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The drifting speed and trajectory of fish aggregation devices (FADs)
influence the associative behavior of tunas and fishing strategies.
Understanding and predicting the drifting trajectories of FADs is
essential for both sustainable fishery management and ecological
mitigation. FAD movement is primarily driven by surface and subsurface
ocean currents, which exhibit high spatial–temporal variability. In this
study, the drifting trajectories of FADs were forecasted using a Long
Short-Term Memory (LSTM) model. Multi-layer ocean current velocities
were used as inputs to predict FAD drifting speed and direction, and
different network configurations were tested to identify the optimal
model performance.

Fig. 4 SHAP results of the influence of current
velocity by depth (first day).

MATERIALS AND METHODS

FADs are typically composed of floats and nylon netting using in
purse seine fishery with submerged structure depth ranging from
70 m to 90 m.

The GPS-tracking buoy data used in this study are collected from
the Satlink PC system installed on tuna purse seine vessels in the
Western and Central Pacific Ocean (WCPO).

Fig. 1 The schematic diagram of the FAD (left) and Spatial distribution of
FAD deployment numbers in the WCPO (right).

Fig. 2 Schematic diagram of the sliding
window (example of a 5-day window).

CONCLUSIONS

A multi-layer model structure will result in a relatively low
loss rate of model training results.

The sliding window of the 3-day model showed the lowest
three evaluation indicators and higher prediction accuracy.
The SHAP results indicate that the FAD drifting speed is
predominantly influenced by mid-to-upper layer current
velocity, with the strongest contribution from near-surface
currents.

The ocean current velocity data (uo and vo), location (Lat and
Lon), FAD drifting speed and FAD drifting direction are used as
input features.

Location (Lat and Lon), FAD drifting speed and FAD drifting
direction are the model output data.

Four configurations of sliding windows were employed, with
window sizes of 3, 5, 7, and 10 days.

Fig. 3 Illustration of the
input data (left) and
output data (right)
structure (example of a
5-day window).

Each window develop 9 different layer structural LSTM model,
total 36 LSTM models.

The Average Displacement Error (ADE), Final Displacement Error,
and Average Non-Linear Displacement Error (NL-ADE) are used for
evaluating the model predictive accuracy.

Table 1 The random search results of the 36 LSTM models

Table 2 The summary of the optimal sliding window of the LSTM models
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Fig. 5 SHAP results of the influence of current
velocity by depth (last day).
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