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ARTICLE INFO ABSTRACT
Keywords: Small-Scale Fisheries (SSF) comprise over 80 % of the global fleet and serve as the primary income source for
Fishing effort numerous coastal communities. However, these critical fisheries face various threats. To effectively monitor SSF

Machine leaning
Spatio-temporal high-resolution data
Small scale fisheries

activities and their ecological impacts, it is required precise estimation of fishing effort using high-resolution
spatio-temporal data. This information can identify areas with high fishing density, warranting protection of
their main fishing grounds against other users (i.e. ocean grabbing), while also signalling potential stock
depletion requiring management interventions and preserving the ecosystems from which these fisheries depend
on.

In this study, we propose a series of steps to enhance the performance of Machine Learning algorithms in
estimating fishing effort. We assessed seven supervised ML algorithms, including Logistic Regression, Ridge
Classifier, Random Forest Classifier, K-Neighbours, Gradient Boosting Classifier, LinearSVC, Recurrent Neural
Networks and XGBoost, using four case studies, from bivalve dredge and octopus pots and traps fisheries.

First, in a preliminary statistical analysis between common error measures derived from the confusion matrix
was decided to use accuracy, precision, and sensitivity as evaluation criteria. We found that a simple moving
average applied to speed, employed as a pre-processing technique using ten neighbouring points, showed up to 3
% improvement in results. Random Forest and XGBoost gave the best performances among the models compared
(18 % change), using the variables Latitude, Longitude, Speed, Time, and Month (accuracies near 99 %)(61 %
change). The proportion of the training/test dataset, showed a minimal impact on accuracy, with changes of less
than 8 % when varying the training data percentage between 10 % and 90 %, making 60 % a suitable
compromise. Considering the sampling unit to be (1) point-based (randomly selected pings) or (2) boat trip-based
(randomly selected boat trips), leaded to changes in accuracy between 2.53 % and 3.99 %, depending on the
model. Temporal resolution (ping rate) showed minimal effects on model performance, ranging from less than 2
% for intervals between 30 s (raw data with irregular time series) to 10 min (regular time series). As a post-
processing step, it was concluded that replacing isolated data points with neighbouring values, significantly
enhanced the detection of fishing events, with improvements ranging from 80 % to 250 %, depending on the
model.

In conclusion, this study presents a straightforward procedure for selecting a machine learning method and
enhancing its power of classification using simple procedures. These approaches should be applied in all works
using machine learning to produce fishing effort maps.

1. Introduction sustainability of fish stocks. Robust, science-driven fisheries data are
essential for developing effective management strategies and informing

Global fish production is projected to reach 200 million tons by sound policy decisions. Achieving fisheries sustainability, enabling
2029, placing immense pressure on marine ecosystems and the effective marine spatial planning, and assessing the ecological impacts
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of fishing activities require precise knowledge of when and where fish-
ing vessels operate—i.e., the estimation of fishing effort (FE)(Coro et al.,
2021). Fishing fleets can be categorized into two main segments based
on vessel size: Large-Scale Fisheries (LSF), with vessels over 12 m in total
length, and Small-Scale Fisheries (SSF), comprising vessels under 12 m.
LSF accounts for approximately 60 % of global marine catches, whereas
SSF represents 82 % of the 2.86 million motorized fishing vessels
worldwide, and in Europe, 84 % (Bennett et al., 2015). In Portugal, the
pattern is similar: while LSF is responsible for 78 % of the seafood
landings, SSF makes up 87 % of the fleet (https://rpubs.com/
MRufino/SSF_EU_Map).

SSF fishers have minimal resources and often lack of political influ-
ence, thus making them more susceptible to most threats, like climate
change or ocean grabbing, i.e. dispossession or appropriation of use, control
or access to ocean space or resources from prior resource users, rights holders,
or inhabitants, which without appropriate governance processes, might
comprise human security or livelihoods, or produce impacts that impair
social-ecological well-being (Bennett et al., 2015). Monitoring and map-
ping the fishing effort of SSFs, has been done using remote sensing in
very particular cases (Clarke et al., 2019) or fishers’ questionaries,
although generally it is done by tracking devices located on the boats.
This provides critical information for policymakers, enabling sustain-
able ocean governance. Defining SSF essential operating zones and
integrating them with Marine Protected Areas (MPAs) and other in-
dustries could ensure the long-term viability of SSFs. Such measures
align conservation goals with socioeconomic development by fostering
sustainable resource use.

However, estimating fishing effort in SSF requires high spatio-
temporal resolution vessel tracking (i.e., minutes or seconds, ICES,
2023) and overall, there is an urge to increase fishing effort temporal
resolution also in LSF (Rufino et al. in prep). Thus, it is essential to
improve and standardise methodological approaches associated with
fishing effort estimation, namely towards the required temporal reso-
lution, and on the approaches to treat this kind of data, in face of recent
amends to the Council Regulation (EC) No 1224/2009 Article 9 (Brus-
sels, 30.5.2018, Regulation of the European Parliament and of the
Council amending Council Regulation (EC) No 1224/2009) which states
that all vessels including those below 12 m’ length must have a tracking
system implemented until 2030. This implies that a substantial amount
of data will be available and requiring proper treatment on the following
years. With this aim, recent efforts have been done towards developing a
common framework to monitor fishing effort of SSF and static gears
within the EU, namely through the Workshop on Geo-Spatial Data for
Small-Scale Fisheries and within the ICES Working Group on Spatial
Fisheries Data 1 and 2 (ICES, 2022; ICES, 2023).

Previous works have addressed the estimation of fishing effort in SSF,
either by applying classical statistical methods typically used for VMS in
LSF or, more recently, using machine learning methods (Behivoke et al.,
2021; ICES, 2022; ICES, 2023; Souza et al., 2016; Syed and Weber, 2018;
Torres-Irineo et al., 2021). Considering the large amount of data
generated, several previous works explore the use of machine learning
algorithms to estimate fishing effort, from tracking data, namely Data
Mining (DM), and Multi-Layered Filtering Strategies compared with
Hidden Markov Models (HMM) to classify trawlers and other fleets using
AIS data (Souza et al., 2016), Conditional Random Fields were used to
classify long-liners (Hu et al., 2016), Partition-wise Gated Recurrent
Units (pGPRUs) and Recurrent Neural Network (RNN) to classify trawler
fishing activities (Jiang et al., 2017), artificial Neural networks (multi-
layer perceptron network)(Russo et al., 2011) to identify metiers on
VMS data, Random Forest (Behivoke et al., 2021; Mendo et al., 2023;
Torres-Irineo et al., 2021), Extra Trees, Random Forests, XGBoost,
Bagging, Cat Boost, KNeighbors, LGBM, HistGBoost, Adaptive RF and
MLP, to classify trawlers fishing activities in the Northern Adriatic Sea
using AIS data (Brandoli et al., 2022). On the same area, ML methods
were used to classify the gear being used, and the evolution of fishing
effort through COVID pandemics, also based in AIS data (Coro et al.,
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2022). Rufino et al. (2023) develops a framework to treat this kind of
data and compared methods to identify fisher’s behaviour using statis-
tical approaches and ML and evaluated pre- and post-processing ap-
proaches, whereas Mendo et al. (2023) proposes a protocol for the pre-
processing steps.

Several isolated approaches have been used to improve ML classifi-
cations on previous works, but not in a systematic way, as in a frame-
work. For example, Behivoke et al. (2021) and Rufino et al. (2023)
advocated the application of a moving average to smooth speed tracking
data, but did not statistically evaluated how many neighbouring values
should be used to calculate the average (often called the order of the
moving average). The most common aspect being compared are a
plethora of ML algorithms (Rodriguez and Danhiez, ICES, 2022), but the
proportion of train/test data has also been assessed in previous works
(Brandoli et al., 2022; Desdhanty and Rustam, 2021). O’Farrell et al.
(2017a) improved detection accuracy of VMS tracking data by sampling
the data using a window-labelling method instead of point base, which
avoids underestimation of 33 % of fishing effort.

Nevertheless, to the authors best knowledge, none of these studies
assessed the effect of how small changes in the ML methodologies, pre
and post processing of the data can improve the final predictions. Thus,
the aim of the current work is to develop a framework of a series of steps
that can be used to improve the predictions of supervised Machine
Learning (ML) methods to estimate fishing effort, namely (graphical
abstract in Fig. 1):

1) Error measures to be used to assess the methods;

2) Application of a moving average in speed and how many points
should be used to estimate it (pre-processing);

3) The algorithm to be used: we tested 8 methodologies;

4) Assessment of the number of variables in the modelling procedure;

5) Data splitting. Percentage of train & test data. Often the models are
developed and tested with a smaller percentage of training due to the
reduced size of the validated dataset, but then when applied to the
complete dataset (often very large), most data will be used for

Improve ML classification in vessels high-resolution tracking data

Validation dataset Impact in
Expert based/on-board observers accuracy
1. Error measures considered

Tracking data
(GPS, GPRS, AlS, IVMS...)

Inputs

2. Data pre-processing 3%
speed moving average

3. ML algorithm 18%
¢ Logistic Regression (LogR)

* Ridge Classifier (RidC)

¢ Random Forest (RaFo)

¢ K-Neighbors (KNei)

¢ Gradient Boost Clas. (GrBo)

¢ LinearSVC (LSVC)

¢ XGBoost (XGBo)

Best procedure

* Moving average
with 10 points

* RaFo/ XGBo

. 4. Variable selection 61%
* Sampling by boat-

Speed, lat, lon, time and month

trip
* Replace isolated 5. Split train/test 8%

points 10-90%

Fishing effort maps
6. Sampling methods 4%
By point or by boat trip
7. Temporal resolution 2%
30 sec—10 min
8. Post-processing 80%

_ Replace isolated points

Fig. 1. Graphical Abstract.
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training, thus the method selected should give similar results across
different split percentages;

6) Sampling procedure, meaning whether the selection of train/test
data is split by point or by boat trip;

7) Temporal resolution of the dataset, i.e. should we use the highest
resolution possible or should we aggregate the data into larger
intervals;

8) Effect of post-processing of replacing isolated points by neighbouring
observations and fishing event detection;

2. Materials and methods
2.1. Case studies

Real time trackers (produced by the Portuguese company Robot)
were installed in all fishing boats operating with bivalve dredges in the
three main fishing grounds (Northwest, Southwest, and South) and in
some SSF operating with octopus pots and traps (operating on the South)
(project MONTEREAL, Mar2020). All Portuguese bivalve fleets are
currently subject to mandatory tracking, since 2017, whereas only a few
boats from the octopus’ fisheries in the Algarve were equipped with
GNSS (Global Navigation Satellite System, e.g. GPS) (although this
number is increasing). From this dataset, 170 boat trips (from 48 boats)
from 2017 were selected by a randomly stratified method (by month,
gear, and zone) and validated by experts (Miguel Gaspar and Marta
Rufino, IPMA), giving 272,054 locations to work on. Interactive plots of
speed vs time and maps of the tracks were given to the independent
experts, who registered the exact time when the haul started and
finished in a fishing trip, as well as the gear used. Further details on the
validation procedure can be found in Rufino et al. (2023).

The trackers deliver daily files with information of latitude and
longitude, time, process (moving or stop), speed and bearing, every 30 s.
The data received was very noisy and a preliminary data treatment was
carried out to remove all points where the signal was not proper and
points within the port area (defined as the points located within the
port’s areas/open bays/navigation paths polygons, manually defined).
Table 1 shows the summary of the validated trips used in the current
work. Further details of the dataset can be found in Rufino et al. (2023).

Additionally, the data is anonymised to prevent any ethical compli-
ance, as the objective of the framework is to estimate the fishing effort
and improve SSF management.

1. Error measures to be used to assess the methods

Several performance measures are commonly calculated to evaluate
ML models, using the observed/predicted confusion matrix, namely
accuracy, precision, sensitivity (recall), F1-score and AUC (see SUP-
PLEMENT 1 for further detail). These error measures were calculated for
all models tested, for both sampling procedures, and compared
following Rufino et al. (2023). Spearman index of correlation between
the results given by each error measure was calculated and a correlation
matrix plotted. Cluster analysis using correlation index was overlaid in
the correlation matrix of the error measures to determine the main
groups of highly collinear measures. Additionally, a PCA biplot was
produced to visualize the patterns between the error measures relative
to the ML methods and sampling procedures considered. All these

Table 1

Summary of the validated boat trips.
Zone/ Bivalve Octopus Traps & Trammel Total
Fishery Dredges Pots Nets
Northwest 46 - - 46
Southwest 47 - 10 57
South 35 42 - 79
Total 128 42 10 170
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analysis and plotting were done using R (r-project). The resulting plots
can be found in Supplement 2.

2. Data pre-processing: speed moving average

The speeds estimated from positioning data tends to exhibit high
irregularity. Additionally, certain fishing activities may share similar
speeds with non-fishing activities, and vice versa. Consequently, an
evaluation was conducted to assess the impact of applying a moving
average (rolling mean) on the performance of the models. This process
involved employing diverse rolling means, computed with varying
numbers of neighbouring points for a given point. The calculation in-
volves selecting n points around a point p, using both preceding and
succeeding n points to estimate the mean speed (rolling mean) that
becomes the new speed of point p. Additionally, along the current work,
when n equals 0, it indicates the use of the standard speed directly ob-
tained from GPS devices (raw data), whereas, for other values of n, the
speed moving average was applied.

3. ML algorithms

Machine learning (ML) methods were used to classify each location
given by the trackers into fishing/not-fishing. Seven supervised ML al-
gorithms were evaluated: Logistic Regression (LogR), Random Forest
Classifier (RaFo), K-Neighbor Classifier (KNei), Gradient Boosting
(GrBo), LinearSVC (LSVC), Ridge Classifier (RidC) and XGBoost Classi-
fier (XGBo). Additionally, Recurrent Neural Networks (RNN) were
applied as a comparison with the ML algorithms. These models were
selected as they have been reported to achieve high accuracies in pre-
vious works (> 85 %) (Behivoke et al., 2021; Brandoli et al., 2022; ICES,
2022; Jiang et al., 2017; Souza et al., 2016; Syed and Weber, 2018;
Torres-Irineo et al., 2021). Furthermore, these methods have been
applied in other fields of science, obtaining similar scores as the more
recent methods, such as neural networks. An example could be Subasi
and Ercelebi (2005) achieving a specificity of 90.1 % with LogR/RidC to
classify if a patient is epileptic or “normal” using electroencephalograph
signals. Likewise, RaFo, GrBo, and XGBo have been applied in the fields
of medicine such as liver cancer and diabetes detection, with promising
results (>80 % accuracies) (Desdhanty and Rustam, 2021; Xu and Wang,
2019). Nonetheless, RNN have been applied to predict phylogenetically
distinct protein families (Liu, 2017), speech recognition (Hori et al.,
2018), and even for learning spatio-temporal sequences (Wang et al.,
2023). Additionally, LSVC and KNei have been successfully applied in
classification for object-based image analysis (Tzotsos and Argialas,
2008). Moreover, the selection of algorithms such as LogR, KNei, LSVC,
and RidC provide a more consistent interpretation of the results contrary
to RF, GrBo, XGBo, and RNN which are known as “black-box” models,
being challenging to understand how the predictions were made.

Nonetheless, a brief description of the methods used is given below,
whereas the mathematical details can be found elsewhere (Farnham
etal., 2021; Pedregosa et al., 2012; Zhang et al., 2023). Note that for this
description, the term ‘label’ was used for points in the training data set,
whereas the term ‘classification’ was used for the predicted classification
of the new observations, i.e., test data set.

Logistic Regression (LogR): is a statistical technique used to deter-
mine the likelihood of an event happening, based on the given input
data. Let’s consider a scenario where we want to determine the proba-
bility of a boat being classified as ‘fishing’ in each coordinate. In LogR,
we utilize a special mathematical function called the sigmoid function to
carry out this calculation. The sigmoid function takes the input data and
transforms it into values ranging from O to 1. These transformed values
represent the probability of the event occurring. For instance, if the
sigmoid function gives a value of 0.8 for a particular point, it means
there is an 80 % chance that the boat is fishing in that point.

Random Forest Classifier (RaFo): In a Random Forest, the algorithm
creates a “forest” of many decision trees. Each decision tree is like a



J. Samarao et al.

flowchart that asks a series of questions about the features of the trip and
eventually assigns it to one of the categories (fishing or not fishing). The
“random” in Random Forest comes from the fact that each decision tree
is slightly different. The algorithm randomly selects a subset of the input
data and a subset of the features for each tree. The final model results of
an assemble of all trees produced. Thus, it creates a diverse set of de-
cision trees that can capture different patterns and reduce overfitting
(making the model too specialized for the training data).

K-Neighbor Classifier (KNei): This algorithm stores all the informa-
tion given in the training data set (labels) and makes the predictions
using only the stored data. This is why it is so-called lazy learning,
because it does not actually ‘learn’ from the data set, and only compares
the new observations with the stored ones. Thus, when a new point from
a trip needs to be classified, the algorithm looks at its neighbouring
points (K nearest neighbours) in the feature space (stored data). More-
over, it calculates the similarity or distance between the new point and
its K nearest neighbours using a distance metric (e.g., Euclidean dis-
tance). The distance metric measures how far apart two points are in the
feature space. The KNei considers the labels of the K’s nearest neigh-
bours and assigns the most frequent label among these to the new point.

Gradient Boosting (GrBo): This method starts with an initial weak
model, often a simple decision tree, and uses this model to make pre-
dictions, which are not very accurate initially. The algorithm then fo-
cuses on the examples where the model performs poorly and tries to
improve on those. It does this by training a new weak model that spe-
cifically targets the mistakes or errors made by the previous model. The
new weak model is trained to predict the difference between the actual
target value and the predictions made by the previous model. This dif-
ference is called the residual error. The algorithm, then adjusts the
weights or parameters of the new model to minimize this residual error.

LinearSVC (LSVC): The algorithm tries to find a straight line (in the
case of 2D) or a hyperplane (in higher dimensions) that best separates
the fishing and non-fishing events (similar to a linear discriminant
analysis). The goal is to find the largest distance from this discriminating
line to the observations of each class, i.e., the margin. The optimal hy-
perplane is found by creating a linear decision boundary that assigns
each point to one of the two classes. It does this by calculating the
weights or coefficients for each feature (x and y in our example) to
determine the position and orientation of the decision boundary. The
algorithm aims to minimize classification errors while maximizing the
margin.

Ridge Classifier (RidC): The algorithm aims to find a linear decision
boundary that best separates the data points into their respective cate-
gories (similar to a logistic regression). The decision boundary is a hy-
perplane that splits the feature space into two regions, one for each
category. The Ridge Classifier uses Ridge regularization, also known as
L2 regularization, during the training process. This regularization
technique adds a penalty term to the model’s objective function, which
encourages smaller and more balanced weights for the features. By
doing so, Ridge regularization helps prevent overfitting and reduces the
sensitivity of the model to noisy or irrelevant features.

XGBoost Classifier (XGBo): or Extreme Gradient Boosting is a
powerful machine learning algorithm that combines multiple weak
predictive models, usually in the form of decision trees. It follows an
additive training process, where each subsequent model focuses on
reducing the errors made by the previous models, similar to Gradient
Boosting.

The key idea behind XGBoost is to gradually enhance the overall
prediction accuracy by training weak models sequentially. During this
training process, it assigns weights or scores to each example based on
their difficulty of prediction. Initially, all examples are given equal
weights. However, as the models are trained, these weights are adjusted
to emphasize examples that are more challenging to classify correctly.
By doing so, XGBoost can effectively learn from the mistakes made in
previous models and improve its predictions. To prevent overfitting, the
model constructs decision trees that are shallow, meaning they have
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only a few levels. Shallow trees are less prone to memorizing noise in the
data and are more generalizable. Additionally, it incorporates various
techniques to regularize the models and prevent them from becoming
overly complex. These techniques include applying penalties for model
complexity and utilizing subsampling of the data, where only a subset of
the examples is used during each iteration.

Recurrent Neural Networks (RNNs): These are a type of artificial
neural network designed to handle sequential data by maintaining
memory of past inputs. RNNs utilize recurrent connections to feed the
output of a neuron back to itself or to other neurons in the network,
allowing it to capture temporal dependencies in the data. Taking into
consideration the current dataset, we have a series of data points with
information about location, speed, and other pertinent variables. Every
sequence denotes a portion of the trip, with every data point signifying a
certain time interval, which depending on whether the boat was seen
fishing during that segment, we assign a label to each sequence. The
RNN’s purpose is to process these data point sequences and identify the
temporal relationships among them. The RNN learns to identify patterns
in the data that point to fishing activity by processing each data point in
the sequence while preserving its internal state.

2.2.

Model optimization was performed in two steps. The first step is the
Random Grid Search whereas an initial grid of the hyperparameters that
would affect the model performance is produced and over a total of five
iterations, the hyperparameters are randomly selected and tested
(Pedregosa, F. et al. 2011). Furthermore, in the second step which is
implemented within the first one, a Cross-Validation procedure will
control overfitting (which concept can be read in Supplement 3). In this
procedure, the data was divided into K-Folds (K = 10), and for a total of
K iterations, K-1 folds are used to train the model and one to validate it,
whereas in each iteration, the folds used to train and validate the model
are changed. As all observations were used in the train set, as in the
validation set, it will assure that the model has most patterns in the data,
and it is not picking up too much of the noise, or in other words, it is low
on bias and variance. The cross-validation was stratified along the
process, which means that all labels were equally characterized and
distributed through the K sets.

4, Variable selection

One of the most important steps in these analyses, is the variable’s
selection, as it is the correlation between the variables that will explain
and distinguish the different events in the fishing trips. Thus, the first
step was to select which variables should be included in the model and
how many. Time was considered as numeric (i.e., seconds) and month
was extracted to incorporate seasonal variability in the analysis. The
speed variable given by the GPS showed a high correspondence to the
one calculated manually, i.e., using the coordinates and the distance
between successive points. Therefore, having in mind, the computer
burden, it was decided to use speed variable given by the GPS directly
and not calculate a new one. Several other variables were tested but not
used in the final models (e.g., depth (GEBCO), distance to the coast,
habitat/sediment type and boat features like engine power) (not
included for brevity), in face of the good results obtained with the
dataset using only the variables given by the GPS, as this would require a
minimum posterior processing. Thus, combinations of two to five vari-
ables were used, including, Latitude, Longitude, Speed, Time, and
Month, giving 26 possible combinations. These were evaluated for all
methods considered expect for the Recurrent Neural Networks.

5. Split train/test and sampling method

For model evaluation, different percentages of the train/test data sets
have been used. As data availability for Small-Scale Fisheries is scarcer
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due to certain regulations not being applied to these fisheries, it is
crucial to observe what is the impact of training models with fewer
observations. Furthermore, the validation data set is often reduced, as
the number of verified boat trips in these types of data sets is typically
low as it relies on on-board observers, which are in short supply.
Therefore, to access how the number of trips influence the models’
performance a range of percentages was considered to train the models,
with the lowest being 10 % (17 trips) and incrementally increasing by 5
% the number of trips until reaching 90 % (153 trips). The process of
training the models was performed five times to obtain a measure of the
associated variability, avoiding any misleading conclusion.

6. Sampling methods

When applying ML methods, the data should be split into a training
and test data sets, by randomly sampling the initial data. For this pro-
cedure, two steps were evaluated, i.e. (i) the way the data is sampled and
(ii) the percentage of training/test on the model’s performance.

Sampling can be done by (1) point, that is randomly selecting a
certain number of points (pings) on all data sets or by (2) boat trip,
where the selection of the training data is done by complete boat trips. It
is expected that if we train the model using random points from various
boat trips, it can be overly optimistic, but this effect has not been
measured yet. All the analysis was done for both situations, i.e., sam-
pling by point or by boat trip, to evaluate its effect on the results.

7. Temporal resolution

There are several devices to monitor the boats (AIS, VMS, GPS)
which dependently of the model and data acquired, provide different
temporal resolutions (10 s, 30 s, 5 min, so on). Thus, it is desirable that
an algorithm keeps its performance despite the interval between pings.
The model performance was evaluated across eight-time intervals, by
resampling the data over regular intervals of 30's, 1, 2, 4, 5, 6, 8, and 10
min. Raw data was mostly every 30 s, but it was not regular, and therefor
was labelled as zero (0) in the figures.

8. Post-processing: number of isolated points replaced and fishing
events detection

Typically, ML methods give scattered results. However, the fisher’s
behaviour is continuous in time during the fishing operation.
Throughout the project, after classifying several boat trips it was
encountered sequences of points that had some misclassified points.
Therefore, a methodology was used to do final refinements consisting of
analysing the predicted values from the models’ and selecting n values to
verify before and after a certain point.

For example, the model predicted a vector x, with k values con-
taining 0’s and 1’s, where 0 means travel activities and 1 fishing activity,
the algorithm will switch between events only

ifXin. 1! =xiand Xi1,. in! = X

(if all points behind and after are different from the current one
—Fig. 2: 1st case)
Or

if Xin,.ic1! = x;and X! = X;

(if all points behind are different and the last point is different
—Fig. 2: 2nd case)
Or

if Xip1, 0! = Xand X! = X;

(if all points after are different and the first point behind is different
-Fig. 2: 3rd case).
where n is the number of points to verify.
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Fig. 2. Schematic representation of the post-processing algorithm used (n = 3).
The first row represents the case of one isolated point (which would then be re-
coded as ‘travel’). The second and third cases detect if after or behind a
sequence of points there is a probability of having a sequence of the opposite
class (if so then x; would then be re-coded as ‘travel’).

If one of the conditions above are matched, then the event is
switched.

After using all the steps presented before, a last assessment was done
based on the number of fishing events retrieved. As the vessels carry
“grey boxes” containing fixed GPSs devices, which are continuously
recording, implying that the transmitter is never off, it was defined that a
fishing trip starts when the boat leaves the harbour and finishes when it
returns, and during this period there might be more than one fishing
event (e.g., more than one hauling/setting events). The number of
fishing events retrieved is therefore another important parameter to be
optimized during the procedure.

To find the number of events during a trip (to apply in not validated
datasets), we applied a time-based filter to the total duration of fishing
events for each fishing method (métier). Essentially, we examined the
time gap between the end of one fishing activity and the start of the next.

To find the number of fishing events in other trips, we developed an
algorithm to detect all fishing sequences. It calculates the time differ-
ence between the last point in one sequence and the first point in the
next, considering a fixed 30-s interval between data points (pings). If this
time difference exceeds a certain threshold, we consider it a separate
fishing event; otherwise, it’s part of the same event. To fine-tune the
value of this threshold, we utilized Python’s SciPy Minimize function
(Virtanen et al., 2020). The objective was to find the optimal threshold
that minimizes the error between the actual number of events and the
number defined by our algorithm. We evaluated thresholds ranging
from 1 to 20 min. The number of fishing events detected by each algo-
rithm was therefore considered as an additional evaluation criterion for
the different machine learning algorithms considered.

3. Results

The results of the six error measures calculated for all models and
both sampling strategies (by point and by boat trip), were highly
correlated between each other (Spearman correlation coefficient > 56 %
for all pairs), as it can be expected by the equations used to calculate
each of them (SUPPLEMENT 1). Nevertheless, cluster analysis identified
three main groups of measures. The first cluster group was composed of
precision (which would represent the percentage of times that fishing
points were assigned as fishing) and specificity. From these two, preci-
sion was selected as it was considered that the correct assignment of the
percentage of positive cases (i.e., when the boat was fishing) was more
important than the negative cases (i.e., when the boat was not fishing).
The second group showed only sensitivity/recall, which represents the
percentage of points of all the true fishing activities that were right
classified, which is a very important measure, and therefore used in
further analysis. The third group included accuracy, AUC, and F1 score.
From these three measures, accuracy was used as it is less correlated
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with the remaining measures. This measure represented the percentage
of correct classification, and it was more straightforward to understand
and most commonly used in previous works. The PCA biplot showed that
the first axes separated the models showing better performances overall
from the remaining ones, i.e., KNei and LSVC method, for both sampling
strategies (Supplement 2). The second axis discriminated sampling
strategy mostly, with sampling by boat trip being overall more related to
higher Precision/Specificity values and sampling by point being more
related to higher Sensitivity/recall and Accuracy/F1-score values. This
indicated that the method used produces higher differences in the out-
comes than the sampling procedure.

All ML algorithms showed excellent performances (>81 % accuracy
using 5 variables) (Fig. 3). Moreover, Recurrent Neural Networks
(RNNs) were tested with the variables Latitude, Longitude, Speed, and
Time only. As these take a long time to optimise to achieve similar re-
sults, we did not test all combination of features. Nonetheless, these
models achieved an impressive accuracy of 96 %, obtaining similar re-
sults to the tree models (Supplement). However, when estimating its
precision only 60 % was obtained, illustrating an overestimation of
fishing activities. Furthermore, sample by point was generally better
then sampling by boat trip, for all methods considered. The methods
showing better performances were Random Forest classifier and XGBo
for sampling by point (accuracies approximately of 99 %), and GrBo for
sampling by boat trip (93 % accuracy), followed also by RaFo (92 %).

Sampling by boat trip had a difference in accuracy of 7.99 % less for
RaFo, 7.71 % less for XGBo, but 2.9 % more for GrBo than sampling by
point (Fig. 3). Therefore, the remaining analysis were done using these
three methods only, RaFo, XGBo and GrBo.

The model that produced worst results was LinearSVC (LSVC), it was
the only model that had performances below 70 %, for both sampling
approaches.

Accuracy increased with the number of variables used in the
modelling procedure, in all cases except KNei, thus, the remaining
models were always produced using the 5 variables (latitude, longitude,
speed, time and month). The improvement due to the inclusion of the
variables varied between 82.65 % and 94.82 % for sampling by point,
and 77.90 % and 91.81 % for sampling by boat, according to the
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methods used (excluding KNei).

The method showing the most similar performance across the
different percentages used to train/test data was RaFo, for sampling by
point (varying between 96.69 % to 99.58 %), whereas for sampling by
boat trip, it was GrBo (varying between 53.69 % to 94.29 %)(Fig. 4). The
change in accuracy of the results from using 10 % of the data for training
the algorithm up to 90 % of the data was below 0.7 % for sampling by
point and 7.9 % for sampling by boat trip. In this last case, sampling by
boat, produced worse results when less than 30 % of the data in the
training set was used. Thus, in the remaining work, all models were
trained using 60 % of the data, for conservative purposes.

Random forest (RaFo) was the method showing higher computation
time, i.e., up to 30 s when 90 % of the data was used for training, fol-
lowed by GrBo and XGBo. Computation time was similar in both sam-
pling strategies (Supplement 4). Comparing the performance score with
the computation time, XGBo had a favourable trade-off as it took a
maximum of approximately six seconds to be trained and reached per-
formances close to 99 % for sample unit by point, and above 90 % for
sample unit by boat. Regarding the optimal model in each approach,
RaFo, despite achieving higher performances, required more computa-
tion time for both training and prediction. GrBo took nearly the same
amount of time as the Random Forest per sample unit by boat, with the
difference from RaFo not being significantly substantial. However, when
considering this time in the context of the total number of observations
(272054), thirty seconds represents a considerable duration.

For the three best models (RaFo, XGBo, and GrBo) the different
temporal resolutions resulted in a change of —1.9 % in accuracy for
sample by point and 1.1 % in sampling by boat trip for ping intervals
between 30 s (raw data, irregular time-series) up to 10 min (regular time
series)(Fig. 5). Fig. 5 illustrates that for sampling by point, the increase
in temporal resolution corresponded to a decreasing tendency in per-
formances, but the opposite was observed for sampling by boat. Re-
sampling over different time resolutions, as it was done in the current
work, implies a decrease in the data variability, which may in part have
caused these observed fluctuations from raw data of 30 s to 10 min
regular data. Because the priority would be to avoid extra data pro-
cessing, the remaining models were applied using the raw data only, as
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the variability associated with each step considered.

Applying a moving average (MA) to ‘speed’ prior to the analysis,
improved the results given by the three best models’ performance for

both sampling procedures, showing a change of accuracy of 0.6-3.39 %,

from using the raw data (zero points used in the MA) up to calculating a

moving average of speed using the 20 neighbouring points (10 min)
(Fig. 6). The patterns observed in the change of performance were
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Fig. 6. Performance of the ML algorithms by applying different moving averages.

similar for both sampling by point and by boat trip. In all cases, the
curves were stable at about 10 points (5 min) used in the speed moving
average, thus, this value was selected for the final model.

After taking into consideration the pre-processing steps that would
produce the best results according to what was previously analysed, the
following figures (Fig. 7 and Fig. 8) illustrate the variance explained by
the predictive models (VEvc) between the real number of events and the
predicted ones, when applying the post-processing algorithm to rectify
isolated points. Also, the figures on the right side of the VEvc show how
many events were overestimated or underestimated by the algorithm.

To determine distinct fishing events, we calculated the minimum
time interval required per métier and trip between two fishing events
and estimated the total number of events after applying the post-

processing algorithm.

These results suggest that RaFo and XGBo for both sample ap-
proaches were the models that produced a better detection of fishing
events within each boat trip. Random Forest had the highest VEvc (0.95)
when replacing isolated points using the two neighbours and XGBo
when using ten (0.78), using sample by point. For sample by boat, RaFo
had presented a higher VEvc by analysing ten neighbours (0.60) and
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Fig. 8. Performance of the application of the post-processing algorithm and representation of the number of events that were overestimated and underestimated with

and without it (sampling unit by boat).

XGBo nine (0.32).

Further, despite most of the methods’ results producing a higher
number of trips that either had overestimated or underestimated events
a higher VEvc suggests that these estimations are mostly wrong by one
or two events.

Moreover, the decisions considered in these series of steps were
compared with the worst-case scenario that could be chosen, in order to
quantify the potential effect of each step (Fig. 9). The three models
illustrated to be affected mostly by the amount of data used to train, by
the variables, and by the post-processing algorithm. The least impactful
steps were the time resolution and the speed moving average. However,
depending on the model these steps could improve the performance by
2 % to 5 %.

The best model in the current case-study was Random Forest Clas-
sifier with sampling by point, using the five variables Latitude, Longi-
tude, MovingAveragelO, Time and Month, with no application of the

XGBoost

time resolution and with a post-processing of 2 isolated points with an

accuracy of 99.07 %.

RaFo emerged as the model with superior performance. Subse-
quently, a final test was conducted to assess the model’s efficacy on
trammel net fishing trips data that the model had never encountered and
a gear that was not part of the training set. The results proved remark-
ably favourable. When using the sampling unit by point, the model
achieved an accuracy of 92.15 %, precision of 86.27 %, and recall of
99.98 %. Meanwhile, employing the sampling unit by boat yielded
corresponding metrics of 92.48 % accuracy, 86.77 % precision, and

98.98 % recall.

4. Discussion

In the current work, we propose a framework of a series of simple
pre- and post-processing procedures to improve the predictions of

Random Forest Grandient Boosting
120 - %)
- el
uo - |t
%0 )
100 - \Ev
00
(] X
Z )
: W 150
L &0
T
=
= ‘) <4 |
= 100 Y
» 30 1 b
o - - - u | .
I 0 0 .—

& & fﬁ f" Z«f@

,;f & {j’f & 0@
& &

\,fd’&"“

f’

Fig. 9. Evaluation of how impactful each selected step was compared with the worst choice that it could have been made.



J. Samarao et al.

machine learning algorithms (ML) to classify fishing boat behaviour,
from tracking data. The framework was illustrated using four case
studies of small-scale fisheries (SSF) operating on the Portuguese coast:
bivalve dredges from three different fishing grounds and octopus pots &
traps. Eight main steps were considered, namely: (1) the error measures
to evaluate the algorithm (based on the confusion matrix), (2) number of
points to be used in the speed moving average (pre-processing), (3) the
algorithm to be used, (4) the number of variables to include in the
model; (5) the percentage used in train/test data, (6) the data sampling
procedure (for test/train split, by point or by boat trip), (7) the temporal
resolution (intervals between consecutive points), (8) number of iso-
lated points to be reclassified (post-processing) and number of fishing
events identified. Using this procedure, the best model for the case
studies was successfully applied to a new different metier (nets), not
used in the algorithm training, to evaluate its performance on new
datasets. It was recommended that for each new metier, these steps are
carried out as a preliminary analysis, before implementing an ML
procedure.

(1) error measures to evaluate the algorithm (based on the confusion
matrix)

To evaluate the models, we statistically selected the metrics accu-
racy, precision, and recall, which are also the most used when the task is
classification (Rodriguez’s work in ICES, 2023; Henriques et al., 2023;
Behivoke et al., 2021; Souza et al., 2016). Accuracy is known to be
biased for unbalanced data, as it is very easy for an algorithm to define
that all the observations are just from one of the classes, thus achieving
values above 80 %, for example. Each metric has its issues, but also
reflect different aspects where the models might be failing. Therefore, it
is recommended to have more than one metric to evaluate the models. In
other works, the same metrics were applied but for the negative class, i.
e. specificity and precision for the negative class (Brandoli et al., 2022;
Souza et al., 2016), however, here we give more emphasis to accurately
estimate the positive class, i.e. when the boat is fishing. To the authors
best knowledge, no previous works analysed which metrics should be
used for model’s comparison. However, we have shown that the best
method changes according to the classification metric used, as different
aspects of the data are being accounted. It is thus crucial to use a good
combination of metrics properly justified. Furthermore, for future
comparation among works, standards on what metrics to use, should be
defined, alternatively.

(2) number of points to be used in speed moving average (pre-
processing)

The fact that speed raw data (either obtained from GPS or AIS) is very
irregular (scattered/conspicuous), showing high variability with
numerous sudden ups and downs, and outlying boats behaviours, evi-
denced the importance of testing the effect of applying a moving average
(rolling mean) to speed prior to the algorithm. The question than arising
is, how many points should be used to calculate this moving average?
We proposed an approach to test the effect of the number of points in
model performance. In our case study, we concluded that from applying
a filter to speed by calculating a moving average using 10 points, would
provide a good compromise between resolution and performance. A
similar approach was used by Behivoke et al. (2021) who advocated the
application of a moving average (MA) implementation using 5-10
points, before applying Random Forest. Those were all included in the
model that had a total of 24 features, reaching accuracies scores of
74-89 %. We did not use more than one moving average to train the
models as the performances were already close to 99 % of accuracy.
Therefore, there was no need to add more complexity to the model.
Future work can include different ways to process the speed variable, as
temporal resolutions differ among works. Taking the previous example,
if the shortest trips last 60 min, and temporal resolution is 10 min, the
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moving average would be applied only to 6 points, which may not make
any sense.

(3) the algorithms to be used

The results of the machine learning algorithms obtained in the cur-
rent work, slightly outperformed the ones found in most previous works,
to the authors best knowledge (e.g., current work 99.07 % accuracy;
94.3 % Julien Rodriguez ICES, 2023; 91 % Mendo et al., 2023; 89 %
Behivoke et al., 2021, 95 % Torres-Irineo et al., 2021; 89 % Jiang, X.,
et al. 2017; 83 % O’Farrell et al., 2017a; 89 % Hu, B. et al. 2016).
Nevertheless, the accuracies reported were all above 80 %, making ML
approaches among the top performing methods, for this type of data.

Within these works, Random Forest was one of the methods showing
higher performances (Mendo et al., 2023, Rufino et al., 2023, Julien
Rodriguez ICES, 2023, Behivoke et al., 2021, O’Farrell et al., 2017a) and
from the statistical methods used the commonest are probably the
Hidden Markov Models (HMM) (Henriques et al., 2023; Marine Insti-
tute, Ireland ICES, 2022; Mendo, 2019; Souza et al., 2016). Moreover,
Rufino et al. (2023), compared the results given by statistical methods
and machine learning and found similar performances between the best
statistical approaches and Random Forest, showing that both alterna-
tives should be considered.

Rodriguez and Danhiez (ICES, 2022) presented the efficacy of five
machine learning algorithms for distinguishing more than 10 fishing
gears and similarly to the current work, XGBoost demonstrated an
impressive accuracy of 94.89 %, positioning it as a robust methodology
for identifying fishing activity, regardless of the gear employed. In
parallel, Rodriguez (ICES, 2023), modelled an algorithm to identify
hauling, setting, and non-fishing activity in vessels operating nets, and
found that Random Forest was the best method with an accuracy of 91.5
% and when integrated with Geo-computation further enhanced
Random Forest’s accuracy to 94.3 %. This aligns with the current work’s
findings, reinforcing that Random Forest remains among the best
methodologies for accurately identifying fishing activities. Furthermore,
this coincides with Farnham et al., 2021, acknowledging that while
Random Forest stands as a powerful and simplistic method, the
increasing popularity and award-winning success of XGBoost in Kaggle
competitions (a platform where machine learning practitioners and data
scientists participate to solve real-world problems by developing and
refining predictive models using provided datasets) highlight its
growing influence. Despite being a slightly less-performing alternative
than Random Forest, XGBoost’s robust performance underscores its
credibility as a viable choice in the classification of fishing behaviour.

Other alternative methodologies have been applied in previous
works to identify fishing activity. Brandoli et al. (2022) explored Con-
ditional Random Fields (CRFs) to discern fishing and non-fishing ac-
tivities within Longines fisheries. By modelling the conditional
probability distribution to fishing activity detection, the authors ach-
ieved 89.2 % accuracy. Despite the novelty of this approach and its
limited availability, the provided GitHub repository with code makes it
an intriguing avenue for future exploration. Data mining approaches
have also been used, namely, Lavielle’s algorithm, achieving accuracies
of 83 %, which fell slightly behind the current work’s performance
(Souza et al., 2016). Notably, some vessels in those studies represented
Large-Scale Fisheries (LSF), prompting the need for future validation of
this methodology on high resolution SSF tracking.

Machine Learning showed a high performance to identify fishing
activity, namely when using RaFo and XGBo which gave the best results.
These are not complex methodologies and are available for everyone
through Python sckitlearn (and in R, TidyModels), not requiring high
computational resources. Yet alternative methods should be considered
and evaluated also. In the current work we have tested Recurrent Neural
networks which allow to analyse sequences (but were not equally suc-
cessfully, as these were overestimating fishing activities), and in the
future can be used to discriminate patterns between gears and fishing
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behaviours without losing the temporal information. These were also
applied in previous works (Jiang et al., 2017). However, this type of
analysis can take a lot of resources to optimise, without achieving higher
performances than the ones currently obtained with simpler methods in
the current work. Furthermore, this work focuses on improving the ML
results by modelling the data itself with pre- or post-processing steps.
Therefore, for the sake of reproducibility, these models were not
considered for further optimization. Future works can incorporate other
more sophisticated methods into the framework proposed.

(4) the number of variables to include within the model

There are several variables to potentially consider when applying ML
algorithms to estimate fishing effort. Within the methods used the ac-
curacy varied between 1 and 20 % when changing the number of vari-
ables from 2 to 5, with the models using 4 and 5 variables showing
higher performances. However, the importance of the variables can vary
between different metiers, and so, this aspect should be always evalu-
ated in future works.

In our case studies, the speed variable contributed with a percentage
of 74.54 % to accurately distinguish fishing events from non-fishing
events. Similar results were obtained in previous works, highlighting
the importance of speed in the classification (Marine Institute, Ireland
ICES, 2022; Behivoke et al., 2021; O’Farrell, Shay et al. 2017; Souza
et al.,, 2016; Hu et al., 2016). These works demonstrated that despite
using different combination of variables, speed and time were always
the most important variables to define fishing related activities. How-
ever, speed and time by themselves are not reliable enough to identify
fishing activity, with less than 90 % accuracy in the current work which
is in agreement with Behivoke et al. (2021), who demonstrated that a
threshold based on speed only, achieved accuracies between 66 %-89 %.
This might happen as for some fisheries the movement of setting the gear
in the ocean is unpredictable and may have similar behaviours as non-
fishing activities.

Furthermore, according to the method used, different types of vari-
ables can change and improve the algorithms’ performance, such as
differential coordinates (Hu et al., 2016, 89.2 % accuracy) and ocean-
ographic variables (Sea Surface Temperature and bathymetry - Torres-
Irineo et al., 2021, 95 % specificity). However, depending on the me-
tiers, these variables might not be important. For example, in the current
work variables such as bathymetry and distance to the coast did not
strongly influence the algorithm performance (not included for brevity),
probably due to the fishery operating very near coast. For any Metier,
the variables to be used in the modelling process should always be
evaluated previously. Oceanographic features, can strongly influence
the target species distribution, thus are indirectly related to the fishing
activity. Nevertheless, relying on external features may be more
adequate for building a global model that could be used in other regions.
Yet, it requires high-resolution oceanographic data availability, which is
scarce in most coastal areas (<100 m depth) where typically SSF
operate.

(5) the percentage of train/test data

There are not many publications that cover how different algorithms’
performance in foretelling fishing activity is affected by the percentage
of training/test data. One may believe that to implement the best model,
there is always a requirement for a vast amount of data. However, there
are situations when the explanatory power of the variables used to train
the models is enough to reveal the underlying trends in the data.
Therefore, having less data is not always a bad omen. This study
examined how the models would perform from 10 % of the data to 90 %
of the data, attaining accuracy levels of 80 % to 99 %. As for an oper-
ationalization of the models, models might be trained with 90 % of the
data, tested with de remaining 10 % of the validation data and then,
applied to the rest of the non-validated dataset (i.e., all fishing trips),
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thus it is essential to make this evaluation. The current work demon-
strated that independently of the percentage of the training set and with
the variables used, it is possible to achieve high performances. However,
it is essential to always check for overfitting, which is very common, by
implementing techniques as cross-validation, hyperparameter optimi-
zation, and regularization (Farnham et al., 2021; Zhang et al., 2023).

Brandoli et al. (2022) conducted a comparable evaluation, analysing
various regression models to estimate catch per unit effort (CPUE).
Among these approaches, Random Forest showed a logarithmic curve,
achieving accuracies near 94 %. The performance evolution of this
model resembled that observed in the present work. The authors also
employed Gradient Boosting and XGBoost, both exhibiting similar be-
haviours to the performances observed in our study. Other algorithms,
including Multi-Layer Perceptrons and Catboost, were tested, and a
consistent pattern emerged across all - increasing the data used for
model training led to improved performance. However, some models
used by Brandoli et al. (2022) displayed a tendency to overfit, in contrast
to our findings.

Despite increasing tendencies on the performance by incrementing
the percentage of observations in the training dataset, it is noteworthy to
mention that it depends on the case-study. In a similar work with cancer
cells, comparing RaFo and XGBo results along different training/test
size, Desdhanty and Rustam (2021) reported that the performances
oscillated between 10 %-90 %, achieving a better score using 60 % of
the data to train the model.

In addition to analysing the impact of the amount of data required for
a model to perform well, it is crucial to keep in mind that onboard ob-
servers are very expensive and typically only cover a small portion of the
fleet, whereas logbooks are created by fishermen and their quality de-
pends on their willingness to accurately record every significant aspect
of the fishing activity, which is not always the case. Therefore, studies
such as Rufino et al. (2023) where a framework is provided to manually
(expert based) validate boat trips could be used to increase or create a
validated dataset. Furthermore, as mentioned by May Petry et al.
(2020), new advanced tools such as Generative Adversarial Networks
could be used to synthesize new behaviour data to compensate for the
lack of validated data in some cases in future works.

(6) sampling methods (by point or by boat trip)

A desirable algorithm should have high performances, whether its
task is to classify boat trips segments or random points of a boat trip. The
current work explores two types of approaches: data sampling by point
and by boat trip. Some works that implemented Hidden Markov Models
(HMMs) cite that trip segments were used as sample unit which implies a
similar approach to the one used when training RNNs (Marine Institute,
Ireland ICES, 2022; Souza et al., 2016). Similar to the current work,
Henriques et al. (2023) used the sample unit by boat trip approach to
train the models, with the objective of classifying each point into one of
the four different underlying hidden states of a fishing trip (steaming,
deployment, hauling, and slow navigation) reaching accuracies above
90 %. These results are similar to the ones obtained in the current study
(approximately 96 %).

In the current work, both sampling approaches showed a high score,
however, these provide scattered classifications by the ML algorithms.
The models could benefit from a different sampling strategy to avoid
these results, such as sampling by segment. In this case, all the points
within the segment would be classified as the labelled segmented given
the segment classification, as opposed to labeling the data by point.
Future works should attest this hypothesis and further evaluate the
optimal segment length.

(7) the temporal resolution (intervals between consecutive points)

For broad applicability across various scenarios such as different
gears, fisheries, and locations, the chosen method must exhibit
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consistent performance across diverse temporal resolutions. The neces-
sary temporal resolution, defined by the time interval between succes-
sive location points, holds significance, particularly concerning the
examination of shorter trips. For example, if the shorted trips last 60
min, and temporal resolution is 10 min, methods need to work with only
6 points, which would be hardly feasible in most statistical approaches.
This, however, is an advantage to ML methods which do not require a
minimum number of points to work, in spite of most cases the algorithms
tend to underfit (Supplement 3), and some authors recommend that they
should only be applicable in situations with thousands of cases (Farn-
ham, B. etal., 2021; Zhang et al., 2023). While sampling by point did not
exhibit improvement with increasing temporal resolution, XGBoost
showcased enhanced performance with a higher ping rate, achieving an
accuracy of approximately 98 %. In contrast, Gradient Boosting (GrBo)
excelled with increased ping rates for sampling by boat, attaining an
accuracy of around 94 %. Although GrBo outperformed in the sampling-
by-boat approach, XGBoost still achieved an impressive accuracy of
about 93 %. Nevertheless, Random Forest and GrBo produced the
greatest results when sampling by point and boat, respectively, using
lesser ping rates (30 s, 1 min, and 1:30 min).

Behivoke et al. (2021) utilized GPS devices, inferring regular 60-s
intervals, and achieved accuracy scores of 74-89 % with Random For-
est. Conversely, other studies employing the same device had larger
intervals, ranging from 1 to 10 min (Marine Institute, Ireland ICES,
2022). Additionally, investigations conducted by DTU Aqua (ICES,
2022) involved information provided in 10-s intervals through EM
validation. Although these latter works do not furnish specific results,
the present project serves to exemplify the potential efficacy of the
developed algorithms across diverse temporal resolutions. Henriques
et al. (2023) reconstruct fishing tracks to have a timely consistence of
datapoints, using an algorithm that relies on the Catmull-Rom
approach, a modification of the hermit cubic spline algorithm. This
interpolation was used to generate data points at 1-min intervals,
achieving accuracies above 90 %, reinforcing the use of lesser ping rates.

The findings in this study align with the observations of Mendo
(2019), supporting that 1-min intervals prove to be the most effective for
identifying fishing events. Similarly, Julien Rodriguez, in ICES (2023),
reinforces this idea, specifically to distinguish complete hauling and
setting operations and compute accurate metrics for passive gears such
as soak time and net lengths, a 1-min interval is optimal for small-scale
fisheries (SSFs), while vessels over 15 m benefit from a slightly longer 2-
min interval. This concurrence suggests that lower temporal resolutions,
such as 1-min intervals, consistently yield better results in the identifi-
cation of fishing activities.

Moreover, O’Farrell et al. (2017a, 2017b) provides an alternative for
shorter trips or trips with hourly ping rates. The authors tested the
performance of RaFo by exploring labelling the tracks by point and by
window. For the first approach, an accuracy of 66 % was obtained. The
authors cite that by point it may exhibit inconsistency in instances of the
shorter trip durations, as there is no guarantee that a ping was recorded
when the gear is deployed, consequently losing temporal information
concerning to the initiation of fishing activities. Further, the second
labelling methodology was proposed as a possibility to overcome this
issue, whereas a window algorithm was implemented to define a record
as fishing if the gears were deployed at any time during the hourly ping
window surrounding that ping. By applying this procedure, it increased
the balanced accuracy by 17 % (83 %). The authors provided an inter-
esting alternative for larger temporal intervals but confirming that
smaller intervals would be more effective for detecting fishing activity.

Nevertheless, there is a crucial requirement for a model capable of
handling a diverse array of temporal resolutions. Despite the great
performance obtained by the machine learning algorithm through the
different temporal intervals, subsequent research endeavours should
focus on analysing an algorithm with the capability to distinguish be-
tween fishing and non-fishing activities irrespective of the temporal
resolution employed.
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(8) number of isolated points to reclassify (post-processing) and
number of fishing events classified

Moreover, tracking data can potentially profit from the time series
structure, as well as the spatial features within the data to avoid sparse
classifications, as demonstrated in the current work. ML algorithms were
able to classify fishing activity with high accuracies but give scattered
results with many isolated points misclassified. However, these mis-
classified points are determinant when discriminating between fishing
events or mapping fishing activity. Future works should explore algo-
rithms specifically developed for time series data as an alternative to
avoid these issues as illustrated by Jiang, X., et al. (2017) who have
implemented Recurrent Neural Networks with an accuracy of 89 %.

Besides evaluating the steps applied to the data before choosing and
optimise the machine learning models, in the current work, we propose
a post-processing approach to be also evaluated in the procedure, also.
ML methods do not recognise that fishing trips are continuous time se-
ries, which makes the algorithms classify some isolated points as non-
fishing during fishing periods, and the opposite. These points can be
mathematically changed after the algorithm classification. In this case,
we changed these points based on its neighbor’s classification, revealing
that the optimal number of neighbours to analyse would be two (the two
points before and after). Henriques et al. (2023), proposed a similar
approach to decrease the false positives, where these isolated datapoints
would be labelled as the same state of the previous and next datapoints,
if there were up to two different labelled datapoints from the previous
and succeeding five datapoints. However, the improvements of applying
this post-processing procedure were not reported in the author’s work,
neither it’s number optimized. Souza et al. (2016), reduced the false
positives (non-fishing points considered fishing activities) using two
algorithms combined, namely, First-Passage Time algorithm (FPT) and
Utilization Distribution algorithm (UD). The first algorithm tries to find
areas where the patterns appear in a trajectory and the second one uses a
kernel method clustering algorithm in the coordinate parameters.
Applying these post-processing approaches offered an extra 1 % to 2 %
accuracy improvement and a reduction of non-fishing activity false
alarm comparing to the expert labels. These results are very similar to
what was achieved to detect the number of events, whereas the meth-
odology used improved the variance explained by the model (VEvc) in
2.5 % (0.9307 to 0.9549). The algorithms tested by the former author’s
seems promising, yet the methodology proposed offered similar im-
provements than these combined algorithms.

After reducing the isolated points on classified boat tracks, it was
evaluated the number of fishing events estimated in individual trips, as a
measure to decide which algorithm would be more adequate. In the
current work, we identified those by applying a temporal threshold
between fishing events estimated a priori, which was evaluated as we
were optimising the post-processing procedure, and thus, obtaining the
same VEvc score of 0.95. However, this methodology may not be the
most optimal solution as it depends on the isolated points removed in the
previous step and if all the points were well classified by the ML algo-
rithm. Nonetheless, Random Forest, which was the algorithm with the
most events identified, had only 19 events misidentified (two under-
estimated and seventeen overestimated) and it is noteworthy mention
that a higher VEvc indicates that the number of events that were
underestimated or overestimated, most were by one or two events.

Subsequent efforts should aim to refine the distinction between
various fishing events, rather than relying on thresholds, which can vary
significantly for each métier (zone and gear) and trip, a more effective
approach could involve the implementation of machine learning, neural
networks algorithms, or statistical methods to enhance the detection of
these events or even changing the sampling strategy as it was mentioned
previously. Moreover, Burgos et al. (2013) estimated how many hauls
per vessel were being carried, which can directly provide an estimation
of the number of events occurred in a single trip. The authors’ predicted
a number of hauls of 479, underestimating by 19 hauls the real number
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of hauls (498). The authors’ algorithm, based on consecutive records,
defined a haul when no speed increase beyond 4 knots lasting more than
6 min was observed, with records filtered to exclude speeds exceeding 4
knots. If the time interval between records exceeded 6 min, it signaled
the end of a haul, with the subsequent series of records indicating the
start of a new haul. The methodology proposed by Burgos et al. (2013) is
interesting but requires experts of each fishery to provide their feedback
on these events; however, in the case of a model that predicts the fishing
activity independently of the gear used, this methodology might not be
feasible. Julien Rodriguez, ICES (2023) and Henriques et al. (2023)
implemented a methodology that distinguish hauling, setting, and non-
fishing activities for static gears (e.g., nets and pots & traps). The au-
thor’s work allows to indirectly estimate how many fishing events are
occurring on one single trip as they classify hauling and setting events.
However, there is no reports about estimating the number of events as
we did in the current work. The author’s work had accuracies above 90
%, which suggests that the identification of the number of fishing events
could potentially have similar results to the ones achieved in this work.

(9) global considerations and conclusions

Considering all the options mentioned that were optimized using the
proposed procedure, in the current case study the best model was
Random Forest Classifier with all variables included (Latitude, Longi-
tude, Speed, Time, and Months) without changing the temporal reso-
lution and smoothing the speed information by applying a moving
average of ten points. Besides these pre-processing steps, an additional
post-processing algorithm is included to rectify isolated points. Further,
it was decided that we should use the sample unit by boat, as the sample
unit by point can be optimistic, because instead of using the full trips to
train the models it uses random points from different trips, which is
unrealistic for the type of data that we are working with (time-series).

Further work is required to test the methodology implemented in
other fisheries and zones with more detail, which should be possible to
do with an improved EU based data example.

One of the issues of using ML methods, is that the model may need to
be trained for a new dataset if there are big differences between the
original data that was used to train the model. Therefore, it might be
hard to apply these algorithms. This could be a weakness of the methods
scrutinized in the current work, especially as the coordinates that were
used in the model, vary with the fishing grounds of each country.
However, the model is adequate to handle a considerable amount of data
as it was shown in Supplement 4. RaFo took less than 30 s to be trained
on 90 % of the data and XGBoost less than 10 s. Nonetheless, to get an
appropriate estimation of the algorithm scalability we should model the
time, noting that it is not a simple proportion, but a more complex
relationship between the number of observations, variables, and the
number of parameters to be optimized. Regardless, it can be expected
that for one million observations, that RaFo would take approximately
122 s to be trained on this amount of data and even less for XGBo, less
than 3 s to predict more than 200,000 observations (Supplement 4).
Aside from the machine learning modelling, all the steps evaluated (pre
and post processing) also did not consume substantial computational
resources, which makes this framework adequate to be implemented in
larger datasets.

Therefore, this makes the framework suitable to apply in another
regions, independently of the temporal resolution, métier, and tracking
device. However, regarding the tracking devices, it is important to refer
that AIS devices can comprise the fishermen privacy as the AIS system
will leave the data available for everyone to access and buy it (a detailed
comparison of tracking systems can be found in Quincoces, 2021). In
contrast, when the vessels carry GNSS devices, only the company
authorized to monitor these vessels has the ownership of the data.

Nonetheless, the use of coordinates as explanatory variables, might
make it challenging to apply these modes in other regions, it worked
well in other metiers not found in the training dataset, operating within
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the studies areas, as it was illustrated at the end of the results section.

Our findings strengthen that boat track devices, combined with
expert validation, would improve the reliability of fishing efforts in-
dicators in small-scale fisheries in Portugal, and contribute to more
efficient management. Identical results were found in the several studies
already cited along the paper.

Additionally, taking into consideration the inclusion of socio-
economic factors to our modelling framework may provide a more
thorough comprehension of the dynamics of fishing effort. Important
factors influencing fishing behaviour include variables like fuel prices,
vessel capacity, fish market prices, and fishing regulations. This infor-
mation can be obtained from different sources such as landing profiles
(species caught information - weight in kg and price per kg) or in the
European Fleet Registry (for boats characteristics). By including these
socioeconomic factors in our analysis, we may be able to better under-
stand the regulatory pressures and financial incentives that drive fishing
activity.

Souza et al. (2016) employed different algorithms for various gears,
indicating significant diversity between gears and the distinct behav-
iours of each métier. In future research, it is essential to analyse the
performance of creating individual models for each gear or métier and
compare these results with a generalized model trained using all gears
available in the dataset, as implemented in the current work.

Another essential aspect to consider is that our algorithm was only
trained with data from 2017, and over the years changes related to the
fishing habits, or even in the oceans could make the location of the ac-
tivities change, for example. This issue could bring future mis-
classifications within our model, that only has data from 2017.
Therefore, along the years we should search for a data drift that would
indicate us that the model needs to be re-trained or use techniques such
as online learning, so the model readjusts its parameters as new input
variables arrive.

Finally, the estimation of soaking time was not considered. However,
there are a few works that have been developed to estimate it (Henriques
et al., 2023; Mendo et al., 2023). These authors were able to efficiently
match setting events to hauling events and, therefore, estimate the
soaking time (R-squared >90 % and accuracy >90 %, respectively).
Nevertheless, future work should include testing different approaches
from the ones used in these works (Buffers, time restrictions, and expert
validation and Hidden Markov Model, respectively), such as neural
networks or machine learning techniques, as it could be more efficient
and less computationally expensive.

5. Conclusions

In this work, we develop a framework with a series of simple
sequential steps that can improve the power of machine learning algo-
rithms classification predictions, to estimate fishing effort from vessel’s
tracking data. The selection a better model, involved choosing the most
promising options from each section based on their superior perfor-
mances. To illustrate the procedure, we applied it to three case studies in
Portuguese Small-Scale Fisheries fleets. The framework proposed do not
imply a large computational burden.

The application of a moving average to boat speed, using 10 values
was optimal, improving the model’s performance by 0.6-3.39 % in ac-
curacy. In our case study, with 4-5 variables only, namely latitude,
longitude, speed, time, and/or months, most of the tested models
reached high-performance scores, close or above 90 % when using both
samplings by point and by boat trip. Even with only 10 % of the ob-
servations used to train the algorithm, the performance scores exceeded
95 % for sampling by point and surpassed 80 % for sampling by boat
trip. Furthermore, using >60 % of the data for model training did not
substantially enhance performance. Models achieved good perfor-
mances using 30 s up to 10 min temporal resolution, and the decrease of
time interval improved the model when sampling by boat was used, but
decrease when using sample by point. As post-processing, replacing
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single values by the two closest neighbours of a point, improved the
estimation of the number of fishing events.

In the current project this model could reach an accuracy of 99.07 %
when predicting if a boat was fishing or non-fishing, and a VEvc of 0.95
when estimating the number of fishing events in a boat trip through this
sequential simple steps. Therefore, we conclude that the framework
proposed should be used in all boat’s tracking data analysis using ML
methods to classify fishers’ behaviour.
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