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Recovery of the river connectivity relies on the application of structural and non-structural solutions. Within the
structural solutions, vertical slot fishways (VSF) are most popular, but achieving the desired efficiency remains a
challenge. To this end, evaluation of both biological and hydraulic efficiency is imperative. A Eulerian
ELAM Lagrangian Agent Based Model (ELAM) of fish upstream migration through VSFs is presented in this work that
Fscaping response considers one passive and three active behaviors affecting fish swimming pathlines of bighead carps (Hypo-
CFD phthalmichthys nobilis) and silver carps (Hypophthalmichthys molitrix). The passive behavior consists in a 2-D
random walk where no external stimuli are detected. The first active behavior represents fish attraction to a
nearby flow region as a Gaussian distribution function of turbulent kinetic energy, velocity magnitude and ve-
locity strain rate. The second active behavior represents wall collision avoidance, whereas the third considers the
tendency of the fish to escape from high velocity zones. Stochasticity is considered in the model to represent the
dispersion in the experimental pathlines. The ELAM is tested for two different VSF configurations and is found to
well reproduce the experimental pathlines, particularly when the escaping response to high velocity zones is
considered. Results show that the ELAM model can be used as an appropriate tool for modelers and designers to
evaluate fish passage efficiency.

Upstream migration

1. Introduction

The capacity of rivers to transport sediments, organisms, nutrients,
organic matter and energy is governed by their pathway connectivity.
Streamflow in rivers can be highly affected by anthropogenic activity. It
is estimated that 2.8 million dams are built over 500,000 km of rivers
and canals worldwide (Nilsson et al., 2005). Around half of the river
reaches show a diminished connectivity (Grill et al., 2019). Many fish
species depend on appropriate low-energy corridors created by complex
hydro-morphology conditions to complete migratory processes (VicIn-
tyre et al., 2016). Hermoso and Filipe (2021) suggest that some species
are irreversibly impacted by placing a single barrier over a river reach.
Fishways, usually built next to large barriers, represent a mitigation
measure to maintain river connectivity rather than a solution (Silva
et al., 2018). Therefore, guaranteeing their best functioning is essential
in the recovering of river connectivity.

Among all types of fishway structures, Vertical Slot Fishways (VSF)
are the most popular structures worldwide (Fuentes-Pérez et al., 2017)
to mitigate river connectivity loss. Over 20 design configurations have

been proposed (Quaranta et al., 2019; Rajaratnam et al., 1986, 1992).
VSF design is focused on the control of velocities and turbulence, so that
targeted fish species feel comfortable in their trajectory through the
structure for both downstream and upstream migration (Larinier, 1992).
Several studies have been undertaken to evaluate the hydraulic behavior
and the efficiency of VSF (Baki and Azimi, 2021; Bombac et al., 2014;
Fuentes-Pérez et al., 2022; Sanagiotto et al., 2019). Despite this,
achieving desired passing efficiency at VSF still remains a challenge.
Bunt et al. (2012) analyzed the efficiency of different fishway structures
and found that VSF displayed a mean efficiency of 63% for attraction
and 51% for fish passage. Noonan et al. (2012) concluded that upstream
passage efficiency was around 41.7% for non-salmonid and 61.7% for
salmonid fish. They also demonstrated that pool-type fishway and VSF
are the most efficient fishway over other designs. Specifically, VSF dis-
played around 53.5% of efficiency for salmonids and 31.3% for non-
salmonids. To mitigate the impact of a river barrier it is suggested a
90%-100% efficiency should be established between passing and
attraction for diadromous fishes (L.ucas and Baras, 2001).

Even if VSF design complies with all the hydraulic requirements
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reported in the literature, fish passing efficiency might not be satisfac-
tory. Efficiency depends not only on hydrodynamics, but also in fish
swimming behavior (Castro-Santos, 2005). Therefore, addressing not
only VSF hydraulic variables but also fish response is imperative in the
recovery of river connectivity. In the last decades, explicit IBM models
which couple ecological and biological components with hydrody-
namics have been developed to model aquatic ecosystems (Willis, 2011).
Goodwin et al., 2006 presented a pioneering study on this approach in
which they developed and applied the Eulerian Lagrangian Agent Based
(ELAM) model to reproduce the downstream migration of juvenile
salmon when large barriers were placed in water bodies.

In fish swimming models, Eulerian approaches provide the infor-
mation of the environment surrounding an individual, such as hydro-
dynamic variables and water quality indicators, essential for fish habitat
selection. In addition, Lagrangian approaches track the position of in-
dividuals or groups of individuals within a computational domain.
Agent Based Models represent groups of individuals which have their
own set of attributes to interact with the surrounding environment and
each other (DeAngelis and Grimm, 2014). In ecology, Agent Based
Modelling and Individual Based Modelling (IBM) can be considered
equivalent. Nonetheless, DeAngelis and Grimm (2014) characterized
IBM for being able to represent local interactions, adaptive behaviors
and population dynamics which cannot be represented by Partial Dif-
ferential Equations (PDE). Although Goodwin and others (2006)
developed their ELAM for downstream migration, their approach has
also been applied to upstream path selection in VSF (Gao et al., 2016;
Kuli¢ et al., 2021; Tan et al., 2018). Particularly, Tan et al. (2018)
developed an ELAM and experimentally observed juveniles Silver carps
in a scaled VSF model. They found responses to hydrodynamic variables
such as turbulent kinetic energy or velocity strain rate.

ELAM models have helped researchers identify different ranges of
hydrodynamic variables influencing fish path selection, such as turbu-
lent kinetic energy or velocity magnitude (Gao et al., 2016; Tan et al.,
2018), as well as to optimize fishway geometry to reduce fish energy
expenditure (Kuli¢ et al., 2021). Although most of these studies have
been supported by experimental data, only Kuli¢ et al. (2021) consid-
ered fish swimming performance indicators and none included escape
responses to specific flow characteristics. In fact, it has been observed
that fish at barriers develop erratic swimming in presence of high ve-
locity, pressure gradients and high turbulence intensity (Goodwin et al.,
2014; Piper et al., 2015; Silva et al., 2020). It has been proven that some
fish species react repulsively to some turbulent characteristics of the
flow in upstream migration (Muhawenimana et al., 2019; Silva et al.,
2012; Tritico and Cotel, 2010). To the best of our knowledge, the ELAM
model presented in this study is the first to address a range of fish
swimming capabilities, like critical swimming speed and bursting
swimming speed linked to stimulus perceived by the agent. In addition,
we considered an escape response to high flow velocities. To date, there
is no scientific basis that a single fishway design will provide the flow
conditions to target different fish species with different characteristics
and swimming abilities (Silva et al., 2018).

The main purpose of this study is to evaluate the performance of an
ELAM for predicting fish swimming trajectories in a Vertical Slot
Fishway. The model relies on 3-D CFD simulations as inputs for an
individual-based model of fish migration behavior. The IBM model is
based on the experimental data of Tan et al. (2018, 2019). Four different
behaviors were considered for a fish agent, assuming that the agent’s
behavior is only driven by hydrodynamic variables. Variability due to
external stimuli such as light or temperature, or due to internal stimuli
such as stress or fatigue are addressed by adding some stochasticity in
path and swimming speed selection. Some other assumptions were
considered. First, the agent’s swimming direction is mainly counter
current. Second, energy expenditure is evaluated, although disregarded
in the ELAM. Third, an efficiency of 100% is assumed, i.e. all agents in
the simulations will succeed at passing the VSF. As a secondary objec-
tive, we aim to analyze the influence of each hydrodynamic variable on
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path selection and to evaluate the distribution of pathlines described by
fish. Finally, we assess the effect of an escape response to high flow
velocities and its effect on the agent’s energy consumption through the
fishway.

2. Materials and methods
2.1. Experimental data

Tan and others (2019, 2018) performed a series of experiments in a
1:2.5 scale physical model built at the Engineering Research Center of
Eco-Environment in Three Gorges reservoir region, Yichang (China).
The hydrodynamic channel was 7.0 m (L) long and 0.5m (B) wide.
Experiments were conducted in 5 pools, each 0.625 m (Lp) long. The
opposite baffles, having a length of 0.25 m (= b1) and 0.125 m (= b2),
were staggeringly arranged in opposite sides on the for the first two
treatments sidewall (C1.1 & C1.2, Tan et al., 2019) and in the same side
of the sidewall for the third (C2, Tan et al., 2018). The slope of the
channel in both cases was 1%, the inlet was located 2.375 m upstream of
the first baffle and the outlet 1.25 m downstream of the last baffle. They
tested 15 individuals of the bighead carp (Hypophthalmichthys nobilis)
with 18 1/s of flow rate for C1.1, 18 individuals with 26 1/s of flow rate
for C1.2 and 30 individuals of the silver carp (Hypophthalmichthys
molitrix) for C2. Configurations C1 and C2 are shown in Fig. 1. A sum-
mary of the characteristics of each case is presented in Table 1.

Albeit the experiments were performed with different fish species, i.
e. bighead carp and silver carp (Table 1), we consider Asian carp as the
reference species for all cases in light of the availability of experimental
data. Asian carps are endemic from eastern Asia, but have been intro-
duced in the Americas, Europe and throughout Asia. They are usually
found in turbid water such as the Yangtze River in China or the Mis-
sissippi River in the in the US, where they are considered injurious
species (Nico et al., 2023a, 2023b). Asian carps studies have been widely
developed both in endemic (Fang et al., 2022; Feng et al., 2019; Tan
et al., 2018, 2019, 2022) and nonnative ecosystems (George and
Chapman, 2013; Hoover et al., 2017). They tend to choose habitats with
relatively calm waters, rich biological bait and low human interventions
(Fang et al., 2019). Both bighead and silver carps are fresh water
cyprinid fish, which exhibit regular migratory habits for spawning and
nursery periods, between lakes and rivers (Lucas and Baras, 2001).

2.2. Hydrodynamic model — Eulerian framework

We performed a 3-D CFD simulation (Eulerian) for each geometry
using the CFD code OpenFOAM v2112 (ESI Group, 2022). For all the
cases, we solved the incompressible Reynolds Averaged Navier-Stokes
(RANS) Equations:

ou:

=i 1
o @
du; _ou;  1dp 0 ou;  0u; 2
EJFM'/TX]-_7;)(37)Ci+()7xj{(y+y’)(axj+()7)q>736[/k:|+fi (2)

where x is the space, t is time, U is the averaged velocity, p is fluid
density p is the averaged pressure, v is the kinematic viscosity of the
fluid, v, is the turbulent kinematic viscosity, &; Is the Kroneker delta, k is
the turbulent kinetic energy (TKE) and, f is the body force, i,j =1,2,3. v;
is computed through turbulence modelling. Validated simulation results
in VSF have been published with regards to the standard k-e (An et al.,
2016; Baharvand and Lashkar-Ara, 2021; Fuentes-Pérez et al., 2017) and
RNG k-¢ (Stamou et al., 2018; Tan et al., 2019) models. In this study,
simulations were performed using the RNG k-¢ turbulence model:

k2
w=C, 3
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Fig. 1. Geometry and dimensions of the vertical slot fishway.

Table 1
Summary of the case studies extracted from Tan et al. (2018, 2019). In the table,
n is number of individuals and Q is discharge.

Case Fish species n VSF configuration Q (I/s)
Cl.1 Bighead carp 15 Baffles staggeringly arranged 18
Cl.2 Bighead carp 18 Baffles staggeringly arranged 26
C2 Silver carp 30 Baffles uniformly arranged 13
ok ok 0 v\ ok
— 4= |(v+=—) | +G—e¢ 4
ot OX/‘ dxj Oy ()xj
de _de 0 v\ Oe € & 1 —n/n, €
S+ == ||v+=) 5= | +Caz G~ Co——C — 3 — 5
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wherey = (k/e)(G/yt)O‘s, $1i50.012 and 7, is 4.38, C,,, Ce1, Ce2, o and
o, are empirical coefficients whose values are 0.085, 1.42, 1.68, 0.7194
and 0.7194, respectively. Considering the multiphase nature of the
phenomenon, we used the interFoam solver, which has been proven
suitable for simulation of sharp continuous interfaces in open channel
flows (Fuentes-Pérez et al., 2018; Jiang et al., 2018). interFoam solves
multiphase flow (2 immiscible fluids) using the PIMPLE algorithm and
hydrostatic pressure contributions (ESI Group, 2022). The solver im-
plements Volume of Fluid (VoF) method (Hirt and Nichols, 1981) to
track the free surface interphase in open channel flows:

da N o(u;a)
ot ax,-

-0 @

where, a is the fluid fraction (0-1), generally of the denser fluid. All

variables in each cell volume, &, are averaged at the interface:

5 = éwa!m‘a + fair(l - a) (8)

The grid was structured with refinement at the baffles. Mean cell size
was 0.02 m and the number of cells was approximately 550,000

elements for each model. Time step was dynamically computed
considering a maximum courant number of CFL = 0.45 for stability.
Mesh configuration is displayed in Fig. 2.

We defined three open boundaries, i.e. inlet, outlet, and atmosphere,
and wall boundaries on the channel walls, respectively. The wall type
boundary condition was defined as no slip condition. The domain was
split in two blocks, to control the water depth at the inlet boundary in
which the inflow rate was defined. In contrast, the mean water flow
velocity was set in the outlet condition to keep the downstream water
level. Boundary conditions for the CFD simulation (Eulerian) are pre-
sented in Table 2.

Previous studies have shown that the bed friction coefficient has
little influence on the flow dynamics of the fishway for both 2D (Bombac
et al., 2014; Cea et al., 2007) and 3D numerical models (Barton and
Keller, 2003). Therefore, roughness was neglected in the simulation.
Once initialized, the simulation time for each simulation was 200 s,
which ensured the achievement of a steady state condition and satis-
faction of the continuity equation (i.e., Qin ~ Qou, Where Qj, is the
discharge at the inlet and Q,, is the discharge at the outlet). The reso-
lution of the computational grid used in this study is consistent with the
findings of Ruiz-Coello et al. (2024), who performed a grid convergence
analysis using the same 3D model used in this study.

2.3. Lagrangian framework and sensorial system

In habitat modelling, Eulerian models are able to represent physical
(hydrodynamics) and chemical (water quality/heat transfer) variables,
while Lagrangian models predict the particle positions within the
Eulerian model domain (Baharvand et al., 2023; Nestler et al., 2016;
Perianez, 2020). In our model we use one-way Eulerian-Lagrangian
coupling, according to which the hydrodynamic variables influence fish
motion, but fish motion does not influence the hydrodynamic variables.
In the Lagrangian fish model, the motion of a fish satisfies the equation:

Oxp;

o = Ufish,i ©)

where xp;, i = 1,2,3, is the position along the x; axis, and u,; is the
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Fig. 2. Computational mesh on the x-y plane used in the flow simulations a) Configuration C1; b) Configuration C2.

Table 2
CFD model boundary conditions according to the OpenFOAM nomenclature.
Variable inlet outlet walls atmosphere
Dhyd zeroGradient zeroGradient fixedFluxPressure totalPressure
@ variableHeightFlow outletPhase nosi pressurelnlet
! RatelnletVelocity MeanVelocity P OutletVelocity
fixedValue inletOutlet kqRWallFunction inletOutlet
€ fixedValue inletOutlet epsilonWallFunction inletOutlet
a ;‘Z::bIEHelghtnow zeroGradient zeroGradient inletOutlet

agent’s velocity determined by different hydrodynamic stimuli accord-
ing to a behavioral model.

Fish use lateral line system to sense changes in the fluid flow envi-
ronment. The fish lateral line is composed of superficial neuromast
(SNs), which filters hydrodynamic stimuli, and canal neuromasts (CNs),
which measures free stream acceleration by processing pressure gradi-
ents on the fish surface (van Netten and McHenry, 2014). Using the
lateral line system, fish can sense hydrodynamic variables such as ve-
locity, acceleration, pressure gradients and shear stress. Goodwin et al.
(2006) called their model Numerical Fish Surrogate (NFS) approach,
which scales fish sensorial perception by defining a symmetrical sensory
ovoid constrained by a Sensory Query Distance (SQD). In order to
reproduce the lateral line sensorial system, we followed the NFS
approach. However, we adopted Gao et al.’s (2016) proposal, which
assumes that the sensory query distance is a function of the Body Length,
BL, and a random variable, RN:

SQD = max(Ax;,BL e (14-0.5 ¢ RN)) (10$)

in which RN is randomly generated at each time step between 0 and
1. According to eq. (10), SQD should not be larger than 1.5BL, where BL
was randomly chosen for each simulation between 0.1 and 0.15 m. Asian
carps swimming performance indicators were taken from Cai et al.
(2020), who conducted a study on swimming performance parameters
linked to BL for six different carp species along a VSF in China. They
concluded that the critical swimming speed, U, which is the maximum
sustained swimming speed (aerobic swimming capability) that the fish
can sustain over 200 min without fatigue (Hammer, 1995), is 2.62-9.23
BL/s; and the burst swimming speed, Uy, i.€. the highest speed that the
fish can reach for escaping maneuvers shorter than 15 s (Hammer,
1995), is 3.35-9.38 BL/s with BL in meters. The results presented by Cai
et al. (2020) are in contrast with those found earlier by Newbold et al.
(2016), who found that the mean U,,;, 3.84 BL/s, was approximately the
half of mean Uy, 7.80 BL/s, for the bighead carp. In addition, similarly
to Cai et al. (2020), they observed that high individual variation in

swimming speed produced an overlap between the ranges of prolonged
and burst swimming speed. Thus, we used the mean U, presented by
Newbold et al. (2016) as the highest value in our model. These values
randomly change, with a uniform distribution, at each time step within
the range specified.

The experimental data are from juveniles, which can be 0.1-0.15 m
in length. However, previous studies have shown that while the absolute
swimming speed is smaller in juveniles, the relative swimming speed can
reach up to 15 BL/s (Hoover et al., 2017; Tan et al., 2021). The ranges
selected in this study belong to adults and should provide a general
model for Asian carps. It is important to note that the chosen swimming
performance indicators do not reach the maximum values observed for
juveniles but fall within the range of their typical swimming perfor-
mance. In addition, the hydraulics of the VSF evaluated by Tan et al.
(2018, 2019) are somewhat unconventional and relatively calm, with no
challenging water drops, so that the carps do not need to use their
maximum swimming performance.

2.4. Individual based model

Neurophysiological recordings of superficial neuromast (SNs) are
velocity sensitive at frequencies below 50 Hz (McHenry and Liao, 2014).
However, canal neuromasts (CNs) sensorial frequency can go up to 200
Hz. Indeed, the canal neuromasts (CNs) display a superior response to
flow velocities at frequencies over 10 Hz (van Netten and McHenry,
2014). Considering this evidence, the time step in which the agent
screens the environment and chooses the most suitable path should be
between 0.02 and 0.1 s. The agent’s time step, Atg,, was therefore set to
0.05 s to guarantee a proper time discretization of the fish line paths and
not to be in the edge of the frequency ranges. To determine the impact of
the time step in the IBM predictions, an additional study was performed
within the ranges of frequencies of the sensorial responses. The results
are presented in the supplementary information and confirm the selec-
tion of Atgp, = 0.05 s as the most suitable time step.
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Considering that VSF hydraulics is mainly two-dimensional (Bombac
et al., 2014), the IBM model is designed to work in a 2D quasi-steady
state flow field, in which the inflow remains approximately equal to
the outflow throughout the simulation. The flow field is taken as the xy
plane at a height of z/h = 0.6 of the 3-D simulations described in section
2.2. Stimuli, actions, and conditions of each behavior are summarized in
Table 3. Contrary to (Tan et al., 2018), the Eulerian input in this case is
not the 2-D depth-averaged hydraulics, but the selected xy plane at z/h
= 0.6 can be taken as most representative of the depth-averaged flow
variables. Finally, based on the results published by Ruiz-Coello et al.
(2024) and the fact the results are extracted by interpolation at z/h =
0.6, the resolution of the computational mesh is not likely to impact on
the agent’s response.

IBMs are models which describe populations as ensembles of in-
dividuals with their own set of attributes which determine the in-
teractions with the surrounding environment and with each other
(DeAngelis and Grimm, 2014). The model presented in this work follows
the general approach proposed by Goodwin et al. (2006), in which the
Eulerian domain is the surrounding environment, local interactions are
addressed by the Lagrangian model (eq. 9), the sensorial system and the
adaptative behavior is described by the IBM. Fig. 3 shows the four be-
haviors described in Table 3.

2.4.1. Behavior 0: Random Walk

Random walk behavior, By, is triggered when there is no cell suitable
enough within the SQD sphere such that P; < Pyespoid, Where the prob-
ability Peyresnola Was set to 0.05. This implies that the agent will select this
behavior in quasi-still water state. It is coded as Correlated Random
Walk (CRW), whereby the displacement of the agent is correlated with
the previous agent’s state (Codling et al., 2008). Specifically, the agent
only updates its swimming direction with a uniformly random change of
direction between —30° and 30° (¢) (Fig. 3a). Fish velocity is given by:

U
S 11

—
U fish

—
U fish = Ucr[[ L4

0=0+¢

where T s is the agent’s velocity and 6 is the angle of U s, respect to
the x-axis.

2.4.2. Behavior 1: Attraction towards the most suitable cell

Decision making is based on two components, information process-
ing and response generation. Internal responses in fish decision making
can be represented by a dual Gaussian distribution of noise alone and
stimulus plus noise (Kemp et al., 2012). Following Tan et al. (2018), we
assumed a single Gaussian Probability Density Function (PDF) for this
behavior, B;. The stimuli triggering a response are turbulent kinetic
energy (TKE), velocity magnitude (U) and velocity strain rate (SR). Since
each variable have different units, the PDF for Behavior 1 was normal-
ized by the peak probability:

Table 3
Agent’s behavior criteria implemented in the Individual Based Model (IBM).
Behavior Stimulus Action “Condition
0 none Random walk P; < Pipreshold
1 Hydrodynamic variables Attraction P; > Pipreshold
2 Wall boundary Avoidance ‘ﬁl —0
3 High velocity flow fields Escape response ‘7‘" > Upreshold

* P;: Joint probability (likelihood of choosing a path), Puyeshoia: Threshold

value of P;, U;: Flow velocity, Ureshold: Threshold value of Ui_
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where ®@; is the hydrodynamic variable, y is the fish preferred value
(mean) of the hydrodynamic variable, ¢ is its variability, p(®;) is the
normalized PDF (0-1), ppea is the peak value of the distribution, P; is the
joint probability from the cells within the SQD sphere, and W; is the
weight of each variable (TKE, U & SR) in the joint probability. 4 and ¢
were found through the statistics of the spatial dispersion from experi-
mental data (Tan et al., 2018, 2019) over the CFD simulation results,
while W; is tuned through the calibration and validation process. The
agent’s velocity is given by:

D
7ﬁsh = Ucir ® = 14)
D

where D is the distance vector between agent’s position and the
selected cell. This behavior follows Tan et al.’s (2018) model. However,
in our model, the agent samples all the cells and chooses randomly
among the 50% most suitable cells in the SQD sphere in the upstream
direction. Railsback and Grimm (2012) suggest adding random noise or
a consistent bias to how the agent processes information. In this sense,
stochasticity is used also to address the variability of complex processes
that are not considered in this formulation. In our study, only hydro-
dynamic stimuli are considered to drive agent’s behavior, thus
neglecting all other internal and external stimuli.

2.4.3. Behavior 2: Wall avoidance

Although the main fish sensory input may be visual (Montgomery
et al., 2000), they use their mechanosensory lateral line system to sense
changes in flow field characteristics generated by obstacles to avoid
collision (Windsor et al., 2008, 2010). Consistently with this fact,
Behavior 2, By, is triggered when a cell with zero velocity magnitude,
|Ui| =0, is found in the half inner radius of the SQD sphere. This velocity
magnitude is found in near-wall regions, as the no slip condition is
imposed on the walls (Table 2). According to this type of behavior, a
velocity in the direction opposite to the sidewalls towards the jet region
is added to the velocity defined in Behavior 1 according to a weighted
average:

|

—

D D
Whsh = Ugig® | RW @ ——+ (1 —RW) 0 —— @5)
D, ’ D,

in which D is the distance vector between agent’s position and the

most suitable cell, D, is the distance vector between agent’s position
and the closest cell at the jet region at baffle’s position. RW is a random
variable that varies at each time step between 0.05 and 0.5. Moreover,
the agent can identify sidewalls (parallel to main agent’s swimming
direction) and baffles (perpendicular to main agent’s swimming direc-
tion). When the agent finds a wall baffle, the condition constrains the
SQD sphere, allowing the agent to choose among all suitable cells behind
the baffle (Fig. 3c).

2.4.4. Behavior 3: Escape from high velocity regions

Piper et al. (2015) observed that European Eels (Anguilla anguilla)
displayed an escaping behavior when exposed to high velocity gradients.
Silva et al. (2020) also observed that rapid swimming, at speeds even
higher than estimated Uy, of smolts of Atlantic salmon (Salmo salar)
occurred in zones with high gradients of velocity magnitude and di-
rection and where TKE was highest.
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Fig. 3. Illustration of the sensory query circle and cell selection probabilities for the different behaviors; a) Behavior 0; b) Behavior 1; ¢) Behavior 2; d) Behavior 3.

Behavior 3, Bs, represents a deviation from the default fish behavior.
Although the agent’s swimming direction follows the same rules
described for Behavior 1, when flow velocity magnitudes within the SQD
sphere are higher than Usyesnold = pyy + 1.75 @ oy an alternative behavior
governs the agent, which considers the effect of uncomfortable veloc-
ities. First, the uncertainty in the selection of the most suitable cells
defined in Behavior 1 increases from 50% to 75% of most suitable cells.
Second, the SQD sphere radius is reduced by half, constraining the agent
sensory scope (Fig. 3c). Finally, the agent uses Uy, instead of U, as
velocity magnitude. This behavior aims to replicate the fish escaping
response when it experiences high accelerated flows.

2.5. Calibration and validation

Model validation is based on the experimental data published by Tan
et al. (2018, 2019). After extracting from their datasets, the trajectories
described by the fish within the fishway, a polynomial regression model
of order 10 was applied to the data to define the average trajectory of the
fish. We then defined the Root Mean Square Error (RMSE) between the
simulated trajectory and average trajectory as an objective function for
model calibration. For each case, 1000 simulations were performed for
different values of the coefficient W; in eq. 13. After finding the co-
efficients minimizing the RMSE and considering the dispersion in the
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experimental data, 15, 18 and 30 agents were simulated for C1.1, C1.2
and C2, respectively, to replicate the experimental data. The y-axis
variability in the simulated fish pathlines was compared with the
experimental data by using the mean pathline obtained by polynomial
regression and the first two central moments (mean, Hys and standard
deviation, o)) evaluated at 30 spatial intervals in the transverse sections.
In each configuration, experimental data is available for pools 2, 3 and 4.
A linear regression model between simulated and observed carps posi-
tions (Correndo et al., 2021; Smith and Rose, 1995) for both the poly-
nomial function and the mean paths, 4, (eq. 16) was applied to evaluate
the goodness of fit of the model:

Y, =a+mX; (16)

where Y; are the observed data values, X; are the simulated values, a
is intercept and m is the slope of the regression function. The null hy-
pothesis corresponds to a =0 and m = 1. A metric of the correlation
between Y; and X; is given by the coefficient of determination, R? (Yang

2.25 2.50 2.75 3.00

c)
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et al., 2014), Moreover, the dispersion of the pathlines along the y-axis
was evaluated globally rather than at each interval. Comparison with
the average pathline and the mean transverse position y, must be
complemented by the evaluation of the dispersion around the mean
pathline, o), to ensure that the ELAM provides a suitable statistical
description of the trajectory described by the fish.

2.6. Energy cost assessment

Energy cost was evaluated by calculating the drag power, which
represents the energy loss per unit time (Fish, 2010):

AE 1
K =5epeSeCoe Uy a”n

where AE is work done by the agent, At is the time step, S is the
wetted area, i.e. an ellipsoid of revolution with dimensions BL, 0.5BL
and 0.25BL, Cp = 0.015 is the drag coefficient (Webb, 1975), and Up is
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the agents relative velocity magnitude given by Up =

ﬂ};_;h — ﬁ‘ Kulié¢
et al. (2021) used a similar approach to assess fish energy consumption.
Although, in practice, the drag coefficient is far from being constant,
there are no empirical relationships that link the drag coefficient of a fish
to the Reynolds number, therefore the value assumed should be inter-
preted as a reference value corresponding to typical fish swimming
speeds. This may lead to errors in the evaluation of the energy con-
sumption in low velocity zones, but since energy consumption scales
with Up®, we expect their contribution to the overall energy consump-
tion to be relatively small.

3. Results
3.1. Hydrodynamic model

The hydrodynamic simulations converged to steady state in around
150 s of simulation time. Fig. 4, Fig. 5 and Fig. 6 display the spatial
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distribution of the hydrodynamic variables (TKE, U, SR) on the xy plane
(z/h =0.6) at time t = 200 s, which ensured steady state conditions in all
simulations. The black circles represent the positions occupied by the
Asian carps as they migrate upstream along the fishway in the experi-
mental work of Tan et al. (2018, 2019).

The maximum TKE values found in the simulations were 0.039,
0.046 and 0.028, m?/s%, while the maximum values of the velocity
magnitude, U, were 0.77, 0.81, and 0.65 m/s, for Cl.1, C1.2, C2,
respectively. The maximum SR value was set to 10 s~ so that zones with
SR greater than the maximum are considered highly variable. Within the
zones SR < 10 s’l, mean values of SR were 3.32, 3.48, and 3.53 s’l, for
Cl.1, C1.2, C2, respectively. Mean values of SR are not very different.
Therefore, the analysis focuses on the zones characterized by high ve-
locity gradients (SR > 10 s™1).

Asin Tan et al. (2018, 2019), the hydrodynamic variables of the VSF
where extracted from the pools 2, 3 and 4 at the plane xy, z/h = 0.6, for
further analysis. The hydrodynamics of C1.1 and C1.2 are similar, with
mean TKE in the domain equal to 0.008 and 0.010 m?/s?, respectively.
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Fig. 5. Velocity magnitude, U, at z/h = 0.6 and experimental distribution of migration pathlines (Tan et al., 2018, 2019); a) case C1.1; b) case C1.2; c) case C2.
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67.86% and 57.74% of the selected domains display values lower than
0.01 m?/s%, as well as 90.80% and 85.96% lower than 0.02 m?/s%
respectively. The mean velocity U is 0.15 and 0.19 m/s, respectively.
However, this value increases up to 0.20 and 0.24 m/s for C1.1 and C1.2,
respectively, in the part of the domain for which y € [0.1,0.4] where the
maximum velocities are found. In 73.62% and 71.77% of the domain,
the velocity U is lower than the mean value. Finally, 55.13% and 65.97%
of the domain displays strain rates lower than 10 s* for C1.1 and C1.2,
respectively.

For the C2 geometry, turbulence intensity is significantly different.
The mean value of TKE is 0.004 m?/s2, which is half of the value found
for C1.1 and C1.2. Moreover, in 87.54% of the selected domain TKE
values are below 0.01 m?/s% C2 is significantly less turbulent than 1.1
and C1.2. On the other hand, the mean velocity magnitude in the whole
domain is 0.11 m/s and 0.19 m/s for y € [0.1,0.3], where the slot
openings and maximum velocities are located. These values are not
significantly different compared to those in the C1.1 and C1.2 configu-
rations. In C2, 84.52% of the total domain is characterized by velocities

lower than the mean for y € [0.1,0.3]. Finally, 66.50% of the total
domain displays SR values lower than 10 s .

Maximum velocities are 0.81, 0.87 and 0.63 m/s and water depth of
0.24, 0.34 and 0.26 m for C1.1, C1.2 and C2, respectively. The highest
Froude numbers are 0.56, 0.48, and 0.40, respectively, so all the con-
figurations are in the subcritical regime even in the jet region. Consis-
tently with this fact, water drops are not pronounced and there are no
step changes in the free surface elevation along the VSFs.

3.2. ELAM calibration and validation

The Eulerian CFD simulations were followed by statistical analysis
and model validation. The preferred values for upstream carp migration
() are 0.08-0.012 m?/s> for TKE, 0.25-0.29 m/s for U and 4.24-5.15
s! for SR. After a sensitivity analysis, the weighting W; of the hydro-
dynamic variables according to eq. (13) in the C1 case was 0.82-0.86 for
TKE, 0.09-0.13 for U and 0-0.08 for SR. Table 4 shows the calibrated
coefficients (attraction behavior, By).
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Table 4
Calibrated coefficients for attraction behavior, B;.
Case Q (I/s) TKE U SR
# (m?/s?) ¢ (m%/5%) W (=) # (m/s) ¢ (m/s) W (=) p(1/s5) 6 (1/5) W (-)
Cl.1 18.0 0.0121 0.0064 0.860 0.287 0.215 0.138 5.147 1.121 0.002
Cl1.2 26.0 0.0120 0.0058 0.824 0.264 0.166 0.091 4.813 2911 0.085
Cc2 13.5 0.0083 0.0038 0.741 0.250 0.165 0.101 4.239 2.963 0.159

The agents’ trajectories were verified with the validation tests
described in section 2.5. Validation coefficients a, m and R*(eq. 16)
before including Behavior 3 are displayed in Fig. 7a and Fig. 7b, and in
Fig. 7c and Fig. 7d after including Behavior 3. The first two figures show
the polynomial regression, y,qn = f(x), and the first statistic moment of
the agent’s position along the y-axis, .

Summarizing the results of the validation based on pathline regres-
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sion, Ypam, the coefficients a, m and R? before including the escape
response, Bs, are in the ranges of [—0.11, 0.04], [0.99, 1.55], and [0.52,
0.68], respectively. After including it, they are found within the ranges
[-0.12,—0.03], [1.25, 1.6], and [0.68, 0.86], respectively. These results
show that the performance of the model was improved by adding the
escape response, Bs. For the validation based on the first statistical
moment, y,, (m), the coefficients a, m and R? are in the ranges of [—0.08,
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Fig. 7. Experimental and simulated pathline statistics; a) Polynomial regression, Ypath (without escaping response, B3); b) Statistical validation, py (without escape
response, B3); ¢) Polynomial regression, y,, (with escape response, Bs); d) Statistical validation, p, (with escaping response, B3).
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0.06], [0.96, 1.36], and [0.45, 0.62], respectively before including the
escape response, Bs. With the inclusion of the escape response, Bs, the
coefficients are in the ranges of [—0.07, —0.041], [1.29, 1.42], and [0.63,
0.73], respectively. The values of the second moment, o, (m), of the
agent’s position along the y-axis are shown in Table 5. These values refer
to the whole sample rather than discrete intervals.

3.3. ELAM predictions

Fig. 8 shows the agent’s pathline preference when the escape
response, Bs, is applied to high velocity zones (Fig. 8a, Fig. 8c, and
Fig. 8e) and when it is not (Fig. 8b, Fig. 8d, and Fig. 8f). It is observed
that in most cases the carps swimming corridor is reproduced by the
agent’s upstream migration corridor. C1.1 shows the greatest bias, while
C2 shows the most accurate simulation.

3.4. Behavioral energy cost

Fig. 9 shows the spatial distributions of the different agent’s be-
haviors, while Fig. 10 shows the occurrence of each behavior for each
case. Overall, the escape response, Bs, is the one with the highest
occurrence rate, representing 43%, 53% and 68% of the occurrence for
C1.1, C1.2 and C2, respectively. In the cases C1.1 and C1.2, simulation
results show that the agent triggers the escape response, B3, mostly in
the baffle sections in which the velocity magnitude is higher. In the case
C2 instead, the escape response, Bs, has the highest occurrence rate and
occurs mostly along the main flow where higher velocities are located.
Attraction behavior, B;, was the second most frequent type of behavior,
with occurrence rates of 46%, 30% and 26%, in C1.1, C1.2 and C2,
respectively. Attraction behavior, B;, was primarily located at the
transitions from one pool to another or in proximity of the baffles in case
C2, whereas it was spread over the pools in cases C1.1 and C1.2. It is
further observed that the escape response, B3, and attraction behavior,
B, do not appear to follow a clear pattern in cases C1.1 and C1.2. In
contrast, the location of these behaviors is more predictable in case C2.
Lastly, wall avoidance, By, representing wall collision avoidance, is the
least frequent, with occurrence rates of 11%, 18% and 9% in C1.1, C1.2
and C2, respectively. Almost all the points where this behavior was
triggered are located in proximity of the baffles.

In almost all the domain and in all configurations, the probability P
was found to be over 0.05. In fact, 98%, 94% and 90% of total domain
are characterized by P values over 0.15 in C1.1, C1.2 and C2, respec-
tively. In addition, after exiting the fifth pool, the agent experiences P
values in the range 0.2-0.25. Therefore, pure random walk behavior was
not triggered in any of the simulations. Fig. 11 shows the relation be-
tween the simulated energy consumption and residence time with and
without the escape response, Bs.

Despite the high occurrence of the escape response, B3, the energy
cost increases only by 30.1% on average by adding it in C2. Conversely,
in the C1.1 and C1.2 configurations the total energy cost increases by
56.63% and 59.85%, respectively, with a lower occurrence of the escape
behavior. The average residence time in the C2 case before including the
escape response, Bs,is 14.71 s, and 12.30 s after including it. In C1.1, the
residence time is 15.94 s and 13.20 s before and after including the
escape response, Bs, respectively, whereas for C1.2, the residence times
are respectively 15.09 s and 11.10 s. The residence time decreases by 4 s

Table 5
Variance of the carps’ transverse position, oy, predicted by the ELAM with and
without Behavior 3: Escape from high velocity regions.

Case Oy.exp (M) Oy sim (M)
No escaping response, B Escaping response, Bs
Cl.1 0.069 0.054 0.065
Cl.2 0.059 0.033 0.067
Cc2 0.055 0.029 0.054
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in C1.2 when the escape response, Bs, is added, while it decreases by 2.7
and 2.4 s in cases C1.1 and C2, respectively.

4. Discussion

When designing vertical slot fishways, flow velocities and flow pat-
terns are key features to be considered (Baki and Azimi, 2021). San-
agiotto et al. (2019) mentioned three favorable conditions for an
efficient VSF design. First, fish can choose the depth at the slot when
swimming from pool to pool. Second, within each pool area, there
should be a large resting zone in which the velocity U is much lower than
in the main jet and TKE is much lower than in the transition zones be-
tween pools. In C1.1 and C1.2 it is observed that high velocity, U, tur-
bulent kinetic energy, TKE, and strain rate, SR, are not concentrated in
specific zones, which implies that there are no well-defined resting zones
for fish. This is in contrast with the C2 geometry where U, TKE and SR
are not randomly distributed in each pool. High TKE zones (>0.035) are
located near the baffles and increase in magnitude at each baffle
downstream. They are distributed along the jet zone for C1.1 and for
C1.2, whereas high TKE zones surround the main jet zone in C2. Third,
the main jet, characterized by relatively high velocities, should be
clearly defined to avoid disorientation in both upstream and down-
stream migration (Larinier, 2002). According to the results, C1.1 and
C1.2 do not have a clearly defined jet, which might lead to disorientation
of the carps and higher spreading of the agent’s trajectories in the ELAM
simulations (Fig. 8). In contrast, the main jet in C2 is clearly defined by
the high velocity magnitude and TKE. Therefore, the path followed by
the fish is more predictable in C2 than in C1.

Conversely, flow in the C1.2 case does not exhibit a continuous high-
velocity corridor. Zhu et al. (2020) observed this flow pattern in C2 and
concluded that this is mainly due to random characteristics of the flow
field. Fig. 6 and Fig. 5 show that in the C2 case there is a clear stable jet
zone with low strain rate values where the highest velocities are located,
whereas in C1.1 and C1.2 this path is not well defined. High values of the
velocity strain rate (>10 s~1) are mainly located in the pools in the C1
configuration, and mainly near the walls and baffles in the C2 case. This
variable is an indicator of non-uniformity, as higher values imply higher
velocity gradients. In this context, the flow is more uniform in C2 than in
C1.1 and C1.2.

In the CFD simulations, all hydrodynamic variables are found to be in
the range for normal functioning of a VSF. Newbold et al. (2016)
measured 0.37-0.78 m/s for U, and 0.30-1.23 m/s for Up, on their
experiments with adult bighead carps. In the same line, Tan et al. (2021)
measured around 0.5 m/s for juveniles silver and bighead carps. Ac-
cording to these ranges of values all configurations considered in this
work are suitable for a fishway. However, Tan et al. (2018, 2019) re-
ported passage efficiencies of 69.7% and 54.2% for trials in the config-
urations C1 and C2, respectively. The calibrated coefficients reported in
Table 4 agree with the conclusions of Tan et al. (2019), who observed
that the velocity strain rate (SR) is not significant for carps’ path se-
lection. On the other hand, for C2, the weightings W; of TKE, U and SR
were 0.74, 0.10, and 0.16, respectively. These coefficients are in contrast
with those presented by Tan et al. (2018), who found similar influence,
Wj, of TKE and U with 0.412 and 0.319, respectively.

Analysis of the TKE values shows that 25.66%, 35.04% and 7.90% of
the domain has TKE values above the mean value, yg, in C1.1, C1.2,
and C2, respectively. It is observed that in the C2 configuration, TKE
values higher than those considered comfortable for the carp are
significantly lower than in C1.1 and C1.2. Thus, considering that fish
often react negatively to high values of turbulent intensity (Lacey et al.,
2012; Silva et al., 2012, 2020), C2 offers a proper condition for passage
of Asian carps rather than C1.1 and C1.2, which display higher turbu-
lence intensities. When adding the standard deviation, y; & o1xE, the
suitable domain increases to 35.82%, 41.36% and 26.01%. As it can be
observed from Fig. 4a, carps avoid most of the high turbulent zones in



M.X. Ruiz-Coello et al.

<

Uy

(Main path)Experimental

Ecological Engineering 203 (2024) 107264

r0.8

F0.7
r0.6
0.5 —
wn
r0.4
0.3

0.2

I 0.1
0.0

Experimental

= Simulated

Fig. 8. Simulated carp trajectories a) C1.1; b) C1.1 (Escape response, B3); c) C1.2; d) C1.2 (Escape response, B3); €) C2; f) C2 (Escape response, B3). Red dashed line
is the main path obtained through a polynomial regression of the experimental data from Tan et al. (2018, 2019). (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article.)

C1.1. In the C1.2 case, instead, fish transits over high turbulent zones
and low velocity fields (Fig. 4b). In the case of C2, high values of TKE
constrain the carp’s upstream migration corridor. We can therefore
conclude that TKE is the main driver of the attraction behavior, B;.
These results agree with the observations of Silva et al. (2012) who
concluded that the upstream migration of adult Iberian barbels (Lucio-
barbus bocagei) through a pool-type fishway was more influenced by the
Reynolds shear stress than the flow velocity. In addition, Silva et al.
(2020) observed that smolts of Atlantic salmon (Salmo salar) deviated
from the main flow direction where TKE was the highest.

The ELAM simulations with By, B; and By only, displayed good
agreement with the experimental tests performed by Tan et al. (2018,
2019), as shown in Fig. 8. Values shown in Figs. 7a and7b are in good
agreement with the simulated carp trajectories and the experimental
data, but spatial dispersion of the trajectories (Table 5) is not well rep-
resented and the values of the coefficient of determination, R%, are
relatively low. The escape response to high velocities, B3, was therefore
added to the IBM. In all the cases the coefficient of determination, R,
increases, and therefore the correlation between experimental and

12

simulated data improves. Nevertheless, cases C1.1 and C2 display a
more significant improvement than C1.2. This can be observed in Fig. 8
which shows that in in the null hypothesis testing, the intercept, a, re-
mains in the same ranges, and the slope, m, increases just slightly for
most cases. It can therefore be concluded that the escape response, Bs,
slightly improves the predictions in C1.1, slightly decreases the accuracy
in the C1.2 case, and significantly improves predictions in C2. In all
cases, the correlation, R%, was significantly better when including
Behavior 3. Finally, for the validation based on the second statistical
moment, oy, Table 5 shows that the inclusion of the escape response, Bs,
noticeably improves the prediction of the pathline variability.

When uncertainty is added to the attraction behavior, B;, by allow-
ing the fish to randomly select among 50% of the most suitable cells, the
model successfully predicts the main pathline of experimental data.
However, the dispersion of the experimental pathlines is not well
reproduced (Table 5). By adding the escape response, B3, and increasing
the uncertainty of cell selection to 75% of the most suitable cells, the
ELAM successfully meets all the validation criteria, reproducing both the
main migration corridor and the dispersion of the experimental data. As
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suggested by Zhu et al. (2020), the randomness of the fish trajectories
might be related to the randomness of flow characteristics rather than
the natural randomness of decision making.

Considering that the flow is more uniform in C2 due to its baffle
configuration, and that the agents choose low SR (i.e., more uniform)
zones over low velocity zones (Table 3), carps are more exposed to high
velocity magnitudes along the mean pathline in C2 than in configura-
tions C1.1 and C1.2. Within the pools 2, 3 and 4, the portions of area
containing U values greater than or equal to u; + 1.75 e oy are respec-
tively 1.32%, 4.48% and 0.49% for C1.1, C1.2 and C2. Considering that
Behavior 3 is the most frequent behavior (Fig. 10), it can be concluded
that in the simulations the agents tend to swim to zones where the ve-
locities are highest but less variable. It has indeed been observed that, in
spite of the high energy expenditure (Webb, 1975), high water velocities
attract fish and enhance fish passage (Williams et al., 2012). Moreover,
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fish choose habitats based not only on the mean hydrodynamic variables
but also on their degree of variation (Liao, 2007), with a preference for
zones characterized by small gradients. Consistently with this behavior,
Fig. 6 shows very low SR values but the highest velocities. This is more
noticeable in C2, which displays the most uniform flow of all the cases
evaluated. In cases C1.1 and C1.2, the strain rate has no or little influ-
ence on path selection. Therefore, the carp pathline is strictly related to
turbulent kinetic energy and velocity magnitude.

In our study, we considered both bighead carps and silver carps as
Asian carps as if they shared the same behavioral rules and the same
range of fish swimming performance indicators. Nevertheless, differ-
ences between both species are marked. Hoover et al. (2017) observed
that adult bighead carps have more endurance decline than silver carps
in counter current swimming. In the same study, juvenile silver carps
exhibited higher swimming performance than bighead carps.
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Fig. 10. Frequency of occurrence for each behavior.

Considering that the hydraulics of the VSF are not demanding as the
other designs, the ranges used, typically for adults, are consistent with
the ELAM predictions. Finally, Fig. 7 and Fig. 8 show that C2 predictions
are in better agreement with the experimental results. C2 displays more
uniform hydraulics and different fish species than C1.1 and C1.2. Due to
constraints in the data published by Tan et al. (2018, 2019), configu-
ration 2, C2, could not be tested with bighead carp. Therefore, it is
unclear if the better agreement found in this study is due to the hy-
draulics or the best fit of silver carp to the behavioral rules.

In summary, in all configurations, the turbulent kinetic energy, TKE,
is the main driver of agent’s behavior. When baffles are arranged uni-
formly, the strain rate, SR, is more influential than the velocity magni-
tude, while the opposite occurs when they are staggered. This confirms
that uniformity and flow variability play an important role in the agent’s
response. A uniform design should therefore be preferred over a stag-
gered arrangement to avoid flow non-uniformity and local variations.
Newbold et al. (2016) suggested considering carp’s burst swimming
speed, Upys:, in the design of fishways and its impact on fish energy
consumption. When this was considered in the model, good agreement
was found between the model results and the experimental data. Finally,
energy expenditure per unit time is higher in cases C1.1 and C1.2, for
which the escape response, Bs, is not as frequent as in C2. This might be
due to velocity magnitudes in C1.1 and C1.2 being considerably higher
than in C2, as the energy cost is not only dependent on the agent’s ve-
locity. The implementation of the escape response has a significant
impact on the energy cost and the residence time in case C1.2. A similar
impact on the energy cost is found in C1.1, whereas the residence time is
affected only to a minor extent. The energy cost increases just slightly
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when the escape response, Bs, is considered in case C2, whilst the resi-
dence time slightly decreases.

5. Conclusions

The main aim of this study was to evaluate the performance of a
Eulerian-Lagrangian model (ELAM) of fish motion in the prediction of
fish upstream swimming corridors in VSFs. The proposed model extends
the ELAM proposed by Tan et al. (2018) by taking into account the
tendency of the fish to avoid collisions with the walls and to escape
regions with high flow velocities. The model uses two fish swimming
performance indicators, i.e., the critical swimming speed, U, and burst
swimming speed, Uy, Which are characteristic parameters of a fish
species. The model adds stochasticity and uncertainty to the fish velocity
magnitude and travel direction to address variability due to external and
internal, uncorrelated, factors which are not explicitly represented in the
model. Three behaviors were initially considered in the ELAM: random
walk (By), flow attraction (B;) and wall avoidance (Bs). The model was
implemented and tested for a vertical slot fishway with two different
geometries under three different hydraulic conditions. The ELAM was
found to effectively reproduce the main swimming trajectory of Asian
carps through the VSFs, but the predicted dispersion of the pathlines was
not accurate. Subsequently, the randomness in the selection of the most
suitable cells was increased in high velocity regions, and the radius of
the sensory query sphere was reduced. This behavior (B3) not only
increased correlation between experimental and simulated values, but
also well reproduced the dispersion of the data. A better representation
of the distribution of trajectories along the VSF can provide designers
with insights about critical zones in which improvement is needed.

Although the model successfully reproduces carps’ migration path-
lines, there are some limitations that might need to be addressed in
future research. First, the Eulerian input, as in the original model by Tan
et al. (2018), is static. The inherent transient nature of the flow field has
been proven to affect carps behavior (Zhu et al., 2020). Therefore, it
would be useful to investigate model performance with unsteady,
turbulent-resolving flow simulations. Second, the Lagrangian frame-
work considers carps as particles. Thus, if the model is used to reproduce
adults, which can grow up to 1.2 m of body length (Nico et al., 2023a,
2023b), the mutual interactions between the flow and the fish should be
modelled both ways. Finally, since the flow regime of the VSF is
subcritical throughout the fishway, juveniles will likely not use the
highest values from Uy and Up,. Application of the ELAM to different
VSF designs with higher water drops and smaller slots is therefore
needed to better understand the range of validity of the model param-
eters and rules presented in this study.

In conclusion, the evaluation of the fish swimming performance
through the estimation of the fish energy consumption can help improve
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the design of fishways. However, whilst the model presented in this
work evaluates both cumulative energy cost and residence time, the
predictions of these two variables could not be validated due to limi-
tations in the data available. An additional limitation of the model is that
the possibility of the fish taking a rest along the fishway was not
considered. Further work is therefore needed to understand fish’s energy
expenditure and resting behavior. Model testing also needs to be
extended to more sophisticated fishway configurations with bigger
heads between pools and more complex geometry, and to the case of
more exploratory fish species such as salmonids.
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