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Water quality forecasting plays an important role in environmental monitoring, ecosystem
sustainability and aquaculture. Traditional forecasting methods cannot show the non-linearity
and instability of water quality well. In the present study, the water quality parameter of
dissolved oxygen was modeled using intelligent Support Vector Machine (SVM), Gaussian
Process Regression (GPR) and Long Short-Term Memory (LSTM) methods on three
consecutive stations on Savanah River located in USA. For this purpose, six different flow
hydraulic and hydrological parameters including water temperature, turbidity, discharge, mean
water velocity, pH and specific conductivity were used daily for seven years (2021-2015) as
input parameters to model dissolved oxygen. The results showed the complete superiority of
the deep learning method over the machine learning methods. According to the results, the
long short-term memory method for the last model, which included all parameters, in the third
station with correlation coefficient, coefficient of determination and root mean square error,
respectively R = 0.981, DC = 0.956 and RMSE = 0.034 for test data performed better. Finally,
by performing sensitivity analysis, by removing the water temperature parameter, it was found
that DC evaluation criteria decreased by 14% and RMSE increased by 100%. Therefore, water
temperature was introduced as the most influential parameter in predicting dissolved oxygen
in water.
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