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A Fish Precision Feeding Method Based on Multi-Task Learning Model
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1. Faculty of Mathematics and Computer Science, Guangdong Ocean University, Zhanjiang 524088, Guangdong, China;
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Abstract: To improve the accuracy of intelligent fish feeding and reduce the risks of underfeeding and overfeeding, this study proposes
a multi—task learning model that integrates feeding activity recognition and residual feed counting. The model employs a shared feature
extraction network to learn visual representations from fish feeding images. A classification branch is used to identify feeding activity
states, while a regression branch predicts a residual—-feed density map, from which the number of uneaten feed pellets is estimated by
summation. A task—uncertainty—based loss weighting strategy is further introduced to adaptively balance the two tasks. Experiments
were conducted on a self-constructed dataset containing 750 images of fish—feeding behavior. The proposed model achieved an accuracy,
precision, and recall of 94.67%, 97.96%, and 94.12%, respectively, for feeding activity recognition, while obtaining an MAE of 14.85
and an RMSE of 22.19 for residual feed counting. Overall, the proposed method outperformed both single—task models and commonly
used baseline models. Furthermore, a feeding strategy mapping rule was developed based on the model outputs, providing a meth-
odological reference for precise feeding decision—-making in recirculating aquaculture systems.
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Fig.1 Examples of fish feeding images and density maps with different labels
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Table 1 Quantitative criteria for feeding-intensity labels
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The overall structure of the multi—task learning model
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Table 5 Performance comparison of evaluation metrics for multi-task models using different loss strategies
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Table 6 Comparison of evaluation metric performance of multi-task models and single-task models with different

branches on the test set
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Table 7 The feeding strategies of fish schools under

different feeding active and different levels of residual food

density
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