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Forecast of the Daily Inflow with Artificial Neural Network using Wavelet
Transform at Chungju Dam
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Abstract

In this study, the daily inflow at the basin of Chungju dam is predicted using wavelet—artificial neural
network for nonlinear model. Time series generally consists of a linear combination of trend, periodicity
and stochastic component. However, when framing time series model through these data, trend and
periodicity component have to be removed. Wavelet transform which is denoising technique is applied to
remove nonlinear dynamic noise such as trend and periodicity included in hydrometeorological data and
simple noise that arises in the measurement process. The wavelet—artificial neural network (WANN) using
data applied wavelet transform as input variable and the artificial neural network (ANN) using only raw
data are compared. As a results, coefficient of determination and the slope through linear regression show
that WANN is higher than ANN by 0.031 and 0.0115 respectively. And RMSE and RRMSE of WANN are
smaller than those of ANN by 37.388 and 0.099 respectively. Therefore, WANN model applied in this study
shows more accurate results than ANN and application of denoising technique through wavelet transforms
is expected that more accurate predictions than the use of raw data with noise.
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Location
Data - - Average value | Maximum value | Minimum value
Longitude Latitude
Streamflow 127°59'33"E 37°0'22"N 177.0 m?/s 15150.6 m*/s 0.3 m*/s
Precipitation 127°59'33"E 37°0'22"N 3.4 mm/day 220.6 mm/day 0.0 mm/day
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11. Structure of WANN

Table 2. Coefficient of Absolute Correlation between Inflow and Inflow using Time Lag

Data () G- 3 &y
Denoising data 0.6783 0.4180 0.3368 0.2746
Original data 0.6780 0.4176 0.3364 0.2742
Table 3. Coefficient of Absolute Correlation between Inflow and Precipitation using Time Lag
Data By by P Py
Denoising data 0.7708 0.4878 0.3395 0.2678
Original data 0.7376 0.4655 0.3117 0.2452
Table 4. R%, RMSE, and RRMSE of ANN and WANN
Structure R? RMSFE RRMSE
ANN 0.873 276.722 28.196
WANN 0.905 239.334 28.097
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Inflow using WANN
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