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This study was carried out to evaluate the artificial neural network algorithm for water quality forecasting in
Chungju lake, north Chungcheong province. Multi-layer perceptron(MLP) was used to train artificial neural
networks. MLP was composed of one input layer, two hidden layers and one output layer. Transfer functions of
the hidden layer were sigmoid and linear function. The number of node in the hidden layer was decided by trial
and error method. It showed that appropriate node number in the hidden layer is 10 for pH training, 15 for DO
and BOD, respectively. Reliability index was used to verify for the forecasting power. Considering some outlying
data, artificial neural network fitted well between actual water quality data and computed data by artificial neural

networks.

Key words : artificial neural networks, back-propagation, transfer function, water quality forecasting
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Table 1. Data transformation for transfer function

pll DO BOD
Mon
“th | Actual  Transformed | Actual Transformed | Actual  Transformed
1 82 0481893 | 114 05635652 0.9 0.139377
2 79 0474695 | 142 0.604757 0.8 0.127636
3 76 0467249 | 138 0599328 09 0.139377
4 85 0483861 | 11.8  0.569939 0.9 0.139377
5 87 0493385 | 98 0535941 1 0.150515
6 79 047469 11 0.556971 0.8 0.127636
7 84 0486563 | 54  0.434615 0.7 0.115224
8 85  0.48386! 56 0440406 1.1 0.161111
9 84 048663 | 61 0.454242 1 0.150515
10 | 84 (486563 | 58  0.446047 0.9 0.139377
11 | 78 0472241 49 0419424 0.8 0.127636
12 | 81 0479520 | 66  0.467249 0.8 0.127636
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Table 2. MSE variation of water quality data by
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