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Development of Deep Learning Model to Estimate Clogging of
Stormwater Infiltration Filter

Byung-Sik Lee

Department of Civil & Environmental Engineering, Kongju National University
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Abstract Filter clogging is a major problem resulting in the failure of a stormwater infiltration system.
Definite knowledge about the degree of clogging is essential to plan effective maintenance and estimate
the lifespan of the facility. Experimental studies have been conducted continuously to investigate
clogging phenomena. Based on experiment results, experimental models to estimate clogging have been
suggested. A relatively long period and high cost are required to develop experimental models. Thus, the
applications of various theoretical models have been attempted to supplement experimental models. On
the other hand, problems have limited the applications of the suggested theoretical models. A large
number of difficult-to-determine inputs are usually required. Therefore, the obtained results are not
confident. Deep learning techniques have recently been applied to develop new data-driven models
replacing conventional models in various fields. The developed deep learning models are expected to
exclude the shortcomings of theoretical models. The LSTM-RNN (Long Short Term Memory-Recurrent
Neural Network) model was developed to estimate the clogging of stormwater infiltration systems. The
applicability of the model was validated by implementing the model train and evaluation by the
experimental infiltration test results. As a result, ongoing studies could be suggested to accumulate

clogging data and apply promising deep learning algorithms to clogging models.
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Table 1. Summary of synthetic /R-@ curves

Infiltration Flow J b
Symbol Ratio Quantity }ia? RASt' AIR
atio atio
IR (@ m)
0.0005~
Curve0 | 1.00~0.17 1~100 1.00 1.00 0.0285
0.0005~
Curvel | 1.00~0.17 1~100 0.75 0.25 0.0285
0.0005~
Curve2 | 1.00~0.17 1~100 0.50 0.50 0.0285
0.0005~
Curve3 | 1.00~0.17 1~100 0.25 0.75 0.0285
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