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Advances in Machine Learning-based Methods for Nitrate
Nitrogen Concentration Prediction in Aquaculture Water

Li Daoliang'®>  Zhu Hongye'” Zhao Conghui®* Zhang Pan'~
(1. National Innovation Center for Digital Fishery, Beijing 100083, China
2. College of Information and Elecirical Engineering, China Agriculiural University, Beijing 100083, China
3. Key Laboratory of Digital Fisheries of Shandong Province, Yantai 264670, China
4. Yantat Institute of China Agricultural University, Yantai 264670, China)

Abstract: The concentration of nitrate nitrogen ( NO; N) in aquaculture water bodies is a critical
parameter influencing both the ecological balance and economic benefits of aquaculture. Accurate
prediction of NO, N levels plays a pivotal role in effective water quality control. The change of nitrate
nitrogen concentration in water is affected by many factors, so it is difficult to accurately predict it.
Compared with the traditional mechanism model which relies on complex equations, machine learning
method can effectively mine the nonlinear relationship between water quality parameters, demonstrating
significant advantages. The research progress of machine learning driven nitrate nitrogen prediction
technology in aquaculture water was systematically summarized, and the performance and application
scenarios of various methods were introduced. The traditional machine learning methods effectively captured
the complex relationship between water quality parameters through feature engineering and integration
strategy. The neural network method improved the prediction ability by time series modeling and attention
mechanism, while the hybrid machine learning model broke through the limitations of a single model
through algorithm collaboration and optimization strategy. Based on this, the challenges faced by the
current research were discussed, and the future research trends were prospected, providing a method
reference for the early warning and regulation of nitrate nitrogen concentration in aquaculture water.
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Fig. 1 Classification of traditional machine learning methods
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Fig.2 Schematics of method model based on decision tree
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Fig.3  Schematics of support vector machine (SVM) model
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Tab.1 Advantages and limitations of support vector machine method
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Tab.2 Characteristics of feedforward neural network models in nitrogen prediction
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Fig.4  Architecture of feedforward neural network (FNN) and its variant models
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Fig.5 Four types of loop model architecture
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Tab.3 Characteristics of RNN and its improved methods in water quality prediction
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Tab.4 Characteristics and applications of hybrid machine learning models in water quality nitrate prediction
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