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A B S T R A C T

Predicting fishing activity from vessel tracking data is crucial for quantifying fishing effort. This study addresses 
this challenge by classifying the fishing versus non-fishing activity status of small-scale vessels using passive 
gears, with a suite of different algorithms, ranging from basic statistics (Logistic Regression - LoRe) to Machine 
Learning (Decision Trees - Dtree, Random Forests - RaFo, and Extreme Gradient Boosting - XGBo). Results 
demonstrate that the Machine Learning (ML) ensemble significantly outperformed LoRe, especially with XGBo 
and Dtree achieving comparable high accuracy and robustness across training, validation, and test sets. By 
employing SHAP (SHapley Additive exPlanations), we demonstrate that the vessel speed (SPEED) and course 
variations (course_diff), the hour of the day (hours), and the distance from the coast (distance_from_coast) or the 
bathymetric depth (depth), are the primary mechanistic drivers for discerning fishing operations in passive-gear 
small-scale fisheries (SSF). We provide a fully reproducible workflow and a unique, high-resolution dataset of 
manually labelled tracking data to address the critical scarcity of validated resources in this field. This framework 
provides a timely, scalable solution for high-resolution tracking analysis, directly addressing the technical needs 
arising from upcoming EU mandates (Control Regulation 2023/2842) for small-scale vessel monitoring. The 
shared code and data enable researchers to evaluate model transferability and generalisation, providing a 
standardised approach to harmonise fishing effort estimation across diverse geographic contexts. Finally, the 
provided code is structured as an accessible framework for fisheries scientists with limited ML experience, of
fering a practical foundation for implementing automated activity classification.
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1. Motivation and significance

Nowadays, a large amount of geospatial data is available from 
remote-sensing technologies, such as Synthetic Aperture Radar imagery 
[1], and ship-reporting systems, including the Vessel Monitoring System 
(VMS; [2–4]) and Automatic Identification System (AIS; [5–7]). These 
sources enable large-scale fisheries (vessels over 12m in length) to be 
tracked and their fishing effort to be assessed [8–12]. In contrast, 
small-scale fisheries (SSF), defined as vessels under 12 m in length and 
not using towed gears - as per CE Regulation N◦ 508/2014 [13] - remain 
largely underrepresented. This is a major challenge, as SSFs represent 
80%+ of the world's fleet. For example, in the Mediterranean and Black 
Seas, SSF account for 84% of the total fleet and contribute 24% of the 
total landing value [14].

Commonly, SSF vessels employ passive gears, such as nets and traps, 
varying widely between target species, market demand, and season, 
which influences where and when the boats operate. Fishing activity 
using passive gears generally involves two separate actions: setting the 
gear and, after a certain period, hauling it. The timing of retrieval 
(hauling) can also be influenced by weather. These activities further 
follow regional regulations that limit the number, length and specifi
cations of the gears and, in some cases, fishing quotas.

Accurately quantifying SSF spatio-temporal fishing effort can pro
vide scientists, policymakers and managers with the means to evaluate 
the potential impacts on the marine ecosystems and identify possible 
spatial conflicts with overlapping activities such as aquaculture, other 
fishing fleets, etc [15–18]. Previous works have compared a plethora of 
methods to evaluate fishers' behaviour (e.g., evaluate whether SSF 
vessels are fishing or not) [19–21]. It is clear that SSF require high 
resolution tracking, with intervals on the scale of minutes to seconds 

[22], which will produce a large amount of data on the spatio-temporal 
dynamics of SSF. However, there is still the lack of a complete, publicly 
available workflow that provides the full analytical code, with a 
particular focus on hyperparameters tuning for the detection of possible 
model overfitting1 (in the case of Machine Learning (ML) applications) 
and evaluation of predictors importance, and a labelled dataset for 
testing it.

To address this gap, the present work aims to supply and share a 
comprehensive and fully replicable approach through a Python code 
designed for classifying fishing versus non-fishing activity in each geo- 
position of a given trip. In contrast to previous studies (e.g., [23,24,
19–21]), this approach explicitly documents and evaluates models 
across separate training, validation, and test sets, providing the used 
tuning parameters and assessing the influence of the variables used as 
predictors on models’ performances. In addition, an anonymised sample 
dataset of 846 SSF trips employing passive gears (i.e., gillnets – GNS, 
trammel nets – GTR, and pots – FPO [25]) is provided (see Supple
mentary Table S1 for additional information). These trips were recorded 
with GNSS tracking devices (i.e., Global Positioning System, GPS2) and 
allow direct testing, reproducibility and adaptation of the workflow to 
other fisheries and contexts.

Given that a potential pipeline for automatically estimating fishing 
effort from high-resolution passive-gear vessel tracking data requires 
labelling fishing and non-fishing operations (a highly time-consuming 
task if done manually), this study addresses the challenge by auto
mating the process and moving towards the prediction of fishing oper
ations to ensure scalability, particularly for large datasets (Fig. 1). This 
step is critical, as precisely defining where and when fishing events 
occur is key to understanding the main grounds exploited in a given area 
and the implications of their use. In this case, dealing with passive gears, 
fishing activities were identified only as hauling, whereas the deployment 
phase (setting) was grouped together with navigation under the category 
“not_fishing”. This was done to avoid overestimating fishing effort by 
ensuring that setting and hauling are treated as parts of a single fishing 
event rather than separate operations.

Fig. 1. The proposed pipeline for automated high-resolution vessel tracking data analysis. The process begins with the download of positional data from the storage 
server (in this case, Traccar - https://www.traccar.org/), followed by data standardisation and trip identification using the code provided by [26]. Next, fishing 
events are defined based on expert knowledge (distinguishing fishing from not_fishing), and subsequently validated by fishers, who visually inspect vessel tracks on 
printed maps and annotate the corresponding fishing gear. Finally, the code described in this paper is applied to automatically classify fishing operations, enabling 
the matching of paired setting/hauling events and the calculation of soak time, with additional routines available from [23].

1 i.e., when a model learns not only the underlying patterns in the training 
data but also random noise or dataset-specific details, leading to poor perfor
mance on unseen data.

2 The original ping rate is 60 seconds, but positions were interpolated to 
obtain a more conservative 30 second-resolution, as suggested by [22].
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2. Software description

2.1. Software architecture

The software is designed as a modular Python-based workflow 
shared via GitHub/Zenodo [27]. It follows a pipeline-oriented archi
tecture that automates vessel tracking data analysis, predicting the ac
tivity status for each geo-position within a fishing trip. The core system 
consists of: 

• Data Processing Engine and Model Wrapper: A main Python script 
(“1_predict_activity_status_parallel.py”) that ingests kinematic and 
temporal features (prioritizing behavioral predictors, such as vessel 
speed, over location-specific coordinates to ensure geographic 
transferability) and handles parallelized model execution and cross- 
validation.

• Visualization & Interpretability Layer: A Jupyter notebook 
(“2_results_visualization_predict_activity_status_parallel.ipynb”) for 
result inspection and SHAP-based feature importance analysis.

• To facilitate immediate testing, the architecture includes a sample 
dataset (“anonymized_dataset.rds”) and pre-computed output files 
(“model_performances_on_data_splitting_with_shap.csv” and “data
set_with_predictions.rds”), allowing users to explore the visualiza
tion module without re-running the main Python script.

2.2. Software functionalities

The software enables a systematic approach to tracking data analysis 
by automating the benchmarking of multiple algorithms, allowing for a 
direct performance comparison between traditional statistical methods 
and advanced ML models. To ensure model reliability, the workflow 
integrates an automated hyperparameter optimization routine via a 
RandomizedSearchCV interface, which is strictly nested within an eval
uation loop to prevent data leakage and ensure unbiased results. Beyond 
classification, the tool provides built-in routines for extensive evaluation 
through the generation of diverse performance metrics and diagnostic 
plots. Finally, the integration of SHAP (SHapley Additive exPlanations) 
serves as a critical explainability layer, transforming black-box ML de
cisions into transparent, interpretable insights by quantifying the spe
cific contribution of each feature to the model's predictions.

3. Illustrative examples

To demonstrate the software's utility, the workflow was tested on a 
case study involving a dataset of vessel tracking data collected from five 
small-scale fishing vessels operating out of an Italian harbour. These 
vessels were equipped with GNSS tracking devices that recorded their 
position every minute (temporal resolution), along with vessel ID and 
timestamps; the data was subsequently anonymised [29]. The used ar
chitecture was described by [30]. This sample dataset, made available in 
the same repository, allows direct testing of the described code. Further 
details are provided in the Supplementary Table S1. The distinction 
between fishing and not_fishing was made based on the expert opinion 
and subsequently validated by the fishers, who visually inspected vessel 
tracks on printed maps and annotated the gear employed.

For classifying the activity status, a statistical model (Logistic 
Regression – LoRe) and a set of ML algorithms (Decision Tree - Dtree, 
Random Forest - RaFo, Extreme Gradient Boosting - XGBo) were chosen 
to provide a range of model complexity. Deep Learning algorithms were 
avoided, as they are highly resource-demanding and usually require 
large, well-validated datasets to be trained, which are not always 
available.

The central component of the model development workflow is the 
nested cross-validation (CV) approach: it involves an outer loop with 5 
folds, where the model is trained on four folds (70% of the fishing trips 
of the input dataset) and validated on the remaining part (20%) to assess 
its generalisation ability. Within each outer training fold, an inner 3-fold 
CV is conducted for hyperparameter tuning, using RandomizedSearchCV 
function from the Python scikit-learn library [28] to systematically select 
the most effective settings. This dual-layered strategy ensures that 
hyperparameter tuning does not influence the final performance eval
uation, which is conducted on the holdout test set (10% of the fishing 
trips). This procedure provides a robust assessment of the model's true 
predictive power, while the tuning step is crucial to reduce overfitting, a 
common issue in ML where models memorise training data rather than 
learning generalizable patterns. The specific settings are detailed in 
Supplementary Figure S1.

Model performance was evaluated using the following metrics: Ac
curacy, Precision, Recall (Sensitivity), Specificity, F1 Score and AUC 
Score. Moreover, a Principal Component Analysis (PCA) was undertaken 
to understand how each metric is related to the others.

Concerning predictors, a total of 7 variables (i.e., SPEED, dis
tance_from_coast OR depth, course_diff, time_seconds, trip_duration, hours, 
months) were selected and tested. Being depth and distance_from_coast 

Fig. 2. Exemplification of a fishing trip, with fishing (red) and not-fishing (gray) positions (left panel). Values of course_diff (i.e., difference in course between 
consecutive points, dark green = high values, middle panel) and SPEED (red = low values, right panel) are mapped too.
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highly correlated (Supplementary Figure S2), the aforementioned 
models were tested once with depth and once with distance_from_coast. In 
this section, authors provide the variable combination including dis
tance_from_coast, but similar results were obtained using depth and can 

be visualized in Supplementary Figure S5. To ensure the geographic 
transferability of the model, authors intentionally excluded longitude 
and latitude as predictors. Including spatial coordinates often leads to 
'location-memorization' (spatial overfitting), where the model learns 

Fig. 3. Workflow of the model development process.
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specific local fishing grounds rather than the universal behavioral pat
terns of the vessel. By relying solely on kinematic features (e.g., SPEED, 
course_diff – Fig. 2) and environmental variables (e.g., depth OR dis
tance_from_coast), the model remains applicable to other maritime re
gions where spatial hotspots may differ. Indeed, the features selected for 
this study represent the spatial, temporal, and kinematic characteristics 
of vessel behaviour that define the transition between navigation/ 
setting and fishing/hauling. SPEED should be a primary discriminator, 
as hauling operations in this case study occur at significantly lower 
velocities compared to setting or transit. To capture the spatial logic of 
the fishing trip, distance_from_coast OR depth were included; the former 
may help identifying the distal points of a journey where hauling typi
cally happens, while the latter serves as a proxy for specific fishing 
grounds and gear-target species locations. Vessel manoeuvrability is 
captured via course_diff (i.e., difference in course between consecutive 
points), which highlights the directional shifts inherent in gear handling. 
Finally, the temporal structure of the operations is defined by time_
seconds, trip_duration, hours, and months (the latter added as suggested by 
[22]). These variables allow the model to learn the cyclical and rhythmic 
nature of fishing, such as the preference for sunrise-hauling over 
sunset-setting, and the mid-trip timing characteristic of hauling events. 
A further description of each variable was provided in the Supplemen
tary Table S2 and in the “README.txt” of the shared repository.

Besides, SHAP (SHapley Additive exPlanations) values were 

calculated on the test set for each model using the 7 aforementioned 
variables, including distance_from_coast, to quantify the contribution of 
individual features to the model’s predictions. A SHAP beeswarm plot 
was employed for each model to visualize feature importance, providing 
a detailed view of how each predictor’s value influences the model's 
decision-making process and highlighting the trade-offs between tem
poral and spatial drivers. In particular, this allowed for an assessment of 
how high or low values of selected variables positively or negatively 
contribute to the classification of fishing activity. Additional outputs, 
such as the aggregated and global mean absolute SHAP values for each 
feature were provided as Supplementary Figures S4.

The entire data processing is summarised in the workflow portrayed 
in Fig. 3.

Hyperparameter tuning ensured that all models remained well- 
generalized, with performance metrics remaining consistent across 
training, validation, and test sets, and showing minimal overfitting 
(Fig. 4). Among the evaluated algorithms, XGBo emerged as the most 
robust, achieving a balanced F1 Score of 92.0% and a peak AUC of 
97.9% (Fig. 5). While RaFo yielded a slightly higher raw recall (99.0%), 
its lower precision compared to XGBo indicated a tendency to over- 
predict fishing events. This inverse relationship between recall and 
other performance metrics is further supported by the Principal 
Component Analysis (PCA) biplot of the test set results (Supplementary 
Figure S3), which shows recall following a distinct performance 

Fig. 4. Performances (i.e., accuracy, precision, recall, specificity, F1 score, AUC score) for the 4 classification models (LoRe, Dtree, RaFo, XGBo), with data splitting 
into train, validation and test sets. Boxplots display the distribution of training (blue) and validation (green) scores across CV folds. The blue and green numeric labels 
indicate the mean score for their respective sets. The red diamond and its red numeric label show the final, single score achieved on the independent test set. A 90% 
threshold (red dashed line) is included for reference.
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trajectory opposite to the precision-specificity cluster. The competitive 
performance of the LoRe, achieving approximately 89% accuracy 
compared to the 91-93% seen in complex ensemble methods, can be 
primarily attributed to the high predictive power of a few key features – 
most notably vessel SPEED, as can be observed from the SHAP beeswarm 

plots (Fig. 6). Indeed, the SHAP analysis identifies SPEED as the primary 
discriminator, the dominant signal across all models, suggesting that the 
decision boundary for identifying fishing in this context is largely linear 
or defined by clear thresholding, which LoRe captures effectively. This is 
further evidenced by its high recall (~97%), indicating that a simpler 

Fig. 5. Receiver Operating Characteristic (ROC) curves for the 4 classification models. The plot illustrates the diagnostic ability of each model by mapping the True 
Positive Rate (Recall = Sensitivity) against the False Positive Rate (1-Specificity) across all possible classification thresholds. The XGBo model (top red curve) 
demonstrates superior predictive performance with an AUC of 0.979, indicating a near-perfect separation between fishing and not-fishing activities. The diagonal 
dashed line represents the performance of a random classifier (AUC = 0.5), serving as a baseline for model efficacy.

Fig. 6. SHAP beeswarm plots of feature influence on fishing activity classification. Each plot, one for each model, illustrates the distribution of the impacts each 
feature has on the model output for the test set, arranged in a top-down ranking based on their overall importance. Each dot represents an individual observation; its 
position on the x-axis indicates whether that feature's value increased (positive SHAP value, on the right) or decreased (negative SHAP value, on the left) the 
probability of the positive class (fishing_label = 0). The colour gradient represents the feature value, from low (blue) to high (red). For instance, lower speeds (blue) 
are strongly associated with higher SHAP values (on the right of the plot), indicating a significant contribution toward the fishing classification.

P. Lattanzi et al.                                                                                                                                                                                                                                SoftwareX 34 (2026) 102579 

6 



linear approach is highly efficient at identifying the target class, even if 
with a slight trade-off in precision (ensuring fewer missed detections at 
the cost of higher false alarms). Similarly, the marginal performance gap 
between the Dtree and XGBo suggests a state of information saturation; 
since a single well-tuned tree can already capture the bulk of the vari
ance provided by primary features like SPEED and course_diff, the iter
ative boosting process of XGBo finds few residuals to correct. However, 
these results are likely influenced by the constrained study area, 
involving only five vessels with similar operational profiles from a single 
port. In this specific context, models may inadvertently rely on site- 
specific temporal patterns rather than generalized behaviours. As this 
workflow scales to more diverse fleets or geographical regions, the ad
vantages of XGBo are expected to become more pronounced. Its so
phisticated regularization and learning rate optimization 
(hyperparameters that can be tuned) allow it to adapt to the complex, 
non-linear relationships that emerge in heterogeneous datasets where 
simpler models often fail to generalize.

4. Impact

The workflow was developed to advance research on fishing event 
recognition, contributing to the automation of activity classification and 
providing a scalable foundation for high-resolution vessel tracking data 
analysis. Given the adoption of Regulation (EU) 2023/2842 [31], in 
Europe, small-scale fishing vessels will be required to install tracking 
devices onboard from 2028, with a derogation for vessels under 9 m 
lasting until 31 December 2029; from 2030 onwards, full compliance 
will be mandatory. Thus, the present work offers a structured and 
standardised approach for defining fishing events, which is applicable to 
various contexts, including those beyond SSF.

While many existing studies limit their evaluation to test set per
formance, this manuscript provides insight on training and validation 
sets as well. Furthermore, authors investigated predictor influence 
through SHAP beeswarm plots for each model. This approach moves 
beyond simple performance metrics to provide a mechanistic under
standing of how specific variable values drive the classification of fish
ing versus non-fishing activity.

Furthermore, the shared sample dataset is unique, as it furnishes 
validated, labelled data on fishing operations, which is quite difficult to 
find elsewhere. High-resolution, validated datasets like this are essential 
for testing method reproducibility and transferability across different 
case studies and geographic areas. Moreover, the provided code is 
structured as an accessible framework for fisheries scientists with 
limited ML experience, offering a practical foundation for implementing 
automated activity classification. This work follows up on an initial 
attempt to collect this kind of information made during the ICES Second 
Workshop on SSF Geo-Spatial Data (WKSSFGEO2) [29] and the ICES 
Working Group on Spatial Fisheries Data (WGSFD) [32].

5. Conclusions

Automatically distinguishing between fishing and non-fishing is an 
important move toward a harmonised and automated pipeline for ana
lysing tracking data. By identifying and utilising the right combination 
of predictors and employing a robust ML model like XGBo, this research 
provides a reliable method for classifying fishing events. Furthermore, 
the use of SHAP values further enhances interpretability, providing clear 
insights into the variables driving model predictions. To ensure future 
robustness, subsequent implementations should prioritize 
generalization-focused strategies, such as Leave-One-Vessel-Out (LOVO) 
CV and the application of the workflow to other case studies. While the 
authors acknowledge the limitations of the furnished data in terms of 
fleet and spatial representativeness, the present work still provides 
valuable insights where data scarcity is often the norm.
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Brucher M, Perrot M, Duchesnay É. Scikit-learn: machine learning in python. 
J Mach Learn Res 2011;12(85):2825–30.

[29] ICES. Workshop on small scale fisheries and geo-spatial data 2 (WKSSFGEO2). ICES 
Sci Rep 2023;5(49):105. https://doi.org/10.17895/ices.pub.22789475.

[30] Tassetti AN, Galdelli A, Pulcinella J, Mancini A, Bolognini L. Addressing Gaps in 
Small-Scale Fisheries: A Low-Cost Tracking System. Sensors 2022;22(3):839. 
https://doi.org/10.3390/s22030839.

[31] European Commision. REGULATION (EU) 2023/2842 OF THE EUROPEAN 
PARLIAMENT AND OF THE COUNCIL of 22 November 2023 amending Council 
Regulation (EC) No 1224/2009, and amending Council Regulations (EC) No 1967/ 
2006 and (EC) No 1005/2008 and Regulations (EU) 2016/1139, (EU) 2017/2403 
and (EU) 2019/473 of the European Parliament and of the Council as regards 
fisheries control. https://eur-lex.europa.eu/eli/reg/2023/2842/oj; 2023.

[32] ICES. Working group on spatial fisheries data (WGSFD). ICES Sci Rep 2025;7(111): 
42. https://doi.org/10.17895/ices.pub.30734759.

P. Lattanzi et al.                                                                                                                                                                                                                                SoftwareX 34 (2026) 102579 

8 

https://doi.org/10.1073/pnas.1802379115
https://doi.org/10.1073/pnas.1802379115
https://doi.org/10.1016/j.fishres.2010.06.016
https://doi.org/10.1016/j.fishres.2010.06.016
https://doi.org/10.1111/cobi.13723
https://doi.org/10.1111/cobi.13723
https://doi.org/10.1051/alr/2017038
https://doi.org/10.1371/journal.pone.0130746
https://doi.org/10.1371/journal.pone.0130746
https://doi.org/10.1016/j.ocecoaman.2019.04.005
https://doi.org/10.1016/j.ocecoaman.2019.04.005
https://doi.org/10.1371/journal.pone.0100195
https://doi.org/10.1016/j.marpol.2021.104571
https://doi.org/10.1016/j.marpol.2021.104571
https://doi.org/10.1109/TITS.2023.3322690
https://doi.org/10.1109/TITS.2023.3322690
https://doi.org/10.1371/journal.pone.0158248
https://doi.org/10.1093/icesjms/fsad092
http://refhub.elsevier.com/S2352-7110(26)00073-7/sbref0014
http://refhub.elsevier.com/S2352-7110(26)00073-7/sbref0014
http://refhub.elsevier.com/S2352-7110(26)00073-7/sbref0014
https://doi.org/10.1016/j.aquaculture.2023.739643
https://doi.org/10.3390/su13031211
https://doi.org/10.1038/s41597-023-02883-9
https://doi.org/10.1038/s41597-023-02883-9
https://doi.org/10.1016/j.marpol.2012.05.038
https://doi.org/10.1016/j.ecolind.2020.107321
https://doi.org/10.1016/j.ecolind.2020.107321
https://doi.org/10.1016/j.ecolind.2023.110628
https://doi.org/10.1016/j.ecoinf.2024.102953
https://doi.org/10.1093/icesjms/fsaf123
https://doi.org/10.1093/icesjms/fsaf123
https://doi.org/10.1016/j.ecolind.2023.110822
https://doi.org/10.1016/j.ecolind.2023.110822
https://www.fao.org/cwp-on-fishery-statistics/handbook/capture-fisheries-statistics/fishing-gear-classification/en/
https://www.fao.org/cwp-on-fishery-statistics/handbook/capture-fisheries-statistics/fishing-gear-classification/en/
https://doi.org/10.1093/icesjms/fsad209
https://doi.org/10.1093/icesjms/fsad209
https://doi.org/10.5281/zenodo.18407451
https://doi.org/10.5281/zenodo.18407451
http://refhub.elsevier.com/S2352-7110(26)00073-7/sbref0028
http://refhub.elsevier.com/S2352-7110(26)00073-7/sbref0028
http://refhub.elsevier.com/S2352-7110(26)00073-7/sbref0028
http://refhub.elsevier.com/S2352-7110(26)00073-7/sbref0028
https://doi.org/10.17895/ices.pub.22789475
https://doi.org/10.3390/s22030839
https://eur-lex.europa.eu/eli/reg/2023/2842/oj
https://doi.org/10.17895/ices.pub.30734759

	Predicting fishing vs. not-fishing in small-scale fisheries: A sample vessel tracking dataset and a reproducible machine le ...
	1 Motivation and significance
	2 Software description
	2.1 Software architecture
	2.2 Software functionalities

	3 Illustrative examples
	4 Impact
	5 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Supplementary materials
	Data availability
	References


