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Quantification method for the individual water intake of
fattening pigs based on drinking behavior parameters

WU Jinhui'?, LIU Jian'?, ZHOU Zhenyu'?, ZHUANG Yanrong'?, JI Hengyi'*, TENG Guanghui'*
(1. College of Water Resources and Civil Engineering, China Agricultural University, Beijing 100083, China;
2. Key Laboratory of Facility Agriculture Engineering of Ministry of Agriculture and Rural Affairs, Beijing 100083, China)

Abstract To address the issues of low accuracy and limited feature inputs in traditional methods of
predicting individual water intake of pigs, swine drinking behavior parameters including the number of
drinking actions, drinking duration, water temperature, age, and weight were taken as input features. This
study constructed both single-factor and multi-factor regression prediction models based on linear
regression, K-nearest neighbors regression, random forest regression, support vector regression, extreme
gradient boosting, and back propagation neural networks. The fattening pig drinking water data are
preprocessed with Z-Score standardization to explore methods of quantifying individual water intake. The
results show that: 1) Compared to other machine learning regression model predictions, the linear
regression model better reveals the linear correlation between drinking duration and water intake, although
its simulation accuracy is limited. 2) Compared to models with a single feature input, models with multiple

feature inputs include more influencing factors and are more accurate in predicting water intake, and the
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machine learning regression models are more effective in capturing the nonlinear relationships between

drinking behavior parameters and water intake. 3) The back propagation neural network shows significant

advantages in model fit and simulation accuracy, making it more suitable for quantifying individual water

intake in fattening pigs. In an intelligent farming environment, complete feedback data based on water

intake can be used to create a daily evaluation index database for each pig, providing key data for further

analysis of pig health.
Keywords
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Fig. 1 Fitting performance of six univariate regression models for pigs’ water consumption
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Table 1 Performance metrics of six univariate regression prediction models
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Fig. 3 Fitting performance of six multivariate regression models for pigs’ water consumption
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Table 2 Performance metrics of six multivariate regression prediction models
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