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Fig.7 Comparison of interpolation effects for different water quality indicators under different missing rates
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Table 3 Comparison of statistical characteristics of interpolation effects for different water quality indicators
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Fig.8 Comparison of normalized interpolation deviation

distributions for different water quality indicators
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Research on the application of Support Vector Regression (SVR) for data

interpolation in groundwater quality monitoring series with high missing rates
HOU Xinghan', PENG Tishan®, YU Bo', LI Xinfeng', LIU Guodong®

(1 Beijing Feiyan Petrochemical Environmental Protection Science and Technology Development Co. , Ltd. , Beijing 102500, China;

2 College of Water Resource and Hydropower, Sichuan University, Chengdu 610065, China)

Abstract: A petrochemical area in North China encountered significant challenges due to extensive missing groundwater quality
monitoring data and a limited sample size. This study developed a data imputation method that integrates sliding window processing with
Support Vector Regression (SVR). This approach was utilized to reconstruct missing time-series data for four key water quality
indicators : permanganate index, pH, total hardness, and manganese. Based on the characteristics of the missing data, a sliding window
size of 4 was employed, with a sliding step size of 1. The model used backward window prediction, leveraging the subsequent three
observations to predict the current value. The study employed a phased grid search for tuning the hyperparameters of SVR. In the initial
phase, coarse-grained range searches were conducted for the kernel function, regularization parameter C, kernel weight gamma, and
insensitivity loss parameter epsilon (&). Following this phase, a refined parameter search was performed within narrowed ranges. Using
five-fold cross-validation, the evaluation process identified the optimal parameter combination based on the minimum mean absolute error
and root mean square error. Additionally, the study utilized the absolute deviation between the mean values of the interpolated water
quality indicators and the mean of the original data from each observation well as an evaluation metric. The study also conducted a
comparative analysis between the SVR interpolation method and conventional linear interpolation. The results indicate that the SVR
model significantly outperforms linear interpolation for the interpolation of permanganate index, pH, and total hardness, with the best
performance observed specifically in total hardness interpolation. However, for the manganese indicator, the temporal continuity was
disrupted by a substantial number of values falling below the detection limit. This posed challenges for model training, resulting in the
linear interpolation method performing slightly better than SVR in this particular case. This study offers a reliable method for imputing
missing values in time-series-correlated environmental monitoring data. It is recommended that future research adopt Bayesian methods
to address issues related to detection limits. Additionally, as sample sizes increase, the performance of more complex models, such as
Random Forest and Long Short-Term Memory, should be compared across various missing data scenarios.

Key words: environmental engineering; petrochemical site groundwater; water quality monitoring; support vector regression;

data interpolation
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