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Fishery forecasting in the fishing ground based on dual-modal deep learn-
ing model

YUAN Hong-chun"?, ZHANG Shuo', CHEN Guan-qi'
(1. College of Information Technology, Shanghai Ocean University, Shanghat 201306, China; 2.Key Laboratory of Fisheries Information ,Ministry of Agri-
culture and Rural Affairs ,Shanghai 201306, China)

Abstract: To solve the problems of much manual intervention, difficulty in fitting and low accuracy in processing ocean
data of high-dimensional complex by traditional fishery forecasting methods in the fishing ground, a fishery forecasting method
based on dual-modal deep learning was proposed. Firstly, the method mapped different marine environmental factors within a 5°X
5° fishery operation area into a three-dimensional matrix according to their relative spatial positions. Secondly, features of two
heterogeneous data such as marine environmental factors and spatiotemporal factors were extracted by convolutional neural net-
work (CNN) model and deep neural network (DNN) model respectively. Finally, the deep neural network model based on spati-
otemporal information and the convolution structure were fused by feature, and the fused features were classified through the fully
connected layer. The results showed that, the forecast rate of fishery by dual-modal deep learning model in the central fishing
ground of albacore in the South Pacific reached 89.8%, which improved the forecast accuracy by 10%-30% compared with fore-
cast models in other fishing grounds. At the same time, because the model used a convolutional neural network, which could ex-

tract features of marine environmental factors with any spatial resolution, thus eliminated the process of matching different spatial

resolutions by manual and reduced manual intervention,
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which showed extremely high guiding significance for the
fishing operations and fishery forecast in the fishing ground of

albacore in the South Pacific.
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Table 1 Part of the integrated data records

s iE A E503% S R WA E M. SR HIHEH
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2 2001 1 0.571 429 0.826 087 0.771 672 0.577 443 0.015 673 G
3 2002 2 0.142 857 0.521 739 0.431 184 0.262 567 0.075 592 E SRV
4 2003 3 0.857 143 0.521 739 0.932 126 0.567 492 0.056 550 Ak
5 2004 3 0.428 571 0.869 565 0.802 196 0.579 995 0.024 517 ks
6 2005 4 0.571 429 0.826 087 0.821 125 0.637 918 0.029 460 e
7 2006 5 0.714 286 0.521 739 0.878 491 0.634 346 0.082 875 it

8 453 2015 5 0.428 571 0.434 783 0.580 663 0.642 980 0.096 787 LI
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Fig.2 Flow chart of overall operation steps of the model
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Table 3 Structural parameters of the convolution model
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Table 4 Fishery forecasting result of different models in the fishing ground
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