Wallace and
Merritt, 1980; Georgian and Thorp, 1992) or the high relative abundance of grazers/scrapers
(Pastuchova et al., 2010).

Preliminary quantitative relationships between flow alteration and ecological
responses of freshwater macroinvertebrates were developed using BRT models. According to
the results, high macroinvertebrate abundance, taxonomic richness, EPT richness and diversity

53



were detected in flow velocities between 0.3 m/s and 0.75 m/s, in water depths near 0.2 m
(with all metrics decreasing rapidly in depths higher than 0.4 m) and in coarser substrates (but
with high variability). These results are in accordance with the majority of previous studies,
which although originating from different locations with varying climatic and hydrodynamic
conditions, indicate similar macroinvertebrate preferences. With minor exceptions for certain
macroinvertebrate taxa (Jowett et al., 1991), flow velocities higher than 0.7 m/s are not
considered suitable for most macroinvertebrates (Gore et al., 2001; Li et al., 2009; Horta et al.,
2009; Shearer et al., 2015), while the optimal range usually varies between 0.1 m/s and 0.6
m/s. However, certain taxa present optimal suitability in higher or lower flow velocities.
Regarding water depth, suitability usually peaks at 0.25 m (Jowett et al., 1991; Gore et al., 2001;
Liet al., 2009) in accordance with our results, while ranging between 0.1 m and 1 m. Regarding
substrate type, large and small stones (6 cm - 25 cm) are generally considered more suitable
but with high variation among studies. Our results also suggest that coarser substrates are
more suitable, revealing higher abundance and taxonomic richness in large stones, boulders,
small stones and large gravel.

Although in the current study, sand was found to host high macroinvertebrate
abundance, the limited number of samples (3 out of 142) with the specific substrate type,
inhibits any relevant discussion. However, the dominant taxon in the particular substrate was
Chironomidae, which is known to thrive in finer substrates (Jowett et al., 1991; Horta et al.,
2009; Shearer et al., 2015). A combinational suitability index would indicate that sand is a
moderately-suitable substrate, as also concluded in the aforementioned studies and supported
by the low EPT richness and diversity of the current study.

This study concluded that the structure of macroinvertebrate communities is critically
influenced after a high-flow event, even of moderate magnitude. While derived by a naturally-
occurring heavy-rainfall event, this information could explain much of the well-documented
structural degradation of macroinvertebrate communities downstream of hydropower dams
and reservoirs (Allan and Castillo, 2007; Theodoropoulos et al., 2015b). Macroinvertebrate-
derived metrics from such locations indicate degraded ecological quality, attributed, inter alia,
to the irregular water level fluctuations (Hartmann and Mihuc, 2008), both inter-annual and
intra-annual, which prevent healthy benthic macroinvertebrate communities from being
established. As the European Union urges for the provisioning of environmental flows
downstream of dams to restore the integrity of aquatic ecosystems (WFD CIS Guidance
Document No. 31, 2015), the reference data collected in the current study enabled the
establishment of preliminary hydroecological relationships (the habitat preferences of benthic
macroinvertebrates), with a final aim to ensure robust, biologically-derived environmental flow
recommendations. Integrating these preferences in hydrodynamic habitat models (HHMs)
(Theodoropoulos et al., 2015a) could be of valuable importance for water managers to select
the optimum among various flow scenarios. Further studies collecting combined hydrological-
hydraulic-biological data to enrich the current reference dataset would provide HHMs-based
environmental flow recommendations with enhanced accuracy, towards the restoration and
maintenance of functional aquatic ecosystems.

2.10. Conclusions
1. Benthic macroinvertebrates respond to flow variation.
e The structure of macroinvertebrate communities is critically influenced by high flow
events, even of moderate magnitude.
e Benthic-invertebrate abundance, diversity, taxonomic richness and EPT richness
significantly decreased between the pre- and post-impact samples.
e The composition of functional feeding groups was altered after the high flow event.
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e Boulders and large stones served as flow refugia, concentrating organic matter and
thus maintaining less degraded benthic macroinvertebrate communities, but with
altered composition of FFGs (increased predators and passive filter feeders).

2. The response of benthic macroinvertebrates to flow variation follows a Gaussian
distribution with specific optima.

e Optimal (suitable) ranges for flow velocity were estimated between 0.3 m/s and 0.75
m/s and for water depth at 0.2 m.

e Coarser substrates (boulders and large stones) were more suitable but with higher
variability between the various substrate types.
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Chapter 3

Filling the gaps in BM-~based habitat modelling -
Development of a command-line habitat module to
facilitate the application of two-~dimensional
hydrodynamic habitat models



3.1. Overview

Hydrodynamic habitat models (HHMs) have long been researched since the mid-1970s for their
potential to quantify and predict the response of freshwater biota to hydrological-hydraulic
variation (Maddock, 1999; Benjankar et al., 2014; Stamou et al., 2018). HHMs integrate
computational fluid dynamics and ecological knowledge into a two-module framework; a
hydrodynamic module provides information on the change of physical habitat as a function of
flow by predicting water depths (D) and depth-averaged flow velocities (V) at multiple
discharges in a computational grid that simulates the area under investigation. A coupled
habitat module compares the predicted values of V and D with information on the habitat
preferences of aquatic biota to calculate habitat suitability at each simulated discharge
(Acreman and Dunbar, 2004; Gopal, 2013).

Over the years and within much ‘constructive’ debate between researchers (Orth,
1987; Holm et al., 2001; Booker et al., 2004; Lamouroux et al., 2010; Lancaster and Downes,
2010) new methods have been incorporated in HHMs to improve the predictive accuracy of
their hydrodynamic and habitat modules. Since the early one-dimensional concept of habitat
suitability curves (HSCs) (Bovee, 1986) implemented in the PHABSIM software (Milhous et al.,
1989; Waddle, 2001), the hydrodynamic module of HHMs advanced from 1D cross-sectional
interpolations to 2D/3D unsteady- and steady-flow simulations of enhanced accuracy (e.g.
open TELEMAC-MASCARET - Galland et al., 1991; CASIMiR 2D - Schneider et al., 2001; River2D
- Steffler and Blackburn, 2002). The habitat module simultaneously advanced from the initial
HSCs concept; habitat suitability is currently modelled based on multivariate statistical
methods, machine-learning and fuzzy rule-based algorithms (Van Broekhoven et al., 2006;
Dakou et al., 2007; Vezza et al., 2015).

However, it was not until the last few years that two-dimensional HHM applications
became more popular than their 1D alternatives; still, 2D HHMs-based research on
environmental flows has been focused on fish (Mufioz-Mas et al., 2016; Papadaki et al., 2017);
case studies using other biotic elements of the aquatic ecosystem as environmental flow
indicators are disproportionately limited. Within this context, the following limitations currently
inhibit any effort towards 2D BM-based hydrodynamic habitat modelling applications to inform
environmental flow assessments:

1. Integrated HHM software applications have been mostly developed to be used for fish
(CASIMIR benthos is the only option currently).

2. The current HHMs mainly combine a 1D hydraulic module and a HSCs-based habitat
module (PHABSIM - Milhous et al., 1989; CASiMIR Fish - Schneider at al., 2001), with
River2D and CASIMIR 2D being the only available 2D options.

3. Advanced habitat modelling algorithms (machine learning, fuzzy logic, fuzzy rule-based
Bayesian inference), which have been proven more accurate than HSCs, especially for
other-than-fish biotic elements, are not currently implemented (again, only River2D has
a fuzzy-logic option).

Integrated BM-focused software applications are not available. Consequently, the current
HHMs-based EFAs, which use other biotic elements as environmental flow indicators, apply the
fish-based habitat tools to develop environmental flow scenarios.

3.2. Purpose of the chapter

This chapter describes the HABFUZZ software; a command-line tool, which applies
fuzzy logic and fuzzy rule-based Bayesian algorithms to calculate-predict and simulate the BM-
based habitat suitability at each node of a computational grid of a previous two-dimensional
hydrodynamic simulation of a river reach. It is a habitat module developed in FORTRAN to assist
the TELEMAC 2D hydrodynamic model (but it can be also used with other 2D hydrodynamic
models) in the development of fuzzy rule-based environmental flow scenarios. HABFUZZ uses
the hydrodynamic output of TELEMAC 2D (the V, D and S microhabitat values at each node of
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the grid in various discharges) and calculates the habitat suitability at each node (that is, for
each V, D and S combination) based on a BM-reference training dataset collected in Greek
rivers. The primary output of HABFUZZ is a txt file with the habitat suitability values for each
microhabitat combination.

3.3. Description of HABFUZZ

The generic concept of fuzzy logic and fuzzy rule-based Bayesian inference has been described
in chapter 1. Here, an example is provided and the algorithms of HABFUZZ are implemented
using specific example datasets. HABFUZZ requires two input files, (i) a training dataset of
microhabitat combinations (observations) of flow velocity (V), water depth (D) and substrate
type (S), associated with an a priori calculated specific habitat suitability (K) value and (ii) a test
dataset of microhabitat observations (V, D and S) with unknown K, which will be predicted by
HABFUZZ. The training and test datasets used in this example are shown in tables 3.1 and 3.2,
respectively. For technical details on file preparation to be inputted in HABFUZZ please consult
the HABFUZZ manual (https://chtheodoro.wixsite.com/habfuzz/documentation). HABFUZZ can
also include the water temperature as a fourth predictor in the calculation of habitat suitability,
however, this predictor is not included in the example datasets to ease understanding.

Table 3.1. Example training dataset
Microhabitat Flow velocity (m/s) Water depth (m) Substrate type Habitat suitability

1 0.20 0.12 Boulders 0.65
2 0.30 0.35 Large stones 0.24
3 0.32 0.05 Boulders 0.45
4 0.73 0.50 Small stones 0.3
5 0.32 0.43 Large stones 0.7
6 0.24 0.98 Large gravel 0.65
7 0.56 0.65 Boulders 0.21
8 1.12 1.10 Medium gravel 0.1
9 0.23 0.32 Sand 0.96
10 0.22 0.05 Large stones 0.5
11 0.01 0.12 Sand 0.4

Table 3.2. Example test dataset

Microhabitat Flow velocity (m/s) Water depth (m) Substrate type
1 0.28 0.29 Boulders
2 0.05 0.08 Large stones
3 0.46 0.80 Small stones

HABFUZZ offers two options, (i) a fuzzy logic process with various defuzzification algorithms (FL)
and (ii) a fuzzy rule-based Bayesian algorithm (FRB). In FL, the output habitat suitability is
initially a combination of fuzzy sets (five K classes - bad, poor, moderate, good, high) and within
the defuzzification process K is converted into a crisp output ranging from 0 to 1. In the FRB
algorithm, habitat suitability is expressed using the same five classes. Each class is assigned with
a utility score (bad - 0.1, poor - 0.3, moderate - 0.5, good - 0.7, high - 0.9) and multiplied by the
joint probability of each combination observed.

In both algorithms, the initial values of the input data (V, D and S) are converted to
membership degrees based on a process called fuzzification, which resembles classification but
enables the user to account for possible uncertainty in the developed fuzzy sets (which are also
called membership functions). For example, if the values of water depth (D) range from 0.03 m
to 1.5 myou are pretty sure that D values between 0.03 m and 0.1 m can be defined as LOW,
D values between 0.2 m and 0.5 m can be defined as MODERATE etc. But you are not sure if a
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value of 0.12 m is LOW or MODERATE. Fuzzy logic lets you numerically say 'l am 70% sure that
a value of 0.12 m can be defined as LOW and 30% as MODERATE' by writing 'the membership
degree of 0.12 m to the LOW fuzzy class is 0.7 and the membership degree of 0.12 m to the
MODERATE class is 0.3'. This process is applied in HABFUZZ for every value of the training and
test datasets and for each variable included. HABFUZZ fuzzifies all inputs into trapezoidal-
shaped membership functions (Fig. 3.1), with their class boundaries defined by the user (this is
the only part of HABFUZZ which requires the user to intervene).
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After reading the training dataset, HABFUZZ develops the rules database based on the
classes observed for each microhabitat combination and its relevant K. The value of each
variable of each microhabitat combination is classified in one of the following classes (which
can be re-defined by the user):

Flow velocity (V) Water Depth (D) Temperature (T)

VERY LOW: 0 -0.075 m/s VERY SHALLOW: 0 - 0125 m  WVERY LOW:0-12.5 oC
LOW: 0.075 - 0175 mis SHALLOW: 0125 - 0325 m LOW:12.5-14 oC
MODERATE: 0175 - 0.45 m/s MODERATE: 0.325-0.575m  MODERATE: 14 -18 oC
HIGH: 0.45 - 0.75 m/s DEEP: 0.575-0.725 m HIGH: 18 - 24 oC
VERY HIGH: » 0.75 m/s WVERY DEEF: = 0.725E m VERY HIGH: »>24 oC
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Substrate type (5) Habitat suitability (K)

EOULDERS: 0.070 HIGH: 0.8 -1

LARGE STOMNES: 0.050 GOCD:06-08
SMALL STOMNES: 0.040 MODERATE: 0.4 -0.6
LARGE GRAVEL: 0.030 POOR:02-04

MEDIUM GRAVEL: 0.026 BAD:O-02
FINE GRAVEL: 0.024

SAND: 0.022

SILT: 0.020

The boundaries for each class are the same with those used for fuzzification and can
be modified by the user. HABFUZZ creates a matrix with all the class combinations observed
and the relevant K for each combination. From this point, HABFUZZ implements the two
different algorithms, (i) the fuzzy logic algorithm (Mamdani and Assilian, 1975; Ross, 2010) and
(ii) the fuzzy rule-based Bayesian algorithm (Brookes et al., 2010).

3.3.1. The fuzzy logic algorithm (Mamdani and Assilian, 1975)

In FL, when a microhabitat combination is observed more than once with different K (same
combination of predictors’ values but different K), HABFUZZ calculates the overall K by (a)
averaging, (b) deriving the lowest K observed or (c) by deriving the maximum K observed. The
user is prompted by HABFUZZ to select one of these three scenarios (called average, worse and
optimum scenario, respectively) prior to developing the rules database. The rules are then
developed in the following concept:
1. Thevalues of V, D, S (and T) and K of each microhabitat combination in the training
dataset are classified based on the classes illustrated above. For the first three rows
of table 3.1, HABFUZZ classifies all values and 'translates' them as

a. IFVis MODERATE AND D is VERY SHALLOW AND S is BOULDERS THEN K'is GOOD.

b. IFVis MODERATE AND D is MODERATE AND S is LARGE STONES THEN K is POOR.

c. IFVis MODERATE AND D is VERY SHALLOW AND S is BOULDERS THEN K is
MODERATE.

As the combinations (a) and (c) result in the same V, D and S classes but different K,
HABFUZZ applies one of the three abovementioned scenarios to calculate a single K for
this combination. If for example the average scenario is selected, K would be
(0.65+0.45)/2 = 0.55 (classified as MODERATE). This process is repeated for all the
microhabitat combinations available in the training dataset. This means that a large
number of rules may be developed; in HABFUZZ there are five classes of V, five classes
of D, five classes of T and eight classes of S, which equals to 5x 5 x5 x 8 = 1000 rules!

2. The model’s predictive accuracy is calculated using a 10-fold cross validation process.
The training dataset is divided in two parts: 90% of the data (microhabitat
combinations) are randomly selected and the rules are developed for this 90% of data.
Then, the rules that have been developed based on this 90% are used to predict K for
the remaining 10%. This process is repeated 10 times (random selection of 90% and
predicting the remaining 10%) and finally the CCl index (correctly classified instances
%) is produced to inform the user about the model’s predictive accuracy.

3. Prediction of K in the test dataset. To predict the K values of the test dataset
(microhabitat combinations with unknown K), HABFUZZ applies the following
procedure for each microhabitat:

a. The V, D and S values of each test microhabitat are fuzzified and each value is
replaced by a membership degree for each fuzzy class.
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b. The whole training dataset is now used to develop the rules database.

c. HABFUZZ then refers to the rules database to derive the class combinations and the
relevant K for each combination.

d. The rules corresponding to each combination are applied using the AND operator
(minimum) (Fig. 3.2). The membership degree of each input value is used. For
example, if we have a V of 0.18 m/s, which corresponds to a membership degree of
0.3 in the VERY LOW class and a value of D at 0.12 m, corresponding to a
membership degree of 0.8 to the SHALLOW class, then the AND operator says that
the membership degree of the K (let's say HIGH from the relevant rule) will be 0.3
(minimum value between 0.3 and 0.8).

4. The different K classes observed along with their membership degrees are then
aggregated and a defuzzification process is applied to calculate the final HS value (Fig.
3.3). The defuzzification algorithms implemented in HABFUZZ are (i) centroid, (ii)
weighted average, (iii) maximum membership and (iv) mean of maximum.

=4

C. AGGREGATION OF QUTPUTS

6

5 APPLY MIN (AND) OPERATOR BETWEEN APPLY MAX (OR) OPERATCOR BETWEEN
) FUZZY SETS OF DIFFERENT INPUTS FUZZY SETS OF SAME INPUT
3 0.22

2

1 | IF O is shallow AND Vis moderate THEN Kis good

U 0 10 20 30 04 05 06 07 OB

7

6

5

4 / \ 0.3

3

2

1| IF D is moderate AMD Vis low THEM K is moderate

(=T =T~ T =T =T =1

= W s

0 30 40 50 0.1 02 03 0.4 0.5

v

0.45

IF/ D is shallow \ AND / Vis high THEN K is good
0 20 30 07 .

v

=l

nom

=]
B
=]
=]
[

Fig. 3.2. Aggregation of inputs (predictors)
in the fuzzy logic algorithm

K is moderate K is good

61



Membership degree

Habitat suitability (K)

0.5 0.6 0.7 0.8

Fig. 3.3. Defuzzification and calculation of the final habitat suitability

3.3.2. The fuzzy rule-based Bayesian algorithm (Brookes et al., 2010)
In FRB, when a microhabitat combination is observed more than once with different K,
HABFUZZ keeps a record of both observations and assigns a probability value according to the
times that a different K class is observed for the same class combination. The first two steps are
the same with the FL algorithm. From step 3, the process goes as follows:
3. To predict the K values of the test dataset (microhabitat combinations with unknown
K), HABFUZZ applies the following procedure FOR EACH MICROHABITAT:

d.

The V, D and S values of each test microhabitat are fuzzified and each value is
replaced by a membership degree for each fuzzy class.

The whole training dataset is now used to develop the rules database.

HABFUZZ then refers to the rules database to derive the class combinations and
the relevant K for each combination.

The rules corresponding to each combination are applied using the membership
degree of each class as the probability of occurrence of this class (fig. 3.4). For
example, if we have a V of 0.18 m/s, which corresponds to a membership degree
of 0.3 in the VERY LOW class and a value of D at 0.12 m, corresponding to a
membership degree of 0.8 to the SHALLOW class, then the fuzzy Bayesian
algorithm suggests that the membership degree of K (let's say HIGH with a
probability of 0.5 from the relevant rule) will be 0.3 x 0.8 x 0.5 = 0.12 (the joint
probability of these classes occurring in the specific combination). The Bayesian
term is used since we say the probability of K being HIGH GIVEN THAT V is VERY
LOW and D is SHALLOW.
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3.4. Running HABFUZZ

(Using the training and test datasets of tables 3.1 and 3.2)

The tool runs from the command line window. The command prompt opens and after a short
welcome message the software asks for the inference process to be implemented (Fig. 3.4 and

B 8P OISR $OO00P $OO0ERP 6F 2 6F CODPEE COP0EE
B2 &7 AP PP AR PR AR ge & 8@ @ 88
CERRREE FOPOOEE OOO0P OOEER & 098 0B &
OEDEEEE MDOEEED DOEEE 0 DREEE BP0 BF 0 0&F 020 AP
B 8P 8P &P B P 89 g B B 000 8P
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A COMMAMD-LTIME TOOL FOR DATA-DRIVEM FUZZY HABITAT MODELLINMNG

Habfuzz reguires two Lnputs

1. A training dataset with samples of known habitat suitability

2. A test dataset with samples of unknown habitat suitability
Habitat suitability in the test dataset will be automatically
predicted based on fuzzy rule-based algorithms and will be

gxported in a twt file named suitability.txt

¥ou gre not reguired to learn how the algorithms work but it would
be wise to consult the manual of the program before running HABFUZZ.
If you need assistance just contact us at ctheodor@hcmr.gr

Press ENTER to start

Fig. 3.4. The welcome-screen of HABFUZZ
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A COMMAMD-LTIME TOOL FOR DATA-DRIVEM FUZZY HABITAT MODELLINMNG

Habfuzz reguires two inputs

1. A training dataset with samples of known habitat suitabdility

2. A test dataset with samples of unknown habltat suitability
Habitat suitability in the test dataset will be automatically
predicted based on fuzzy rule-based algorithms and will be

ewported in @ tut File named suitability.twt

¥ou are not reguired to learn how the algorithms work but it would
b2 wise to consult the manual of the program before running HABFUZZ.
If you need assistance just contact us at ctheocdor@hcmr.gr

Press ENTER to start
sglect modelling method

[1] Fuzzy logic algorithms
[2] Fuzzy Bayesian algorithm

Fig. 3.5. Selection of modelling algorithm in HABFUZZ
After selecting the modelling algorithm, the user is asked to select the cross validation scheme

(either Monte Carlo or ten-fold) (Fig. 3.6). In the ten-fold cross validation, the initial dataset is
randomly partitioned in ten equal-sized subsamples. Nine subsamples are used as the training
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dataset and the remaining subsample is used for model validation. This process is repeated ten
times (folds), using a different subsample for validation at each iteration. The Monte Carlo
scheme also includes ten iterations but at each iteration the initial dataset is randomly
partitioned in two subsamples. The first subsample contains 90% of the initial data and is used
for calibration, and the second subsample contains the remaining 10% and is used for
validation. At each iteration, the initial data is again randomly partitioned and thus the same
data may be randomly included in each subsample more than once, in contrast to the ten-fold
cross validation scheme. The performance of each model is evaluated as the average
percentage of the correctly classified instances (CCl) between each iteration of the ten-fold
cross-validation process

A COMMAMD-LIME TOOL FOR DATA-DRIVEM FUZZY HABITAT MODELLIMG

Habfuzz reguires two inputs

1. & training dataset with samples of known habltat suitability
2. A test dataset with samples of unknown habitat suitability
Habitat suitability inm the test dataset will be automatically
predicted based on fuzzy rule-based algorithms and will be
exported in @ tut file named suitability.txt

¥ou are not reguired to learn how the glgorithms work but it would
be wise to consult the manual of the program before running HABFUZZ.
If you need assistance just contact us at ctheocdor@hcmr.gr

Press ENTER to start

Select modelling method
[1] Fuzzy logic algorithms
[2] Fuzzy Bayesian algorithm

Select cross-wvalidation schemes
[1] Monte Carlo
[2] Ten fold

Fig. 3.6. Selection of the cross-validation method

3.4.1. Running the fuzzy logic algorithms

If the FL option is selected, the program, after selecting the cross-validation scheme, prompts
the user to select the desired management scenario to implement (Fig. 3.7). There are three
available scenarios based on the method used for deriving the outcome of each IF-THEN rule
from the training dataset of the program, (i) the average scenario, where the different
suitability values for the same combinations of flow velocity, water depth and substrate type
are averaged to derive the final habitat suitability, (ii) the worst scenario, where the final
suitability is derived from the minimum observed suitability and (iii) the optimum scenario
where the final suitability is derived by the maximum observed suitability. A default scenario is
also present (the moderate scenario). If a specific combination in the observed data does not
match a combination in the reference data, the program returns a value of ‘-1’ for the habitat
suitability.

After selecting the desired scenario, the user is asked to select the defuzzification
method (Fig. 3.8). A default method (centroid) is available. After selecting the defuzzification
method, HABFUZZ calls the relevant subroutines to perform the tasks selected. The program
informs the user when the process is completed and indicates the suitability.txt file created
where the suitability values are stored and the /og.txt file with the fuzzy membership degrees
for each class.
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predicted based on fuzzy rule-based algorithms and will be

exported in a tut file named suitability.txt

¥ou are not required to learn how the glgorithms work but it would
be wise to consult the manual of the program before running HABFUZZ.
If you need assistance just contact us at ctheocdor@hcmr.gr

Press ENTER to start

Select modelling method
[1] Fuzzy logic algorithms
[2] Fuzzy Bayesian algorithm

Select cross-wvalidation scheme
[1] Monte Carlo

[2] Ten fold

1

select the preferred scenario to implement
[1] Awverage

[2] Worst

[3] Optimum

[4] Default

Fig. 3.7. Selection of the desired scenario

Select modelling method
[1] Fuzzy logic algorithms
[2] Fuzzy Bayesian algorithm

Select cross-wvalidation scheme
[1] Monte Carlo
[2] Ten fold

1

select the preferred scenarioc to implement
[1] Average

[2] Worst

[3] COptimum

[4] Default

select the preferred defuzzification method
[1] Centroid

[2] Max membership

[3] Weighted awerage

[4] Mean-max membership

[5] Default

Fig. 3.8. Selection of the defuzzification method
Assuming that the training dataset has been used for the development of the rules database,

for the test data of table 3.2, the crisp input values for V and D, are fuzzified as depicted in table
3.3.
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Table 3.3. Fuzzification results for the training dataset (first three rows of table 3.1).

Fuzzy membership classes

Crisp V Very V Low vV D Very D Shallow D D Very
inputs Low Moderate Shallow Moderate Deep
V=0.28 0 0.8 0.2

V =0.05 1 0 0

V=0.46 0 0 1

D=0.29 0 0.333 0.667 0
D=0.08 0.333 0.667 0

D=0.80 0 0 0 1

V: Flow velocity, D: Water depth

HABFUZZ then checks each combination of inputs (their corresponding fuzzy sets) and assigns
a membership degree using the AND (min) operator to the relevant K class they belong (based
on the IF-THEN rules developed from the training dataset, and depending on the selected
management scenario). If the user, for example, selected the moderate scenario, the
membership degree of each combination in the relevant K class (including the substrate type)
is depicted in table 3.4.

Table 3.4. Checking the relevant IF-THEN rules and assigning membership degrees to the suitability
class by applying the AND (min) operator.

Vv D) S K

Moderate (0.2) Moderate (0.667) Boulders (1) -

Moderate (0.2) Shallow (0.333) Boulders (1) _
Low (0.8) Moderate (0.667) Boulders (1) Moderate (0.667)
Low (0.8) Shallow (0.333) Boulders (1) Good (0.333)

Very Low (1) Very Shallow (0.667) Large stones (1) Good (0.667)
Very Low (1) Shallow (0.333) Large stones (1) Good (0.333)
Moderate (1) Very Deep (1) Small stones (1) -

V: Flow velocity, D: Water depth, S: Substrate type, K: Habitat suitability

HABFUZZ then combines the same K classes observed (aggregation step) using the OR (max)
operator and the different membership degrees of all classes are defuzzified using one of the
methods described before. The results of the aggregation and defuzzification processes (in this
case the centroid defuzzification method was selected) are depicted in table 3.5.

Table 3.5. Aggregation of outputs using the OR (max) operator. It can be seen that microhabitat 3 is not
referred in the IF-THEN rules and a value of -1 is returned by HABFUZZ.

Microhabitat vV D S K
1 0.28 0.29 Boulders 0.622
2 0.05 0.08 Large stones 0.700
3 0.46 0.80 Small stones -1

V: Flow velocity, D: Water depth, S: Substrate type, K: Habitat suitability

3.4.2. Running the fuzzy rule-based Bayesian algorithm

If the FRB is selected, the program immediately calculates K according to the steps described
previously. Again, using the test data of table 3.2, the crisp input values for V and D, are fuzzified
as depicted in table 3.3. The process then treats the fuzzified membership degrees as the
probability of each observation occurring, suggesting for example that ‘the probability of K
being high is the joint probability that V is moderate, D is shallow and S is boulders’. This concept
is depicted for the example training dataset for each microhabitat in tables 3.6, 3.7 and 3.8.
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Table 3.6. (A) The joint probability table for the fuzzified inputs of microhabitat 1 (S=Boulders, not
shown but included). (B) Joint probability after including the probability of the habitat suitability (not
shown) class for each combination.

(A) Microhabitat1 = D (P)

V (P) Shallow (0.333) Moderate (0.667) _ ,
w0 o IO Sty
Moderate (0.2) 0.0666 0.1334 Y ’

(B) Microhabitat 1 = D (P)
V (P) Shallow (0.333) Moderate (0.667)

Low (0.8 S 0725 00::0 MEO2s6E: ozcc: M0
O ooeer

Moderate (0.2)

V: Flow velocity, D: Water depth, S: Substrate type, JP: Joint probability, K: Habitat suitability; Blue colour: High K, Green colour:
Good K; Yellow colour: Moderate K, Red: Bad K

Table 3.7. (A) The joint probability table for the fuzzified inputs of microhabitat 2 (S=Large stones, not
shown but included). (B) Joint probability after including the probability of the habitat suitability class
for each combination. JP: Joint probability.

(A) Microhabitat2 = D (P)

V (P) Very Shallow (0.667) Shallow (0.333)

P=P(V)xP(D)xP
Low (1) 0.667 0333 JP = P(V)xP(D) x P(S)
(B) Microhabitat 2 = D (P)
V (P) Very Shallow (0.667) Shallow (0.333) Joint

Probability
=P(V) x
Very Low (1 0.1667 0.1022  0.0256 P(D) x P(S)
x P(K)

V: Flow velocity, D: Water depth, S: Substrate type, JP: Joint probability, K: Habitat suitability, Blue colour: High suitability, Green
colour: Good suitability, Yellow: Moderate suitability, Orange: Poor suitability

Table 3.8. The joint probability table for the fuzzified inputs of microhabitat 2 (S=Small stones, not
shown but included). Since the specific combination is nor present in the training dataset, no further
calculations are applied.

Microhabitat 3 D (P)
V (P) Very Deep (1) i o
Moderate (1) 1 Joint Probability = P(V) x P(D) x P(S)

V: Flow velocity, D: Water depth, S: Substrate type, JP: Joint probability

HABFUZZ then assigns a score at each habitat suitability class to calculate the final suitability
output (bad - 0.1, poor - 0.3, moderate - 0.5, good - 0.7, high - 0.9), using the ‘expected utility’
equation. Each probability from tables 3.6(B) and 3.7(B) is multiplied by the score of each
relevant suitability class and all products are summed (for each microhabitat) to derive the final
habitat suitability. The results of the fuzzy rule-based Bayesian algorithm are presented in table
3.9.

Table 3.9. The fuzzy Bayesian calculation of habitat suitability using the ‘expected utility (EU)’ equation

Ml.cmh Joint probability combinations EU
abitats

0.0239 0.2668
5 > 0.1667 0.1022  0.0256

x 0.5 x 0.5 x 0.3

67



3.5. Output

Regardless of the algorithm selected to predict K, the primary output of HABFUZZ is a txt file
with the predicted K values for each microhabitat combination in the test dataset. In addition,
HABFUZZ calculates the following parameters-indicators to facilitate a possible environmental
flow selection process (Fig. 3.9):

1. Overall Suitability Index (0SI):  OSI = .}, K;

0SI
2. Normalized OSI (nOSI): n0SI = —

3. where,
K;(from 0 to 1) denotes the habitat suitability
wdenotes the total No. of wetted nodes in the computational mesh at each Q
scenario

4. Certainty of prediction (COP): The ratio of the No. of microhabitat combinations
actually found in the training dataset to the total No. of nodes in the computational
mesh; HABFUZZ applies a ‘trick” when a microhabitat combination is not found in the
training dataset and instead of returning some arbitrary K value for a particular node
(e.g.-1), it uses the K value of its neighboring node in the domain.

5. Percentage of wetted nodes in the computational mesh at each Q scenario (w).

6. Habitat connectivity (C): The ratio of connected (neighboring) nodes with K>0.6 to the
total number of wetted nodes with K>0.6.

7. Habitat availability (A): The ratio of connected (neighboring) nodes with K>0.6 to the
total number of nodes in the study reach (wetted and dry).
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Habitat suitability calculation for test microhabitat 5189 successful
Habitat suitability calculation for test microhabitat 5178 successful

Habitat suitabkility calculation successful!
Finished!

Cyerall model performance Bl.58
Percent wetted nodes i T
Certainty of prediction g6
Habitat connectivity a4
Habitat awvailability (315
Overgll Sultability Indew - 05I 28
Mormalized 051 o

Writing results to files...

Results ready

End of process

Please check the created file suitability.txt
Thank you for using HABFUZZ!

Press EMTER to exit

Fig. 3.9. The parameters calculated in HABFUZZ to facilitate the development of environmental
flow scenarios

A schematic representation of the processes of HABFUZZ is illustrated in Fig. 3.10 and Fig. 3.11
(in more detail). A webpage has been developed to support the software (https://chtheodoro.
wixsite.com/habfuzz). HABFUZZ is also available for download from SourceForge (https:
//sourceforge.net/projects/habfuzz) and GitHub (https://github.com/chtheodoro/habfuzz).

User actions before User preferences during
running HABFUZZ running HABFUZZ HABFUZZ calculations

User action 1
Prepare traindata.txt

- Known habitat HABFUZZ Black Box

suitability - . .
Y Cross-validation Calculations based on
scheme
user preferences

User action 2 .
Fuzzy / Fuzzy Bayesian

Modelling method

Prepare testdata.txt Preferred scenario
- Unknown habitat (Fuzzy logic only)
suitability -
Defuzzification ‘
(Fuzzy logic only)
Results
Habitat suitability
predicted for each
microhabitat of the
testdata.txt file
User interference No user interference

Fig. 3.10. Schematic representation of the HABFUZZ options
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Fuzzy Bayesian
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Fig. 3.11. Detailed graphical representation of the HABFUZZ concept
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Chapter 4

Researching the predictive accuracy of state-of-the-art
algorithms to be used in benthic-invertebrates-based
habitat models



4.1. Overview

As previously mentioned, hydrodynamic habitat models (HHMs) include two different modules-
components; (i) a hydraulic/hydrodynamic component, which calculates the flow velocity (V)
and the water depth (D) for various discharges at each node of the computational grid of a
simulated river reach and (ii) a habitat component, which uses the hydrodynamic output to
calculate the habitat suitability at each node of the grid and for each discharge. During the past
decades, despite the continuous efforts to increase the predictive accuracy of HHMs, there has
been much controversy and criticism on the methods applied in their habitat modules to
guantify the relationship between the environmental predictor variables and the biological
response variables (Ahmadi-Nedushan et al., 2006; Hirzel and Le Lay, 2008; Jowett et al., 2008).
The traditional and most widely used approach is the one described by Bovee (1986), which
requires the development of three types of univariate habitat suitability curves (HSC) based
either on expert knowledge (category | - professional judgment curves), or on actual field data
(categories Il and Ill - habitat utilization and habitat preference curves) to quantify the
relationship between the abiotic variables -V, D, substrate type (S) and/or water temperature
(T)- and the biotic response variables (usually the abundance of target organisms). Based on
this rather simplistic approach and in combination with the criticism received, complex
mathematical methods evolved and are currently available as ‘habitat modelling algorithms’.
These methods can be classified in the following categories, based on the conceptual approach
they use to predict the habitat suitability:

(1) Multivariate statistical models (usually regression-oriented); the concept of these
models is to find a best-fit curve that represents the relationship between the
environmental-hydraulic predictors and the biotic response variables, based on specific
assumptions about the distribution of data. Over time, these models have been
enhanced to include various alternatives of the fundamental curve-fitting concept to
avoid the assumptions of linearity between the predictor and response variables
(Generalized Linear Models (GLMs) - McCullagh and Nelder, 1989) or to account for
the cumulative influence of the predictors on the response variables (Generalized
Additive Models (GAMs) - Hastie and Tibshirani, 1990).

(2) Machine learning models; non-parametric algorithms, which combine regression or
classification functions based on the characteristics of the available data. These
algorithms can deal with complex relationships and interactions between the
environmental variables; they are able to handle large amounts of data with possible
non-linear relationships between the predictors and process complex and noisy data
(Recknagel, 2001). The most widely used examples include Classification and
Regression Trees (Breiman et al., 1984; Dakou et al., 2007), Artificial Neural Networks
(Broomhead and Lowe, 1988; Tirelli and Pessani, 2009), Random Forests (Breiman,
2001; Vezza et al., 2015; Booker, 2016) and Boosted Regression Trees (Elith et al., 2008;
Theodoropoulos et al., 2017).

(3) Fuzzy-rule based models (Zadeh, 1965), often enhanced by Bayesian Belief Networks
(BBNs - Pearl, 1988); based on sets of IF-THEN rules, fuzzy models convert the actual
values of the predictor and response variables to membership functions ranging from
0 to 1 and calculate the habitat suitability by applying logical operators (AND/OR).
These methods can handle the inherent vagueness of the input and output data, as
well as the possible interaction between the predictor variables (Ahmadi-Nedushan et
al., 2006) and have been applied in habitat modelling, in combination with BBNs to
enhance predictive accuracy (van Broekhoven et al., 2006; Liu et al., 2013; Lange et al,,
2015).

The available literature indicates that most of the research on HHMs has been carried
out using the fish fauna as the target biotic element of the aquatic ecosystem. In contrast,
benthic-macroinvertebrate (BM) benchmark datasets and relevant comparative modelling
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studies are disproportionately limited (Poff and Zimmerman, 2010; Shearer et al., 2015;
Theodoropoulos et al., 2015).

4.2. Purpose of the chapter

In this chapter, the predictive performance of widely applied habitat modelling algorithms is
evaluated using a reference hydroecological dataset consisting of microhabitat-defining
predictors (V, D, S and T) and BM-related response variables, collected from an extended
sampling network in Greek streams and rivers. The primary question, which, based on the
aforementioned analysis, needed to be answered is: ‘Do the specific distributional properties
of this and similar hydroecological datasets -i.e. (i) imbalanced nature, (ii) complex interactions
between the microhabitat-defining variables, (iii) high variation of the response BM variables-
require the application of specific habitat modelling methods to avoid producing misleading
results and enhance the predictive accuracy of HHMs?. In addition, working solutions are
proposed that address the difficulty of working with highly variable hydroecological data in
model-based environmental flow assessments.

4.3. Collection of the reference dataset

A total of 380 microhabitat samples (Table A5) was collected from streams and rivers in an
extended sampling area surrounded by natural landscapes with no or very minor human
influence. Unimpacted sites were deliberately selected with the purpose of eliminating bias
originating from water quality degradation and focus only on the influence of the hydraulic
properties of the water on the BM communities. Data were collected from perennial streams
and rivers in central and southern Greece (Fig. 4.1; Table 4.1), belonging to the RM-1 (10-100
km?; altitudes between 200-800 m.a.s.l.; mixed geology), RM-2 (100-1000 km?; altitude < 600
m.a.s.l.; mixed geology) and RM-4 (10-1000 km?; altitudes between 400-1500 m.a.s.l.; mixed
geology) European intercalibration types (Van de Bund et al., 2004). In detail, the study area is
characterized by semi-mountainous to mountainous relief with altitudes ranging from 116 to
972 m.a.s.l., large areas with evergreen forests, often mixed with deciduous forests of Quercus
sp., Cornus sp., Pinus sp. and Fagus sp. The riparian vegetation is composed of thick forests
including plane trees, willows, poplars, alders and ash trees.

Table 4.1. Geomorphological properties of the study sites. T: Tributary, M: Main stem

Site . Site ) Strahler Distance to Catchment
River ) Altitude (m) 2
No. coordinates order source (km) area (m?)
°31'24.16"N
1 Acheloos (T) 39°3 6 972 2 6.68 49

21°26'34.88"E

°25'42.01"N
2 Acheloos (T) 3291013,51 28"E 563 1 2.81 56

39°16'23.11"N
3 Acheloos (T) 91°31'39 99"F 659 1 2.64 81

38°43'20.39"N
4 Evinos (M) 92°01'08.20"E 774 2 5.16 86

5 Mornos (M) 123151'512331"? 407 3 15.46 222

o 1 .2 n
6 Krathis (M) iiﬁg,ii 1%,,2' 911 1 7.32 32

o 1! . n
P Areesm AN, 1 s

37°59'47.93"N
8 Parapeiros (M) 21°46'00.27"F 291 2 6.71 39

38°03'07.38"N

9 Parapeiros (M) 91°42'55 96" 116 2 15.09 108
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The climatic conditions are typical of temperate Mediterranean areas, with hot, dry
summers and cold, wet winters. Temperatures usually range between 0°C and 30°C. The
greatest amount of precipitation falls between October and April, with the driest months being
July, August and September. Maximum and minimum precipitation was recorded from nearby
meteorological stations for the northern parts of the study area (sites 1, 2 and 3) in January
(395.7 mm) and August (48.5 mm). For the sites of central Greece (4 and 5) the amount of
precipitation was 158.2 mm in January and 24 mm in August, while in the southern parts of the
area (sites 6, 7, 8 and 9), the relevant amount was 211.4 mm in March and 2.8 mm in July,
respectively. According to the REFCOND guidelines for reference site selection (WFD CIS
Guidance Document No. 10, 2003), nine sites were selected in the study area (Fig. 4.1; Table
4.1).

21°15'0"E 21°50'0"E 22°25'0"E

39°30'0"N

39°30'0"N

38°55'0"N
38°55'0"N

38°20'0"N
38°20'0"N

37°45'0"N
37°45'0"N

N Altitude

A . 2827m
. Om

21°15'0"E 21°50'0"E 22°25'0"E

Fig. 4.1. The study area. 380 microhabitat samples were collected from 9 sites

in Greek streams and rivers
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4.4, Physicochemical data collection

At each site, the Aquaread AP-2000 Multiparameter Meter (https://www.aquaread.com) was
used to measure water temperature, electrical conductivity, dissolved oxygen, and total
dissolved solids. Water samples were afterwards collected, stored in plastic bottles (250 mL) at
4°C, transferred to the lab and analyzed for major ions (NOs, NO,, NH4" and PO,*) using the
Merck Nova 60 Spectroquant Photometer (https://www.sigmaaldrich.com/catalog/product
/mm/109751), with the results (not shown) indicating that the physicochemical properties of
all sites conformed to the REFCOND guidelines (NOs < 0.5 mg/L; NO, < 0.3 mg/L; NH4* < 0.01
mg/L; PO4> < 0.15 mg/L).

4.5. Hydraulic-habitat and biological data collection

Benthic macroinvertebrates were collected at each site immediately after the physicochemical
measurements. A modified AQEM approach (AQEM Consortium, 2002) was applied, in which
benthic macroinvertebrates were sampled from a maximum of 20 rectangular microhabitats
(measurement combinations of V, D and S). A Surber sampler was used (area - 0.25 x 0.25 m;
mesh size - 500 um), resulting in a total sampling area of 0.0625 m? at each microhabitat. Each
BM sample was separately preserved in plastic bottles containing 70% ethanol. At each
microhabitat, V, D and S were afterwards recorded. The Swoffer 2100 current velocity meter
was used to measure flow velocity at 0.6 x D (measuring from the surface) when D < 0.75 m
and by averaging 0.2 x D and 0.8 x D when D > 0.75 m according to Nolan and Shields (2000). A
water-depth measurement rod was attached to the current velocity meter and was used to
measure the water depth. The type of substrate was visually assessed using the categories
defined by Schneider et al. (2010). The final BM dataset collected included 380 microhabitats
over three sampling periods (spring, summer and autumn 2015). Detailed characteristics of
each microhabitat are shown in Table A5.

4.6. Data analysis

In the lab, all macroinvertebrate specimens from each sample were sorted and identified at the
family level using a stereo microscope and macroinvertebrate identification guides for the
Mediterranean region (Tachet et al., 2010). The abundance of BMs was calculated and the
ASTERICS 3.1.1 software (Wageningen Software Labs, 2004) was then used to calculate
commonly used BM metrics: taxonomic richness, diversity (Shannon’s index) and EPT richness
(Ephemeroptera, Plecoptera, Trichoptera).

4.7. Habitat suitability

The (micro) habitat suitability was calculated based on BM metrics commonly applied to assess
the quality-suitability in relevant studies (Englund and Malmaqvist, 1996; Monk et al., 2006;
Waddle and Holmquist, 2011; Holmquist et al., 2015). Based on a combination of expert
judgment, literature review and statistical analysis, including the spatial and temporal variation
of the dataset (Table 4.2, Fig. 4.2-4.6), the following multimetric index used:

nij HU EPTl al-j
k=04 +0.3 + 0.2 + 0.1
njmax Hjmax EPijax ajmax

where,

K is the habitat suitability of the i"" microhabitat of the j™ site, ranging from O to 1

n;;j denotes the number of BM taxa (families) found at the i microhabitat of the j site

H;; denotes the Shannon’s diversity index for the i" microhabitat of the j site

EPT;; is the number of EPT taxa found at the i*" microhabitat of the j site

a;; is the abundance of benthic macroinvertebrates found at the i microhabitat of the j™ site
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Nimax Himax, EPTimax, and @jmqy denote the maximum value of the relevant variables
observed at the j site

It must be noted that the equation used, ‘relaxes’ any seasonal or site-specific variation in the
BM communities due to the particular hydrological and climatological features of each site,
since the values of each BM metric are normalized per site and per season to a range between
0 (unsuitable) and 1 (suitable) by dividing by the maximum observed value of the particular
metric at each site for each sampling period.

Table 4.2. Statistically significant correlations (Spearman’s coefficient) between the three hydrological-
hydraulic variables and the four benthic-invertebrate metrics used to calculate the microhabitat
suitability.

Subset No. of taxa Diversity No. EPT taxa Abundance
Flow velocity (m/s) 0.109* 0.108*
Pooled (n=380) Depth (m) -0.332%* -0.235%** - 0.240%** -0.268**
Substrate class 0.112*
Flow velocity (m/s) 0.180*
Spring (n=160)  Depth (m) -0.285** -0.225** -0.285** -0.217**
Substrate class
Flow velocity (m/s) 0.199* 0.206**
Summer (n=160) Depth (m) -0.352** -0.261** -0.234** -0.307**

Substrate class
Flow velocity (m/s)

Autumn (n=60) Depth (m) -0.305** -0.261*
Substrate class
Flow velocity (m/s) 0.252%*
RM1-2 (n=100)  Depth (m) -0.274** -0.231**

Substrate class
Flow velocity (m/s)
RM4 (n=280) Depth (m) -0.318** -0.253** -0.292** -0.267**
Substrate class 0.133*
*p<0.05, ¥*p<0.01
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Figure 4.2. Hydroecological relationships developed from the spring samples (n=160) of the
dataset between the three abiotic predictors and the four selected biotic response variables-
metrics. Substrate classes; 1: Silt, 2: Sand, 3: Fine gravel, 4: Medium gravel, 5: Large gravel, 6:
Small stones, 7: Large stones, 8: Boulders. EPT: Ephemeroptera, Plecoptera, Trichoptera
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Figure 4.3. Hydroecological relationships developed from the summer samples (n=160) of the
dataset between the three abiotic predictors and the four selected biotic response variables-
metrics. Substrate classes; 1: Silt, 2: Sand, 3: Fine gravel, 4: Medium gravel, 5: Large gravel, 6:
Small stones, 7: Large stones, 8: Boulders. EPT: Ephemeroptera, Plecoptera, Trichoptera.
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Figure 4.4. Hydroecological relationships developed from the autumn samples (n=60) of the

dataset between the three abiotic predictors and the four selected biotic response variables-
metrics. Substrate classes; 1: Silt, 2: Sand, 3: Fine gravel, 4: Medium gravel, 5: Large gravel, 6:
Small stones, 7: Large stones, 8: Boulders. EPT: Ephemeroptera, Plecoptera, Trichoptera
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Figure 4.5. Hydroecological relationships developed from the RM4-type samples (n=280) of
the dataset between the three abiotic predictors and the four selected biotic response
variables-metrics. Substrate classes; 1: Silt, 2: Sand, 3: Fine gravel, 4: Medium gravel, 5: Large
gravel, 6: Small stones, 7: Large stones, 8: Boulders. EPT: Ephemeroptera, Plecoptera,
Trichoptera.
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Figure 4.6. Hydroecological relationships developed from the RM1-2-type samples (n=100) of
the dataset between the three abiotic predictors and the four selected biotic response
variables-metrics. Substrate classes; 1: Silt, 2: Sand, 3: Fine gravel, 4: Medium gravel, 5: Large
gravel, 6: Small stones, 7: Large stones, 8: Boulders. EPT: Ephemeroptera, Plecoptera,
Trichoptera.

4.8. Hydroecological relationships

The Non-metric Multidimensional Scaling (NMDS) procedure, implemented in the PRIMER 6
statistical software with the Bray-Curtis distance measure was used in order to identify
structural similarities between the BM communities. BM data (abundance) were square root
transformed prior to the analysis to approximate normality (Quinn and Keough, 2002; Leps and
Smilauer, 2003). Hydroecological relationships between the predicted habitat suitability (K)
scores and the V, D, S and T hydraulic and environmental predictors were examined using five
selected methods: (i) univariate habitat suitability curves (Bovee, 1986), (ii) Boosted Regression
Trees (Elith et al., 2008) and (iii) Random Forests (Breiman, 2001), implemented in R version
3.1.0. (R Core Team, 2014), (iv) the Mamdani-Assilian fuzzy inference process with various de-
fuzzification algorithms (Zadeh, 1965; Mamdani and Assilian, 1975; Ross, 2010) and (v) a fuzzy
Bayesian inference process based on Brookes et al. (2010), both implemented in FORTRAN,
using the HABFUZZ software (Theodoropoulos et al., 2016).

4.9. Univariate Habitat Suitability Curves (HSC)

Following the approach of Bovee (1986), habitat utilization curves (category Il) were developed
to relate the observed habitat suitability (k) with the predictor variables. The range of values of
the continuous predictors was divided into classes, with intervals of 0.1 m/s for V, 0.1 m for D
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and 1 °C for T. For each predictor, the average k of each class was calculated and visualized
using histograms. A polynomial regression function (2" to 4" order) was fitted to each
‘predictor-«’ plot-, adjusting it to achieve R? values higher than 0.6 and p values lower than
0.05. The categorical predictor (S) was already divided into classes and the average « for each
S class was calculated. Respective polynomial models were used to predict K for each value of
the predictor variable (V, D, S and T), thus deriving four different K values (one for each
predictor, except for S since it was directly related with the average K), which were then
integrated using the following equation:

K = /Ky x Kp x Ks x Ky

where,

K is the predicted habitat suitability

Ky, Kp, Ks and K denote the habitat suitability values derived from the polynomial equation
of each predictor variable.

4.10. Boosted Regression Trees (BRT)

BRT is a powerful machine-learning model, which combines two techniques; (i) regression
trees, using recursive binary splits to adjust the response to predictor variables and (ii) gradient
boosting, a method, which combines several, moderately accurate models to produce a very
accurate predictive model. The BRT has been proven to efficiently explain and predict the
response of aquatic communities to environmental variability (Leathwick et al., 2006; Leclere
et al.,, 2011; Waite et al., 2014; Piliere et al., 2014). In this study, BRT was used as one of the
best available regression-based option because it produces the most reliable best-fit curve
among the relevant methods (Elith et al., 2008; Theodoropoulos et al., 2017). The BRT model
was fitted using the gbm.step function of the ‘dismo’ package v1.1-4 (Hijmans et al., 2016) in R
statistical software version 3.1.0 (R Core Team, 2014). Bag fraction, learning rate and tree
complexity were adjusted to develop a model with the lowest cross-validation error. The values
of the final model were 0.5, 0.005 and 2 respectively, achieving at least 1000 trees, following
the rule of thumb suggested by Elith et al. (2008). The BRT model was developed using
untransformed data, according to Elith et al. (2008).

4.11. Random Forests (RF)

RF is an ensemble learning model that generates a large number of decision trees, which are
then aggregated to compute the final classification. RF applies the bootstrapping technique
(resampling with replacement) and increases the tree diversity by randomly changing the sets
of predictor variables over the different tree induction processes. Each classification tree is
grown using another bootstrap subset X; of the original data set X (where i denotes the index
of the bootstrap iteration, ranging from 1 to the maximum number of trees k) and the nodes
are split using the best split predictor variable among a subset of m randomly selected
predictors (Liaw and Wiener, 2002). In detail, the algorithm for growing a RF of k classification
trees goes as follows (Peters et al., 2007; Vezza et al., 2015):

(1)  Abootstrap subset X; containing approximately 2/3 of the elements of the original data
set X is selected. The elements not included in the training dataset are referred to as
out-of-bag (OOB) data for that bootstrap sample.

(2)  Xiis used to grow an unpruned classification tree to the maximum depth but, rather
than choosing the best split among all predictive variables, m predictor variables are
randomly selected and the best split is chosen among these variables.

(3)  Each tree is fully grown and used to predict OOB observations. Prediction is applied
according to the majority vote of the ensemble of k trees (the predictions from all the
trees are combined to predict an observation class as well as a probabilistic prediction

82



output for that observation). As OOB observations are not used in the fitting of the
trees, this procedure is similar to the cross-validation process, which prevents
overfitting.

The RF model was built using the randomfForestSRC 2.4.2 package (Ishwaran and
Kogalur, 2017) and was further explored using the ggRandomForests 2.0.1 (Ehrlinger, 2016)
and ggplot2 2.2.1 (Wickham and Chang, 2016) R packages. The parameters in the model were
optimized in order to minimize the overall error rate. Specifically, the number of trees was set
to 3500 and the number of randomly selected variables to split the nodes was set to 2.
Furthermore, since the k classes were not equally represented in the benchmark dataset,
resulting in poor predictive accuracy for the minority class, (i) a weighted RF (W-RF) was applied
to increase the probability of the rarely observed k-class samples to be selected during
bootstrapping and (ii) a RF was applied where the majority classes were down-sampled (D-RF)
so that all classes were represented equally in each tree. The class-weight and down-sampling
balancing were implemented using the classwt and the sampsize arguments, respectively, in
randomForest 4.6-12 (Liaw and Wiener, 2002) R package.

4.12. Fuzzy logic and fuzzy rule-based Bayesian inference

Fuzzy rule-based models use linguistic descriptions, such as ‘low’, ‘moderate’ and ‘high’ to
convert the fixed, numerical values of the predictor and response variables (called crisp sets)
to overlapping membership functions (fuzzy sets), usually trapezoidal or triangular-shaped,
characterized by four parameters (a1, az, as, a4) (van Broekhoven et al., 2006) (see also chapter
3). By this procedure, called fuzzification, each numerical value of the predictor and the
response variables is assigned to one or more membership functions with a specific
membership degree ranging from zero to one. In trapezoidal-shaped membership functions,
the membership degree linearly increases from 0 to 1 for values between a; and az, remains
constant for values between a; and as and linearly decreases from 1 to O for values between a3
and as. In triangular-shaped membership functions, a; is equal to as. The membership functions
of the predictor variables (in this case V, D, S and T) are afterwards related with the habitat
suitability (note that kis calculated based on BM community metrics and not the abundance of
particular BM taxa) by a set of IF-THEN rules, either data-driven or expert-knowledge-based,
such as ‘IF Vis low AND D is moderate AND S is gravel AND T is moderate THEN K is high’. The
‘IF" part is called ‘the antecedent’” and the “THEN’ part is called ‘the consequent’.

In typical fuzzy logic applications, the degree of fulfilment of each IF-THEN rule is
afterwards calculated as the minimum of the membership degrees in its antecedent. Finally, to
each linguistic habitat suitability value (k) a fulfilment degree is also assigned, equal to the
maximum of the fulfilment degrees of all rules with the output value under consideration in
their consequent (van Broekhoven et al., 2006) and the final predicted K is calculated within a
defuzzification process, in which the K fuzzy values are converted into a single crisp numerical
value. The algorithms used for defuzzification were (i) centroid (FLC), (ii) weighted average
(FLWA), (iii) maximum membership (FLMM) and (iv) mean of maximum (FLM) (Ross, 2010).

A fuzzy rule-based Bayesian inference algorithm (FRB) that deviates from the typical
approach (Brookes et al., 2010) was additionally applied; the fuzzy membership degree of each
predictor variable is considered as the probability of occurrence of the particular fuzzy set. The
IF-THEN rules are then combined using the Bayesian joint probability, so that (referring to the
previous example) the probability of a microhabitat’s K being high is the joint probability that
Vislow AND D is moderate AND S is gravel AND T is moderate. Since K is also a linguistic output,
a score is assigned to each habitat suitability class. Given for example two membership
functions {X1, Xz, ... Xi} and {Y1, Y2, ... Y;} for the predictor variables X and Y, respectively, there
are Mj; = X; Yj cross memberships and the final predicted K is derived as:
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K = ZMUSU

where,

K is the predicted habitat suitability

M;; denotes the joint probability of occurrence of each K class (cross memberships)
S;j denotes the score of each K class

Five-class, trapezoidal-shaped membership functions were used for the fuzzification of
V, Dand T (Table 4.2). Habitat suitability (both the observed kand the predicted K) was treated
as a crisp input/output and classified using a 3-class scheme, as the minimum acceptable
output scheme, and a 5-class scheme following the status classification system of the Water
Framework Directive 2000/60/EC (WFD - European Commission, 2000). The substrate type was
also treated as a crisp input, keeping the classes of Schneider et al. (2010) and numbering them
appropriately (Table 4.3) to be included in the HABFUZZ software.

Table 4.3. Linguistic values of the abiotic (predictor) and biotic (response) variables. V: flow velocity; D:
water depth, S: substrate, T: temperature, K: habitat suitability. See Schneider et al. (2010) for
substrate-type size. Fuzzy set parameters follow the {a1, a2, as, as} order as explained in the text.

Variable Linguistic Fuzzy set Variable Linguistic value Crisp set
value parameters parameters
Very low {0, 0, 0.05, 0.1} K Low {0, 0.2}
Low {0.05, 0.1, 0.15, 0.2} (3-class) Moderate {0.2, 0.6}

V (m/s)  Moderate {0.15,0.2, 0.4, 0.5} High {0.6, 1}
High {0.4,0.5,0.7,0.8} Bad {0, 0.2}
Very high {0.7,0.8,0.8, 0.8} K Poor {0.2, 0.4}
Very shallow {0,0,0.1,0.15} (5-class) Moderate {0.4, 0.6}
Shallow {0.15,0.2,0.3,0.35} Good {0.6, 0.8}

D (m) Moderate {0.3, 0.35, 0.55, 0.6} High {0.8, 1}
Deep {0.55, 0.6, 0.7, 0.75} Boulders (BO) 0.070
Very deep {0.75, 0.8, 0.8, 0.8} Large stones (LS) 0.050
Very low {0,0,9, 10} Small stones (SS) 0.040
Low {9, 10, 13, 15} s Large gravel (LG) 0.030

T (°C) Moderate {13, 15, 17, 19} Medium gravel (MG)  0.026
High {19, 20, 23, 25} Fine gravel (FG) 0.024
Very high {25, 27, 27, 27} Sand (SA) 0.022

Silt (SI) 0.020

4.13. Evaluation of the models’ performance and comparison

Ten times repeated ten-fold cross validation was applied to evaluate the predictive accuracy of
each algorithm (Kohavi, 1995). The initial dataset was randomly partitioned in ten equal-sized
subsamples. Nine subsamples (342 microhabitats) were used as the training dataset and the
remaining subsample (38 microhabitats) was used for model validation. This process was
repeated ten times (folds), using a different subsample for validation at each iteration. The ten-
fold cross validation was repeated ten times to acquire more robust results. The performance
of each model was evaluated as the average percentage of the correctly classified instances
(CCl) between each iteration of the ten-fold cross-validation process.

4.14. Results and discussion

A total of 26,758 individuals were isolated from the 380 sampled microhabitats and 70 benthic
invertebrate families were identified. The allocation of samples to the three-dimensional space
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according to the NMDS procedure showed structural community differences based on the
typological and geographical grouping applied, mainly for sites 6, 8 and 9 (Fig. 4.7). The
microhabitats of these sites were concentrated at specific parts of the 3D plot and were
partially isolated from the rest of the samples, indicating increased similarity between them
and consequently, increased dissimilarity with the microhabitats of the other sites. This trend
suggests that typological variation (site 8: RM-1, site 9: RM-2, site 6: RM-4) results in biological
variation, as was initially expected.

While in abundance-based habitat models, the aforementioned dissimilarities may
suggest the exclusion of these microhabitats from model training, our working solution links
the predictor variables (V, D, S and T) directly to the habitat suitability (k) using BM metrics
instead of the microhabitat’s macroinvertebrate abundance. This enables the application of the
whole dataset to predict K in sites with varying typological properties, as long as their specific
microhabitat characteristics resemble the ones provided in the training dataset. In addition,
since the response variable k is normalized per site and per season (and consequently per river
type), typological, geographical, or even seasonal differences can be eliminated (Jowett et al.,
2008), as each sample is compared with the samples of the same site.

With the inclusion of all microhabitat samples in the training dataset, the relationship
between the predictor variables and the BM-metrics-based k is depicted in Fig. 4.8. These are
the typical distributions of such datasets (Fukuda et al., 2013), and the variation observed
reflects the complex interactive relationships between the abiotic predictors (Jowett et al.,
1991; Leclerc et al.,, 2003), which obviously cannot be effectively illustrated in the 2-
dimensional space. The ideal visualization scheme to illustrate such complex interactions
would require a 5D scatter plot (plotting V, D, S, T and k simultaneously). However, such a
scheme, although scientifically meaningful, would be visually too complex to assimilate and
susceptible to common pitfalls related with high dimensionality (Ronan et al.,, 2016). As a
consequence, the 2D scatter plots were only used to enable an initial visualization of the raw
dataset and facilitate further analysis.
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Fig. 4.7. Allocation of microhabitats to the NMDS 3D space. (Top: Grouping based on
river type, Bottom: Grouping based on geographical location). The number of each site
is also depicted.
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Fig. 4.8. Two-dimensional scatter plots between the predictor and response variables. V:
flow velocity, D: water depth, T: temperature, S: substrate type, k: observed habitat
suitability. For S classes see Table 4.3.

According to the habitat suitability curves developed by both the HSC and BRT models
(Fig. 4.9), k values were highest in flow velocities between approximately 0.25 and 0.65 m/s,
with the optimal k values being recorded near 0.6 m/s. Water depths less than 0.3 m showed
increased k, peaking near 0.2 m and decreasing rapidly to minimum in D values greater than
0.4 m. Finer substrates had (in most cases) lower habitat suitability, with the highest k values
being recorded in boulders and large stones. Regarding T, the lowest k values were recorded
in temperatures between 12 and 16°C, increasing in T values less than 12°C and greater than
16°C. However, temperature had the weakest relationship with kK among the four predictor
variables.

Similar BM habitat preferences have been indicated in the majority of previous studies
from various geographic locations with varying climatic and hydrodynamic conditions. With
minor exceptions for certain macroinvertebrate taxa (Jowett et al., 1991), flow velocities higher
than 0.7 m/s are not considered suitable for most macroinvertebrates (Gore et al., 2001; Li et
al., 2009; Shearer et al., 2015) and, in agreement with our findings, the optimal k has been
recorded in V values between 0.1 m/s and 0.6 m/s. Regarding D, habitat suitability in low-order
streams and rivers usually peaks at 0.25 m (Jowett et al., 1991; Gore et al., 2001; Li et al., 2009),
ranging between 0.1 m and 1 m. Coarser substrates are generally considered more suitable for
benthic macroinvertebrates but with high variation among studies. Our results also suggest
that large stones and boulders were more suitable (except for a unique ‘silt’ sample with high
K values).
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The probability of each K-class in response to the values of the environmental and
hydraulic predictors, based on the RF model application, is illustrated in Fig. 4.10. Probability
(p) values between the high (H) and moderate (M) K classes showed inverse trends for V, D and
T. The p value of H increased above 0.5 in V values between 0.1 and 0.7 m/s, in contrast with
the p value of the M class, which decreased below 0.5 in the same V range. Regarding D, p
values higher than 0.5 were recorded for D values less than 0.3 m, contrasting to the p values
of the M class. T values higher than 15°C resulted in increasing H class p (>0.5) and decreasing
M class p (<0.5). With much deviation from the mean values, H-class p increased in boulders,
large and small stones and large gravel. The M-class p increased in fine gravel, medium gravel
and sand, while the L-class p was higher in sand.
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It has to be noted that due to the small representation of the low k class in the
benchmark dataset, its probability of occurrence was very low for all the predictor variables,
increasing only to near 0.1 for V values less than 0.2 m/s. This ‘weakness’ was observed not
only in the RF algorithm but also in HSC and BRT and is a common pitfall in imbalanced datasets
as many algorithms are constructed to minimize the overall error rate, which often results in
poor accuracy for the minority class (Sun et al., 2007; Sun et al., 2009; Ali et al., 2015). However,
in our study adjusting the RF model in favor of the ‘rare’ class, either by class-weight or down-
sampling, resulted in a decrease of the major classes’ classification accuracy and of the model’s
overall predictive accuracy. Consequently, the selection of the ‘best’ model is highly subjective
and mostly depends on the purpose of the model’s application. For example, in WFD-oriented
habitat simulations, the user’s interest is mainly focused on accurately predicting -and
discriminating between- the M and G K-classes (finding the M-G boundary), since in the WFD’s
classification system only the ‘good’ and ‘high’ K classes are considered acceptable (European
Commission, 2000).

Based on the overall performance metrics calculated during the 10-fold cross
validation process (Table 4.4), and regarding the 3-class K scheme, the FLC and FLWA models
had the lowest performance (50.13% and 49.14% respectively). The remaining fuzzy-logic-
based models showed acceptable predictive accuracy (>50% CCl) but were outperformed by
the HSC, RF and FRB models, which showed 61.38%, 61.94% and 61.2% accuracy, respectively,
while the BRT model had the highest overall performance (67.92%), reaching a maximum of
81.58% during cross-validation. As previously mentioned, in contrast to the fuzzy rule-based
algorithms, the HSC, BRT and RF models failed to accurately predict the low-class K (all models
had an accuracy lower than 10% for this class). Adjusting the RF model to account for the low
kK microhabitats increased the predictive accuracy of the low K class from 0% to 50% and 55%
for the W-RF and the D-RF, respectively, but decreased the accuracy of the H class by 10% (W-
RF) and 20% (D-RF), while the M class predictions showed varying shifts (+10% for W-RF and -
10% for D-RF). The overall predictive accuracy decreased from 61.85% to 57% and 54% for the
W-RF and D-RF, respectively.

Table 4.4. Model performance, evaluated as the average percentage of Correctly Classified Instances
(%CCl) during the cross validation process.

Model 3-class K 5-class K
Performance Min Max Performance Min Max
(%CCl) %CCl %CCl (%CCl) %CCl %CCl
HSC 61.38 55.26 71.68 35.28 26.31 43.73
BRT 67.92 60.52 81.58 38.66 28.94 47.36
RF 61.85 - - 35.32 - -
W-RF 57.23 - - - - -
D-RF 54.38 - - - - -
FLC 50.13 46.84 54.47 30.42 26.84 32.11
FLWA 49.74 46.84 52.89 29.63 26.58 32.11
FLMM 61.16 58.16 63.95 35.87 32.11 40
FLM 60.68 55.79 65.26 34.37 32.11 38.16
FRB 61.20 58.95 64.10 36.62 34.47 40

These results suggest the use of the FRB model for reliable applications of habitat
suitability modelling in imbalanced datasets, since it had the highest overall predictive accuracy
and also performed well in predicting the low K-class samples (71% accurate), without any
further adjustment (Fig. 4.11). It must be noted however, that as the detail of the final
prediction increased (by applying the 5-class K scheme) the predictive performance of all
models, including the FRB, decreased dramatically to unacceptable prediction levels, ranging
from 29.63% to 38.66% (again the BRT, RF and FRB models were the most accurate).
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Previous studies show varying results regarding the predictive accuracy of habitat
models, obviously due to the different methodological approaches applied and the variation of
the input datasets. A 5-class K scheme has rarely been previously adopted. As partially
discussed in Lange et al. (2015) and our results confirm, the application of habitat suitability
modelling within a 5-class K system (according to the WFD classification) is prohibitive due to
the low (unacceptable) predictive accuracy of the models. Moreover, existing habitat models
relate habitat suitability directly to the abundance of particular aquatic taxa (either fish or
benthic macroinvertebrates) or are based on presence-absence schemes. Within this context,
4-class K, BM abundance-based fuzzy models (van Broekhoven et al., 2006; Mouton et al,,
2009) showed %CCl values between 50% and 66%. Fish-based presence-absence fuzzy models
(Mufioz-Mas et al., 2016) calculated %CCl values between 45% and 48%. In addition, previous
fish-based RF model applications (Mouton et al., 2011; Vezza et al., 2015) confirm the increased
accuracy of the specific method, calculating %CCl values greater than 70%.
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Fig. 4.11. Graphical representation of the fuzzy rule-based models’ output. The observed k
is plotted against the predicted K using the 3-class (Low: [0,0.2], Moderate: (0.2,0.6], High:
(0.6,1]) and 5-class (Bad: [0,0.2], Poor: (0.2,0.4], Moderate: (0.4,0.6], Good: (0.6,0.8], High:
(0.8,1]) systems to visualize the model’s accuracy at each case. The dotted line indicates
100% accuracy.
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4.15. Conclusions

BM-based data-driven habitat modelling requires the application of specific algorithms to avoid
producing misleading results and enhance the predictive accuracy of the output habitat
suitability, depending on the distributional properties of the input hydroecological dataset.

The complex interactions between the microhabitat-defining predictors and the high
variation of the response BM variables did not significantly influence overall model
performances. All models including the univariate HSC algorithm (which does not
account for interactions between predictors) showed almost equal overall
performance.

In contrast, the imbalanced nature of the dataset, reduced the predictive accuracy of
the HSC, BRT and RF algorithms for the low-K class to unacceptable levels. This suggests
that the imbalanced nature of a dataset should be the main factor to consider when
selecting the most suitable algorithm.

Random Forests and Boosted Regression Trees can be effectively applied to provide
reliable habitat suitability predictions. The predictive accuracy of these models was
61.85% and 67.92% respectively, reflecting the increased predictive capacity of these
algorithms. However, both models failed to efficiently predict the microhabitats with
low habitat suitability, due to the disproportionately limited number of such
microhabitats in the benchmark dataset. The use of W-RF and D-RF overcame this
problem but at the cost of decreasing the overall predictive accuracy.

The FRB, FLM and FLMM models also had high overall predictive accuracy. In addition,
due to the intrinsic properties of these algorithms, which, using a set of data-driven IF-
THEN rules, process and predict the habitat suitability of each microhabitat one-by-
one, these models developed reliable predictions for all classes of habitat suitability.

It must be noted however that all models failed to efficiently predict the microhabitat
suitability when a 5-class scheme was applied, suggesting that as the detail of the final
prediction increases, the application of the selected models becomes insufficient. As
partially discussed in van Broekhoven et al. (2006) and in agreement with our ecological
viewpoint, while a 3-class-based, accurate predictive model is considered sufficient for
ecological applications (e.g. for model-based environmental flow assessments), other
modelling options could further increase the predictive performance of habitat
models.

It is finally concluded that Boosted Regression Trees and Random Forests can be effectively
used in habitat modelling, given balanced datasets. However, the fuzzy rule-based algorithms
should be preferred when modelling imbalanced datasets. In addition, when the input dataset
is large enough to provide sufficient data-driven IF-THEN rules to ‘feed’ a fuzzy-rule-based
algorithm (FRB, FLM, FLMM), these models are likely to produce the most reliable habitat
suitability predictions. The application of other machine-learning algorithms should be further
investigated because the predictive accuracy of Random Forests and Boosted Regression Trees
indicates the high potential of such models for habitat modelling applications.
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Chapter 5

Case study 1 ~ Application of TELEMAC 2D and
HABFUZZ to simulate habitat suitability using benthic
macroinvertebrates and develop model-based
environmental flow scenarios downstream of the
Parapeiros River Dam (western Greece)



5.1. Overview

The potential use of hydrodynamic habitat models (HHMs) in environmental flow assessments
(EFAs) has long been researched since the mid-1970s (Bovee and Milhous, 1978; Bovee, 1986;
Maddock, 1999; Ahmadi-Nedushan et al., 2006; Benjankar et al., 2014; Stamou et al., 2018).
During the last decades, the predictive accuracy of HHMs has been highly improved, new
algorithms were introduced in their habitat modules and the overall effectiveness of HHMs in
providing accurate EFAs has hence been widely recognized. However, in Europe, and to a lesser
extent, worldwide, (i) the practical application of HHMs in EFAs remains disproportionately
limited compared to their hydrology-based alternatives (Dunbar et al., 2012; Linnansaari et al.,
2013; Rivaes et al., 2017), (ii) it has been primarily focused on fish (Waddle and Holmquist,
2011; Arthington, 2012; Leitner et al., 2017), while other components of the aquatic ecosystem
have not been equally used (Rivaes et al., 2017; Theodoropoulos et al., 2018a) and (iii) two-
dimensional hydrodynamic habitat models only recently became widely used in EFAs
(Benjankar et al., 2014; Stamou et al., 2018).

In the European Union, the potential of HHMs to be used for implementing accurate,
ecosystem-based EFAs has been officially acknowledged in the Guidance Document No. 31
(WFD CIS, 2015) of the Water Framework Directive 2000/60/EC (WFD - European Union
Council, 2000). A three-class hierarchy of EFA methodologies has been suggested, with HHMs
being considered as ‘level 3’, potentially applicable in situations where a high degree of
certainty is required to provide water managers with defensible environmental flow
recommendations. The low percentage (18%) of European HHMs-based case studies in the
relevant WFD Guidance Document is also indicative of this gap between theoretical
research/knowledge and practical application of HHMs. Particularly in Greece, HHMs have only
recently been incorporated into EFAs and are currently focused solely on fish (Mufioz-Mas et
al., 2016; Papadaki et al., 2017), while the legal framework on environmental flows is still based
on simplistic and rather arbitrary hydrological criteria (Ministry of Environment, Energy and
Climate Change, 2011).

The reasons for this limited application of HHMs in EFAs are mainly associated with
cost-effectiveness, time-efficiency, required expertise and availability of hydroecological data
(Jorgensen and Bendoricchio, 2001; Conallin et al. 2010). HHMs-based EFAs inevitably require
a costly and time-consuming collection of hydraulic and hydrometric data to calibrate and
validate the hydrodynamic module (Spense and Hickley, 2000) and usually, additional, carefully
designed field visits are necessary to calculate the habitat preferences of aquatic biota
(Heggenes et al., 1990). Moreover, the developed hydrodynamic habitat model is usually
restricted to an area of 200 or 300 meters, whereas the effects of hydrological alteration may
be geographically widespread (Booker, 2016). In addition, most HHMs focus on the habitat
preferences of specific (fish) species, while it has long been acknowledged that accurate EFAs,
within a holistic framework, must be based on the ecological requirements of different
biological communities (Acreman et al., 2009).

5.2. Purpose of the chapter

This chapter describes the application of a two-dimensional hydrodynamic habitat
model for the development of ecosystem-based environmental flow recommendations in the
downstream route of a regulated river in Greece (Parapeiros, Western Greece). Benthic
macroinvertebrates (BMs) were used as the target aquatic community and, based on the
conclusions of the previous chapter, a fuzzy rule-based Bayesian algorithm was implemented
to accurately assess their habitat preferences. In addition, an analysis of the costs and time
required to implement the specific case study is presented. The main purpose of this chapter
is (i) to demonstrate the use of benthic macroinvertebrates in model-based EFAs, (ii) to
highlight the under-valued features of HHMs that make them ideal candidates for ecosystem-
based EFAs, (iii) to discuss on their disadvantages and propose working solutions on how to
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properly overcome them and (iv) to point out that HHMs-based environmental flow
assessments can be cost-effective and time-efficient and should be ultimately preferred over
other options when searching for the fine balance between anthropogenic water demand and
long-term ecosystem functionality and integrity.

5.3. Case study

The study reach is located in western Greece, at the downstream route of the river Parapeiros
(Fig. 5.1). Parapeiros has a catchment-area size of 118 km? (Digga, 2012). It is a large tributary
of the Peiros River. Originating in the mountainous upper parts of the basin, after a distance of
25 km it converges with Peiros and empties in the Patraikos Gulf. The basin has a temperate
Mediterranean climate with temperatures ranging from 0°C to 35°C. The flow regime is highly
seasonal; increased runoff occurs between October and April, while July, August and
September are the driest months of the year. Average maximum precipitation over a 30-year
period (1961 - 1990) has been recorded in December (121.8 mm) and minimum in August (4.8
mm).
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Fig. 5.1. The study area; the Peiros-Parapeiros River Basin is depicted along with the location
of the major dam in the river Parapeiros and the GPS-derived topography.

The river basin is currently ungauged. Existing rainfall-runoff models (Digga, 2012) calculate
daily discharges, based on average annual values, ranging from 1.22 m3/s to 1.73 m?/s, while
daily discharge values from a gauged site in a neighboring basin of similar hydrological and
climatological characteristics (Glafkos River - Mechleri, 2008) range from 0.3 m3/s (from June
to October) to above 3 m3/s (from November to May), reaching higher than 6 m3/s during
floods and varying between the years. Two dams have been constructed and will soon be
operative in order to supply the nearby city of Patras with drinking water. The largest one is the
earthen dam located at the mid-course of the Parapeiros River, with a height of 68 m and a
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storage capacity of 38.8 x 10° m3. According to the relevant environmental impact assessment,
an environmental flow (baseflow) of 0.2 m3/s, calculated based on a combination of limited
hydrological records and hydrological modelling, will be released during summer to maintain
the integrity of the downstream aquatic ecosystem (Digga, 2012).

5.4. Collection of topographic information and mesh generation

The two-dimensional (2D) hydrodynamic simulation was carried out in a 277-m long reach,
situated 8 km downstream of the major dam location. Channel topography was mapped with
863 points recording longitude (X), latitude (Y) and bottom elevation (H). A Real-Time Kinematic
(RTK) GPS was used, consisting of the ‘Spectra Precision SP60 GNSS Receiver’
(http://www.spectrapre cision.com/eng/sp60.html) and the ‘MobileMapper 10 GIS - GPS
Receiver’ (http://www.optron. com/spectra/products/Mobile-Mapper-10.html). Slope breaks
and similar areas with rapid relief changes were mapped with higher density of points, while
fewer points were allocated in flat surfaces. The topographic information (X, Y, H points) was
afterwards imported into the BlueKenue software (https://nrc.canada.ca/en/research-
development/products-services/software-applications/blue-kenuetm-software-toolhydraulic-
modellers) to interpolate channel topography and generate a triangular computational mesh
representative of the study reach. The computational mesh that was generated for the study
reach is composed of 9,875 elements and 5,170 nodes with a 1 m spatial resolution.

5.5. Hydrometric data, calibration and validation of the hydrodynamic module

Longitude, latitude (using the RTK-GPS) and field measurements of water depth (D) and depth-
averaged flow velocity (V) were recorded at 15 randomly selected points at two different
discharges (Q) (0.3 m3/s and 1 m3/s), and were used to calibrate-validate the hydrodynamic
model. Water depth was measured using a water-depth measurement rod. Depth-averaged
flow velocity (V) was measured using the Swoffer 2100 current velocity meter (http://www.
swoffer.com/products.htm) at 0.6 x D when D < 0.75 m and by averaging 0.2 x D and 0.8 x D
when D > 0.75 m according to Nolan and Shields (2000). The type of substrate (S) was visually
estimated based on the categories defined by Schneider et al. (2010) and used as a basis to
adjust the Manning’s roughness coefficient (n) for model calibration based on the values
suggested by Chow (1959). At each survey, according to the model’s requirements, Q was
measured at the upstream boundary and water surface elevation (Z) was measured at the
downstream boundary. To reduce the required number of field visits, a stage-discharge curve
was developed for the downstream boundary following the suggestions of the US National
Resources Conservation Service (2012): V was measured at selected points through the cross
section; from these V values and their associated cross-sectional areas, Q was computed for
various Z values on the rising and falling side of an elevated flow and the stage-discharge curve
was developed.

5.6. Software for hydrodynamic simulation
Prior to running the hydrodynamic simulation, boundary and initial conditions were defined
using the FUDAA-PREPRO pre-processor (http://prepro.fudaa.fr). Discharge was prescribed at
the upstream boundary and Z was prescribed at the downstream boundary based on a stage-
discharge curve developed for the downstream boundary. TELEMAC-2D v6.2 (Galland et al.,
1991) was afterwards used to simulate D and depth-averaged V in various discharge scenarios.
The model was calibrated using the data (V and D) from the first hydrometric survey
(Q =0.3 m?/s) and validated using the hydrometric data from the second survey (Q = 1 m?/s).
Calibration was applied by properly adjusting the Manning’s n values at different sections of
the study reach (based on the initial visual assessment of the substrate types) until an
acceptable combination of R? between the predicted and observed V and D values was
achieved. The Manning’s roughness coefficient in the calibrated model ranged from 0.03 to
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0.05. The coefficient of determination (R?) between the predicted and observed D and depth-
averaged V values was greater than 0.8 and ranged from 0.9317 (D) to 0.9338 (V) (p<0.01) for
the calibration dataset and from 0.8879 (D) to 0.9328 (V) (p<0.01) for the validation dataset
(Fig. 5.2), suggesting strong, statistically significant correlations and an acceptable model
performance. Depths in the wetted nodes of the study reach ranged from 0.1 m to 0.92 m for
the lowest discharge (0.01 m3/s) and from 0.3 m to 3.17 m for the highest discharge simulated
(7m3/s). Depth-averaged V values, respectively ranged from 0.05 m/s to 0.5 m/s (Q = 0.01 m3/s)
and from 0.05 m/s to 3.2 m3/s (Q = 7 m3/s). The validated model was used to simulate 11
discharge scenarios ranging from 0.01 m3/s to 7 m%/s.
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Fig. 5.2. Correlation between observed and simulated data in 15 randomly selected points
during calibration (Q = 0.3 m3/s) and validation (Q = 1 m?3/s). V: flow velocity, D: water
depth

5.7. Habitat suitability modelling methods and software

The habitat preferences of benthic macroinvertebrates were assessed using the ‘benthos-GR’
dataset (https://github.com/chtheodoro/benthos-GR), consisting of 380 microhabitat samples
collected from nine sampling sites in Greece (Theodoropoulos et al., 2018a - see chapter 4).
Each microhabitat is a combination of V, D and S corresponding to a habitat suitability value
(k), calculated using BM-community metrics commonly applied to assess the quality-suitability
in relevant studies (Englund and Malmqgvist 1996; Monk et al. 2006; Waddle and Holmquist
2011; Holmquist et al. 2015). Each metric was weighted based on a combination of expert-
judgment and previous literature to reflect its relevant contribution-significance to the
calculation of k and the following equation was used:

n;: H;; EPT;; a;;
k=04 —+03 ——+02 7401 —2
njmax Hjmax EPijax ajmax

where,
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K is the habitat suitability of the i!" microhabitat of the j" site, ranging from O to 1

n;; denotes the number of BM taxa (families) found at the i microhabitat of the j" site

H;; denotes the Shannon'’s diversity index for the i"" microhabitat of the j site

EPT;; is the number of EPT taxa found at the i*" microhabitat of the j" site

a;j is the abundance of benthic macroinvertebrates found at the i™ microhabitat of the j™ site
Nimax Himax) EPTimax, and @Qjmqy denote the maximum value of the relevant variables
observed at the j" site

The benthos-GR dataset was used to train and cross-validate the fuzzy rule-based
Bayesian algorithm (FRB) described in detail in the previous chapter and implemented in the
HABFUZZ software (Theodoropoulos et al., 2016). The numerical values of the input variables
(V, D and S) were converted to overlapping, trapezoidal-shaped, membership functions called
fuzzy sets (van Broekhoven et al., 2006). By this process, called fuzzification, each numerical
value was assigned to one or more fuzzy sets with a membership degree ranging from zero to
one; k values were also classified in five classes (0 < bad <0.2; 0 < poor £0.4; 0.4 < moderate <
0.6; 0.6 < good £0.8; 0.8 < high <1). The training dataset, with a priori calculated k values, was
used to develop sets of data-driven IF-THEN rules, relating the input fuzzy sets with a specific k
class. In the FRB, the fuzzy membership degree (MD) of each input variable (V, D and S) is
considered as the probability of occurrence of the particular fuzzy set, such as ‘IF V is low with
a membership degree of 1 AND D is moderate with a MD of 1 AND S is gravel with a MD of 1
THEN «k is high with a MD of 0.3 and good with a MD of 0.7’. The IF-THEN rules are then
combined using the Bayesian joint probability, so that (referring to the previous example) the
probability of the specific microhabitat’s k being high is the joint probability that V is low AND
D is moderate AND S is gravel AND « is high (1 x 1 x 1 x 0.3 = 0.3), while the probability of
being good is the joint probability that V is low AND D is moderate AND S is gravel AND k is good
(1x1x1x0.7 =0.7). Based on a utility function (Brookes et al., 2010), a score is assigned to
each k class (bad: 0.2, good: 0.4, moderate: 0.6, good: 0.7, high: 0.9) and the habitat suitability
for each microhabitat is predicted using the following equation:

K = ZMUSU

where,

K is the predicted habitat suitability

M;; denotes the joint probability of occurrence of each K class (cross memberships)
S;j denotes the score of each K class

For the previous example, K equals to 0.7 x 0.9 + 0.3 x 0.7 = 0.84 (high).

Since the study reach, typologically belongs to the RM-2 (100-1000 km?; altitude <600
m.a.s.l.; mixed geology) European intercalibration type (van de Bund, 2009), the model was
trained using two datasets, (i) the whole benthos-GR dataset (380 microhabitats) that includes
microhabitats from the RM-1, RM-2 and RM-4 river types (T-BGR) and (ii) the microhabitats of
the benthos-GR dataset corresponding to samples collected from two reference sites in the
same river, upstream of the study site (T-PAR). The output of the hydrodynamic model (D and
depth-averaged V values) at each simulated discharge was used as input to the FRB habitat
model, which calculated K at each node of the computational mesh of the hydrodynamic model
(resulting in 5170 K values x 11 discharge scenarios x 2 training alternatives). The habitat
suitability of the study reach at each Q was visualized using the BlueKenue software.
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5.8. Environmental flow calculation and selection
The selection of the best Q scenario for each training option (environmental flow) was based
on the optimal combination of the below-mentioned calculated parameters/indicators:

i. Overall Suitability Index (OSl): OSI =)/, K;
0SI
ii. Normalized OSI (nOSI): noSI = —
where,

K;(from 0 to 1) denotes the habitat suitability
wdenotes the total No. of wetted nodes in the computational mesh at each Q scenario

iii. Certainty of prediction (COP): The ratio of the No. of microhabitat combinations actually
found in the training dataset to the total No. of nodes in the computational mesh; Habfuzz
applies a trick when a microhabitat combination is not found in the training dataset and
instead of returning some arbitrary K value for a particular node (e.g. -1), it uses the K value
of its neighboring node in the domain.

iv. Percentage of wetted nodes in the computational mesh at each Q scenario (w).

v. Habitat connectivity (C): The ratio of connected (neighboring) nodes with K>0.6 to the total
number of wetted nodes with K>0.6.

vi. Habitat availability (A): The ratio of connected (neighboring) nodes with K>0.6 to the total
number of nodes in the study reach (wetted and dry).

The optimal combination of the indicators was numerically expressed for each
simulated Q using the Optimal Flow Scenario index (OFSi) (with ‘i’ denoting the different Q
scenarios) as follows:

OFSl =nOSIl Wi o Ci . Ai . COPL

All OFSi values were normalized in a 0-1 scale by dividing each OFSi with the maximum OFS
observed. A useful illustration of the process followed in our case study is shown in Fig. 5.3.

99



s mm———————————— O\ === ————e— - —————— -
: Formulation of
I

the HHM

&

I Habitat module I

for various Q

|
|
|
I |
| |
| |
I I
: Measurements | : \ :
|
| | : |
I : | Hydrodynamic Habitat module |
| P module |
! | | (TELEMAC 20) (HABFUZZ) :
|
. e 1
| AN T e —— >
! 1
' (e ) -
: D,V,S Benthic invertebrates : I :
| ! |
: | : Topographic data |
I |
I Pl
I | /\ : I Hydrodynamic :
: K : : ricdule N Computational mesh :
S . Tt T O, | | |
____________________ il v I
@ - : Calibration Q1(Vv,D,S) :
¥ . :
| N |
Enviranmental - : Validation Q2(v,D,S) :
flow : ! v |
' I
I |
1 |
I H
: |
|
|

I

|

I

I

I

|

: T ) L & lidati f
Application s ross-validation o

i OSlandnOSI | of the HHM C:] Verification of  |ed the habitat module

the HHM

Fig. 5.3. The steps followed to implement the hydrodynamic habitat modelling case study
(modified from Theodoropoulos et al., 2015).

5.9. Results

The predicted habitat suitability at each of the 5,170 nodes of the study reach for the various
simulated Q scenarios and for each training option (T-BGR) and (T-PAR) is depicted in Fig. 5.4.
In addition, table 5.1 shows the suitability indicators calculated for each scenario at each
training option. According to the results, the selection of the optimal flow scenario should focus
on the Q range between 0.6 m3/s and 2 m3/s, since the highest values of the indicators used
for the quantification of habitat suitability for both training options were observed in this range.
The highest OSI was calculated in Q = 2 m3/s (T-BGR) and Q = 5 m3/s (T-PAR); the maximum
nOSI was observed in Q =0.6 m3/s and Q = 0.8 m3/s for the T-BGR and the T-PAR training option,
respectively; the highest number of wetted nodes was found at Q = 7 m3/s; maximum
connectivity was calculated for Q =2 m3/s (T-BGR) and Q = 3 m?/s (T-PAR); maximum availability
was observed in Q = 0.8 m3/s (T-BGR) and Q = 0.6 m3/s (T-PAR). The certainty of prediction was
also maximum for Q = 0.6 m3/s and Q = 0.8 m3/s in T-BGR and for Q =2 m3/s and Q = 5 m¥/s.
The visual representation of K in Fig. 4 also indicates that, in Q scenarios lower than 0.6 m3/s
and higher than 2 m3/s, the number of unsuitable habitats (K < 0.6) becomes disproportionately
increased and habitat availability reaches unacceptable levels, especially for the T-BGR training
option.

According to the OFS values (Fig. 5.5), the optimal flow scenario for freshwater
macroinvertebrates corresponds to Q = 2 m?/s, followed by Q = 0.8 m3/s (see the discussion for
the environmental flow selection). The OFS decrease observed in Q = 1 m3/s can be explained
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through an integrated interpretation of table 5.1, Fig. 5.4 and Fig. 5.5. As the quantity of the
water in the study reach increases (from Q = 0.01 m3/s to 0.8 m3/s) the habitat indicators
increase due to the increase in V and D values until a peak of most indicators is observed from
Q=0.6m3/stoQ=0.8 m3/s. At Q=1 m3/s, the further increase in D and V becomes temporarily
suboptimal for benthic invertebrates; the most downstream part of the river becomes deeper
while the mid-parts are still too shallow to support high number of optimal habitats. As the
discharge increases to 2 m3/s, new wetted cells are introduced into the reach (mainly in the
upper part), with suitable combinations of D and V and the habitat quality indicators increase
again (still the most downstream part is continuously deepening and remains unsuitable). In
discharges higher than 2 m3/s the D and V values continuously increase to unsuitable levels.

Table 5.1. The indicators calculated at each simulated discharge and for each training dataset (T-BGR and
T-PAR) to facilitate the selection of the optimal flow scenario. The highest values for each indicator have
been shaded grey.

T-BGR

Q (m?/s) oSl nos| w (%) C (%) A (%) COP (%)
0.01 1127.624  0.572 46.83 80 13 79
0.1 1684.929  0.625 55.74 86 36 89
0.2 1963.519  0.647 62.03 91 50 90
0.3 2155.988  0.650 67.52 92 54 88
0.6 2487.366  0.685 72.53 93 67 90
0.8 2635.834  0.677 77.37 93 69 90
1 2674.936  0.674 80.66 94 56 88
2 2804.810  0.639 85.83 96 68 88
3 2742159  0.600 90.91 95 53 79
5 2676.637  0.551 95.61 94 38 77
7 2630.783  0.529 99.21 94 27 55
T-PAR

Q (m?¥/s) oSl nos! w (%) C (%) A (%) COP (%)
0.01 1123.889  0.671 46.83 92 68 23
0.1 1639.061  0.672 55.74 94 70 38
0.2 1924.067  0.669 62.03 94 73 42
0.3 2112.018  0.669 67.52 95 72 46
0.6 2484.796  0.704 72.53 97 78 62
0.8 2718.057  0.713 77.37 96 77 67
1 2888.461  0.732 80.66 98 75 72
2 3092.51 0.712 85.53 98 72 80
3 3018.117  0.687 90.91 99 58 78
5 3124.756  0.688 95.61 99 45 82
7 3122387  0.695 99.21 99 29 79

Q: discharge, OSI: overall suitability index, nOSI: normalized OSI, w: wetted cells, C: habitat connectivity, A: habitat
availability, COP: certainty of prediction
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5.10. Discussion

The results of the study indicate that the hydrology-based environmental flow (eflow) of Q =
0.2 m¥/s, proposed in the relevant environmental impact assessment (EIA) for the Parapeiros
River dam, is not sufficient to provide optimal habitat conditions for supporting a functional
benthic community. According to the ecosystem-based approach applied in our study, the EIA-
proposed eflow ranked between seventh and ninth, based on the OFS values of the two training
options (0.521 and 0.348 for the T-BGR and T-PAR, respectively). Habitat suitability was highest
at Q = 2 m3/s for both training alternatives, while acceptable values (OFS > 0.6) included Q =
0.8 m3/s, Q=0.6 m*/s, Q=1 m3/s and Q = 3 m?/s in the T-BGR dataset, extending upto Q=5
m?3/s in the T-PAR dataset. While optimal BM-habitat can be obviously ensured by providing a
1-m3/s or 2-m3/s eflow, water managers and stakeholders may decide to apply another eflow
scenario, in search of the fine balance between human and ecosystem water demand.
According to the 5-class quality system adopted in the Water Framework Directive 2000/60/EC,
for both training options, the eflow scenario of Q = 0.6 m*/s can be considered acceptable (K>
0.6) to allow for the continuation of the specified use (drinking water supply and water for
irrigation), without compromising the long-term functionality of the aquatic ecosystem (WFD
CIS, 2003). Since the environmental flow is a negotiated value (Dyson et al.,, 2003), HHMs
provide the most valuable feature in the process, in comparison to their hydrology-based
alternatives; the ability to accurately map habitat suitability in various discharge scenarios and
offer a simplified visualization of the information required by water managers and stakeholders
to reach a consensus.

As mentioned previously, the application of HHMs-based EFAs is disproportionately
limited compared to their hydrology-based alternatives, due to reasons mainly associated with
time-efficiency, cost-effectiveness, required expertise and availability of hydroecological
information (Jorgensen and Bendoricchio, 2001; Conallin et al. 2010).

The expertise required to implement the specific case study may be considered
minimal (OWRB, 2011), as all steps of this study including the collection and identification of
BM samples, the assessment of their microhabitat preferences and the 2D hydrodynamic
habitat simulation were successfully implemented by a small team of environmental biologists
and hydraulic-hydrodynamic engineers. Hydrology-based EFAs require teams of almost-equal
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size and a similar level of expertise to be adequately implemented and interpreted (Efstratiadis
et al., 2014; Zhang et al., 2014).

Hydrodynamic habitat models are considered costly to implement (Lamouroux and
Jowett, 2005; Booker, 2016), since they require multiple field visits at the river reach under
investigation prior to applying the hydrodynamic habitat simulation. The most cost-intensive
step in such implementations is the collection of the hydroecological reference dataset
(Theodoropoulos et al., 2018a). However, once the hydroecological dataset has been collected
and the reference conditions are established, the hydrodynamic simulation can be carried out
by two on-site visits; one visit to collect topographical information and hydrometric data to
calibrate the hydrodynamic module and one additional visit to collect a second set of
hydrometric data for the validation of the hydrodynamic module. This period of time may be
considered rather short, taking into account the valuable final visual representation of an HHM-
application, which offers a scientific base for trade-offs between scientists, water managers
and stakeholders during the decision-making process. Again, the most time-consuming step is
the determination of the hydroecological reference conditions. However, multiple applications
can be implemented using the same reference hydroecological dataset in reaches with similar
environmental and hydraulic properties.

Based on the aforementioned, the acquisition of a detailed, robust hydroecological
dataset is a key step to the application of HHMs-based EFAs. Either as habitat suitability curves
or fuzzy rules, habitat preferences of aquatic biota (mainly fish or benthic invertebrates) have
been developed worldwide. However, the generalization of these habitat preferences and their
transferability to river reaches other than those for which they were developed, has been
questioned (Heggenes, 1990; Holm et al., 2001; Lancaster and Downes, 2010) and recently,
generalized approaches attempted to overcome this limitation (Lamouroux and Jowett, 2005;
Booker, 2016). Based on our application, a useful approach to overcome this ‘obstacle” would
require:

i. Collection of reference samples (microhabitat observations) from river reaches of the
same typology, i.e. similar environmental and hydraulic properties (temperature, flow
variability, substrate types). In Greece for example, most rivers belong to the RM-2 (100-
1000 km? - altitude < 600 m - mixed geology) and RM-4 (10 - 1000 km? - altitude between
400 -1500 m - mixed geology) intercalibration types. A reference hydroecological dataset
collected from these river types would have a wide application in instream flow studies
in Greece.

ii. Calculation of habitat suitability (k) based on BM metrics and not using specific BM taxa
(Theodoropoulos et al.,, 2018a); as not all BM taxa are found in all river reaches,
calculating a k using BM metrics can be a valuable option.

iii. Normalization of habitat suitability per season and per site (by dividing the calculated k
of each microhabitat with the maximum « found at each site at each season); this is a
key step to eliminate (at least partially) any seasonal and geographical variation; as our
results suggested, despite the small variation between the two training datasets, the
same environmental flow (Q = 0.6 m3/s) would be probably selected regardless of the
training option applied.

5.11. Conclusion

Ecosystem-based approaches are required to ensure ecosystem integrity and functionality in
the long term. Based on the results, the hydrology-based environmental flow of 0.2 m3/s is not
considered suitable to maintain functional benthic communities downstream of the dam; the
habitat suitability in Q = 0.2 m3/s was lower than the ecologically-acceptable limit (OFS < 0.6)
and all BM-community metrics were suboptimal (Table 5.2). Cost-effective and time-efficient
HHMs-based EFAs can be implemented using advanced surveying-mapping methods and by
following specific methodological steps during the process. The establishment of a robust
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reference hydroecological dataset is of paramount importance, but once such a dataset has
been developed, there are options available to properly treat the dataset and enable its use (as
a habitat-module training dataset) in multiple model-based EFAs.
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Chapter 6

Case study 2 ~ Hydrodynamic simulation of habitat
suitability using benthic macroinvertebrates;
development of model-based environmental flow
scenarios and comparison with hydrology-based
predictions downstream of the Marathon Reservoir
(Attica, Greece)



6.1. Overview

In the last 40 years of research on environmental flow assessments (EFAs), more than 200 EFA
methods emerged worldwide (Tharme, 2003) and have been categorized in three groups
depending on the type of data they use to calculate environmental flows (eflows):

1. Hydrological methods, which develop environmental flow scenarios based on long-
term historical hydrological information (Tennant, 1976; Richter et al., 1996)

2. Habitat simulation methods (also known as hydraulic/hydrodynamic habitat models,
which develop environmental flow scenarios based on the interaction between habitat
suitability-availability and the distribution of aquatic biota (Vezza et al., 2015; Leitner
et al., 2017; Koutrakis et al., 2018; Theodoropoulos et al., 2018a)

3. Holistic methods, which combine hydrological and hydroecological-habitat information
to define environmental flows for multiple biotic elements of the aquatic ecosystem
(WFD CIS, 2015), including fish, benthic macroinvertebrates, aquatic and riparian
vegetation (King et al., 2008; Poff et al., 2010; Solans and Jalén, 2016).

The Tennant method (Tennant, 1976) and the Indicators of Hydrologic Alteration (IHA
- Richter et al.,, 1996) have been the most widely applied hydrological methods. The
environmental flow according to the Tennant method is calculated as a percentage of the
average annual flow, based on specific eflow classes provided by Tennant (1976) and depicted
in Table 6.1. The IHA method applies more complex hydrological indices including annual
minimum and maximum flows, magnitude, frequency and duration of high and low flow pulses
etc. and calculates/predicts multiple environmental flow components rather than just a
baseflow, thus defining a variable annual environmental flow regime, instead of a fixed annual
eflow value. These ‘desktop’ approaches require low effort (regarding time, costs and data
processing) to be implemented and have long been preferred over the other two groups when
long-term hydrological information is available.

Table 6.1. The hydrology-based environmental flow classes provided by Tennant (1978)

Environmental flow class Recommended baseflow Recommended baseflow
from Oct to Mar from Apr to Sep

Flushing or maximum 200% of the average flow

Optimum range 60%-100% of the average flow

Outstanding 40% 60%

Excellent 30% 50%

Good 20% 40%

Fair or degrading 10% 30%

Poor or minimum 10% 10%

Severe degradation 10% of average flow to zero flow

Hydrodynamic habitat models (HHMs) have long been researched worldwide, but their
real-life applications have not been as popular as their hydrology-based alternatives. As
previously explained, these methods quantify and predict the response of aquatic biota to
gradients of hydraulic-habitat alteration. A hydrodynamic module provides information on the
change of physical habitat as a function of discharge by predicting water depths (D) and depth-
averaged flow velocities (V) at multiple discharges in a computational mesh, which simulates
the area under investigation (Theodoropoulos et al.,, 2015). A coupled habitat module
compares the predicted values of V and D with information on the habitat preferences of
aquatic biota to calculate habitat suitability at each simulated discharge (Acreman and Dunbar,
2004; Gopal, 2013). Environmental flow scenarios are developed based on the interaction
between habitat alteration and ecological response.

Both hydrological and HHMs-based methods have been criticized for various aspects
of their practical application. Hydrology-based methods lack ecological validation (Acreman
and Dunbar, 2004) and thus, their credibility to provide ecologically appropriate flow regimes
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has often been questioned (Linnansaari et al., 2013). On the other hand, habitat simulation
methods require considerable amount of fieldwork and relevant expertise to be successfully
implemented (Linnansaari et al.,, 2013), while the fundamental concept on which these
methods are based (the relationship between the instream flow -or habitat- and the abundance
or biomass of aquatic organisms) has also been questioned (Moyle et al., 2011). Recently in
Europe, and as Caissie and El-Jabi (2003) had previously concluded, the Guidance Document
No. 31 (WFD CIS, 2015) supporting the Water Framework Directive 2000/60/EC (WFD -
European Union Council, 2000), suggested a three-tiered hierarchy of the eflow methods’
application, depending on the detail/accuracy of the eflow prediction required and on the
magnitude of the (possible) hydrological alteration due to the upstream water use (e.g. small-
scale water abstraction or the presence of a large water-supply dam). However, environmental
flows have often been calculated using only hydrological methods (e.g. Ye at al., 2012;
Efstratiadis et al., 2014; Fuladipanah et al., 2015; Chen and Weisbrod, 2016), while studies
implementing and comparing eflow scenarios based on a combination of different methods in
the same study area are limited (Li et al., 2009; Davis and Hirji, 2003; Shokoohi and Amini, 2013;
Papadaki et al., 2017; Nikghalb et al., 2016; Tare et al., 2017; Stamou et al., 2018).

6.2. Purpose of the chapter

This chapter compares environmental flow scenarios developed from hydrological and
HHM-based methods, downstream of the Marathon Reservoir (Oinoi Stream - Attica, Greece).
Based on historical hydrological information available for the area, five eflow scenarios were
developed using three hydrology-based methods, and three eflow scenarios based on the
requirements of the national legislation. A two-dimensional hydrodynamic habitat model was
additionally applied to develop ecosystem-based eflows using freshwater macroinvertebrates
as the target aquatic community. The ultimate focus of this chapter is to explore if the
application of HHM-based environmental flow assessments yields similar recommendations to
the hydrological methods, and comment on the possible application of the hydrology-based
methods as stand-alone tools, thus avoiding the costs and time required to apply the
ecosystem-oriented HHM-based methods. With reference to previous literature, the possibility
of integrating the two approaches to increase the confidence on predicting and selecting
environmental flows is also discussed.

6.3. Case study

The study reach is located in the Region of Attica (central Greece) (Fig. 6.1), downstream of the
Marathon Dam. The dam is 54-m high and concentrates the inflows from the Charadros and
Varnavas streams, supplying drinking water to the city of Athens and the surrounding areas.
With a catchment area of 118 km?, the two streams converge at the Marathon Dam and form
the Oinoi Stream, which empties in the Aegean Sea after a distance of approximately 10 km.
The area has a temperate Mediterranean climate characterized by mild winters and hot, dry
summers. The mean annual minimum and maximum temperatures are 5 °C and 29 °C, reaching
below 0 °C and above 33 °C during extreme winter and summer events, respectively. The mean
annual precipitation is low, compared to the one recorded in the western and northern parts
of the Greek territory (567 mm over a 70-year period). July, August and September are the
driest months of the year.
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Fig. 6.1. The study area; the Oinoi Stream, the town and the reservoir of Marathon are
depicted.

The Oinoi Stream initially flows through a mixture of sclerophyllous vegetation and coniferous
forests, which is gradually replaced by agricultural land and urban areas after a distance of
almost 6 km. The stream afterwards passes through the town of Marathon, being surrounded
by complex cultivation patterns and urban areas until it empties in the Aegean Sea. The water
flow downstream of the dam is ungauged. The Marathon Dam was built in 1929 without an
environmental flow valve and consequently, there is no outflowing water in the Qinoi Stream.
Currently, the minor quantity of spring-fed water flowing through the stream is pumped for
irrigation, leaving no flow in the river for almost throughout the year.

6.4. Hydrological data, hydrology-based and legislation-based environmental flows

Daily hydrological data from the operation of the Marathon Dam were obtained for an 11-year
period (2002-2013) from the Athens Water Supply and Sewerage Company (EYDAP S.A.). These
daily data were used to calculate the inflowing water discharge from the upstream watershed
(Charadros and Varnavas streams converging upstream of the reservoir) and they included (i)
reservoir water level fluctuation, (ii) precipitation, (iii) lake evaporation, (iv) the water volume
transferred from the reservoir to the city of Athens. As in Efstratiadis et al. (2014), a water
balance model was developed and applied to the aforementioned data; the inflows considered
were the water discharge from the upstream watershed and the daily volume of precipitation,
and the outflow was the water volume abstracted for the Athens drinking water supply. The
calculated daily discharges from the Varnavas and Charadros streams inflowing to the dam for
the period 2002 - 2013 were considered as the natural river flows (the mean monthly discharge
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values are shown in Fig. 6.2) from which the hydrology-based environmental flows were

calculated using the following methods:

i. Tennant method (Tennant, 1976); in this method, mean annual flows for each hydrological
year are calculated and the average value for the whole period of study (QAA) is derived.
Environmental flow scenarios are afterwards developed based on the percent deviation
from QAA. Based on the method’s recommendations, we considered the 10% QAA, 20%
QAA and 30% QAA values as potential environmental flow candidates, reflecting the ‘“fair’,
‘good’ and ‘excellent’ categories provided in Tennant (1976) (Table 6.1).

ii. Lyonsmethod (Bounds and Lyons, 1979); in this method monthly median flow (MMF) values

are derived from long-term hydrological records and used as monthly environmental flow
recommendations, weighted between the wet and dry periods of the year. Based on the
method’s requirements, the 60% MMF was considered as the minimum environmental flow
for the period between March and September, and 40% MMF as the minimum eflow during
October-February.

Basic Maintenance Flow (QBM - Alcdcer-Santos, 2004); the QBM method analyses the
variation in the distribution of minimum flows that have occurred for time periods ranging
from one to one-hundred consecutive days (in total, 100 intervals). A moving average of
daily flows is calculated for each interval, and the minimum value of each interval and for
each year is afterwards derived. The relative increment between each pair of consecutive
minima is calculated using the following equation:

_ @ -a™

bk -
1 qlk 1

where
bk is the relative increment for the ith year and for the kth interval
q{"‘ is the minimum flow value of the kth interval for the ith year

The minimum flow value with the highest relative increment g¥™%* is selected for each

L
year and the average value of all g¥™® is the final environmental flow.
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Fig. 6.2. Mean monthly inflows to the Marathon Reservoir for the
years 2002-2013, calculated based on a water balance equation.
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According to the requirements of the Greek legislation, three environmental flow scenarios
were developed for the 11-year study period, based on the following: (a) 30% of the mean
monthly flows of June, July and August, (b) 50% of the mean monthly flow of September, (c)
0.03 m3/s minimum acceptable flow when the previous values are lower.

6.5. Collection of topographic information and mesh generation

A 370-m long reach (3731 m?) was simulated using a two-dimensional (2D) hydrodynamic
model. Channel topography was mapped with 459 points recording longitude (X), latitude (Y)
and bottom elevation (H). A Real-Time Kinematic (RTK) GPS was used, consisting of the ‘Spectra
Precision SP60 GNSS Receiver’ (http://www.spectraprecision.com/eng/sp60.html) and the
‘MobileMapper 10 GIS - GPS Receiver’ (http://www.optron.com/spectra/products/Mobile-
Mapper-10.html). The Blue Kenue software (http://www.nrc-cnrc.gc.ca/eng/solutions/
advisory/blue kenue index.html) was then used to import the topographic X, Y, H data and
linearly interpolate channel topography, generating a triangular computational grid composed
of 3,938 nodes and 7,140 triangular elements with a 0.9 m spatial resolution. In the rarely
occurring cases where dense canopy cover restricted the communication between the RTK-
GPS and the satellites (and consequently, spatial coordinates could not be accurately acquired),
relief changes were manually measured from the nearest accurate point measurement
(measuring the change in X, Y and H) and the missing points were manually inserted to the
topography file in the Blue Kenue software.

6.6. Hydrometric data, calibration and validation

Two surveys at different discharges (Q), commonly occurring in the study reach, were carried
out to calibrate and validate the hydrodynamic simulation. The model was calibrated using the
data from the first hydrometric survey (Q = 0.03 m?/s) and validated using the hydrometric data
from the second survey (Q = 0.3 m3/s). Following a 2D-adapted, widely applied approach
(Leclerc et al., 1995; Lee et al., 2010; Lin et al., 2015), and using the Swoffer 2100 current
velocity meter (http://www.swoffer. com/products.htm), water depths (D) and depth-
averaged flow velocities (V) were measured at 0.6 x D when D £0.75 m, and by averaging 0.2 x
D and 0.8 x D when D > 0.75 m, based on Nolan and Shields (2000). These field measurements
of Vand D were recorded at 15 randomly selected points across the river reach at each survey.
Longitude and latitude coordinates (using the RTK-GPS) were additionally recorded for each
point and the two datasets were afterwards imported into the BlueKenue software. Calibration
and validation were applied by manually adjusting the Manning’s roughness coefficient (n),
based on an initial visual field estimation of the type of substrate, until an acceptable
combination of R? values between the predicted and observed V and D was achieved.
Specifically, the study area was divided in three sections and the Manning’s n in the validated
model was 0.035 in the upper part, 0.05 in the mid-reach and 0.07 in the downstream part (Fig.
6.1). The R? between the predicted and observed D and depth-averaged V values was greater
than 0.9 and varied from 0.9577 for D to 0.9795 for V (p<0.01) in the calibration dataset and
from 0.8954 for D t0 0.9591 for V (p<0.01) in the validation dataset (Fig. 6.3), suggesting strong,
statistically significant correlations and an acceptable model performance. The validated model
was used to simulate 16 discharge scenarios ranging from 0.01 m3/s to 5 m?/s.
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Fig. 6.3. Correlation between the simulated and observed data (V: flow velocity, D: water
depth) in 15 randomly recorded points during calibration and validation. Dotted lines
represent 100% accuracy (observed values = simulated values).

6.7. Hydrodynamic simulation
The TELEMAC-2D v6.2 (Galland et al., 1991) was used to simulate D and depth-averaged V in
various discharge scenarios. Prior to running the hydrodynamic simulation, boundary and initial
conditions were defined using the FUDAA-PREPRO pre-processor (http://prepro.fudaa.fr). Q
was prescribed at the upstream boundary and water surface elevation (Z) was prescribed at
the downstream boundary, according to the software’s requirements. The TELEMAC-2D code
applies the finite element method (Hervouet, 2007; Liu and Quek, 2014) to solve the depth-
averaged St-Venant equations (conservation of mass, x-wise momentum, y-wise momentum).
We simulated D and depth-averaged V values in 16 discharge scenarios. Apart from the
upstream inflow boundary, no other sources of incoming water exist in the study reach and,
taking into account the short channel length (370 m) and the geology of the reach, no ‘sink
terms’ were introduced in the model, assuming a constant discharge at the whole length of the
study reach. Each simulation was run until a steady state was reached; the V and D values at
each Q scenario (steady state) were afterwards used as inputs to the habitat model.

6.8. Habitat suitability modelling

In the absence of well-established fish communities in the Qinoi stream (possibly due to the
extreme long-term hydrological alteration caused by the presence of the upstream reservoir),
we used benthic macroinvertebrates (BM) as our target aquatic community, which have been
found to be more widely distributed (Monk et al., 2006) and are commonly used in such cases
elsewhere (Waddle and Holmquist, 2013). Their habitat preferences were acquired from the
benthos-GR dataset (Theodoropoulos et al.,, 2018a), which consists of 380 microhabitat
observations sampled in Greek streams and rivers of similar environmental and hydraulic
properties. The benthos-GR dataset calculates habitat suitability (K) using benthic-community
metrics (No. of families, No. of Ephemeroptera-Plecoptera-Trichoptera families, Shannon-
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Wiener diversity and total community abundance) rather than just the abundance of individual
taxa, thus describing the habitat suitability of the whole benthic-invertebrate community.

The dataset was used to train and cross-validate a fuzzy Bayesian algorithm (FRB),
described in detail in Theodoropoulos et al. (2018a) and implemented using the HABFUZZ
software (Theodoropoulos et al.,, 2016). In the FRB, the numerical inputs of V and D are
converted to overlapping, five-class, trapezoidal-shaped membership functions (called fuzzy
sets). The K values are also classified; in our case we used five, non-overlapping suitability
classes (0 <bad <0.2; 0.2 < poor £0.4; 0.4 < moderate <0.6; 0.6 < good < 0.8; 0.8 < high < 1).
Each numerical input value of V and D is assigned to one or more fuzzy sets with a membership
degree between zero and one (in our application, the type of substrate was treated as a crisp
input and classified based on Schneider et al. (2010)). The training dataset (benthos-GR), with
a priori calculated K values, is used to develop sets of data-driven IF-THEN rules, relating the
input fuzzy sets with a specific K class. The fuzzy membership degree (MD) of each input
variable (V, D and S) is considered as the probability of occurrence of the particular fuzzy set,
such as ‘IF Vis low with a membership degree of 1 AND D is moderate with a MD of 1 AND S is
gravel with a MD of 1 THEN K is high with a MD of 0.3 and good with a MD of 0.7’. The IF-THEN
rules are then combined using the Bayesian joint probability, so that (referring to the previous
example) the probability of the specific microhabitat’s K being high is the joint probability that
V is low AND D is moderate AND S is gravel AND K is high (1 x 1 x 1 x 0.3 = 0.3), while the
probability of K being good is the joint probability that V is low AND D is moderate AND S is
gravel AND K is good (1 x1x 1x 0.7 =0.7). Based on a utility function (Brookes et al., 2010), a
score is assigned to each K class (bad: 0.2, good: 0.4, moderate: 0.6, good: 0.7, high: 0.9) and
the habitat suitability for each microhabitat is predicted using the following equation:

where,

K is the predicted habitat suitability

M;; denotes the joint probability of occurrence of each «k class

S;j denotes the score of each k class

For the previous example, K equals t0 0.7 x 0.9 + 0.3 x 0.7 = 0.84 (high).

We applied a ten-times-repeated ten-fold cross validation process (Kohavi 1995), in
which the initial dataset was randomly partitioned in ten equal-sized subsamples. Nine
subsamples (90% of data) were used as the training dataset and the remaining subsample
(10%) was used for model validation. This procedure was repeated ten times (folds), using a
different subsample for validation at each iteration. The whole 10-fold iterations were repeated
ten times to acquire more robust results. The performance of the cross-validated habitat model
(calculated as the average percentage of correctly classified instances (CCl) between each
iteration of the ten-fold cross-validation process) was 61.2% (min: 58.95%; max: 64.1%).

The output of the hydrodynamic model (D and depth-averaged V values) at each
simulated discharge was used as input to the habitat model, which calculated K at each node
of the computational grid of the hydrodynamic model (resulting in 3938 K values x 16 discharge
scenarios). The habitat suitability of the study reach at each Q was visualized using the Blue
Kenue software.

6.9. Environmental flow selection

Following the approach of Theodoropoulos et al. (2018a), the optimal ecosystem-based
environmental flow scenario was selected based on the combination of the following
indicators-variables:

i. Overall Suitability Index (OSI): 0SI =Y., K;
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ii. Average OSI (nOSl): noSI = —

where,
Ki(from 0 to 1) denotes the habitat suitability
wdenotes the total No. of wetted nodes in the computational grid at each Q scenario

ii. Certainty of prediction (COP): The ratio of the No. of microhabitat combinations actually
found in the training dataset to the total No. of nodes in the computational grid; HABFUZZ
applies a trick when a microhabitat combination is not found in the training dataset and
instead of returning some arbitrary K value for a particular node (e.g. -1), it uses the K value
of its neighboring node in the domain.

iv. Percentage of wetted nodes in the computational grid at each Q scenario (w).

v. Habitat connectivity (C): The ratio of connected (neighboring) nodes with K>0.6 to the total
number of wetted nodes with K>0.6.

vi. Habitat availability (A): The ratio of connected (neighboring) nodes with K>0.6 to the total
number of nodes in the study reach (wetted and dry).

The optimal combination of the indicators was numerically expressed for each
simulated Q using the Optimal Flow Scenario index (OFS):

OFS =n0SI -w - C -A - COP

All OFSi values were normalized in a 0-1 scale by dividing each OFSi with the maximum OFS
observed. As the environmental flow is usually a negotiated value (Dyson et al., 2003), in
addition to the best Q scenario, evaluated according to the maximum calculated OFS value, a
5-class system was applied based on the status classification system of the Water Framework
Directive 2000/60/EC including the following classes; bad (0 < OFS < 0.2), poor (0.2 < OFS<0.4),
moderate (0.4 < OFS £ 0.6), good (0.6 < OFS £0.8) and high (0.8 < OFS < 1). A polynomial curve
was applied to encompass the OFS values. Based on the polynomial function, environmental
flow scenarios with OFS values higher than 0.6 (good and high classes) were considered
acceptable and, therefore, potential ecosystem-based eflow candidates in possible negotiation
schemes between scientists, stakeholders and managers.

6.10. Results

The results of the hydrology-based environmental flow calculations are depicted in Fig. 6.4.
According to the Tennant method, the mean annual flow for the 11-year period was 0.61 m3/s,
and the ‘fair’, ‘good’ and ‘excellent’ classes were 0.06 m3/s, 0.12 m3/s and 0.18 m?/s,
respectively. Due to the high number of consecutive days with extremely low flows or zero
values, the Lyons and QBM methods yielded the lowest environmental flow values (0.0006 m3/s
and 0.011 m3/s, respectively). Varying outcomes ranging from 0.03 m3/s to 0.135 m3/s were
obtained based on the requirements of the Greek legislation.
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Fig. 6.4. Minimum environmental flows calculated over an 11-year period using the
Tennant’s 10%, 20% and 30% QAA (Q10, Q20 and Q30, respectively), the Lyons method (L)
and the Basic Maintenance Flow (QBM). Environmental flows according to the Greek
legislation are also depicted (G1: 30% of mean monthly flows of June, July and August, G2:
50% of the mean monthly September flow, G3: 30 L/s).

Table 6.2: The indicators calculated at each simulated discharge to facilitate the selection of the optimal
flow scenario. The highest values for each indicator have been shaded grey.

Q (m?/s) osl oS! w (%) C (%) COP (%) A (%)
0.01 1005.131  0.671 41.39 90 82 18
0.03 1255.029  0.635 50.15 92 84 25
0.05 1414.633  0.651 55.2 92 85 31
0.07 1542.871  0.66 59.35 93 87 36
0.09 1673.573  0.666 63.81 94 87 41
0.1 1684.227  0.671 63.83 94 88 42
0.2 1966.497  0.68 73.46 96 88 53
0.3 2126.507  0.689 78.34 96 89 61
0.5 2267.52 0.694 83 96 88 65
0.7 2344797  0.671 88.75 95 88 62
0.9 2409.26 0.668 91.6 95 88 60
1.1 2424688  0.662 93.04 93 90 58
1.5 2379.135  0.638 94.67 92 90 49
2 2293.715  0.605 96.32 91 88 40
3 2041351  0.529 98 87 89 23
5 1674.186  0.431 98.67 72 82 6

Q: discharge, OSI: overall suitability index, nOSI: average OSI, w: wetted nodes, C: habitat connectivity, A: habitat
availability, COP: certainty of prediction

Based on the hydrodynamic simulation, the depths in the wetted nodes of the study
reach (data not shown) ranged from 0 m to 0.52 m for the lowest discharge (0.01 m3/s) and
from 0.1 m to 1.23 m for the highest discharge simulated (5 m3/s). Depth-averaged V values,
respectively ranged from 0 m/s to 0.59 m/s (Q = 0.01 m3/s) and from 0.1 m/sto 3 m/s (=5
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m3/s). The simulated habitat suitability (K) values at each node of the computational grid and
at each Q scenario are depicted in Fig. 6.5. According to the results, maximum habitat
connectivity (C), availability (A) and nOSI values were recorded at Q = 0.5 m3/s (Table 6.2),
indicating this value as the optimal environmental flow (Fig. 6.6). Based on the WFD
classification scheme however (Fig. 6.6a), in combination with the polynomial curve fitted (Fig.
6.6b), Q values ranging from 0.17 m3/s to 1.5 m3/s can be considered acceptable (OFS > 0.6;
good-high WFD classes). The highest OSI was observed in Q = 1.1 m?3/s, followed by 0.9 m?/s
and 1.5 m3/s. The highest nOSI and habitat connectivity values were calculated for Q = 0.5 m3/s,
0.3 m3/s and 0.2 m3/s respectively. As expected, more wetted nodes were recorded in higher
discharges, while habitat availability peaked at Q = 0.5 m3/s, followed by 0.7 m*/s and 0.3 m3/s.
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Fig. 6.6. Optimal Flow Scenario (OFS) index for each discharge scenario (Q). (a) Acceptable
discharge scenarios range from 0.2 m3/s to 1.5 m3/s based on the WFD requirements. (b) Q-OFS
scatterplot and polynomial regression curve to select the minimum flow with OFS > 0.6 (0.17
m3/s).

6.11. Discussion

The results of the study suggest that ecosystem-based environmental flows ranging from 0.17
m3/s to 1.5 m3/s are appropriate for maintaining functional benthic-invertebrate communities
downstream of the Marathon Reservoir (Fig. 6.6). In lower and higher discharges, respectively,
habitat suitability becomes unacceptable based on the requirements of the Water Framework
Directive 2000/60/EC, and as a result, the long-term ecological integrity and functionality of
the BM communities may be compromised. The aforementioned information could be a
valuable reference in negotiations between scientists, water managers and stakeholders
(Acreman and Dunbar, 2004), in their effort to balance anthropogenic water demand and
ecosystem conservation, within a sustainable water resources management framework
(Loucks, 2000).

Theoretically, based on the ecological results, a variety of discharges ranging from 0.17
m3/s to 1.5 m3/s, could be considered appropriate for benthic-invertebrate communities. In
practice however, water managers and stakeholders would probably select Q = 0.17 m3/s as
the optimal baseflow, being the lowest discharge capable of maintaining an acceptable
ecological status of the aquatic ecosystem according to the WFD requirements. In contrast,
according to the hydrological results, this value was among the highest calculated eflows; the
hydrology-based environmental flows ranged from 0.0006 m?3/s according to the Basic
Maintenance Flow method, to 0.18 m3/s based on the 30% QAA (‘excellent’ class) of the
Tennant method, while according to the national legislation, the environmental flow in the
Oinoi Stream should range between 0.03 m3/s and 0.135 m3/s.

Nearly all hydrological methods applied, including the most popular Tennant method
(Tennant, 1976), calculated lower environmental flows than the ones required to ensure
ecosystem integrity and functionality according to the HHM-based, ecosystem-oriented
approach followed in our study. Previous comparative studies in various reaches (Shokoohi and
Amini, 2013; Nikghalb et al., 2016; Stamou et al., 2018; Theodoropoulos et al., 2018b) showed
similar trends (but see Papadaki et al.,, 2017); Nikghalb et al. (2016) used the habitat
preferences of Luciobarbus capito and calculated 3-fold increased environmental flows in
comparison to those calculated using the Tennant method. Stamou et al. (2018) used the
habitat preferences of Squalius peloponnensis and calculated eflows two times higher than the
hydrology-based eflows, and ten times higher than those required by the Greek legislation on
environmental flows. Theodoropoulos et al. (2018b) used benthic macroinvertebrates and
calculated environmental flows three times higher, compared to those required by the Greek
legislation. However, in the comparative study of Papadaki et al. (2017) carried out in two sites
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in Greece, the optimal hydrology-based environmental flows in the first site were between 29%
and 45% lower than the habitat-based eflows, while they were between 50% and 58% higher
in the second site. Based on the results of our application and as nearly all previous studies
suggest lower hydrology-based eflows, compared to the ecosystem-based methods, we could
infer that hydrological methods often tend to under-estimate the environmental flows required
to ensure healthy aguatic ecosystems.

Based on the aforementioned, the hydrology-based environmental flows in our study
were lower than the lowest acceptable ecosystem-based environmental flow. Only the 30%
QAA eflow of the Tennant method (0.18 m3/s) coincided with the ecosystem-based eflow of
0.17 m3/s (one out of eight hydrological scenarios - 12.5% probability of agreement). However,
since the 30% QAA value reflects excellent ecosystem status based on the Tennant method’s
recommendations, in the absence of a respective ecosystem-based study, water managers and
stakeholders would probably prefer to apply the 20% QAA or the 10% QAA scenario,
corresponding to the good and fair status respectively. Therefore, hydrological methods should
be used with caution, when ecological information is not available. Since a thriving benthic-
invertebrate community in the Oinoi Stream is ensured in Q = 0.5 m?/s, delivering
environmental flows based solely on hydrological methods would probably (with a probability
of 87.5%) stress the benthic community to unsustainable levels. These results are in accordance
with previous literature questioning the use of hydrological methods as stand-alone EFAs
(Acreman and Dunbar, 2004; Linnansaari et al., 2013; Arthington 2012; Papadaki et al., 2017),
while, in their case study, Shokoohi and Amini (2013) reached the same conclusion, suggesting
that delivering hydrology-based environmental flows would degrade the aquatic ecosystem in
the long term.

It has been widely acknowledged that integrated frameworks, incorporating
hydrological methods in HHM-based EFAs, could be a valuable option when different
stakeholders attempt to communicate within an environmental flow assessment (Arthington,
1998; Linnansaari et al., 2013). A three-tiered hierarchy including hydrological, holistic and
hydrodynamic habitat modelling methods has been recently proposed in the Guidance
Document No. 31 of the Water Framework Directive 2000/60/EC (WFD CIS, 2015), and as
Stamou et al. (2018) conclude, integrated methods could result in more ‘realistic’ eflow values
based on the historical hydrological conditions of the study area and considering what can be
‘socially’ delivered. This conclusion however should not be misconceived as ‘downgrading the
ecosystem-based environmental flows to maximize possible short-term human benefits in the
upstream’ (Homa et al., 2005; Jager and Smith, 2008). Acreman (2016) indicates that the
desired future condition of an ecosystem depends on what a society considers acceptable; the
society-based ecosystem condition however, should not be much deviating from the
ecosystem-based standards to ensure long-term ecosystem functionality.

Within this concept, integrated hydrological-HHM frameworks may be useful for
providing detailed reference on what is ecologically acceptable and hydrologically-socially
feasible (Stamou et al., 2018), and for delivering environmental flows, which partially meet the
needs of everyone and fully meet the needs of no one (Pitt and Kendy, 2017). However, the
concept of integrating itself requires further explanation, as there is actually no way to literally
integrate the two methods; as our application showed and the previous literature indicates,
hydrological methods provide historical hydrological information on a study area, whereas
HHM-based methods use the habitat preferences of aquatic communities to develop
ecosystem-based environmental flow scenarios. Consequently, the use of integrative
frameworks combining hydrological and ecological methods bears an inherent insufficiency to
increase the confidence on predicting and selecting environmental flows since they comprise
different, non-interacting concepts. Nevertheless, as Stamou et al. (2018) imply, information
from different sources (hydrological and ecological) is a useful basis for scientists, water
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managers and stakeholders towards the development of socially-accepted and ecologically
appropriate environmental flow recommendations.

6.12. Conclusion

Different environmental flow methods can yield different eflow predictions, suggesting a
specific trend, which was further supported by most previous studies available; that
hydrological methods tend to under-estimate the actual environmental flows required to
maintain functional aquatic communities. Except for one hydrological eflow scenario (30% QAA
- Tennant method) the lowest acceptable ecosystem-based environmental flow was higher
than the hydrology-based environmental flows, with varying deviation depending on the
hydrological method followed. This is translated to a coincidence probability of 20% (one
agreement out of five hydrology-based scenarios), being reduced to 12.5% if we additionally
include the results of the Greek legislation guidelines. As a consequence, the hydrology-based
methods should not be applied as stand-alone methods, as the risk of delivering ecologically-
unacceptable environmental flows is high (with a probability of 80% to 87.5% based on the
results of the study). This has also been highlighted in previous literature and further confirmed
in this study, which showed that the ecosystem requirements may be slightly, but also highly
different.
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Chapter 7

Discussion



The purpose of this thesis was to explore the possibility of using benthic macroinvertebrates
(BMs) in hydrodynamic habitat models, to facilitate the development of environmental flow
scenarios in river reaches impacted by hydrological alteration. It was shown that BMs do
respond to hydrological variation and have specific preferences for particular habitat-defining
variables (flow velocity, V; water depth, D; type of substrate, S; water temperature, T); these
habitat preferences were estimated and state-of-the-art modelling algorithms were explored
for their potential to accurately predict the BM-based habitat suitability in test river reaches
based on a BM training dataset collected from nine sites in three seasons in Greece. A fuzzy
rule-based Bayesian algorithm was ultimately selected, a modelling software (HABFUZZ) was
developed to implement this algorithm and a two-dimensional hydrodynamic model (TELEMAC
2D) was used to simulate V and D in two hydrologically altered river reaches (Parapeiros River,
western Greece; Oinoi Stream, Attica, Greece). The main outcome of this thesis has been the
conceptualization, development and pilot-application of a new, BM-based hydrodynamic-
habitat modelling, environmental flow assessment (EFA) framework. Accurate model-based,
BM-adapted EFAs can be now implemented in Greece and, upon relevant hydroecological-data
availability, worldwide, to facilitate the sustainable management of freshwater resources.

7.1. Response of benthic macroinvertebrates to hydrological variation

The first step towards a BM-based hydrodynamic habitat model (HHM) was to explore whether
or not the benthic macroinvertebrates respond to hydrological variation and, consequently, to
changes in the major, habitat-defining hydraulic and environmental variables (V, D, S and T).
Previous studies have focused on the response of benthic macroinvertebrates to extreme
hydrological events -droughts and floods- (Herbst and Cooper, 2010; Mesa, 2010; Lake, 2011;
Mundahl and Hunt, 2011, Skoulikidis et al., 2011; Chessman, 2015). The new information that
this study offers (described in detail in Chapter 2), is that BMs also respond to natural
hydrological variation of moderate magnitude (in comparison to the hydrological extremes of
droughts and floods). The distribution, abundance and diversity of BMs before and after a
rainfall-induced high flow event was clearly-significantly different; this hydrological variation
explained up to 42.9% of the overall BM community variation. In accordance with previous
studies on extreme events (Rosser and Pearson, 1995; Argerich et al., 2004; Mesa, 2010)
macroinvertebrate abundance, taxonomic richness, richness of Ephemeroptera, Plecoptera
and Trichoptera and diversity decreased significantly by 90%, 60%, 50% and 25% respectively,
between the pre- and post-impact microhabitat samples. Moreover, specific types of substrate
acted as flow refugia, providing shelter against the dislodgment of macroinvertebrates
(Lancaster and Hildrew, 1993; Rempel et al., 1999; Fuller et al., 2010). These substrate types
were mainly boulders and large stones, hosting 73% of the total BM abundance and higher
taxonomic richness, compared to finer substrates, after the high flow event. As discussed by
Borchardt (1993) and indicated in the current study, benthic macroinvertebrates either actively
drift to these refugia or are accidentally protected, being on refugia when flow-hydraulic
conditions become critical, provoking dislodgment.

In addition, the study showed that the response of BMs to the hydrological-hydraulic,
habitat-defining variables of V, D, S and T follows a Gaussian distribution with specific optimal
values. The results (chapter 2) showed that high macroinvertebrate abundance, taxonomic
richness, EPT richness and diversity can be found in V between 0.3 m/s and 0.75 m/s, in D values
near 0.2 m and in coarse substrates (higher abundance and taxonomic richness in large stones,
boulders, small stones and large gravel). The majority of previous research shows similar BM-
habitat-preference trends, although originating from different locations with varying climatic
and hydrodynamic conditions (Jowett et al., 1991; Gore et al., 2001; Li et al., 2009; Horta et al,,
2009; Shearer et al., 2015).
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7.2. Towards a benthic-invertebrates-based hydrodynamic habitat modelling framework

The aforementioned information suggests that benthic macroinvertebrates can be effectively
used in HHMs. However, until now, HHMs-based environmental flow assessments have been
primarily focused on fish; BM-based frameworks have not been commonly applied (Waddle
and Holmquist, 2011; Arthington, 2012; Mufioz-Mas et al., 2016; Leitner et al., 2017; Papadaki
et al., 2017). The main reasons for this are mainly associated with cost-effectiveness, time-
efficiency, required expertise and availability of hydroecological information (Jorgensen and
Bendoricchio, 2001; Conallin et al., 2010). HHMs-based EFAs, either BMs- or fish-focused,
inevitably require a costly and time-consuming collection of hydraulic and hydrometric data to
calibrate and validate the hydrodynamic module (Spense and Hickley, 2000) and usually,
additional, carefully designed field visits are necessary to calculate the habitat preferences of
aquatic biota (Heggenes et al., 1990). Moreover, the developed hydrodynamic habitat model
is usually restricted to an area of 200 or 300 meters, whereas the effects of hydrological
alteration may be geographically widespread (Booker, 2016). In this thesis, it was shown that
cost-effective and time-efficient BM-based HHMSs can be accurately applied by small teams of
hydraulic-environmental engineers and ecologists; the conceptual framework and the relevant
technical information to implement-replicate such model-based EFAs from scratch, with the
use of state-of-the-art tools, has been also provided.

7.3. The predictive performance of habitat modelling algorithms

As shown in Chapter 4, not all habitat modelling algorithms are appropriate for predicting the
habitat suitability for benthic macroinvertebrates in HHM simulations. The main outcome from
the performance tests applied in this study between multivariate statistical models -including
the traditional habitat suitability curves (HSCs) approach of Bovee (1986)-, machine-learning
algorithms and fuzzy-rule-based (FL) models was the following: (i) Several but not all algorithms
can be used for accurate predictions; (ii) machine learning models -Boosted Regression Trees
(BRT) and Random Forests (RF)- can be used within balanced hydroecological datasets but
adjustments are required if they are to be applied within imbalanced datasets; (iii) specific FL
models (centroid and weighted average defuzzification) failed to reach acceptable predictions;
the models, which developed accurate predictions within imbalanced datasets, without
requiring any pre-treatment or adjustment, were the FL maximum-membership-defuzzified
and the fuzzy rule-based Bayesian algorithm (FRB). Based on the cross-validation process
applied, the mean accuracy of the FRB model was 61.2%, which is considered accurate enough
to proceed to ‘safe’ habitat suitability (K) predictions. Existing literature, although using various
K-calculation approaches, shows that the predictive performance of habitat models varies
between 45-48% (Mufioz-Mas et al., 2016) and 70% (Mouton et al., 2011; Vezza et al., 2015).
Thus, this study favored the use of the FRB algorithm for accurate BM-based predictions.

7.4. Development of a benthic-invertebrates-specific, habitat modelling software

Based on the aforementioned, a command-line tool (HABFUZZ - Theodoropoulos et al., 2016)
has been developed in FORTRAN to implement the FRB algorithm (described in detail in chapter
3). HABFUZZ is a one-click tool; the user provides the reference hydroecological dataset with
microhabitat observations-combinations of V, D, S, T and K, similar to the one collected in this
study, and the relevant test dataset containing microhabitats with known V, D, S and T and
unknown K, and the software produces a file with the predicted K values for each microhabitat.
HABFUZZ is open source and can be easily integrated with the open-source TELEMAC 2D
(Galland et al., 1991). Currently, the only fuzzy-based alternative to HABFUZZ is the CASIMIiR
software (Schneider et al., 2001), which however includes a one-dimensional hydrodynamic
module for the simulation of the study area. HABFUZZ uses the output of the two-dimensional
TELEMAC 2D and thus, comparatively more accurate simulations and more detailed
representation of the final habitat suitability can be achieved. In addition, HABFUZZ is BM-
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specific; the output of HABFUZZ includes various BM habitat-related variables to facilitate
accurate K predictions (chapter 4). In this study, HABFUZZ was integrated with TELEMAC 2D
and applied to assess the environmental flows (eflows) in two hydrologically altered river
reaches in Greece (chapters 5 and 6).

7.5. Key issues considered and addressed during implementation

7.5.1. Abundance- vs metrics-based habitat suitability calculation

It was previously mentioned that a reference hydroecological dataset, as the one collected in
this study, includes microhabitat samples relating the V, D, S -and T (optional)- abiotic habitat
predictors to the habitat suitability of each microhabitat. But this is not totally true; the raw
dataset does not include K values but a BM taxalist (BM families and their abundance at each
microhabitat) from which K is calculated. In fish-based studies, K is usually directly related to
the abundance of fish species (Mouton et al., 2011; Vezza et al., 2015; Papadaki et al., 2017).
BM-based studies have also applied this approach (Li et al., 2009), but in this study we favored
a community-metrics-based approach, using metrics that have been well studied for their
‘sensitivity’ to describe the status-suitability of a benthic-invertebrate community (Englund and
Malmaqvist, 1996; Buffagni et al., 2006; Monk et al., 2006; Waddle and Holmquist, 2011; Jun et
al.,, 2012; Holmquist et al., 2015). Considering that the numerous BM taxa found in a
microhabitat may have partially contrasting K preferences, they should be either treated as a
community or only use the habitat preferences of specific taxa. Moreover, a community-
metrics approach enables the use of a particular hydroecological dataset in test cases where a
taxon may not be present, as the habitat suitability is not directly related to a specific taxon.

7.5.2. How were the different metrics combined into a BM-community K index?

The individual metrics were statistically treated to find correlations between them and the
abiotic variables and they were afterwards combined in a single multimetric habitat suitability
index, also taking into account the following considerations:

1. Number of taxa: A site with high taxonomic richness, is almost certainly more suitable
than a site with lower number of taxa.

2. Diversity index: A site with increased diversity (Shannon’s index) most probably has a
healthy BM community and should be considered more suitable than a site with
lower diversity index.

3. EPT index: A site with higher EPT taxa richness is very likely to be more suitable for
the whole BM-community than a site with lower number of EPT taxa.

4. Abundance: A site with high abundance of benthic macroinvertebrates may also be
more suitable than a site with low abundance. However, abundance alone is not a
reliable suitability indicator; a site with 50 Perlidae, for example, is considered more
suitable than a site with 3000 Chironomidae and thus, all four metrics were
multiplied by a weighting value to account for the experts’ certainty about their
potential to accurately quantify the ‘real’ habitat suitability.

Previous studies developing multimetric macroinvertebrate indexes mostly include the
number of taxa, the number of EPT taxa and the Shannon’s diversity index (Buffagni et al., 2006;
Gabriels et al., 2010; Jun et al., 2012). The abundance of the BM community is usually not
included due to the aforementioned deficiency. In our study, we included the abundance
metric as it was well correlated with the abiotic V, D, and S variables (chapter 4) but weighted
it with the lowest score (0.1) to address this issue without totally excluding it. Weighting the
individual metrics prior to aggregation to account for such issues is common in multimetric
approaches (Buffagni et al., 2006).
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7.5.3. The traditional HSCs approach and the fuzzy alternative

Another critical issue that was, and should be, taken into account when relating the V, D, S and
T values of a hydroecological dataset with the habitat suitability (either abundance- or metrics-
based) is the interaction between the habitat variables to define suitable or not suitable
microhabitats based on BMs. Previous literature (Nykanen et al., 2001; Rydgren et al., 2003;
Hirzel and Le Lay, 2008) suggests that ‘habitat selection by benthic macroinvertebrates is a
multivariate process where location (microhabitat) is selected based on several interacting
variables’. BM taxa select the values of the habitat-defining predictors simultaneously. If V is
suitable but D is not, then the specific microhabitat (interaction of V and D) is not suitable (the
taxon will almost certainly avoid being there) and consequently, its K will be low, despite the
high suitability of V. If we simultaneously include the variables of S and T, then the interaction
between the abiotic predictors seems the primary factor for selecting a model to ensure
reliable predictions.

Within this perspective, regression-based univariate modelling methods (HSCs or
univariate Generalized Linear Models, GLMs), which assess the influence of each predictor on
Kindependently, resulting in a single best-fit curve, were not considered likely to yield accurate
predictions. In addition, the assumption of GLMs for linear combination of the abiotic
predictors further restricts the applicability of the particular method in hydroecological studies
(Ahmadi-Nedushan et al., 2006; Yi et al.,, 2017). Machine-learning methods can, at least
partially, handle the complex interactive relationships between the predictor variables, since
they address non-linearity and explore non-intuitive hydroecological relationships (Olden et al.,
2008). As suggested by the performance comparison of the habitat modelling algorithms
(chapter 4), FL algorithms are considered advantageous; the inherent design of these
algorithms -the IF-THEN-rules based concept- enables them to handle complex interactions
between the predictor variables, given that a sufficient set of rules is provided. The advantages
of fuzzy-rule-based models, which take into account the inherent uncertainty of ecological
variables and handle non-linear interactions, have been previously well documented (Jorde et
al.,, 2001; Mouton et al.,, 2011; Mufioz-Mas et al., 2012). For the hydroecological dataset
collected in this study, the differences between the univariate and multivariate graphical
representation of K against V, D, S and T are shown in Fig. 7.1 and 7.2, respectively.
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Fig. 7.1. Two-dimensional scatter plots between the abiotic predictors and the habitat
suitability (K). V: flow velocity, D: water depth, T: temperature, S: substrate type, k: observed
habitat suitability.
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Fig. 7.2. Multivariate, three-dimensional scatter plot between V, D, S and K. V: flow velocity,
D: water depth, S: substrate type, K: observed habitat suitability.
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7.5.4. The OFS multimetric environmental flow index - is it necessary?

The habitat suitability (K multimetric index) developed in this thesis describes the suitability of
a microhabitat based on the status of the macroinvertebrate community. This index was the
basis for the HHM-based environmental flow assessment case studies in the two selected
reaches in Greece. However, for the final selection of the environmental flow, this index was
combined with specific non-BM-related metrics to facilitate its use from the microhabitat- to
the reach-scale. Thus, the Kindex refers to the microhabitat’s suitability whereas the OFS index
refers to the selection of the discharge, which is the most suitable for the BM community of
the whole study reach. The rationale for using each metric of the OFS index was the following:

1. Discharges with high average microhabitat suitability would be potential
environmental flow candidates; thus, the K-based, nOSI index was included.

2. Discharges for which the prediction was based on the actual data should be favored as
environmental flows against those with increased uncertainty (due to the absence of
specific microhabitats from the reference dataset); that is why the COP index was
calculated. Ideal datasets would yield a COP of 1. In contrast, if no microhabitat was
found in the reference dataset, and consequently, in the fuzzy-rules database, this
would result in COP = 0.

3. The more water in the river, the more microhabitats will be available for the BM
community; thus, the w index was included.

4. Let’s assume that in two different discharges, 60% microhabitats (computational
nodes) had good suitability. The discharge with the highest percent of good-K
neighboring nodes should be preferred; this was reflected in the C index, the ratio of
connected -neighboring- good-K nodes to the total number of good-K nodes.

5. Similarly, the discharge with the highest percent of good-K connected nodes to the
total number of nodes (wetted and dry) in the study reach, reflecting habitat
availability, should be favored; this is reflected in the A index.

Consequently, the discharge with the highest aforementioned values, combined within
the OFS index should be selected as the environmental flow of the study reach. As previous
studies are mostly fish-based, they use the Weighted Usable Area (WUA - Bovee, 1986) to
incorporate the microhabitat suitability in developing reach-scale environmental flow
scenarios. But as benthic macroinvertebrates are less mobile than fish, a WUA approach would
not be of much meaning. That is why the OFS index was developed; in a similar to the WUA
concept, the BM-focused OFS index incorporates metrics which are most important for the BM
community.

7.5.5. Spatial and temporal variation in the habitat preferences of benthic macroinvertebrates
Spatiotemporal variation has long been a subject of discussion in physical habitat modelling
(Glozier et al., 1997; Gore at al., 2001; Vismara et al., 2001; Lamouroux et al., 2013; Everaert et
al., 2014; Shearer et al., 2015; Booker, 2016). Research suggests that aguatic organisms often
shift their habitat preferences among seasons and may have different requirements in different
geographical locations. This has been repeatedly confirmed for fish, as there is a complete
agreement between studies on different species and from different regions [Glozier et al.,
1997; Maki-Petéys et al., 1997; Mérigoux and Dolédec, 2004; Studdert and Johnson, 2015), and
thus, in fish-based studies, site- and season-specific habitat suitability criteria have been
preferred over generic ones (Heggenes and Saltveit, 1990; Greenberg et al., 1996). In contrast,
the fewer available studies BM-based studies reach contrasting conclusions; although most
studies suggest increased performance of habitat models when local and season-specific
criteria are applied (Mérigoux and Dolédec, 2004; Everaert et al., 2014; Shearer et al., 2015;
Kelly et al., 2015), others conclude that the observed differences are not significant enough to
inhibit the application of generic habitat suitability criteria (Jowett et al., 1991; Gore et al.,
2001; Lamouroux et al., 2013).
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As our reference dataset spans three seasons and three river types, it was expected
(and partially evident in Fig. 4.2-4.6) to have increased spatiotemporal variation, which should
be incorporated in the K index to provide robust results. This could be applied only within the
K-normalization process. From the various normalization options available -dividing the
observed K by the maximum observed value (i) in the dataset, (ii) in the season, (iii) in the river
type, (iv) in the site and (v) within the metric- we excluded the first three options considering
that (i) normalizing a spatially variable dataset, that includes multiple river types, only by
season, does not take into account the geographical-typological variation and (ii) normalizing a
temporally variable dataset, that includes multiple seasons, only by type, does not take into
account the seasonal variation. The per-site and per-metric options however account for the
spatiotemporal variation, as the observed K at each sample is compared with the maximum K
at the site (per-site K normalization) or in more detail, each observed metric is compared with
the maximum value of this metric at each site (per-metric K normalization). While both options
seemed acceptable, we selected the per-metric normalization to develop the K and OFS
indexes.

7.6. Application of the developed HHM-based EFA methodology in two test river-reaches

The developed methodology was successfully implemented in two river reaches in Greece
(Parapeiros River, Western Greece; Oinoi Stream, Attica). The most valuable outcome of these
applications has been the development of habitat suitability maps in various simulated
discharges; with these maps as a basis, scientists, water managers and the local community can
‘speak a common language’ and negotiate on what each stakeholder considers acceptable. As
it has been previously highlighted, environmental flow assessments are required to build the
scientific evidence for the selection of ecologically acceptable flow regimes (Dyson, 2003;
Acreman and Dunbar, 2004). The actual environmental flow, which will be finally delivered is a
negotiated consensus on flow allocation for all stakeholders (Dore et al., 2010), a trade-off
value between ecologically and socially acceptable and technically feasible discharges (Stamou
et al., 2018). The results from both river reaches showed that the ecologically acceptable
environmental flow can be flexible enough (ranging from 0.6 m3/s to 2 m3/s for the Parapeiros
reach and from 0.17 m3/s to 1.5 m3/s for the Oinoi reach) to provide a variety of ecologically
acceptable options to negotiate upon.

7.7. Future challenges - From here to where?

In this thesis, a robust BM-focused HHM-based environmental flow assessment methodology
was developed. What was not feasible before 2015, is now an option and was twice piloted in
two river reaches in Greece; benthic-invertebrate-community indicators can now be integrated
with the output of hydrodynamic models to develop environmental flow recommendations
downstream of hydrologically altered river reaches. But despite the progress made, there are
yet specific challenges that need to be addressed towards the development of accurate model-
based EFAs:

1. Field validation of the habitat module of HHMs; in this thesis, the hydrodynamic
predictions of V and D in various discharges were field-validated with independent
observations. V and D values were recorded in two or three different discharges and
the hydrodynamic-model’s predictive accuracy was assessed based on the divergence
between observed and predicted V and D values. In contrast, the habitat module was
cross-validated, not field-validated; field-validation of a habitat module requires
additional sampling of BM microhabitats in the river reaches of interest in various
discharges, additional analysis of BM samples and thus additional time, effort and
costs. Thus, a cross-validation process is often followed instead of the field validation.
In addition, there is a major issue when attempting to field-validate a habitat model:
Environmental flow assessments are applied in hydrologically altered river reaches,
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which in addition, are often degraded by point or non-point sources of pollution. A field
validation of a habitat model in such polluted reaches would be scientifically
meaningless because the aquatic communities would be degraded due to pollution,
even if an environmental flow had been delivered. Ideally, field validation should be
applied in a hydrologically altered, unpolluted site, where the environmental flow
would be delivered as predicted by the habitat model and a field sampling would be
afterwards applied to evaluate the habitat suitability in a given number of
microhabitats and assess the divergence of the observed suitability values from the
predicted ones. Applying this process in polluted sites is wrong; the observed values
would be much different from the predicted ones due to the pollution, which is not
accounted in the habitat models.

Spatiotemporal variation in the BM habitat preferences; spatially and temporally
variable hydroecological datasets are often aggregated to increase sample size and
enable statistical analysis of the hydroecological results. In this study, we aggregated
data from three seasons and two rivers types (nine sites), using a normalization
process, which partially accounted for the error that would occur due to the
spatiotemporal aggregation of the dataset. However, further research is required to
fine-tune the normalization process or compare various alternatives towards
minimizing the error from spatiotemporal pooling of data.

Collection of reference datasets; model-based, data-driven assessments cannot be
applied without the presence of robust hydroecological datasets. Despite the
increasing use of hydrodynamic habitat models in environmental flow assessments,
reference datasets, from sites of no or very minor anthropogenic influence are
currently scarce worldwide due to the costs and time required for them to be collected.
However, such datasets are valuable to provide a reference, not only for environmental
flow assessments but for future comparisons, assessing changes in aquatic community
composition due to climate change in the long-term.
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Extended abstract in Greek | MepiAnyn ota EAANVIKA

H xprion twv udpodUVAULKWY HOVTEAWY KATOAANAOTNTAC EVOLALTAUATOC VLA TNV EKTIUNGCN TNG
OLKOAOYIKAG TtapoXNC Katdvin avBpwmoysvwy mapepBacswyv Bewpeital n mo ‘aodpaing
ETUAOYN O€ TEPUTTWOEL Omou amatte(tal ulnAn akpifela mpoPAedPnc, wote ol oXeTIKOL
SlaxelploTég Kal evdladepdpevol va €xouv pla Loxupr Baon v dtampayudteuon Katd tn
dlablkacia katavoung Twv adewwv xprong vepol. Mapd Tn yevikotepn amodoxn g
QTMOTEAECUATIKOTNTAG TWV OXETIKWY HEBOSWVY amd TNV EMIOTNUOVIKA KOWVOTNTA, N TPAKTLKN
ToUC edappoyn Kal xpron eival TEPLOPLOUEVN O CUYKPLON UE TIC QVTIOTOLXEC UOPOAOYIKEC
pnebodouc. EmumAEov, oL TEPLOCOTEPEG €WG TWPA €peuveg eotialouv ota Papla, evw
pLeBodoloylec, povTEAA Kal AOYLOULKA TIOU XPNOLUOTIOL0UY GAAOUG 0pyaviopoUG-SelkTeg Tou
USATWVOU OLKO-CUCTAUATOG Oev UTIAPXOUV. EVTOC HAG OALOTIKAG OUWG TPOCEYYLONG TNG
Slaxelplong Twv Blodoykwy kal uSATIVWY TIOPWY, Ol TIPOTIUACELS EVOLALTAATOC OAWY TWV
opyaviopwyv Ba mpémel va Aapupavovtal urmodn Katd tnv UAoTolnon PEAETWY €KTIUNONG TNG
OLKOAOYLKAG TTAPOXNG. 2TN OUYKEKPLUEVN €peuva, avarmtuxBnke peBodoAoyia extipnong tng
OLKOAOYLKAG TIAPOXNG LE TN Xpnon udPOoSUVAULKWY UOVIEAWY KATAAANAOTNTAC EVSLALTAUATOC
BevBikwv pakpoaomovSUAWY (BM) wg Blohoyikwy Selktwy. JUAAEXBNKaV LUSPO-OLKOAOYLKA
Sedopéva avadopdg amod evveéa N pUTIACUEVEG BEoelg SelypatoAniag o TpeLg EMOYEG OTNV
EMGSa. Baoel avtwy twv dedouévwy, avallBnkav Kal TOCOTIKOTOLBNKAY oL TPOTLUAOELG
evélattiuartoc Twv BM. AvantuxBnke oxetikog Selktng kataAAnAotntag evdilattruatog BM (K)
0 OToloC EVOWHATWVEL TECOEPELC BAOLKEG LETPLKEC-OEIKTEG TNG KATAOTAONGS TNG KOWOTNTAG
Twv BM kal o omoioc cupmnepleAfdOn o€ oxetikd delktn BEATLOTNG OKOAOYLKNC Ttapoxn¢ (OFS).
Xpnowlonouwvtag Toug avwtépw Oeikteg ektiunBnke n akpifela mpoBAedne Staddpwv
oAyopiBuwv-uebddwy mpocopoiwong evdlaltnuatog kot emAéXBnke w¢ KataAnAdTepn N
HéBodog g Mmeidlavng MiBavoloyiknc AvdAuong Acadoulg Aoyikng (FRB). AvamtuxBnke
OXETIKO Aoylopiko (HABFUZZ) To omoio uhomotel Tov oxetikd FRB aAyoplBuo kal xpnoLlomnoLn-
Bnke dlobldotato udpoduvautkd povtéo (TELEMAC 2D) Baoel tou omolou mpocouolwBnkav
n Taxutnta pong (V) kat to Babog (D) os molkiha oevapla mapoxnc o€ SU0 TEPLOXEC UEAETNG
otnv EAAGSa. Ta amoteAéopata £6el€av OTL Ta BM amokpivovtal otic USPOAOYIKEG LETOBOAEG-
oAoLlwoelg. H katavoun, adBovia Kal ToKIAGTNTA TNE Blokovwviag Twy BM mpLy Kat LETA armo
i duoikr, Uetplou peyéBoug udpoloyikng OSlatapaxn (LETPLAg €viaong TANUUUpQ)
TIaPoUC(OoaV OTATIOTIKA ONUOVTIKEG SladOopES, KAl N OXETKN Slatapayn ‘e€fynoe’ to 42.9%
™G BloAoyikng anokplonc-Stakupavong. Ot mPoTIoelg evilaltuatog Twv BM akoAouBoulv
™V Kavovikn (Fkaouolavr) KoTavour UE OUYKEKPLUEVES BEATLOTEC TIUEG KATOAANAOTNTAG YL
KaBe uSpoAoyLkn-USPAUALKH TTapAUEeTpo: V, D, TUTTO UTTOOTPWHATOC (S) Kat Bepuokpacia vepou
(T). NapatnpnBnke 6Tl Sev elvat 6AoL ol aAyoplBpol KATAAANAOL yla TNV Mpocouoliwon Twy
TipoTlpnoewy evllattiuatog tTwv BM. H akpifela mpopAedng twv Sododpwyv pebBodwv
OUOYETLONG, UNXAVLKNG EKUABNONG Katl acadoug AoYIKAG KUUAVONKe amo 49.74% ewc 67.92%,
kat o FRB aAyoplBuoc mapouciaoe akpifela 61.2%. Baoel autol Tou ahyoplBuou xaptoypadn-
Bnke n KaTaAANAOTNTA eVSLALTAUOTOC 0 SU0 TEPLOXES LEAETNG. OL OLKOCUOTN KNG TIPOCEYYL-
ONC OLKOAOYIKEG TIOPOXEC TIOU eKTIUABONKAV Pe TN Xpron UOPOSUVALIKWY UOVIEAWY eVOLALTA-
Hatog Atav VPNAGTEPESG AUTWY TIOU EKTIUABNKAV Pe T xpron udpoloyikwy PeBodwv. Q¢ ek
touTou, n 81aBeon olkohoylkwy Tapoxwv Ba mpémel va avabewpnBel mpog Ta Avw WoTE va
SlaodaAloTel N HAKPOXPOVLA AELTOUPYLKOTNTA-OKEPALOTNTA TWV USPOPLWY KOWOTHTWY. EKTOC
amnod tn oxeTkn uebodoloyia, n cuykekpluevn UeAETN €6elée OTL (a) TePIMAOKEC, OTOXAOTIKOU
TUTIOU UOPO-OLKOAOYIKEC OXECELG UTTOPOUV VA TIEPLYPAdOUV KAl VA TIPOCOUOLWO0UV e OXETIKA
aoddAela pe TN xpHon aAyoplBuwv acadouc Aoyikng kat (B) n xpnon TMOAUTAPAUETPLKWY
SelkTWV MapéExel alomLoTia KaTd TNV eKT{UNon TS KATAOTAONG-KATAAANASGTNTAC TWV USPOB LWV
KOLWVOTATWY o€ Tolk{Aa oevapLa mapoxnG. MeANOVTIKEG EpeuveC Ba IPETEL VAL ECTLACOUY (Q) OTN
ouMoyr oXeTkwY udpoolkoloylkwy dedouevwy avadopdg, (B) otn avaivon-Slaxeipon g
Stakupavong oelpwy SeSouévwy amod SLadOPETIKES ETIOXES Kal yewypadlkég BEoelg kal (y)
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otnv enaAnBevon twv MpoPAEPewv pe xpnon avetaptntwyv Sedopévwyv mediou, wote va
Slaodolilotel akoun peyaAutepn akplBela mpoPAedne katd tn Stadikaocia ektiunong kat
TIPOCOMOLWONG TNG OLKOAOYLKAC TTAPOXH G KATAVTN AVBPpWITOYEVWY TAPEURATEWY.

Kedalato 1 | Eloaywyn

H ouykekpluévn €peuva anoteAel cuvdLAGO §U0 SLADOPETIKWY ETLOTNOVIKWY KAASWY, TNG
MNeptBarovtikng Mnxavikic-YopauAkng-Yodpoduvapikng kat tTng BioAoyiag-Owoloyiag, umd
TV Kown ovopaocia YSépo-otkohoyia (Hydroecology) 11 Owko-udpaulikry (Ecohydraulics). H
Y&poduvapikn elval o kKAadog tTng Mnxavikng Twv Peuotwy mou €xel w¢ aVTIKE(pEVO €peuvag
™V neplypadn ¢ kivnong Twv acupmieotwy vypwv. H Owkohoyia eival o KAadog Twv duoikwy
ETUOTN WY TIOU HEAETA TNV KATAVOUN Kol S1adoaon Twv MANBUGUWY TwV {WVTAVWY 0PYAVLIOLWY,
KaBw¢ KoL TOU TPOTOU WE TOoV omtolo ol IOLOTNTEG QUTEC emnpealovial amo tnv aAAnAemidpaon
TWV OPYOAVIOHWY HETAED TOUG KAl UE TO aBLOTIKO TouC epLBAANOV.

1.1. YSpobuvauikn: Madnpatikr pocopoiwon udpoSuvaukng cuumepidopds

H klvnon Twv acupmieoTwy vypwy, exeLeplypadel anod to 1822 ue Wblaitepn akpifela
anod Tig e€lowoelc Twv Claude-Louis Navier (FTaAAla), kol George Gabriel Stokes (AyyAia) ot
omolec ovopdotnkav kol eflowaoelg Navier-Stokes. Kol evw péxpl kal Tig apxéc tou 1900 ot
HUNxXavikol €moTAPOVES amAomolovoay TLG TOAUTIAOKEG Mepikég Aladopikég Eflowoelg oe
aAyeBplkéC woTe va pmopouv eUkoAa va ‘AuBouv e to xépl, n paydala avénon tng TaxuTnTaAg
KOl TNG AmoBNKEUTIKAG LKAVOTNTAS TWV NAEKTPOVIKWY UTTOAOYLOTWY WETA To 1950 08rynoe otn
Snuiloupyia UTTOAOYLOTIKWY UOVTEAWV-AOYLIOULIKWY Ta omola eMAUOUV TIG apXLKEC SLadOpLKEC
eflowoelg wote va meplypdouy, va mpoAEPouV KAl Vo TIPOCOUOLWOOUV TEALKA TNV Kivnon
TWV LYPWV. Ta Aoylopikd autd ovopdlovtal MAEov LOPOSUVAULKA HoVTEAD (A Kal USPAUAKA
LOVTEAQ).

Fa Toug olkoAdyoug amo TNV dAAn, oAa dpxloav To 1910 otav o Roswell Hill Johnson
TIPWTOC XpNaolpomnoinoe Tov 0po ‘Bwkod yla va mpoTelvel OTL Ta SladopeTika £idn kataAaupa-
vouv SLadopeTIkoU g xwpoug otn ¢puaon (Johnson, 1910).'EKTOTE, apKETOL OLKOAOYOL EPYACTNKAV
oTNV KateuBuvon TNG MOCOTIKOTIONoNG TWV BwKwv yla Kabe eldoc-opyaviouo. H évvola tou
OLKOAOYLIKOU Bwkou €6WoE 0TN CUVEXELD apXn Yl XPHoN TNG TIEPLOCOTEPO EUPUTEPNG EVVOLOG
Tou ‘evllalTApatog’, AToL TN ducikr B€an Omou évag opyaviopog, e(60¢ 1 MANBUoUOC emAEYEL
yla va {Aoel kat va avanapaxBel. Me t cuvexr alénon tng xwpnTkOTNTAG KAl TNG UTIOAOYL-
OTLKAC LKAVOTNTAG TWV CUYXPOVWY UTIOAOYLOTWY, dpxloayv va epdavilovtal Kol OXETIKA AOYLOpL-
K& Ta omtola (PO BAETOUV KAL TIPOCOUOLWYOUV TLG TIPOTLAOELG EVSLALTUOTOC TWV OPYOVICUWY,
0€ OXE0N L€ OUYKEKPLUEVEC OPLOTIKEC TIAPAUETPOUC. Ta LOVTEAD QUTA OVOUAOTNKAY LOVIEAQ
KatoAANAGTNTAC eVOLALTAATOC KAl o OTL adopd oTa uSpoPLa OLKOCUOTAUOTA, Ol ABLOTIKES
TIAPALETPOL TTOU ouVABWC eMAéyovTal elval n TaxuTNTA Pong, To BAB0C KAl To UTIOCTPW A (Kal
o€ UIkpoOTEPO PBabuod n Bepuokpacia tou vepou) (Bovee and Milhous, 1978; Bradley et al,,
2012).

MNapd tnv apxkd SLadopeTIKr MPOEAEVON KAl TTOpEla TwY avwTEPW KAGdwV Tng Yopo-
duvapikng kat tng Owoloylag, to 1978 dpyxloav Ol TPWIEG KOLWEC TPOOTIABELEC yla TN
dnuioupyia ‘VOPOSUVAULIKWY POVTEAWY KaTAAANAOTNTAG evlattApaToc’, Aoylopikwy dnAadn
miou Ba cuvdudalouv ta SLadopeTKA LOVTEAA (USPOSLVALLLKA KOl EVOLALTAUATOC) O £Val KOLVO
TPOLoV, el0IKA PTIAYUEVO yLa TNV TIPOPRAePN TNG KATAANASTNTAS EVOLALTALATOG G TTOTAUOUG
oe SladopETIKA OEVAPLO TTAPOXWY, WOTE va Yyivel emloyn Tou KataAAnAdtepou cevapiou
(autoU pe TNV uPNAGTEPN KaTaAANAOTNTA). Kal TEAKA avarmtuxBnke n évvola TG OLKOAOYLKNG
Tapoxnge, TNG BEATIoTNC SnAadn mapoxng n omoia, Bacllouevn ota avwtépw Ba StaodaAilel
Blwotun dtatipnon Twv UdPOPLWY OLKOCUCTNUATWV.

Ta ubpodUVAULKA HOVTEAQ KATOAANAOTNTAC €VOLOLTAMATOG armoteAouvtal amno Vo
UTTIOLLOVTEAQ, TO USPOSUVALKO UTIOUOVTEAOD KaL TO UTIOHOVTEAD evdlattuatod. To udpoduva-
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LLKO UTIOMOVTEAD Xpelaletal kamolou eidoug amotumwaon ¢ Tomoypadiag UG mepLoxns, N
omola amoteAel Tn Bdon yla TN dSnulovpyia evog UTIOAOYLOTIKOU TIAEYUOTOG, €Ml Tou omolou
eTAVOVTAL Ol €ELOWOELG Kivnong Tou vepoU. H tomoypadlkr amotunwaon Umopel va yivel pe
SUo tpomouc. O MpwTog elvatl pe tn xprnon dlatouwy KABETWY oTNV Kivnan Tou vepou Omou To
BaBoc tou vepou, n oTABUN, N KECN TaXUTNTA KAl TO UTIOCTPpWHUA Kataypadovtal ava Slactn-
pata ano tn pia 6x6n tou motapou £wg tnv AAN. MeyaAltepog aplBuog Statouwy odnyel kal
0€ aVaAUTIKOTEPN TepLypadr) NG tomoypadiag tng meploxng. O deUTEPOG TPOTOG Elval LE TN
XPNOoN YEWYPADLKWY CUVTETAYUEVWY (UAKOG, TAAGTOS, LYOUETPO). AutoUu Tou &idoug ol
OUVTETAYHUEVEC UMOPOUV Va KataypadoUV LE TN xprnon cuokeuwy Tou dlabétouv GPS ulinAng
akpiBelag (amokAlong HeEPIKWY eKOTOOTWY), 0nws RTK-GPS 1) drones. Ta povtéla Ta omola
XPNOLUOTIOLOUY TOV PWTO TPOTIO TOToYPAdIKAS anmoTunwong ovopdlovtal povodidotata (1D)
oe avtdlaotoAry pe ta Sodldotata (2D) ta omola xpnolpomolouv Tov SeUTEPO TPOTO
anotuTwong tn¢ tomoypadiac.

2ta 1D povtéla yla tnv mepimtwon pn foviung pong (unsteady flow) emlvetal n
amAonolnpévn popdr (Reynold’s averaged) Twv e€lowoswv Navier-Stokes kal umtoAoyiletal n
HEON TLUA TNG OTABUNC KOl N LESN TLUA, €Mt Tou Afova X, TNG TaVUTNTAC PONC yla KaBe Slatoun.
Ta torukd Badn evtog tng kabe Statopng urtoAoyilovial adalpwvtag To TOTIKO UPOUETPO Ao
™ Héon otabun ywa tv Kabe Slatopn, €vw oL TOTUKEC TaxUTNTEG pong umoloyilovtal
XPNOLUOTIOLWVTAC TA TOTILKA BABN Kol eTAUOVTOC AmAEC €LOWOELG OpLoLOUOPdNC ponC (Bovee,
1982; Benjankar, 2014). Ma tnv mepinmtwaon Hoviung pong (steady flow) ta poviéda emAbouy
NV e€lowaon cuveEXeLag kal pia e€lowaon yla tov Seiktn Manning woTe va UTIOAOY(OOUV TO UETPO
TNC KATA X KateuBuvong TNG TaxUTNTAG PONC KAl TN oTABUN Tou vepoU. ZuvhBn xpnoLUomoLloU-
peva 1D udpavAika povteda ival ta PHABSIM (Milhous et al., 1989; Waddle, 2001), CASIMIR
(Schneider et al., 2001), HEC RAS (USACE, 2016) kat MIKE11 (DHI, 2017).

Y1a 2D HovTEAQ, Snuiloupyeital éva AEMTOUEPEC UTIOAOYLOTIKO TIAEYUOL ATTOTEAOUEVO
amnod kOpPBoug kat otolxela kat og kaBe kOUBo uoAoy{leTal () To PETPO TNG KATA X KATEVBUV-
ong tou SLavUoAToC TNG TaxuTtnNTag pong, (B) To péETpo TnG KaTd y taxuTnTag Kal (y) To BaBog
ToU vepoU. OL uTtohoyl{OpEVEG TaXUTNTEG AMOTEAOUV UECEC WG TPOC To PaBog TayutnTeg (Kal
autn elval kat n dtadopd twy 2D pe ta 3D poviéla ta omola umtoAoyilouv TNV TaxUTNTA Kal
KaTAd Tov z afova, avixveuovTog £ToL Kal TG w¢ Tpog To BAaBoc petafolréc tng). OL e€lowoelg
mou emAvovTal amnod ta 2D povtéAa mpoépyovtal amno TG e¢lowoelg Navier-Stokes, ovoualovtal
eflowoelg pnywv vepwv (shallow water equations) 1 eflowoelg St. Venant kal avamntuxbnkav
to 1871 and tov Adhémar Jean Claude Barré de Saint-Venant. lNa tnv entAuor toug ta 2D
povtéha akohouBouUv pla Stadikaoia mou ovopdletatl Stakpitonoinon. H dnuloupyia tou
UTTOAOYLOTIKOU TIAEYHATOC €lval ouolaotikd n Slakpltomolnuévn PBacn emni tng omolag
EMAVOVTAL Ol aVWTEPW €ElOWOEL eMmAéyovtag pia amd Tpelg pebodoucg (o) MéEBodog
Menepacpévwy Atadopwy, (B) MéBodog Memepacuévwy 2tolxelwy kat (Y) MéBobog Memepa-
OUEVWV ‘OYKWV.

1.2. Npocopoiwon (karaAAnAdtnTag) eVSLALTHHATOG

Ta amoteAéopata Tou LEPOSUVAHLIKOU UTIOOVTEAOU (£€080¢) amoteAoUv TeEAKA elcodo yla Ta

HOVTEAQ Tipocopolwong KATAAANAGTNTOC evALALTAMATOS. Ta TEAEUTALO TTOCOTIKOTIOOUV TLG

OXEOELG PUETALL ETUAEYUEVWY APBLOTIKWY TIapapeéTpwy (V, D, S, T) KAl TNG KATAVOUNG TwV USPO-

Blwv opyaviopwy (BLloTikég mapduetpol). Auth n Stadikacia mpolmoBETEL TA MOPAKATW:

1. 'Eva oet dedopévwy ‘avadopds’, dnhadr éva oclvolo bSebopévwy, cuAexBEVIwWY amod
kaBapéc (un pumacuéveg) B€oelc mou Ba cuoxetilouv TG ABLOTIKEG TAPAUETPOUG
eVOLALTAUATOC LLE TIC BLOTIKEC.

2. Mia péBobdo ektipunong NG KAtaAANAOTNTOC eVOLALTAUATOC BACEL TNC KATAVOUAG TwV
opyaviopwy. MNa ta Pdapla, ocuvAbBwe Ta mo apbova evdlalthuata elval Kol Ta TO
katdAAnAa (Li et al., 2009; Mufioz-Mas et al., 2016). Mo ta BevOikd pakpoacmovoula n
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avaiuon eival Aiyo Stadopetikry (Waddle and Holmquist, 2011; Theodoropoulos et al,,
2018) (BAEme ked. 3).

3. '‘Evav oAyoplBuo o omoiog Ba evromioel cuoyetioslg kat teAkd Ba mpofAEPel TNV
KatoAANASTNTA o€ véa evdlalTApato BACEL TOU cUVSUAGCHOU TWV ABLOTIKWY TTAPALETOWY
o€ QUTA. 2uVABWC, UE TOV PO ‘LOVTEND EVSLALTAUATOC TEPLYPAPETAL AUTO TO TP(TO 0TASL0
otnv OAn Swadilkacia. To MPWTO HOVIEAO €vOLALTAUATOG avartuxBnke amo tov Bovee
(1986) ywa ta Yapla. Extote, ol dladopeg peEBodol-aAyoplBuol eEelixBnkav Kol TAEoV
nepthapavouv pebBodoug (a) MOAUTTAPAYOVTIKAG OTATIOTIKAG avaAuong, (B) UnxawvikAg
eKpABnonc kat (y) pebddoug ekpabnong acadolc AoyLKNG.

'‘OAec oL péBodol TEAKA, aveEdptnTa amod TIG ECWTEPLKEC TOUC SLOOIKACIEC, KATAANYOUV Of

Kamowou &eldouc oUoYETION TNG KATOAANAOTNTAG TOUu eVSLALTAUATOG Yo KABe afLloTikA

HETOPBANTA Kal BACEL QUTWY TWV CUOXETIoEWVY yivovtal ol poBAEPELg o vEa evdlalTApaTa

Ayvwotng KataAAnAotntag. H cuvbuaotikh xpron Twv LOPOSUVAULIKWY HOVTEAWV KOl TWV

HOVTEAWY KATAANASTNTAG €VOLALTAUATOC TTPOOhEPEL TEAKA TN SuvaTOTNTO TPOCOLOLWONG

TNC TaxuTNTag Pong kat BdBouc oe kaBe kOUPo Tou UTIoOAOYLOTIKOU TIAEéyaTog oe Slddopa

oevapla mapoxwyv (USPOSUVAULKO UTIOUOVTEND) Kal TNV eKTiHNoN TG KATAAANASGTNTAC O€ KABE

KOUBO aAAG KAl TNG CUVOALKN G KATAAANAOTNTAC TNG TTEPLOXNAC YLla KaBe oevdplo mapoxng Baoel

TWV TIHWV Twv V Kat D (unopovtélo evdlaltipatog). Npoodépetal £€TotL n duvatdtnTa EMAOYAS

™¢ BEATLOTNG TapoXNC WG N olkoAoylkn Tapoxn mou Ba mpémnel va dlatnpeltal wote va

Sdlatnpeltal n vyeia twv LOPORLWY BLOKOLWVOTATWY KATAVIN avBpwrnoyevwy mapeuBAacewy.

1.3. BevOik& pakpoacmovéula
Ta BevOika pakpoaomovOuda amoteAolv opyaviopolg ou StaBolv otov BuBo Twv MOTAUWY
Kal meptAapuBavouv TpovUUdEG EVTOUWY TIOU TIEPVOUV €va oTadlo tng {wng toug ubpofia,
evAAKA uOpORLa Evtoua, OKWANKES, BOEANEC Kal caAlykapla K.a. ESw Kal apKeETEC SeKAETIEC,
Ta BM Bewpouvtal aflomniototl Seikteg Tng moldTnTag Twv emipavelakwy vdatwy (Rosenberg
and Resh, 1993). >tnv Eupwrn xpnolpomnotovvtat amod to 2000 ota mAaiowa tg Odnylag yla Ta
Nepd 2000/60/EE (OMY - European Union Council, 2000) padi pe tnv ybuonavida, ta udpdpLa
HaKkpOdUTA KoL Ta SLATOMA. YTIAPXOUV TIAEOV OPKETEC EPEVVEG TTOU SelyvouV OTLTO PEyeBOC TNG
avBpwroyevoug emnibpaong oe €vov TOTOUO CUOYXETI(ETAL ONUAVIIKA UE OUYKEKPLUEVEC
LETPIKEG-OelKTEC BeVOIKWY HOKpOAOTIOVOUAWY, OL OTtoleg avtavakAoUV TEAIKA TNV KATAOoTAoN
™M¢ Kowotntag twv BM (Stephenson and Morin, 2009; Theodoropoulos and lliopoulou-
Georgudaki, 2010; Kappes et al., 2011; Sundermann et al., 2013; Theodoropoulos et al., 2015a).
Ta BM katnyoplomolovvtal oe Slddopeg opddeg mowkilou emumédou opoLldTNTAC
(tééelg, okoyéveleg, yeévn, €ldn k.a.). MNa Toug OKOTOUG TNG OLKOAOYLKAC TtapakoAouBnong Twv
uvddtwyv Ta BM avaivovtal cuvnBwe wg to eminmedo g owkoyévelag. H xpron Twv BM wg
beikteg kataAAnAotntag ota udpoduvaulkd poviéda evdialthuotog Sev eival dlaitepa
Sladedopévn Kal oL OXETIKEC EPEUVEC €XOUV eTkevIpwBOel otnv Buomnavida (Milhous and
Waddle, 2012). Ta pakpoaomovSula opwe eival AlyoTepo KvnTIKA o oxéon Ue ta Papla, e
HeyoAUTePN evaloBnola oe amoOTOUES AUEOUELWOELS TOU OYKOU TOU VEPOU KOL UE HELWUEVN
lkavoTnta emolknong meploocotepo duopevwy evllattnuatwy (Gore, 1989). Emopévwg, ta
evdlauTApata mou eivat katdAAnAa yia ta Papla Sev elval kat avaykn Kat@AAnAa Kal yo ta
HakpoaomovOuAa. EmumAoy, Uikpng Taéng motapol twy onolwv n yBuonavida pmopet va eivat
Slaitepa meploplopévn A kat amovoa, rrotevouy mAovaota ravida BevBikwy poakpooomovdu-
Awv (Barbour et al.,, 1999). Q¢ ek ToUTOU, 0 CUVOUACUOC OAWV TWV KPikwv Tou ubpofLou
OLKOOUCTNUOTOC O OXETIKEG edapUOYEG USPOOUVAULKAC TPOoOoUOiwoNng KATAAANAGTNTAG
evélattipartoc elval éva anapaltnto PrAUA mPog TNV avamtuén allomotwy, OAOTIKWY oevapi-
WV OLKOAOYLKAG TTapoxNGC. ‘Onwg €xeL emonpaviel, ta BM amotelolv bavikoug SelkTeg yla tnv
avarntuén vdpo-okoAoykwy povtéAwv (Niu and Dudgeon, 2011) kat n Xprion TOUC O UEAETEC
EKTLLNONG OLKOAOYIKNAG Tapoxn G avéavetal cuvexwe (Waddle and Holmquist, 2013; Kominkova
et al., 2017; Theodoropoulos et al., 2018b, 2018c).
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Kedalato 2 | AmokpLon tTwv BevOIKwY LaKpoaoTiovOUAWY
0€ QUOLKEC Kall i UOPOAOYLKEC OLAKUMAVOELG KoL
AAAOLWOELC

H xprion twv BM og U6p0-0LKOAOYIKEG aVOAUCELG Elval OXETIKA TIEPLOPLOUEVN KAl N EWC TWPA
BBALoypadia peAeTA KUPlWG TNV AMOKPLOA TOUG 08 akpaia udpoAoylkd dalvoueva, OTwe ol
TANUUUpeC (Herbst and Cooper, 2010; Mesa, 2010; Mundahl and Hunt, 2011) kat oL énpaoieg
(Lake, 2011; Skoulikidis et al., 2011; Chessman, 2015) rtou odeilovtal eite o uokég ubpolo-
VIKEG Slakupavoels ota mAaiola tou LOpoAoyLkol KUKAOU R ALlYyOTEPO N KAl MEPLOCOTEPO OF
avBpwrmoyevh enidpaon. H ektipnon tng amokplong opws twv BM oe petpiou peyéboug
USPOAOYIKEG SlaTapaxeg elval AlyoTtepo UEAETNLEVN, AAAA TTOAU ONUAVTLKA YL TNV aVATTTUEN
OXETIKWY UEBOOWY EKTINONE TNG OLKOAOYLKAG TTAPOXNG.

2TO OUYKEKPLUEVO KEDAAALO TIEPLYPAdETAL Ui TTEPUTTWOLOKN WEAETN EKTILNONG TNG
amokplong Twv BM oe pia petplou peyeboug puaoikn udpoAoyikn Statapaxn (avénon mapoxng
Kata <50% amo tn péon dpuotodoyikn mapoxn). YOPoAoyLKES Kol USPAUALKEG TTAPAUETPOL KABWC
kal Sedopéva BevBikwy pakpoaomovOUAwY CUAAEXBNKav og TEooepelg B€oelg SelypatoAnyiag
TPV Kol HeTa tn Statapaxn kal diepeuvnbnkav ot mibaveg Stadopéc otn cuvBeon Kal
Katavoun twv Blokowothtwyv BM (adBovia, molkihotnta, aplBudg taxa). EmumAéov peAETH-
Bnkav ol USPO-OLKOAOYIKEC OXETELG LETAEL TN TAXUTNTOC PONC, Tou BABOUC KO TOU UTIOCTPW-
LOTOG KOl CUYKEKPLUEVWY UETPLKWY BeVBIKWY HaKpOAOTIOVOUAWY PE OTOXO TNV €UPECH TWV
BEATIOTWV TLUWV yLla KABE USPAUALKN TIOPALETPO.

2.1. Neploxn peA€tng kal pebodohoyia

Y&pohoyikd kal olkoAoyikd dedopéva oUANEXBNKAV O TECOEPELG N PUTTACUEVEG BEoeLg OeLy-
patoAniac. e kaBe Béan, emAéxBnkav 20 onpela evTog TOU MOTAOU OTou Kataypddnkay n
ToxUTNTA PONAG, To BABOC POAG KaL TO UMOOTPWHA, EVW TIApAAANAa cUAEXBNKav Kol BevBikd
pakpoaomovbuha, mplv (Alyouotog 2015) kat petd (OktwPplog 2015) tv ubpoloyikn
dlatapayn. ZUVOAKA CUMEXBnkav 142 OSeiypota-pikposvdlatthiuata. Ta delypata BM
avayvwplotnkayv péxpL To emimedo TNG OLKOYEVELAC Kal UTtoAoyloTnkav oxeTikol Selkteg TG
KaTdotaong tng kowotntag Twyv BM, Atol n oxetikn adpBovia Stapopwyv Tpodpikwy opadwy
(FFG), n adBovia twv BM, o aplBuoc twy taxa, n molkétnta (deiktng Shannon) kat o aptBuog
taxa Ednuepontepwy, MAekomtepwy kal Tpixomtepwy (EPT). Ta Selypata opadomnoiBnkay pe
™ Xpnon TN TeEXVIKACS TNG Mn-Metpkng MoAuvdiaotatng Opadomnoinong (NMDS - Bray-Curtis
distance measure). Ol TIHEG TWV HETPIKWYV Twv BM petaoynuotiotnkayv He TN XPNon tng
TETPAYWVIKAG pllag woTe va mapouaolalouv Kavovikn katavour. Ta dedopéva eAéyxbnkav ya
opoloyEvela SLacTIOPAc e Tn Xpnon Tou Levene’s test (Levene, 1960) kal xpnoLuomol)nkayv
t-test aveEaptnTwy SelyudTwy yla va eheyxBolv miBaveg Sladopég oTIc BlokovotnTeg Twv BM
TIPLV KAl LETA TN Slatapayr. EmutAgéoy, xpnolpomolntnke n texvikr Boosted Regression Trees
otn yAwooa R (Elith et al., 2008) wote va BpeBolv CUOYETIOELG LETOEU TWV ABLOTIKWY Kal
BLOTIKWY TIOPAUETPWY KAL VA EVTOTILOTOUV Ol BEATIOTEC TIHEC TWV BLOTIKWY HETPLKWY OvVA
USPOAOYIKN-USPAUALKT TIAPAUETPO.

2.2. AroteAéopara - Zulitnon

Ao ta 142 pikpoevdiattipata cuUAAEXBnKav cuvoAlkd 6905 atopa BM mou avikav oe 135
OLKOYEVELEC. H KaTavopr Twv Ukpoevolaltnpatwy otov Tplodlaotato xwpo tou NMDS €belée
oadr SlaXwpLoUoO PETALy Twv SelyUATWVY TPV Kal PETA T Slatapaxn, $avepwvovtag
BepeAdlwdelc Sladopég otn cluvBeon Twv BLOKOLWVOTATWY Toug. Katd péco 6po, n adpBovia Twv
BM umobekamAaoldotnke HETA TN Satapaxr, 0 aplBuog Twy taxa pelwdnke katd 2,5 dpopéeg, o
aplBuog twv EPT umodutAacldotnke Kol n molkihotnTa (Shannon) petwbnke katd 1,6 dopéc.
'OAec ol Sladopéc NTAvV OTATIOTIKA OnPAvIKEG (p<0.05). Inuavtikég Sladopeg emiong
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napatnpnBnkav otn oxetikr adBovia twv FFG. Ze o0tL adopd otoug SLadopeTKoUC TUTIOUG
UTIOOTPWHATOC, OAEG OL AVWTEPW UETPLKEC PELWBNKAY o€ GAoUG Toug TUTIoUC. Metd Tn Slata-
paxn, AEMTOKOKKA UTIOOTPWHATA (LLETPLAG KAL KPR SLAETPOU XaAlKLA KAl ApLUOG) Sev tapa-
mpenBnkav. EmumAéoy, mpv tn Statapayr uPnAotepn adBovia kataypddnke otV AUUO Kal O
HeyaAng Stapétpou xaAlkla evw petd tn Statapaxn n peyaiutepn adBovia kataypddnke o€
LEYAAEG TIETPEG Kal Bpdoug.

JUpdwva pe tnv BRT avaiuon, n ubpoloyikn dtatapaxn elxe Tn ueyaAltepn enidpaon
oTLG Blokowotnteg BM. ‘'OAEC OL LETPLKEG NTAV UELWUEVEC OTA AEMTOKOKKA UTIOOTPWUOTA, OF
TaXUTNTEG poNG UeyolUtepeg twv 0,7 m/s kal og BAON peyaAvtepa Twy 0,3 m. H apBovia ntav
HeyoAUTepn O BpAxouc, HeYAAEC TMETPEC Kal peydAa xaAikia kat oe Babn uéxpt 0,2 m. O
aplBuog Twy taxa ntav PEATIOTOC Ot Ppdxoug, UeEYAAEC TETPEG Kal PeyaAa xaAikia, oe
TaxUTNTeC petall mepinou 0,25 kat 0,65 m/s katl og BAON péxpt 0,2 m. O aplBudc Twyv EPT ATav
HLEYOAUTEPOC 0€ PpAxouc, LEYANEC TTETPEC KAl UEYAAQ XaAlKLO KAL O TAXUTNTEG PONG LETALY
0,25 m/s kat 0,6 m/s. Ot MOWKIAOTNTA ATAV UEYOAUTEPN OE PpAXOUG, LEYAAEG TTETPEG, LEYAAQ
Kal pkpd xaAlkia kat oe BaBn péxpt 0,2 m.

H adbovia twv BM, o aplBuog taxa, o aplBuoc twv EPT taxa kol n MOWKIAOTATA
HELWBNKav onuavtika katd 90%, 60%, 50% kol 25% avtioTolyw HETOED TwV OELYUATWY TPV
Kal LETA TN Slatapayr), AMOTEAECUATO TIOU ETTL TO TIAE(OTOV CUUPWVOUV KAl UE TIPONYOUUEVES
HeAetec. Melwon katd 90% kat 60% tng adboviag Twv HaKpoaoTiovSUAWY Kal Tou aplBuou
TwV taxa avriotolya, €xel mponyouuevwe avadepBel amd toug Argerich et al. (2004) wc¢
amoteAeopa pag e€apeTKA peyaAng mAnppUpac. O Mesa 1o 2010 mapatrpnoe emiong Lelwon
kata 70% otnv adpBovia Twv pHakpoacTovOUAwY, oAAA OXL OTATLOTIKA ONUAVTIKEC SladopEq
oTov aplOud Twv taxa Kal TNV TOWKIAOTNTA. TEtoleC SladopeC LW Tpogkupav amod Ta
QMOTEAEOUATA TNG TTAPOUOAC HEAETNC KAl UTtooTNpilovTal amod Ta anmoTeAéopUATa TwV Rosser
kal Pearson (1995) kaBwc¢ kol twv Jacobsen kat Encalada (1998). AvtiBeta, ot Melo et al. (2003)
€deléav povo 15% pelwon tg adBoviag Twv pokpoaomovdUAwy. Mapd tnv MokAla Twy
QMOTEAECOUATWY-TIOPATNPOEWY TIOU €V LEPEL odelAeTal 0TNV TIOWKIAIA TWV KALLOTOAOYLKWV
XOPOKTNPLOTIKWY KAOE TeEPLOXAG LEAETNC KL OTLS EhappoldopeveC LeBAOOUC, OL TEPLOCOTEPEC
LEAETEC KATOAYOUV OTO CUUMEPacua OTL N adBovia Twv BM, n molkiAdtnTa KAl cuxvd o
aplBuog Twy taxa kol 0 aplBuoc tTwy EPT taxa pelwvovtal AOYyw TwV TMANUUUPWY Kal TWV
akpaiwy Bpoxomtwoewy (Poff and Zimmerman, 2010). H cuyKeKPLUEVN TTIEPUTTWOLOKN LEAETN
€belte emumAéov OTL akOun Kal HETA omd UETPLag €viacng uOpoAoylkég Slatapaxeg ol
KOLWOTNTEG TwV BM ennpedlovtal onuavikd.

Mapd TNV OUVOALKA oLKOAOYLKA uToRABuLon, Ta amoteAéopata TNG HEAETNG, Of
oupdwvia pe PonyoUUEVEC OXETIKEC €peuveC (Lancaster kat Hildrew, 1993, Rempel et al.,
1999, Fuller et al., 2010), £6eL£av OTL CUYKEKPLUEVOL TUTIOL UTIOCTPWHATOG TTAPEXOLY KATAPUYLO
kata tn Stapkela udpoAoyikwy Slatapaxwy, tpoduldocovtag ta BM amo To va mapacupboulv
e€attiog tng évtovng pong. ATo Tn CUYKEKPLUEVN €PEUVA, AUTOL OL TUTIOL UTTOCTPWUOTOC ATAV
Kuplwg oykOALBol-Bpdxol Kal HPEYAAEG TETPEG, TOU dLAofévnoav To 73% TNG GUVOALKNG
adBoviag Twv BM kat unAotepo aplBuo taxa, o€ cUYKPLON LE TA AEMTOKOKKA UTIOOTPWUATA,
peta tn Slatapaxn. Onwe avadépbnke amo tov Borchardt (1993) kat umodelkvUeTal Kal aTnV
TPpEYOUOoA €peuva, To BM elte petakivouvTal evepyd 0€ auTa Ta kotaduyla, eite mpoota-
tevovtal Tuxala, euplokopeva ekel 0Tav n pon Kat ot USPAUALKES UVBNKEG yivovTal KpLOLEG
(mpokahwvtog mapdoupon-petatonion). Autd ¢davnke amd TO yeyovog OTL TPV amo In
Sdlatapayn, ta BM rtav oxedbdv ouolopopda Katavepnuéva HeTatl twv Sladopwy HUIKpo-
evllattnuatwy, evw PEeTa ) Statapaxn BpEBNKav CUYKEVTPWLEVO OTA XOVEPOKOKKA UTIOOTPW-
pata (oToug eVOLAECOUC XWPOUG 1N KATW artd TouG OyKOALBOUC Kal TIC LEYAAEG TIETPEG).

Ye 0Tl adopd oTIG UOPO-0LKOAOYIKEC OXEOELS (MeTaty V, D, S kat K), pe eAdxloTeq
e€alpgoelc yla oplopéva taxa (Jowett et al., 1991), taxUtnteg ponc pueyaAutepeg and 0,7 m/s
Sev Bewpouvtal kKatdAnAeg yla ta meplocotepa BM (Gore et al., 2001; Li et al., 2009; Horta et
al., 2009; Shearer et al., 2015), evw n BEATLoTN meploxr cuvhBwe Kupaivetatl petafy 0,1 m/s
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kat 0,6 m /s. Qotdoo, oplopéva taxa mapouotalovy BEAtotn katalnAotnta os uPNASTEPEC A
XOUNAOTEPEG TAXUTNTEC PONC. Avadopikd pe To BABoC Tou vepoU, N KATaAANAGTNTA cuVNBWC
kupaivetal ota 0.25 m (Jowett et al., 1991; Gore et al., 2001; Li et al., 2009) cUudpwva pe Ta
QMOTEAEOUATA MaG, evw Kupaivetal petatd 0,1 m kat 1 m. ‘Ocov adopd oTov TUTIO TOU
UTIOOTPWHOTOG, OL LLEYAAEC KAl LUKPEC TIETPEG (6 cm - 25 cm) BewpouvTal YeEVIKA TILO KATAAANAES
OAAG pE LEYAAEC BLAPOPECS OTIC LEAETEC. TA ATIOTEAECHATA TNG EPELVAC UTIOOEIKVUOUV ETONG
OTL TTLO XOVOPOKOKKA UTIOOTPWHATA Elval Lo KATAAANAQ, pe vnAdtepn adBovia kat aplBuo
taxa o€ peyAAeg METPEC, OYKOABOUG, ULKPEC TTETPEC KAl EYOAa XaAlkLa.

2.3. Jupnepdopata

H peAétn autr Katéhnée oto cupumnépaopa OTL n dour Twv Blokowothtwy Twv BM emnnpedletal
ONUAVTIKA KON KOL LETA amo pila LETPLAG Evtaonc udpoioyikr dtatapaxr. MapdTL N HEAETN
adopoloe og dualk Slatapayr, TO ATMOTEAECUATA UITOPOUV VA EENYHOOUV €va LEYANO UEPOC
™TN¢ mapatneoluevns umofdBulong Twv KOWOTATWY Twv BM Kkatdvin ubponAeKTPIKWY
dpayudtwy kot tapleutipwy (Allan and Castillo, 2007; Theodoropoulos et al., 2015b). Ot
AVWTEPW EPEUVEC EOLEaV LUTIOBABULOUEVN OLKOAOYLKI TTIOLOTNTA TTOU OdeIAETAL, UETAEL AAAWY,
OTLG OUVEXELG KAl aKaVOVIOTEC SLOKUMAVOELG TNG oTABUNG Twy udatwy (Hartmann and Mihuc,
2008), oL omoieg gumodilouv TNV gykataotacn uylwv MAnBuopwyv BM. KabBwe n Eupwmaikn
‘Evwon TPOTPEMEL yla TNV €KTIHNON OLKOAOYLKWY TIAPOXWY KATAVTN GPayUATWY yla TNV
amoKATACTAON TNG akepaldtnTtag twv udpofuwv olkoocuotnuatwyv (WFD CIS Guidance
Document No. 31, 2015), ta debougva avadopdg mou cUAEXBNKaY TNV mapouoa UEAETN
emétpePpav TNV  AVATTUEN TIPOKATOPKTIKWY USPO-OLKOAOYLIKWY OYECEWV  (TPOTIUACEWY
evOLALTAUATOC) LE QMWTEPO OTOXO TNV AVATNTUEN afLOTILOTWY GEVOPIWV OLKOAOYLKAG TIAPOXNAC.
H evowUATWoN OQUTWYV TWV TIPOTIHACEWYV oTa USPOSUVOLIKA HOVTEAQ KATAAANAOTNTOG
evblattnuartoc (Theodoropoulos et al.,, 2015a) €xel Slaitepn onpacio yla Toug SLOXEIPLOTES
TWV VSATIKWY TIOPWV WOTE VO UTTopo UV va ETIAEEOUY TO BEATIOTO peTal Sltadopwy oevapiwy

TLOPOXNG.

Kedpalaio 3 | NpoypappaTlopog-avarmtuén AOYLOHLKOU
vAoroinong aAyoplBpwyv acadolg AoyLKnG yLa Ttn Xxpron
TOUC WG povTEAa katalnAotntag evolattipoatog: To
Aoylopiko HABFUZZ

Katd tig teleutaieg SVo Sekaetieg, n edapuoyn Sodlaotatwy USPOSUVAULKWY HOVIEAWY
APXLOE va YIVETOL OAOEVA Kal LEYOAUTEPN EVAVTL TWV QVTIOTOXWY LOVOSIACTOTWY LOVIEAWV.
Q0oT000, OLTIEPLOCOTEPEC OXETIKEC 2D MEPUTTWOLOKEG LEAETEC ETUKEVTPWVOVTAL OTN XPHON TWV
baplwv wg delktn kataAAnAotntog evdilattiuatog (Mufioz-Mas et al., 2016, Papadaki et al.,
2017). EdapuoyEC Tou xpnoLomolouy GAAa BLoTIKA oTolxela Tou USATIVOU OLKOGUOTHATOG
w¢ SelKTEC OLKOAOYLKNC TIOPOXNC elvat Sucavaloya Alyotepec. Avadoplkd e Tn xprion Twv BM
oe ubpoduvaplka povtéla kataAnAotntag evdiattiuoatog (HHMs), aut) elval emiong
TIEPLOPLOUEVN, KUPLWE AOYW TWV KATWTEPW:
1. Ta undpyxovta Aoylopikd HHM é€xouv avamtuxBel ue emikevipo ta Yapla (to
nipoypappa CASiMIR Benthos gival n povadikn emiloyn eotiacuévn ota BM onuepa).
2. Ta umapyovta AoyLlopkd cuvdualouv éva LovodLaoTato USPAUALKO UTIOUOVTEAD Kal
€va  UTIOHOVTEAO evllaltipatoC Paolopévo  OTIG  KAUMUAES  KataAAnAoTnTOq
evblattiuatocg (HSCs) (PHABSIM - Milhous et al., 1989, CASiMIR Fish - Schneider at al.,
2001), pe ta Aoylopika River 2D kat CASIMIR 2D va eivat ol poveg dtabéoiueg 2D
ETUAOYEC.
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3. TMponyuévol aAyoplBuoL Tpocouoiwaong TG KATAAANAGTNTAG EVSLOLTHAUOTOC (UNXAVIKN
ekpadnon, acadng Aoyikry, Mmelliavy avaiuon), ol omoiol €xouv amodelyBel
TEPLOOOTEPO aKPLBEig armo Tig HSCs, eldika yla BLOTIKA OToLXEla eKTOC TwV Paplwy, Sev
edapuolovtal eml TOU TOPOVTOG (TAAL, LOvo To River2D pla emloyn yla TNV acadn
Aoyn).

2uvOUAOTIKA AOYLOMIKA (2D uSpoduVAULKO UTIOUOVTEAD + UTIOUOVTEAO evdLaLTAUATOG Baot-
OUEVO O€ TPOoNyUEVoug aiyoplBuoucg mpoPieling) eotlaopéva ota pakpoaomovoula Sev
UTTAPXOUV. JUVETIWG, OL TPEXOUOEC EKTLUNOELG OLKOAOYLKAG TIapoXNC Tou Baocilovtal o HHM,
XpPnoLuomnolouy {owg dAa BLoTikd otolxela wg SelKTEG OLKOAOYLKN G TTAPOXN G OAAG edapuolouV
EPYOAELQ-AOYLOULKA TIPOCOUOIWO NG KATAANAGTNTAG EVOLALTALATOG TTOU £X0UV avarttuxBel yla
v yBuomavida.

2TO OUYKEKPLUEVO KeDAAaLo TeplypddeTal To Aoylopikd HABFUZZ. Mpokeltal yla éva
epyaleio Tou €pxetal va KOAUPEL TO AVWTEPW EPEUVNTIKO KeVO edapuodlovtag alyopiBuoug
acadouc Aoyikng Kat Mrebllavig avaAuong yla Tnv mpoBAedn-npocopoiwon tng KATaAANAS-
™TNTag evOLALTAHATOC 08 KABE KOUPO VOGS UTIOAOYLOTIKOU TIAEYATOG TTOU €XEL dnuloupynBel oe
miponyouevn 2D uSpoduvaulkh TIPOCOOLWoN TTOTaUoU. Elval €va UTIOMOVTEAO EVOLALTALATOC
TIou avamtuxBnke otn yAwooa mpoypappatiopol FORTRAN wote va cuvualetal VKON e
10 USpoduVaLKO uTtopOVTEAD TELEMAC 2D (aAAG pmopet va xpnaotpomnolnBet kat pue aAa 2D
USPOSUVAULKA HOVTEAQ) YL TNV QVAMTUEN oevaplwyv OLKOAOYIKAG TApoXnS ME TN Xpnon
aAyoplBuwy acadpouc Aoyikne. To HABFUZZ xpnotpomolel tnv ‘€€odo’ (amotéAeoua) Tou
TELEMAC 2D (mpoocopolweveg TIUEG V, D kal S o€ kaBe KOUBO TOU UTIOAOYLOTIKOU TIAEYOTOG
oe Sladopa oevapla TaPoxXNE) Kal UTIOAOYIZEL TNV KATAAANAOTNTA evdLlalTANATOC 08 KAOe
kKouBo (dnAadn yia kabe cuvduacud V, D kal S) pe Baon éva ouvoho dedouevwy avadopag
BM mou cUAAEXBNKav amd eAAnvika motaula. H ‘€€odoc” Tou HABFUZZ sival éva apxelo txt pe
TIC TLMEC KATAAANAOTNTAG EVOLALTAUATOC Yo KABE CUVEUAOHO ULKPOEVOLALTILATOC.

To HABFUZZ Aewtoupyel oe meplBaAhov ypappng evtoAwv. Mpwv tnv ekkivnon tng
edappoyng, o xpHotng Ba mpémnel va tpododotioel To Aoylouikd pe SUo apyela txt, (i) éva
apxelo pe ta bedopéva ekmaibevong-ekpudBnong tou povtéhou (training dataset), dnAadn éva
oUVOAO SELYUATWV-TIOPATNPACEWY ULKPOEVOLALTAUATOC YWWOTH G KataAAnAdotntag (V, D, S, T
kat K) kat (i) éva apyelo pe ta Sedopéva mpoPAePng-intovpueva, dnAadr éva cuvolo
Sdelyudtwy ayvwotng K tnv omoia to HABFUZZ kaleitatl va mpoPAédel Baoel Tou apyeiou
bebopévwy ekpuabnong. Katd tn ddpkela ¢ ektéAeonc Tou HABFUZZ, to mpoypappa {nTast
amod TovV Xpron va emAEEeL:

1. Tn uéBodo mpocopoiwang - lte TN xpon Twv KAACIKWY aAyoplBuwy acadolg Aoyikng (FL)
elte ™ xpnon Mnelllavrg Bewplag mbavotAtwy acadouc Aoykng (FRB)
2. Tov TpOmo oTaupwTnG EMOARBeUoNC-emIKUpwWONG (cross-validation scheme) - eite Monte

Carlo cross validation eite ten-fold cross validation

3. Jemeplmtwon emloyng tou FL aAyopBuou kat puovo, 1o HABFUZZ {nTtd emumA£ov amo tov

XPNoTN va eTIAEEEL LETAED TPLWV oevapiwy Katata&ng tTng KAtaAANAOTNTAG EVOLOITALATOG

otav duo (6o ouvbuaopol V, D, S, T €xouv SladopeTikr KataAAnAdTnTa - £lte average

scenario, OTIoU EMIAEYETAL N LEON KATAANAOTNTA, £(T€ optimum scenario 0mou eTUAEyETAL

N UEYLOTN APATNPOULEVN KATAAANAOTNTA yLa TOV CUYKEKPLUEVO ouvOuaaouo, eite worst

scenario Omou eTAEYETAL N EAAXLOTN KATOAANAGTNTA.

4. Emiong oe nepimtwon emloyrg tou FL aAyoplBuou kol povo, o xprotng kaAe(tal va

eMAEEeL kal tn uEBodo amoocadnviong (defuzzification), uia ek twv (i) centroid, (ii)

maximum membership, (iii) mean of maximum kat (iv) otaBuLouévog péoog 6pog

MeTtd amo Ta mapandavw, to HABFUZZ uhomolel Tov emAeypévo alyoplBuo, EVNLLEPWVOVTOC TOV
XPNoTn yla Ta BApata ta omolo UAOTIOLEL Kal emioNng evNUEPWVOVTAC Tov otav n dtadikacia
€YeL oAokANpwBel. H ‘€€0do¢” Tou mpoypdppatog onwe npoavadépbnke sival éva apyelo txt
HE TG TIHEG K yia kaBe ouvbuacuo V, D, S kat T (uikpoevdialtnua) Tou apyeiou ue ta dedopéva
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npoBAeng. EmutAéov, To Tpoypauua Onuioupyel kal éva log apyeio txt pe Sladopeg
TIAPOAUETPOUC KaTd TN Stdpkela tNG ektéAeons. TéAog, eml tng oBovNng YPOUUAC EVIOAWY
e€ayovtal Sladopol Selkteg KATAANAOTNTAG eVOLALTAUOTOG KABWE KAl TO AMOTEAECHA TNG
OTAUPWTNC ETILKUPWONCE WE TTOCO0TO CWOTWV TIPOPRAEPEWV T TOU GUVOAOU TWV HIKpOEVSLAL-
TNUaTwy poPAeng oto apxelo exuadbnong-ekmaidevonc.

Kedahalo 4 | Zuykprtikn afloAoynon alyoplOpwyv
npoPBAedng TnG KataAANASGTNTAG EVOLOLTH LOTOG E OTOXO
TN XPron TOUG yLa TNV aVAITTUEN oevapiwy OLKOAOYIKNAC
mapoxng

10 kedpdlalo autd TeplypddovIial Ta amoteAéouata ouykplong Stadopwyv aAyoplOuwy
poBAedng NG KataAAnAoTNTAC evdlalthpotog BM Bacel evog cuvolou 380 pikpoevdlal-
TNUATWY -0e00pévwy avadpopdc- Tou cUAEXBNKav katd To €tog 2015 oe evveéa O€oelg
SewypatoAniag os eAANVIKA TOTAMLA amaAAQypEva amo pUTIOVON Kal avOpwTroyevelg
Spaotnplotnteg (Eunvog -1-, Mopvog -1-, AxeAwog -3-, Aadwv -1-, Kpabucg -1-, Napaneipog -2-
). To epWTNUO OTO OTOLO N €peuva AUTH KAAE(TaL va SWOoEL amavtnon elval to €1 MATWG
AOYW Twv Se00pEVWY LOLOTATWY TOU GCUYKEKPLUEVOU, OAAQ Kol GAAWVY TApOHOoLwY Udpo-
OLKOAOYIKWY O€T Sedopévwy, Snhadn (i) moAUTIAOKEG AAANAETULOPACELC LETAEY TWV aveEAPTN-
TwV PeTaBAnTwy mou kabopilouv to pikpoevdialtnua (V, D, S, T), (ii) ektetapévn Stakupavon
TWV TIHWV TNG e€aptniévng petaBAntnc (K), amatteital n epappoyr) cUYKEKPLUEVWY LEBOS WY
npoPAedng-mpooopolwong yla va anodpeuxBel n eaywyr eoPpaApévwy amoTEAECUATWY Kal
va evioxuBel n akpifela mpoPAedng twv HHMs; EmumAéov, mpotelvovtal AUOELG yla TV epyacia
He ToAUUETAPBANTA uSpO-oLkoAoYLIKA SeSOUEVA WOTE AUTA VO UIOPoUV va XpnaotpomolnB8ouy
0TNV €KTINGON OLKOAOYLIKAG MAPOXAG LE TN XpNon USPOSUVAULKWY UOVIEAWY KATAAANAGTNTAG
evélattiparoc.

4.1. SuMoyr) 6ebopévwv avadopac

Asilypota-pikposvdlalthiuota mou ouvbéouv TN Plokowvotnta tTwv BM e mapapétpoud
evélattiuatog cuMEXBnkav amod evvéa Béoelg SetypatoAniag oe MOTAULA TNG KEVIPLKAC KAl
VOTLaG NMELPWTIKAG EANASaC xwplc pumaveon kat pe kaBohou 1) pe eAdLOTEC avBpwmoyevelg
napepuPacelc. e kABe BEon cuAMEXBNnkav 20 Selypota BevBikwy LaKkpoaoTovEUAWY WOTE va
KaAudBouv OAa ta SlaBEolpa PIKPOEVSLOITAUATO KAl OTO onpelo tou kdBe Selyuartoc-
Hikpoevdlatnpatog kataypadoviay ol TiéG V, D, S kat T. Ta Selypota Twv BM (20 Selypata x
9 Béoelc SelypatoAniag x 3 emoyég) Slatnpnbnkav oe Eexwplotd Soxela katl avaAuBnkav oTto
enimebo TNC OLWKOYEVELDG. JUVOAIKA, AapPdvovtag umoyn Kal TG KAPLKEC OUVONKEC,
oUMEXBNkav 380 Selypoata ta omola amotéAecay Kal To OeT Se60UEVWY TNG OUYKEKPLUEVNG
€peuvag.

4.2. Eneepyacia Sedopévwv

Metd Tnv avaiuon twv delypdtwy BM umoloyiotnkay, mépav tng apBoviog tng k&b olkoye-
VELAC, OUYKEKPLUEVOL OEIKTEC-LETPLKEC: (i) aplBUOC olkoyevelwv-taxa, (ii) molkidotnTa (Seiktng
Shannon), (iii) aplBuog twv Ednuepodntepwy, MAekomtepwy kal Tpyontepwy taxa (EPT taxa).
2Tn OUVEXela, PBACEL TwV AVWIEPW HETPLKWY, UTOAoyiotnke n kataAAnAdtnta (K) kabe
Selypartoc-pikpoevdilaltipatog oe KAlpaka anod 0 (akatdAAnAo) wg 1 (katdAAnAo). Exovtag wg
adetnpla TeAkd to oeT Twv 380 Sedopévwy avadopdg émou TAEoV cuoxeTilovtal ol PeETaBAN-
T€C Tou evdlattnuatog V, D, S kat T ue tv K mpaypatonojBnke oUykplon tg LkavoTnTag
nipoPAedng (akpiBelag) twv mapakdtw aAyoplBuwy: (i) Kaumiieg KatalnAdtntag Evdilalti-
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uatog (HSC - Bovee, 1986), (i) Boosted Regression Trees (BRT - Elith et al., 2008), (iii) Random
Forests (RF - Breiman, 2001) pe xprjon Tng YAwooag mpoypappatiopol R v3.1.0. (R Core Team,
2014), (iv) Acadnc Aoykn (Fuzzy Logic (FL), uéBodog twv Mamdani-Assilian pe xprion Stado-
PWV TEXVIKWV amooadrviong (Zadeh, 1965; Mamdani and Assilian, 1975; Ross, 2010) kat (v)
Mmebliavn MiBavoioyikn AvdAuon Acadoug Aoyikng (FRB) cupdwva pe toug Brookes et al.
(2010), pe xprion Tou hoytlopikov HABFUZZ (Theodoropoulos et al., 2016). Na tnv aloAdéynon
¢ akpifelac npoPAredng tou kaBe aAyoplBuou xpnolpomolBnke n puéBodog tne SekAKLC
enavolapBavopevng otaupwtng emklpwong (Kohavi, 1995). To apyxikd cuvolo twv 380
delyudtwy ywplotnke tuyaia oe Oéka LoopeyéBn umooUvola. Evvéa umooUvola (342
delyuata) ypnowuomnolovvtay kabe dpopd we dedopéva ekpabnong-eknaidbeuons Twv LOVIEAWY
Kal éva umooUvoAo (38 Oelyuata) xpnolpomoloutay yla TNV eMaAnBeuon-emikUpwaon Tou
povtéhou. Autni n dladikacia emavandBnke déka GopEg, XpNOLULOTOLWVTAC EVa SLAdOPETIKO
UTTOOUVOAO yla eTKUpwon oe kK&Be emavainyn. H amddoon tou k&Be poviélou (akpifela
npoPAedng) aélohoynBnke TEAKA WG TO LECO MOCOOTO TWV OWOTA TAEWVOUNUEVWY SELYUATWY
(CCl) kaBe emavainyng g avwtépw Stadikaoiag emnt (i) mevraBdbuiag kal (i) tolBabuLag
KALHOKQAC KOTAAANAOTNTAG, ATOL €L TNG LKAVOTNTOC Tou KABe alyoplBuou va mpoBAEP el cwoTa
pla and tg 1:Kakn, 2:EAMTAC, 3:Méetpla, 4:Kain, 5:YPnAn (mevtafaduia) kot 1:XaunAn,
2:MéetpLa, 3:Amodektn (tplBabula).

4.3. AnoteAéopara kat culrtnon

ATIO T OUYKPLON TWV OAYOPLBWY TPOEKU P AV TA TTAPakATw: Kaveévag alyoplOpog Sev unopeos
VO TIPOPRAEPEL LLE LKAVOTIOLNTLKA aKPLBELX TNV KATAAANAOTNTA eVELALTAATOC Tl TtevTaBaduLog
KAlpakag. H péon anodoon kupavOnke amod 29,63% péxpl 38,66% n omola Bewpeltal MOAU
XOUNAN yla va dwaoel aflomiota anoteAéopata. Enl tpiaduiag kAlpakag, n péon anodoon
Kupavonke amo 49,74% péxpl 67,92%, yeyovog Mou ETUTPETIEL TN XPNON TWV aAYOpLOLwWY eTtl
TPRABHLaC KALpakag K yla oxeTikd aflomioteg mpoBAEPELS TG KATAANASTNTAC EVOLALTHLATOC.
A6 Toug alyopLlBuouc mou eetdotnkay, TN UeYaAlTepn akplBela mpoBAePnc ixe To LOVTEAD
BRT (67,92%) , akoAouBoupevo amno ta RF (61,85%) kat HSC (61,38%). Kat ol Tpelg Opwg aAyo-
plBuol, Adyw pUn opoldpopdnG avIupoowEUONG TNG XAUNAOTEPNG KAAONC KaTaAANAdTNTAG
oto oet debopévwy (kAdon 1:XapnAn) dev umopscav va TPoPAEPOUV UE LKAVOTIOLNTIKH
akpiBela TNV KATaAANASTNTA yla TN CUYKEKPLUEVN KAAoN (amodoon <10% Kal yLa TOUC TPELG
oAyoplBuoug), oe avtiBeon pe tov FRB aAyoplBuo o omnolog epddvice péon anodoon 61,2%.
YYETIKN LETATPOTIA TOU aAyoplBuou RF wote va BeATiwBel n ikavotnta mpoPAePnG TNG XAUNANG
K kAaong avénoe tnv anodocn oto 20% oAA& N cUVOALKH amtodoon MPORAePNC LelwBnke oTo
55%.

Avadoplkd pe TNV okpiBela mPOPAEPNC NG KOTAAANAOTNTAC EVOLALTAUATOC,
TIPONYOUEVEG €PEUVEC avadEépouy TolkiAa amoteAéopata, Kuplwg Adyw Kal Twv SltadopeTl-
Kwv peBodoloykwy Tpoceyyioewy mou epapuodlovral aAAd kot Aoyw TN xprnong dtadopett-
Kwv 0T Sedopévwy avadopadc. MNevtaBadpa kKAlpaka mpoBAePNng TNG KATAAANASTNTOC OTIAVLA
€XEL XxpnoLuomonBel otov mapeABov. Onwg avadEpeTal ev HEPEL amo Toug Lange et al. (2015)
Kal eTBEPALWVETAL KOL QO T QMOTEAECLATO TNG CUYKEKPLUEVNG €peuvag, n ebapuoyn
nevtaBadulog kAlpakag mpoBAePng TG KATAAANAOTNTAG (CUHdWVA ylol TTOPASELy A LE TNV
tagwvounon t™g WFD) elval amayopeuTikn Aoyw TG XaunAng akpifelag mpoPredng twy
HovTéAwvY. EmumAéov, umapxovta POVTEAQ KATOAANAOTNTAC €vOLALTAUATOC cuoXeTi{ouv TNV
kataAAnAotnta amneuBelag pe tnv adbovia cuykekpluévwy taxa (eite Yapuwv elite BM) R
Bacilovtal oe dedouéva mapouaiag-amouaiac. X auTto To MAaloLo, poviéAa Acadouc AoyIKAG
Ue xpnon tng adpBoviag BM wg katalnAotntag (van Broekhoven et al., 2006, Mouton et al.,
20009) €6el&av anodoon petacy 50% kal 66%. MovtéAa Acadoug AoyIKAG e xprion Sedouévwy
napouociac-anouciag Papuwv (Muiioz-Mas et al., 2016) urtoAdyloav amodoon Petatl 45% kal
48%. EruumAéov, oL mponyoupeveg ebapuoyes povtéAwy RF pe xprion wapwwv (Mouton et al.,
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2011; Vezza et al., 2015) emiBeBaiwvouv TV avénuévn akpiBela TNG ouykekpluévng nebodou,
umoAoyilovtag anodoon >70%.

Ev katakAe(dL, ta amoteAéopata £6el€av OTL ahyopLlBpoL UNXavikng ekpuadnong (RF kat
BRT) umopouv va xpnolgomnonBouv e oxeTikr aochaiela ya tnv mpoBAedn tng KATAAANAOG-
™mrtag evdlattnuatog BM emi Sedopévwv avadopac (oet ekpuabnong) ota omola ol KAACELS
KATAAANAGTNTAG £XOUV OLOLOUOPdN AVTUTPOCWIIEUOH. 2€ TIEPUTTWOELG OUWC avouolopopdiag
Twv 6edopévwy avadopdg, alyopBuol Acadoug AoyLKAG KaL tepLoocotepo o FRB Ba npémnel va
npoTwvTal Kabwe daivetal mwe dev ennpedlovtal Kat epdavitouv otabepd vPNAR Lkavo-
™Tta npoPAedng.

Kebahaio 5 | Neputtworakn peAetn 1: Ektipnon
OLKOAOYLKNG TTapOXAG KE TN Xprion udpoduvapkwy
MOVTEAWV KaToAMnAOTnTag evdlattiuatog BevOkwy
HaKPOAOoTIOVOUAWV KATAvTn Tou PppdyuaTtog ToU oTapoU
Nopaneipou (Axdia, Autikry EAAGSQ)

Ye maykoopo eninedo, elval yevikwg amodekTo OTL Ta USPOSUVAULKA LOVTEAQ KATAAANAOTNTAG
evllaltUatog amoteAolv aflomiota epyaleia ektipnong TG OLKOAOYIKNAG TAPOXAG. 2TNV
Eupwrnn ywa napddelyua, npoodata (KatevBuvirplo Keipevo -KK- OMY No. 34, 2015) éxel
nipotabel pia tepapyia TpLWV KaTnyoplwy HeBodoloyLwy ekTinoNng TNG OLKOAOYLKNC TTAPOXAG,
te Ta HHMs va Bplokovtal oto 'eminedo 3', Bewpolpeva we eGAPUOCLUO O KATAOTATELC OTIOU
arnatteitatl uPnAog Babuog Befaldotntac mMPORAEPY NS WOTE VO TAPEXOVTOL OTOUC OLOXELPLOTEC
TWV USATWY KATAAANAEC CUOTACELC OXETIKA HE TNV OLKOAOYLKN Ttapoxr. ‘Ouwe, TO XaunAo
T0000TO (18%) TWV MEPUTTWOLOKWY HMEAETWYV TIOU XpnoLuomolouv HHMs oto oxetiko KK elval
€VOEIKTIKO TOU XAoPATOC TNG BEWPNTIKAG EPELVAC KAL TNG TIPAKTIKAG epappoyng twv HHMs.
ISlaitepa otnv EANGSa, Ta HHMs éxouv evowuaTwBel mpoodata OTLG EKTLLAOELG OLKOAOYLKAG
TIAPOXNG Kat €T TOU MAPOVIOC EMIKEVTPWVOVTAL AmOKAELOTIKA oTa Pdaptla (Mufioz-Mas et al.,
2016, Papadaki et al., 2017), evw TO VOLLKO TTAQLCLO YLa TIG OLKOAOYLKEG TTAPOXEG e€akOAOUDEL
va Baciletal povo oe udpoAoyka kpttinpla (Yroupyeio MeptBaAlovtog, Evépyetag kat KAtpatt-
k¢ AMayng, 2011). Ot Adyol yla auth TtV Teploplopévn edapuoyn Twv HHMs oxetiovtal
KUPlWG PE TO KOOTOC, TO XPOVO £DAPUOYAC, TNV AMALTOVUEVN TEXVOYVWOla-epumelpla Kat tn
SlaBeopotnta udpo-otkoAoykwy dedopévwy (Jorgensen and Bendoricchio, 2001, Conallin et
al., 2010). H extipnon tng olkoAoyLkNC mapoxns Ke t xprnon HHMs amattel avanodeukta pia
damavnpr kat xpovoBopa cuAloyr LOPAUALIKWY Kol USPOUETPIKWY OToLXElwY yla TN Babuovo-
Lo KAL ETIKUPWON TWV OXETIKWY LOVTEAWV (Spense and Hickley, 2000) kat cuvABwg amattou-
VTAL ETUMPOCOETEC, TTPOCEKTIKA OXESLACUEVEG ETUTOTILEG ETLOKEPELC YLA TOV UTIOAOYLOUO TWV
TIPOTLUNCEWVY EVOLALTAMATOS TwV LOPOPRLWYV opyaviopwy (Heggenes et al., 1990).

210 KepAlalo autd meplypadetal n epapuoyn evog dlodlaotatou udpoduvaulkol
HLOVTEAOU KATOAANAOTNTOC EVOLALTAMATOS YLOL TNV AVATITUEN GEVAPLWY OLKOAOYIKAG TTAPOXAG
BacLlopEVWY OTLG TPOTIUAOELS Twv BM otov motapo MNapaneipo (Axalo, Autikr EAAGSa). Ta BM
xpnotpomnondnkav wg Seikteg Kal pe BACN TA CUUMEPACATA TOU TIPONYOUUEVOU Kebalaiou
edapuootnke o FRB aAyoplBuog yla TNV akpLpr ektiunon Twv MPOTIHACEWY eVELALTAUATOC.
EmumAéov, mapouotdletal avaAucon Tou KOOTOUC KOl TOU XPOVOU TIOU XPELACTNKE ylol TNV
edapUOyn TNG CUYKEKPLUEVNG TIEPUTTWOLAKAG LEAETNC. O KUPLOG OKOTIOC QUTOU ToU KedaAaiou
elvat (i) n emidelén tng xpnong Twv BM og udpoduvapikd povtéha KataAAnAGTNTAC VALALTA-
patog (ii) n emonuavon Twy XapoKINPLOTIKWY Twv HHM mou ta kablotolv avikd epyaleia
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yla OLKOOUGTNULKAG TIPOCEYYLONG EKTLUACELS OLKOAOYIKAG Ttapoxns, (i) n oulntnon emi twv
LLELOVEKTNUATWY TOUG KAL N TIPOTACN OXETIKWY, KATAAANAWY AUGewV Kal (iv) n emonuavon otL
OLKOGUOTN LK G TIDOCEYYLONG EKTILLAOELG OLKOAOYLKNG TTAPOXNG UE TN xpron HHMs umopouv va
€(val OLKOVOULKA Kal XpOVIKA armoSOoTIKEC Kal Ba TIPEMeL TEAIKA VA TIPOTLLWVTAL VavTL AAAWY
emAoywv otav avalntatal akpifela otnv TEAKNA ekTiunon-mtpoRAen.

5.1. Neploxn perétng

O motapog MNapamneipog Pploketal otn Autikr EAAGSa. Eival mapamdtapog tou moTapou
Nelpou, pe éktaon Aekavng aropponc 118 km?2. O Maparmeipog mnydlel ota opewd TuApaTa
TN¢ AekAvng amoppong, oto 6pog EpUpavBog kat LeTd amnd andotacn 25 XIMOUETPWY EVWVETAL
e tov MNelpo o omolog ekPariel TeAkd otov Matpaiko KoAmo.

5.2. Y6pouetpikd-uSpaulika dedopéva, Babpuovopnon kal emainBguon Tou uSpoSuvapKoU
HOVTEAOU

Ye ula meploxn pUAKoug 277 m Katavtn tou dpayuatog tou Maparmeipou cuMEXBnkav dedo-
péva tomoypadiag umd tn pHopdr YEWYPADIKWY CUVTETAYUEVWY (UAKOG, TTAATOG, UYOLETPO).
YUVOALKA CUAEXONKaV 863 onuela CUVTETAYUEVWY KAl UE TN Xprion Tou AoyLopikol TELEMAC
2D dnuoupynBnke UTTOAOYLOTIKO TIAEYUA ATTOTEAOUEVO oo 5170 kOpPBoug Kat 9875 Tplywvt-
K& oTolxela pe 1 m avaivon. MNa tn fabuovounon tou udpoduvaptkol HoVTEAOU CUAAEXBNKaY
debopéva V kal D oe 15 tuyaieg BEoelg evidg TNG MepLoxn UEAETNG o€ SUO SLADOPETIKEC
nopoxéc (0.3 m3/s kat 1 m3/s) . H mpwtn mopoxn xpnowomnowitnke yia tn Babuovopnon KoL n
Seltepn yla TV emaAnBgucon ToU LOVTEAOU.

5.3. KatoaAAnASTNTa EVOLALTAATOC KOL OKOAOYLKN TtapoXn

Ml TNV eKTiNON TWV TIPOTIUNCEWVY EVSLALTHLATOG TWV BM xpnotpormotriBnke to ot Sebopévwy
Tou Tapouctdotnke oto Ked. 4. H kataAnAotnta tou evdlattiuatog (K) ekppdotnke pe ™
dnuoupyia evog delktn kataAAnAotnTag mou mepAAuBave TG MOPAKATW WETPIKES BM: (i)
aplBuog taxa, (i) mowhotnta (delktng Shannon), (iii) aplBuog Ebnuepontepwy, MAekoOTTEPWY
Kal Tplyomtepwy taxa kal (iv) apBoviat BM. Ztov cuykekpluévo Seiktn, n KABe ULETPLKA
LETAOXNUOTIOTNKE - KavovikomolnBnke oe kAipaka 0 wg 1, Slapwvtag Tn Pe T UEYLOTN TN
TNG CUYKEKPLUEVNC LETPLKAG oTNV KABe Béan Setypatohniog (cuvoAo 9 Béoelg) amd Tig omoleg
OUMEXBNKe TO 0T TWV 380 SeSOPEVWY - LKPOEVSLALTNUATWY. ME TOV TPOTO AUTO OUAAOTIOLA -
Bnkav KaTd To péyLoTo SuvaTo Kal ol SLAPOPES OTLC LETPLKEG AdYw OladopeTiknG Tomobeaiag
Kal €moxnG. To oUYKEKPLUEVO OeT Sebouévwy, Pe TV K ekdpaopévn HECW TOU TTOPATAVW
belktn, YpnowomnolnBnke yla TNV ekuadnon katl oTtaupwtn emiklpwon FRB aAyoplBuou pe
xpron Tou Aoylopikou HABFUZZ.

H €¢oboc (amoteAéopata) tou USPOSUVAULKOU UTIOLOVIEAOU XPNOLUOTOLNBNKE WG
€(0080¢ 0TO UTIOUOVTEAD eVELALTAOTOG KOL TEALKA UTIOAOYLOTNKE N KATAAANASGTNTA evlLaLTh-
LOTOC YLAL TN OUVOALKN TtepLoXH LEAETNC o€ SLadOPETIKA oeVAPLA TApOXWV. [la TNV EMAOYT TOU
KataAANAGTEPOU oevaplou (OLKOAOYLKNG TTAPOXNG) XPNOLUOTIOWBNKE OXETIKOG OE(KTNG 0 OTOL0G
€Aafe umoPn tou TNV KAtoAANAOTNTA Tou KABE evOLAITANATOC ava apoxn, Twv aplBuo Twy
UYPWV KOUPBWV KOL TN CUVEKTLKOTNTA TWV KATOAANAWY eVELALTNUATWY.

5.4. AnoteAéopota KalL culrtnon

Ta anoteAéopata e HEAETNG €8etfav OTL N okoloyikh Tapoyxr Twv 0,2 m3/s, Tou £xel
nipotabel uéow udpoloyikwy uebddwy yla To dpayua tou Mapamelpou TN OXETIKN HEAETN
TEPLBAMOVIIKWY EMUMTWOEWY SV UTOPEL va TtapExel BEATIOTEC CUVONKEC yLOL TNV UTTOOTAPLEN
Ll AELTOUPYLKAC Kowotntag BM. Me BAon Tn CUYKEKPLUEVN €Peuva, N KataAAnAotnta
evllotnpartoc Atav uPnAotepn os Tapoxn 2 m3/s kat yia Tg V0 EVAANOKTIKES KOTAPTLONG,
eV amoSekTéc TLEC (pe KataAknAdtnta = 0,6) amoteholv ot 0,8 m3/s, 0,6 m3/s, 1 m3/s kaL 3
m3/s. Evi dpwc ot BEANTLoTEC oUVBNKEC yia To. BM emukpatolv o rapoxec 1 m3/s ) 2 m3/s, ot
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Slaxelplotég eival mbavo va emhééouv va epapudoouV eva AANO OEVAPLO OLKOAOYLKNG
TIapoxns, avalnTwvtag pia .oppormia PeETaty TnG avBpwrivng KatavaAlwaong Kat g {Atnong
vePOU amod To UdPORLO olkooUoTnUa. AUTA N apoxr OUWS Sev pUmopel va eivatl pikpotepn Twy
0.6 m3/s kabwc oclpdwva pe v mevtaBaduia kKAipaka mou edpappdletal oty OMY
2000/60/EE, n kataAANAOTNTA O ULIKPOTEPES TIAPOXEG YiveTal UETPLA (U artodekTh).

'Onw¢ avadEpbnke mponyoupEVWE, N ebapUOYr EKTIUACEWY OLKOAOYLKNG TIAPOXAG UE
xprion HHMs elval Sucavahoya meploplopévn o€ oUYKPLON WE TG QVTIOTOLKEC USPOAOYLIKEG
HebBodouc yla Adyoug mou cuvdéovtal Kuplwg e ToV XpOVOo, TO KOOTOG, TNV QMALTOUUEVN
Texvoyvwolia kal tn dlabBeouotnta oxeTkwy udpo-olkoAoykwy dedouévwy (Jorgensen and
Bendoricchio, 2001; Conallin et al., 2010). ZXETIKA HE TO QVWTEPW, N CUYKEKPLUEVN EPELVA
npaypatonoBnke amd uia pikpry opdda BloAdywv kal udpaLAKWV-TIEPLBAAAOVTIKWY
LNXQVLKWV.

Ye 0Tl adopd ToV XPOVO KL TO KOOTOG UAoToinong, To o damavnpod otddlo o€ TETOLEG
edappoyeg elval n oculoyn Twy udpo-okoloyikwy dedopévwy avadopadg (Theodoropoulos et
al., 2018a). EvtouTtolg, poAlg culexBel To cuvolo Twv dedopévwy avadopdc, n udpoduvaLkn
mipooopoiwaon pmnopel va mpaypatonolnbel pue dUo povo emTomnieg emokePelg. Mia yia T
ouMoyn Ttormoypadlkwy OSeOOUEVWY KAl USPOUETPLKWV-USPAUALKWY SES0UEVWY yla TN
BaBuovopunon tou udpoduvauLKoU UTIOUOVTEAOU Kal pia emumA£ov emiokePn yla tTn cuAloyn
pog 8eltepng oelpag Sedopevwy yla TNV emaAnBeuon-emikUpwar Tou. AuTH n XPOVIKN
niepiodog pmopel va BeswpnBel olvtoun, Aaupavopévng umoyn TNG TMOAUTIUNG OTTIKAC
QTELKOVIONC pLaG epappoync HHM, n omola mpoodEpeLl pa emotnUovVIK Baon culAtnong
HeTafl emoTnUOvVWY, OLOXEIPLOTWY Kol TOTKWY ¢opéwv kata tn Owadikacio AfPng
amopAcEwWV.

ATIO TNV OUYKEKPLUEVN €peuva PAvnKe OTL N cUAOYN evog aflomioTou OeT ubpo-
olkohoylkwv Sedopévwy avadopdg elval €va Baclkd BApa yla TNV avamtuén osvapiwv
OLKOAOYLKAG TIAPOXNG HE XPron udpoduvaulkwy povtéhwy evdlattipatoc. Eite wg KapmuAEg
KataAAnAoTNTaC elte WG Kavoveg acadouc AOYLKNG, OL TTPOTLUNACELS evdlaltApaTog UdpOPLwY
OPYQVIOHWY EXOLV APKETEC GOPEC eAeTnBel aMA n yevikeuon AUTWY TWV TPOTLUACEWY KaL N
duvatotnta petadopdc Toug oe GAAQ oTauLa apouctalel SuokoAieg (Heggenes, 1990, Holm
et al., 2001, Lancaster and Downes, 2010). Mpoodata emxeLpHONKAYV YEVIKEUUEVEG TIPOCEYY(-
OELG Yla va EemepaoTel aUTOC 0 Teploplopdg (Lamouroux kat Jowett, 2005 - Booker, 2016).
B&oel TNg ouYKeKPLUEVN €pEuvVAC VIO Ta BM, LLa XproLln TPocEyyLon yla Ty unépBacn autou
Tou ‘eumodbiov’ Ba amattovoe: (i) culoyn delyudTwy avadopdc amod MOTAWLO TTOPOUOLAS
TuTtoAoyiag, MoU oUGCLAOTIKA Ba €xouv MAPOUOLEC TTEPLBAANOVTIKES KAl USPAUALKEC OUVBAKEG

(Beppokpaoia, ToxVuTnTteEC pong, umootpwpata), (i) umoloylopd NG KATAAANAOTNTAG
€VOLOITALLATOC HE XPRON LETPLKWY BM Kat OxL Le Xprnon ouykekplpévwy taxa (Theodoropoulos
et al., 2018a), (iii) kavovikomoinon ¢ KATAAANAGTNTOC TWV OLKOTOTIWY VA ETOXN Kal TomoBe-

ola. Autd amotelel Baolkd Brpa yla tv eEaAewn (TOUAGYLOTOV €V UEPEL) EMOXLKWY Kal
YEWYPAPIKWY SLAKUUAVOEWV.
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Kedbalato 6 | Neputtwolakn peAeTn 2: Ektipnon
OLKOAOYLKAG POXNG KE TN XPron udpoduvapikwy
MOVTEAWV KaTaAnAdtntag evolattipatog Bevoikwy
HaKPOaoTIoOVOUAWVY KaTAvtn Tou ¢ppdypatos Mapabuwva
(p€ua Owong, Attikn, EAAada)

210 KEDAAQLO AUTO, TTAPOUOLA E TO KEDAAQLO 5, TteplypadeTal N epappoyr) evoc S1odLlaotatou
udpoduvaulkol povteAou KATAANAOGTNTAC EVOLALTAATOC YLa TNV avAartuén oevapiwy okoAo-
YIKAG TTapOXNC BACLOUEVWY OTLC TIPOTLUNOELG TwV BM oto péua tng Ovong (ATTIKN, KATtavtn
Tou dpdypatoc Mapabwva). EnutAéoy, yiveTal cUyKPLON TWV OEVAPIWY OLKOAOYLKNC TAPOXNAG,
Baclopévwy otn xprnon LdPOSUVAULIKWY HOVTEAWY KataAAnAotnTag evdlattipatoc BM pe ta
avtiotolya oevapla nou pogkuav pe tn xpron udpoloyikwy ueBOdwy yla tnv (dla mepLoyn.
O amwTeEPOC 0TOXOC AUTOU Tou Kebahalou, mEpav TNG eMISEENG TNG OXETIKAG Mpooopolwaong
KataAAnAdTNTaC evolattuatog, elvat va eetaotel eav n edappoyr) HHM peBodwv extipnong
NG OLKOAOYIKAG Ttapoxng Sivel mapopola anoteAéopata Ue TIG USPOAOYIKEG peBodoug, wote
TeAlkd va SlepeuvnBel n mBavotnta xprRong twv uSpoAoylkwy HEBOdWY WE AUTOVOUWY
€pYaAelwV ekT{UNONG TNG OLKOAOYLKNC TTAPOXNG. ZulnTeital emiong n Suvatotnta cuvduaopou
Twv U0 PEBOdWY wote va avénbel mBavwe n epmotoovvn otnv MPORAePn Kal emAoyn
OLKOAOYLKWY TIAPOXWV.

5.1. Neploxn peAéTng

To pgpa tng Owvong Bpioketal KATW amo to Gpayua Tou Mapabwva, To omolo €xel Uog 54 m
KOl CUYKEVTPWVEL TLC ATIOPPOEC TWV PEUATWY Xapadpou kat Bapvafa, mapéxovtag mocLUo VEPO
o€ €val LEYAAO HEPOC TOU MANBUGLIOL TNG ABAVAC KOl TwV YUpW TIEPLOXWY. H AEKAVN amoppong
éxeL éxtaon 118 km? kot to 5U0 pépata evwvovtat Alyo avavtn tou GpayHatoc SnpoupywvTag
TO pEpa tn¢ Ovonc to omolo ekBaAAeL oto Alyaio MéAayocg petad amnod 10 km Stadpopnc.

5.2. Y6pohoykd Sedopéva

Huepnowa ubpoloyika Oebopéva amd tn Aettoupyla tou dpdypatog tou Mapabwva
anoktnBnkav yla pLa mepiodo 11 etwv (2002-2013). Ta dedopéva autd xpnolpomnotdnkayv yla
TOV UTTOAOYLOLO TNG ELOPONG VEPOU amod ta pépata Xapadpou kat BapvdaBa. Avamtuyxbnke kal
edbapuootnke éva povtélo udatikoU tooluyiou. Ol elopogg mou eARdOnoav umodn ATav n
Tpododocia ue vepd TOUu GPAYLATOC amd TA AVAVIN PEUOTA KOL O NUEPNGCLOC OYKOG
BpoxoMTWaoNng Kal N €kpon NTav 0 Oykog Tou VEPOU TIOU avTAoUTaV yla TNV apoxn MOGLUOoU
vepoU otnv ABrva. OL umoloyloBeioec nuepnoleg mapoxeg amd ta péuoata Bapvdafa kal
Xdpadpou Bewpnbnkav wg ol GUOIKEC POEC TWV TIOTAUWY Omod TLG omoleg umoAoylotnkay
0EVAPLA OLKOAOYLKNG TIAPOXNC XpnoLuomolwvtag (i) tn wébBodo Tennant (Tennant, 1976), (ii) T
HEBodo Lyons (Bounds and Lyons, 1979), (iii) Tn pnéBodo tng Baowng Mapoxng Alathpnong
(QBM - Alcacer-Santos, 2004). EmumAéov, pe Baon Ta avwtépw dedopéva umoloyiotnkay tpia
OKOUN OEVAPLA OLKOAOYLIKAG TAPOXNG CUUPWVA HE TLG QTMALTAOELS TNG OXETIKAG EAANVIKAC
vopoBeoiag, (a) 30% tng uéonc unviaiag mapoxng yla Toug pnveg lovvio, louAlo kat AUyouoTo,
(b) 50% tn¢ péong pnviaiac mapoxng Tou pAva ZemtéuBpio kat (c) 0.03 m3/s wg tnv eAdxLotn
anodekTn Mapoxn o€ KABe mepimTwon.

5.3. Y6poSuvapikr mpocopoiwon KAl Tpogopoiweon KataAANAGTNTAG EVOLALTHHATOG

Ye pla meploxr prkoug 370 m katdvin tou dpayuatog tou Mapabwva cuAAExBnkav bebo-
péva tomoypadiag umd tn popdr YEWYPAdIKWY CUVTETAYUEVWY (UAKOG, TTAATOG, UYPOLETPO).
YUVOALKA GUANEXBNKav 459 onuela CUVTETAYUEVWY KAl PE TN Xprion Tou Aoyilopikol TELEMAC
2D dnuoupynBnke UTTOAOYLOTIKO TIAEYUA aTtoTEAOUEVO amod 3198 képPBoug kat 7140 Tplywvl-
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K& otolyela pe 0,9 m xwplkn avaiuon. Ma tn Babuovounon Tou vdpoduvaulkol UOVIEAOU
OUMEXOnkav dedopeva V kal D oe 15 tuyaieg BEoelg evtog TnG Teploxn MeAETNC oe Svo
Sladpopetikég mapoxec (0,03 m3/s kat 0,3 m3/s) . H mpwtn mapoxn xpnotpomoidnke yla t
BaBuovounon kat n §gltepn yla TNV enainBeucon Tou povtélou. lNa TNV mpocouoiwon TG
kataAAnAdTnTag evblattipatog BM xpnowomnolBnke n (dla Stadikacia pe tnv neplypadeioa
0TOo rponyoueVo KepdAato. H £€€060¢ Tou LOPOSUVAULKOU UTIOUOVTEAOU XPNOLUOTIONONKE WG
elooboc oto umopovTéNo evblaltAUAToC Kat TEAKA urtohoylotnke n kataAnAotnTa evolattnh-
LOTOC YLOL T OUVOALKT) TIEPLOX HEAETNC ot 16 SladopeTikd oevdpia mapoxwyv (ard 0.01 m3/s
€wg 5 m3/s). MtV emhoyn tou KataAAnAdtepou cevapiou (OLKOAOYLIKAG TTapOoXHC) XPNOLLO-
mowOnke oxeTkog delktng o omolog €Aafe umodn TOu TNV KATAAANAOTNTA TOU KAOE
evolaLTAMATOC avad Topox, Twv oplBUd TwV UYpwV KOUBWVY KAl TN CUVEKTIKOTNTA TwV
KATAAANAWY EVOLALTNUATWV.

5.4. AnoteAéoparta kal culitnon

To aroteAéopata tne épeuvag £5etéav 0Tl mapoxec and 0,17 m3/s éwg 1,5 m3/s elvatl katdA\n-
Agg yla TN SLaTrpNon TNG AETOUPYLKOTNTAC TWY KOWOTATWY BM KaTtdvtn tou ¢payLaTtog Tou
MapaBwva. & UKPOTEPEC KAl LEYAAUTEPEG TTAPOXEC, N KATOAANAOTNTA EVOLALTAUATOC YiveTal
un anodektn Baoestl tng OMY 2000/60 /EE. Ot OKOAOYLKEC TIAPOXEC TIOU UTIOAOYIOTNKAV HE
xpron uSpoloykwy peBddwv kupdvenkay ard 0,0006 m3/s (LéBodoc tnc QBR) éwc 0,18 m3/s
(LEBOBOG Tennant - 30% tnN¢ LEONC ETHOLAC TTAPOXNC), EVW cUPwva Le TNV EBvIKN vouoBeaia
N owkoAoykn mapoyr) Ba rpémnet va kupalvetot petafy 0,03 m3/s kat 0,135 m3/s.

BAoel TwV avwTEPW, OL OLKOAOYLKEG TIAPOXEC TIOU UTIOAOYIOTNKAY E Xpon UOPOAOYL-
Kwv HeBOdwY ATav XaUNAGTEPEC Ao TNV EAAXLOTN OLKOAOYLKN TIAPOXN TOU UTtOAoyioTnKe
Baoel twv HHM. Mdvo to cevdplo 30%-QAA tne pebodou Tennant (0,18 m3/s) rtav oe
oUpHdWVIa HE TNV OKOAOYLKN Ttapoxn Baoel Twv HHM. AuTO PaKTIKA onuaivel OTL LOvVo eva
amod T OKTW USPOAOYIKA oevapla cUUDWYNOE PE TNV EAAXLOTA aTTOOEKTH) OLKOAOYLKH TTapoxh
(mBavdtnTa cupdwviag 12,5%). Qotdoo, dedopévou otL N Twr 30%-QAA avadépetal otnv
‘@plotn’ KATAOTOON TOU OWKOCUOTAWATOC HE BAon TIC ouoTtdoelg tng UeBddou Tennant,
eMelEL OXETIKNC OLKOCUOTNULKAG MEAETNC, ol Slaxelplotég mbavwe Ba mpotipovoav va
edapuodoouy to oevdaplo 20%-QAA 1y to oevaplo 10%-QAA mou avtloTolyolv otnv ‘KaAr’ Kat
‘amobextry’ katdotacn avtiotowa. Q¢ ek TOUTOU, oL UOPOAOYLKEC HEBodoL Ba mpémel va
XpnoLuomolouvtal e poooxn otav dev undpyouv Stabéatpuec HHM pébobdol. Aebopévou otL
L. UYLAC Kowotnta BM oto pépa tng Owone efaodoliZetal os Q = 0,5 m3/s, n anddoon
OLKOAOYLKAG TapoxNg Bacel udpoloyikwy peBddwy, mBavwg (pe mBavotnta 87,5%) va unv
elval n katdAAnAn. Autd ta amoteAéouata eival cuudwva Pe ponyouevn BLBAoypadia mou
emonpuaivel tov ‘kivbuvo’ amo t xpron Twv uSPoAoYIKWY HEBOSWVY WG AUTOVOUWY epyaleiwv
eKTINONG TNG olkoAoyikng mapoxnc (Acreman and Dunbar, 2004, Linnansaari et al., 2013,
Arthington 2012, Papadaki et al., 2017).

JXETIKA HE TOV ouvduaouo Twv udpoloylkwyv PeBOdwv pe Ti¢ HHM peBodouc
EKTLINONG TNG OLKOAOYLKN G Tapox NG, ol Stamou et al. (2018) emonuaivouv OTL 0L GUVSUAGCTLKEC
HEBodol Ba pmopoloav va 0dNyHooUV Ot TIEPLOCOTEPO ‘PEAALOTIKEG OLKOAOYLKEC TIAPOXES
Baocel TWV LOTOPLKWY USPOAOYLIKWY CUVONKWY TNG EKACTOTE TEPLOXNG LEAETNG KAl AABAvVOVTAG
emumAéov umoyn T pmopel va amodoBel oto olkooUoTNUA amd KOWWVIKAG TAEUPAS. To
OUUMEPQOUA QUTO Ouwg, dev Ba MpéEmel va mapeppnveuBel wg ‘pelwon TNG OLKOAOYLKNAG
TIAPOXNG OTA KATAVIN WOTE UeylotomnolnBouv mbava BpayunpodBeoua avBpwriva odEAN ota
avavtn’ (Homa et al., 2005, Jager and Smith, 2008). H olkoAoyikr| mapoxn v Ba mpenel va
TapekKAlvel yla oAU amd autr) Tou umoloyiotnke pe Bacn tig HHM peBodoug wote va
eEaodahloTel N paKkpoTPOBECUN AELTOUPYIKOTNTA TWV KATAVTN OLKOGUOTNUATWV.
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Table Al
Characteristics of the 142 sampled microhabitats (MHs) used in the analysis of chapter 2. 1-80, pre-impact MHs; 81-142, post-impact MHs

Sample 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
S LG LS BO SS BO LS LG SS FG SAND LG BO LS LS SS LS
D (m) 0.14 0.18 0.16 0.2 0.18 0.24 0.18 0.17 0.27 0.2 0.37 0.24 0.37 0.27 0.09 0.36

V(m/s) 0.42 0.6 0.14 0.24 0.16 0.06 0.24 0.23 0.01 0 0.09 0.05 0.37 0.13 0.13 0.06

Sample 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36
S BO SS LS LG SS BO LS BO LS LG SS LS BO LS BO SS
D (m) 0.09 0.12 0.07 0.04 0.21 0.24 0.18 0.18 0.24 0.15 0.24 0.09 0.14 0.07 0.22 0.17
V (m/s) 0 0.13 0.03 0.33 0.05 0 0 0 0.09 0 0.09 0.75 0.05 0.19 0.01 0.15
Sample 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56
S LS BO SS LS SAND BO LS LS BO LS LS LS SS BO BO LS
D (m) 0.44 0.24 0.54 0.64 0.37 0.66 0.8 0.18 0.23 0.18 0.24 0.26 0.29 0.62 0.42 0.38

V(m/s) 0.15 0 0.11 0.06 0 0.03 0.15 0.32 0.25 0.51 0.12 0.46 0.07 0.13 0.02 0.2

Sample 61 62 63 64 65 66 67 68 69 70 71 72 73 74 75 76
S LS SS LG BO SS MG MG SS BO SS LG LS BO LS LS BO
D (m) 0.21 0.26 0.34 0.18 0.44 0.21 0.11 0.21 0.25 0.48 0.16 0.16 0.14 0.21 0.53 0.18

V(m/s) 0.38 0.08 0.27 0 0.67 0.54 0 0.15 0.05 0.47 0.48 0.58 0.46 0.62 0.1 0.08

Sample 81 82 83 84 85 86 87 88 89 90 91 92 93 94 95 96
S LS SS LG SS LS LG LS LS LG SS LS BO LS SS LS BO
D (m) 0.53 0.43 0.4 0.38 0.45 0.36 0.42 0.35 0.48 0.33 0.09 0.18 0.34 0.25 0.26 0.29

V(m/s) 0.48 0.51 0.47 0.55 0.46 0.74 0.68 0.33 0.28 0.07 0.26 0.3 0.2 0.27 0.19 0.35

101 102 103 104 105 106 107 108 109 110 111 112 113 114 115 116 117
BO LS BO SS LG LG SS BO SS SS BO SS LS LS LS SS SS
0.14 0.27 0.14 0.4 0.41 0.37 0.44 0.2 0.5 0.39 0.24 0.21 0.53 0.16 0.2 0.33 0.17
0.72 0.85 0 0.45 0.42 0.28 0.32 0 0.88 0.64 0 0.34 0.14 0.48 0.21 0.82 0.51

122 123 124 125 126 127 128 129 130 131 132 133 134 135 136 137 138
SS SS BO LS LS BO SS SS LS LS FG LS SS LS LS SS BO
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160

17
LS
0.28
0.03

37
LG
0.11
0.21

57
SS
0.04
0.34

77
LS
0.32
0.6

97
SS
0.09
0.59

118
LS
0.35
0.49

139
BO
0.25
0.13

18
SS
0.24
0.62

38
LS
0.2

58
BO
0.06
0.49

78
MG
0.14
0.41

98

SS

0.2
0.27

119
LS
0.22
0.4

140
LS
0.27
0.33

19
BO
0.18
0.34

39
SS
0.07
0.27

59
LG
0.12
0.41

79

SS

0.1
0.38

99
LG
0.15
0.01

120
LS
0.08
1.17

141
SS
0.17
0.18

20
LG
0.13
0.29

40
LG
0.14
0.08

60
LG
0.17
0.27

80
BO
0.31
0.05

100
LG
0.21
0.08

121
SS
0.25
1.28

142
LS
0.23
0.39



Table A2
T-test results for the macroinvertebrate metrics before and after the high flow event (chapter 2).

Metrics df Sig. (2-tailed)
N Taxa 98.269 <0.000001
EPT Taxa 85.173 <0.000001
Shannon’s Diversity Index 69.699 <0.000001
% Grazers and scrapers 65.882 0.000026
% Miners 137.798 <0.000001
% Shredders 140 0.001000
% Gatherers/Collectors 66.571 <0.000001
% Active filter feeders 135.528 <0.000001
% Passive filter feeders 107.845 0.044000
% Predators 76.562 0.049960
% Parasites 126.689 <0.000001
Table A3

Independent sample t-test results of chapter 2 for the macroinvertebrate metrics per substrate. Metrics
with statistically significant differences (p<0.05) between the pre- and post-impact samples are indicated
in bold.

Metrics Boulders Large stones Large gravel
df Sig. (2-tailed) df Sig. (2-tailed) df Sig. (2-tailed)
Abundance 27.5 0.000017 37.3 <0.000001 15.5 0.000031
No. of taxa 28 0.001000 35.3 0.000013 17 0.000214
EPT taxa 28 0.004900 30.9 0.000800 7.8 0.009000
Shannon’s 10.1 0.180000 25.9 0.001900 6.2 0.041000
Diversity Index
% Grazers/
9.6 0.086000 24.3 0.041000 6.4 0.592000

scrapers
% Miners 27.6 0.000074 41.8 0.000070 17 0.346000
% Shredders 28 0.844000 46 0.042000 17 0.173000
0,
3 CRICTER) 9.4 0.004000 23.9 0.005000 17 0.364000
collectors
o L
LIS 28 0.000222 40 0.000060 17 0.196000
feeders
o L
% Passive filter 28 0.056000 46 0.107000 13.2 0.483000
feeders
% Predators 10.5 0.530000 28.6 0.134000 6.9 0.432000
% Parasites 27.7 0.000071 32.3 0.000010 17 0.357000

Table A4

Characteristics of the simplified BRT models developed in chapter 2.

. . . No of McFadden's
Metrics Bag fraction Learning rate No of trees variables DG
Abundance 0.5 0.002 1550 4 0.68
N Taxa 0.5 0.002 2300 5 0.57
EPT taxa 0.5 0.002 3800 5 0.61
shannon’s 0.5 0.002 2650 4 0.66

Diversity Index
* pseudo-R? = 1 - (residual deviance/total deviance)
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Table A5. Detailed characteristics of the 380 microhabitats sampled over three seasons during 2015 in nine reference sites in Greece. EPT: Ephemeroptera, Plecoptera,
Trichoptera; SW: Shannon-Wiener diversity index. For substrate classes abbreviations see chapter 3.
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9
8
13
8
6
11
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5
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8
8
6
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13
9
9
7
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diversity

2.29

1.684
1.802
1.928
1.874
1.586
1.341
2.379
2.267
2.085
2.054
1.682
1.923
1.378
2.13

2.067
2.292
1.803
1.53

1.498
1.881
1.433
1.704
1.512
1.512
1.489
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48
46
21
101
20
13
95
49
62
26
65
21
88
13
47
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20
26
10
66
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29
85
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19
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Substrate
(No.)
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0.07
0.04
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0.04
0.07
0.05
0.04
0.07
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0.07
0.03
0.026
0.04
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0.16
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velocity
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0
0.3
0.37
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0.6
0.66
0.32
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0.16
0.08
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0.34
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0.544
0.414
0.602
0.881
0.924
0.647
0.746
0.521
0.776
0.304
0.697
0.744
0.966
0.515
0.507
0.400
0.632
0.590
0.690
0.529
0.495
0.462
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379 3 Ag. Dimitrios AgDAu19 21-10-15 13 6 1.811 184 16.2 SS 0.04 0.5 0.27 0.915
380 3 Ag. Dimitrios AgDAu20 21-10-15 5 2 0.847 26 16.8 LS 0.05 0.3 0.12 0.340
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