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Fig. 1 Survey stations of fishery resources
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Application of machine learning methods for estimating the
biomass of economically important crabs in the Zhoushan
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Abstract: The swept area method is currently widely used in biomass assessment of fisheries because of its sim-
plicity. However, this method assumes a uniform distribution of resources, and to improve the accuracy of biomass
assessment, many stations must be sampled, which increases financial costs. In this study, we simulated and ana-
lyzed the biomass assessment process; further, we explored the use of machine learning methods to assess the bio-
mass of economically important crab species Portunus trituberculatus, Charybdis bimaculata, Charybdis japonica,
and Ovalipes punctatus in the Zhoushan fishing ground based on data obtained from bottom trawl surveys of fishery
resources conducted in August 2006 and January, May, and November 2007. The results showed that with the re-
duction of the number of survey stations, the performance of the Extreme Gradient Boost method was better than
that of the swept area method in autumn and winter when crabs were dispersed, and the estimated error decreased
by 7.49%-21.34%. In spring and summer, when crabs were more evenly dispersed, there was no significant differ-
ence between the estimated biomass obtained using the swept area method and machine learning methods (P < 0.05).
We conclude that the machine learning methods improve the accuracy of assessment and save the cost of resource

surveys, suggesting that they can be used in the biomass assessment of other fishery resource species.
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