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Abstract

In recent, Korea has faced on water quality management problems in reservoir and river because of
increasing water temperature and rainfall frequency caused by climate change. This study is effectively
to manage water quality for establishment of algal bloom forecasting models with artificial neural network.
Daecheong reservoir located in Geum river has suitable environment for algal bloom because it has lots
of contaminants that are flowed by rainfall. By using back propagation algorithm of artificial neural
networks (ANNs), a model has been built to forecast the algal bloom over short-term (1, 3, and 7 days).
In the model, input factors considered the hydrologic and water quality factors in Daecheong reservoir were
analyzed by cross correlation method. Through carrying out the analysis, input factors were selected for
algal bloom forecasting model. As a result of this research, the short term algal bloom forecasting models
showed minor errors in the prediction of the 1 day and the 3 days. Therefore, the models will be very
useful and promising to control the water quality in various rivers.
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Table 2. Model Performances
Method Basic Equation Description of Variables
) Iy N R t © time
Root Mean Square Error Sk = \/N Z(Q)-Q() N : the number of data
N o
(@ Q) —
R-square Rz:;—i @ ' average of observed data
Y (Q-Q?

Table 3. Results of Serial Correlation Analysis between Variables in Concern

LT It Of Pa Ta Tw pH DO TOC TN TP chl-a
1 0.69 0.92 0.26 0.98 1.00 0.98 0.95 0.96 0.94 0.84 0.96
2 0.65 0.84 0.28 0.97 1.00 0.95 0.89 0.92 0.89 0.66 0.91
3 0.56 0.80 0.25 0.96 1.00 0.92 0.83 0.89 0.85 0.59 0.87
4 0.44 0.75 0.14 0.94 0.99 0.89 0.79 0.86 0.81 0.52 0.82
5 0.41 0.66 0.30 0.94 0.99 0.87 0.75 0.85 0.79 0.48 0.79
6 0.38 0.59 0.19 0.92 0.99 0.86 0.72 0.83 0.75 0.43 0.75
7 0.25 0.56 0.14 0.92 0.99 0.85 0.69 0.82 0.73 0.37 0.72
8 0.20 0.53 0.09 0.91 0.98 0.79 0.66 0.81 0.72 0.12 0.69
9 0.16 0.49 0.10 0.90 0.98 0.79 0.64 0.79 0.73 0.14 0.66
10 0.13 0.46 0.08 0.89 0.98 0.78 0.63 0.79 0.73 0.14 0.65

Table 4. Results of Cross Correlation Analysis between Variables in Concern

Of Pa Ta Tw pH DO TOC TN TP chl-a
Inf 0.49 0.47 0.27 0.26 0.10 -0.04 0.09 0.05 0.01 0.20
Outf 0.17 0.35 0.33 0.32 0.23 0.19 0.11 0.04 0.40
Precip 0.23 0.23 0.15 -0.06 0.04 0.09 -0.07 0.17
Ta 0.85 0.60 -0.14 0.43 0.33 -0.12 0.48
Tw 0.61 -0.31 0.57 0.03 -0.18 0.60
pH 0.36 0.55 0.06 -0.03 0.53
EC 0.12 -0.26 0.30 -0.01 -0.22
DO 0.06 0.10 0.27 0.07
TOC -0.09 -0.11 0.62
TN 0.02 -0.02
TP -0.02
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Table 5. Architecture of Algal Blooms Forecasting Models by Training
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Fig. 5. Results of Algal Bloom Forecasting Models for Testing Period Using Scatter Plots
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