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Introduction & Purpose

ZEA ==

Christian Ortiz-Lopez, et al*., "TEnsemble machine learning using hydrometeorological information to improve modeling of quality
parameter of raw water supplying treatment plants,, Journal of Environmental Management, Vol. 362, 2024.
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(A Center Research Planning and Development, Laval University, Quebec, Canada
® School of Regional Planning and Development(ESAD), Laval University, Quebec, Canada

**RF: Random Forest, GB: Gradient Boosting, XBG: Extreme Gradient Boosting
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<Methods> 1. Study Area 2. Data Selection 3. Methodology
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4.Input Data Selection 5. Modeling Techniques
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5. Modeling Techniques(0|0{A{)
Data splitting & hyperparameter tuning
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Result 2
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Table 1. Performance metrics of ensemble techniques for raw water turbidity modeling on the test and validation datasets.

Ensemble technique RE, R NSE.y NSEjpg RMSE RMSE,.; MAE MAE, .
[NTU] [NTU] [NTU] [NTU]
RF 0.97 0.87 0.94 0.75 3.64 4.11 0.99 245
GB 0.99 0.80 0.99 0.64 0.35 1091 0.22 3.47
XGB 0.99 0.81 0.99 0.65 1.56 10.71 0.89 262

Table 2. Performance metrics of ensemble techniques for raw water UV254 modeling.

Ensemble technique RZ, Ri, NSE.y NSEjpgt RMSE RMSE ;s MAE MAE .
[m ] [m ') [m Y [m 1]
RF 0.98 0.89 0.96 0.80 217 5.00 1.25 294
GB 0.99 0.85 0.99 0.73 0.88 5.80 0.64 3.80
XGB 0.98 0.88 0.96 0.77 2,09 5.32 1.33 3.31
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The Effect of Input Variables Clustering on the Characteristics of Ensemble Machine
Learning Model for Water Quality Prediction(8t&4=, 2021)
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Performance Characteristics of an Ensemble Machine Learning Model for Turbidity
Prediction With Improved Data Imbalance(siAd, 254 2023)
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