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Riverine barriers are threatening freshwater fish migration, with major impacts on fish populations. Effective
management requires understanding of fish movement and behaviour as they approach a barrier and fish pass,
which can inform optimal mitigation options and barrier management. Here, the movements of upstream
migrating barbel Barbus barbus and grayling Thymallus thymallus near a barrier were analysed and results used to
develop predictive models. Fish were tracked via 2D acoustic telemetry. Hidden Markov models were used to
distinguish behavioural states and step selection functions were applied to determine habitat selection by the fish
in each state. Model results were explored to assess the benefits of including behavioural state and understand
state-specific habitat preferences, then cross-validated and used to develop an individual based model to predict
fish spatial usage. Little difference existed in habitat selection between states and individual variation was high,
limiting general trends that could be described. Overall, barbel preferred deeper or faster water while for
grayling, few trends could be described. Under the tested flow conditions, high spatial usage was predicted in the
area directly downstream of the barrier. In addition, barbel usage was high in the area by and downstream of the
fish pass entrance but not for grayling, which may indicate a need to improve pass attractiveness for grayling.
The predictive model produced directed upstream movements of fish similar to those expected for upstream
migrating freshwater fish, highlighting model potential for fish passage applications in future iterations. The high
individual variability in fish behaviour drives the need for individual-based approaches for predicting fish
movement.

decline of freshwater fish is in part attributed to the increase in riverine
barriers (Silva et al., 2018). In Europe, over a million barriers fragment

1. Introduction

Understanding animal movement is an important step towards con-
servation and management, informing management approaches such as
protected areas, fishing quotas or mitigation methods for barriers (Calles
et al., 2021; Dwyer et al., 2020). Many animals undertake migrations as
essential steps of their life cycles, enabling animals to use and exploit
different habitats at different stages of their lives (Dingle, 2014). Inter-
rupting animal migrations can lead to catastrophic impacts upon pop-
ulations (Bolger et al., 2008), as highlighted in freshwater fish which
have experienced major declines in recent decades (WWF, 2022). The

rivers, negatively impacting fish populations in numerous ways, such as
blocking or delaying migrations (Belletti et al., 2020; Pelicice et al.,
2015; Silva et al., 2018).

Fish passes are a common tool for barrier mitigation. Fish passes
provide an alternative route past a barrier for fish, yet success is highly
context dependent and passage efficiencies are often insufficient (Bunt
et al., 2012; Hershey, 2021). With more barriers set to be constructed
(Zarfl et al., 2015), there is pressing need to develop effective fish pas-
sage solutions, which in turn drives a need to study fish movement as
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they approach barriers and fish passes. Understanding fish movement,
habitat usage and behaviours can assist barrier management to provide
favourable conditions for migrating fish (Silva et al., 2018; Williams
et al., 2012). In addition, such knowledge can be used to parameterise
tools, such as individual based models (IBMs) to simulate fish movement
near a barrier. IBMs are powerful and transferable predictive tools,
capable of predicting fish movement in novel scenarios - for example, at
barriers where data are lacking (Mawer et al., 2023b) — and can account
for individual variation in behaviour. Accounting for individual varia-
tion is an important consideration in fish pass design. Typically, fish pass
design does not consider for the wide natural variation across a popu-
lation, rather focusing on the average fish (Birnie-Gauvin et al., 2019),
and a growing body of literature highlights how a “one size fits all”
approach is not sustainable (Birnie-Gauvin et al., 2019; Crawford et al.,
2024; Jones et al., 2020). Fish may vary in different attributes — for
example habitat preferences (Capra et al., 2017; Mawer et al., 2023a),
burst swimming speeds (Birnie-Gauvin et al., 2019), sustained swim-
ming speeds (Jones et al., 2020) and activity levels (Nyqvist et al., 2024)
— which can then influence their success at finding and passing a fish
pass. Ignoring such variations could lead poor predictive outcomes, for
example over-estimating predicted fish passage efficiencies. One major
benefit of IBMs is their ability to simulate many different individuals
representing the range of variation observed in wild populations — for
example swimming ability and total length (Zielinski et al., 2018).
Already, IBMs have been applied to fish passage problems with great
success. For example, IBMs have been applied to predict passage effi-
ciency for downstream migrating salmon smolts, with high trans-
ferability to other sites, (Goodwin et al., 2014) and upstream migrating
carp (Gilmanov et al., 2019). IBM development requires knowledge on
(often species-specific) fish behaviour to guide simulations, such as
habitat preferences and individual variation, which in turn requires data
on fish movement near a barrier.

With fine-scale acoustic telemetry, fish positional data can be
recorded every few seconds as fish move in the vicinity of a barrier,
enabling further understanding on the behaviour of migrating fish
(Mawer et al., 2023a; Orrell and Hussey, 2022). Hydraulic modelling
can provide data on different hydraulic parameters, such as water depth
and water velocity, across the study site and describe potential hydraulic
habitats fish may encounter. Analysing telemetry and hydraulic data in
conjunction can then shed light upon habitat selection and preference. A
suitable method for analysing fine-scale habitat selection is applying
step selection function (SSFs) models. With SSFs, habitat parameters at
steps taken by tagged fish are compared to habitat at randomly gener-
ated steps to compare habitat usage to availability (Thurfjell et al.,
2014). By fitting SSFs to individual animals, individual variability in
habitat selection can be quantified (Mawer et al., 2023a; Sells et al.,
2022). Habitat selection may also differ with behavioural state, e.g. if
undergoing directed movements vs searching behaviours (Picardi et al.,
2022; Whittington et al., 2022). Hidden Markov models (HMMs) can
delineate behavioural states from animal telemetry, often using move-
ment parameters such as step length or turning angle (Langrock et al.,
2012). Incorporating behavioural state into SSFs can result in different
interpretations of habitat selection (Picardi et al., 2022). Combining
HMMs and SSFs to analyse migrating fish movement could be used to
understand the parameters influencing observed movement patterns
and usage, leading to predictive models for barrier management.

Here, habitat selection of migrating fish is analysed for different
behavioural states and used to predict spatial usage of the two study
species near a barrier with fish pass outflow, expanding on previous
work by Mawer et al. (2023a). The paper proceeds in three steps: 1)
analysing habitat selection in different behavioural states, building upon
earlier work where the behavioural state was not defined (Mawer et al.,
2023a), to determine whether habitat selection differs between states
and if accounting for state improves the model; 2) cross-validating
resulting models to optimise predictive capability; and 3) using the
resulting predictive models to create an IBM to predict spatial usage by
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the fish as they approached the fish pass under different river discharges.
2. Methods
2.1. Study site

Movement of migrating fish was studied in the downstream section
of the Altusried hydropower plant (HPP) on the river Iller in southern
Germany (Fig. 1), to evaluate fish behaviour downstream of the barrier.
The HPP has a capacity of 7.8 MW and a 525 m fish pass provides an
alternative route for migrating fish to pass the HPP. A 2D acoustic
receiver array consisting of 16 180 kHz HR2 VEMCO receivers was
installed in the downstream area of the HPP, with two further receivers
in the fish pass itself (Fig. 1A).

2.2. Data collection

Common barbel (Barbus barbus) and grayling (Thymallus thymallus)
were caught and tagged during their spawning migration in 2018.
Twenty-two barbel (total length (mean =+ standard deviation): 469 + 73
mm; weight: 1356 + 592 g) were caught and tagged between May 17th
and May 29th. Twenty five grayling (total length: 367 + 56 mm; weight:
630 + 270 g) were caught and tagged between March 28th and April
11th. Tagged fish data are available in the supplementary files. Captured
fish were anaesthetised with phenoxy-ethanol (10 ml per 50 1 water) and
a VEMCO 180 kHz V9 acoustic tag was surgically implanted into the
abdomen. After recovering, fish were released near the most down-
stream receiver in the array (Fig. 1A). For more details on data collec-
tion, see Mawer et al. (2023a).

Hydraulic data were collected and used to model the hydraulic
environment for eight flow discharge scenarios (discharge from 10 to 80
m®~L, in jumps of 10 m3s~!). Bathymetry was derived from a combi-
nation of drone images (using Structure from Motion methodology in
shallow and dry areas) and from measurements taken at cross sections
approximately 10-15 m apart. Measurements were taken via an
echosounder in deeper waters with shallower areas surveyed by wading.
Hydraulic models were made using Hydro_AS-2D (Nujic, 2016) and
provided data on water velocity, water depth, spatial velocity gradient
(SVG) and flow and SVG direction at a resolution of 0.5 x 0.5 m (sup-
plementary files). The hydraulic models were calibrated using water
elevation measurements every 10 m along the shoreline during a flow
rate of 10 m®s~ 1. Hydraulic models covered the area of the array, up to
around 500 m downstream of the HPP (Fig. 1A). Temperature data were
collected by the acoustic receivers in 15 min intervals. The median value
across receivers was taken to describe the temperature of the study site
at a point in time.

2.3. Data analysis
The methodological framework is summarised in Fig. 2.

2.3.1. Track preparation

Tracks analysed in this study were identical to those previously
analysed by Mawer et al. (2023a). Fish positions were calculated with a
novel algorithm (see supplementary files) and analysed to detect when
fish entered within 10 m of the fish pass entrance, at least 2 h after prior
detections in that area. From each of these resulting detections near the
fish pass, the preceding one hour of data (where available) were taken
and were assumed to represent a distinct attempt by the fish to locate the
fish pass, hereafter referred to as approach tracks. The approach tracks
were further filtered as described in Mawer et al. (2023a) to retain tracks
demonstrating directed movements towards the fish pass entrance. Data
were limited to within the known spawning migration period for both
species, based on previous analysis in the river stretch (Epple, 2020), to
between date of tagging and June 16th for barbel, and to April 16th for
grayling.
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Fig. 1. A) Map of the study site, with the direction of river flow shown by the black arrow. Environmental data for water depth at discharge 40 m®~ is shown to
demonstrate the extent of available data. The black box represents the area in which simulations could begin while the red box marks the area downstream of the
acoustic array: simulated positions in this area were removed from further analysis. B) Blue star: the location of the study site within Germany. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)

As both HMMs and SSFs require positions at regular intervals, posi-
tions were interpolated to 20 s intervals using a continuous-time
correlated random walk state-space model via the R package “crawl”
(Johnson et al., 2008). Eighty-seven tracks for 31 fish (20 barbel and 11
grayling) were analysed. Some individuals approached the fish pass
multiple times, with a mean number of tracks per fish of 2.8, ranging
from 1 to 9. All barbel were caught in the fish ladder or counting pool
while 8 of the 11 grayling were caught downstream. A two-stage
approach was used to combine HMMs and SSFs: fit HMMs to the
entire population, use the HMMs to split the data into behavioural states,
then fit SSFs to each state separately (Fig. 2), to progress from the SSF
analysis of Mawer et al. (2023a), where behavioural states were not
distinguished.

2.3.2. Hidden Markov modelling

HMMs were fitted to all tracks for a species using the R package
“momentuHMM” (McClintock and Michelot, 2018). A two-state HMM
was fitted to the data of all fish per species to identify a transit state,
representing longer directed movements (state 1), and a searching/
resting state, showing movement in a restricted area (state 2), previously
reported for migrating freshwater fish near a barrier (Elings et al.,
2023Db). States were defined by straightness index (SI), the ratio of total
travelled distance to displacement where values approaching 1 indicate
straightness and values approaching 0 indicate tortuosity (Elings et al.,
2023Db). SI was calculated over windows of 1, 5 and 10 min and separate
HMMs were fitted using each SI window, to determine which served as a
better data stream for the HMMs. No environmental covariates were
included in the HMMs.

Resulting HMMs were compared via Akaike’s Information Criterion
(AIC) to identify the optimal HMM. The optimal HMM was then used to

split data for each fish into two behavioural states, using the Viterbi
algorithm to classify each step as state 1 or 2 (Viterbi, 1967). The dif-
ference between step length and turning angle distributions in each state
were tested with Kolmogorov-Smirnov tests.

2.3.3. Explore: Drivers behind movement in each behavioural state

The first stage in the analysis was to explore whether the parameters
explaining observed fish movement differed between behavioural states
and compare results to models fitted without behavioural state distinc-
tion by Mawer et al. (2023a), hereafter referred to as the both-states
data/models.

Data for each behavioural state were prepared separately for SSF
analysis per fish. For consistency, data were prepared with the same
methods as Mawer et al. (2023a). A gamma and a von Mises distribution
were fitted to step lengths and turning angles respectively for each fish
and the distributions were used to generate random steps as a measure of
habitat availability. Ten random steps were generated within the river.
Environmental data (supplementary file) were added to the start and
end points of steps. Time of day for each step was categorised as day,
dusk, night, or dawn.

For modelling, step length was log transformed and directional
covariates were transformed to their cosines, which converted angles
from being on a circular scale to a linear scale between —1 and 1. All
explanatory covariates (environmental data and movement data) were
then standardised prior to statistical analysis, by subtracting the mean
value and dividing by the standard deviation. For consistency with the
previous analysis on the both-states data, the same mean and standard
deviations were used to standardise values as used by Mawer et al.
(2023a).

Conditional logistic regression models were fitted to each data set
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Fig. 2. The modelling process of this paper, going from fish positional data to a predictive individual based model, using hidden Markov models (HMMs) and step
selection functions (SSFs). For details on the analysed tracks, see Mawer et al. (2023a).

(per state and per individual fish) to identify parameters influencing the
selection of a step by fish, stratifying the analysis by step ID. The
response variable of the model was whether a step was true (e.g. taken
by the fish) or false (random steps generated as a use of habitat avail-
ability). A saturated model was fitted and backwards model selection
was applied to determine the parameters best explaining the observed
data. Main effect terms were: water velocity, depth, SVG, difference

Table 1

between fish and water velocity angles, and difference between fish and
SVG angles at the end of steps; the logarithm of the step length; and the
cosine of the turning angle. Two-way interactions were included, shown
in Table 1. Terms were removed one-by-one and models were compared
using AIC. A more complex model was retained if its AIC was at least two
units lower than a simpler model. Final individual models were saved
and model performance assessed via the concordance statistic, a

Two-way interactions included in the saturated models for every fish. Interactions between the same parameter signifies interactions between the value of that
parameter at the start and at the end of steps. Interactions involving time of day were only included if multiple time periods were present in the data. Interactions
between log(SL) and other parameters used the parameter value at the start of the step. Terms abbreviated in the table are: spatial velocity gradient (SVG) and step

length (SL).

Water Depth  SVG  Difference between fish and Difference between fish and Time of Temperature  log
velocity velocity angle SVG angle day (SL)
Water velocity X X X X X X X
Depth X X X X X X X
SVG X X X X X X X
Difference between fish and X X X X X X X
velocity angle
Difference between fish and SVG =~ X X X X X X X
angle
Time of day X X X X X X
Temperature X
log(SL) X X X X X X X
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measure of the model’s discriminative ability (Therneau, 2024). The
concordance values for each species in state 1 and 2 were compared to
values for the both-states data via t-tests, to assess whether accounting
for behavioural state improved overall model fit.

Population models were formed for each behavioural state per spe-
cies. If a model term was not retained in an individual’s model, the
coefficient’s value was set to zero for that individual, i.e. no effect
(Morrison et al., 2015). Per species, state and model term, any co-
efficients that fell outside the inner fences of a boxplot (less than
Q1-1.5*IQR, more than Q3 + 1.5*IQR, where Q1 and Q3 are the first
and third quartiles, and IQR is the interquartile range) were identified as
outliers and removed. Outliers were also removed in this manner from
the both-states data, to enable comparisons between models. Mean co-
efficient size and standard error were calculated per term. A t-test was
applied to determine whether the resulting mean was significantly
different from zero. If the mean was not significantly different from zero,
the term was assumed to have no cohesive effect on the studied popu-
lation. Habitat selection between each behavioural state and with and
without separation of behavioural states was compared with paired t-
tests. Differences in habitat selection with capture location was not
tested. All barbel analysed were caught in the fish pass or counting pool
(i.e. had already located and entered the pass) thus there was no dif-
ference, while out of the analysed grayling, few were caught in the
counting pool (n = 3) compared to downstream (n = 8).

2.3.4. Evaluate: Cross-validating models for prediction

Using the optimal model structures obtained in Explore, model pre-
dictive capability was evaluated via cross-validating using simulated
tracks (Fig. 2). Initially, the model structures were used to refit models to
each fish with unstandardised environmental data, to enable simulation
using the available environmental rasters. The models of Mawer et al.
(2023a) were also cross-validated. Further mentions of states in this
section refer only to evaluating the behavioural SSFs.

One fish was set aside as a test fish with the remaining fish of that
species forming the training fish. The process was repeated until every
fish had been the test fish once. Within each species and state, a popu-
lation model was created via averaging coefficients for the training fish
as previously described. A covariance matrix of coefficients for the
population model was also created, again with coefficient outliers
removed. A (state-specific) selection function was parameterised for the
test fish by selecting coefficient values from a multivariate normal dis-
tribution described by the mean and covariance matrix of the population
model.

Training fish movement kernels were extracted, described by the
step length distribution (a gamma distribution) and the turning angle
distribution (a von Mises distribution) and adjusted based on co-
efficients in the individual models (Avgar et al., 2016). As movement
kernel parameters cannot be negative, any values that became negative
after adjustment were discarded. The test fish movement kernel was
parameterised from a normal distribution described by the mean and
standard deviation of the movement kernel parameters for the training
fish. Separate movement kernels were created per state.

Data from the test fish track were used to inform simulations for 19
simulated agents, in terms of duration, state sequence and start location.
If the test fish had multiple tracks, the following process was repeated
for every track of the test fish. A simulation would start at the same
location (and state) as the real track. At each time step, 20 potential
steps were generated from the (state-specific) movement kernel and the
selection probability of each step assessed via the (state-specific) selec-
tion function. A step would be chosen from a multinomial distribution
and the process repeated until the simulated track covered the same
duration as the real track. Fish could only move where environmental
data were available (see Fig. 1A). If the state switched, the selection
function and movement kernel would change. For addressing missing-
ness in the real track, simulated data were only retained if the corre-
sponding step was available in the real data.

Ecological Informatics 85 (2025) 102967

Model predictive ability was assessed using a lineup protocol
(Fieberg et al., 2023). Track appearance, spatial distribution of used
locations as heatmaps, histograms of used habitat parameters, and his-
tograms of movement parameters were compared between simulated
and real tracks. Plots were created of data from the 19 simulated agents
and from the test fish, with the plot of the test fish data located at a
random position among all the plots for a given data type. Five observers
were provided with unique lineups and visually examined every plot,
selecting one they believed was the real track. Using the observations, a
p-value for every plot was determined via a goodness-of-fit test as
described by Fieberg et al. (2023), where the null hypothesis is that data
and models are consistent and the alternative is that the data are distinct
from the models as observers could identify the real data from the
simulated. The smaller the resulting p-value, the stronger the evidence
that the model did not capture the data. A p-value threshold of 0.05 was
used, where the null hypothesis would be rejected if p < 0.05. The test
was sensitive: if one of the five observers correctly identified the real
fish, the null hypothesis would be rejected.

Performance of the both-states SSFs and the behavioural state SSFs
were compared. In addition, note was also made whether the models
could not capture the patterns of a fish who was an outlier in some/many
terms in Explore.

2.3.5. Predict: Predicting spatial usage of fish in the vicinity of a barrier

The population model formed in subsection 2.3.2 Explore was used to
predict spatial movement of barbel and grayling when approaching the
fish pass via an IBM (Fig. 2). Simulations were conducted separately per
species and discharge.

A total of 100 individual fish agents were parameterised as described
in subsection 2.3.4 Evaluate, using data from all fish of a species. For
similarity to real data, fish agents could have multiple tracks and the
number of tracks was determined via a Poisson distribution para-
meterised by the mean number of tracks per fish in the data (barbel,
mean = 5.714; grayling, mean = 3.769).

The behavioural state sequence was determined by using the tran-
sition matrix of the fitted HMMs, which describes the probability of
moving from one state to the other or remaining in a given state. The
initial state was selected at random and the states for subsequent steps
selected using the probabilities of the transition matrix (Klappstein
et al., 2023).

Tracks started at a random location in the lower 100 m of the study
site (Fig. 1A). Twenty potential steps were generated with the agent’s
state-specific movement kernel and steps were assessed via the state-
specific selection function. A step was chosen from a multinomial dis-
tribution and the process was repeated for a total of 179 steps of 20 s,
equal to one hour duration. Simulations were conducted for three
discharge levels (20, 50 and 80 m®s™ 1), representing low, medium and
high discharge scenarios, with one hundred unique agents per scenario.
Resulting tracks were used to create heatmaps of predicted usage in the
study site. All positions downstream of the acoustic array (Fig. 1A) were
removed to reduce bias in predicted distributions due to start locations.

3. Results
3.1. Hidden Markov modelling

Using SI over a 10 min window produced the optimal HMM and was
used to split the data (Fig. 3, Table 2). State 1 was directed movement,
which we interpreted to represent a fish in transit while state 2 showed
restricted movement, characteristic of searching and/or resting behav-
iours (Fig. 3B). Step length and turning angle distributions differed
significantly between states (p < 0.001). Across all fish, steps were
distributed roughly evenly between states, though not on an individual
level and some individuals only had tracks in one state. For state 2, three
fish had fewer than 25 steps (having 7, 14 and 19 steps) and these fish
were removed from further analysis of state 2 habitat selection due to
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Fig. 3. Hidden Markov model outputs fitted to tracks of fish approaching the fish pass. A) Straightness index over 10 min (SI_10min) distributions for state 1 (transit)
and state 2 (resting/searching) for barbel and grayling. B) Step length and turning angle distributions per species and state. C) Heatmaps of used locations per state
per species, with the fish pass location shown in red. D) Example track coloured by state. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

Table 2

Akaike’s information criterion (AIC) table for the candidate hidden Markov

models (HMMs) for barbel and grayling.

HMM straightness index window AIC, barbel AIC, grayling
1 min —4411.500 —1059.698
5 min —7819.125 —2679.722
10 min —8470.161 —3638.908

low data quantity.
3.2. Exploratory analysis

3.2.1. Model performance

Splitting data into behavioural states improved model concordance
for three out of four species-state combinations (Table 3) compared to
the models of Mawer et al. (2023a). However, the difference was not
significant (paired t-test, p > 0.05). One fish had a concordance of 1 in
state 2: the model for this fish returned NA for all coefficients, indicating
issues with model fitting, and did not influence the population model.
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Mean and standard deviations (SD) for step selection function model concordances for each behavioural state, and for the previous models where behavioural state was

not distinguished.

Species State 1 State 2 Both-states (Mawer et al., 2023a)

Mean + SD Maximum Minimum Mean + SD Maximum Minimum Mean + SD Maximum Minimum
Barbel 0.68 + 0.05 0.81 0.63 0.66 + 0.08 0.93 0.58 0.67 + 0.06 0.81 0.60
Grayling 0.72 + 0.09 0.91 0.61 0.70 £ 0.11 1 0.62 0.67 + 0.06 0.81 0.57

3.2.2. Habitat selection in behavioural states

Common terms influencing step selection were apparent for each
species and state. For barbel, over 80 % of fish had water velocity, depth,
the difference between fish and velocity angle, and log(step length) in
their state 1 (transit) models while over 80 % had log(step length), depth
and SVG in their state 2 (resting/searching) models. While SVG was
more prevalent in barbel state 2 models, that was not true for grayling.
In state 1, 80 % of grayling models had SVG but only 37.5 % of state 2
models had SVG. Other terms in >80 % of grayling state 1 and state 2
models were log(step length), depth and water velocity. The inclusion of
log(step length) and cos(turning angle) in many individual models
indicate the movement kernels used to generate the random steps in the
SSF were inaccurate.

Population trends for each behavioural state are shown in Fig. 4.
Individual variation in coefficient size was large and in some cases
contrasting effects existed where fish had the opposite response to the
mean. For example, in both states barbel on average preferred faster
water velocity, but some individuals had no preference and others
avoided faster flows. The high individual variation prevented general-
isations on the population level for many terms, as resulting means were
not significantly different to zero (Fig. 4). Further discussion concerns
only terms where the population model coefficient was significantly
different to zero unless stated otherwise.

Overall, great overlap existed between state models. In general,
barbel preferred faster water velocities in both states. In addition, both
barbel states had a positive interaction between depth and SVG, mean-
ing preference for one was stronger when the other was high. In addi-
tion, barbel moved less in faster water velocities in both states. Both
barbel and grayling moved faster in deeper waters in both states.
Grayling also had a negative interaction between water velocity and
depth in state 1: in state 1, grayling preferred fast shallow water and
deep slow water over fast deep and slow shallow areas. The state 1 co-
efficients overlapped with state 2, though the latter was not significantly
different from zero.

Few terms were significantly different between states and differences
between state only existed for barbel for: depth and the interaction be-
tween log(step length) with the angle between fish and SVG. Specif-
ically, barbel selected for deeper waters in state 1 and had no depth
preference in state 2 (Fig. 4). In addition, the interaction between log
(step length) and the difference between fish and SVG angle was only
present in the barbel state 1 population model, though its effect was not
significant. In barbel state 1, coefficients for the interaction between log
(step length) and depth, and the interaction between log(step length)
and the difference between fish and SVG angle differed from the both-
states model. The latter interaction was only present in state 1 and
was not significantly different to zero on average. Comparing state 1 and
the both-states model, barbel tended to move further when present in
deeper water in state 1 compared to the both-states model, though the
difference was small. No barbel state 2 model coefficients differed from
both-states model coefficients.

3.3. Model evaluation

Both groups of models (both-states models and behavioural state
models) could capture fish movement and habitat usage patterns.
Considering all lineup plots made (nine per fish) and resulting goodness-
of-fit test results, simulated data were consistent with the real data for

61 % of lineups for the behavioural state SSFs and 63 % for the both-
states models (p < 0.05). Full summaries for every plot are provided
in the supplements. Model performance differed with species: for barbel,
63 % were consistent for the behavioural state SSFs and 67 % for the
both-states models. For grayling, both model types had 57 % of lineups
showing simulated data being consistent with the real data. Model
performance also differed with plotted data (Fig. 5). The presence of
outliers in coefficients did not affect the ability of the models to capture
movement and habitat usage of individual fish.

3.4. Prediction

The models including HMMs captured spatial usage better and were
used to create predictive models. Model coefficients are shown in the
supplements. Predictive maps of spatial usage are shown for barbel and
grayling (Fig. 6). Example tracks for the first 6 grayling to enter the array
at 20 m3s~! are shown in Fig. 7.

4. Discussion

Here, two aspects of animal behaviour — behavioural state and
habitat selection — were combined to understand parameters driving
fine-scale fish movement and to predict fish movement in an anthro-
pogenically altered river system. In the context of the study, little dif-
ference existed in habitat selection between behavioural states and
individual variation in habitat selection was high. Models including
behavioural state though were better at capturing spatial usage patterns
by fish. Together, combining HMMSs and SSFs provided a route from real
fish data to developing an IBM for predicting fish spatial usage that
could have applications beyond the immediate context of this study.

From an exploratory point of view, accounting for behavioural state
for habitat selection analysis had little benefit in this context. Model
concordance did not significantly differ with and without behavioural
state. Moreover, most coefficient values did not differ significantly be-
tween either state with the both-states models. The lack of difference
between behavioural states may be related to the specific context of our
work. Other studies combining HMM and SSFs found habitat selection
differences between states but such studies operated on much coarser
scales than the work presented here, e.g. 6 h time steps (Picardi et al.,
2022). By comparison, this paper represents work on a very fine tem-
poral scale (20 s time steps) and data were filtered for tracks where fish
approach the fish pass. Given the defined tracks and very fine temporal
scale, it may be possible that fish motivation in this context is largely
consistent between behavioural states and fish select similar hydraulic
cues when transiting and when searching/resting when approaching the
fish pass. At coarser scales, habitat preference differences may emerge
between states. Despite the lack of difference in habitat preference,
including behavioural state did improve model ability to capture fish
spatial usage patterns. Further research into fish habitat selection and
behavioural state at this scale is needed.

Some constraints of the study data should be acknowledged with
regards to the habitat selection analysis. One aspect is that both the
hydraulic model and fish movement are in 2D. Hydraulic parameters
will vary in the water column while the fish likely use varying depths. As
a result, the hydraulic conditions a fish actually experienced may be
poorly captured. The use of 3D models for the hydraulic environment
(Ben Jebria et al., 2023; Goodwin et al., 2006) as well as using acoustic
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Fig. 4. General trends for barbel (A) and grayling (B) in the both-states (Mawer et al., 2023a), state 1 (directed movement) and state 2 (resting/searching) models.
Mean coefficient sizes are plotted and error bars show the 95 % confidence interval (+ 2 standard errors). Only terms where the mean coefficient is significantly
different to zero for one of the data types are shown. Low-opacity triangular points show where a term was not significantly different to zero in the t-test. Terms are
abbreviated for brevity as follows: water velocity (WV), depth (D), spatial velocity gradient (SVG), difference between fish and SVG angle (diffSVGang), difference
between fish and water velocity angle (diffVang), temperature (Temp), time of day (TOD), step length (SL), turning angle (TA).

tags with pressure sensors to obtain fish vertical position (Runde et al., remembered the location and route. Regarding possible habituation, the
2020) could address this in future telemetry studies. Another consider- analysis included multiple approaches to the fish pass by individual fish.
ation is that several of the fish tracked in this study were caught in the Fish did not take identical routes on subsequent approaches, though the
fish pass itself. Given fish can have spatial learning behaviours (Burt De impact upon habitat selection analyses is unknown. Ideally, all fish

Perera and Holbrook, 2012; Fabre et al., 2014), it is possible they should have been caught and tagged downstream of the study site and in
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advance of the spawning migration, limiting familiarity with the study
site. However, this was not possible — in winter, catch efficiencies were
too low for a successful tagging campaign while if fish were caught and
tagged the previous year, there would be no guarantee of sufficient re-
turn rates for this study and it is possible a large proportion would not
return. Another constraint is the assumption that fish were attempting to

migrate. There is no certainty of the actual motivation of the tagged fish
— were they attempting to migrate or were they simply using the study
site for another purpose? This issue was addressed in two ways. Firstly,
data were limited to the known migratory periods of barbel and grayling
in this river system (Epple, 2020). Then, the selection of tracks as
detailed in Methods occurred to identify periods where fish approached
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Fig. 7. Tracks for the first six grayling agents to enter the acoustic array for
discharge 20 m®s~!. Tracks are coloured by ID, where agents had multiple
tracks. The fish pass location is represented by the black triangle.

the fish pass, under the assumption that these represented attempts to
migrate. Ultimately, the motivation of fish in this study cannot be known
definitively and it is possible some of the tracks analysed during this
study showed non-migratory behaviour. Regardless, models still pro-
vided insight into habitat selection and spatial usage by fish, and the
predictive model could produce upstream movements.

Considerations must be paid to the behavioural states themselves
when interpreting results. Two behavioural states were described: a
combined resting/searching state where movement involves shorter
step lengths and larger turns; and a transiting state featuring more
directed movement of longer step lengths. Previous effort to create a
three state model in this context, by splitting resting and searching, did
not produce a statistically acceptable model (Elings et al., 2023b). In
part, this is due to difficulty with scale and positioning error. At
increasingly fine scales, the impact of positioning error upon step length
and turning angle parameters becomes relatively greater (Jerde and
Visscher, 2005), which is why using the traditionally-used step length
and turning angle was not appropriate for this study (Elings et al.,
2023Db). In the context of this paper, if a fish spends an extended period
in one place, apparent movement might be due to positioning error
rather than actual fish movement (i.e. when a searching fish covers 2 m
in a 20 s time step and positioning error also equals 2 m, both states
cannot confidently be separated). Such errors make the designation of
separate resting and searching states challenging (Elings et al., 2023b).
It is possible that when resting (i.e. not travelling far) habitat selection
will differ from searching (i.e. moving) and that having both behaviour
in one state in this paper obscures patterns. However, the distinction of
those behaviours cannot yet be made and further developments in both
acoustic telemetry positioning and HMMs may be needed.

The distinction of resting and searching behaviours may hold addi-
tional benefit when comparing habitat selection of the two species in
this study, barbel and grayling. Results considering state 2, the resting/
searching state, can be interpreted differently depending on the
behaviour, and it is possible between and within species that the state is
more resting or more searching for some individuals than others. Spe-
cifically, in the resting/searching state (state 2), few grayling had spatial
velocity gradient (SVG) in their models. Previous work with HMMs in

10

Ecological Informatics 85 (2025) 102967

this system showed a tendency to switch from transit to resting/
searching behaviour in areas of higher SVG (Elings et al., 2023b) and
adding attraction flows is noted as a key attribute for fish searching for a
fish pass (Castro-Santos et al., 2017; Piper et al., 2012). If state 2 is
predominantly resting behaviour for grayling, rather than searching, the
lack of SVG may not be of concern - if searching, one could presume
grayling may be influenced by SVG whereas if resting that may not be
the case. By comparison, a higher proportion of barbel had SVG in their
state 2 models compared to state 1. For barbel, this could be interpreted
as SVG being more important for guiding fish movement when search-
ing, provided that state 2 mainly shows searching behaviours. However,
considering general trends, mean SVG selection did not differ between
states for barbel nor did it differ significantly from zero. Moreover, ul-
timately these results are highly open to interpretation and dependent
on what behaviours are actually captured by the HMM-defined behav-
ioural states. Further development of fine-scale HMMs could assist in
delineating these behaviours, and better informing future models.

Individual variation was high in both species and states. Across taxa,
individual animals in a population can vary across a range of metrics,
from habitat selection (Capra et al., 2017; Gillingham and Parker, 2008;
Lesmerises and St-Laurent, 2017) and other aspects of spatial usage e.g.
residency (Williamson et al., 2021) to physiological variation which
may drive behavioural differences (Norin et al., 2024). Historically, fish
passage science has taken a reductionist approach ignoring individual
variation and considering only the average fish, at the risk of fish pas-
sage (Birnie-Gauvin et al., 2019; Jones et al., 2020). The results of this
paper reiterate the results of Mawer et al. (2023a) and adds to a growing
body of fish passage literature highlighting a need to account for indi-
vidual variation in both analysis and predictions (Birnie-Gauvin et al.,
2019; Crawford et al., 2024; Jones et al., 2020; Nyqvist et al., 2024).
While mean values are important, researchers should also strive to
report the variability in studied fish. Such variation is then informative
for predictive modelling approaches, like IBMs, where it can be used to
parameterise varying individual fish for simulation. Through better ac-
counting for and reporting individual variation in freshwater fish, fish
passage science can move towards fish passage solutions that cover the
wide range of variation present in fish populations.

Though individual variation in habitat selection was high, some
commonalities emerged, providing insight into parameters governing
the movement of the studied fish. For example, barbel on average
preferred faster water velocities. Such preferences for faster flow agrees
with wider literature describing barbel as rheophilic (Britton and Pegg,
2011). Yet, this trend was not universal across barbel, with some in-
dividuals avoiding faster flows. The high individual variation prevented
generalisations of the relationships between fish and many model terms.
In some cases, terms were present in many models but due to contrasting
effects across the studied fish, means were not significantly different to
zero — for example, SVG. SVG is an important cue for navigating fish
(Elings et al., 2023a, 2023b) and can attract or repel fish, depending on
context (Enders et al., 2012; Piper et al., 2012). Mean SVG values were
positive across models suggesting that, while not a universal trend,
many fish preferred higher SVG values. For grayling, the individual
variation prevented generalisations of many terms, which had wide
confidence intervals. Such individuality means that management tools
for prediction must consider individual behaviours (Sells et al., 2022),
and even contrasting behaviours. It is important for future studies on
fish behaviour in the context of passage to account and describe indi-
vidual variation in behaviours to facilitate future IBMs. The predictive
IBM developed here is one such tool, enabling agents with varying
movement and habitat preferences to be parameterised.

Predicted spatial usage of barbel and grayling differed with
discharge and species, though commonalities emerged. Specifically, all
predictions showed high usage in the most upstream area of the study
site. This usage was noticeable greater for grayling compared to barbel.
In addition, predicted usage was high in the lower central extent of the
acoustic array which may in part be related to the fact that all tracks
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started downstream thus passed through this area upstream. Moreover,
while some tracks moved upstream, some remained in the downstream
section of the acoustic array, reflecting favourable habitat in the area. In
this area, SVG was typically higher due to flow from the fish pass while
water velocity was faster compared to the upstream area. For barbel,
high usage in this area was particularly pronounced while for grayling it
was less distinct. Patterns of predicted usage for barbel and grayling
below the barrier and in the downstream section of the array suggest
barbel may have greater success at locating the fish pass. Barbel were
predicted to use the area around the fish pass entrance more than the
upstream region, with stronger usage at the lower discharges compared
to the high discharge scenario. Facilitating such conditions experienced
in lower discharges in this area, e.g. by altering riverbed design, could
assist barbel during the migratory period. By comparison, highest
grayling usage occurred in the upstream area, suggesting they may be
more attracted to that area than the fish pass. As a result, there may be a
need to improve pass attractiveness for grayling. For both species, future
research could involve developing hydraulic models for new configu-
rations, e.g. flow attractions or alternate fish pass locations, and
applying the IBMs to the new hydraulic rasters to predict how potential
mitigation measures may affect fish spatial usage.

Direct recommendations from the IBM in this paper should be taken
cautiously. Though the IBM can capture fish movement and spatial
usage in this context, there are some caveats and limitations in the data
that hamper recommendations. For both species and all discharges, high
usage was predicted directly downstream of the barrier and predicted
usage patterns resemble the distribution of water depth in this area. Few
data were available on fish movement in this area, yet it is not known
whether this is due to a decision by the fish or constraints of the data.
This region was beyond the extent of the 2D acoustic telemetry array,
meaning fish positions in this area would have a high associated posi-
tioning error (Roy et al., 2014). As a result, while few calibrating data
were available in this region, we cannot know whether fish use it or not.
Secondly, and related, the water in this region was deeper than else-
where in the study site, generally exceeding 4 m depth and reaching up
to 7 m. As linear modelling is used, usage in areas with habitat values
beyond that of the calibrating data may be exaggerated. However,
positive selection for deeper water was only present on average for
barbel in state 1: in other models, the mean was near zero. As a result,
preference for and avoidance of deeper waters was likely represented in
the range of simulated agents and other habitat preferences may influ-
ence usage in this area. This issue could have possibly been abated by
using generalised additive models (GAMs) for fitting the SSFs, enabling
flexible relationships rather than linear. However, GAMs are computa-
tionally more demanding and take longer to fit, drastically increasing
the time for model selection. Moreover, previous early non-linear
modelling on this data indicated that relationships were near-linear
thus using GAMs may have had little benefit alongside the many dis-
advantages for this study (Mawer et al., 2023a).

The IBM of this manuscript is one within a growing body of IBMs for
fish passage. Compared to many existing IBMs, reviewed by Mawer et al.
(2023b), the IBM featured in this manuscript exploited existing tools in
movement ecology (Sells et al., 2023; Signer et al., 2024) as opposed to
developing an IBM completely from scratch. Such an approach - ana-
lysing with a SSF then using model outputs to predict — could provide a
more accessible route to simulating fish movement in the fish passage
context. The IBM in this paper relies upon selection for and against
hydraulic parameters. Hydraulic parameters are commonly used in fish
passage IBMs (Mawer et al., 2023b), with other IBMs modelling move-
ment towards preferences (Gao et al., 2016; Tan et al., 2018). While the
IBM of this paper can predict spatial usage and produce upstream
movements, further adjustments may be needed before it could be used
for predicting fish passage. Within the range of existing fish passage
IBMs and wider literature, there are several other elements that can
influence fish movement. For example, potential behavioural mecha-
nisms (e.g. attraction to or rejection of a route when water acceleration

11

Ecological Informatics 85 (2025) 102967

is above a threshold) are not included, where encountering certain flow
characteristics cause simulated fish to reject a route (Goodwin et al.,
2014). Such behaviour has been reported in literature for salmonids and
eels (Enders et al., 2012; Piper et al., 2015), though their inclusion in a
SSF-based IBM may be dependent on time step of the study. For example,
this paper concerns movement on a 20 s time step while fish may be
responding to flow acceleration on even finer scales (e.g. < 5 s). Future
developments in acoustic telemetry and SSF application may assist in-
clusion of such behaviours. Moreover, fatigue metrics can be of partic-
ular importance during upstream migration, where fish may need to
overcome challenging flows (Katopodis et al., 2019) and can be incor-
porated into IBMs. For example, Gilmanov et al. (2019) enabled fatigue
to influence fish movement in their IBM, where fish moved to minimise
accumulated fatigue, using water velocity and fish swimming velocity to
determine fatigue. Such an approach could work with future SSF-based
IBM like that of this paper, using water velocity and water velocity an-
gles to derive potential energetic costs of true and random steps to a fish,
thereby providing an input for simulations.

With increasing interest towards fine-scale tracking of freshwater
fish near barriers, SSFs present an opportunity to gain in-depth insight
into the parameters shaping observed movement patterns. Including
HMMs had little overall benefit in the presented study site, perhaps due
to the fine-scale nature of the study, but yielded some benefits to pre-
dicting fish spatial usage. Ongoing developments in the applications of
both SSFs and HMMs open the door for further applications to fresh-
water fish telemetry, and can be used to develop and IBM as seen in this
paper. The framework demonstrated in this paper, moving from fish
positional data to an IBM capable of predicting spatial usage patterns,
highlights the future potential for other telemetry studies seeking to
understand and predict fine-scale fish movement in the barrier
environment.
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