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A B S T R A C T

Knowledge of the gear used in multi-gear fisheries is crucial for supporting fisheries management. Still, the high 
complexity and lack of data in the Portuguese multi-gear coastal fleet compromise this task. The present study 
developed a method to predict main fishing gear used in each fishing trip for the Portuguese multi-gear coastal 
fleet based on landing records (species caught, port, and month of landing). Landing records were used to predict 
gear (available for part of the fleet with electronic logbooks) using a machine learning model (random forest). 
This model was then applied to the remaining trips of the fleet, without electronic logbooks, to predict the gear 
used. A total of six gear types were considered: bivalve dredges, traps, gillnets, trammel nets, drifting longlines, 
and bottom longlines. The overall model prediction error was 14 %; bivalve dredges and longlines had the lowest 
errors, and trammel nets and gillnets were the highest. The study sheds new light on important aspects of the 
dynamics of this fleet, namely a decreasing trend in the use of longlines, poor electronic logbook coverage for 
some gear types, and greater diversity in the catches obtained with nets compared to other gear types.

1. Introduction

Multi-gear fisheries are important to local communities worldwide 
due to their contribution to economic value and food supply, never
theless, they present many challenges to fisheries management (FAO, 
2022). Vessels employ a variety of gears, with most of them not being 
selective, resulting in the capture of numerous species (Nagasaki and 
Chikuni, 1989). Moreover, these fleets frequently lack automated data 
collection through digital systems and on-board monitoring, which im
pedes the characterization of their activity and impacts (Guyader et al., 
2013). The mixed-species nature of these fisheries, coupled with their 
diverse environmental impacts, requires a shift in fisheries management 
from single-species approaches, like total allowable catches, to 
fleet-based strategies (EU, 2022; Ulrich et al., 2012).

Vessel monitoring systems and electronic logbooks provide crucial 
data for management including the location of fishing activities and the 
type of fishing gear employed at a haul level. In recent decades, the 
European Union (EU) has intensified its data collection efforts. Vessel 
monitoring systems (VMS) and electronic logbooks were introduced in 
2004 and 2012 respectively, contributing to the implementation of fleet- 
based approaches to fisheries management (EU, 2009). However, only 
vessels above 15 m in length must report their activity through VMS and 
electronic logbooks. Vessels with a length of less than 12 m, or with a 

length between 12 and 15 m if engaged in fishing activities lasting less 
than 24 hours, are exempt from this obligation (EU, 2023, 2009). This 
exception leaves most of the fleet without gear usage information, 
seriously compromising the estimation of gear-specific fishing effort and 
consequently, the management of these fisheries (EU, 2008).

The Portuguese multi-gear coastal fleet comprises around 500 vessels 
between nine- and 35-meters length, with a minimum engine power of 
26 kilowatts. Of these, two-thirds are larger than 12 m. In 2016, this fleet 
employed 25 % of licensed fishers, landing over 200 species, accounting 
for 15 % of the mainland landings in weight and 30 % in value (DGRM, 
2016). The most landed species (in weight) were the common octopus 
(Octopus vulgaris), followed by the black scabbardfish (Aphanopus carbo), 
the surf clam (Spisula solida), the European hake (Merluccius merluccius), 
and the swordfish (Xiphias gladius) (DGRM, 2016).

This fleet operates off the Portuguese continental coast (ICES Divi
sion IXa), covering an area of approximately 1.7 million square kilo
meters and comprising many ecosystems (Leitão et al., 2022). The 
fishing activity is concentrated over the continental shelf, until 200 m 
depth (Leitão et al., 2022), mostly between one and six nautical miles 
from the coast. The area between one nm and the coast is restricted to 
vessels under nine meters (local fleet). The area outside the six nautical 
miles limit is characterized by intense activity of the trawling fleet, 
which seriously compromises the setting of static gears (Campos et al., 
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2021b). However, the multi-gear fleet uses fishing grounds inaccessible 
to trawling, such as deep canyons, seamounts, and rocky bottoms. 
Additionally, some vessels engage in deep-sea fisheries over the conti
nental slope and in the northeast Atlantic (Campos et al., 2023, 2019; 
Farias et al., 2013; Santos et al., 2013).

The fleet adapts to regional and seasonal variations in resource 
availability by employing a diverse range of fishing gear. Primarily, 
these vessels operate static gear such as nets (gillnets and trammel nets), 
traps, and longlines (bottom and drifting longlines), but towed gears, 
such as bivalve dredges, are also used. The diversity of gears used allows 
the capture of a wide variety of benthic, demersal, and pelagic species. A 
vessel may use different gears over time, sometimes on the same trip 
(Cardoso et al., 2015; Szynaka et al., 2021, 2022). Technical interactions 
occur when multiple gears target a large group of species, posing a 
challenge to fisheries management (Cardoso et al., 2015; Duarte et al., 
2009). Segmentation studies of the multi-gear fleet have been conducted 
based on daily vessel sales. However, the identification of fishing op
erations where a specific gear targets one or more species - referred to as 
a métier - has been limited at the national level. Exceptions of this are the 
drifting longline fishery targeting swordfish and the deep-water longline 
fishery for black scabbardfish, which involve distinct fleet segments 
using specific gear types (Campos et al., 2021a; Duarte et al., 2009). 
Another example is the bivalve fisheries using dredges (Campos et al., 
2021a).

In contrast, studies conducted on the south coast of Portugal, based 
on landing profiles involving dredges, trammel nets, gillnets, and 
longlines, defined and validated 11 métiers through the use of fisher 
questionnaires and onboard observations (Szynaka et al., 2021, 2022). 
These studies showed seasonality for most of the métiers identified, as 
well as annual shifts, such as the change in target species from hake to 
anglerfish when using gillnets (Szynaka et al., 2021). An example of gear 
alternation can be seen in the swordfish fleet, which uses drifting 
longlines to target swordfish in the autumn and winter, and bottom 
longlines to target wreckfish and European conger in the spring and 
summer (Campos et al., 2019). Understanding the dynamics of the 
multi-gear coastal fleet, such as regional and seasonal changes, is crucial 
for sustainable management.

This study aimed to predict the main fishing gear used on each trip. 
For part of the multi-gear fleet using electronic logbooks, the gear used is 
often recorded, but this information is not available for the remaining 
vessels. Landing records are available for the whole fleet, including all 
species landed and their weight. The landing information (species, port 
of landing, and month of the year) was used to predict the main gear 
used on each trip using a machine learning model, the random forest 
(Breiman, 2001). After verifying the predictive accuracy of the random 
forest model, the classification model obtained from the fleet segment 
with known gear information was applied to fishing trips without gear 
information.

2. Material and methods

The main purpose of this study is to characterize the fishing opera
tions of the multi-gear coastal fleet operating off the Portuguese main
land, namely, to obtain information on the gear used to assist in gear- 
based management. Data from 2012 to 2016 were used and the fish
ing trip associated with a landing event was considered as the unit of 
analysis. The fleet of interest includes vessels over 9 m, but the reporting 
of fishing operations in electronic logbooks (time and coordinates of the 
start and end of each haul, gear used and most important species caught 
is only compulsory for vessels over 15 m or between 12 and 15 m when 
fishing for more than one day, which means that only 33 % of vessels 
have VMS and electronic logbooks on board. In addition, many vessels in 
the 12–15-meter segment, even if equipped with electronic devices, do 
not record daily trips.

Although there is an overlap in the size of vessels that undertake 
fishing trips with and without records in electronic logbooks, it is 

reasonable to question whether classification rules based on larger 
vessels can be applied to smaller ones. In practice, since the most 
important variables used in gear prediction are the species landed, it is 
important to know whether species diversity is the same in both groups 
of vessels. Data to answer this question were specifically collected dur
ing this study, based on questionnaires in fishing ports. Differences be
tween the species composition of vessels with and without electronic 
logbooks, by gear, were evaluated. Since the null hypothesis of no dif
ferences in species composition could not be rejected, the gear classifi
cation rules obtained with the random forest algorithm were applied to 
the trips without electronic logbooks to predict the gear used.

The data were analyzed at trip level, but the link between gear used 
and landings was not straightforward because more than one type of 
gear can be used on a fishing trip. In practice, a vessel may use two 
distinct types of static gear on the same trip, such as traps and gillnets, 
and the catch is landed together. The frequency of gear combinations for 
trips with electronic logbooks is shown in Appendix 1 and in 28 % of 
trips more than one gear were used. The option of basing the model only 
on trips with a single gear was considered undesirable as it would 
eliminate 28 % of the trips. In cases where more than one gear was used, 
the most important gear was selected based on the analysis of the catch 
of each haul and its contribution to the catch of the trip (by weight). The 
consequences of considering only one gear per trip were assessed by 
comparing the predictive ability of the random forest model on two sets 
of data: (1) trips using only one gear or (2) all trips, assigning the main 
gear used to each trip.

All vessels in this fleet use the same types of gear, but the length of 
the gear, such as the number of panels and pots, varies according to the 
size of the vessel. Portuguese regulations allow larger vessels to have up 
to three times more gear than smaller vessels (Diário da República, 
2023). Before data analysis, catches were standardized by dividing the 
catch by the length of the vessel, thus removing the effect of vessel size 
(Le Pape, 2001; Leitão et al., 2022).

2.1. Datasets

This study used different datasets covering vessels of the coastal 
fleet, over nine meters in length, operating along the Portuguese con
tinental coast between 2012 and 2016. All data on fishing activity and 
technical characteristics of the fleet were provided by the Directorate- 
General for Natural Resources, Safety and Maritime Services (DGRM) 
in an anonymized format, using vessel identifiers to link information 
across datasets. The following datasets were used in this study: 

a) Fleet records for all vessels, consisting of vessel identifiers, fishing 
licenses, and length. The total number of vessels for the period 
2012–2016 was 497, ranging from 460 in 2012–444 in 2016. During 
this period, the number of vessels in each length category was 222, 
123, and 152 for vessels between [9–12[ meters, [12–15[ meters, 
and ≥ 15 m, respectively.

b) Electronic logbook records were available for a subset of vessels 
including vessel identifier, fishing trip identifier, port of return and 
timestamp of return, fishing gear used, and approximate weight of 
each species caught. The total number of vessels with electronic 
logbooks and corresponding landing records was 155, increasing 
from 62 in 2012–154 in 2016. The dataset contained a total of 
279,712 observations (species by haul) corresponding to 45,470 
fishing trips. From this database, only information on fishing gear 
was used in this study. A total of six gear types were considered (in 
parenthesis, the FAO gear classification, FAO, 2021): towed dredge 
(DRB), trap (FPO), gillnet (GNS), trammel net (GTR), drifting long
line (LLD), and bottom longline (LLS).

c) Landing records – consisting of landing port and species including 
the vessel identifier, landing date, trip unique identifier, landing 
port, common name, and weight of all species landed, available for 
478 of the 497 vessels in the fleet. Each landing operation was 
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considered to correspond to one trip. The dataset contained a total of 
1402,059 observations (species by trip). In this study species 
composition (in weight), month (12 months), and port of landing (22 
ports) were used. Due to the considerable number of species involved 
(over 200), only the 45 most important species landed were 
considered. Campos et al., 2021a selected the 50 most important 
species in the landings of the coastal fleet, based on a combination of 
landed weight and landed value. This study included 45 of these 
species for which species identification was unambiguous.

2.2. Data merging

The correspondence between the two fisheries-dependent datasets 
(landing records and electronic logbooks) was obtained by matching the 
vessel identifier and the date and port of landing. We build the random 
forest algorithm with gear information from electronic logbooks and 
species catches from landing records. From the fleet records, vessel 
length was merged with the previous data and used to standardize the 
catches to kilograms per vessel length (kg m− 1).

The resulting dataset, called the ’landings dataset’, brings together 
information on the main gear used (where available), the quantities of 
each species landed in kilograms per meter of a vessel, the date, and the 
port of landing. This dataset was split into two subsets: 45,470 trips from 
155 vessels with gear information and 175,890 trips from 469 vessels 
without gear information. Of the 478 vessels whose trips were analyzed, 
nine always used the electronic logbook, 146 used the electronic 
logbook for part of the trips (and are repeated in both subsets of data) 
and 323 never used the electronic logbook.

2.3. Questionnaires at fishing ports

One of the methodological issues discussed earlier is the need to base 
the gear allocation of trips without electronic logbook information on 
trips with electronic logbooks using random forest. These two subgroups 
of trips are associated with vessels of different sizes, the smaller ones not 
being equipped with electronic devices. As the random forest model is 
essentially based on the species present in the landings, it was important 
to understand whether, for the same gear, the species composition of the 
landings was similar for vessels with and without electronic logbooks 
(the same as saying for vessels of 12–15 m and vessels of 9–12 m).

This information was supplemented by landings records (weight and 
value by species) provided by Docapesca, the state company responsible 
for the first sale of fishery products. The questionnaires were conducted 
between April and August 2023 in the ports of Aveiro (North), Peniche 
and Sesimbra (Centre), and Portimão (South), which are the main ports 
for the multi-gear fleet. Each questionnaire corresponded to a fishing 
trip and was completed after the vessel arrived in port, during the 
landing operations. The questionnaire was divided into two parts. The 
first collected interview identification, vessel size, and the availability of 
electronic logbooks. The second section collected information on fishing 
operations, including gear used and species associated with each gear. 
Fishing operations using bivalve dredges and drifting longlines were not 
included in the port samples, as they are associated with unique species 
landed, namely clams and swordfish, and represent specific métiers well 
identified in previous studies (Campos et al., 2019, 2021a; Oliveira 
et al., 2013; Santos et al., 2014).

2.4. Statistical analysis

2.4.1. Comparison of species composition for vessels with and without 
electronic logbooks based on port questionnaires

The species composition for each gear type was compared between 
vessels with and without electronic logbooks. For each trip, the gear 
information provided by the skipper was linked to the species caught as 
recorded in the corresponding landing records and standardized by 
vessel length (kg m-1). If the skipper reported more than one gear type, 

an expert-based rule was applied to assign the gear type to the trip based 
on the most important species landed in weight: gillnet was assigned if 
hake, horse mackerel or pouting were the main species; trap was 
assigned if octopus was the main species; and trammel net was assigned 
if cuttlefish, soles or anglerfish were the main species landed.

A Permutational Multivariate Analysis of Variance, the Adonis 
function (Anderson, 2001), was used to test for differences in species 
composition between trips with and without electronic logbooks within 
the same gear. This non-parametric statistical test does not assume 
normality and is used to compare differences in multivariate datasets 
(Anderson, 2001). It uses distance metrics and is particularly effective in 
analyzing complex data structures, making it ideal for ecological studies 
(Anderson, 2001; Anderson et al., 2008). Its permutation method and 
resistance to outliers compared to parametric tests make it a robust tool 
for testing (Anderson and Walsh, 2013). The input data consist of 
Bray–Curtis distance matrices and 999 permutations were used to obtain 
p-values (Anderson, 2001).

2.4.2. Random forest algorithm
The random forest algorithm is a supervised machine learning 

technique that classifies observations based on multiple variables (pre
dictors) by randomly generating decision trees (Breiman, 2001). Trees 
have a pre-defined number of divisions (nodes), each based on the value 
of a single variable. The model is first applied to a set of observations of a 
known class (training phase). Hundreds of trees are generated, and 
bootstrapping is used on a subset of the variables to find the variable and 
value at each node. Once the "forest" is obtained, each observation is run 
through each tree and the assigned classification corresponds to the 
most frequent class obtained in all trees. The performance of the model 
is evaluated using various parameters related to the proportion of 
correctly classified observations. If the performance of the model is 
deemed satisfactory, the classification trees are then used to classify new 
observations with unknown class. In our case, the observations are the 
fishing trips, the predictor variables are the species caught (kg m-1), the 
month and the port of landing, and the classification variable is the main 
gear used (a random tree of the model is presented in Appendix 3). The 
model was built and tested using trips with known gear from electronic 
logbooks. The random forest algorithm was then applied to the 
remaining trips.

Before building the random forest algorithm, several parameters 
must be determined, including the number of trees generated and the 
number of nodes (variables) in each tree. To choose the number of trees 
needed to build the model, we evaluated the accuracy from 100 to 500 
trees (step of 50 trees). Although stability was achieved with 200 trees, 
the number 500 was chosen because it originated a slight increase in 
accuracy without a significant increase in computation time. The num
ber of classification variables used in each simulation was nine, which is 
the square root of the total number of classification variables available. 
This is suggested in the literature and was found to be the most accurate 
for prediction (Hastie et al., 2009).

The landings dataset was divided into two groups of trips based on 
whether the gear used was known: L1 with the gear used reported and L2 
without. To build the random forest algorithm, L1 was further divided 
into two subsets: L1-train (80 %, 36,376 trips) for model building and 
L1-test (20 %, 9094 trips) for cross-validation and evaluation. Using the 
L1-train dataset, 500 decision trees were generated. The random forest 
obtained by applying the random forest algorithm to the L1-train was 
then used in the L1-test to evaluate the predictive ability of the model. 
The outputs were: (1) global and individual gear classification error, 
known as out-of-bag error, the proportion of incorrectly assigned gears; 
(2) sensitivity, the proportion of true records correctly predicted; and (3) 
identification of the most important variables in the classification pro
cess (Genuer et al., 2010; Hong Han et al., 2016).

To determine whether the agreement between predicted and true 
gear could be justified by chance alone, we applied Cohen’s kappa co
efficient to the L1-test confusion matrix (Ben-David, 2008). This 
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coefficient provides an empirical indication of deviations from random 
classification, with high values associated with the better predictive 
ability of the random forest model (McHugh, 2012).

Information on the main gear used, obtained by the random forest 
algorithm, was analyzed using descriptive statistics to characterize the 
activity of the fleet.

2.4.3. Software used
All analyses were performed in R and implemented through RStudio 

(R Core Team, 2021). The libraries {dplyr} (Wickham et al., 2022) and 
{reshape2} (Wickham, 2017) were used to reshape and clean the data, 
{superml} (Saraswat, 2022) to find the best random forest parameters, 
{randomForest} (Liaw and Wiener, 2002) to build the predictive model, 
{parallelMap} (Bischl and Lang, 2016) to improve computational per
formance, {vcd} (Meyer D. et al., 2023) to compute Cohen’s Kapp, and 
{ggplot2} (Wickham, 2009) for graphical representation. Finally, the 
packages {MASS} and {vegan} were used for nonparametric multidi
mensional scaling and analysis of variance (Oksanen et al., 2022; Ven
ables and Ripley, 2002).

3. Results

3.1. Comparison of species composition for vessels with and without 
electronic logbooks based on port questionnaires

A total of 68 questionnaires were conducted to collect information on 
the fishing gear used and the corresponding catches per trip. These 
surveys were carried out in four major ports known for their significant 
quantities of fish landed: Aveiro (North), Peniche-Sesimbra (Centre) and 
Olhão (South), with 21, 40 and 7 questionnaires, respectively. The 
vessels surveyed included those with and without electronic logbooks. 
Of the four gear types considered, only FPO (traps) showed significant 
differences in species composition between the two groups of vessels 
(Table 1).

The significant differences for traps are due to confounding between 
vessel size and gear used. The gear type FPO covers a large group of 
gears that can be further subdivided into shelter traps and cage traps. 
Shelter traps catch only octopuses and are used on larger vessels, 
whereas cage traps, which target octopuses but also catch various fish 
and crustaceans, are used on smaller vessels (based on our interview 
data). In the questionnaires, shelter traps were most reported by vessels 
with electronic logbooks, while cages were more commonly reported by 
vessels without electronic logbooks. As this study does not distinguish 
between these two trap types, the significant difference in catch 
composition does not affect the prediction of trap type, which is based 
on the quantity of octopus landed, the dominant species for both trap 
types. Given the results obtained, it was considered possible to base the 
prediction of the gear on larger vessels.

3.2. The random forest model

3.2.1. Model evaluation
Table 2 shows the results of applying the random forest algorithm to 

the L1 test dataset in the form of a confusion matrix. The confusion 
matrix is a key tool in classification, providing a detailed breakdown of 
the actual versus predicted classifications made by the model. Correct 
membership (row labels) and random forest membership (column la
bels) can be used to assess model performance. Classification error (out- 
of-bag error) can be obtained by quantifying the proportion of trips that 
are incorrectly classified for each gear. The sensitivity represents the 
proportion of correctly classified trips, also known as the true positive 
rate.

The overall classification error was 14 %; the most accurate pre
dictions were associated with dredges (DRB), drifting lines (LLD), and 
bottom longlines (LLS) with errors of 0 %, 1.1 %, and 2.8 % respectively, 
while the least accurate predictions were associated with gillnets (GNS) 
and trammel nets (GTR) with errors of 27.1 % and 22.7 % respectively. 
Traps (FPO) had a classification error of 7.1 %. Most of the misclassifi
cation errors concerned gillnets and trammel nets; 19 % of gillnet trips 
were misclassified as trammel nets and 14 % of trammel net trips were 
misclassified as gillnets. When both nets were considered together, 8 % 
were misclassified as traps. Cohen’s kappa was 0.81, indicating good 
agreement between predicted and true values (McHugh, 2012).

The importance of variable classification is determined by its abso
lute and relative mean decrease in accuracy (aMDA and rMDA, respec
tively), which quantify the impact on predictive performance when the 
variable is removed (Table 3). When surf clam (Spisula solida) was used 
as a classification variable, trips were consistently classified as bivalve 
dredges. The next variable, swordfish (Xiphias gladius), is associated with 
drifting longlines. Another important variable is black scabbardfish 
(Aphanopus carbo), associated with a bottom longline fishery. The 
common octopus (Octopus vulgaris) is important when attributing trap as 
the main gear.

3.2.2. Effect of single gear assignment in trips using multiple gears
We compared the classification errors of single-gear trips with the 

results presented previously, based on all vessels with electronic log
books and assigning the most important gear to trips that used multiple 
gears (Appendix 4). The overall out of bag error was higher for single 
gear trips (31 % compared to 14 %). For dredges (DRB), the error was 
0 % as before. For traps (FPO), gillnets (GNS), and bottom longlines 
(LLS), the error was much higher at 25.7 % (compared to 6.6 %), 65 % 
(compared to 28.6 %) and 7.6 % (compared to 2.4 %), respectively. For 
drifting lines (LLD) the error was slightly higher, 1.7 % (compared to 
0.4 %), and for trammel nets (GTR) the error was slightly lower, 18.8 % 
(compared to 24.3 %). Cohen’s Kappa was 0.56 for the model using only 
single gear trips and 0.81 when considering all trips. Given that the 
errors were higher for the single-gear trips only, we believe that 
assigning the most important gear in multigear trips did not affect the 
predictive ability of the random forest model.

3.2.3. Gear prediction using random forest
After considering a 14 % error as acceptable, the classification rules 

obtained with L1 were applied to the L2 dataset to obtain information 
for the main gear in all trips. The results were used to quantify the use of 
fishing licenses (Table 4). Almost all vessels licensed for trammel nets 
used them, as well as, but to a lesser extent, bivalve dredges, gillnets, 
and traps. Longlines were the least used main type of gear, used by only 
half of the vessels with this license.

The number and percentage of trips (observed and predicted) were 
estimated for each gear. Traps represent almost half of the total number 
of trips, followed by trammel nets. Gillnets and bottom longlines were 
found to be much less used. Finally, drifting longlines are the least used 
gear type.

Fig. 1 shows the number of trips for each gear type for the L1 and L2 

Table 1 
Permutational multivariate analysis of 
variance using distance matrices on stan
dardized landed weight (kilograms per 
meter of vessel length). Each p-value is 
based on more than 999 permutations 
(the lowest p-value reported is 0.001).

Gear p-value

FPO 0.001
GNS 0.067
GTR 0.130
LLS 0.933
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datasets combined. The number of trips using bivalve dredges increased 
by over 80 % and the use of bottom longlines decreased by 30 %. The use 
of drifting longlines (LLD), and traps (FPO) present a similar trend, 
decreasing in 2015 and increasing in 2016. The number of trips using 
gillnets (GNS), and trammel nets (GTR) varied over time, but the high 
classification error associated with these gears makes it difficult to 
suggest a real trend.

Fig. 2 shows the species caught by different types of fishing gear. 
Trips with electronic logbooks and without are plotted separately.

The diversity of species landed varies according to the type of fishing 
gear employed. In bivalve dredge fishing trips (DRB), only one species 
was reported, namely the surf clam (ULO – Spisula solida). In drifting 
longline (LLD) six species were reported. In contrast, in fishing trips 

employing gillnets, trammel nets, and traps over fifteen species were 
reported. The proportion of fishing trips that employ electronic logbooks 
varies among fishing gears and among species within each gear. The 
level of availability of electronic logbooks for bivalve dredges (DRB) and 
traps (FPO) is low. Conversely, most drifting longlines (LLD) are asso
ciated with trips with electronic logbook data. Finally, bottom longline 
(LLS) has an overall low coverage with electronic logbooks but a high 
coverage of trips reporting black scabbardfish (BSF – Aphanopus carbo), 
lowfin gulper shark (CPL – Centrophorus lusitanicus), and smooth-hound 
(SMD – Mustelus mustelus). This can be attributed to the larger size of the 
vessels involved in this fishery, which was identified previously as a 
specific fleet component.

4. Discussion

This study looks at the fishing gear used by the multi-gear fleet on the 
Portuguese coast. Knowing which gears are used is the first step towards 
managing this fleet more efficiently. Gear information, combined with 
georeferenced data (location of the fishing grounds), knowledge of the 
species caught, and the impacts caused by each gear (Fennell et al., 
2021; Grabowski et al., 2014) will allow gear-based management, which 
is fundamental for an ecosystem-based management approach 
(Chuenpagdee et al., 2003). In Europe, such management policies are 
important to comply with by-catch reduction and the landing obligation 
(Prellezo and Villasante, 2023). Gear information, combined with eco
nomic data on the value of the landings and operation costs of each gear, 
can be used to predict the consequences of forbidding or reducing the 
use of a given gear in space or time or introducing gear substitutions 
(Chuenpagdee et al., 2003). At present, considering this approach is not 
possible because most of the vessels in this fleet (about 2/3), do not have 
electronic logbooks; for these vessels, only landing records are available 
and thus it is not possible to know which fishing gear is being used.

Table 2 
Confusion matrix from the prediction of the L1-test subset with 9094 fishing trips together with the percentage of classification error (Class. Error) and sensitivity 
(proportion correctly classified). The overall classification error was 14.0 %. The blue cells represent the number of correctly classified trips. Cohen’s kappa was 0.81.

Number of trips with observed gears

DRB FPO GNS GTR LLD LLS Total Class. Error (%) Sensitivity

DRB – bivalve towed dredges
120

0 0 0 0 0 120 0 1

FPO – traps
0

2534 63 126 0 6 2729 7.1 0.93

GNS – gillnets
0

125 1240 327 0 10 1702 27.1 0.73

GTR – trammel nets
0

223 332 1898 0 3 2456 22.7 0.77

LLD – drifting longlines
0

0 0 1 94 0 95 1.1 0.99

LLS – bottom longlines
0

16 31 8 1 1936 1992 2.8 0.97

Table 3 
The mean decrease in accuracy of the cross-validation of the top ten variables 
with at least 100 trips shows the absolute (aMDA) and relative (rMDA) impor
tance of each variable in predicting the gear using (L1-train). The aMDA value 
represents the number of trips misidentified when the variable is removed, and 
rMDA is its relative percentage. Higher values indicate greater importance in the 
classification process. Variables are in descending order of rMDA.

Common name Number of trips aMDA (num) rMDA (%)

Surf clam 417 389 93
Swordfish 579 288 50
Black scabbardfish 6641 2312 35
Shortfin mako shark 630 186 29
Common octopus 17,568 4738 27
Olhão port 703 190 27
Sesimbra port 9243 1547 17
Lowfin gulper shark 2109 309 15
Blackbellied angler 3494 446 13
Silver scabbardfish 342 45 13

Table 4 
Number of licensed vessels for each gear type in the coastal multi-gear fleet, together with the number of vessels and fishing trips using each gear type (observed: L1 
dataset and predicted: L2 dataset). DRB: bivalve dredge; FPO: trap; GNS: gillnet; GTR: trammel net; LLD: drifting longline; LLS: bottom longline. Vessels may hold 
licenses for more than one type of gear.

DRB FPO GNS GTR LLD LLS

Number of vessels with license 52 389 320 341 60 434 Number of vessels

Number of vessels with observed gear (with e-logs, L1 dataset) 2 85 97 101 24 48 155
Number of vessels with predicted gear (without e-logs, L2 dataset) 47 344 286 333 29 164 469
Total number of vessels (observed + predicted gear)* 47 348 289 334 41 174 478
Percentage of vessels using licensed gear 90.4 89.5 90.3 97.9 68.3 40.1 Number of trips
Number of trips with observed gear (e-logs, L1 dataset) 537 13,480 8489 12,270 586 10,108 45,470
Number of trips with predicted gear (without e-logs, L2 dataset) 7767 81,054 21,700 54,920 221 10,228 175,890
Total number of trips (with observed + predicted gear) 8304 94,534 30,189 67,190 807 20,336 221,360
Percentage of trips 3.7 42.7 13.6 30.4 0.4 9.2 ​

* The total number of vessels does not correspond to the sum of the values in the two previous rows because many vessels are repeated in L1 and L2 because they do 
not use the electronic logbook on every trip.
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Previous studies have addressed fleet segmentation in this fleet based 
on landed species composition and vessel characteristics (Campos et al., 
2021a; Duarte et al., 2009). Duarte et al. (2009) used a non-hierarchical 
clustering approach, partition around medoids (PAM), and multivariate 
regression trees (MRT) to identify variables important in separating 
groups of vessels, by region. Regression trees were better for grouping 
vessels based on variables like vessel size, gear, or port of landing. The 
vessel groups could not be associated with specific gears or target spe
cies. In the study by Campos et al. (2021a), another non-hierarchical 
classification technique, CLARA (Clustering LARge Applications), was 
used (Castro et al., 2010; Castro et al., 2007). Fourteen landing profiles 
were found, associated with target species, nine of which were classified 
as strong, based on a quality index. Gear was not considered in this study 
because the electronic logbooks were unavailable. Recently, Szynaka 
et al. (2021) used CLARA and MRT to identify eleven métiers from 
fishing trips in the south of Portugal, and ten of these were later vali
dated with surveys (Szynaka et al., 2022).

The segmentation of fishing trips undertaken by multi-gear fleets, 
based on landing records and classification techniques, has been 
employed in other regions in southern Europe. González-Álvarez et al. 
(2016), in Asturias, Spain, used an integrated method of analysis 
combining administrative data on fishing licenses, daily sales statistics, 
and information from surveys, to identify twenty-one métiers with 
special relevance of the trammel net (targeting Lophius spp.), the Mer
luccius longline and the Merluccius gillnet métiers. In Italy, Russo et al. 
(2016), used Self Organizing Maps, a machine learning technique, in 
conjunction with VMS data and logbook data, to identify specific 
métiers. This represents a significant advancement in the identification 
of fishing gears and métiers utilized in the Mediterranean region. It di
verges from the previous studies in that it is an unsupervised method 
that employs unlabeled data to infer métiers (Russo et al., 2016). Nine 

landing profiles associated with métiers were identified. In Mallorca, 
Spain, Palmer et al. (2017) employed a methodology based on the input 
of experts to identify seven métiers. Subsequently, seventeen binary 
classification algorithms were applied to the data with the k-nearest 
neighbor classifier (IBk) being considered as the most optimal, based on 
agreement with expert classification.

This study proposes the use of random forest, a supervised classifi
cation algorithm, to predict the gear used based on landings information 
such as species composition, month, and port. The availability of com
plete species records only at the trip level determined the adoption of the 
fishing trip as the study unit instead of the haul. The model was tested on 
a set of fishing trips for which the gear was known (the training phase), 
and the results were applied to all other trips. This model was chosen 
due to its robustness to noise and its non-parametric approach to clas
sification (Hamza and Larocque, 2005). Machine learning classification 
techniques using multiple classifiers are considered better than the ones 
using single classifiers but have an increased risk of overfitting 
(Kotsiantis et al., 2006). The random forest solves the overfitting prob
lem by selecting a distinct set of classifiers in each tree, chosen with 
bootstrap sampling from a subset of the available classifiers (Zhu, 2020). 
Although not commonly used in fisheries, the random forest demon
strated to be an important tool for predicting fishing events (Behivoke 
et al., 2021), identifying fishing points and quantifying fishing efforts 
(Rufino et al., 2023), and detecting fishing operations from surveillance 
data (Meeanan et al., 2023).

The random forest algorithm had an overall classification error of 
14 % when classifying trips in six gear types (in parenthesis, the FAO 
gear classification, FAO, 2021): towed dredge (DRB), trap (FPO), gillnet 
(GNS), trammel net (GTR), drifting longline (LLD), and bottom longline 
(LLS). Cohen’s kappa was 0.81, indicating good agreement between 
predicted and true values (McHugh, 2012). Two gear types, the gillnets 

Fig. 1. Number of trips from 2012 to 2016 for each gear type for datasets L1 and L2 combined. The upper and lower lines show the standard deviation. Bivalve 
dredge (DRB) has no error lines since the prediction error was 0 %.
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and trammel nets, had the highest errors, respectively 27.1 % and 
22.7 %. The source of higher errors is associated with three gears, traps, 
gillnets, and trammel nets. Misclassifications associated with these gears 
represent 94 % of all errors. The misclassification of gillnets as trammel 
nets and vice versa is the most common classification error representing 
52 % of the errors. This may be related to more than one gear being used 
in the same fishing trip since in 7 % of the trips trammel nets and gillnets 
were used together. Misclassification involving traps and nets accounts 
for 42 % of the errors. The confusion among these gears comes from 
overlap in the most important species landed. As an example, hake and 
horse mackerel are the most abundant species for both gillnets and 
trammel nets and hake is also the fourth most important species for 
traps. Another important species for classification, the black-bellied 
angler, is found in both gillnets and trammel nets. The common 
octopus, which is the most significant species for traps, ranks as the 
fourth most important species for gillnets. Three fishing gear types were 
associated with small classification errors: the bivalve dredges, bottom, 
and drifting longlines.

To apply the random forest algorithm, it was necessary to assume 
that vessels only operate a single gear per fishing trip. In 28 % of the 
trips analyzed, more than one gear was employed. In such instances, the 
gear assigned to the trip was that which constituted most of the catch, as 

determined by logbook data. The decision to build the model using all 
trips for which gear information was available was based on two argu
ments: (1) it was considered undesirable to exclude 28 % of the trips, 
and (2) it was assumed that multiple gears should be present in the trips 
to which the model was applied. This approach ensures consistency 
between the data used in building the model and the data used in its 
application. However, the accuracy of the classification was evaluated 
by comparing classification errors based on all trips with classification 
errors based on trips involving a single gear. The overall out-of-bag error 
was significantly higher for single-gear trips (31.2 % compared to 
14.6 %). Cohen’s Kappa was 0.56 for the model utilizing solely single- 
gear trips, in comparison to 0.81. For dredges (DRB) the error was 
0 % as before. For traps (FPO) and gillnets (GNS) the error was much 
higher, when using single-gear trips, respectively 25.7 % (compared 
with 6.6 %), 65 % (compared with 28.6 %). For bottom longline (LLS) 
and drifting longlines (LLD) the error was slightly higher, respectively 
7.6 % (compared with 2.8 %) and 1.7 % (compared with 0.4 %), and 
regarding trammel nets (GTR) the error was slightly lower, 18.8 % 
(compared with 22.7 %). The reason for higher errors in traps and 
gillnets, when training the model with single-gear trips, is not clear. The 
errors were expected to be similar. One possibility is that electronic 
logbooks are not completed correctly. Often the data is entered at the 

Fig. 2. Species composition in percentage of landed weight by gear type. Only the most important fifteen species for each gear are represented. Landings with gear 
information (w/ e-logs) are in white and landings without gear information (w/o e-logs; gear predicted) are in grey. Species 3-digit codes in order of appearance: ULO 
– surf clam; OCC – common octopus; BIB – pouting; COE – European conger; HKE – European hake; SOL – common sole; RJC thornback ray; HOM – Atlantic horse 
mackerel; LDV – Large-scaled gurnard; RJH – Blonde ray; JOD – John dory; BRB – Black seabream; CTC – Common cuttlefish; SYT – Nursehound; FOR – Forkbeard; 
SOS – Sand sole; MON – Angler; SBA – Axillary seabream; MAS – Chub mackerel; ANK – Blackbellied angler; MAC – Atlantic mackerel; MKG – Thickback sole; MUR – 
Surmullet; BSS – European seabass; CET – Wedge sole; SWO – Swordfish; BSH – Blue shark; SMA – Shortfin mako; POA – Atlantic pomfret; CPL – Lowfin gulper shark; 
SMD – Smooth-hound; BSF – Black scabbardfish; BRF – Blackbelly rosefish; WRF – Atlantic wreckfish; SFS – silver scabbardfish; SBR – Blackspot seabream; GAG – 
Tope shark; RPG – Red porgy.
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end of the trip and the only information considered important is the 
declared catch, which can be verified by port authorities on landing and 
subject to fines if misreported. Little importance is given to the gear 
used. Based on these results, we concluded that considering the main 
gear for trips with multiple gear was acceptable.

Bivalve dredges and bottom longline fishing trips correspond to 
previously identified métiers belonging to the bivalve dredge fishery and 
black scabbard fishery respectively (Campos et al., 2021a). Both the 
bivalve dredges and the black scabbard longlines are highly selective 
gears, thus justifying a low classification error. The dredges catch a small 
group of bivalve species and operate off Aveiro, Matosinhos, Olhão, and 
Setúbal (Oliveira et al., 2010), while the deep-water longline targets 
black scabbardfish along the continental slope, mainly off Sesimbra 
(Bordalo-Machado and Figueiredo, 2009; Farias et al., 2013). The 
drifting longline fishery, targeting swordfish in open sea areas and 
seamounts (Santos et al., 2013), was identified in previous studies 
(Campos et al., 2023, 2019) corresponding to a seasonal fishery prac
ticed by a group of longliners that can also operate bottom longlines.

The errors for the different gears agree with the important variables 
for classification found in random forest. These variables are strongly 
associated with gears with low classification error. Considering the 
important species for each gear from landing records, surf clam is 
associated with dredges, swordfish, shortfin mako shark, lowfin gulper 
shark with drifting longlines, black scabbardfish and silver scabbardfish 
with bottom longlines, common octopus with traps, and to lesser extent 
gillnets, blackbellied angler is associated with gillnets and trammel nets. 
The ports of Olhão and Sesimbra are associated, respectively, with the 
landing of octopus and scabbardfish, contributing to the classification of 
trips as traps or bottom longline. Similarly, Duarte et al., (2009) also 
found that landing port was among the most important variables to 
predict gear.

Fishing gear characteristics of the multi-gear fleet affect species 
composition of caught species, thus if the gear information were avail
able at a higher level of detail, such as mesh size or type of trap, 
misclassification could be reduced. The same applies to trammel nets 
and traps, with the second and third higher classification errors, 
respectively. In this study, métiers were only classified according to the 
type of gear used (level 4 according to FAO) due to the lack of gear 
characteristics such as mesh size and hook number, impacting fleet- 
based management. In gillnets and trammel nets, more than one mesh 
size is known to be used depending on whether the targeted species are 
small, such as soles and cuttlefish, or large, such as anglers and skates 
(Duarte et al., 2009; Moura et al., 2016; Szynaka et al., 2021). Since this 
information is not available, the definition of métiers to a higher level 
requires the implementation of nationwide questionnaires to fishers. 
This was the case of the studies carried out by Castro et al. (2021)
through interviews to skippers of the Portuguese small-scale multi-gear 
fleet, and Szynaka et al. (2021) with a similar approach in the multi-gear 
coastal fleet operating off the south coast.

Almost all vessels in this fleet are licensed for more than one gear 
type, with more than thirty different license combinations (DGRM, 
2016). In the trips analyzed in this work and considering the gear dec
larations in electronic logbooks, an average of 3.3 gears were used per 
vessel. However, owning these licenses does not imply their effective 
use. In this study, information was obtained on the most important gears 
used by vessels with multiple licenses and how their usage evolved. 
Since the number of gear licenses attributed to each vessel is mostly 
constant, changes in the number of gears used indicate gear preferences. 
It was demonstrated that not all vessels use the gears they are licensed 
for, like the studies by Duarte et al. (2009) and Szynaka et al. (2022). 
While most vessels used trammel nets, bivalve dredges, gillnets, or traps, 
longlines were much less used. This was more evident for bottom 
longlines, used by only one-third of the vessels holding this license. Gear 
preferences changed over time; while fishing trips using bivalve dredges 
increased over the study period, those using bottom longlines decreased. 
We hypothesize that the low-risk, steady income of the bivalve dredges 

fishery made this gear attractive, with multiple vessels changing their 
activity towards this fishery. The fishing gear shifts between 2014 and 
2015 were further explored during this study by questioning fishers 
operating traps and drifting longlines. Two changes were registered 
during this period: first, the price of the main target species in traps - 
octopus - dropped in 2015. This made fishers switch to trammel nets or 
stop fishing during this year. Secondly, regarding drifting longlines, a 
new law entered into force in 2015 restricting the use of this fishing 
gear. A minimum weight of fifteen kilograms for swordfish landed was 
added and the transaction of individual quotas between vessels was 
facilitated (Portuguese legislation Diário da República, 2014). Vessels 
that had a quota for swordfish but did not want to use it could sell their 
quotas to other vessels. We hypothesized that this reduced the size of the 
fleet operating drifting longlines in 2015 and thus the number of trips.

We found that catch species composition, complemented with in
formation on the port of landing (an indicator of the location of fishing 
grounds) can be used to predict fishing gear when this information is 
available for part of the fishing trips. Such a methodology is important 
because it allows gear-based management. The results obtained in this 
study also show that information from the fleet component with elec
tronic logbooks can be generalized to the rest of the fleet. This approach 
can be applied before electronic logbooks are introduced in smaller 
vessels, which will be mandatory in the EU fleet up to 2030 (European 
Commission, 2023). Further improvements to minimize misclassifica
tion of trips can be achieved by exploring modifications to the random 
forest base model (Modak et al., 2024; Zhou and Mentch, 2023).

5. Conclusions and recommendations

In this study, a random forest model based on landing records was 
employed to predict the fishing gear utilized in thousands of fishing 
trips, with a high level of accuracy. The selectivity of the various fishing 
gears and, consequently, the species composition of the catches they 
yield varies considerably. Therefore, information on the gear used is of 
foremost importance for fisheries advice. Nets have a higher catch rate 
but are less selective, resulting in a greater number of species caught and 
higher discards and the catch is often in poor condition. Hooks are more 
selective and result in fewer discards and much of the catch is of good 
quality. These nuances demonstrate that the impact of gear varies and 
highlight the importance of understanding the specific fishing gear 
utilized in each trip. The deployment of this model has contributed to 
the understanding of the fishing gears employed and the quantification 
of the fishing effort within the multi-gear fishing fleet. Furthermore, the 
utilization of electronic logbooks was pivotal; however, it is recom
mended that additional gear-related information, such as mesh and hook 
sizes, traps, and longline types, should be registered in electronic log
books to facilitate the identification of higher-level métiers and enhance 
the quality of data for fisheries advice and conservation.
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