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Development of Agricultural Irrigation Water Quality Prediction
Models Using Deep Learning Methods: A Case Study of Xindian River
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Abstract

Agriculture plays a crucial role in national development, where the quality of agricultural
water not only affects crop growth and yield but also has a direct impact on public health.
Therefore, effective prediction of agricultural water quality has become a significant research
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topic. In recent years, with the rapid advancement of artificial intelligence (Al), countries
worldwide have invested substantial resources in applying Al to agricultural research. This
study proposes a water quality prediction model for agricultural irrigation water, integrating
deep learning methods. First, we investigate the accuracy of different Al deep learning methods
applied to the water quality prediction model and analyze the key input factors influencing
water quality prediction. Using the Xindian River and its upstream waters as a case study, we
train the water quality prediction model with water quality factors from various observation
points and evaluate the model's predictive capabilities. We employ multiple Al methods to
model and assess the accuracy, conducting cross-validation to ensure the model's stability and
applicability. Given the regional characteristics of water quality data, the proposed model
primarily focuses on predicting the water quality of the Xindian River and its upstream areas.
Preliminary results indicate that Al deep learning methods can effectively predict regional water
quality. This study aims to contribute to agricultural water quality prediction and sustainable
development, further safeguarding public health and environmental sustainability.
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AR 2-3: 00 Gy 121, 31,59.2 24,55,31.4 60. 07
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% F (i) -0. 848
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