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Abstract [ Objective | Residual chlorine concentration at the end of water supply network is a critical indicator for ensuring
drinking water safety. However, its dynamic decay behavior is influenced by multiple complex factors including water age, pipe
material, and biofilm attachment on pipe walls, resulting in limited accuracy of traditional prediction models based on physicochemical
reaction mechanisms. To enhance prediction accuracy for terminal residual chlorine concentration variations, thereby providing a
scientific basis for optimizing chlorination strategies and strengthening water supply security, this paper proposes a Transformer-based
intelligent approach for residual chlorine decay prediction. [ Methods ] To address the high complexity and spatiotemporal coupling
characteristics of residual chlorine decay sequences, this paper introduced the Transformer deep learning algorithm. Based on its
inherent self-attention mechanism and robust long-sequence feature extraction capabilities, this architecture effectively captures complex
nonlinear dependencies within monitoring data. This paper systematically collected monitoring data from a representative water
distribution network in Banan District, Chongging. To further enhance the predictive performance of the base Transformer framework, a
Patch module was incorporated for structural optimization alongside comprehensive parameter tuning, ultimately establishing the Patch-

Transformer intelligent prediction model. [ Results]  The developed Patch-Transformer model achieved effective 12-hour-ahead
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predictions of residual chlorine concentration at pipeline termini, demonstrating high precision with a prediction error of only 5. 34%.

[ Conclusion |

This paper successfully establishes an intelligent Patch-Transformer-based prediction model for residual chlorine decay

in water supply networks. The model supports water treatment plants in optimizing chlorination strategies and enabling precise dosing,

thereby advancing smart management capabilities and safety assurance in water treatment operations.

Keywords water supply network chlorine residual decay transformer intelligent algorithm deep learning water quality prediction
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Tab. 6 Prediction Performance of Patch-Transformer with
Different Batch_Size

Batch_size MSE Y{i MAE #J{8 SfH
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Fig. 8 Prediction Performance of Patch-Transformer with

Different Batch_Size
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