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Abstract

The prediction of the intrusion of saline water into coastal aquifers as a result of
changing the amount of groundwater extractions is a prerequisite for managing
groundwater. This study investigates the capability of different types of Support Vector
Regression (SVR) models to predict salinity concentrations at the selected well in the
small coastal aquifer under different groundwater abstraction conditions. SVR models
were trained and tested using input (random transient pumping from the production
wells) derived from Latin Hypercube Sampling and output (salinity concentration at the
selected well) datasets. The trained and tested models were then used to predict salinity
concentrations at the selected well for new pumping datasets. The models ability for
predicting and generalizing compared with commonly used artificial neural network
(ANN) model was evaluated using different performance criteria. The results of the
performance evaluation of the models showed that the predictive capability of the
polynomial SVR model is superior to other models. Also, comparing different
performance criteria for all SVR models, except for linear SVR model, proved their
acceptable predictive performance. The prediction and generalisation ability of
polynomial SVR, recommends using these models to connect to the optimization
algorithm for a surrogate model based simulation-optimization approach in sustainable
management of coastal aquifers.

Keywords: Coastal Aquifers, Saltwater Intrusion, Surrogate Models, Support Vector
Regression, Prediction Capability.
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Table 1. The coastal aquifer properties

Parameter Value
Hyc?rauhc conductivity of upper 1.5 m/day
aquifer
Hy(?rauhc conductivity of lower 5 iy
aquifer

0.001

Recharge rate m/day
Reference fluid density 1000 kg/m®
Density of seawater 1025 kg/m’
Concentration of seawater 19 g/L
Length of No-flow boundary 1785 m
Stream length 1230 m
Coastline length 4310 m
Number of active cells 16712

Dispersion

Advection

Chemical reactions
Production Well (PW)
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Table 2. The training and testing results of different types of surrogate models

Surrogate model Runtime (s)

Training data Testing data

R*(%) NS RMSE R*(%) NS RMSE
Linear SVR 0.12 0.74 0.71 0.93 0.72 0.67 1.08
Polynomial SVR 5.26 0.98 0.98 0.22 0.98 0.98 0.24
Gaussian SVR 0.10 0.96 0.93 0.44 0.92 0.87 0.68
ANN 1.27 1.00 1.00 0.06 0.89 0.88 0.64
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Fig. 2. The training and testing results of different types of surrogate models: linear SVR,
polynomial SVR, gaussian SVR, ANN
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Table 3. The forecasting results of different types of surrogate models

Surrogate model

Forecasting data

R*(%) NS RMSE
Linear SVR 0.72 0.68 1.07
Polynomial SVR 0.99 0.99 0.23
Gaussian SVR 0.91 0.88 0.64
ANN 0.95 0.94 0.51
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