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Highlights

Identifying potential purse seiner operations using machine learning and surveillance data

Relevant predictors of fishing operations are vessel speed, operation time, and instantaneous speed
The random forest (RF) algorithm performed best to detect the fishing operations

Simplest visualisation of fish distribution was allocation of catch landing equally to fishing position
CPUE distribution derived from the reallocated catch to the RF’s predicted fishing positions



ABSTRACT

Rapid and accurate data gathering on fish catches and the geographical distribution of fishing activities is
essential in fish stock assessments and fisheries management. Surveillance systems like the Vessel
Monitoring System (VMS) have become popular globally, providing accurate data on fishing activities and fish
abundance in near real-time. Our study demonstrates a procedure to find the best method in machine learning
algorithms for detecting fishing operations from surveillance data. VMS data of 3,237 trips conducted by 91
purse seiners targeting short mackerel (Rastrelliger brachysoma) in Thai waters of the Andaman Sea during
2020 were used for the study. Twenty-five spatiotemporal, environmental, and fisheries-related parameters
were investigated as predictors to detect and map the fishing activity. Eight algorithms were used to compare
the model performance using cross-validation. The total catch per trip was reallocated to the predicted fishing
locations of the trip from the best algorithms to depict the fishing ground. The results show that operation time
and vessel speed are essential elements for determining the fishing operation of purse seiners. The most-
relevant predictors are the calculated speed, operation time, and instantaneous speed. The Random Forest
(RF) algorithm performed the best, with 86% accuracy, and therefore was used as the final model to detect
the fishing operations. However, all reallocation approaches performed similarly well in depicting fish
distribution. The allocation of catch data equally to the fishing position is recommended since it is the most
straightforward technique. In contrast, reallocation catch using the RF algorithm prediction ratio for visualising
the CPUE distribution achieved the best performance (with a slope of 1) compared with the training data. This
study provides the first decent procedures for using surveillance information to detect and identify the
prospective fishing operation of purse seiners—an approach that allows for a better understanding of short
mackerel distribution. The proposed procedures should help with time—area-based management of intensively

exploited migratory fish species, which requires rapid and accurate information.
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1. Introduction

Rapid and accurate determination of the geographical distribution of fish and diverse fishing activities is
essential in fish stock assessments and fisheries management, especially for an area-based approach
(Effrosynidis et al., 2020; Hamel et al., 2018; McCluskey and Lewison, 2008). Area—time fishing restrictions
have become an essential fisheries management tool and are receiving increasing attention. This method aims
to determine hotspots for target species (Garcia et al., 2014; Su et al., 2020; Thorson et al., 2019) to protect
depleted stocks during the rebuilding phase of fisheries (Cochrane and Garcia, 2009; Effrosynidis et al., 2020;
Palmer and Demarest, 2018), thereby reducing the risk of uncertainty to avoid overexploitation (Cochrane and
Garcia, 2009; Sumaila, 1998). The method works effectively only when the area closure is appropriately
constructed, including the location, size, and shape of the reserve area for habitats of the target species
(Behivoke et al., 2021; McCluskey and Lewison, 2008; Sumaila, 1998). Closures are frequently designed as
static measures and do not adapt to fish migration (Smith et al., 2021). Consequently, rapid and ongoing
technological advancements in real-time estimations of fish distribution need to be applied to fisheries
management, particularly for threatened species (Kraak et al., 2014).

The short mackerel Rastrelliger brachysoma (Bleeker, 1851) is a tropical epipelagic fish that forms
enormous schools throughout tropical and subtropical waters of the Indo-West Pacific, from the Red Sea east
to the Andaman Sea (Collette and Nauen, 1983; Koolkalya et al., 2020). This species is one of the most-
captured marine species in Southeast Asia, accounting for 2.13% (300,990 Metric tons) of the region’s total
marine capture fisheries production in 2009 (Kongseng et al., 2020; SEAFDEC, 2011), but the stock has
declined dramatically in the last 10 years (SEAFDEC, 2022).

The coastal zone of Thailand on the Andaman Sea is an essential ecosystem for short mackerel. However,
between 1995 and 2006, Thailand’s mackerel production gradually decreased by 46% from the average yield
(Fisheries Development Policy and Planning Division, 2021). Most fisheries management systems, including
short mackerel management in Thailand, rely on a combination of regulatory measures to achieve the desired
objectives (Holland, 2003). Since the seasonal closure was carried out for five years, the data for annual
catches have remained unchanged. Various influences can contribute to inadequate supervision, including
uncertainty of fish stock migration and overlarge management areas considered only on an annual cycle
(Kraak et al., 2014).

Assessment techniques and data-collection programs are frequently inadequate for determining the
expected outcomes from various management initiatives (Holland, 2003). In accordance with the current state
of the short mackerel, updating the structure of the conserved area or adopting dynamic closure should be
considered. Real-time closure (RTC), a fishing management measure that adjusts the closure areas based on
the most recent information, should be appropriate considering the high uncertainty about the species’
migration (Munehara et al., 2021a, 2021b).

In order to study the dynamics of fishing activity and fish abundance through time and space, the satellite
data obtained by the Vessel Monitoring System (VMS) can be used to designate fishing grounds (Gerritsen
and Lordan, 2011; Zhang et al., 2021), measure fishing activities in benthic habitats, explore fisher activity
(Bastardie et al., 2010; Behivoke et al., 2021) in near real-time (De Souza et al., 2016; Zhang et al., 2021),
and eventually applied to enhance fisheries management (Kraak et al., 2014; Murray et al., 2013). Thailand

has had a VMS system in place since 2015 to monitor the compliance of commercial fishing vessels with the



fisheries laws, a relatively new development. VMS data are increasingly accessible for scientific purposes in
recent years, though using the data requires pre-processing because of legal and confidentiality requirements.

The VMS reports the vessel position without classifying the activity; therefore, it is necessary to identify
the activities before using this data. The most typical method for determining fishing positions from VMS data
is a filtering approach based on vessel speed, operating time, turning angles (Bez et al., 2011), or employs a
Bayesian hidden Markov model (Brosset et al., 2017; Nevarez-Martnez et al., 2001; Zhang et al., 2021).
Nevertheless, it is also appropriate for vessels using fishing gear with a noticeable variation in speed and a
sufficient operating period, such as a trawler (Gerritsen and Lordan, 2011). According to our research, purse
seines are the primary fishing gear used in the short mackerel fishery, with a short operating time of 1 to 3
hours (De Souza et al., 2016; Zhang et al., 2021). However, whether a single parameter can be used to
characterise fishing activity, such as vessel speed (Behivoke et al., 2021; De Souza et al., 2016), is still
debatable. Since fishing operations may correlate to other parameters, including operation time, season,
fishing duration, and vessel size, they may be utilised as a parameter for improved accuracy (Watson and
Haynie, 2016).

Machine learning is an essential but developing technology, quickly gaining popularity (Musa et al., 2020).
It is described as the algorithms and computational techniques for learning information from data without
preparing equations and explicit instructions, enhancing model performance for classification and prediction
(Muhling et al., 2020). The prediction has required predictors or independent variables as a property of an item
that may be measured and analysed. Machine learning has been applied to determine species distributions
and fishing detection. Applied algorithms were random forest (Baba and Matsuishi, 2015; Behivoke et al.,
2021; Marzuki et al., 2018; Rodriguez-Galiano et al., 2015), regression tree, support vector machine (Marzuki
et al.,, 2018; Rodriguez-Galiano et al., 2015), logistic regression (Watson and Haynie, 2016), and neural
network (Muhling et al., 2020). Moreover, machine learning would provide a more appropriate and
generalisable vessel analysis framework (Behivoke et al., 2021). This study explored VMS information in
compliance with additional surveillance data, such as landing data, fishing logbooks, and fishing trip reports,
as a predictor to improve the prediction of purse-seine operations, though limitations emanate from the short
duration of this fishing method and the VMS data-transmission gap.

A prior study determined fish distribution by combining trawler landing data with fishing operations and
assigning it on a rectangular grid scale (Gerritsen and Lordan, 2011; Palmer and Wigley, 2009). Similarly, we
used existing data on Thai purse-seiner behaviour, which differs between vessels in terms of the number of
operations on each trip, the length of the fishing trip, and other factors. In order to achieve an appropriate
estimate of fishing effort and fish abundance distribution, catch allocation should be validated by integrating
the fishing positions and landing data.

This study aimed to explore and validate a procedure to find the most appropriate method for integrating
VMS positions and landing data to provide real-time fishing ground information using various predictors and
machine learning algorithms. This approach could be applied to similar datasets to provide the spatiotemporal
distribution of CPUE as a fish abundance index for stock monitoring and management guidance.

2. Materials and methods
This study used data from the purse seine fishery for short mackerel operating in the Andaman Sea,

Thailand, in 2020. We described the source of the dataset and performed preliminary processing of data from



fisheries surveillance, which included Vessel Monitoring System (VMS) tracking information, date and time of
the fishing trip record, fishing logbooks, and landing declaration information (Supplementary text 1; Table 1).
All fishing surveillance data generate several predictors, including environmental, spatial, temporal, and
fisheries predictors. The prediction algorithm’s performance was then evaluated. Predicted fishing positions
obtained from the best model detection were combined with catch data to reallocate and estimate short
mackerel distribution. The validity of various fish allocation methods was evaluated to select the optimal
distribution map (Fig. 1).
2.1. Fishing activities of short mackerel purse seiners

Purse seine nets are roughly rectangular and without a specific bag and are placed vertically in the water
to surround a school of pelagic fish. Several methods are used to find or aggregate the fish schools on the
same vessel. Fish aggregating devices (FADs) and light luring vessels are employed to aggregate the free-
swimming schools at night, while sonar or echo sounding may be used both day and night. When fish schools
are found or aggregated, the purse seine is deployed to surround the schools. Once the net is completely
closed, a capstan pulls the purse line powered by the main engine while the net is hauled by hand on both
sides of the boat. Thai purse seiners target short mackerel or mixed fish schools composed mainly of
mackerels, sardines, scads, and neritic tunas (Southeast Asian Fisheries Development Center, 2004).

According to previous research on purse-seine fishing for similar species, the vessel speed of fishing
corresponds to low-speed transiting and high-speed seine operation. For schools of tuna-like species, the
purse seine is moved at high speed, around 10 knots, to avoid fish escaping (Bez et al., 2011; De Souza et
al., 2016; Zhang et al., 2021). A seine operation starts when the net surrounds a fish school and ends once
the net is pulled out of the water. The length of the operation might extend from an hour to several hours,
depending on the potential catch. During collecting fish from the water, seiners remain more or less stationary,
typically moving at a very slow speed of approximately 2.5 knots or less (De Souza et al., 2016; Zhang et al.,
2021). Based on this information, the most significant aspect of purse-seine activities is time (day or night) and
vessel speed.
2.2. Data source

VMS data of purse seiners (at least 30 gross tonnages) operating in the Andaman Sea were gathered with
the permission of 'Thailand’s Department of Fisheries (DoF). Vessel position (latitude, longitude), date, time,
and the instantaneous speed of the individual vessel are provided every hour. The trip records, including the
date and time each vessel departed and returned to port, as well as the duration of each trip, were provided
by the 'DoF’s Port In—Port Out (PIPO) centers. VMS data were integrated with the fishing trip records for the
short mackerel purse seine fishery to minimise the enormous VMS dataset. Based on the landing data, short
mackerel caught on each trip of the individual vessel were assigned to the VMS dataset using fishing trip
numbers. All vessel tracks were identified and labelled fishing or non-fishing by the fishing logbook, which
provided the date, time, and vessel position (latitude, longitude) at the beginning of the fishing operation (start
of lowering the net into the water). Approximately 20% of fishing logbooks were selected and used as labelled
datasets to create a machine learning and validate models (Supplementary text 1; Table 1).
2.3. Predictors preparation

2.3.1. Environmental predictors



Three predictors were chosen for this study based on characteristics that impact fish distribution
(Supplementary Table S1). The data on sea surface temperature (SST) and chlorophyll-a concentration were
retrieved daily with 0.03° resolution, and the blank values were filled by inverse distance weighted interpolation
(Kusuma et al., 2018). Eight-day composites with overlapping sampling were employed to minimise the
observation loss caused by cloud cover (Muhling et al., 2020). The bathymetry was extracted with 0.03°
resolution. All extraction of environmental information was obtained using the Raster package in R (Robert
and van Etten, 2012).

2.3.2. Spatial predictors

The VMS data primarily offered three spatial predictors: distance from the coast, latitude, and longitude
(Supplementary Table S1) (Watson et al., 2018; Zintzen et al., 2017). The distance from the coast of each
VMS position was computed using the serial capabilities provided by the code accessible in Pedregosa et al.
(2011) based on the nearest proximity to the coastline. The vessel positions (latitude and longitude) were
obtained from VMS every hour.
2.3.3. Temporal predictors

VMS data were used to generate five temporal predictors (De Souza et al., 2016): date, date in year,
month, hour, and operation time (day/night) (Supplementary Table S1). The operation time was categorised
as daytime or nighttime, beginning at 06:00 and 18:00, respectively.

2.3.4. Fisheries predictors

Fourteen fisheries predictors were derived from the instantaneous vessel speed, calculated speed
(distance between two consecutive positions), vessel size/length, number of fishing days, and the ratio of
target catch to total landing (Supplementary Table S1). To identify diverse forms of vessel behaviour, the
standard deviation and mean of the instantaneous speed, as well as the calculated speed, were determined
from three consecutive VMS positions (Chuaysi and Kiattisin, 2020). Changes in instantaneous speed
(ASpeedcurr—1, ASpeedcurr+1) and calculated speed (ACalculated speedcur-1) were also provided to detect the
distinct behaviour of a vessel (Chuaysi and Kiattisin, 2020; Watson et al., 2018; Watson and Haynie, 2016).
2.4. Machine learning for detection of purse seiner fishing

In order to classify fishing operations, eight algorithms were employed: Random Forest (RF), Gradient
Boosting Classifier (GB), AdaBoost Classifier (AB), Decision Tree (DT), Logistic Regression (LR), Multi-layer
Perceptron Classifier (ML), Gaussian Naive Bayes (GN), and K-Neighbors (KN) which are described in
Supplementary text 3. The supervised classifications, a machine learning algorithm that predicts an unknown
dataset using a labelled dataset called the training data (Musa et al., 2020), were carried out using the scikit-
learn package (Pedregosa et al., 2011; Van et al., 2009), a Python module. In order to build and evaluate a
machine learning model, the labelled dataset was split into two parts: the training set and the testing set. The
training set is a subset of the labelled data required to train the machine learning model. The remaining data,
called the testing set, is used to evaluate the model performance.

To comprehend the purse seiners’ fishing pattern, independent of the target species, we evaluated three
separate predictors in three experiments, described as follows. In the first experiment, we considered all
predictors. In the second experiment, environmental predictors were eliminated. In the third experiment, both

environmental and spatial experiment predictors were deactivated (Fig. 1).



The relevance of all predictors in each experiment was assessed using the feature importance technique
to measure the relative importance of each predictor (Géron, 2019). The scikit-learn package and the RF were

employed by fitting the attribute “feature_importances_". This algorithm determines the relevance of a predictor
by examining how much impurity is minimised on average by tree nodes that incorporate the predictor across
all three in the forest (Géron, 2019; Geronimo et al., 2018; scikit-learn developers, 2017).

The averaged accuracy score across the 5-fold cross-validation was used to show the performance of all
models in each experiment. The total dataset was divided into the training data with 80% of all data, and the
testing data with 20%. The accuracy score indicates the ratio of correct predictions to the total number of input
samples (Effrosynidis et al., 2020; Geronimo et al., 2018; scikit-learn developers, 2017). Validating a model
via cross-validation decreases the risk of overfitting, resulting in a more versatile model that can perform well
on unknown datasets (Effrosynidis et al., 2020). The area under the receiver operating characteristic (AUROC)
curve (see Supplementary text 2) and the precision, recall, and F1 score were summarised using the confusion
matrix result of 80% training data and 20% testing data (Geronimo et al., 2018; Muhling et al., 2020).

The accuracy score function in binary classification provides an accuracy score for a set of predicted labels
against the true label on the testing set. The accuracy is scored as 1 (true positive or true negative) if the entire
set of predicted labels matches the true set of labels; otherwise, it is scored as 0 (false positive or false
negative). The accuracy score function a is the ratio of correct predictions over n, and is defined as follows

(scikit-learn developers, 2017):
ay,y) = ;Z 1@ =)
i=o

where ¥ is the predicted value of the i sample, and y; represents the true labelled value.
2.5. Allocating catch to the fishing operation position

Three approaches were used to reallocate the short mackerel catch on a specific fishing trip to the
predicted fishing positions from the best-performance classification model of the three experiments (described
in section 2.4) using the trip ID (Fig. 1).

The first approach was to redistribute the fish among all fishing positions equally (Gerritsen and Lordan,
2011), calculated as:

L
Ry = P_zlj
where R, is the reallocated catch in fishing position i of trip k; L, is the total landing of short mackerel of trip
k; and P, is the sum of the fishing positions of trip k.

For the second approach, the predicted fishing positions were fitted with the logistic regression (LR) model
using spatial and environmental predictors (described in Supplementary text 4). The probability of occurrence
at each position from the LR model was used to reallocate proportionally with the total catch for a specific
fishing trip, as follows:

Bix
S

where R, is the reallocated catch in operation i of trip k; L, is the total landing of short mackerel of trip k; B;;

Ry =Ly

is the probability of occurrence obtained from the LR of operation i of trip k; and B, is the sum of the probability

of occurrence of trip k.



The third approach used a model called Random Forest Regression (RFR), a type of decision tree for
approximating discrete-valued functions rather than being applied for classification (Rodriguez-Galiano et al.,
2015). It is a well-known model for forecasting species distribution (Zhang et al., 2021). The RFR model was
built using the same training set used to identify fishing positions. However, the output or dependent variable
was changed to the catch in the fishing logbook (see Logbook section in Supplementary text 1 and
Supplementary text 4). The model was created using spatial and environmental predictors. Following the
creation of the RFR model, the previously predicted fishing position was used as new input data and then fitted
with the newly created RFR model to predict the estimated catch. Next, the estimated catch representing the
probability of occurrence in each position from the RFR was normalised proportionately with the short mackerel
landings and reallocated to the forecasted fishing positions, calculated as:

Ry =Ly D
k

Dik]
where R is the reallocated catch in fishing operation i of trip k; L, is the total landing of short mackerel of trip
k; D;; is the estimated catch obtained from RFR of fishing position i of trip k; and D, is the sum of the estimated
catch obtained from the RFR of trip k.
2.6. Estimation of fishing effort and spatiotemporal fish distribution

The fishing operations obtained from machine learning of eight models with different predictors were
enumerated in grids of 0.1-degree latitude by 0.1-degree longitude. Fishing effort was calculated by counting
the number of predicted fishing positions within a grid. One position was assumed as 1 h of fishing because
the interval of the VMS signal transmission is 1 h. To compare the different reallocated approaches, the
outcomes of assigned catch to fishing operations were likewise displayed with 0.1° x 0.1° grids (Fig. 1).
Similarly compared were the values of CPUE calculated from fishing effort using RF prediction divided by
reallocated catch in each grid. The value of catch and CPUE in each grid from each reallocated approach and
the true catch were analysed using a pair plot and evaluated using Pearson’s correlation coefficient.
3. Results
3.1. The most-important predictors

The most-relevant predictors of purse seiner fishing activity were the calculated speed and the average of
calculated speed, hour, operation time (day/night), and instantaneous vessel speed (Table 2). More-important
predictors show a high percentage, whereas less-critical predictors show a low percentage for forecasting
fishing operations.
3.2. Predictability of purse seiner fishing detection and fishing-effort distribution

All the algorithms produced results with significantly different prediction abilities. The average accuracy of
the RF model was 86.14%, with a standard error of 0.23, and was the best performing. GB and AB were the
second- and third-best performing, with an accuracy of 85.06% + 0.45% (mean + standard error) and 83.10%
1 0.74%, respectively. The accuracy scores of the top-three models did not differ significantly. The KN and ML
models had the lowest accuracy and the largest standard deviation (Fig. 2). The precision, recall, and F1-score
were reported in this experiment to confirm the model’s effectiveness in binary identification of fishing activities,
as shown in Supplementary Table S2. The top-three AUROCs were RF (93.4%), GB (93.3%), and AB (91.6%)
(Fig. 3). Three experiments revealed that binary classification performance on fishing and non-fishing activities

adopted a similar pattern.



The number of fishing positions predicted by the best model (i.e., RF) in experiments 1, 2, and 3 can be
seen in Fig. 4 by counting the number of fishing positions in the 0.1° x 0.1° grid; overall, the short mackerel
fishery showed intense pressure when calculating the number of predicted fishing positions, including in the
north of the Andaman Sea (off Ranong Province), in the middle of the Andaman Sea (off Krabi Province), and
in the south of the Andaman Sea (off Trang and Satun provinces), as depicted on the grids.

However, in terms of the total number of fishing positions predicted, each model was different, as shown
in Fig. 5. The top-three best-performing models (RF, GB, and AB) forecasted the number of fishing positions
as being in the range of 18,003-20,420. The GN model predicted the significantly (p < 0.05) highest number
of fishing positions in the range 37,688—37,887 of all experiments. In contrast, the ML model predicted the
fewest fishing positions in all experiments, ranging from 3,560 to 17,635. The lowest significant value was
determined in experiment 3 (p < 0.01) (Supplementary Fig. S1).

3.3. Distribution of catch reallocation and estimated CPUE
3.3.1. Catch reallocation and catch distribution

Fig. 6 depicts the catch distribution for all reallocation algorithms validated using training data in each
experiment. It was revealed that all approaches could map the catch distribution in near approximation to the
training data (Fig. 6). The grid with training data was compared with each redistribution approach by visualising
the correspondence among all grids. Allocating catch landing to predicted fishing positions resulted in the
virtual training catch with a 1.0 slope and Pearson’s coefficient of 1.0 (Fig. 7).

3.3.2. Estimation of CPUE distribution

Fig. 8 depicts a comparison of the CPUE distribution derived from the reallocated catch to the RF’s
predicted fishing positions of each approach with the CPUE from training data. When the CPUE estimation
was compared with the training data, it was observed that the fishing positions in the North Andaman Sea were
similarly distributed in all techniques. However, there were minor CPUE variations over the South Andaman
Sea. Additionally, the CPUE distribution results were consistent with the training data. The results were
significantly associated with a slope of 0.8—-1.0 and Pearson’s correlation coefficient of 0.9-1.0 (Fig. 9).

4. Discussion
4.1. The influence of a predictor on forecasting purse seiner activity

The purse seiner is sped up to 10 knots for setting the net, and thereafter reduces its speed to 2.5 knots
or less when hauling in the net (Bez et al., 2011; De Souza et al., 2016; Zhang et al., 2021). As a result, low-
speed filtering by itself cannot capture all behaviours. Moreover, purse seiners have a tight fishing activity (1—
3 h), making it challenging to detect fishing patterns using speed from VMS tracking. However, the same data
set was used to detect fishing operations using the filtering approach at a speed threshold of 1.81 knots
(derived from the average vessel speed of fishing operations in the training data) and nighttime operations.
The accuracy score was 81%, with 0.60 precision and 0.68 recall of the fishing operation prediction.

Machine learning could capture speed patterns of fishing activities using various vessel speed predictors,
such as the average and standard deviation of instantaneous speed and calculated speed obtained from three
consecutive VMS positions. The filtering approach typically analyses the speed at transmission time to identify
fishing activities. Because VMS has a 1-h transmission gap, actual fishing may occur during the gap. As a
result, relying only on transmitted speed may not accurately represent the actual amount of fishing (O’Farrell

et al., 2017). This may lead to machine learning being more productive than traditional filtering methods.



In this research, the calculated speed predictor outperformed the instantaneous speed predictor in
predicting fishing activity. At the start and finish of each fishing operation, the vessel speed of short-term
fishing, such as the purse seines operation, changes largely. As a result, the instantaneous speed may not
accurately represent the vessel speed during the fishing operation. Previous research suggested that the
timing gap between ping signals affects the accuracy of fishing-activity detection, particularly for short-term
fishing activity, owing to a vessel deploying the fishing gear before or after transmission location (O’Farrell et
al., 2017).

Previous research has used an average speed or the difference in speed obtained from the signal position
of consecutive VMS positions to improve forecast accuracy (Muench et al., 2018; Watson et al., 2018; Watson
and Haynie, 2016). Furthermore, the average speed enables the model to capture the shifting boat speed
patterns of fishing that are only observable in purse seiners, which tend to speed up and then float. The shifting
patterns are expected to signify the following: low average speed may indicate that it is time to collect fish on
the boat, while a boat with an average speed of more than 1 knot may indicate that it is time to begin
surrounding and collecting fish. This should be the time when the boat runs to search the fishing grounds if the
average speed is high. Furthermore, we observed that hour and operation time might effectively predict fishing-
activity classification. High-frequency fishing was seen from all training datasets at nighttime, from
approximately midnight to before dawn. This result is consistent with a previous study’s classification of purse
seiner activities based on operation time (De Souza et al., 2016). In this study, purse seine vessels could fish
both during the day and at night.

Additionally, the same vessel is available, employing various techniques to find fish, such as FADs, light,
and echo sounders. FADs and light-enticing vessels are employed to aggregate the fish schools at night. When
considering using light to attract fish when fishing, it implies that the natural light's brightness must be
manipulated and distorted. We anticipated that the brightness value of natural light would have little impact on
detecting fishing operations. In contrast, it has been demonstrated that decision-making in fishing operations
throughout the operating period (day and night) is an important variable. Perhaps because of the variety of
techniques that can be used on a single vessel; for example, certain vessels obviously work a lot at night, as
the primary method for attracting fish is using light.

Although vessel speed and operating time are reliable indicators, our study’s predictive accuracy was
lower than that of De Souza et al. (2016), which also employed these variables to classify the fishing operation
activities in purse seine. The fishing pattern of the purse seine described by De Souze et al. (2016) was more
obvious when compared to Thai purse seiners. Firstly, with few exceptions, most purse seiners do not fish at
night. Although the vessel in our study could fish both during the day and at night, it typically operates at night.
As a result, identifying fishing operations becomes more challenging and requires the employment of additional
variables. Therefore, it can result in lower accuracy in our study. Second, we anticipated that the sources of

the labelled data used for comparison would also differ. A prior study employed the term” “expert label,” which
describes the fishing location from their professional experiences. The filtering criteria were determined based
on experience reviews, expert interviews, and interviews with observers on board and fishermen. Therefore,
the experts' labelling method forms the basis for the classification of false. In contrast, our study compared the

accuracy value using label data from the logbook.



Environmental predictors, namely SST, chlorophyll-a, and bathymetry, were found to be less critical than
spatial predictors (i.e., distance from shore, latitude and longitude) (Muhling et al., 2020; Watson et al., 2018)
as shown in Table 2. As a result of the distribution of short mackerel, the fishing grounds were not far from
shore (12.39 +5.22 km). There were few temperature, depth, or chlorophyll-a changes near the shore. So, the
environmental variables may become less important in the predictions of this fishery. In addition, this research
aimed to categorise fishing positions (fishing or not fishing). The vessel's behaviour, such as its speed or
duration, has a greater impact on fishing operation activities than environmental factors. In previous studies,
the distribution of fish was predicted using environmental factors such as SST, chlorophyll-a, and bathymetry
(Effrosynidis et al., 2020; Fabio et al., 2019; Geronimo et al., 2018; Muhling et al., 2020; Nguyen and Nguyena,
2017; Nurdin et al., 2015). These were quite different to the classified fishing activity in our study. We included
them in determining if they would help identify fish-specific fishing locations, even though the previous study
employed a different algorithm and had a different target.

The findings of separating the predictors into three experiments confirm this speculation. We included
environmental and spatial predictors in Experiment 1, whereas we excluded environmental predictors in
Experiment 2. The results showed that the predicted fishery positions from the two experiments using the best-
performance model (i.e., RF) were quite close, with 19,581 and 19,582 points, respectively. Therefore, the
predicted outcomes remained the same even if all three environmental factors were removed. When
environmental and spatial predictors were not included in Experiment 3, the RF model predicted a larger
number of fishing operations without specific species (20,420 points). Forecasts performed without considering
environmental and geographic variables resulted in greater predicted fishing positions. In other words, the
model could predict all fishing activities regardless of the type of fish species.

4.2. Fishing activity detection by machine learning

None of the three predictive models (RF, GB, or AB) resulted in overfitting owing to each randomisation of
the predicted value achieving the same level of accuracy from the cross-validation approach. In contrast, the
other models produced more variation in model performance at each of the five fittings. As it was based on
bootstrap aggregation, a technique for resampling with replacement to reduce variance and enhance accuracy,
RF performs well at reducing data variation. Tree-based models may also be resistant to redundant data or
data with high correlation, both of which can cause overfitting in conventional learning algorithms (Kirasich et
al., 2018). The classification performance of the DT model was significantly lower than that of the RF model.
Although this model is based on the same principle as the RF model, it employs a single estimator; thus, the
lower ability was unsurprising. Previous research suggested that the volume of training data used to train a
model might affect its effectiveness, mainly through supervised machine learning. Jinseok and Jenna (2018)
state that classification models for LR should ideally be based on a 1:1 ratio of positive and negative training
data. The amount or fraction of training data in our investigation was inadequate for this model, as it could
have reduced the accuracy. Because there were few fishing operations per all transmitted positions, we
employed a ratio of about 1:3 in this experiment.

Furthermore, the amount of information training influences the KN model’s accuracy. According to Musa
et al. (2020), having more training data improves prediction accuracy since more data points provide us with
more information. In the case of KN, we will have closer nearest neighbours, which will tell us more about the

location we wish to forecast.



The proportion of fishing and non-fishing in the best-predicted RF model is consistent with the training data
(Supplementary Fig. S2). In addition to considering the proportion of fishing positions and total vessel positions
in the training data set, it was discovered that the proportions of RF were similar to the proportions of fishing
positions of the short mackerel fishery (~20%) from the training data. However, in experiment 3, the RF model
estimated the total number of fishing positions near fishing positions in the training data for non-specific species
(~24%) (Supplementary Fig. S2). Therefore, considering the accuracy score, the AUROC of the prediction,
and the proportion of the estimating techniques of fishing positions, the top-three models (RF, GB, and AB)
were deemed capable of predicting fishing activities from all three categories of indicators. It depends on the
purpose for which we require the fishing position when deciding which predictor is the best option. Only the
fisheries predictor needs to be considered if we need to anticipate all fishing activities. We need to consider
spatial and environmental predictors to predict fishing activities with a specific species.

We used logbook data from 16,857 positions from 654 fishing trips, accounting for 20% of all, as the
practical information for training and validating machine learning. However, in some cases, inscription errors
may exist in the fishing logbook. In previous studies, onboard observers or expert reviews were deployed to
collect label data and verify the data to classify the 'vessel's activities (Bez et al., 2011; De Souza et al., 2016;
Watson and Haynie, 2016). Currently, there are no observers onboard Thai vessels operating in Thai waters,
but the vessels keep fishing logbooks to report the fishing activity. As a result, a fishing logbook is a helpful
alternative for collecting label data for machine learning supervision in this study. However, this information
should be cross-checked with VMS data (Palmer and Wigley, 2009) and through literature reviews and
interviews with fishers. Therefore, we reviewed the information in the logbooks, one by one, before applying
the logbook data.

4.3. Estimation of fish distribution by reallocation of landing data

We assert that the most straightforward and appropriate approach for mapping 0.1° x 0.1° grids is to
reallocate the catch equally at each fishing station. This conclusion is consistent with the work of Gerritsen and
Lordan (2011), who distributed landing data uniformly with a similar rectangle grid resolution. The average
catch assigned to each haul position was approximately the same as the training weight, resulting in a strong
correlation with a slope of 1. Even though trawlers appear to occupy a larger area per haul than purse seiners,
the redistribution findings were close to the training data. The purse seiner as well can benefit from this equal-
allocation approach.

Nevertheless, it would be better if we first used the predicted fisheries positions to predict the fish
distribution by the RFR model with the environmental and spatial predictors again. The estimated fish numbers
were then normalised proportionally with the short mackerel landings and redistributed to predicted fishing
positions. This approach should be more successful than using data to estimate CPUE, confirming the
distribution outcomes in Fig. 9, which indicate the greatest slope and coefficient correlation. Thus, we will get
more accurate information for fish distribution using a 0.1° x 0.1° grid size.

4.4. Applications for fisheries management

The application of geographically explicit data, such as the combination of VMS and landing data, to
estimate fishing operations and fish distribution can considerably improve spatially dynamic fisheries
management. Due to the limited data, technology, and specialised expertise at the time, most fisheries

management was previously done on an annual or multi-year basis and referred to large management areas,



resulting in an inadequate spatial and temporal resolution (Kraak et al., 2015). Additionally, fish abundance
changes on considerably smaller spatiotemporal scales. Therefore managing fishing mortality at a finer scale
may help to regulate it more successfully (Kraak et al., 2014). The development of VMS and logbook data,
along with properly recorded fishing (Bez et al., 2011; Gerritsen and Lordan, 2011; Jennings and Lee, 2012),
has made it possible to manage fisheries at a considerably more realistic level of geographic analysis leading
to the spatially dynamic fisheries management approach than the conventional management.

Real-time spatial management for controlling bycatch and discards have been made recently accessible
in the US and Europe (Little et al., 2015). Implementing a real-time closure in the North Sea to protect cod
(Gadus morhua), which are caught as bycatch, was mentioned as an example of applying real-time spatially
explicit data. The hotspots of cod abundance were determined in a small area (7x7 nautical miles square)
using the integration of VMS and landing data from the preceding 14 days, which were then designated as
real-time closures (21 days intervals) for minimising fish mortality and discarding (Holmes et al., 2011).
Therefore, the designation of fishing grounds, like in the present study, could be more useful in capturing both
the biological dynamics of stocks and the associated activities of the vessels. This could help spatially inspired
management systems like real-time closure. Our approach would provide the ability to track fishing activity and
fish distribution at a fine spatiotemporal scale, allowing us to target the species with abundant agreed-upon
fishing possibilities while avoiding concentrations of the “endangered species” and/or other sensitive areas.

Currently, the management of short mackerel is the seasonal closures. Imposing protected areas could
be an alternative solution for protecting spawning habitat, providing recruitment sources throughout the area,
and maintaining the natural population when other fisheries management methods are impracticable (Sumaila,
1998). The quantity of short mackerel caught, however, is still demonstrated to have remained constant.
Despite the management measures implemented during the last five years, this may indicate that they need
to be reviewed. This can be related to the uncertainty regarding the migration of fish stocks. According to the
current state of this species, the existing area closure design must be considered since it may not reflect the
proper design. As a suggestion, updating the conserved area structure or adopting dynamic closure should be
considered.

5. Conclusions

By using key predictors and machine learning, the fishing position from VMS can be integrated with landing
data to provide spatiotemporal distribution of CPUE as a proxy of fish abundance. Alternatively, the approach
could be applied to existing data to allow for near-real-time monitoring of fleet dynamics and fish distribution.
This information will be precious in adopting effective time—area management designs, such as dynamic

closures and rebuilding of depleted fish stocks or migration species, which require immediate scientific data.
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Table 1. Data sources for compiling a relevant dataset on the short mackerel purse seine fishery in the

Andaman Sea, Thailand.

Data iy Number of Number  Number of Coverage
Description . i
source vessels of trips positions data
VMS e Date time o
« Vessel positions every hour 91 3,237 86,495 :r?po % of
¢ Instantaneous speed every hour
Fishing trip e Date and t!me of port-put 100% of
e Date and time of port-in 91 3,237 = trips
e Fishing trip duration
Logbook ¢ Date and time of the beginning of
- ) o
each f|sh|ng opergtlop ' 63 654 16,857 29.2 % of
o Duration of each fishing operation trips
o Position of each fishing operation
Landing e Catch weight by species of each 100% of
e ; 91 3,237 )
fishing trip trips




Table 2. The important predictors determined in each experiment. The number represents the relevance score
in percentage of each predictor for predicting fishing operations by purse seiners in the short mackerel fishery
in the Andaman Sea, Thailand. Total importance in each experiment is equal to 100; more-relevant predictors

have a larger number, and less-important predictors have a lower number.

Predictor name Experiment 1 Experiment 2 Experiment 3

Environmental predictors

Sea surface temperature 2.2%

Chlorophyll-a 2.3%

Bathymetry 2.5%

Spatial predictors

Distance from shore 3.8% 4.7%

Latitude 3.1% 3.5%

Longitude 3.0% 3.6%

Temporal predictors

Date 1.8% 21% 2.6%
Date in year 2.0% 2.4% 3.0%
Month 0.9% 1.2% 1.4%
Hour 8.3% 8.3% 8.8%
Day/night 6.6% 6.6% 6.9%
Fisheries predictors

Vessel speed 5.0% 5.3% 6.0%
ASpeedcurr1 4.7% 4.8% 5.4%
ASpeedcurr+1 3.7% 4.0% 4.7%
Standard deviation speed 2.8% 3.2% 3.8%
Average speed 3.7% 4.2% 4.6%
Calculated speed 13.2% 12.8% 14.8%
ACalculated speedcurr—1 3.3% 3.6% 4.3%
Standard deviation of calculated speed 3.5% 4.0% 4.5%
Average of calculated speed 11.2% 12.0% 12.9%
Vessel size 2.2% 2.5% 3.0%
Vessel length 2.3% 2.6% 3.1%
Fishing day 2.8% 3.1% 3.7%

0, 0, o,
Ratio of target catch to total landings 2:4% 2.1% 3.1%

Total target catch landing 2.5% 2.8% 3.4%
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Fig. 1. Processes framework for using logistic regression (LR) or random forest regression (RFR) to

predict fishing operations and fish distribution in Thailand's short mackerel purse seine fishery. The

letters "S," "T," "F," and "E" denote spatial, temporal, fisheries, and environmental predictors,

respectively. Eight algorithms were employed: RF = Random Forest; GB = Gradient Boosting Classifier;
AB= AdaBoost; DT = Decision Tree; LR = Logistic Regression; ML = Multi-layer Perceptron Classifier;
GN = Gaussian Naive Bayes; KN = K-Neighbors.
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different experiments. See the caption to Fig. 1 for abbreviations.
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Fig. 5. The number of fishing positions predicted by each experiment for Thailand's short mackerel
purse seine fishery. Algorithms: RF = Random Forest; GB = Gradient Boosting; AB= AdaBoost; DT =
Decision Tree; LR = Logistic Regression; ML = Multi-layer Perceptron Classifier; GN = Gaussian Naive
Bayes; KN = K-Neighbors.
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grids. LR prob. = the second allocation method using logistic regression probability; RFR pred. = the

third allocation method using random forest regression prediction.
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Fig. 7. Comparison of three approaches of reallocation catch to predicted fishing positions in each
experiment. The vertical axis represents the number of catches in each fishing position as collected from
the logbooks used for training data. The horizontal axis corresponds to the number of catch landings
reallocated to predicted fishing positions based on the Random Forest model. Each point represents the
number of catches after aggregating the catch data into 0.1° x 0.1° grids. Ex1 = experiment 1; Ex2 =

experiment 2; Ex3 = experiment 3; LR = logistic regression; RFR = random forest regression.
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probability; RFR pred. = the third allocation method using random forest regression prediction.
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Fig. 9. Three approaches for redistributing catch to predicted fishing spots for estimating catch per unit

effort (CPUE) were compared in each experiment. The vertical axis represents the estimation of CPUE

from the vessel logbooks used for the training data. The horizontal axis corresponds to the estimation of

CPUE from reallocation approaches of catch landings to the predicted fishing position based on the

Random Forest model. Each point represents the CPUE after aggregating the catch data into 0.1° x 0.1°

grids. Ex1 = experiment 1; Ex2 = experiment 2; Ex3 = experiment 3; LR = logistic regression; RFR =

random forest regression.
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Supplementary Fig. S1. Pairwise comparisons of predicted fishing positions of each model
using the Conover posthoc test. NS denotes no significant difference. Algorithms: RF = Random
Forest; GB = Gradient Boosting; AB = AdaBoost Classifier; DT = Decision Tree; LR = Logistic
Regression; ML = Multilayer Perceptron Classifier; GN = Gaussian Naive Bayes; KN = K-

Neighbors.



Supplementary Table S1. The 25 predictors used for predicting the potential of the fishing

operations and fish distribution using machine learning.

Predictor name

Description

Expectations with the

fishing operation

Environmental predictors

1.SST

2. Chlorophyll-a

3. Bathymetry

Daily sea surface temperature
(SST, °C), with a 4-km resolution,
obtained from the MODIS-
Aqua/Terra (NASA’s Goddard
Space Flight Center,

https://oceancolor.gsfc.nasa.gov)

Daily chlorophyll-a, with a 4-km
resolution, obtained from the
MODIS-Aqua/Terra (NASA’s
Goddard Space Flight Center,

https://oceancolor.gsfc.nasa.gov)

Sea depth (m) of a spatial
resolution of 15 arc-seconds
(about 0.004°) obtained from the
British Oceanographic Data
Centre, National Oceanography

Centre (https://www.gebco.net)

Influence on species

distribution

Influence on species

distribution

Fishing opportunities will
be affected by depth
characteristics and
depth-specific fish
habitats (Watson et al.,

2018)

Spatial predictors

1. Distance from shore

Distance from the nearest country

line (km)

A proxy of the fishing
location to identify the
potential of fishing

grounds


https://oceancolor.gsfc.nasa.gov/
https://oceancolor.gsfc.nasa.gov/
https://www.gebco.net/

Predictor name

Description

Expectations with the

fishing operation

2. Latitude

3. Longitude

Latitude from VMS tracking

Longitude from VMS tracking

Identifies the potential
fishing grounds
Identifies the potential

fishing grounds

Temporal predictors

1. Date

2. Date in year

3. Month

Number of days in a particular
month, ranging from 1 to 31
Date in the year, ranging from 1 to

366

Month in the year, ranging from 1

to 12

Dates that may affect an
operation decision

A proxy of date integrated
with months

It may have an impact on
the abundance in each
season, as well as the
different regulations
(prohibited areas) (De
Souza et al., 2016;
Watson et al., 2018)

It may have an impact on
the abundance in each
season, as well as the
different regulations
(prohibited areas);
some vessels target
different fishing
locations during the
different seasons (De
Souza et al., 2016;

Watson et al., 2018)




Predictor name

Description

Expectations with the

fishing operation

4. Hour

5. Operation time (day/night)

24 hours in a day

Defining the time at 6 a.m. and 6
p.m. to denote sunrise and
sunset to divide between day

and night

Hour is a precise
timescale; the fishing
methods of purse seine
operations are unique
to the time of day

Day and night may
influence fishing
operations; the fishing
operations usually

occur at nighttime

Fisheries predictors

1. Vessel speed

2 . Aspeedcurr—1

3 . Aspeedcurr+1

Instantaneous vessel speed from
VMS data (knot)

The different vessel speeds
calculated by the current and the

previous VMS record

The different vessel speeds
calculated by the current and the

subsequent VMS record

The speed for conducting
fishing operations

The new speed that
denotes the difference
in speed between
arriving at the fishing
grounds and beginning
operations

The new speed that
denotes the difference
in speed between
arriving at the fishing
grounds and beginning

operations




Predictor name

Description

Expectations with the

fishing operation

4. Standard deviation speed

5. Average speed

6. Calculated speed

7. ACalculated speedcyr-1

The standard deviation of the

vessel's current speeds in

forward and backward directions

The average of the vessel's

current speeds in forward and

backward directions

Distance between two consecutive

positions (km)

The different distances calculated
by the current and the previous

VMS record

High variance affects
high-fishing
opportunities

Reduce the VMS
transmission gap by
calculating the average
speed for 3 hours,
which is the length of
time between the start
to the end of fishing;
low and moderate
average speeds may
have corresponded to
fishing operation

A proxy of average speed
between two
consecutive positions

The new distance that
denotes the difference
in distance between the
previous; low distance
differentiation may
indicate the potential of
consecutive fishing

operations




Expectations with the
Predictor name Description
fishing operation

8. Standard deviation of The standard deviation of the The new distance that
calculated speed current distances in forward and  represents the difference
backward directions in distance between the
previous; the consecutive
areas of the possible
fishing activities may be
indicated by a low
distance difference
9. Average of calculated The average of current distances A proxy of average speed
speed in forwarding and backward Reduce the VMS
directions transmission gap by
calculating the average
distance for 3 hours,
which is the length of
time between the start
to the end of fishing;
low and moderate
average distances may
correspond to fishing
operations
10. Vessel size Registration vessel size (gross Fishing patterns may
tonnage) vary depending on the
specific vessel size
11. Vessel length Registration vessel length (m) Fishing patterns may
vary depending on the

specific vessel length




Predictor name

Description

Expectations with the

fishing operation

12. Fishing day
13. Ratio of target catch to

total landings

14. Total target-catch

landing

Fishing trip duration (day)
The proportion of short mackerel

landings to the total landings

Landings of short mackerel on a

fishing trip

Related to location and
identifies the density of
target species in the
fishing grounds

Related to location and
identifies the density of
target species in the

fishing grounds




Supplementary text 1. Surveillance system in Thailand’s fisheries

Vessel Monitoring System (VMS)

VMS data of purse seiners (30 gross tonnages and above) were obtained under the permission of
Thailand’s Department of Fisheries. According to the VMS data, which contains confidential
information regarding the Royal Ordinance on Fisheries B.E. 2558 (2015), a proxy of vessel
identification (ID) for each vessel was prepared for research purposes to classify individual vessels
without revealing personal information. The vessel position (latitude, longitude), dates, times, and
the instantaneous speed of the individual vessel were provided at 1-hour intervals. Before being
linked to fishing trips, all data were checked for duplicate records. The beginning and end of fishing
trips are not identified in VMS transmission records. Thus, the fishing trip numbers were assigned
to the individual VMS data using the proxy vessel ID and the date and time. Based on this
information, we could use the date, time, and speed as predicters to anticipate the potential of the

fishing operations.

Fishing trip records

The owner of a fishing vessel to depart on a commercial fishing trip should report every port-in and
port-out (PIPO) operation from and into a fishing port. Dates, times, and purposes of entry into and
departure from fishing ports of specific vessels were recorded and identified by trip number as an
electronic entry into the Fishing Info system of PIPO Controlling Centers (ePIPO) under
supervision by Thailand’s Department of Fisheries. The fishing trip information is integrated with
VMS data based on the date and time of entry and departure. In subsequent steps, the fishing trip

number is applied to connect the landing data.

Logbooks

Logbook declarations are provided by skippers, following the requirement of fishery legislation to
record activity in a fishing logbook for each fishing trip and submit it to the Department of Fisheries
every time the vessel returns for berthing at a port. The logbook should be immediately handed to

the competent officer stationed at the PIPO center where the vessel is berthed for inspection.



Fishing activities are written down on a paper logbook while at sea, and each recorded row
represents a fishing operation. Each row contains information on the date, time, and locations
(latitude, longitude) of the start of the fishing operation (start of lowering the net into the water).
The fishing period (the start of pulling the net into the water until the entire catch is hauled out and
collected) is defined in hours. The estimated catch in each operation is reported in kilograms per
the main species caught.

In order to prepare the potential of fishing operations as data labels for training and validating
the binary classification in machine learning, approximately 20.2% of the logbooks from all fishing
trips of short mackerel purse seiners were used. Based on the date and fishing periods reported
in the logbook of the individual vessel, all fishing and non-fishing potential is linked in the VMS data
as 1 and 0, respectively. Logbooks were randomly examined at the port for consistency in the
reporting of fishing positions using VMS data, as legally required. However, before using the data
as a training data set necessitates additional verification. Each element of fishing information in
the logbook was scrutinized individually. Written reports that are unclear were omitted. Impossible
location records or impossible speeds were considered by comparing the distance recorded in the
logbook to the distance reported in the VMS system and then reviewed based on information on
purse seine fishery characteristics, as acquired from the literature and interviews with fishers.

We also used data from the logbooks of fish caught in each haul as output data for forecasting
fish distribution. Skippers evaluate the catch weight in the logbooks. Therefore, before using the
weight of the catch, we standardized it to avoid over- or underestimating when comparing it with
the actual landings. This approach included determining the catch proportion of each fishing
operation in the same fishing trip using the number of catches obtained from a logbook’s
estimations. We multiplied the proportional value at each operation with the sum of the landing of

mackerel during the current trip, using the formula:

b,
Isy = ld; * |—= ]

2. lby
where Isikis the calculated catch in operation i of trip & in kg; /d; is total landing of short mackerel

of trip k£ in kg; Ibi is the total estimated catch, in which short mackerel is the major species, in



operation i of trip k£ in kg, as entered in the logbook; /b is the sum of estimated catch, in which short

mackerel is the major species, of trip k£ in kg, as entered in the logbook.

Landing data

All commercial fishing vessels entering the fishing port for landing must report the actual catch
weight by species after weighing at the landing site. The landing data of each trip of the individual
vessel was integrated with VMS data using fishing trip numbers. After using machine learning and
training data from the logbook to anticipate the potential of fishing effort from the VMS data, the
landing data were utilized to reallocate the catch to each fishing operation area based on the trip

number of individual vessels.
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Supplementary Fig. S2. The proportion of fishing positions (of short mackerel purse seiners)
and all fishing positions in relation to the total vessel positions used in the training dataset in

each experiment.



Supplementary Table 2. The performance of eight machine learning algorithms of fishing operations in Thailand’s short mackerel purse seine fishery:
RF = Random Forest; GB = Gradient Boosting; AB = AdaBoost Classifier; DT = Decision Tree; LR = Logistic Regression; ML = Multilayer Perceptron

Classifier; GN = Gaussian Naive Bayes; KN = K-Neighbors.

Experiment 1 Experiment 2 Experiment 3
Model Mean F1- Mean F1- Mean F1-
SD  Precision Recall SD Precision  Recall SD  Precision Recall
accuracy score  accuracy score  accuracy score
RF 0.86 0.01 0.74 0.71 0.72 0.86 0.01 0.74 0.71 0.72 0.86 0.01 0.74 0.7 0.72

GB 0.85 0.02 0.74 0.71 0.72 0.85 0.02 0.73 0.71 0.72 0.85 0.01 0.73 0.71 0.72
AB 0.83 0.03 0.70 0.69 0.70 0.83 0.03 0.70 0.69 0.70 0.83 0.02 0.70 0.67 0.68
DT 0.80 0.02 0.62 0.61 0.62 0.81 0.01 0.63 0.61 0.62 0.81 0.02 0.63 0.62 0.62
LR 0.80 0.01 0.64 0.41 0.5 0.80 0.01 0.65 0.44 0.44 0.80 0.01 0.66 0.44 0.53
ML 0.76 0.05 0.65 0.59 0.59 0.80 0.03 0.7 0.46 0.56 0.77 0.04 0.35 0.99 0.52
GN 0.77 0.01 0.52 0.9 0.66 0.77 0.02 0.52 0.9 0.66 0.76 0.01 0.52 0.9 0.66

KM 0.69 0.04 0.56 0.88 0.52 0.69 0.04 0.57 0.48 0.52 0.70 0.04 0.57 0.46 0.51
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Supplementary text 2. The area under the receiver operating characteristic (AUROC)

curve: sensitivity and specificity

The area under the receiver operating characteristic (AUROC) curve: sensitivity and specificity
were summarized using confusion matrix results of 80% training set and 20% testing set
(Geronimo et al., 2018). A confusion matrix summarises a classification algorithm’s performance
(Effrosynidis et al., 2020; Muhling et al., 2020; scikit-learn developers, 2017).

The roc_auc_score function in scikit-learn computed the AUROC curve. By computing the area
under the curve, the curve information is summarized in one number. The curve is a binary
classification challenge evaluation metric. It is a probability curve that compares the true positive
rate (TPR) against the false positive rate (FPR) at various thresholds (Pedregosa et al., 2011;

scikit-learn developers, 2017):

Predicted class (expectation)

_E Negative Positive

=

S o TN

- > X

@ 5 (true negative)

0 ©

© & Correctabsence of

T result

[1}

N TP

3 3 (true positi

2 = positive)
< 8 Correct result

The sensitivity indicates how many individuals in the positive class were accurately categorized.

It means determining what percentage of the true positive were identified by the model:

TP
Sensivity (True Positive Rate) = TPEEN

The False Negative Rate (FNR) indicates how much of the positive class was incorrectly
categorized by the classifier. We expected that a higher TPR and a lower FNR would accurately

categorize the positive class:

False Negative Rate (FNR) = TPTFN
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Specificity shows how much of the negative class was correctly categorized. In the same manner
that sensitivity determines the proportion of true positives that the model properly identified,
specificity determines the proportion of true negatives that the model correctly detected:

TN

Specificty (True Negative Rate) = ————

pecificty ( g ) = TN T FP

The False Positive Rate (FPR) provides what percentage of the negative class was categorized
incorrectly by the classifier. We wanted to classify the negative class correctly. Hence a higher

TNR and a lower FPR were preferable:

FP

False Positive Rate (1 — Specificity) = TN+ FP

Supplementary text 3. Summary of machine learning models
Decision tree

Decision tree (DT) models are non-parametric supervised learning algorithms, often used
in classification and regression applications to predict the value of a target variable by learning
basic decision rules learned from data attributes. In general, they learn a sequence of if/else
questions that leads to a decision (Géron, 2019; Muller and Guido, 2015). A decision tree classifier
is a model with a tree structure in which the class prediction is contained in the tree’s leaves. When
constructing a decision tree, a question on the features of the training data is addressed at each
node, setting the standard by which data is to be recursively split. Each criterion provides to identify
a path for unclassified data to follow to infer labels from leaf nodes (Charbuty and Abdulazeez,
2021). If you wanted to design a decision tree to identify the behavior of fishing vessels (fishing or
not fishing) using vessel speed and operation time, for example, you might create the one shown
in Fig. 1. DT is especially effective because of the binary splitting; in a well-built tree, each query
will reduce the number of alternatives by around half, quickly reducing the choices even among a
huge number of classes (VanderPlas, 2016). A decision tree split corresponds to the predictor with
the strongest ability to separate variables. In other words, the best split creates nodes where a

single class predominates the best (Sundhari, 2011). Furthermore, DT are the core elements of
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RF, one of the most potent machine learning algorithms accessible today (Géron, 2019). The two
most important disadvantages of using DTs are overfitting and the generation of inadequate
solutions. DT may not generate the best final model because it only uses single tree (Jafarzadeh

etal., 2021).

Vessel speed

Speed < 4 knot Speed > 4 knot

Operation time Not fishing

Da‘\/ Night

Not fishing

Figure 1 An example of a binary DT classification
Random forest

Random forest (RF) is a reliable ensemble approach technique that combines a number
of DT classifiers to overcome the limitations of using single classifier to get the optimal solution
and increase predictive performance (Jafarzadeh et al., 2021). RF used the concept of bootstrap
aggregation (or bagging method) (Yoon et al., 2020), which is a method for reducing variance by
resampling with replacement (Joo et al., 2013; Kirasich et al., 2018). The foundational components
of RF are basically DT (Géron, 2019). RF works by training a large number of DT on different
subsets of the features, including a bootstrap to assess the suitability of the sample distribution,
and it performs resampling as necessary and then average (or majority vote) their predictions (Fig.
2) (Géron, 2019; Yoon et al., 2020). The number of trees can be decided to build a RF model using
estimators parameter in scikit learn package (Muller and Guido, 2015). The key advantages of
using the RF approach are handling overfitting to increase accuracy and processing huge, higher
dimensional data sets. There are some disadvantages, such as the possibility that a minor change
in the data might have a significant influence and the difficulty in understanding how to classify due

to the use of many estimators and challenging visualization (Jafarzadeh et al., 2021).
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Figure 2 Conceptual framework of RF

Gradient Boosting Classifier

Gradient Boosting Classifier (GB) uses boosting method which is one of the popular
learning ensemble modeling techniques used to reduce the errors and build strong classifiers from
various weak classifiers. This algorithm’s fundamental principle is to create models consecutively
while attempting to minimize the errors of the previous model (Jafarzadeh et al., 2021). The
expression “gradient boosting” decided to come up because each case’s intended outcomes are
determined by the gradient’s error relative to the predictions. Every model improves prediction
accuracy by moving in the right direction. With this technique, the new predictor is fitted to the
residual errors created by the previous predictor. Three components can minimize the error and
improve the model’s level of prediction precision: weak learner, additive model, and loss function.
Weak learners are required to reach the most advantageous split point, and trees must be
developed eagerly. Loss functions should be minimized from weak learners when obtaining output
averages in order to eliminate prediction-related mistakes. In order to reduce the error and
enhance the performance of the model, the additive model is described as adding trees to the

model one at a time without modifying the existing trees. In this process, a final prediction is
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obtained by combining the prediction from the recently added tree with the prediction from the
previous series of trees (Jafarzadeh et al., 2021; Mayr et al., 2014). GB, however, might not

perform well enough for extremely noisy data since it can result to overfitting (Jafarzadeh et al.,
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Figure 3 Conceptual framework of BC

AdaBoost Classifier (AB)

The AdaBoost Classifier (Adaptive Boosting) is members of ensemble learning family. AB
and BC are established using the booting approach based on the same principle (see Fig. 3). The
most significant distinction between the AB and GB approaches is how they resolve the drawbacks
of poor classifiers. As described in the previous algorithm, weaknesses in GB are determined using
gradients, but in AB, weaknesses are determined utilizing high-weight data points that are hard to
fit. AB begins by creating a decision tree, after which all the data points are given equal weights.
The weights for all the improperly classified points are then increased, while those that are simple
to classify or are correctly classified have their weights decreased. These weighted data points are

used to create a new decision tree (Jafarzadeh et al., 2021; Mayr et al., 2014).

Logistic Regression (LR)

Logistic Regression (LR) (also called Logit Regression) is widely used to calculate the

probability that a certain instance belongs to a class. The statistical technique like logistic
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regression is used to create machine learning models when the dependant variable is binary. It
provides information on the relationship between one dependent variable and one or more
independent variables (Kirasich et al., 2018). The logistic function, commonly referred to as the
sigmoid function, is a notion utilized in LR. The response variable is transformed to provide a
continuous probability distribution across the output classes that is limited between 0 and 1; this
transformation is known as the “logistic” or “sigmoid” function, where “z” refers for log odds divided

by the logit. The logistic—noted o(-)}—is a sigmoid function (i.e., S-shaped) that outputs a number

between 0 and 1. It is defined as shown in equation below

For example, in fig. 4, the model predicts whether belongs to the positive class (fishing), denoted
by the letter “1” or the negative class (not fishing), denoted by the letter “0”, depending on whether

the estimated probability is larger than 50% (Géron, 2019; scikit-learn developers, 2017).

Y
A
9000
o 1
£
N
& Y=07
b ® : Fishing
2
= 0.5
[y
Q
o
[}
g Y=03 @ Fishing (labelled as 1)
0 9 — - n >
Vessel speed X

Figure 4 An example of LR for binary classification

Gaussian Naive Bayes (GN)

One of the effective classification methods in data mining and machine learning is Naive
Bayes. Despite being effective, naive Bayes learners struggle with the faulty assumption of
conditional independence between the qualities (Jahromi and Taheri, 2018). The Naive Bayes
classifier is a simplistic probabilistic classifier that applies the Bayes theorem (Kamel et al., 2019).
GN recognizes each attribute variable as independent variable. This classifier can be efficiently

learned by supervised learning and used in complicated instances. The Bayes principle is



133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

implemented to classify data using the formula P(C = ¢|X; = x4, ..., X, = x,) to determine the
probability that a specific instance X,, = x,, falls into the class C. A common assumption when
working with continuous data is that the continuous values corresponding to each class are
distributed according to the Gaussian distribution. The training data are divided into classes, and
for each class, the mean and standard deviation are generated. Therefore, the following equation

could be employed to estimate the probability of a continuous data set (Kamel et al., 2019).

1 —(x=p?
e 202

P(X=x|C=c)=
2no

Where X= variable, c= class, u =mean, ¢ =stander deviation. The main benefit of Naive Bayes is
that it requires relatively little in the amount of training data, which is important for characterizing

and required for classifying.

K-Neighbors (KN)

The K-Nearest (KN) algorithm is one of the most popular supervised machine learning
methods used in a variety of applications worldwide (Musa et al., 2020). The concept behind
nearest neighbour approaches is to select a set number of training samples that are geographically
closest to the new location and then estimate the label based on them. The known output for this
training point is then the prediction (Muller and Guido, 2015). The training set of pattern vectors for
each class is provided as a set of instance prototypes. The k closest neighbors of an unknown
vector are identified from all of the prototype vectors, and a majority rule is used to determine the

class label.

@ Training class 1 (fishing)

Training class 0 (not fishing)
¥ Unknown data classified in class 1

Unknown data classified in class 0

n_neighbors=3

Figure 5 An example predictions made by the three-nearest-neighbors model
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For example, we added two unknown class data points, which are represented by a cross.
We identified the nearest location for each of them in the training set using the three closest
neighbors (n neighbors=3). Then, voting is used to assign a label when taking into account more
than one neighbors. This implies that we count how many neighbors are in class 0 and how many
neighbors are in class 1 for each unknown data item. The more frequent class, or the class that
has the majority of the k-nearest neighbors, is subsequently assigned. Finally, the prediction of the

one-nearest-neighbor algorithm is the label of unknown data point (shown by the color of the cross)

(Fig. 5).
Multilayer Perceptron (MLP) Classifier

Multilayer Perceptron (ML), a specific type of Artificial Neural Network machine learning
model, are supervised learning algorithms (Muhling et al., 2020). A function f(-): R™ — R? is used
to learn by ML by training on a dataset where m is the number of input dimensions and o is the
number of output dimensions. It can learn an approximator for a non-linear function for either
classification or regression given a set of variables X = x4, x,, ..., x,, and a target y. There may be
one or more non-linear layers, known as hidden layers, between the input layer and the output
layer. A single hidden layer ML with scalar output is shown in Fig. 6. The advantages of machine
learning (ML) include the capacity to learn non-linear models and the ability to learn models in real-
time, but it is sensitive to feature scaling and requires tuning a variety of hyperparameters,

including the number of hidden neurons, layers, and iterations (scikit-learn developers, 2017).

X oo
1 ‘ Active function
Xy : as
Active function
X3 !
a; | | (f® -y
Xy '
Active function
Ay
xn ,,,,,,,,,,,,,,,,,,,,
Input Layer Hidden Layer Output Layer

Figure 6 An example of one hidden layer ML
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Supplementary text 4. Logistic Regression and Random Forest Regression fitting and

performance
Logistic Regression (LR)
The LR for using in allocating catch to the fishing operation position had the form:
Fishing operation = Latitude + Longitude + Bathymetry + Chlorophyll-a + Distance from shore

Based on logbook data, fishing operations are labelled into two categories: fishing potential and

non-fishing potential:

0 <500 kg of catch in each VMS position

Fishing operation { 1 =500 kg of catch in each VMS position

The entire dataset was split into training and testing data, with 80% of the total data being used for
training and 20% being used for testing, before the model was fitted. The 5-fold cross-validation
accuracy score, on average, is provided as an assessment of the model's performance. The
average accuracy of the LR model was 81.21%, with a standard error of 0.022. Then, the LR
model's probability of occurring at each position was applied to reallocate proportionally to the

overall catch for a particular fishing trip.

Random Forest Regression (RFR)
The RFR for using in allocating catch to the fishing operation position had the form:
Catch = Latitude + Longitude + Bathymetry + Chlorophyll-a + Distance from shore

The same training set used to identify fishing positions in Section 2.4 was used for creating the
RFR model. The output was changed to reflect the catch in the fishing logbook (Supplementary
text 1). Root Mean Square Error (RMSE) and Negative Mean Absolute Error (MAE) were used to
calculate the model performance by dividing the total dataset into training and testing data in an
80:20 ratio. The results showed that the RMSE and MAE values were 462.068 and -208.774,
respectively. The output of the RFR, which is described as an expected catch expressing the
probability of occurrence in each position, was then proportionally adjusted according to the

landings of short mackerel and redistributed to the predicted fishing positions.
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