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Fig.3 Water quality monitoring values and preprocessing results for raw water intake at enterprises A and B
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Fig.5 Comparison of error indicators between outputs of different enhancement models and original monitoring data
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Fig.9 Residual distribution and early-warning analysis results for enterprises A and B
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Rural Water Supply Water Quality Anomaly Early Warning Method Based on

Progressive GAN Enhancement and Its Application

Zhang Yaqing', Qu Xuan?, Yu Yipeng', Wang Ting?, Chen Xingyu?, Liu Li’

(1. Hefei Municipal Design and Research General Institute Company Limited, Hefei 230041, China; 2. School of
Civil and Hydraulic Engineering, Hefei University of Technology, Hefei 230009, China)

Abstract: [ Objective] To construct a small-sample data augmentation and anomaly early warning model for rural water

supply water quality, improve the identification accuracy of sudden pollution, and provide a technical approach for the

safety monitoring of rural water supply. [Methods] Taking the time-series data of pH and turbidity from two rural water

supply enterprises in Anhui Province as the research objects, a three-stage progressive GAN data augmentation strategy

was proposed. Combined with the CNN-LSTM-DA model, water quality prediction and adaptive anomaly early warning

were realized. The effectiveness of the proposed method was verified by comparing with RNN generation and mean



interpolation methods. [ Results ] O The three-stage progressive GAN effectively preserved the trends, fluctuation
patterns, and abrupt-change information of the original water quality series. The generated data showed better distributional
consistency and temporal fidelity than those produced by RNN-based generation and mean interpolation. 2
GAN-augmented data alleviated the shortage of water quality monitoring samples and improved the model’s ability to
capture peaks, periodic fluctuations, and extreme variations in pH and turbidity series.(® GAN augmentation improved
prediction stability under different fluctuation conditions, with greater improvement for relatively stable series while
maintaining adaptability to highly variable turbidity series.@ The CNN-LSTM-DA model established warning thresholds
based on prediction residuals, enabling the identification of potential water quality anomalies during continuous monitoring
and reducing reliance on empirically defined fixed thresholds. [ Conclusions 1 The proposed method can alleviate
small-sample constraints and improve the prediction accuracy and generalization performance of the water quality warning
model. It provides a reference for water quality risk identification, residual-based warning threshold determination, and
rural water supply safety management in regions with limited monitoring data.

Keywords: Deep learning; Rural water supply quality; Data augmentation; Anomaly early warning; Generative adversarial

network
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