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Abstract

Groundwater contamination by nitrate is a growing global concern. The increasing
dependence of human societies on groundwater for urban and agricultural uses requires accurate
and continuous prediction of nitrate concentrations in different parts of aquifers. Artificial neural
networks are one of the efficient tools for modeling nitrate concentrations in groundwater, but
they face challenges in selecting appropriate input variables, optimizing network architecture,
and data shortage. In this study, after selecting 16 physical and chemical water quality parameters
as network inputs and nitrate as network output, several structures of multilayer perceptron
neural networks (60 models) were evaluated. Also, in the network that had the highest correlation
coefficient and the lowest root mean square error, sensitivity analysis and data adequacy test
were performed. The results showed that the three-layer perceptron neural network is able to
predict nitrate concentrations with a correlation coefficient of 0.94 and a root mean square error
of 1.3. The results of the sensitivity analysis showed that removing any of the network inputs
alone does not have a significant impact on the performance of the network for estimating nitrate
concentration. According to the results of the data adequacy test, to achieve a neural network
model for proper estimation of groundwater nitrate, at least 220 measurement samples of
groundwater nitrate concentration are required in order to achieve the desired accuracy for nitrate
estimation.
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