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ABSTRACT

A method to filter out the effect of river stage fluctuations on groundwater level was designed using an artificial neural
network-based time series model of groundwater level prediction. The designed method was applied to daily groundwater
level data near the Gangjeong-Koryeong Barrage in the Nakdong river. Direct prediction time series models were
successfully developed for both cases of before and after the barrage construction using past measurement data of rainfall,
river stage, and groundwater level as inputs. The correlation coefficient values between observed and predicted data were
over 0.97. Using the time series models the effect of river stage on groundwater level data was filtered out by setting a
constant value for river stage inputs. The filtered data were applied to the hybrid water table fluctuation method in order to
estimate the groundwater recharge. The calculated ratios of groundwater recharge to precipitation before and after the
barrage construction were 11.0% and 4.3%, respectively. It is expected that the proposed method can be a useful tool for
groundwater level prediction and recharge estimation in the riverside area.
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Fig. 2. Flow chart of the method to filter out the effect of river
stage fluctuations.
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Fig. 6. Cross correlation analyses of the time series data at GIM-13 station : (a) before the barrage construction and (b) after the barrage

construction.

slelell tist sl Adade] Bt wiEs A
ERdth(Fig. 6(b)). Adkrslol] tigk 729 Auae v
Az A - F F Forh YIAIRE AAAIRES SolETh
B AR o] A3t AsshEA R} 7k 7
ol 23t A|alle] HkE- Alzte] WS 7FsAdel S
o} 28y Fig. 5914 B nje} 2o Xslei7t 35
9 391 G Al B lo] APAS TS
WAPSH FATRo 2= AE9le] digh o] IS
Ag3] wdsty] oot

4.2. X519 05 W 54 e XA

Ashelel] ik she] wstel Oﬂfﬁ% AA) ¢
ol $-41 A, shdael, Akl A5k 9 W
2 oL 1Y F A Sshs ¢ o 7k 2]
A a5 AAE 2ds %Wo} o} 7t 4 wsee] 3
AR AR % 5 9] wAREY Ans dn
sl 247} sd= é@fs} o 2dlo] T 2 HAS 9

%’-’d

-]1:_1—_;
P fu i iy

J. Soil Groundw. Environ. Vol. 20(3), p. 74~82, 2015

3 dast A5 Pk e 2 el gt Ask
9] ¥k A=rt o ddss S 2l
o2 At £ A7) HHo] AAE RS of&
Sk ] g3 AlAel °l l o] oS ke 9
9 BHA A ARE XIS WA A8 gt
(Table 1). ©]Z o]&3}o A—’t A9 AFAEY 7Rk
24 45 2l B Table 29 2T}

i o5 =Y g 9 o5 o83t e J
AA ] 8-S 98l 7P T8% 84e AAES A
A elE 2o Aotk B X o] Aakee] ApEe
gt A oF 2de o5 AAE Fig. 720l E=AI8H
act. X*iﬂz-'!&i Aete] WE TS HE3] o= l~
Ao Yl A dSgkel uigt A=
0.9792 A= B *Eil o]% AJak 9] A=l EH?‘S&
& A= 27| A3
= APe] Ao dvkFo g Aelkee] WE FEe &
Ao F Higehs oS o] ARt AL ATt



Al AAIE ollS 2l 7]k spa9] 9% e 71 A B sl ks A A 79
Table 1. Data allocation for the ANN model building
Period Training stage Calibration stage Prediction stage
Before Barrage construction 2011.06.01.-2011.07.31 2011.08.01.-2011.08.31 2011.04.10.-2011.09.30
After Barrage construction 2012.07.01.-2012.09.31 2012.10.01. - 2012.10.31 2012.04.01.-2012.10.31
Table 2. Selected ANN model parameters
Period Num. of hidden nodes Learning rate Momentum
Before Barrage construction 5 0.005 0.9
After Barrage construction 20 0.001 0.0
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Fig. 7. Results of the model application to the data before the barrage construction : (a) the direct prediction results and (b) the filtered
groundwater level data.
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