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JE4EE 0 I AT b 5 Bk o 3 3 38 R TE A
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ZE MR S bR 2z i 2k o AR A 3 4 PR AR 140 S
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B T 2R AR LA AR P 1 3 SR TR 22 75 /NP 2458 SUBR IR TR 22 A 1 22 Y 1Rl Y AR e K A L

A is the regularization parameter of the model. The two vertical dashed lines in the plot represent the two A values provided by the model. The

first vertical line on the left represents the A value that minimizes the average cross—validation error, while the second vertical line represents

the maximum A value for which the average cross—validation error falls within the standard deviation range of the minimum average cross—

validation error.

B1 AEEZEH3 XIIE 2R =

Fig.1 Cross-validation curves and standard deviation curves for different dependent variables
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F1 AEMESKLSTM WRAESH HKXMMAE
Tab.1 Optimal hyperparameters, Loss and MAE of LSTM with different time steps

WA A iR B TE] X e e N . , , . .
ARUPAC - AEREL o % EMMLEEC BHUREEER B TR
8 Number of neurons  Learning Rate L2 Dropout probability Loss MAE
step/d interval/d
1 0~1 64,64,16 0.001 0.000 1 0.1,0.2 0.022 9 0.097 9
5 0~5 64,32,64 0.001 0.000 1 0.1,0.2 0.019°5 0.0823
10 0~10 32,32,64 0.001 0.000 1 0.1,0.1 0.018 7 0.077 6
15 0~15 64,16,64 0.001 0.000 1 0.1,0.2 0.0189 0.079 0
0.07 0.06
» 0.06 — Itk Training loss . 0.05 —ilIZhi %k Training loss
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Fig. 2 Loss function curve of the optimal model LSTM with different time steps
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The horizontal axis represents the number of days since the reference date, January 1, 2022.
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Fig. 3 Time series comparison between the predicted results of the LSTM model with a 10-day lag and the actual values
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Fig.4 Correlation analysis between the predicted results of the LSTM model with a 10-day lag and the actual values
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Fig.5 Comparison of distribution of potential habitats of skipjack and actual fishing
grounds predicted by LSTM model from January to March 2022
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Habitat prediction of skipjack in the Western and Central Pacific based on
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Abstract: To address the limitations of traditional habitat prediction models in capturing the lagged effects
of environmental factors with time series information on tuna spatial distribution, this study utilized tuna
purse-seine fishing log data from 2021 to 2024. Long-short term memory (LSTM) neural network models
were constructed with lag durations of 1 day, 5 days, 10 days, and 15 days to predict catch per unit of
effort (CPUE) and geographic coordinates (latitude and longitude). The findings indicate that the 10-day
lag model exhibited the highest accuracy, with a mean square error (MSE) of 0.018 7 and a mean absolute
error (MAE) of 0.077 6, suggesting that the spatial distribution of skipjack is influenced by cumulative
short-term environmental effects. Validation of the optimal model demonstrated the R* of 0.97 for predicted
versus actual latitude and 0.65 for longitude, indicating a strong alignment between predicted and observed
spatial distributions. This research offers new insights into the dynamic mechanisms underlying skipjack
tuna habitat characteristics and ecological processes. Furthermore, it provides critical references for the
scientific management of skipjack purse seine fisheries in the Western and Central Pacific Ocean.
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