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learning technique-based time series models for prediction of groundwater level fluctuation to national
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ABSTRACT: In the present study, we developed artificial neural network (ANN) and support vector machine
(SVM) based time series models and applied them to groundwater level time series data of 216 observatories
in National Groundwater Monitoring Network. The purpose of the development and application of the time series
model is to evaluate the model applicability to simulation of groundwater level fluctuation due to the rainfall
by forecasting missing and abnormal data and filtering out the effect of groundwater pumping and stream water
stage fluctuation. First, 1 day lead time direct prediction model for each station was built and utilized for
establishing recursive prediction model. Results of time series modeling of groundwater level show that they
can fill the missing data and filter out the effect of pumping and stream water fluctuation on groundwater level
effectively. Results of error index analysis show that ANN models are slightly superior to SVM in direct prediction,
however, SVM models are more stable for conducting the recursive prediction. Based on the result of model
parameter selection process using the trial and error method, the present study suggests appropriate range of model
parameter values for the given time series data of National Groundwater Monitoring Network. We expect that
the applied method and results of this study can be useful for managing groundwater monitoring network by
detecting abnormal groundwater level data and groundwater resources effectively by appling it to groundwater
recharge estimation.
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(Heesung Yoon, Pilsun Yoon, Eunhee Lee and Sang-Ho Moon, Korea Institute of Geoscience and Mineral Resources
Daejeon 34132, Republic of Korea;, Gyoo-Bum Kim, Dajeon University, Daejeon 34520, Republic of Korea)
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Fig. 1. Structures of (a) ANN and (b) SVM (modified from Yoon et al., 2011).
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1995).

F@) =w e« o(x)+b (6)
maximize  — lwil?+ 02] (&+¢) )
y. @( )— b=e+¢§
subject to T 6(x )+b Yy = et§
5 € =0
o714 we AAZE WE, 1= BEZL oL HlA
g Hdolrs L}E}WEP o= A o= A=

12 AW HEtd= 2% etulE, (= 2Y
it 02}, 2 @2} 5885 utt. & Al
A= SVME| SHERH 0 2 oAb 2|t 2|25}
&1 8] Z(sequential minimal optimization algo-
rithm: SMO)& o]&5}9th SMO+= 919] H&3h
£ a3 S9(Lagrangian multiplier)E o]-&
sto] chg o] 43} ol wigkek
1 N

= El(a —a;)(0;—a) K(x,.x))

¥ X ®)
O CRENEDWACELY

gvx

maximize

a)=0

B
0=q;,0 =C

i

subject to

714 ez BAZF 55 Vet SMOY
Mg o, —a 8 5,2 AT Qo2 Agd F 79
poll tial 4] (8)& 22t g Zthgk APY EA|= wigh
sto] 1 A ApH 082 Folgitt. o3t 2y
< B3 0gko] obd AT, & pE 2= HEE
A HE 2 AA3HA Hh(Platt, 1999; Scholkopf
and Smola, 2002). SVM 22 uletu]g= 22} 24
% g2uE( ), L2888 (e), 7H-AIFE et
tEf(0)o]aL ANN =& 4 Whofxe} Zo] z¢
ghabu] g of gi3) [2.0, 10.0], [0.06, 0.12], [0.5, 2.5]]
HeellA ZF 12571 23] gt 2dS AAdshaL o]

Z 2d g DAA 9] 224 H|asse utEt|



TIHBtE Tl T8 KEtRel HE AAY ofE 2de| IMASBEY Nateel K2 B 47 191

B8 Atk

23 AlAY ol 22

Qb AZOIA QIFa ule} o] AAY mEL
o]-&3t A& W2 ZA ST RS2
U= 4= k(i et al., 2005; Herrera ef al., 2007). ]
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Input data setting
(Rainfall, River stage, GWL)

v
GWL prediction

Feedforwarding

Calculate error

ANN/SVM model building process

a—

| I

w 4 alec . .. I
20 Model 561@“‘“‘ Recursive Prediction| | !
o ! 1day-lead time I
é : direct prediction model Model } H

s ——— y———— i
g <
g Set constant value Filtered GWL
= for River inputs estimation

Fig. 2. Flow chart of the process for filtering out the ef-
fect of stream water fluctuation using time series mod-
els (modified from Yoon et al., 2015).
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Fig. 3. Location of observatories of groundwater level,
weather and stream water level (source of groundwater
level: www.gims.go.kr, rainfall: www.kma.go.kr, stream
water level: www.wamis.go.kr).
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Fig. 4. An example of observed time series data of groundwater level and rainfall and allocation of data for model
training and calibration (GeosanGeosan observatory).
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Fig. 5. An example of observed time series data of groundwater level and rainfall and allocation of data for model
training and calibration (DonghaeGwiun observatory).
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Fig. 6. An example of (a) observed time series data of groundwater level, stream water level and rainfall and allocation
of data for model training and calibration (UlsanBeomseo observatory) (b) with the result of cross correlation analysis.
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Fig. 7. The result of groundwater level prediction using time series models for GeosanGeosan observatory data.
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Fig. 8. The result of groundwater level prediction using time series models for DonghaeGwiun observatory data.
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Table 1. Error statistics of direct prediction results.
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12 BARSLBEY B AN

2 QoA e =7HRISkTE 216720 Tisf
ANN 2 SVM 7]k 2|159] A4 12 H7el%
o BHE) % RYE FEIT 1 4848 vlE 57}
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£ 92 *x{Mean Absolute Percentage Error: MAPE),
YA At 22 Mean Absolute Relative Error:
MARE), 4 Al FH2HRoot Mean Square Error:
RMSE), AFA|4~(Correlation Coefficient: CORR)
2 o E2 A 7 A EY SorA E
AL thgo) A3} 2,

I

Model ANN SVM
Statistics MED AVR STD MED AVR STD
MAPE (%) 0.090 0.400 1.018 0.319 1.167 1.778
MARE (%) 1.601 1.843 1.111 1.408 1.590 1.730
RMSE (m) 0.098 0.138 0.122 0.109 0.174 0.211
CORR 0.971 0.953 0.056 0.964 0.930 0.116
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Fig. 9. The result of groundwater level prediction using time series models for UlsanBeomseo observatory data.
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o 1 |Obs; — Cal,|
MAPE(/O) TV,;(W) x100 (11)
1 & |Obs, — Cal,| )
MARE (%)= —— |X1
(/) 2:31( ‘ObSmaX ObSmln| =100 (12)

(13)

(14)

OP1A N AR %, 0", O 2t

B(\Y

Table 2. Error statistics of recursive prediction results.

ZEe] Hoigtat H 23k Obs, Cal= 22 W33kt 4
S| Fat =S vtk

7S BET 216702 ASH A= o
3 ANN % SVM 22| 21| & 28 A3} Pt
S 71222 MAPE 1.2%°]8}, MARE 1.9%©]3},
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27E HFYTHE 1). T 2ol HmoAL
MAREE #9512 ANN 2do] thh =2 & 2
IE Hojglon 71 Bd 7+ o AR FY] REE
AR Ao yERtH Y 10). WHECS] H$
AH 2o tha LA E7}F BHZE 715 MAPE

Model ANN SVM
Statistics MED AVR STD MED AVR STD
MAPE (%) 0.462 2.981 8.074 0.557 2.522 6.384
MARE (%) 7.890 14.877 35.613 9.133 10.679 6.903
RMSE (m) 0.317 0.738 1.814 0.352 0.533 0.470
CORR 0.700 0.681 0.180 0.660 0.620 0.199
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Fig. 10. The distribution of error criteria for direct prediction models: (a) ANN, (b) SVM.
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Table 3. Statistics of RPR-DPR Ratio.
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Fig. 11. The distribution of error criteria for recursive prediction models: (a) ANN, (b) SVM.
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Fig. 12. The distribution of RPR-DPR Ratio.
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