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ABSTRACT

Spatial fisheries management requires precise, spatial explicit information on species distribution and fishing impacts. In the
NW Mediterranean, the distribution of small pelagic fish (SPF) stocks is currently assessed through annual acoustic surveys.
Although accurate, these surveys might lack the temporal resolution needed to capture population dynamics. Analysing fishing
fleet spatial behaviour allows estimation of fishery impacts and can uncover patterns of target species at high temporal resolu-
tion. In this study we apply machine learning models to classify multiple vessel operations on vessel monitoring system (VMS)
data for purse seiners targeting SPF populations. Three main vessel operations were defined based on onboard observations:
Fishing, Tracking and Cruising. Then, random forest models were trained to predict vessel operations in VMS data using seven
predictive variables. Machine learning models highly improved predictions accuracy (81% and 73%) compared to a classical
speed filter method (60%). Fishing effort metrics were computed and compared across predictive methods resulting in a high
overestimation of fishing activities when using a speed filter approach. The effect of spatial resolution in fishing effort metrics
was also tested revealing a good performance of random forest predictions at 2-3km?2. The methods developed allow quantifica-
tion of three vessel operations activities improving purse seiners effort metrics compared to classical binary (fishing/non-fishing)
approaches. Consequently, spatially explicit catch per unit effort (CPUE) estimates for SPF will also be improved as well as the
accuracy of the information needed for spatially manage of this fishery.

1 | Introduction The assessment of small pelagic stocks relies, in part, on abun-

dance indices originating from fishery-independent acoustic

Managing purse seine fisheries targeting small pelagic fish (SPF)
is challenging due to the strong influence of environmental
conditions on the stock dynamics, with a high spatio-temporal
variability (Brosset et al. 2017; Saraux et al. 2014). In this con-
text, effective management must be adaptive over short time
scales, with weekly or monthly revisions (Bertrand et al. 2008).
Management decisions require continuous estimates of the
state of fish stocks, which depend on their spatial distribution
(Arreguin-Sanchez 1996).

surveys. In the Mediterranean Sea, these surveys are carried out
once a year during the summer months and provide accurate
data on biomass, abundance and distribution of the SPF species
following a standardised methodology common to all European
countries in the Mediterranean (Giannoulaki et al. 2021). Due
to the spatio-temporal variability of SPF (Saraux et al. 2014),
a single annual survey might not adequately capture the
changing distribution of the target SPF species (Kimura and
Somerton 2006). Moreover, the marked seasonality of the
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reproductive cycle of the two most important target species of
the fishery (European sardine and anchovy) is oppositional, re-
sulting in different reproductive phases during the survey pe-
riod (Palomera et al. 2007).

Purse seine is the most significant fishery in terms of total land-
ings in the Mediterranean Sea (FAO 2023). In the Catalan coast
(NW Mediterranean Sea), it is the primary fishing gear target-
ing SPF, with more than 99% of anchovy and European sardine
catches made by this fleet. In 2023, this fleet consisted of 49 ves-
sels, representing 47% of total landings and 18% of the income
for the entire Catalan fishing sector (ICATMAR 2024b). The
fleet is characterised by a mean length overall (LOA) between
10 and 25m and the use of auxiliary light boats to attract and
aggregate fish schools during the night, similarly to other purse
seine fleets (Feijo et al. 2018; Tejerina et al. 2019). In this region,
vessels are limited to work 5days per week (BOE 2022) and ves-
sels return daily to port typically right after sunrise to sell at
the fish auction. Vessels do not necessarily return to their home
port, which results in high fleet mobility compared to bottom
trawling, which fishes in the nearest fishing grounds and always
return to sell to the same port (Carreton et al. 2025).

Purse seine fleet targets the schools of SPF to maximise catches.
Since a fishery results from the interaction between the spa-
tial distribution of fish and the application of fishing effort
(Bourdaud et al. 2019; Petitgas 1998), an accurate estimation of
the extent and distribution of purse seine fishing effort can po-
tentially describe the distribution of the fishable portion of the
SPF stocks (Bertrand et al. 2008; Harley et al. 2001). According
to literature, obtaining accurate knowledge and frequent data
about fishing operations should reflect time-changing distribu-
tion patterns of species (Bertrand et al. 2008) and thus capture
its seasonal variability.

Vessel positioning systems have been increasingly used for
fisheries management (Lee et al. 2010; Russo, Parisi, and
Cataudella 2011). As the positions themselves do not inform
about vessels' activities, correlating these data with vessel's
operation is the key step when using positioning system data
either for surveillance or fishery management purposes. This
analysis requires high knowledge of the fishery and an accurate
data analysis which sometimes makes it difficult to use these
data for management purposes (Le Tixerant et al. 2018; Russo
et al. 2018; Walker and Bez 2010). Historically, fleets using
towed gears, such as otter bottom trawling, have been the most
studied (Jennings and Lee 2012; Lee et al. 2010). In these cases,
fishing positions are typically filtered using a speed filter, yield-
ing reliable estimates of fishing effort (Lee et al. 2010; Russo,
Parisi, and Cataudella 2011). However, when fishing operations
are more complex—such as those involving purse seiners—a
simple speed filter may not be enough to produce accurate esti-
mates of fishing effort (Bez et al. 2011; Joo et al. 2011).

The identification of fishing vessel operations in positioning
systems has increasingly incorporated machine learning al-
gorithms, particularly artificial neural networks (ANNs) (Bez
et al. 2011; Joo et al. 2011; Russo, Parisi, Prorgi, et al. 2011)
and Random Forest models (Behivoke et al. 2021; Mendo
et al. 2023). Although some of them classify multiple operations
(ICES 2023), these methods have primarily been used for the

binary classification of fishing and non-fishing operations in
order to calculate catch per unit effort (CPUE) or landings per
unit effort (LPUE). However, as noted by Bez et al. (2011), fo-
cusing solely on this binary classification may overlook import-
ant aspects of purse seine fisheries. Purse seiners' behaviour is
highly dependent on skipper strategy and resource availability.
Unlike towed or passive gears, skippers will prioritise locat-
ing fish schools rather than targeting fixed fishing grounds.
Consequently, fishing moments and locations as well as time
spent searching or tracking schools depend on resource avail-
ability (Ruttan and Tyedmers 2007). Therefore, when estimating
CPUE or LPUE, it is essential to consider not only active fishing
moments but also other operational activities, as these contain
valuable information about resource dynamics.

Early studies on vessel operations in purse seine fisheries
were conducted by Walker and Bez (2010), focusing on fish-
aggregating devices (FAD)-based tuna fishing, where multi-
ple vessel operations were described and analysed. For purse
seine fleets targeting SPF, Joo et al. (2011) applied a binary
classification method using an artificial neural network to
detect fishing versus non-fishing operations and Lucchetti
et al. (2018) applied state-space models (developed by Walker
and Bez 2010 for tuna purse seiners) to the same aim. In addi-
tion, Katara and Silva (2017), Quattrocchi and Maynou (2018)
and Wan et al. (2024) explored the use of speed thresholds to
detect fishing activity. To our knowledge, there are currently
no studies developing methodologies to classify multiple ves-
sel operations in purse seiners targeting SPF. The aim of the
current work is to refine the classification of purse seine ves-
sel operations in order to improve the estimates of purse seine
fishing effort in the NW Mediterranean Sea, to enhance its
spatial and temporal resolution. Using onboard observers data
with high spatiotemporal resolution, the fishery vessels’ oper-
ations were characterised. This data were then used to classify
VMS data for which a multiclass Random Forest model was
trained to identify the defined operations. Multiclass model
performance was compared against a binary model (fishing/
not-fishing) and a simple speed threshold approach. These
findings help to better understand spatio-temporal variability
of SPF populations and fisheries.

2 | Materials and Methods
2.1 | On-Board Sampling and Fishing Operations

With the aim of understanding purse seiners’ behaviour and
collect georeferenced data about them, onboard samplings were
done (from 2020 to 2023) in the framework of ICATMAR fisher-
ies data collection program. Within this context, samplings on-
board of purse seiners started in 2020 onboard the fleet working
on the Catalan coast (NW Mediterranean Sea) ICATMAR 2023).
ICATMAR's sampling program aims at continuously monitor-
ing the Catalan fishing fleets and their impacts. In the case of
purse seiners, information gaps needed to be fulfilled and con-
sequently sampling was designed with two main objectives. The
first objective was to analyse purse seine vessel operations in
order to be able to quantify the distribution and intensity of this
activity in space which is covered by the present work. The sec-
ond objective was to address fishery species catch, bycatch and
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FIGURE1 | Studyzone and on-board sampling tracks used in this study (A). Examples of a typical cruising (B), tracking (C) and fishing (D) vessel

operations recorded with a high frequency (30s) GPS device by on-board observers.

discard characteristics, since this information is key for future
stock and fishery assessment (ICATMAR 2024a).

According to these objectives, a sampling strategy covering
the main seven Catalan ports with purse seine activity along
300km of coast was designed. The coast was divided into three
zones (North, Center and South. See Figure 1) following its geo-
morphological and biohydrodynamic structure (Clavel-Henry
et al. 2019), and two on-board samplings were carried out every
month: one in the northern zone and the other alternating be-
tween Center and South zones, amounting to a routine of 24
samplings a year. All on-board sampling tracks were recorded
with a high frequency (30s) GPS device. A total of 51 fishing
trips were carried out between February 2020 and December
2023, less than expected as a result of COVID19 pandemic re-
strictions. After data validation, 47 trips corresponding to the
period between September 2021 and December 2023 were fi-
nally included for the present study (Table 1, Figure 1A). The
three first samplings were excluded due to misclassification of
vessel operations before its final definition and the fourth due to
errors in GPS device recording.

After the first samplings conducted in year 2020 and based on
the available bibliography (Bez et al. 2011), we defined four
main purse seine operations that occur during a fishing trip.
All fishing trips happen at night time with port exits ranging
between 22 pm and 02am, depending on the skipper's fishing
strategy. Catalan purse seine fleet ranges from 9 to 25m LOA

vessels operated by 9-12 fishers onboard. The Steaming phase
(D) starts when the vessel exits the port and navigates to fish-
ing grounds. This is a typically short operation as Spanish leg-
islation only allows purse seine fishing activity over bottoms
deeper than 35m (BOE 2023), which are quickly reached by
vessels (Figure 1A, Figure S1). The Cruising phase (II) starts
when the vessel enters legal fishing depths, and the skipper
turns on the fish finder hydroacoustic devices, at least a sonar
and an echosounder. This phase is characterised by straight
trajectories at constant high speeds (Figure 1B, Figure S1).
When the skipper detects a potentially interesting fish school,
the Tracking phase starts (III). Here, the main vessel speed
is reduced and the fish school behaviour is analysed through
sonar and echosounders. Therefore, this operation is char-
acterised by medium speeds and curved trajectories around
the fish school (Figure 1C, Figure S1). During this phase, the
skipper may decide to release the auxiliary light boat which,
until that moment, is either on board of the main boat or being
towed by it. If the auxiliary boat is released, lights are turned
on to try to aggregate fish underneath. Then, skippers con-
sider the school's behaviour, its aggregation, response to light
as well as sea currents to minimise the likelihood of fish es-
caping the net once the fishing operation begins. Finally, if
the skipper considers that the fish school is well aggregated,
the Fishing phase (IV) starts. The main boat circles the fish
school while setting the net, a fast operation typically done
in 3-5min. Then, the net is closed laterally and on the bot-
tom (8-12min). Once closed, the net is collected by fishers
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TABLE1 | Summary of fishing trips by vessel used in the study.

Vessel LOA Engine power No. of trips No. of valid trips Trip duration No. of VMS points

1 16.5 176.5 1 0 9.2 43

2 24.5 314.8 7 6 6.3+1.1 421+71

3 14.2 76.5 1 0 8.3 47

4 16.8 165.5 24 23 7.6 +0.5 41.3+4.2

5 16.7 202.2 6 6 8.1+1.4 43.8+11.0

6 20 294.2 7 7 7.8+1.5 41.3+14.2
20.4 154.5 5 5 8.8+1.5 49.8+6.9

Total trips 51 47

Note: Vessel names or identification codes are not shown.

until the fish gets close to the boat during approximately
20-30min. This operation is therefore characterised by a cir-
cular trajectory while setting the net, followed by a drifting
phase corresponding to net collection (Figure 1D, Figure S1).
After this, the skipper may decide to release the catch (slip-
ping) or to retain it. Slipping occurs for various reasons: ei-
ther fish is below the Minimum Conservation Reference Size
(MCRS), the quota or vessel capacity have been attained, or
there is abundance of non-commercial species, or commercial
species are highly mixed, which entails time-consuming clas-
sification work by fishers. If the skipper decides to retain the
catch, it is transferred on board with a scoop net and directly
placed into selling boxes with ice (7-45min, depending on
the size of the catch). Therefore, the total time of a fishing set
can vary between 1 and 2h depending on the catch amount.
Some catch classification or removal of discards may occur,
although skippers prefer not to manipulate the catch because
it is then devaluated and the operation requires a lot of human
work. The ships typically return to port right after sunrise to
sell fish at auction. As the described fishing operations take
place only at night when disaggregated schools of the target
species are at shallower depths and can be concentrated by
the auxiliary boat's light. During the day, species aggregate at
deeper depths, near the seafloor, beyond the reach of the purse
seine nets (Fréon et al. 1996; Iglesias et al. 2003).

Once vessel operations were clearly defined, observers on board
classified each moment of the sampled fishing trips into one
of the operations for later data analysis. Only cruising, track-
ing and fishing phases were analysed, since steaming phases
were short and, in terms of spatial behaviour, similar to cruis-
ing. Recorded GPS data were used to better understand the sig-
nal of each vessel operation into tracking devices and, together
with observers' data, helped in the classification of VMS points
into one of the three operations. Moreover, GPS data were used
to test the effect of different polling rates on the estimation of
vessel operation times comparing 30s GPS frequency to 10min
VMS (see Figure S2).

2.2 | VMS Data Treatment

Once data were validated, VMS data for the same fishing trips
(day and vessel) were obtained from the Spanish Fisheries

Secretariat-General. Even if minimum VMS ping frequency is
2h, it can be increased on demand for specific fleets or vessels.
In the case of the studied fleet, raw VMS data frequency was
1h. Fishing operations last a minimum of 1h, and therefore,
in the case of Catalan purse seine fleet, most of the fishing op-
erations should at least be captured by 1 VMS ping. Tracking
and cruising phases are typically longer, so they were ex-
pected to be captured by one or more VMS pings as well. In
addition, VMS data were interpolated to a 10min frequency
in order to improve fishing effort estimates deriving from the
methodologies analysed in the present work. Interpolation
was carried out using VMSbase R package (Russo et al. 2014;
Russo, Parisi, and Cataudella 2011) similarly to (Lucchetti
et al. 2018). Interpolated data were inserted into ICATMAR
information systems (Ribera-Altimir et al. 2023) and linked
to the corresponding field sampling day; each VMS point was
then classified in the on-board observed vessel operation.
Finally, a total of 1997 classified interpolated points were ob-
tained for further analysis. Raw data can be found at: https://
doi.org/10.5281/zenodo.18466425.

2.3 | Speed Threshold Method

A preliminary study on the distribution of purse seine fleet speed
was done (Figure 2, Figure S3). Histograms with all the anal-
ysed dataset were drawn and modes calculated using a Gaussian
kernel density estimator. Based on the calculated modes, anti-
modes were found using multimode R package similarly as in
Rufino et al. (2023) (see also Lee et al. 2010). The speed dis-
tribution, modes and anti-modes found were contrasted with
on-board field observations to match speed ranges to vessel
operations as accurately as possible. Then a speed threshold re-
taining fishing operations was used to classify vessel positions
into a binary variable (fishing/non-fishing operations) so that
this method can be easily compared to the machine learning
binary model.

2.4 | Machine Learning Models
A total of seven predictive variables were used to train the

models (Table 2, Figure S4). Some original VMS variables were
directly included: speed, course and time of day. Four other
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variables were computed: absolute course change between
the previous and current position (cogDiff), speed change be-
tween the previous and current point (speedDiff — 1), speed
change between the current and the following point (speed-
Diff+ 1), and the number of points of the same day and ves-
sel in a 500m buffer of the current position (similarly as in
Behivoke et al. 2021, see table 2). See the correspondent cor-
relation matrix at Figure S5.

Once the predictive variables were computed, interpolated
VMS positions were classified into the three described opera-
tions (Cruising, Tracking and Fishing) based on field observa-
tions. For the multiclass model dataset, the three operations
were considered, whereas for the binary model dataset, data
were reclassified into fishing/non-fishing, that is, tracking and
cruising points were collapsed into a single class (Tracking-
Cruising from here on). As cruising phases are more abundant
in the fishing trips compared to Tracking or Fishing moments,
datasets were balanced with random subsampling so all ves-
sel operations had the same number of points and finally the

300

Mode
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VMS points count

o
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FIGURE 2 | Histogram of the interpolated VMS data speed distri-
bution. Red dashed lines indicate the modes found and blue lines the
antimodes. First antimode (4.1 kn) was used to infer fishing positions
when using the speed threshold method. Only for the speed filter meth-
od, each mode was associated with a vessel operation indicated at the
bottom of the figure.

balanced dataset was split into the training (75%) and the test
(25%) datasets (Table 3). Models were trained using scikit-learn
python package (Pedregosa et al. 2012) and GridSearchCV for
hyperparameter tuning (see Figure S6 for details).

Code regarding data pre-processing and model fitting can be
found at: https://doi.org/10.5281/zenodo.18466425.

2.5 | Prediction Methods Performance Metrics

Fitted prediction methods (multiclass model, binary model
and speed filter) were used to make vessel operation predic-
tions on the testing datasets (Table 3). Predictions were com-
pared to observed on-board operations to compute a confusion
matrix and four performance metrics: accuracy (proportion of
total correct predictions), precision (proportion of true posi-
tives over all positive predictions), recall (proportion of true
positives over all real positives) and F1-score (harmonic mean
of precision and recall). The probability decision threshold
parameter (proportion of trees needed to make a certain pre-
diction) was also evaluated to optimise the balance between
precision and recall metrics.

2.6 | Estimations of Predictor Importance
and Model Interpretation

For the two random forest models (multiclass and binary)
shap values (Shapely Additive Explanations) were computed
using python package shap (Lundberg and Lee 2017). Shap is
a game theoretic approach to explain the output of machine
learning models and understand how the model internally
works when making a certain prediction. Meaning the SHAP
values quantify which variables carry the most importance for
model prediction. The general importance of each predictive
variable was shown through absolute shap values boxplot by
vessel operation and predictive variable. Then, for the most
relevant ones, predictive variable values were plotted against
shap values by vessel operation in scatterplots. This analysis
will provide an intuitive way to identify the predictive variable
thresholds applied by the models when classifying points into
different vessel operations.

TABLE 2 | Summary of the predictive variables used in the machine learning models to predict vessel operation.

Variable and units

Variable computation

Speed (kn)

Course (degrees)
Time of day (hours)
cogDiff (degrees)
speedDiff+1 (kn)
speedDiff—1 (kn)

bufferCount (no. of points)

Hours since 12:00am
cogDiff; = | course; — course;_ |
speedDiff + 1; = | speed; — speed,; |
speedDiff — 1, = | speed; — speed,_, |

bufferCount; = (dist(p;, p;) < 500m)

1
JED;
J € D; = each point from the same day and vessel as point i
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TABLE 3 | Number of dataset observations (VMS points) classified into vessel operations.

Multiclass model Binary model
Original dataset  Balanced  Training Test Balanced Training Test Speed threshold
Fishing 440 440 323 117 440 330 110 1476
Tracking 565 440 341 99 440 330 110 521
Cruising 992 440 326 114
Total 1997 1320 990 330 880 660 220 1997

Note: Dataset splitting for each model and speed threshold is specified.

2.7 | Fishing Effort Metrics

Multiclass model, binary model and speed filter method were
used to calculate fishing effort metrics and analyse their pre-
dictive power compared to the observed onboard operations.
First, the three methods were used to predict a vessel operation
for each of the VMS points used in the study (original dataset
in Table 3). Then, two types of metrics were calculated: vessel
operation times in spatial grids and vessel operation times by
fishing trip.

For the spatial grid metrics, the classified points were aggre-
gated in different grid cells at five different cell resolutions, from
1 to 5km? covering all the study zone. The number of points by
vessel operation in each grid cell and resolution was counted.
Data were aggregated independently of the fishing trip or vessel
with the objective of testing the predictions for an entire fleet
in space and a period of time. Operation times were estimated
by calculating the mean point time frequency for the dataset
(10s in consistency with VMS data interpolation). The time for
each vessel operation and grid cell was calculated (minutes of
vessel operation by grid cell) as the product of the mean point
frequency and number of points. The correlation between pre-
dicted versus observed vessel operation time by grid cell was
then calculated. Pearson correlation tests were used to statisti-
cally test the regressions.

Finally, each vessel operation time (Fishing, Tracking, Cruising)
was calculated by fishing trip (vessel and day) as the product of
the number of points by vessel operation and the mean point fre-
quency. Predicted and observed operation times were compared
using boxplots and statistically tested using ANOVA. Tests were
designed to evaluate differences between vessel operations and
between predicted versus observed values; the interaction of
both factors was also included.

3 | Results
3.1 | Speed Threshold Method

Speed density analysis showed a trimodal distribution for
the variable. Modes found were 0.62, 4.9 and 7.6 knots and
the corresponding antimodes 4.1 and 6.5 knots (Figure 2).
Aiming at having a correspondence between speed density
analysis and the observed fleet operations (Fishing, Tracking
and Cruising), each of the modes was preliminarily associated

with one of the operations: lower speed mode for fishing, me-
dium mode for tracking and higher mode for cruising phases
(see Figure S3). Therefore, in order to classify data between
fishing and non-fishing operations, the speed threshold was
set to 4.1 knots, that is, all points with speeds lower than 4.1
kn were classified as fishing, and points with higher speeds as
non-fishing positions.

3.2 | Prediction Methods Performance Metrics

Random forest models displayed 73% and 81% accuracy for mul-
ticlass and binary models, respectively when applied to the test
set, thus outperforming the speed threshold prediction method
(60% accuracy). Multiclass model predictions were calculated
using a 0.5 precision threshold which led to especially high-
performance values for Fishing and Cruising vessel operations,
whereas performance prediction for Tracking was the low-
est (Table 4). The binary model was optimised with a decision
threshold of 0.58 during model fitting, obtaining the highest per-
formance, showing good results for both Fishing and Tracking-
Cruising operations (Table 4). The speed threshold method had
inconsistent performance with high differences between preci-
sion and recall values. This method detected most of the fishing
points correctly (94% recall) but showed poor discrimination
from Tracking-Cruising phases (only 35% of predicted fishing
points were truly fishing operations).

3.3 | Predictor Variable Importance Analysis

Shap values showed similar variable importance for both models,
with speed, bufferCount and time of day being the most relevant
features used by the models for predictions (Figure 3). For the mul-
ticlass model, the variable importance on model predictions differs
between vessel operations (Figure 3A). Cruising predictions are
mainly made based only on speed and bufferCount (Figure 3A).
Speed values higher than 3.5 kn and bufferCount values lower than
3 (Figure S7A,B, respectively) contribute to Cruising predictions.
Time of day is not of much importance when predicting cruising
phases (Figure 3A). Tracking and Fishing predictions are mainly
made based on speed, bufferCount and time of day (Figure 3A).
Fishing phase predictions are associated with speed values be-
tween 0 and 1 kn, bufferCount higher than 6, and time of day later
than 5am (Figure S7A-C). Tracking operation predictions are as-
sociated with values of speed from 1 to 3.5 kn, bufferCount from 3
to 6 and time of day earlier than 5am (Figure S7A-C).
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Shap values are exactly the same for both operations in the bi-
nary model since, for binary classification, a positive value for
one class is the negative value for the other (Figure 3B). This
opposite relationship is clearly shown in Figure 4. The model
tends to predict Fishing operations when speed is lower than 3.5
kn, bufferCount higher than 5 and time of day later than 4am
(Figure S7D-F). On the other hand, Tracking-Cruising opera-
tions are predicted for higher speeds, low bufferCount and early
night hours (Figure S7D-F).

3.4 | Fishing Effort Metrics

Mapping validation showed consistent results with model perfor-
mance metrics (Figure 5, Figure S8). A total of 35 regression anal-
yses were done: 15 for multiclass model (3 vessel operations * 5
grid resolutions), 10 for binary model and 10 for speed threshold
method (2 vessel operation * 5 grid resolutions each). All correla-
tions between observed and predicted vessel operation time (min-
utes per grid cell) were highly significant (Figure 5). Correlations
showed a general high r-coefficient (over 0.8 in most cases) and
higher values as grid cell resolution increases.

Multiclass model performed well predicting fishing times by
grid cell with slopes close to one and low intercepts for all
spatial resolutions (Figure 5). Tracking operations had less
consistent predictions with lower r values and higher inter-
cepts with respect to the other two vessel operations. High in-
tercepts may indicate some overestimation of this operation.
These results are consistent with the low performance metrics
for Tracking phases compared to Fishing and Cruising results
(Table 4). Predictions on Cruising times correlations had high
r-coefficients and low intercepts but slopes lower than 1 for all
spatial resolutions.

The binary model was the best method predicting both Fishing
and Tracking-Cruising phases in space (Figure 5, Figure S8),
consistent with the high accuracy of this model. Even for high
spatial resolution, r-coefficients were over 0.75 and increased
with spatial resolution. Correlation slopes were almost 1 for all
spatial resolutions and intercepts low when predicting Fishing
operations. For Tracking-Cruising phases, r-coefficients were
also high, especially for resolutions over 2km? (0.91 and higher);
intercepts were low and slopes close to one (0.83-0.89 for grid
over 2km?) indicating good predictions for this operation as well.

TABLE 4 | Evaluation of models and speed threshold performance metrics.

Multiclass model Binary model Speed threshold
Precision Recall F1 Precision Recall F1 Precision Recall F1
Fishing 0.80 0.75 0.78 0.87 0.74 0.80 0.35 0.94 0.51
Tracking 0.61 0.69 0.64 0.77 0.89 0.83 0.97 0.51 0.67
Cruising 0.80 0.75 0.78
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FIGURE 3 | Shap values summary for each random forest model. For each vessel VMS position on the training dataset, a shap value for each ob-
servation and predictive variable was computed, that is 20.790 for multiclass model (A) (990 points, 7 variables, 3 labels) and 9.240 for binary model

(B) (660 points, 7 variables, 2 labels). The higher the shap value for a certain point and variable, the more the variable contributes to pushing the

model towards predicting a certain label. Values are represented in absolute terms to account for global variable importance regardless of the signal

of SHAP value.
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FIGURE4 | Validation of models’ vessel operations time metrics in spatial grid. For each grid cell size (from 1 to 5km?), vessel operation and mod-
el (multiclass, binary and speed filter) observed and predicted vessel operation times are compared. Regression formulas and R statistic are shown in
the corresponding scatterplot. All correlations were significant with p-values <0.001. Dashed black lines indicate 1:1 relation between observed and
predicted values, therefore a regression line above it indicates overestimation and below underestimation of the vessel operation times.
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FIGURE 5 | Vessel operation time by fishing trip. Observed and predicted values are compared for each vessel operation and predictive method

(multiclass and binary models and speed filter method).

The speed threshold prediction method showed the worst pre-
diction performance in space (Figure 5, Figure S8). For Fishing
operations, slopes (1.1-2) and intercepts (15-35) were the high-
est, indicating operation time overestimation for all spatial reso-
lutions. Low precision in Fishing predictions (Table 4) indicates
a lot of Tracking-Cruising phases predicted as Fishing, leading
to overestimation of this operation also shown in the spatial
validation results. On the other hand, the low values for slopes
in Tracking-Cruising phases predictions (0.18-0.41) indicated
a notable underestimation for this vessel operation, consistent
with its low recall (Table 4).

Vessel operation time by fishing trip (Figure 5) showed consis-
tent results with predictions in spatial grids (Figure 4). The mul-
ticlass and binary models have robust operations predictions in
all cases, supported by ANOVA results with a non-significant
interaction between Operation and Observed/Predicted factors
(F=2.45, df=2, p=0.088 for multiclass model and F=3.84,
df=1, p=0.052 for binary model). However, speed filter method
predictions, similarly to spatial grid validations, show clear dif-
ferences between observed and predicted values (Figure 5). In
this case, there is a significant interaction for ANOVA factors
(F=128.3, df=1, p<0.005) meaning that there are differences
between observed and predicted values depending on vessel op-
erations. Fishing time is overestimated (over 2h by fishing trip)
and therefore Tracking-Cruising phases are underestimated.

4 | Discussion
4.1 | Models Performance Metrics
Random forest models showed higher performance for vessel

operations predictions than the speed threshold method, with
the binary model performing best. The speed threshold found in

our data were consistent with previous studies in similar fleets
(Katara and Silva 2017; Quattrocchi and Maynou 2018) but when
validated with observed data, this method had inconsistent
precision and recall values when detecting fishing operations.
The low precision and very high recall when predicting fishing
operations indicate that this method is overclassifying points
into fishing moments. This is probably caused by shared speed
ranges between fishing and tracking operations (Figure S4), so
this method would be classifying tracking positions into fishing
and therefore overestimating these vessel operations (Bertrand
et al. 2008). These results confirm that a simple speed filter
when trying to detect fishing operations for the purse seine fleet
is not a good fit as pointed out by previous studies (Bertrand
et al. 2008; Joo et al. 2011).

The multiclass model showed high performance with respect
to speed threshold method. Although the model is especially
good at detecting fishing and cruising operations, its predict-
ing power was lower for tracking vessel phases. This is a con-
sequence of the overlap in the values of predictor variables for
tracking and cruising (Figure S4 and Bertrand et al. 2008),
making it harder to differentiate between these phases as the
differences between them are more nuanced than those be-
tween fishing and non-fishing phases. Vessel trajectories may
be similar to some fishing moments as well. The binary model
had the higher performance metrics either for fishing and
non-fishing operations. Merging tracking phases with cruis-
ing moments may have made it easier for the model to distin-
guish these two operations from fishing.

The present study is the first to analyse SPF purse seine fleets
aiming to distinguish between three vessel operations as in the
case of the multiclass model. The closest study found (Bertrand
et al. 2008; Joo et al. 2011), where artificial neural networks
were used to binary predict Peruvian anchovy purse seiners
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fishing positions, showed model performances comparable to
the ones achieved in the present work around 75% recall for a
binary classification for (Joo et al. 2011) and 83% accuracy for
(Bertrand et al. 2008). In Joo et al. (2011), false positive rate was
higher (approximately 22.2%-11%) and false negative rate lower
(approximately 3.2%-26%) than in the present work. Therefore,
our models allow for the classification of three vessel operations
instead of two, without compromising accuracy, which rep-
resents an improvement in purse seine fishing effort metrics.

Other studies trying to detect fishing activities in positioning
systems achieved higher performance metrics than in the pres-
ent work: Behivoke et al. (2021) reached 80%-91% accuracy in
different small scale gears, Mendo et al. (2023) reached accuracy
values between 80.5% and 91% on gillnets and octopus pots and
traps. Rufino et al. (2023) and Samarao et al. (2024) compared
performances of different machine learning models on bivalve
dredges and pots and traps, reaching 82%-98% and 78%-94%
accuracy, respectively. However, all these studies used binary
models and high frequency resolution data (10-45s polling
frequency), which might be one of the key reasons explaining
model performance differences with respect to the present study
(see Section 4.3).

4.2 | Interpreting Random Forest Models Using
Variable Importance Analysis

Multiclass and binary fitted models showed similar shap val-
ues results: speed, bufferCount and time of day were the most
relevant variables in the predictions for both models. The raw
values of these predictor variables (Figure S1) showed the great-
est difference between vessel operations, and therefore their im-
portance in models' predictions was expected. These results are
consistent with other studies (Samarao et al. 2024) where speed
plays a key role in model predictions, although other variables
included significantly improved the models’ performances.

The multiclass model showed different shap values for each
vessel operation and variable. When classifying cruising opera-
tions, only speed and buffer count were highly relevant. Highest
speeds and lowest buffer counts define cruising operations
consistently with fast and straight vessel trajectories observed
in the on-board samplings and coincident with other studies
(Bertrand et al. 2008; Joo et al. 2011; Katara and Silva 2017,
Quattrocchi and Maynou 2018). When the model tries to dis-
tinguish between Tracking and Fishing operations, the time of
day variable also plays an important role. The Tracking phase
is predicted for medium speeds, medium buffer counts and
early times at night. Speed and buffer count values are consis-
tent with the curve trajectories that the main vessel performs
around detected fish schools while they wait for them to accu-
mulate under the auxiliary boat lights or while analysing their
behaviour with echosounders. Tracking operations have been
described for tuna purse seiners (Walker and Bez 2010) but not
clearly identified for purse seiners targeting SPF until the mo-
ment. Fishing operations are predicted for the lowest speeds,
highest buffer counts and late at night. Low speeds, nearly zero,
might correspond to the moments where the vessel is gathering
the net and transferring the fish to the vessel with the scoop net,
since during these moments, vessels are drifting and the speed

is approximately zero (Bertrand et al. 2008; De Souza et al. 2016;
Lucchetti et al. 2018; Walker and Bez 2010). The highest buffer
count is also coherent with drifting phases as low speeds con-
tribute to higher buffer counts.

The importance of the time of day in Tracking/Fishing classifi-
cation might be related to fishers' strategy during a trip. During
a fishing night, the number of fishing operations that a certain
vessel is able to do is mainly limited due to human resources,
vessel tonnage capacity and the duration of night time. The de-
cision of fishing a certain school is a balance between the work
it takes to catch it, its quality (influenced by factors such as spe-
cies, size of both the fish and the school, school aggregation,
market price, etc.), and the probability of fishing a better school
later in the night. Therefore, in the first hours of a trip, fishers
tend to find and analyse more schools and fish less hoping to
find a better school during the rest of the night. As daylight ap-
proaches, fishers tend to fish more as they would rather have
something to sell even if it is not their preferred species or size.
Additionally, fishers note that at sunrise the behaviour of fish
actively and rapidly aggregating at dawn (Fréon et al. 1996) fa-
cilitates the fishing of the already concentrated schools.

In contrast to the multiclass model, for the binary model the im-
portance of speed, buffer count and time of day in model pre-
dictions was similar either for Fishing or Tracking-Cruising
operations. In this model, the shap values thresholds of the
predictive variables are consistent with the multiclass model,
with observations of on-board samplings and with similar stud-
ies (Bertrand et al. 2008; Joo et al. 2011; Katara and Silva 2017;
Quattrocchi and Maynou 2018). This model can be interpreted
as a simplification of the multiclass one. Non-fishing operations
(Tracking-Cruising) are predicted for high speeds, low buffer
counts and early times in the night. Fishing phases are predicted
for the opposite threshold limits: low speeds, high buffer counts
and late time of day. The similar importance between the three
variables might be a consequence of the lack of differentiation of
tracking phases alone.

The rest of the predictive variables included in the model (course,
speedDiff+ 1, speedDiff—1 and courseDiff) played some role
in model predictions although their importance was not com-
parable to the other three variables included. Course in raw
data showed no difference between the three vessel operations
(Figure S1). Variables estimating differences between consecu-
tive positions (speedDiff+ 1, speedDiff—1 and courseDiff) had
almost no influence on model predictions. Several studies have
included similar variables in the models (Behivoke et al. 2021;
Bertrand et al. 2008; Joo et al. 2011; Walker and Bez 2010) but
their importance in model predictions was not evaluated. It is
likely that the importance of these variables when predicting
fishing operations relies on ping frequency as it is one of the
key features in vessel operations prediction accuracy (Katara
and Silva 2017; Lambert et al. 2012; Mendo et al. 2019; Rufino
et al. 2023). Changes in speed are short phases that correspond
to a change in vessel operation. Therefore, for high resolution
devices such as those used in Behivoke et al. (2021) for small
scale fisheries, speed or course changes detected by positioning
systems may correspond to actual changes in vessel operations.
Even if VMS data were interpolated to 10 min frequency in this
study, changes in speed or course between two consecutive
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positions might not be reflecting a change of vessel operation
as some phases could be lost in between positions (Behivoke
et al. 2021).

Despite the high explanatory power of predictor importance
methods (i.e., shap values), since the moment, studies using ma-
chine learning models predicting fishing operations using them
are scarce (the only example found is Kawaguchi 2024). In most
of the similar studies (Behivoke et al. 2021; Bertrand et al. 2008;
Mendo et al. 2023; Rufino et al. 2023; Samarao et al. 2024; Walker
and Bez 2010), only the performance of the final models is evalu-
ated, and not the importance of variables in its predictions. This
analysis might be important to understand how the models used
are working and validate them with field knowledge as done in
the present study. Predictor importance analysis might also be
important to simplify model fitting through reducing the num-
ber of variables included in them, similarly to the analysis done
by Samarao et al. (2024) using performance metrics.

4.3 | Fishing Effort Metrics

The speed threshold method highly overestimates Fishing
and underestimates the other vessel operations. This is partic-
ularly clear with daily vessel operation times where predicted
fishing values (3.62h mean) are more than doubling observed
values (1.34h mean) similarly to other studies such as Bertrand
et al. (2008). Spatial metrics show the same results with slopes
higher than one for Fishing operations and importantly lower
for Tracking-Cruising phases. These results are consistent with
speed threshold method performance metrics and confirm that
the method is classifying most of the Tracking positions into
Fishing positions.

Both binary and multiclass models showed good correlations be-
tween observed and predicted fishing effort metrics, either spa-
tially or during a fishing trip. These metrics are consistent with
the higher performing metrics of the models. The multiclass
model showed good predictions of vessel operation times by grid
cell and fishing trip. Fishing was the best predicted operation
by this model. The model had a slight trend to underestimate
Cruising phases and overestimate Tracking ones even if these
differences were non-significant. The binary model had the
best vessel operation metrics consistently with its highest model
performance metrics. There was a slight trend to overestimate
Fishing and underestimate Tracking-Cruising phases but these
differences were also non-significant.

The study of fishing vessels operations in positioning systems
pursues two main objectives: the estimation of fishing effort
and impacts in space and/or the estimation of target species
distribution through the linkage between vessel operations and
landings/catch data. The binary random forest model performed
best in identifying fishing operations and therefore may fit bet-
ter when trying to link fishing positions with landings data
(Bertrand et al. 2008). On the other hand, the multiclass model
may perform well when analysing purse seine fleet effort in
space. Contrarily to the commonly more studied trawling fish-
ery, vessel trajectories and operations in purse seine fishery may
contain more potential information than the strict location of
fishing positions (Bez et al. 2011). Most of the studies analysing

spatial SPF purse seine effort only identify fishing or non-fishing
operations and quantify fishing effort only with identified fish-
ing sets (Bertrand et al. 2008;Joo et al. 2011; Lucchetti et al. 2018;
Quattrocchi and Maynou 2018). As pointed out, this approach
can reveal target species distributions (Bertrand et al. 2008) but
it could be limiting when accounting for general fleet fishing ef-
fort or calculating CPUE estimates (Bez et al. 2011). In the pres-
ent work we demonstrate that Cruising and Tracking phases
are the most time-consuming operations in a SPF purse seine
fishing trip (comparable to Tejerina et al. 2019) which might be
translated to the most cost-consuming vessel operations as well
(Basurko et al. 2022). Skippers will tend to optimise these op-
erations in relation to the potential profits from fished schools
(Ruttan and Tyedmers 2007) which may also vary depending
on species abundance, that is, potentially, the more abundant a
population is, the less costs have to be dedicated to cruising and
tracking phases. Therefore, when accounting for purse seine ef-
fort, we believe that other operations besides fishing positions
should be considered (as in Tejerina et al. 2019) as they might de-
pend on skipper's behaviour modulated by resource availability
(Bez et al. 2011; Ruttan and Tyedmers 2007; Tejerina et al. 2019).

The results on vessel operation times showed an effect of the spa-
tial resolution on the predicted values accuracy. In general, as the
spatial resolution decreased, the predicted values were more sim-
ilar to the reality. This effect might be indicating that the errors
that the classification methods make for a specific position may
be attenuated by decreasing spatial resolution. The larger a grid
cell is, the more points it contains, and therefore the errors in
one predicted operation may be compensated by errors in other
points and vessel operations predicted. It is known that the size
of the grid used influences the interpretation of fishing effort in
space (Mendo et al. 2019 and the ones cited); larger grid cell sizes
tend to increase the apparent area fished (Lambert et al. 2012).
Therefore, in our case, a trade-off between model precision and
spatial resolution must be solved. Depending on the zone and
fleet studied, different resolutions may fit. As an example, in
the study zone, the purse seine fishery operates between 35 and
mostly 150m depth which approximately comprises a distance
between 5 and 30km off the coast. In this case, a grid resolution
of 5km? might be rough trying to define fishing effort spatial
structures. A grid cell of 2km? for binary model and 3km? for
multiclass would probably be the best solution in this case.

Ping frequency may play a key role explaining some of the re-
sults as it has been reported to influence fishing vessels operation
identification (Mendo et al. 2019; Rufino et al. 2023) and fishing
effort metrics (Katara and Silva 2017; Lambert et al. 2012; Russo,
Parisi, and Cataudella 2011). In the analysed fleet, the mean
raw polling rate was 1h which should be enough to have at least
one point per fishing operation. Even if we demonstrated that
the interpolated VMS 10min polling rate does not imply a loss
in vessel operation estimates during a fishing trip (Figure S2),
we believe that higher point frequencies would probably in-
crease random forest models’ performance (Mendo et al. 2019;
Rufino et al. 2023) as fishing and tracking sets would be better
recorded. As an example, covariates between consecutive posi-
tions would probably better describe vessel operations such as in
Behivoke et al. (2021) and therefore have more predicting power
in machine learning algorithms. Some studies used AIS data try-
ing to improve point frequency in purse seine fleets (Owiredu
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et al. 2024; Wan et al. 2024; Xu et al. 2023) although this tracking
system has also been reported to lead to important information
gaps in fishing effort metrics (Natale et al. 2015; Shepperson
et al. 2018). Therefore, it seems clear that alternative fleet mon-
itoring positioning systems with higher ping frequency must be
implemented to better study fishing effort and vessel operations,
especially when used for surveillance purposes. However, we be-
lieve that developing reliable methods in other tracking devices
such as VMS is important to study highly valuable historical data
series on fleet and fishing resources behaviour.

5 | Conclusions

The use of random forest models highly improved the accuracy
with respect to speed threshold methods when predicting vessel
operations in the purse seine fleet targeting SPF. We believe that
the use of these models should be accompanied by methods dig-
ging into their internal functioning such as using predictor im-
portance analysis such as shap values. The present work points
out the need to consider other vessel operations besides fishing
when calculating purse seine fishing effort and provides meth-
ods to do so using VMS data. Higher accuracy identifying fishing
positions will potentially improve the estimates of target species
distributions done with these methods. However, the accuracy of
the predictions might highly depend on the positioning systems'
polling rate and therefore advances should be made to implement
high frequency positioning systems in fisheries monitoring.
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