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Abstract

For the efficient discovery of knowledge and information from the observed systems, data
mining techniques can be an useful tool for the prediction of water quality at intake station in
rivers. Deterioration of water quality can be caused at intake station in dry season due to
insufficient flow. This demands additional outflow from dam since some extent of deterioration
can be attenuated by dam reservoir operation to control outflow considering predicted water
quality. A seasonal occurrence of high ammonia nitrogen (NH3-N) concentrations has
hampered chemical treatment processes of a water plant in Geum river. Monthly flow
allocation from upstream dam is important for downstream NH3-N control.

In this study, prediction models of water quality based on multiple regression (MR), artificial
neural network and data mining methods were developed to understand water quality
variation and to support dam operations through providing predicted NH;z-N concentrations at
intake station. The models were calibrated with eight years of monthly data and verified with
another two years of independent data. In those models, the NH;-N concentration for next time
step is dependent on dam outflow, river water quality such as alkalinity, temperature, and
NH;-N of previous time step. The model performances are compared and evaluated by error
analysis and statistical characteristics like correlation and determination coefficients between

the observed and the predicted water quality. It is expected that these data mining techniques
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Korea Tel: +82-31-740-7146 E-mail: cskwen@eulji.ac kr



706  SEISEI 20 M55

can present more efficient data-driven tools in modelling stage and it is found that those models

can be applied well to predict water quality in stream river systems.

Keywords : Water Quality Model, Data Mining, Neural Network, Model Tree, Ammonia
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