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ABSTRACT: High turbidity in source water can have adverse effects on water treatment plant operations and aquatic
ecosystems, necessitating turbidity management. Consequently, research aimed at predicting river turbidity continues. This
study developed a multi-class classification model for prediction of turbidity using LightGBM (Light Gradient Boosting
Machine), a representative ensemble machine learning algorithm. The model utilized data that was classified into four classes
ranging from 1 to 4 based on turbidity, from low to high. The number of input data points used for analysis varied among
classes, with 945, 763, 95, and 25 data points for classes 1 to 4, respectively. The developed model exhibited precisions of 0.85,
0.71,0.26, and 0.30, as well as recalls of 0.82, 0.76, 0.19, and 0.60 for classes 1 to 4, respectively. The model tended to perform
less effectively in the minority classes due to the limited data available for these classes. To address data imbalance, the
SMOTE (Synthetic Minority Over-sampling Technique) algorithm was applied, resulting in improved model performance. For
classes 1 to 4, the Precision and Recall of the improved model were 0.88, 0.71, 0.26, 0.25 and 0.79, 0.76, 0.38, 0.60, respectively.
This demonstrated that alleviating data imbalance led to a significant enhancement in Recall of the model. Furthermore, to
analyze the impact of differences in input data composition addressing the input data imbalance, input data was constructed
with various ratios for each class, and the model performances were compared. The results indicate that an appropriate
composition ratio for model input data improves the performance of the machine learning model.
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Table 2. Performance of model 1 using observation data

Class Precision Recall F1-score
Class 1 0.85 0.82 0.84
Class 2 0.71 0.76 0.73
Class 3 0.26 0.19 0.22
Class 4 0.30 0.60 0.40
Macro average 0.53 0.59 0.55
Weighted average 0.78 0.77 0.77

Table 3. Performance of model 2 using SMOTE data

Class Precision Recall F1-score
Class 1 0.88 0.79 0.83
Class 2 0.71 0.76 0.73
Class 3 0.26 0.38 0.31
Class 4 0.25 0.60 0.35
Macro average 0.52 0.63 0.56
Weighted average 0.78 0.76 0.77
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Fig. 3. The data distribution before and after applying SMOTE.
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Fig. 4. Data distribution used for models by applying various SMOTE ratios.
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Table 5. Performance of models with SMOTE ratios

Class Model 1 Model S2 Model S4 Model S6 Model S8 Model S10
Precision 0.85 0.87 0.87 0.87 0.87 0.87
Class 1 Recall 0.82 0.80 0.79 0.80 0.81 0.78
F1-score 0.84 0.84 0.83 0.83 0.84 0.82
Precision 0.71 0.71 0.69 0.70 0.71 0.69
Class 2 Recall 0.76 0.78 0.77 0.76 0.75 0.75
F1-score 0.73 0.74 0.73 0.73 0.73 0.72
Precision 0.26 0.36 0.37 0.22 0.28 0.25
Class 3 Recall 0.19 0.35 0.42 0.31 0.38 0.35
F1-score 0.22 0.35 0.39 0.26 0.32 0.29
Precision 0.30 0.30 0.38 0.30 0.20 0.27
Class 4 Recall 0.60 0.60 0.60 0.60 0.40 0.60
F1-score 0.40 0.40 0.46 0.40 0.27 0.37
Precision 0.53 0.56 0.58 0.52 0.51 0.52
g/lvaec:';oge Recall 0.59 0.63 0.65 0.61 0.58 0.62
F1-score 0.55 0.58 0.60 0.55 0.54 0.55
Precision 0.78 0.79 0.78 0.78 0.78 0.77
Z\\’/‘Zigggd Recall 0.77 0.78 0.77 0.76 0.77 0.75
F1-score 0.77 0.78 0.77 0.77 0.77 0.76
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Fig. 5. Performance of models with SMOTE ratios.
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