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ABSTRACT

Rousseau, S. 2026. Acoustic classification of Atlantic capelin (Mallotus villosus) and its
abundance in the Gulf of St. Lawrence between 2016 and 2020. Can. Tech. Rep. Fish.
Aquat. Sci. 3812: vii + 29 p. https://doi.org/10.60825/q7gp-xv74

This study evaluates the feasibility of developing an acoustic abundance index for Atlantic capelin
in the Gulf of St. Lawrence using opportunistically collected acoustic data from multispecies
bottom-trawl surveys. Several classification approaches were developed, including machine
learning models and methods based on acoustic characteristics, trawl data, and environmental
criteria. Excluding depth variables, the radial support vector machine showed the highest
performance among the machine learning models examined (F1 score = 0.74; Accuracy K =
0.74).

Acoustic methods produced similar interannual patterns in capelin abundance across the time
series, with the exception of 2017. Estimated total biomass varied among methods, ranging from
1976 tto 32 716 t, and were low compared to commercial catch data. Catchability estimates were
derived from comparisons between acoustic and bottom-trawl survey data, yielding values of 0.58
+ 0.32 when the CIL intersected with the seafloor, and 0.22 + 0.12 when it was located higher in
the water column. Spatial patterns showed localized areas of higher abundance, particularly along
the shore in the northern Gulf and estuary, south of the Gaspé peninsula, in the Strait of Belle Isle
and south of Anticosti Island. Differences in biomass estimates were observed between day and
night in some regions and years.

Despite uncertainties, this study demonstrates that opportunistically collected acoustic data,
combined with appropriate classification methods, can provide a useful complementary index of
Atlantic capelin abundance and distribution in the Gulf of St. Lawrence.
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RESUME

Rousseau, S. 2026. Acoustic classification of Atlantic capelin (Mallotus villosus) and its
abundance in the Gulf of St. Lawrence between 2016 and 2020. Can. Tech. Rep. Fish.
Aquat. Sci. 3812: vii + 29 p. https://doi.org/10.60825/q7gp-xv74

Cette étude évalue la possibilité de développer un indice d’abondance acoustique pour le capelan
atlantique dans le golfe du Saint-Laurent a partir de données acoustiques récoltées de maniére
opportuniste lors de relevés multi-espéces au chalut de fond. Plusieurs approches de
classification ont été développées, incluant des modéles d’apprentissage automatique ainsi que
des méthodes basées sur les caractéristiques acoustiques, les données de chalutage et des
critéres environnementaux. En excluant les variables de profondeur, le modéle de machine a
vecteurs de support radial a montré les meilleures performances parmi les modéles
d’apprentissage automatique (score F1 = 0,74; exactitude K = 0,74).

Les méthodes basées sur I'acoustique ont produit des tendances interannuelles similaires de
I'abondance du capelan atlantique au cours de la série temporelle, a I'exception de 'année 2017.
La biomasse totale estimée variait selon les méthodes, allant de 1 976 t a 32 716 t, et demeurait
faible comparativement aux données de captures commerciales. Des estimations de capturabilité
ont été obtenues a partir de comparaisons entre les données acoustiques et celles du chalutage
de fond, donnant des valeurs de 0,58 + 0,32 lorsque la Couche Intermédiaire Froide intersectait
avec le fond marin, et de 0,22 + 0,12 lorsqu’elle était située plus haut dans la colonne d’eau. Les
patrons spatiaux ont révélé des zones localisées de forte abondance, notamment le long de la
cbte dans le nord du Golfe et dans I'estuaire, au sud de la péninsule de Gaspé, dans le détroit de
Belle Isle et au sud d’Anticosti. Des différences dans les estimations de biomasse ont été
observeées entre les données de jour et de nuit dans certaines régions et certaines années.

Malgré les incertitudes, cette étude démontre que les données acoustiques récoltées de maniére
opportuniste, combinées a des méthodes de classification adéquates, peuvent fournir un indice
complémentaire de I'abondance et de la répartition du capelan atlantique dans le golfe du St-
Laurent.

Vii


https://doi.org/10.60825/q7gp-xv74

1. INTRODUCTION

Atlantic capelin (Mallotus villosus, hereafter capelin) is a small cold-water pelagic forage fish
distributed throughout the Arctic and sub-Arctic regions of the Pacific and Atlantic oceans. In the
Gulf of St. Lawrence (GSL), capelin supports a commercial fishery and serves as a primary prey
species for numerous predators, including marine mammals, seabirds, and larger fish. As a result,
it occupies a central role in the structure and functioning of the GSL ecosystem.

In eastern Canada, the commercial exploitation of capelin is managed by the Newfoundland and
Quebec Regions of the Department of Fisheries and Oceans (DFO). In the GSL, defined under
the Northwest Atlantic Fisheries Organization (NAFO) as Divisions 4RST (Figure 1), stock status
is partly assessed through a fishery-independent abundance index derived from annual bottom
trawl survey data (DFO 2024; Chamberland et al. 2022). This index was developed in the absence
of a fishery-independent survey specifically targeting capelin; however, its interpretation is subject
to several sources of uncertainty. For instance, capelin catchability in the bottom-trawl survey is
low, and the factors influencing its variability remain poorly understood. Current interpretations
assume that catchability increases when the Cold Intermediate Layer (CIL), the preferred habitat
for capelin, is associated with the seafloor, thereby increasing the proportion of fish available to
the trawl (Chamberland et al. 2022). The index also assumes that capelin density within the CIL
is largely homogeneous. To date, however, these assumptions have not been formally evaluated.

As a small, schooling pelagic species, an acoustic abundance index is the preferred assessment
approach for capelin (Simmonds and MacLennan 2005). A capelin acoustic survey has been
conducted on the eastern coast of Newfoundland since 1982, and is currently the main fishery-
independent input for capelin stock assessment in NAFO Divisions 2J3KL (Murphy et al. 2025).
Although no dedicated capelin acoustic survey exists in the GSL, active acoustic data have been
collected as part of the annual bottom-trawl survey on an opportunistic basis since 2005 (although
properly calibrated from 2012). These surveys do not target capelin, but they may provide
sufficient spatial and temporal coverage to allow for the development of an acoustic index for
capelin in the GSL.

Hydroacoustic techniques are widely employed to assess pelagic fish stocks around the world
(e.g., Gjoseeter et al. 2002; Chashchin et al. 2015; DFO 2026). These methods offer several
advantages in terms of resolution, spatial coverage, and cost efficiency; however, they are
constrained by their species discrimination capabilities, and traditionally rely on expert
interpretation of echograms, supported by trawl sampling data. This traditional approach cannot
be applied in the case of opportunistically acquired acoustic data, due to the lack of direct
validation of acoustic echoes through pelagic trawling. Therefore, developing an objective and
accurate classification method for identifying capelin targets is a critical first step toward
establishing a reliable acoustic index from such data.

Several methods have been proposed to objectively classify marine organisms in acoustic data.
These methods may use acoustic (i.e. backscattered energy), morphometric (e.g. school size and
shape), bathymetric (e.g. depth) or positional (e.g. location) characteristics, often using them in
combination. A review of the most recent progress in acoustic target classification can be found
in Korneliussen et al. (2018). As with many other fields, machine learning (ML) approaches to
classify acoustic targets have received increasing attention; Rubbens et al. (2023) and Yassir et



al. (2023) both provide an overview of the most recent ML techniques applied to fisheries
acoustics and other fields of marine ecology.

Deep learning approaches have shown much promise in acoustic target classification (Cabreira
et al. 2009; Brautaset et al. 2020; Marques et al. 2021). However, they require large amounts of
validated data to provide accurate classifications, although Choi et al. (2021) were able to reduce
the need for validated data by combining a neural network with a semi-supervised clustering
algorithm. Random forest models perform well with smaller datasets and have yielded good
results when data were averaged within each school. This method was applied successfully, for
example, to mackerel icefish (Champsocephalus gunnari) (Fallon et al. 2016), silver cyprinid
(Rastrineobola argentea) (Proud et al. 2020), Pacific salmon (Oncorhynchus spp.) and Pacific
herring (Clupea pallasii) (Rousseau et al. 2022). In the past decade, the most commonly used ML
methods in the field of marine ecology have been the Convolutional Neural Network (CNN),
Artificial Neural Network (ANN), Random Forest (RF) and Support Vector Machine (SVM).

Developing a classification model requires large amounts of high quality acoustic data that have
been classified following their different background features (e.g. bottom, surface, waves and
instrument noise) and species classes (e.g. krill and different species of fish). Species classes
can be validated with trawl samples by matching the acoustic data to the location of the
corresponding trawl sample in the water column. This study used acoustic data validated by
bottom trawl samples collected during the northern GSL (nGSL) and southern GSL (sGSL)
groundfish surveys, as well as acoustic data validated by a pelagic trawl during the dedicated
DFO Spring capelin acoustic survey off the east coast of Newfoundland within NAFO Division 3L
and the southern part of 3K.

The first objective of this study is to develop and present a machine learning approach for the
acoustic classification of capelin. The second objective is to present a suite of alternative
classification methods that integrate a combination of acoustic characteristics, bottom trawl data
and current knowledge of capelin ecology. The third objective is to characterize the abundance
and distribution of capelin in the GSL using these newly developed methods. The fourth objective
is to apply the resulting classifications to address key uncertainties associated with the currently
accepted bottom-trawl index for the 4RST capelin stock in the GSL.

2. METHODS
21 DATA ACQUISITION

Acoustic data obtained from three annual surveys between 2016 and 2021 were used (Table 1):
1) the nGSL groundfish survey, covering NAFO Divisions 4RS (Figure 1) in August (Chamberland
et al. 2025); 2) the sGSL multispecies survey, taking place in NAFO Division 4T in September
(Hurlbut and Clay 1990; Savoie 2014), and 3) the capelin combined acoustic-trawl survey,
covering NAFO Division 3L and the southern portion of 3K conducted in May (Mowbray 2014;
Murphy et al. 2025). The latter survey was used exclusively in the development of the machine
learning classification models (objective 1), to provide additional reliable capelin echoes, which
were difficult to obtain from the groundfish surveys. Similarly, the 2021 4RS groundfish survey
was included for model training only. For objectives 2 to 4, analyses were limited to GSL acoustic
data collected from 2016 to 2020, as data processing (described in section 2.2) had only been
completed for those years at the time of publication.



All surveys were conducted onboard the CCGS Teleost, a vessel equipped with a hull-mounted,
split-beam SIMRAD EKG60 echosounder operating at four frequencies (38, 70, 120 and 200 kHz).
The transducers were calibrated each year according to the standard sphere methods outlined in
Demer et al. (2015). The power output was 2000 W, 750 W, 250 W and 150 W at 38 kHz, 70 kHz,
120 kHz and 200 kHz, respectively. Transmitted pulse duration was 1.024 ms and ping rate was
set to 1 second or to maximum ping (the maximum rate at which the sound pulse can travel to
the seafloor and back). The acoustic data were recorded continuously during the entire surveys.
For the capelin dedicated acoustic survey, conductivity, temperature and depth profiles (CTD)
were collected each day and used to adjust sound speed and absorption coefficient during data
collection. For the nGSL and the sGSL groundfish surveys, sound speed and absorption
coefficient were estimated for each daily acoustic data file by using the closest CTD cast available.

The nGSL and sGSL bottom-trawl surveys follow a stratified-random design. For each fishing tow,
each species was weighted (total catch) and a subsample was collected for individual weight and
length measurements. For the capelin combined acoustic-trawl survey in 3L and southern 3K,
targeted pelagic trawling was conducted to validate the acoustic data for species composition.
The main species of swim bladdered fish found in the GSL in the pelagic zone are capelin, Atlantic
herring (Clupea harengus), Atlantic cod (Gadus morhua) and redfish (Sebastes spp.).

2.2 DATA PROCESSING AND ANALYSIS

The acoustic data were visualized and processed as the volume backscattering strength (S,,, dB
re 1 m™), which represents the mean backscattering intensity per cubic meter, in the logarithmic
domain:

Sy = 1010910(517)' (1)
where
2 Ops
sy =22 @

The term s, represents the volume backscattering coefficient (m™), g, the backscattering cross-
section (m?) and V the volume sampled (m3). All symbols and units follow the conventions
proposed by MacLennan et al. (2002).

The analyses were conducted in Echoview 14 (Myriax Pty, Ltd., Hobart, Tasmania, Australia) and
the R software for statistical computing (version 4.4.1, R Core Team 2024) with RStudio (version
2024.4.2.764, RStudio Team 2024). Impulse noise was removed from the S,, echograms following
the method described in Ryan et al. (2015). Areas of impulse noise were replaced by the mean
of the surrounding cells. Background noise was removed following the method by De Robertis
and Higginbottom (2007). A minimum signal to noise ratio of 10 dB and an averaging cell of 40
pings (one ping corresponds to one individual sound burst) and 10 vertical meters were used.
The maximum noise, as described by De Robertis and Higginbottom (2007), was set to -175, -
165, -160 and -155 dB at 38, 70, 120 and 200 kHz, respectively, and was determined empirically.

An attenuated acoustic signal can result from the presence of air bubbles underneath the hull and
the transducer. Areas of attenuation were manually removed from the analysis. Each echogram
was visually scrutinized to remove unwanted signal such as instruments in water or noise that
was not successfully removed by the previously described data cleaning protocol.



Data above a depth corresponding to the transducer depth plus 5 m were excluded from the
analysis. A bottom line was defined using Echoview’s best bottom candidate algorithm with a
minimum volume backscattering strength threshold of -70 dB and a peak threshold of -50 dB. A
backstep of 0.7 m was used throughout the time series. The value of the backstep was chosen
as a compromise to increase speed of analysis while retaining as much signal near the seafloor
as possible.

Prior to applying the classification models, the acoustic data were simplified to exclude all
scattering except that corresponding to swim bladdered fish. This approach was used to account
for the high diversity of echoes found in these large scale, opportunistically collected acoustic
data.

A combined frequency method based on Fernandes (2009) was used to select fish aggregations
and remove unwanted weak scatterers. Fish exhibit a strong and stable acoustic amplitude across
frequencies, compared to many other scatterers. As a result, combining echograms across
frequencies amplifies the signal of fish, while diminishing the signal of other scatterers. This
method has been used successfully in several studies (e.g. Fallon et al. 2016; Korneliussen et al.
2016; Korneliussen 2018; Rousseau and Emond 2024). It is efficient at retaining echoes from
both swim bladdered and non-swim bladdered fish including Atlantic herring, capelin, mackerel
(Scomber scombrus) and sandeel (Ammodytes spp.). Echograms of the volume backscattering
strength were averaged following (3S,,, + S, ,, + Sv,,,)/5, where S,_, S, . and S, are the
volume backscattering strength (dB re 1 m™) at 38, 120 and 200 kHz, respectively. A higher weight
was attributed to the 38 kHz frequency in the average, to further reduce the weight of zooplankton
echoes, which are stronger at 120 and 200 kHz. The 70 kHz frequency was excluded from this
calculation to allow its application to other surveys, since this frequency is less often available.
The resulting virtual echograms were smoothed with a 2D gaussian convolution kernel with a
standard deviation of 1.0 and a window of 3 samples and 3 pings (approximately equivalent to
0.55m x 18.5 m). A gaussian convolution puts a higher weight on the center pixel and emphasizes
edges. It is a low pass filter — as a result isolated pixels are removed. A threshold of -85 dB was
applied on the resulting echogram following a 5 x 5 dilation filter (approximately equivalent to 0.92
m x 30.83 m). This latter step helps retain all features of the aggregations including edges. Finally,
a bitmap was used to mask the original S,, data at all frequencies with the virtual echogram, i.e.
all true values in the bitmap were replaced with the original S,, values, while all false values were
excluded from the echogram (see Fernandes 2009).

A threshold of 0 dB was applied to the difference between the 38 and the 200 kHz echograms
(Sv,00 — Svsg) 10 separate fish with and without a swim bladder, following findings from several
studies that fish with a swim bladder such as herring and capelin exhibit a stronger signal at 38
kHz while fish without a swim bladder, in particular mackerel, exhibit a stronger signal at 200 kHz
(Gorska et al. 2004; Fernandes 2009; Korneliussen 2018). A running mean (window: 3 samples
by 3 pings, approximately equivalent to 0.55 m x 18.5 m), was applied to smooth the echograms
prior to subtracting the frequencies. A 5 x 5 dilation filter was applied to retain all features of the
aggregations, and a bitmap was applied to mask the original S,, data with the virtual echogram.

The volume backscattering strength resulting from the previous steps was converted to the linear
domain and integrated over the water column to a value of area backscattering coefficient (s,, m?
m2) for each 500 m segment of the survey:



Z2
Sq =f s, dz, 3)
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where z1 and z correspond to the upper and lower vertical limits of the vertical analysis domain,
respectively.

The acoustic dead zone, i.e., the portion of the spherical acoustic beam where scatterers cannot
be detected near the seabed, was estimated for each individual ping following Ona and Mitson
(1996):

0, - m\*
(d; — td,) - tan( 11180 ) Gt
o 2 +T+bs (4)
n

where d is the depth of the seafloor (m) for each ping i; td and @ are the transducer’s depth (m)
and the transducer’s 3 dB half-beam angle (°) at 38 kHz for survey n, respectively; c is the sound
speed (m s™) on day j; and T and bs are the pulse duration (s) and backstep (m), respectively.
The volume backscattering strength within the acoustic dead zone was replaced by the mean
volume backscattering strength (MVBS) one meter above the dead zone for each individual ping.

2.3 ACOUSTIC SCATTERING WITHIN THE COLD INTERMEDIATE
LAYER

Studies suggest that capelin exhibit a strong preference for temperatures between -1 and 3 °C
(Rose 2005; Olafsdottir and Rose 2012; Ingvaldsen and Gjgseeter 2013). In the GSL during
summer, this corresponds to the CIL. While direct observations are limited, Chamberland et al.
(2022) used an indirect approach to demonstrate that capelin are likely predominantly distributed
within this layer. The assumption was therefore made that capelin are constrained in large part to
the CIL in the GSL and, thus, all echoes outside of the temperature range spanning -1 to 3°C
were excluded. A high resolution (2 km), 3D temperature grid developed as part of the Atlantic
Zone Monitoring Program (AZMP) was used (Galbraith et al. 2026) to define the upper and lower
depth limits of the CIL. This allowed to reduce the probability of including redfish, Atlantic herring
and Atlantic cod backscatter in the biomass estimates, although it is unlikely that Atlantic herring
and Atlantic cod are excluded entirely. This method (hereafter referred to method “CIL”)
constitutes an upper limit for capelin biomass in the surveyed area as it includes backscatter from
all swim bladdered fish within the CIL. All classification methods described in the following
sections are also restricted to the CIL.

2.4 MACHINE LEARNING CLASSIFICATION MODELS

Two machine learning algorithms were tested, the support vector machine (SVM) and the random
forest (RF), to classify capelin acoustic targets. The SVM (Vapnik 1995; Burges 1998) works by
finding the optimal hyperplane in a N-dimensional space that separates the observations from the
different classes in the feature space, and maximizes the separation margin between the
observations of each class. SVMs are effective in high dimensional space (many variables). They
are computationally efficient as they use a subset of training points (called support vectors) in the
decision function. The RF (Breiman 2001) is a modification of bagging, where a collection of
classification trees grown on bootstrap samples of observations, cast a vote on the most popular
class. The unpruned trees and ensemble averaging work to reduce bias (the difference between
the true mean and the average of the estimate) and variance (the expected deviation around its
mean) (Hastie et al. 2009). The SVM and RF models were implemented in the R software
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environment using the e1071 (SVM) and party (RF) packages (Hothorn et al. 2006; Strobl et al.
2007, 2008).

Information available from the biological samples were used to select acoustic targets
corresponding to capelin, Atlantic herring and Atlantic cod (classes) (Table 1). Redfish were not
included as their preferred habitat does not correspond with the CIL (Senay et al. 2023).
Moreover, redfish stomach contents from the bottom-trawl surveys indicate a low incidence of
capelin predation (Senay et al. 2023), further suggesting little vertical overlap between capelin
and redfish habitat. Only clear acoustic targets validated by the bottom trawl or the pelagic trawl
were used in the development of the classification method. Selected aggregations were all
validated with trawl samples that contained more than 80% of the target species relative to all
other swim bladdered fish present, to ensure that the acoustic signal was largely dominated by
that species.

Acoustic data were subsampled over 100 pings and 5 vertical meters (hereby observations), to
improve computational speed. The following variables were used as inputs for the machine
learning models: mean S,, at 38 kHz, maximum S,, at 38 kHz, the difference in mean S, between
all possible pairs of available frequencies, as well as observation depth and bottom depth (m), for
a total of 10 possible variables (see Table 4 for an overview of the variables in each model).

In total, 6, 5 and 9 aggregations were selected for capelin, herring and cod, respectively (Table
2). This resulted in a total of 20 aggregations (2446 observations). Although the aggregations are
independent, the observations within each of them are not. As a result, the training and validation
datasets were sampled from the aggregations rather than the observations, to ensure that the
validation dataset did not contain observations from an aggregation that was also part of the
training dataset. A training dataset was created by randomly selecting (without replacement) 75%
of the aggregations. The remaining 25% was used for model validation. Each resulting dataset
had to contain at least one aggregation of each class to be considered acceptable for model
training and testing. Observations from each class were oversampled to the size of the dominant
class, and normalized.

For the RF model, the number of classification trees was set to 500 and the number of predictors
per split (m) was set to 3 as it minimized the out-of-bag error. The out-of-bag error is a
performance metric calculated from the samples that are left out during bootstrapping, i.e. the out-
of-bag samples. For the SVM model, the linear and radial kernels were tested. The linear model
is computationally less expensive and assumes more simple decision boundaries within the
feature space, as the data are separated by a linear hyperplane. The radial kernel can capture
more complex relationships in the data, but can be subject to overfitting. A cost function (C) equal
to 1 was used initially to find the best SVM model. For the radial SVM model, an initial gamma
value of 0.25 was used.

The hyperparameter C represents the penalty applied to the model when an observation is
misclassified. A greater C applies a higher penalty, which may lead to fewer misclassifications
but may lead to overfitting of the model. The radial SVM includes a parameter, gamma, that
describes the degree of curvature of the radial function. A smaller gamma may constrain the
model too much and prevent capturing the complexity of the data. A larger gamma, on the other
hand, may lead to overfitting because the area of influence of the support vector will only include
the support vector itself.

For each model configuration, all possible combinations of 2 to 10 variables were evaluated and,
for each of these combinations, a 10-fold cross-validation was used. The accuracy (K) and F1-
score were used to evaluate the best model. The accuracy is estimated as the number of correctly



classified observations divided by the total number of observations. The F1-score is a combination
of recall and precision (which are dimensionless quantities) and represents both bias and
precision. It is calculated for capelin as follows:

1 _ 2 ' Precision - Recall )
score = Precision + Recall ’

where precision is defined as the number of true positives divided by the sum of true and false
positives (value range: 0 to 1), and recall is defined as the number of true positives divided by
the sum of true positives and false negatives (value range: 0 to 1). Values of F1 score vary
between 0 and 1.

2.5 BOTTOM TRAWL SPECIES COMPOSITION

An additional method was conducted by classifying the acoustic scattering data following the
species composition in the trawl (hereafter named method “COMP”). The proportion of area
backscattering coefficient corresponding to capelin in stratum p was estimated as follows:
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where w is the proportion of capelin ¢ or swim bladdered fish species k relative to total catch of
swim bladdered fish in stratum p, survey n and year y, and TS is the target strength (TS =
10log,0(0ps), dB re 1 m?). The species proportions were obtained from the standardized trawl
data averaged over each stratum.

The target strength was derived from a T'S to mean length relationship for each swim bladdered
fish species found in the biological samples, and is available from the literature (Table 3). Mean
length for each species was estimated for the entire area for each survey and year.

Because of the low catchability of capelin in the bottom trawl data, especially compared to cod,
this method will generally lead to an underestimation of capelin biomass, although it may lead to
an apparent overestimation when compared to the acoustic data when capelin are found on the
seafloor (due to potential herding and to the acoustic dead zone).

2.6 EXCLUSION OF STRATA

In this classification approach, strata containing high abundances of Atlantic herring and cod
during the 2016-2020 period were excluded to reduce the contribution of these species to the
acoustic backscatter. Trawl-derived biomass was standardized to a 15 minute tow duration at 3
knots, summed across all tows within each stratum, and then averaged across years. A constant
trawl mouth opening was assumed. Strata were excluded when the resulting mean total biomass
of herring or cod exceeded 5 kg (Figures 2 and 3). This filtering resulted in the exclusion of 28
strata in the nGSL and 14 strata in the sGSL. Although this approach likely leads to an
underestimation of capelin biomass, it may still provide reliable temporal trends if the retained
strata are representative of the overall distribution. This approach is hereafter named method
“STRAT".



2.7 BIOMASS ESTIMATION

The classified s, were converted to capelin density p (ind. m) following:

— Say'n,p (7)
Pynp = —Ts,,

where TS represents the theoretical target strength of capelin as a function of length (Rose 1998),
given by:

TS = 20 - logyo(L) — 73.1 (8)

The mean length L of capelin was obtained as the standardized mean length for each year y and
survey n.

Total biomass by stratum p for each survey/year was calculated as follows:

Bynp = Pynp  Wyn - Ap €))

where I/T/y,n is the standardised mean weight of capelin estimated for each year y and survey n.

3. RESULTS
3.1 ML MODEL PERFORMANCE

Results for the best-performing models including and excluding the depth variables are presented
in this section. Because most of the capelin aggregations used to train and validate the models
originated from the eastern Newfoundland region, the inclusion of depth variables may reduce
model accuracy in the GSL, given substantial differences in ecology, physical water properties,
and bathymetry among the two regions.

The best performance was obtained with the linear SVM conducted with the three following

variables: maximum S,__. .. S, . — Sy, @Nd bottom depth (Table 4). The resulting F1 score

was 0.87 and the K value was 0.84 on the validation dataset. When excluding the depth variables,
the radial SVM yielded the best performance with a F1 score of 0.73 and a K value of 0.74, while
the best linear SVM resulted in a F1 score of 0.74 but a K value of 0.65 — suggesting that it
performed better at classifying capelin than herring and cod. The RF model performed relatively
well when including the depth variables, with its best performance leading to a F1 score of 0.85
and a K value of 0.80 with 3 variables, but performed more poorly without the depth variables (K
= 0.68; F1 score = 0.60).

Figure 4 shows the performance of the radial SVM as a function of the number of variables used.
Values presented are the mean of the cross-validation results. When including the depth
variables, the accuracy was relatively stable and high for models including between 2 and 5
variables; it then decreased gradually with the addition of new variables. Similarly, the F1 score
was stable and high when including the depth variables, with a drop at the addition of the tenth
variable. When excluding the depth variables, the accuracy and F1 scores were low when
including few variables. They increased gradually with the addition of new variables before
stabilizing at five variables.



In all cases, accuracy and F1 score were much higher when calculated on the test set than the
validation dataset, suggesting that the models consistently overfitted. For example, accuracy of
the best model (excluding depth variables) was 0.74 for the validation dataset (SVMra in Table
4), but was 0.96 for the test dataset (data not shown).

The hyperparameter values that resulted in the highest performance for the best model were
evaluated (SVMra). The best values for hyperparameter C and gamma were 1 and 0.4,
respectively, leading to both an F1 score and K value of 0.74 — a negligible improvement from the
original performance of 0.73 and 0.74 for F1 score and K, respectively.

3.2 CAPELIN ABUNDANCE

Figures 5, 6 and 7 show total capelin biomass per year derived from each classification method
in the nGSL, the sGSL, and in both areas combined. Total biomass from the bottom trawl catch
is also shown (“CATCH?”"). Figure 7 includes total catch biomass from 1990 to 2020, to provide a
better perspective on interannual variability.

As expected, method “CIL” resulted in the highest total biomass, while method “COMP” was
consistently the lowest. In 2017, bottom trawl catch was higher than all acoustic methods, in both
the nGSL and the sGSL, suggesting higher abundances of capelin near the seafloor. In the sGSL,
this greater biomass resulted from a greater number of tows containing capelin compared to other
years, while in the nGSL it resulted from a greater biomass being caught in a small number of
tows. During that year, a peak in biomass was observed with both the “SVM” and “COMP”
methods in the sGSL, but not with the other methods (“CIL” and “STRAT”). For method “COMP”,
this was the result of assigning a larger proportion of the backscatter to capelin that year,
compared to other years. However, this would not explain the higher biomass observed with
method “SVM”. “CIL” biomass was low in 2017, indicating that the overall biomass of swim
bladdered fish within the CIL boundaries was reduced that year.

In the nGSL, methods “CIL” and “STRAT” produced similar trends (Rspearman = 0.9), while methods
“‘COMP” and “SVM” showed comparable results (Rspearman = 0.7). Other methods were more
variable: “STRAT” broadly followed “COMP” and “SVM”, but to a lesser degree (Rspearman = 0.6
and 0.5, respectively), “CIL” and “STRAT” showed elevated biomass in 2016, and “CATCH”
indicated a biomass decline that year. In the sGSL, methods “CIL” and “STRAT” also showed
similar trends (Rspearman = 1.0), and both closely tracked method “COMP” (Rspearman = 0.8). All three
methods were also in good agreement with trawl-derived biomass estimates (Rspearman = 0.9).
Correlation between method “SVM” and other acoustic methods was poor in the sGSL (Rspearman
=0.3).

Apart from 2017, trawl-derived biomass between 2016 and 2020 was low compared to historical
values, although variation is high (Figure 7). Trawl-derived biomass in 2017 was in the average
range of historical values.

3.3 CAPELIN DISTRIBUTION

Figures 8 to 12 show mean biomass (kg m?) by stratum for each classification method, as well
as for the trawl catch. Capelin distribution in the GSL varied depending on the classification
method used. Overall, a higher density was observed in the northern portion of the sGSL, between
Gaspé and the Magdalen Islands, along the Lower North Shore, and in the Strait of Belle Isle.
High densities were also observed in the Laurentian Channel between Gaspé and Anticosti
Island.



Figure 12 shows a high density of capelin on the Lower North Shore with method “CATCH”, largely
responsible for the high total biomass in 2017. Cod and herring were also present in this area;
this region was indeed excluded from method “STRAT”.

Mean total biomass between 2016 and 2020 was almost three times higher in the nGSL than the
sGSL with method “CIL”, and 2.5 times higher with method “CATCH”. The difference was less
pronounced with methods “COMP”, “STRAT” and “SVM”, where the mean biomass was 1.1, 1.8
and 2.0 times higher in the nGSL than the sGSL, respectively.

Using method “CIL”, the density of the acoustic backscatter (Figure 13) corresponding to swim
bladdered fish within the CIL boundaries was on average 6 times higher when the CIL touched
the seafloor compared to when it did not (mean 2016-2020), suggesting that fish were more tightly
aggregated when near the seafloor. The integrated acoustic backscatter s, (Figure 14) was also
higher on average, but to a lesser extent (1.7 time higher). Although not uniform as hypothesized
by Chamberland et al. (2022), it was more evenly distributed. Here, s, is the mean s, multiplied
by the CIL thickness. Results were similar when constrained to strata where low occurrences of
Atlantic cod and herring were observed (method “STRAT”).

4. DISCUSSION
41 ML CLASSIFICATION

The best model performance was achieved with the linear SVM that included the bottom-depth
variable (Table 4). In this study, species classes appeared well separated by bottom depth (Figure
15). Unfortunately, the bottom depths associated with the acoustic targets used for model training
are not necessarily representative of the typical depths at which these species occur in the GSL,
for several reasons.

First, four of the six capelin aggregations used in the analysis were located off eastern
Newfoundland rather than in the GSL, and their preferred bottom depths may therefore differ from
those in the study area. Second, the selection of validated targets was biased toward near-bottom
aggregations, because GSL aggregations could only be validated through bottom-trawl samples.
Consequently, it is highly likely that incorporating bottom depth into the model and applying it to
the GSL would yield inaccurate classifications.

When the depth variables were excluded, the radial SVM produced the best performance, with
F1 and K values of 0.74 on the validation dataset and of 0.98 and 0.96 on the training dataset,
respectively. The large discrepancy between the training and validation results indicates that the
model overfitted. This outcome was expected, given the very small number of aggregations (15)
available for training. Increasing the number of aggregations in the training dataset would likely
reduce the apparent performance of the training dataset, but could improve its performance on
the validation dataset. All frequencies were important to the classification, as reflected in the 5
most important variables identified in the best performing model (Table 4).

Due to computational limitations, an averaging cell of 100 pings by 5 meters was used to conduct
the classification. While this approach greatly improves processing efficiency, it also results in the
loss of some important features. For instance, Atlantic cod often appear as individual targets in
the echograms, but those cannot be resolved at the scale of the cell averaging. Moreover, with
such large averaging cells, targets of different species may be averaged out into one cell.
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Many acoustic classification models have been developed using schools rather than cells
(Fernandes 2009; Proud et al. 2020; Rousseau et al. 2022). The reduced variance within schools
often leads to improved classification performance (Korneliussen et al. 2016), and the explicit
school boundaries allow school-level descriptors to be incorporated into the models.
Unfortunately, school-based classification was not feasible with the dataset used in this study,
due to the large variety of aggregation shapes and sizes. School detection algorithms are better
suited for 1) day-time acoustic data, when fish tend to form compact, well-defined schools, and
2) surveys targeting a specific region with lower species diversity.

Capelin are often found as large, diffuse clouds in the water column, however they can also form
tight schools. Fish behaviour differs greatly between day and night, but the opportunistic surveys
took place on a 24-hour schedule. On a daytime-only dataset, conducting the classification on
schools rather than cells may improve the results. Limiting the survey area to regions of known
capelin dominance would likely reduce diversity in the dataset and improve performance.

The fact that most capelin aggregations were obtained from the eastern coast of Newfoundland
may also contribute to lower accuracy of the model when applied to the GSL if, for example, length
distributions or habitat differ between the two areas.

4.2 CATCHABILITY

The overall total biomass was low when compared to survey values of Boudreau et al. (2023) and
to commercial catch data. Boudreau et al. (2023) applied catchability factors q of 0.10 and 0.01
to the catch data in strata where the CIL was found to be resting on the seafloor or located higher
in the water column, respectively.

In this study, a catchability factor and a standard deviation of 0.24 + 0.12 was obtained across
the 4 years (excluding 2017) in strata where the CIL rests on the seafloor, and 0.13 £ 0.04 in
strata where the CIL is higher in the water column, when comparing total catch and acoustic
biomass estimates per year. These values were estimated from method “CIL”, which is
considered to be an upper limit for capelin abundance in the survey area. Values were similar
when limited to the nGSL; however, catchability was found to be lower, although not statistically
so, in the sGSL (0.01 + 0.25) when the CIL was located higher in the water column.

Catchability factors estimated for the nGSL and the sGSL, regardless of the CIL’s position relative
to the seafloor, were 0.18 + 0.12 and 0.25 £ 0.23 (N=4 years), respectively.

Including only strata where low abundances of Atlantic herring and cod were observed, compared
to capelin (method “STRAT”), resulted in g values of 0.58 + 0.32 and 0.22 + 0.12 when the CIL
rests on the seafloor and when it is located higher in the water column, respectively. These values
are likely more realistic, as they would exclude species such as cod and herring, which are likely
included within method “CIL”.

Note that year 2017 was excluded from catchability estimates, because the catch was abnormally
high that year, leading to q values above 1.

O’Driscoll et al. (2002) reported a mean catchability q of 1.1 £+ 0.3 when comparing acoustic
scattering from capelin in the whole water column to an untargeted (multispecies) bottom-trawl
survey, but a median g value of 0.08. They concluded that bottom-trawl surveys are unlikely to
provide a reliable index of capelin abundance/biomass due to the imprecision of the catchability
for capelin. In the present study, catchability factors were estimated from total biomass per survey
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year rather than for each tow event, resulting in a reduced variance. When estimating catchability
for each stratum, variability was higher, and median values tended to be lower that mean values,
as found in O’Driscoll et al. (2002).

4.3 CAPELIN ABUNDANCE

All acoustic methods presented in this study showed similar inter-annual trends (R? = 0.9) for
capelin abundance in the GSL. The year 2017 showed a higher abundance in the “CATCH” data
compared to other years, while it showed a decrease with the “CIL” method. Year 2017 was
characterised by increased freshwater runoff compared to previous years, and the CIL in August
of that year was warmer than normal as described in Galbraith et al. (2018). The results indicate
that capelin were found in larger numbers near the seafloor during the 2017 survey, increasing
their availability to the trawl. Biomass was at a time series low during this survey year with
methods “CIL” and “STRAT”. This may indicate a decrease in biomass, but may also indicate that
a larger portion of the fish were found either outside of the CIL depth range, or in the acoustic
dead zone. Along the survey path, the CIL thickness in 2017 was similar to other years. Methods
“SVM” and “COMP” showed an increase in biomass in the sGSL in 2017. This is not surprising
for method “COMP”, which is estimated following proportions of capelin in the trawl. Biomass
estimated with methods “SVM” and “CIL” were equal that year, meaning that the SVM model
retained all acoustic backscatter found within the CIL, unlike in other years. It could be
hypothesized that a lower abundance of herring and/or cod allowed capelin to expand their habitat
to areas usually restrained by the presence of predators or competitors, i.e. in regions of preferred
temperature, and nearer to the seafloor. The total abundance estimates presented here (mean
between 1 976 t and 32 716 t with the “COMP” and “CIL” methods, respectively) are low compared
to commercial fishery landings, which amount to an average of 8 288 t between 2016 and 2020
in NAFO Division 4R alone (excluding 2017, where commercial catch was only 1 945 t, see Table
3 in Boudreau et al. 2023). It is possible that method “COMP” underestimates biomass, however,
the “CIL” method represents an upper limit for biomass within the CIL boundaries.

In this study, biomass estimates were calculated using mean theoretical TS and weight per survey
and year. It could be argued that a more precise estimate would be obtained from calculating
these values for each stratum. However, this is complicated by the fact that a value of weight and
length is required for each stratum, even when no capelin, herring and/or cod are present in the
biological samples. It is to be noted that the influence of weight and length tend to cancel each
other in equations 7 and 9. As a result, the impact of these parameters on the resulting biomass
is reduced.

Whether the timing and coverage of the multispecies survey is suitable to provide a representative
abundance index for capelin remains unclear. In this study, capelin biomass was often driven by
isolated hot spots throughout the GSL. This was most pronounced with the trawl data, but was
also observable with the acoustic data. The highest catches were found along the northern shore
of the St. Lawrence Gulf and estuary, between Tadoussac and Pointe-des-Monts, and between
Sept-iles and La Romaine. These areas are also known for their high occurrence of humpback
(Megaptera novaeangliae), fin (Balaenoptera physalus) and blue (Balaenoptera musculus)
whales, which feed on krill and small pelagic fish, including capelin.

Capelin in the GSL spawn around June and July, although variation in timing is high. Spawning
occurs west to east (DFO 1996), and the location and timing varies with water temperature (Rose
2005). Although preferred temperatures for adult capelin range mostly between -1 and 3 °C,
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capelin are found in warmer waters during spawning (Rose 2005). These factors may influence
capelin distribution during the August multispecies survey.

The hypothesis that capelin are mostly distributed in the CIL is an important assumption in this
study. Although the temperatures found within the CIL correspond to capelin’s preferred habitat
outside of the spawning season (Rose 2005; Olafsdottir and Rose 2012; Ingvaldsen and Gjgsaeter
2013), it is unclear to what degree other factors such as predation and feeding might impact
capelin distribution.

Capelin habitat selection strategies are poorly understood, but it is likely that prey and
temperature are two important factors that drive habitat selection (Mowbray 2002; Rose 2005;
Ingvaldsen and Gjoester 2013). Studies suggest that presence of capelin near the seafloor might
be affected by the presence of predators (e.g. cod) (Mowbray 2002; Fall et al. 2021). Adult capelin
also occupy a narrow range of salinity, between 33 and 35 psu (Rose 2005). Capelin distribution
may be associated with areas of high zooplankton accumulation, such as the head of canyons,
shelves, and near slopes (McQuinn et al. 2015; Aarflot et al. 2020).

According to a study by Dalpadao and Mowbray (2013), Calanus finmarchicus was the main prey
of smaller capelin (< 12 cm) on the eastern coast of Newfoundland and in the Barents Sea. Larger
capelin (> 12 cm) preyed mainly on krill in the Barents Sea, while copepods remained the main
prey off Newfoundland. In both regions, daytime feeding was more successful than night time
feeding. Capelin exhibited diel vertical migration in the Barents Sea, but remained close to the
seafloor off Newfoundland (Dalpadao and Mowbray 2013). This result is in agreement with an
earlier study by Mowbray (2002), who observed no diel vertical migration by capelin on the eastern
coast of Newfoundland. Jansen et al. (2025) suggest that only a small fraction of capelin follow
prey to the surface to feed at night in Greenland waters.

It is uncertain whether capelin in the GSL perform diel vertical migration. In the present study,
restraining the biomass estimates to daytime data led to lower biomass estimates in three out of
five survey years in the nGSL, compared to the 24-hour time-series (Figure 16), using both
methods “CIL” and “STRAT”. This indicates that a higher abundance was found within the CIL at
night time during those surveys. However, the opposite was found in the sGSL, where a higher
total biomass was found in three out of five of the survey years when restraining the estimates to
day-time data, indicating that in those surveys, lower abundances were found within the CIL at
night.

5. CONCLUSION

This study evaluated the potential to develop an acoustic abundance index for capelin in the Gulf
of St. Lawrence using opportunistic survey data. Acoustic approaches showed consistent
interannual trends among acoustic methods and trawl catch data, suggesting they can provide
useful information on capelin abundance variability. However, absolute biomass estimates
differed between methods and were generally low when compared to commercial catches,
reflecting important uncertainties.

The ML classification showed potential but was limited by small and biased training datasets,
leading to overfitting and reduced applicability to Gulf conditions. More broadly, the opportunistic
nature of the data constrained classification performance and prevented the use of more robust
approaches such as school-based methods.

Catchability estimates were higher than values currently used for the bottom-trawl indices for
capelin. In addition, while the CIL appears to influence distribution, capelin habitat use is likely
driven by a combination of environmental conditions, predation, and feeding, which are not fully
accounted for in current approaches.
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Overall, acoustic data from multispecies surveys represent a promising step toward improved
monitoring of capelin in the GSL. Further work is needed to increase validated datasets, refine
classification methods, and better account for environmental drivers and habitat overlap to
support the development of a reliable abundance index.
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TABLES

Table 1. Summary of the surveys used to train the capelin classification models. All surveys were conducted
onboard the CCGS Teleost.

Survey ID Dates NAFO Divisions Number of trawl Number of
stations aggregations
T1637 02 Aug — 01 Sep 2016 4RS 167 5
T661 01 Sep — 28 Sep 2016 4T 162 1
T1841 03 Aug — 01 Sep 2018 4RS 168 2
T896 07 Sep — 01 Oct 2018 4T 106 2
T901 06 Sep — 01 Oct 2019 4T 123 1
Tel199 01 May — 18 May 2019 3KL 34 4
T2012 12 Aug — 05 Sep 2020 4RS 147 2
T2137 25 Jul — 25 Aug 2021 4RS 149 3

Table 2. Summary of samples used in the classification model before balancing the dataset. Each
observation represents a 100 ping by 5 meter averaged sample.

Classification Number of observations Number of aggregations
Capelin 1194 6
Herring 508 5
Cod 744 9

Table 3. TS to length relationships used in the calculation of capelin biomass and to separate acoustic
scattering following species composition in the trawl (method “COMP”).

Reference
Ona (2003)
Rose and Porter (1996)
Rose (1998)

Species Equation
TS =20 log1o(L) - 67.3
TS =20 log1o(L) - 66.0

TS = 20 log1o(L) — 73.1

Atlantic herring
Atlantic cod

Capelin

Table 4. Model best performance on the validation data set, with corresponding variables, using the initial
hyperparameters described in section 2.4. In the model names, r stands for radial, / for linear, and a refers
to models that only used acoustic variables.

Model Variable 1 Variable 2 Variable 3  Variable 4 Variable § F1 score K
SVMr mean S, maximum S, _ Svr00-38 Svi0-35  Bottomdepth 0.83 0.81
SVMra mean S, maximum S, _ Sv900-120 Svr00-38 Svr0_as 0.73 0.74
SVM/ maximum Sy, V200—38 Bottom depth - - 0.87 0.84
SVM/a meanS,,,, .. maximum S, V20070 V120-70 - 0.65 0.74
RF V200-38 Bottom depth - - - 0.87 0.81
RFa maximum Sy,, V200-120 V200-70 V200-38 SV70—38 0.60 0.68
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definitions for the nGSL and sGSL annual bottom trawl surveys (grey polygons). Note that Divisions 3P and
2J are not included in this study.
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from the bottom trawl surveys. Shaded areas show strata excluded from method “STRAT”. Red line
represents the 5 kg cut off for exclusion of the stratum based on Atlantic herring and/or cod biomass.
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Figure 3. Standardized mean trawl biomass by stratum between 2016 and 2020 in the sGSL as obtained
from the bottom trawl surveys. Shaded areas show strata excluded from method “STRAT”. Red line
represents the 5 kg cut off for exclusion of the stratum based on Atlantic herring and/or cod biomass.
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Figure 6. Total annual capelin biomass in the sGSL obtained with the classification methods presented in
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Figure 8. Mean biomass density (kg m=2) estimated with method “CIL”, all years of the acoustic study

combined (2016-2020).

52°N 1

51°N 1

50°N 1

49°N 1

Biomass density (kg m’z)
0.00125

0.00100

g 0.00075

48°N 1 0.00050
‘ u%:é}y 0.00025

47N F ) @l 0.00000

46°N

45°N 1

{

70°W

68°W

66°W

64°W

62°W

60°W

58°W

56°W

Figure 9. Mean biomass density (kg m=2) estimated with method “STRAT”, all years of the acoustic study
combined (2016-2020). Excluded strata as shown in Figures 2 and 3 are shaded.
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Figure 12. Mean biomass density (kg m-2) from bottom trawl catch data (‘CATCH?”), all years of the acoustic
study combined (2016-2020).

2016 2017 2018 2019 2020

3e-09 1

2e-09 A

110

1e-09 1

0e+00 1

sv(m’)

3e-09 1

2e-09+

1vdls

1e-09 1

0e+00 1
0 100 200 300 4000 100 200 300 4000 100 200 300 4000 100 200 300 4000 100 200 300 400
CIL distance from seafloor (m)

Figure 13. Mean volume backscattering coefficient (s, m™') corresponding to swim bladdered fish within the
CIL boundaries for each year of the acoustic study, using methods “CIL” and “STRAT”, as a function of the
distance separating the CIL from the seafloor, in the GSL.
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Figure 14. Mean area scattering coefficient (s,, m2 m2) corresponding to swim bladdered fish within the
CIL boundaries for each year of the acoustic study, using methods “CIL” and “STRAT”, as a function of the
distance separating the CIL from the seafloor, in the GSL. s, is equal to s, multiplied by the CIL thickness.
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Figure 15. Bottom depth density functions corresponding to the 2446 observations used in the ML models.
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