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Abstract

In Teno River, annual sonar monitoring is used to estimate the abundance of three salmonid species: Atlantic salmon, pink
salmon, and sea trout. However, the size distribution of these species is partially overlapping making species recognition
impossible from plain sonar data. A Bayesian model was developed to tackle this problem and to estimate abundance and
migration timing for these three species. The model integrates multiple sources of data including catch, video count, daily
average school sizes, and expert knowledge. Given the limited catch and video statistics for 2021, the use of school size data
and expert knowledge on migration intensity enhanced the estimation when other data sources were unavailable. The model
estimated a median of 11.8 thousand Atlantic salmon, 6.6 thousand sea trout, and 52.0 thousand pink salmon migrating into
the river during 2021. These findings offer a more accurate representation of species distribution, support future conservation
and management efforts, and provide a modelling-based solution for distinguishing similarly sized species from sonar counting

data.
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Introduction

Management of migratory fish populations is typically
based on research and monitoring programmes that provide
scientific information about the characteristics and status of
the stocks (Beddington et al. 2007), and form the basis for sci-
entific advice for management (Forseth et al. 2013). Monitor-
ing programmes should ideally be based on long-term data
collection on dynamics of the spawning stock size and subse-
quent recruitment.

Management strategies based on biological reference
points are typically used for migratory fish such as Atlantic
salmon (Salmo salar) (Prévost and Chaput 2001). The precau-
tionary approach in a science- and target-based management
is the principle of the internationally agreed management
system for Atlantic salmon in an intergovernmental conven-
tion, established by the North Atlantic Salmon Conserva-
tion Organization (NASCO 1998, 2009). Biological reference
points used in assessment of salmon stock status can be de-
fined as conservation limits (CL) or spawning targets (NASCO
2009; Forseth et al. 2013). Traditionally indices for stock sta-
tus have often been derived from catch data, but in recent
decades, other and non-intrusive methods have been increas-
ingly at use. In small- and medium-sized rivers, applicable
monitoring methods include several alternatives, e.g., optical

methods such as snorkelling (Orell and Erkinaro 2007) and
video surveillance (Orell et al. 2007b) but population census
in larger rivers pose particular challenges. One of the moni-
toring methods proven practical and successful in large rivers
is sonar counting (Boswell et al. 2008; Helminen et al. 2020)
that produces a time series of numbers of fish passing the
sonar site, data on fish length, swimming direction, and dis-
tance from the transducer.

Sonar counting is an active are area of development and
research, with significant advancements such as automatic
fish detection (Helminen and Linnansaari 2021) improving its
efficiency. However, one of the main challenges remains ac-
curately recognising different fish species (Horne 2008; Wei
et al. 2022). In some cases, species recognition can be done
based on significant length difference between fish species
(Burwen et al. 2010). However, migrations may involve mul-
tiple species with strongly overlapping size ranges. In such
cases, other information sources must be used for estimation
of species distribution, such as good-quality catch statistics
(Fox and Starr 1996; Alglave et al. 2022) or video surveillance
(Lamberg and Imsland 2022). Since the goal is to make prob-
ability statements about unobserved quantities (true species
distribution) based on observed quantities (sonar data), the
problem can be identified as a natural case of Bayesian infer-
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Fig. 1. The Teno system in northernmost Europe (left), with the Polmak sonar counting site marked by a yellow circle. The

right panel illustrates the sonar setup used at the site.
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ence (O’Hagan 1994). In contrast, the classical frequency ap-
proach is bound to assess how potential new estimates would
vary when some known values for the parameters have first
been assumed (Pierce 1973; Romakkaniemi 2015), which is
not of direct interest when assessing fish populations based
on observed data (Mdntyniemi et al. 2005; Kuparinen et al.
2012; Romakkaniemi 2015). Bayesian modelling is able to
combine multiple sources of information and expert knowl-
edge in the same modelling framework, simultaneously pro-
viding proper estimates of uncertainty and a better under-
standing of the phenomenon as a whole (Buckland et al. 2007;
Kuparinen et al. 2012).

In the large Teno River in the northernmost Europe
(Erkinaro et al. 2019), three anadromous salmonid species of
relatively similar size range, Atlantic salmon, pink salmon
(Oncorhynchus gorbuscha), and sea trout (Salmo trutta), ascend
during the short subarctic summer period between June and
August. Status assessment of the multiple Atlantic salmon
populations (Anon 2024) requires reliable estimation of run
sizes, and in recent odd years, the increasing numbers of the
alien pink salmon (Erkinaro et al. 2022) have severely compli-
cated this task. So far, species composition from sonar data
has been roughly estimated using catch information from
areas near the sonar site, relating the catches of different
species with sonar data on a daily basis, and no quantitative
modelling has been used before. Since the salmon fishing ban

in 2021, catch data have become scarce (some small-scale ex-
perimental catches only) or non-existing.

In this study, we developed a Bayesian model to estimate
the distribution of fish species ascending the Teno River. Our
model uses sonar data, catch statistics, video data, school
size data, and expert knowledge of migratory patterns, result-
ing in species-specific daily and total abundance estimates
of the fish passing sonar counting site. The estimates have
proper quantification of uncertainty and provide a better un-
derstanding of the total abundances of different species.

Materials and methods

Study area

The subarctic Teno River (Tana in Norwegian, Deatnu in
Sdmi) forms the border between northern Norway and Fin-
land being one of the largest salmon rivers in both coun-
tries (Fig. 1). The river supports wide diversity of Atlantic
salmon populations with c. 30 genetically distinct stocks
(Vaha et al. 2017) and extremely high diversity of life histo-
ries (Erkinaro et al. 2019). The main stem, large headwater
branches, and smaller tributaries comprise > 1100 km of ac-
cessible stretches for ascending salmon. The Teno River is one
of the last remaining large salmon rivers with a virtually pris-
tine and abundant distribution area for the Atlantic salmon,
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largely free from major man-made obstructions (Erkinaro et
al. 2017).

Until recent years, Teno River has been known for its
massive wild Atlantic salmon production with annual river
catches varying between 80 and 250 metric tons or 20 000
and 60000 fish (Erkinaro et al. 2019). Unfortunately, a steep
decline in salmon stock status has been documented in re-
cent years, especially since 2019. The cause for this decline
is believed to be a sum of multiple factors, including cli-
mate change, which has the most pronounced effect on
higher latitudes, changing the environmental conditions for
Atlantic salmon during its life stages in freshwater and at sea
(Alioravainen et al. 2023). Strong management measures have
been implemented to facilitate salmon stock recovery by de-
creasing fishing pressure, and eventually, a complete fishing
ban has been issued for 2021-2024 (Anon 2024).

The invasive pink salmon has recently started to repro-
duce in the Teno system (Erkinaro et al. 2022, 2024). The pink
salmon was introduced to the Barents Sea-White Sea region
through a Russian introduction programme between 1956
and 2001 (Sandlund et al. 2019). The number of pink salmon
entered and captured in the Teno in odd years has been
mostly low since their introduction to Northwestern Russia,
but in 2017, numbers started to strongly increase: approxi-
mately 4600, 50 000, and 170 000 pink salmon were estimated
to migrate into the Teno system in 2019, 2021, and 2023, re-
spectively (Erkinaro and Orell 2022; Domaas et al. 2024).

Sonar counting of ascending fish in the Teno main stem
has been carried out since 2018 when the Natural Resources
Institute Finland (LUKE) installed two echo sounders 55 km
from the Teno estuary (Anon 2024) (Fig. 1). Three similarly
sized salmonids are ascending the river with overlapping mi-
gratory patterns: one-sea-winter (1SW) Atlantic salmon, sea
trout, and the pink salmon (Erkinaro et al. 2022).

Data

In this study, we utilized sonar data from the Teno River
in 2021. The data collection was conducted with two ARIS
explorer 1200 (Sound Metrics, Bellewue, WA, USA) multi-
beam sonar units (see Fig. 1) equipped with ARIS telephoto
lenses (Sound Metrics, Bellewue, WA, USA) and 14 °C spreader
lenses. Sonar data were recorded and stored to external hard
drives by using ARIScope software (version 2.8.0) and col-
lected sonar data were analysed by using ARISFish software
(version 2.8.0). Four underwater custom-made (Lamberg Bio-
Marin Service) video cameras with 3.5 mm wide angle lenses
were installed to the sonar counting site for species identifi-
cation purposes. Camera data were both recorded and anal-
ysed with Timespace X300 digital video recorder (Timespace
Technology Ltd, Huntingdon, UK). All sonar and camera data
analysis were performed by experienced personnel.

Final sonar data were generated by analysing raw sonar
data from two echo sounders, which requires lots of manual
labour because all fish observations are detected and mea-
sured manually. Analysing daily raw data from both echo
sounders completely would require an immense number of
working hours. To ease the workload, 12 h of raw sonar data
were analysed from both echo sounders each day.
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The analysed raw data comprised 30 + 30 min alternating
between two sonars each hour. Based on the analysed hours,
the complete daily number of fish passing the sonar counting
site was estimated by extrapolating fish counts and measure-
ments over the unanalysed hours, assuming the same volume
of migration. This resulted in a daily time series of the num-
ber of fish passing the sonar counting site, grouped by swim-
ming direction and length classes. All downstream migrants
were considered kelts before 26 June, which were not sub-
tracted from upstream counts. After this date, the subtracted
proportion of downstream migrants was increased stepwise
over 9 days from 10% to 100%. These proportions were based
on earlier catch information (Niemeld et al. 2000).

Since the vast majority of ascending pink salmon and sea
trout belong to the body length range of 45-65 cm, the size
group of interest in Atlantic salmon is <65 cm, which are
mostly 1SW fish (Alioravainen et al. 2023). Ascending fish
that exceed 65 cm in body length were considered multi-sea-
winter Atlantic salmon, and fish shorter than 45 cm consist
mostly of other local species, like grayling (Thymallus thymal-
lus) and whitefish (Coregonus lavaretus). The resulting sonar
data comprised 70 350 observations from ascending fish be-
tween 45 ¢cm and 65 cm in length, observed between 27 May
and 1 September 2021 (Fig. 2C).

Statistics concerning fish school sizes and the number of
schools were calculated from the analysed hours of raw sonar
data. Two or more fish were assumed to belong to the same
school if the horizontal distance between fish was less than
15 m and the time difference between two consecutive detec-
tions of individual fish was less than or equal to 1 s. The daily
number of schools were calculated by dividing the daily fish
count by the daily average school size (Fig. 2D).

In 2021, a salmon fishing ban was introduced for the Teno
River, and therefore catch data from regular fisheries were
not available. However, small-scale special fishing was al-
lowed in the lower part of the river for collecting informa-
tion on pink salmon migration and their catches in relation
to Atlantic salmon and sea trout. Data were selected to in-
clude Atlantic salmon, pink salmon, and sea trout catches of
individuals between 45 and 65 cm in length from six fishing
sites between the Teno estuary and the Polmak sonar count-
ing site. The resulting catch data included 2345 observations
from 48 days between 24 June and 11 August 2021 (Fig. 2A).

Video observations of ascending fish were gathered for 25
days between 9 July and 2 August 2021, using four video cam-
eras installed at the southern side of the river at the Polmak
sonar counting site, covering c. 10 m of the transect and 20%
of the sonar window length. A total of 2779 Atlantic salmon,
pink salmon, and sea trout between 45 and 65 cm in length
were observed. These video observations were backed by si-
multaneous sonar observations of the same schools and in-
dividuals, allowing reliable species identification. The time
frame for the video surveillance was selected so that large
numbers of pink salmon could still be observed (Fig. 2B).

Probability model of the problem
The model assumes three species in the sonar data: Atlantic
salmon, pink salmon, and sea trout. The relative share be-
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Fig. 2. Daily observations of salmonids between 45 and 65 cm in length in 2021. (A) Number of Atlantic salmon, pink salmon,
and sea trout captured between the Teno estuary and the Polmak sonar counting site. (B) Number of Atlantic salmon, pink
salmon, and sea trout counted on video at the Polmak sonar counting site. (C) Number of ascending salmonid fish counted
on sonar at the Polmak sonar counting site. (D) Average school sizes of ascending salmonid fish at the Polmak sonar counting

site.
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tween these species is believed to be reflected by catch statis-
tics and video data. The model follows a four-part structure
described as follows:

(1) Model for migration process of all three species
(2) Observation model for catch statistics

(3) Observation model for video counts

(4) Observation model for the number of schools

JAGS (Plummer 2003) code for the model can be found in
the supplementary material, and a visual representation of
the model as a directed acyclic graph is shown in Fig. 3. Table
1 contains a list of model’s parameters, their explanations,
and prior distributions.

Model for migration process of all three species

On day i, the total number of fish passing the sonar
counting site, each fish being observed, comprises the sum
of Atlantic salmon, pink salmon, and sea trout passing

B) Daily video count
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through:

(1) m =

where nf", nfi, and n{" are the daily migration numbers (at for
Atlantic salmon, pi for pink salmon, and tr for trout).

The daily numbers ni*, n", and n{" at day i calculated from
the total amounts:

(2) niat — Q?t . Nat
(@) P =g NP

(4) nitr — qfr . Ntr

Here, N, NP, and N represent the total numbers of At-
lantic salmon, pink salmon, and sea trout, respectively. The
values ¢, ¢, and g correspond to the proportions migrat-
ing on day i, derived from the respective vectors g, gP!, and
q" representing the daily migration proportions.
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Fig. 3. A simplified visual representation of the model structure represented as a directed acyclic graph. Variable names and

descriptions are detailed in Table 1.
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The total amounts of each species are given an uninforma-
tive uniform prior on the log-scale allowing for a wide, mini-
mally informative prior (Pulkkinen et al. 2019):

(5)  log(N").log (N*).log (N*) ~Unif (0, 20)

Daily migration proportions are assumed to be affected by
the total population size and a scaling factor, reflecting vari-
ability in migration intensity. At its foundation, the probabil-
ity vectors can be described using Dirichlet distribution:

(6) g% ~Dir (Y. n*t - N
(7) qPi ~ Dir (1//131 . ,,Pi .Npi)
(8) g ~Dir (¥ n . NT)

Dirichlet weights are determined by the expected value

vectors ¥, P, 7, dispersion scale parameters 7, nPi, %,
and total amounts N*, NPi, N,

6 ¢ 8y

For better computational performance, the Dirichlet dis-
tributions are approximated with lognormal distributions
(see Appendix A). Within the Dirichlet approximation, the
expected value vectors are derived from an autoregressive
AR(1) structure with autoregression coefficients ¢ and expert
elicited expected values p4 (details in Appendix A). The expert
elicited expected values are formed from the expert elicited
migration intensity graphs (Fig. 4). Autoregression is used to
capture the migration trends assuming that deviation from
the expected number of daily migration is not random and
subsequent days are likely to be similar.

While the Dirichlet distribution provides a foundational
structure for the probability vectors, the incorporation of
AR(1) structure using the expert elicited values adds a layer
of temporal dependency, reflecting the non-random nature
of migration trends over time.

The dispersion scale parameters 1, P!, and n™ are given
uninformative priors. These parameters control the degree
of overdispersion in the Dirichlet distribution by scaling the
total amounts N. Specifically, when 5 is 1, the Dirichlet dis-
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Table 1. List of symbols, descriptions, and prior distributions.

Symbol Description Prior distribution
log (N3t) Total number of Atlantic (45-65 cm) salmon on a logarithmic scale Unif (0, 20)
log (NP) Total number of pink salmon on a logarithmic scale Unif (0, 20)
log (N*) Total number of sea trout on a logarithmic scale Unif (0, 20)
Nt Total number of trout on real scale -

nft Daily migration of Atlantic salmon —

nlp i Daily migration of pink salmon -

nf* Daily migration of sea trout -

7t Dispersion scale parameter for the total number of Atlantic salmon (45-65 cm) Unif (0, 1)
nPi Dispersion scale parameter for the total number of pink salmon Unif (0, 1)
nt Dispersion scale parameter for the total number of sea trout Unif (0, 1)
q* Daily portions to migrate for Atlantic salmon —

Yt Experts’ view on the expected migration intensity of Atlantic salmon -

gt Daily portions to migrate for pink salmon —

P Experts’ view on the expected migration intensity of pink salmon —

q* Daily portions to migrate for trout —

Yyt Experts’ view on the expected migration intensity of sea trout —

¢t Autoregressive coefficient of daily migration intensity for Atlantic salmon Unif (0, 0.95)
PPt Autoregressive coefficient of daily migration intensity for pink salmon Unif (0, 0.95)
ot Autoregressive coefficient of daily migration intensity for sea trout Unif (0, 0.95)
pi = (p*, p} 1 i) True daily species distribution

Pi= (fa“ltl %8 f)‘lrl) Daily species distribution within catch statistics

P2i= (ﬁ;tl fi‘z’ll 1’5‘2rl> Daily species distribution within video data

0, Dispersion scale parameter for species distribution within catch data Unif (0, 1)
0y Dispersion scale parameter for species distribution within video data Unif (0, 1)
kft Daily number of schools for Atlantic salmon (45-65 cm) —

klp 1 Daily number of schools for pink salmon —

ki Daily number of schools for sea trout —

mat Average school size for Atlantic salmon (45-65 cm) LogN (0, 0.2)
mpt Average school size for pink salmon LogN (0.75, 0.17)
mt Average school size for sea trout LogN (0, 0.2)
Data

nfot Daily observations -

ct Daily number of caught Atlantic salmon (45-65 cm) —

cfi Daily number of caught pink salmon —

cl?r Daily number of caught sea trout —

cpot Daily total catch -

vat Daily number of Atlantic salmon (45-65 cm) observed on video —

lei Daily number of pink salmon observed on video —

v}‘ Daily number of sea trout observed on video —

viet Total number of fish observed on video daily -

kfot Daily number of schools observed -

tribution follows the expected values iy without additional
overdispersion and the uncertainty around expected values
is as expected given the N. If 5 is less than one, overdisper-
sion is present indicating greater than expected uncertainty
around the expected values for the given N. By assuming a
uniform prior between 0 and 1:

(9) n3t, nP ™ ~ Unif (0, 1)

we assume no prior knowledge about the degree of overdis-
persion.

The prior distribution for the autoregression coefficients
of daily migration intensities ¢, ¢P!, T assumes a positive
correlation between consecutive days:

(10) ¢™, ¢P', ¢ ~ Unif (0, 0.95)

With daily migration numbers n2t, n?, n*, and their sum,
the true daily species distribution is calculated and subse-
quently used as the expected values for catch and video ob-
servations:
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Fig. 4. Expert-defined expected values for migration intensities of Atlantic salmon, pink salmon, and sea trout.
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at additional uncertainty through overdispersion, allowing the
(11) pit= i model to better capture the variation in catch.
l nd +n? + nlt For computational efficiency, the Dirichlet distribution is
. nbi approximated using lognormal distributions (Appendix B),
(12) pr__ i . . . . . . .
b = nat Py g and the multinomial distribution is represented using inde-
! nér ! pendent Poisson distributions by conditioning on their sum
(13) pf=—--—— (Gelman et al. 2013).

The individual values p3", pfi, and p}{" are combined into vec-
tor p; = (p?‘, PP, p?’).

Observation model for the catch statistics

The daily number of caught Atlantic salmon, pink salmon,
and sea trout represents a sample from the actual species dis-
tribution and is modelled using a Dirichlet-multinomial dis-
tribution:

(14) ¢, ', c" ~ Multinom (py ;. cf")

where ¢, cipi, and c" are the number of Atlantic salmon, pink
salmon, and sea trout caught at day i and c{°" is the total num-
ber of fish caught on that day. The expected species distri-
bution within the %, denoted as p; ; = (ﬁ‘{tl P f?ﬁﬂ) is as-
sumed to follow Dirichlet distribution:

(15) Py Py DY ~Dir (pi - 6c - )

where the actual species distribution p; is used as the ex-
pected value.

The dispersion scale parameter 6., given a minimally infor-
mative prior distribution:

(16) 6. ~Unif(0, 1)

functions similarly to n parameters discussed in earlier part,
controlling the degree of over dispersion. While the multino-
mial distribution accounts for sample variation, 6. introduces

Observation model for the video counts

Video observations are also a sample of the actual daily
species distribution and are modelled in the same way as
caught salmon, using the Dirichlet-multinomial distribu-
tion:

(17) v v Vi ~ Multinom (P, vi*")

where v, vfi, and v{* are the number of Atlantic salmon,
pink salmon, and sea trout observed in video at day i and
viet is the total number of fish observed in video on that
day. The species distribution within the video;, denoted as
D2i= (1’5?1 P 1’5‘2‘1) is assumed to follow Dirichlet distribu-
tion:

(18) IA’zzltl ?2)11 Fzrt ~ Dir (Pi - Oy 'V}Ot)

where the actual species distribution p; is used as the ex-
pected value. The dispersion scale parameter 6,, which is
given an uninformative prior distribution, similarly accounts
for the additional variation through overdispersion akin to 6,
discussed previously:

(19) 6, ~Unif(0, 1)

Like with catch data, the Dirichlet distribution is approx-
imated using lognormal distributions (Appendix B), and the
multinomial distribution is represented using independent
Poisson distributions by conditioning on their sum (Gelman
et al. 2013) for computational efficiency.
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Observation model for the number of schools
The daily number of schools for each species ki, kipi, and k{*
are assumed to follow gamma distributions:
(20) k'~ Gamma (n", my)
(21) kP ~Gamma (nfi, mpi)
(22) k{* ~Gamma (n{", me)

where m®, mPi, and m' represent average school sizes for
each species. The average school sizes m®, mPi, and m™ are
constricted to support values in the interval [1, co). This con-
straint is implemented through a transformation using latent
variables Lm3t, LmP!, and Lm"™, each following a log-normal dis-
tribution:

(23) Lm*~LogN(0,0.2), m* = exp (Lm™)
(24) LmP'~LogN (0.75, 0.17), mP = exp (LmPi)
(25) Lm"™~LogN(0,0.2), m™ = exp (Lm")

The total daily number of schools, k;, is the sum of gamma-
distributed variables k¥, k", and k" and is assumed to follow
a gamma distribution:

(26) k{°*~Gamma (

e )

Var (ki°t) " Var (k)

where the expected value E (k{°*) and the variance Var (k{°")
are given by

pi
@7) E(ey— Mmoo
l Mar  Mpi My
n?t nPi n?r
(28) Var (kltOt) = % —+ 1 + 1
Mat pi tr

The expected value of E (le"t) represents the expected to-
tal number of schools observed, aggregating species-specific
counts k3, k", and k{*. Similarly, the variance Var (k{*) is cal-
culated as sum of variances from the same components.

Prior distributions for average daily school size for Atlantic
salmon and sea trout (m® and m%) are chosen based on ear-
lier observations from the Teno River monitoring programs
(unpub. data). According to the data, Atlantic salmon and sea
trout tend to migrate alone or in small schools and thus pri-
ors for m3 and m™ mainly support average school sizes less
than five individuals (Table 1). In contrast, pink salmon pre-
fer larger school sizes (Kaev and Rudnev 2007, unpub. Teno
data). Prior given for average school size of pink salmon (mP)
mainly supports values over five individuals. Prior distribu-
tions for m®, mP!, and m™ are parameterized to support val-
ues greater than one because an average school size of less
than one is impossible.

Expert elicitation
Informative priors about the timing and intensity of
spawning migrations for three species were elicited from two

competent experts. Experts were consulted separately and
asked to base their views on their existing knowledge on
timing and intensity of Atlantic salmon, sea trout, and pink
salmon’s spawning migration in earlier years. Three blank
graphs, one for each species, with a time axis between May
and September, were supplied to each expert. Experts drew a
single solid continuous line to present the most likely inten-
sity curve of the migration.

Upon comparing the results, it was found that the experts’
views on the migration intensities were highly similar. Due
to this high agreement, their individual intensity curves were
combined into a single representative curve for each species.
These combined curves were later shown to the experts, who
reviewed and agreed upon them being accurate representa-
tions of their knowledge. This approach ensured that the in-
formative priors accurately reflected the consensus of expert
opinion. The expected value vectors used in eqs. 6—8 were
based on these combined curves (Fig. 4) (Appendix A).

Sensitivity analysis on influence of school size

observations

Additionally, the model was run without the school size
data to study its influence on the estimates. Results of this
model run can be found from the supplementary material.

Details of the model run

The model was fitted using Markov chain Monte Carlo sam-
pling with JAGS 4.3.0 (just another Gibbs sampler) (Plummer
2003) and runjags R-package (Denwood 2016) to control the
JAGS software. The model was run for 12 million iterations
with two chains, taking around 1 week. A burn-in period
of one million samples was removed from the beginning.
The sample was post-processed by thinning it by 750, result-
ing in a final sample of eight thousand iterations per chain.
Convergence for parameters of interest was diagnosed using
Gelman-Rubin statistics (Gelman and Rubin 1992) by making
sure the potential scale reduction factor was under 1.05 and
the Monte Carlo standard error was under 5% of standard de-
viation for these parameters. More detailed convergence diag-
nostics and trace plots can be found from the supplementary
material Figs. S1a and S1b and Table S1.

Results

Based on our model’s posterior distributions, the median
for the total number of small, between 45 and 65 cm long,
Atlantic salmon migrating into Teno River in 2021 was 11.8 k
individuals, with 90% highest density probability interval (PI)
being between 10.5 and 13.3 k. For the pink salmon the me-
dian is 52.0 k with 90% PI from 51.4 to 52.5 k, and for sea trout
the median 6.6 k with 90% PI between 5.3 and 7.8 k. Table 2
shows prior and posterior results for all key parameters.

All key parameters updated when comparing prior distri-
butions to their corresponding posteriors (Figs. 5a and 5b).
Posterior distributions for dispersion scale parameters on mi-
gration intensities 7%, nP!, and n™ showed significant updates
from their uninformative priors to values near zero. This in-
dicates a substantial difference from the expert-defined ex-
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Table 2. Prior and posterior medians and 5% and 95% quantiles of key parameters from the

2021 model run.

Prior Posterior

Variable Median 5% 95% Median 5% 95%
Nat 20000 1 66526511 11796 10486 13283
Npi 20000 1 66526511 51957 51358 52522
Nt 20000 1 66526511 6590 5254 7805
nt 0.50 0.05 0.95 0.011 9.8 x 107° 0.021
nPt 0.50 0.05 0.95 14 x 1074 8.9 x 107° 3.7 x 1074
ne 0.50 0.05 0.95 1.6 x 1074 1.3 x 107° 5.6 x 1074
0¢ 0.50 0.05 0.95 2.3 x 1073 2.6 x 1077 7.6 x 1073
0y 0.50 0.05 0.95 1.0 x 1073 5.6 x 1078 3.8 x 1073
mat 2.71 1.94 3.75 1.40 1.36 1.44
mpt 8.33 418 14.32 12.81 11.95 13.82
mt 2.71 1.94 3.75 1.21 1.17 1.25
¢t 0.47 0.02 0.88 0.62 0.37 0.84
Pt 0.47 0.02 0.88 0.69 0.62 0.76
o 0.47 0.02 0.88 0.92 0.90 0.95

pected values for migration intensities, as visualized in Figs.
6-8. These results were expected because the expert’s migra-
tion intensity curves were designed to be general and thus
cannot cover year specific details in, for example, environ-
mental conditions that affect the migration intensity.

The estimated daily abundance of sea trout (Fig. 8) suggests
a bimodal migration, with the first peak occurring near the
start of July and the second peak at the start of August. The
first peak in July is unexpected and potentially caused by the
catch statistics, which mostly record over-wintering sea trout
during that time. Considering this, if the estimated sea trout
up to 24 June are ignored, a more realistic and revised esti-
mate for sea trout would have a median of 5.2 k individuals
and 90% PI of 4.1-6.2 k.

The parameters for daily average school size m®, mPi,
and m™ have updated, the one for pink salmon (mP) being the
largest with a median of 12.8 and 90% PI of 12.0-13.8 fish per
school. Parameters of average school size for Atlantic salmon
and sea trout are significantly smaller, the median for m® is
1.40 with 90% PI between 1.36 and 1.44 fish per school, and
the median for m" is 1.21 with 90% PI between 1.17 and 1.25
fish per school. These differences are in line with known dif-
ferences of the schooling behaviour of these species.

Autoregression coefficient of daily migration intensity for
sea trout (¢) is the largest among the three species, with a
median of 0.92 and 90% PI from 0.90 to 0.95. This indicates
that sea trout migration shows stronger autocorrelation com-
pared to other species. Parameter ¢P' is smaller, with a me-
dian of 0.69 and 90% PI of 0.62—0.76 and ¢ is the smallest
with a median of 0.62 and 90% PI of 0.37—0.84.

Discussion

Sonar-based monitoring methods are gaining popularity in
fish stock monitoring and management (Wei et al. 2022). In
rivers where several similarly sized species coexist, as in the
Teno River, the challenges of species recognition become ap-

parent. In this study, we developed a Bayesian model combin-
ing three data sources (individual count and school size data
from the sonar, catch statistics, and video data) and expert
knowledge on migration intensity to estimate number of in-
dividuals passing the sonar site for Atlantic salmon, sea trout,
and pink salmon of size range 45-65 cm. Our approach offers
clear advantage over the previously used (2018-2020) method
that relied solely on catch statistics to estimate species dis-
tribution in sonar counts and did not measure uncertainty
of abundance. Although the species distribution can be esti-
mated from high-quality catch statistics (Fox and Starr 1996;
Alglave et al. 2022), they can be biased and not representative.
At Teno River, the quality of catch statistics has dramatically
decreased after the introduced fishing ban in 2021, and only a
limited amount of fishing licenses were given out for selected
people to conduct small-scale experimental fishing. This pre-
vented the use the previous estimation method relying on
catch statistics in 2021. By combining multiple sources of in-
formation in a Bayesian model, the estimated species distri-
bution is not strictly driven by single uncertain source of data
and will provide a better representation of the true species
distribution.

A direct comparison between our model and the previous
method to estimate small salmon abundance in 2021 is chal-
lenging. To compare results, the previous method was ap-
plied using early season sonar counts (1-29 June; before pink
salmon run starts) corrected with daily species distributions
from catch data 2018-2020. The corrected early season sonar
counts were then extrapolated based on the annual propor-
tions (average and years separately) of small salmon migrat-
ing past the sonar monitoring site during the same early sea-
son period in 2018-2020. This method yielded a small salmon
estimate of 16.4 k salmon when using average proportion
from 2018 to 2020 and estimates between 13.8 k and 21.2 k
salmon when using single year proportions. The model-based
estimate is more reliable because it integrates annually up-
dated information, multiple data sources, and expert-based
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Fig. 5. Posterior distribution to prior distribution comparisons for the key parameters. Solid line represents the posterior

distribution, and dashed line represents the prior distribution.
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expected values, providing a more comprehensive represen-
tation of the actual migration.

The model’s sensitivity to school size data was assessed
by running the model without it. Comparison of the results
(Table 2 and Table S1) reveals significant differences. Autore-
gression coefficients for daily migration intensities (¢, ¢P!,
and ¢%) and dispersion scale parameters for migrations in-
tensities (n®, nP!, and ™) and for catch and video data (0,
and 6,) are consistently higher in the absence of school size
data. Parameters 6. and 6, show the largest increase, indicat-
ing greater reliance on catch and video data for estimating
daily species distributions. Abundance estimates for Atlantic
salmon and sea trout are lower, while abundance estimate for
pink salmon becomes higher, when the school size data are
not included. Figures 6—8 and S4—S6 show substantial dif-
ferences in daily abundance estimates, with Atlantic salmon
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migration appearing to decline earlier, and sea trout migra-
tion peaking earlier. The 90% PI for sea trout abundance in
the model without the school size data nearly overlaps with
our revised estimate. However, the Atlantic salmon abun-
dance estimate (median: 7.2 k, 90% PI: 6.3 k-8.2 k) appears
unrealistically low, considering that additional monitoring
data from tributaries Utsjoki, Inarijoki, and Kardsjohka (Fig.
1) indicate that 4.3 k small Atlantic salmon migrated into
these tributaries alone in 2021. These findings highlight the
critical role of school size data in improving the accuracy
of model’s abundance estimates, particularly for Atlantic
salmon.

In general, video monitoring can provide reliable data on
migration of different fish species and their life stages (Orell
et al. 2007a). However, if the cameras do not cover the whole
river width, certain species may be under- or overestimated
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if they prefer a specific part of the river during migration
(Thorstad et al. 2008). The four cameras used in Teno River
in 2021 covered different depths and parts of the river chan-
nel, but still a small proportion of the river width. In addition,
the video cameras were operational for less than a half of the
migration period. Preferably, video data should cover the en-
tire migration periods and a larger proportion of the channel
width.

Our model’s total abundance estimates have relatively
small standard deviations, resulting in tight highest-density
PIs. The main cause for this is the assumption that all fish
are observed, leading to situation where the total number
of fish does not contribute to the uncertainty. Instead, the
uncertainty is solely due to the uncertainty between the pro-
portions of different fish species. While the small uncertainty
is generally beneficial, acknowledging this assumption is
crucial.
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The dispersion scale parameters, related to the daily num-
ber of each species, estimated into values near zero. This sug-
gests an incompatibility between the expert-defined expected
migration intensity and the estimated migration intensity.
Such a deviance is not unexpected, as accurately capturing
migration intensity is challenging for most years due to the
variable nature of river conditions. Factors such as discharge
and temperature, which significantly affect the migration be-
haviour of Teno River salmon, can change drastically from
year to year (Erkinaro et al. 1999; Karppinen et al. 2004).

To further enhance the model’s predictive capabilities, fu-
ture developments should focus on integrating a migration
model that includes additional data sources from environ-
mental and in-river variables, such as those used for mod-
elling smolt migration in Utsjoki (Pulkkinen et al. 2019).
These variables could include water temperature, discharge,
and tidal rhythms, helping to capture the autocorrelation be-
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Fig. 6. Estimated daily abundance of Atlantic salmon. Boxplots represent the 5%, 25%, 50%, 75%, and 95% quantiles of estimated
daily abundancies. The dashed line represents the case if the estimated total abundance of Atlantic salmon followed the expert-

based expected values.
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Fig. 7. Estimated daily abundance of pink salmon. Boxplots represent the 5%, 25%, 50%, 75%, and 95% quantiles of estimated
daily abundancies. The dashed line represents the case if the estimated total abundance of pink salmon followed the expert-

based expected values.
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tween days and provide a more accurate representation of
migration patterns. Moreover, fish length data from sonar
measurements could provide an additional source of infor-
mation, as it has been shown to aid with species recogni-
tion (Gurney et al. 2014). These refinements would allow the
model to better explain uncertainties and improve its overall
performance.

Expert knowledge on migration intensities of different
species varied a lot. For Atlantic salmon, long-term mon-
itoring in different parts of the Teno River (catch, video,

snorkelling, sonar data) provides a strong basis for under-
standing the general pattern for migration (Borgstrgm et
al. 2010; Orell et al. 2011). For pink salmon, very little in-
formation is available before 2017 and understanding their
migration patterns is still rather weak. Migration of the
Teno sea trout is better understood and clearly different
from the two other species. Orell et al. (2017) have docu-
mented a 2-year spawning migration of sea trout and exten-
sive overwintering-feeding migrations between sea and river
during the spring and summer.
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Fig. 8. Estimated daily abundance of sea trout. Boxplots represent the 5%, 25%, 50%, 75%, and 95% quantiles of estimated
daily abundancies. The dashed line represents the case if the estimated total abundance of sea trout followed the expert-based

expected values.
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The decision to analyse 12 h of raw sonar data per echo
sounder each day, while necessary to manage workload, re-
sults in half of the daily raw sonar data being unanalysed.
To mitigate this, the analysed hours are alternated between
the two echo sounders, and the results are extrapolated to
cover the unanalysed hours. This extrapolation assumes con-
sistent migration patterns, which may not necessarily be a
totally valid assumption due to varying diel variations in en-
vironmental conditions such as illumination, temperature,
and discharge (Erkinaro et al. 1999; Karppinen et al. 2004;
Davidsen et al. 2005). Generally, this approach works well,
but it relies on the assumption that no regular 2 h based pat-
terns exist in salmonid migration. A regular 2 h based migra-
tion pattern would cause the extrapolation to become biased
and to ensure unbiased extrapolation, the hours selected for
analysis should be randomized, giving each hour 50% proba-
bility to be chosen for analysis. This would mitigate any po-
tential sources for bias.

Additionally, a straightforward solution is to analyse all
24 h of raw data from both echo sounders. Advancements
in automatic fish detection and measurement techniques,
such as the use of deep learning and other neural network
approaches, could make this feasible by reducing manual
labour (Kandimalla et al. 2022; Tang et al. 2023). Alterna-
tively, incorporating uncertainty about daily sonar observa-
tions into the model could also mitigate this issue. This in-
corporation would likely increase the uncertainty attached
to the abundance estimates, but the estimates would more
likely be a better representation of the uncertainty about true
abundances.

The proportion of sea trout was somewhat higher than ex-
pected, especially during mid-summer at late June and July.
Possible cause for this may be linked to the complicated mi-
gration patterns of sea trout (Orell et al. 2017) and the use of

Al'.lg Sép

catch data that also include individuals that are not on their
spawning migration and should not be accounted while esti-
mating the total abundance. By excluding the abundance es-
timates before 25 June, a more realistic estimate for sea trout
abundance was gained. This adjustment also caused the abun-
dance estimates for the Atlantic salmon and the pink salmon
to raise slightly. This revised estimate likely represents a
more realistic spawning population size estimate for the sea
trout. To avoid this issue a quick and straightforward solution
is to calculate the revised estimate by excluding early counts.
A more sophisticated approach would be to divide sea trout
into two groups: over-wintering and spawning. Each group
would have its own expert-defined expected values for mi-
gration intensity and be modelled as separate species. This
two-group solution would allow the model to distinguish be-
tween over-wintering and spawning populations of sea trout,
rather than relying on a selected date to make this division.
Reliable modelling of the multi-species salmonid run at the
Teno River is crucial for robust assessment of the status of
the numerous Atlantic salmon populations in the catchment.
As the status of Atlantic salmon populations of the Teno
River has rapidly declined and is currently at the all-time
low (Anon 2024) and the ascending pink salmon numbers
have concurrently been increasing dramatically (Domaas et
al. 2024; Erkinaro et al. 2024), better methods for estimat-
ing the species-specific run sizes are badly needed. Moreover,
as the use of sonars in estimating fish population sizes has
increased globally (Wei et al. 2022), and become popular in
assessing anadromous salmonid runs (Helminen et al. 2020),
there are obvious needs for reliable modelling methods for
species-identification that can be applied for various situa-
tions. Our model for estimating the number of individuals
of different species from sonar counts is flexible and can be
adapted to function in different rivers with varying species
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composition. The number of species can be changed, and dif-
ferent migration intensity priors can be specified for each
species. While less accurate methods can be used for species
recognition, in most cases, a more precise modelling-based
approach with proper uncertainty estimates becomes essen-
tial to fully utilise the collected data. As data over multi-
ple years accumulate, the concept of forming a hierarchical
structure for migration intensities becomes more apparent.
This approach not only improves the understanding of mi-
gration dynamics over time but also refines the estimation
of migration intensity parameters through the utilization of
data from multiple years, ultimately improving the precision
of estimates.
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Appendix A. Lognormal approximation
for Dirichlet distribution with AR(1)
autoregression

Let g1., to be a set of Dirichlet-distributed parameters:

q1:n~Dil‘iCh(1/f1'?7'N, .oy Ym-n-N)
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where ; is the expected probability for index i, n is the
overdispersion parameter between 0 and 1, and N is the to-
tal amount. The expected probability ; is calculated using
AR(1) autoregression from expert-defined expected value p;
and autoregression coefficient ¢. With a set of lognormally
distributed z;, Dirichlet distribution can be approximated for
index i = 1 by assuming

1
(A1) zy =exp <log(u1) —0.5-log <7 + 1) + v1>
u1-n-N

(A2) vi~N(0,07)

1
A3) o2 =1o (7“)
(A3) o ) 0N

and for indexesi = [2 : n:

(A4) 2z =exp <10g(u,-) — 0.5 log <; + 1) + vi)
wi-n-N

(AS) Vi ~N (¢ Vi1, O'iZ)

om0y v )

Mi-n

Values for g; are calculated, after z;., have been resolved:

Z.
(A7) qi = nl
Zi

i=1

Appendix B. Lognormal approximation
for Dirichlet distribution

Let g1., to be a set of Dirichlet-distributed parameters:

qi:n ~Dirich (uq -0, p2 -1, ..., U - 1)

where p; is the expected probability for index i and » is the
dispersion parameter. With a set of lognormally distributed
z; with location parameter M and precision T, which are
parametrized with the expected value  and dispersion pa-
rameter 7. Dirichlet distribution can be approximated by as-
suming

n
(Bl) qi = Zi/ ZZi
i=1
(B2) z~1ogN(M;, T))

(B3) M; =1log(ui) — 0.5/T;

1 -1
(B4) T, = 10g< + 1)
Hi-1n
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