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Abstract

The selection of activation function has a great influence on the groundwater level prediction performance of artificial neural network
(ANN) model. In this study, five activation functions were applied to ANN model for two groundwater level observation wells in the
middle mountainous area of the Pyoseon watershed in Jeju Island. The results of the prediction of the groundwater level were compared
and analyzed, and the optimal activation function was derived. In addition, the results of LSTM model, which is a widely used recurrent
neural network model, were compared and analyzed with the results of the ANN models with each activation function. As a result, ELU
and Leaky ReLU functions were derived as the optimal activation functions for the prediction of the groundwater level for observation
well with relatively large fluctuations in groundwater level and for observation well with relatively small fluctuations, respectively. On
the other hand, sigmoid function had the lowest predictive performance among the five activation functions for training period, and
produced inappropriate results in peak and lowest groundwater level prediction. The ANN-ELU and ANN-Leaky ReL U models showed
groundwater level prediction performance comparable to that of the LSTM model, and thus had sufficient potential for application. The
methods and results of this study can be usefully used in other studies.
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U= T ot Aot 53] AlFE 9] -9 A5k
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215t9] 52 floll AR 5 4T} Darcy
5 =894 {7, 1211 X217 29 (Digital Elevation
Model)s Tt 224 ZFa5 A8t 2ok 555 1.9
St 213 0] Z|st4=91E AliFel=(Todd and Larry, 2004)
Aol =2 22 Q1 MODFLOW (McDonald and Harbaugh,
1988)E A& = Qith. o] A5k R B E-2 2|61p9] K9]
o @] A&7 Itk (Mohanty et al., 2013). X5} 42| &
g5 ARgSte] F1HA 0 = FESHR] R Aok Al AHE B
oJat7] flaiA= AR H B 0 = vt Atw Tt B a5hH
(Barthel and Banzhaf, 2016), TFeF QF2 o] Al 5-7H4 217 9]
F50] of et 739 2[5k AE 6] R oJsl=t] o2&l
Ath(Sun er al., 2016). EH ETT F-E L 2A| 20 Theglo|
w2 E3H4(White er al., 2014), 52 29 m oAz o] 5
7](discretization) 27 o] Tk2 E2-1(White et al., 2020),
8|3 ghe vt 71 B o)A 7K Maxwell et al., 2015) 52
o] it ikl W 0 2 B R (R Hz (R |54
)t EFEHS| HHE AT 2 A 5) 1H
WA (AEHE ) E BT 22U U AE=E 839
= A& ShEHo = 2|5kl E A& Sth= ol e 7]RE
EQl QIF A HHls B8 4= Qlrk QI 5AI W Artificial
Neural Network, ANN)-2 Z33F I3 A5 a2 opokst 3
2t & o]-8-9] Fgo] glrh= 43 o= Q6 th4=2] o]
A o 2 AMgE lth(Rajace ef al., 2019). ANN &2 7
©7]1719(Long Short-Term Memory, LSTM) (Hochreiter
and Schmidhuber, 1997) @7} o-B-0] ~25F U =291 2
of Ao]| 2| 27HA] E 2] AME-E| A TK(Sit er al., 2020). ANN
R4S S83t 2|519] 52 AT o 2 es 7817t
AEE AT 5 Uk

25t=9] dl&5S 213 ANN 22l 7 A] @A 3letr=
ANN 29| 8H5 2 | ZA4]50f 2 Y P THKim er
al.,2021a). F¥HA 0 2 Je] A& = B4 SRk = sigmoid
=2} hyperbolic tangent (tanh) 2= Th(Haykin, 2009). £
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3% 71831 Rectified Linear Unit (ReLU) (Hahnloser et al.,
2000)5 ARESH A7 2H 0 24 & sigmoid TS AR
SIITK Table 1). T2 H 0 =4 2|20] Aol A= sigmoid
0] Y-S Hokslr] 915l ReLU &=r-& A&t t= 4
O]cKTable 1). 1] 1! o] BASIISE ©]2]o] Leaky Rectified
Linear Unit (Leaky ReLU) (Maas et al., 2013)2} Exponential
Linear Unit (ELU) (Clevert et al., 2016) 5 t}oFeH 2445} 3
20| ARSE] DL Qlet. whebA] AT g R 9 o A5k o
Zof kol 24 o] ANN LS /st s AE theksh
okt E ARS R Aok dlSa el vl Aol Ha
st H -7 dE 2 35 15 5= el thefe 2493
£ 24T A7 3 = AT (Ukkonen and Mikeld,
2019; Worland et al., 2019; Kim et al., 2021a, 2021b) A5}
1 AIS5ol s 2/ 2ketr-E vl w45t A= S-2oHA] %
o}, 55| AT o] F4HE 2| S Zro] Z|eh-91 2] §iF-20]
A3 AFFol B -9 ANN RS &-8-oto] 24
215191 5= oAl = ohaet 24 3keta-of Bl w74
Bt 22 o] EAdeel Adeo] RIEA] HQojr

2 A9 542 ANN R dlof 57]9] thefet &/ alet

o rot

Table 1. Groundwater level analysis study applying various activation
functions to ANN model

No. Authors (year) Activation Function (s)
1 Coulibaly et al. (2001) sigmoid
2 Nayak et al. (2006) sigmoid
3 Krishna et al. (2008) sigmoid
4 Yoon et al. (2011) sigmoid
5 Rakhshandehroo ef al. (2012) sigmoid
6 Taormina et al. (2012) tanh
7 Sahoo and Jha (2013) sigmoid
8 Emamgholizadeh ef al. (2014) sigmoid, tanh
9 Jha and Sahoo (2014) sigmoid
10 Chang et al. (2015) sigmoid
11 Hosseini et al. (2016) sigmoid
12 Sun et al. (2016) sigmoid
13 Yoon et al. (2016) sigmoid
14 Sahoo et al. (2017) sigmoid
15 Wen et al. (2017) sigmoid
16 Kim and Oh (2018) tanh
17 Yu et al. (2018) sigmoid
18 Lee et al. (2019) sigmoid
19 Afzaal et al. (2020) ReLU
20 Miiller et al. (2021) ReLU
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5 25kp9] 5) 1H] HRIAIE o] 8-5te] A A A EAt R
£ R AYSHH(Jha and Sahoo, 2014). ANN @2 Q12 Z(input
layer), &= = E429] 24 5(hidden layer) 1] 11 &¢
(output layer) <=4 2] QAL ZE 7AW, 2t S22 & &
B0 rH o2 FAHTKFig. 1). ANN o] 27t
218 or-2-7 e 4= QIth(Kim and Valdés, 2003).
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Fig. 1. The structure of ANN model

212 P 22

AH7171A(LSTM) HEll-2 A 41787 R o] '15g 0 =24
2B RE O] 7|7 7195 H (71 9E4, long-term
dependencies)= A slloh= A4 (vanishing gradients) &
Al(Bengio et al., 1994)E a1 @517 $15l 7L =] it LSTM
mdle 7+ AAFA T time step, /)4 25 HRE A7|7E
B2 712517 Y3 carry track ©|2H= Ao HEE AL
QHth(Fig. 2). ©] carry track-> A|A| GAFE 2] AlZHOE A 2] 2}
7§k g 3YstA| vl xlste] FERt HHE o F A7 AL ZF ALEA]
ol B o minfeh 53 HH S AR st R AAF
Az o] AL Aol @ e | AR AR = A A St
A 9F=th(Chollet and Allaire, 2018). LSTM 22 1] 7}
O] S5 HIghS ARgsto] 717 A S ShEtrt= ol
A 71229 24178 Rl 2ol o] Qlek ol A 1 Al
Zrfjoll thet A3 output,) = Thaak Zo] At

output, =
activation( Wo « input, + Uo « state,+ Vo « ¢, +bo)

@)

AZ1oNA input =t A DAL=, state, =1 A 7HH 2]
7SR = -1 A7 O] Ao e, o= AR carry L,
Wo, Uo, Vo=ZATARES £t input,, state,, c, PAZALS g r s
2(7H ) B, « -2 WA (dot product), bo= FHE] H
o], activation=sigmoid &2} tanh T AH-E-5H= A4

shgtZrolt,



1146 M.-J. Shin et al. / Journal of Korea Water Resources Association 54(S-1) 1143-1154

output; 4 - output; - output; .4
7'y > > 3
Crq SN Compute | & NN Compute | G+ Carry track;
new new
carry carry —*
7' r'Y
output, =
activation (
Wo - input, +
state, Uo - state, + state; .4
o+ c +
bo)
Iy Y
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Fig. 2. The structure of LSTM model. Reproduced from Chollet and Allaire (2018)

ANN / LSTM layer ]

Wel}?hts (data transformation)
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Weight Simulated
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Optimizer
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Fig. 3. Groundwater level modeling process of artificial intelligence model. Reproduced from Chollet and Allaire (2018)

carry gt Al 7HA] 2] FE 2 Q1 gk Fof YE|o| EX
71 A2 ot of e

i, = sigmoid( Wi « input, + Ui + state, +bi) 3)
f, = sigmoid( Wf  input, + Uf « state, +bf) “4)
k, =tanh (Wk « input,+ Uk » state,+bk) %)
¢ =0k tof, 6)

7|4 i,+= sigmoid T 5ol AEA F71He FE([0,
1191 #9)), £, sigmoid T2 S35 AHA1H HH([0, 1]9]
N, k= tanh 5 S FEO FAT([-1, 112 FHLE 9

wlgich 2, i, 9 b, S B0t A2 HHE AT, o9 £, 5T
Sto] el QR cay©] HHE A7, mixjEro & ; f, o}
c.f, 5 B5t] M2 carry@t= A48t} LSTM & Hl2 2|5}
591 9l5, Aot H g 24, A5 ol A2 5 ohed’t
AJ5kr9] A& Aol 454 0 2 AG-E] 3l T(Jeong and Park,
2019; Shin et al., 2020; Vu et al., 2021).

Q12215 Rlo] 2|59 REHL 918 A= 5Hs (super-
vised learning) A2}= Fig, 33+ 2t} A A QAR E2 <
A Ble] k5] sk g akaldel ofs) mLolAI59] A
Al G2 m = HEE]H, 22517 (optimizer) & A8t 2.0
AJo14-9] Al AR R BE A9 A A LA R A 2
A 7HS 215 YHlo| Eohz 18-S HHESITh 2 Ao
A=R o] 718k el 2291932 Keras T7] 2] (Falbel
et al., 2019)°14 A F5H= ANN 2 LSTM 223 AR8-5}H3Tt.
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2.2 gdsfete Table 2. Equations of activation function and differentiation of the
TG ol SAHE BE YRS T actvation function
28T o 39 27|15 A5 4T (compressing Activa.tion Activation 'function Differentiz?tion of ac'tivation
function) _4 oske 5}131 (Sahoo et al., 2017) 01 ¥ A= el _4 function equation function equation
1 -
S5 5ol & S vFInh & Aol A= ANN 2Eo] & sigmoid fl@)= Tte® [ @)= ﬁjiﬂ)?
e
YZo Q= %‘:‘ﬂ‘?—% | sigmoid, tanh, ReLU, Leaky ReLU R FRY
° e —e
% ELU| 571 2443145 2851 ATh(Table 2, Fig. 4). tanh fe)=op = | f@)= 1—(+7)
sigmoid €=10, 119 91 7HAl= 1}_}}_%—! ZHaslA] ReLU (z) = max(0, ) o) {1 (z=>0)
A=A OJOVO]E}(Flg 4(a)). 7SR RS Y| 0(z <0)
_ L
o|Es}7] gl8] AbEEIE ST e 5L WMol RS BEF hy, | S0 =maxlonn) | r@={{ 20
AN S AL o1, Jeigte] w2 ko 2ol P PR N R [,
B3840 18 gL 0] 2ASIA Brk(Fig. 4(b)). E ole’ ~) <] 77 lae' (w<0)
1.00 (a) 1.00 4 (b)
0.75 1 0.75 1
s E
& 050 < 050
0.254 0.25 4
0.00 . ; : 0.00 A
I 0 5 5 0 5
1.0 (C) 1.0 (d)
0.5 0.5
2 0.0 f 0.0
—05 -0.5
-1.04 -1.0 1
5 0 5 -5 0 5
°1 @ 1
44 4
;f 3 § 3
2 24
1 4
-5.0 -25 0.0 25 5.0 -5.0 =25 0.0 2.5 5.0
54 54
R . ()
34 34
=z 21 = o
T T e S B
0+ o
—14 =19
-24 1 ! 1 1 -2 1 1 T 1
=50 -2.5 0.0 25 5.0 =50 -2.5 0.0 25 5.0
s s{
o O 0
= 31 8 31
= 2 S 2
14 14
0 04 j
=14 T ! T T =14 T T T
=50 =25 0.0 2.5 50 -5.0 =25 0.0 25 5.0

X

Fig. 4. Graph of activation functions: (a) sigmoid function, (b) differentiation of sigmoid function, (c) tanh function, (d) differentiation of tanh
function, (e) ReLU function, (f) differentiation of ReLU function, (g) Leaky ReLU function («=0.2), (h) differentiation of Leaky ReLU
function (e =0.2), (i) ELU function (o = 0.2), (j) differentiation of ELU function (o =0.2)
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A
etal. (20212)%] A5 F g 4= Qo

tanh <=1, 119] FI91E 7HA™ sigmoid &<t F-ARE
=/49] Fei S LEFATH(Fig. 4(c)). tanh $F=sigmoid Xt}
W2 919] ok 7t H ok o] v g2 Z=TH(Fig. 4(d)). St
2|9 tanh -1 sigmoid oHrA H Y= gto] uf-¢- A o
- 2F o B ekto] Hul R ZE2 0o LAFSHA| E|o] AL
A FA7 AR}, T3] 1 sigmoid St v ER] 2 tanh
ko] 2| 5gk7t 2t E o] Qlo B 2 ARGt e 4

AR
ReLU a4 9leiglo] oxc} 2om 00] ghe, gJeigto]
03Th 2 QRigat AR gk 2SR TSIl

(Fig. 4(e)). ReLU &=2] vl 212 Y gfo] 0 X o} 20 H
0°] 3k, d=igto] oot 29 19] gk 2E=Th(Fig. 4(H). T
2hA JEgtol 0BT 2 -7
M nt ALY Al AAAE wAI7HEAYSER] b=t TRt
&0 FEi7t et A]pekE L Rtoh= sigmoid oF
fftanh o o QLS 7 wha oh= A o] Sl shA| Rt
dEgho] 0K o} 242 A 712717} 00] 7] wfzofl Wi 7iH
£7} Jullo| Ex] 7] ¢ om EgtReLU gk 00] =E=
S o] 1295} == A% (dying ReLU)°| EAYSH]]
=g

Leaky ReLU &= A& g0l 02t 2 7% ReLU =2}
FUS AVE SE5tH, d8gtol Xt 2t o 71271]l
of| ¥ gke F5to] EAakekol 23 gka A Rtk Table 2,
Fig. 4(g)). ZL2]1! Leaky ReLU §4=2] 0|z ¢l=izto]
0Rct o ¢ 2 ZH=CKTable 2, Fig. 4(h)). TH}A] o] &4
Slele AAAE BAI2FReLU ol A & gke] 02t
A2 ol st 7 o] Bl £ AIE sHETT Leaky
ReLU 2= ReLU ?FrE 741t @/dSket<ro]™ ReLU

& AE EEFT AU Xu eral., 2015).

ELU &= 94 =3ko] 050t 2 749 ReLU §0] 413t 7
o, o] 0E T 22 735 a of A5t H5to] B4
Slglro] 7S 2K Table 2, Fig. 4(i)). ELU &=
Yegto] 0t} 22 79 BAJakelrgto] 0o] ofdzh= el
A] Leaky ReLU @2} AR 2] a5 ARg-REo 244
ZAsRergtol Bld g oleh= Aol A Leaky ReLU =2 2}
o7} SAH(Fig. 4(j)). ELU F=r= AR Ao i o] vl
g2t ZAIZEASER] 9201, ReLU <11 Leaky ReLU @F
TR Fold d5-S Uehdithal 424 Itk (Clevert er al.,
2016). SFAJRH o] B 2let= A|elrE ot /171
o] ReLU §<1} Leaky ReLU §R T A7} L]t

R

2.3 ALY 2| A Atz

AFWIA G2 AFE F5E BRG] F4kte] 9
2gk 271 2|5t4=9] T A - o th(Fig. 5). & Aol
A9 W=7 Alot=9] A=, 2] 27 TS A w
of, well) g Atm H 27 Ak Fp A Frg AR E A
8513 TH(Table 3). et ¢S54 7137 (http://www.
weather.go.kr/) oA = FF0l Y= 257 1V HE A Automatic
Weather Station)©] 1, W2 -S4+ AFE At
o = H (http://bangjae.jejul 19.go.kr/) o A &F3}L 31O
H Ao Eoflx] F4ef A= & Tl tof AR S 4= QlTt. ]
SRl B Frw AR AFSEAAA NS A A T
4 FeEjotal glow FUhA o 2 Al g =] 2] o= AF= o).

detat wel iS4 o] dehe] aeske] A9, Adut
oF S A 0] o] | TS A0 R A
g0 2 gh2 715 SIQ1E 4= Qlth(Fig. 6). Wl 754
(EL 400 m, Fig. 5)X.t} 11 2| tfjof] 9] 2] 5}aL QL= g kot 749
THEA(EL 763 m, Fig. Sy AR G702 Q8] Aol o B
2702 It TEH A (MW-A) Q] Aot BiE=
(22.6 M) H=ZH B (MW-B)2] A|5lr$] HEZ(17.5m)E
thoF s m Ath(Fig. 7). 181 TE5A AS] B =54 B
BIHTHEO(Fig. 5) W& A9 A|ot-9l= =4 BY

Table 3. Data period of rainfall station, groundwater withdrawal well and groundwater monitoring well

Classification Station name Data period Remarks
. . Seongpanak 1992.01. 01. ~2020. 12. 31. L
Rainfall station Precipitation (mm/day)
Gyorae 1992.01. 01. ~2020. 12. 31.
Pumoi I PW1 2001.01. 01. ~2020. 12. 31. Pumoi (¥l
umping we umping rate (m”/da
pine PW2 2013.07.31.~2020. 12. 31. pine )
MW-A 2001.02. 11. ~2020. 12. 31.
Monitoring well Groundwater level (m)
MW-B 2012. 03. 13. ~2020. 12. 31.
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Fig. 5. Schematic diagram of the location of rainfall stations, groundwater withdrawal wells and groundwater monitoring wells
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Fig. 6. Comparison of precipitation data from Seongpanak and Gyorae
rainfall stations
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Fig. 7. Variation range of the groundwater level in the groundwater
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A

1 O

ARt A B/9=o] 2lth(Fig. 7). ol B2
H 5345 AskAE o ?4017} 7191%k Zl o 2 ek,
24 ATYY

ANN 2o 571 &5kt Zh2F 4 g-6to] 2]5k49]
o] th2 27 AJslr9] P54 1Y & A ol91E o=
311 o595 | WA SHiTh. BoF LSTM & 31l
neZ ARSI 19§ 116]"‘!“‘14% oJ &5t ANN =le] 2
e |4 Sl 1Y & Aok 9lE AT ol s U

25 o] 17) /\E“(tlme step) u|gf] |2 50] 714 Zo}
7} 1E A5 mH o] d 5542 2 - 6] §hgsty] wzolot.
Ol F 2|5 rdlo] k57| 7o T gt 1A H(overﬁttmg)* v
Zst7] 91sf w7 HA7H Fofl ZH(callback) 715

Abgste] FAE w75 A5 7171 tish 7450}951‘:]'
1311 split sample test (Klemes, 1986)E {5t H|AE 7]
Zrol el 1525 R 5452 B7FekiT) o5, A
Z AT SRR M2 BT 717H0 24 Table 49} 2.
o] ot5-2 Il 7H52] o] <)o ul 7Sl
Sto] mul 7 H4~(hyper-parameter) %t d7g o] H @ 5|t} 5}
o|ojulj 4= ghe] A of thet ekt 7|2 glor
(Chollet and Allaire, 2018) & d=Lof|A]= A|32}Q & Table
59} o] AA5Hlet. 724959 29w 2] 7H(n_units)
= 100702 A7t o™ ANN 2 LSTM 2& &5 2719]
2495& ARESHT 24 o] ‘EI:ZZF— k5717t o
LIRS EATH RS 4= 9l Tl ol ZAIE

ATAS

Table 4. Duration of training, validation and testing of artificial intelligence models?

Monitoring Well Training Period Validation Period Testing Period
MW-A 2007.01.01.~2020. 12. 31. 2004. 01. 01. ~2006. 12. 31. 2001. 02. 11.~2003. 12. 31.
MW-B 2016.01.01.~2020. 12. 31. 2014.01.01.~2015.12. 31. 2012.03.13.~2013.12. 31.

“The training, validation, and testing period of the precipitation and groundwater withdrawal used for simulating the groundwater level of each
groundwater monitoring well is the same as the training, validation and testing period of each groundwater monitoring well.
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Table 5. Hyper-parameters of artificial intelligence models

Hyper-Parameter | Range Setting Value Description
n_units - 100 Number of hidden units in hidden layer
batch_size - 50 Number of samples fed to LSTM in one sub-simulation
dropout 0-1 0.5 Fraction of the units to drop for the linear transformation of the inputs
recurrent_dropout 0-1 0.5 Fraction of the units to drop for the linear transformation of the recurrent state in LSTM
learning_rate float>=1 0.001 Learning rate of Adam optimizer
n_epochs - 50 Number of iterations
patience - 10 Number of epochs for early termination of training when simulation values do not improve
« 0.0001 - 1 0.2 Gradient of Leaky ReLU or ELU activation function

Ast7] 918 EFok(dropout)t =4 7|55 AH8-5H
whol F5] B 50) Sl e A5t o2 §
5 TR 22 2] 74 (batch_size)= AT
tlo]E] o] do& Aresto] 50702 A5t on, Bl
W2I5E7] 1ol 72912 29 7l BlE 4t A7 = Hladl
R A EFoH(recurrent_dropout) 25 0.5
= AAsk) 2159 oha= fIet 2| AR ]+= 229
el Bofol A d 8] AFE 1 Ql=(Le er al., 2019) Adam
(Kingma and Ba, 2014)& AR&-5FSITE. o] 4317 9] el5&
(learning_rate)< 0.001 = A7 51510 o w7 <4=0] %] 45}
o] th$t 2243k r= Hot A o] 2 XH(mean absolute error) S At
Bkt w7 2235k 2y 5 A A H|ol el thsf mi7h
= Ao E F{ o §HE 31521 n_epochs = 5091 0 = 47
Sk Q15 A5 HH o] wA kS 1 R]s}] flof fol= 4
35 W= 814 (patience) THE M7 H|o| E stet
T AS712e HojAnprt o ol AN A
Z71%-Z(early-stopping) (Prechelt, 2012) o= 23 7]5-2]
patience= 1022 A5t ANNO| 2420 2-8-5 Leaky
ReLU &9t ELU ?9] a 32 0.2= 47 steict. mhA]at
O & ANN 27 LSTM B o] Z2]50f thet Z4Js} g
= Maier and Dandy (2000)<] A|¢te]| wh2f AP o5 AHS-
stelod, o] g S8 F Y Rl A= dEASE
5] e 89419 8 e g2 gt

NEA s Bl | S5 v W EAISE] fI6l 4ot &
ofoll A d 2] AHE-E AL Q1= 3B7HA14+ Nash-Sutcliffe effi-
ciency (NSE) (Nash and Sutcliffe, 1970)2} Root Mean Square
Error (RMSE)E AF&-5FITE NSE= 2ol d o] tjgh Ayt
210l A K = A F-5HH(Moriasi ef al., 2007) RMSEX= 2o|Zt
o] PEZEE PR} 77to] AANFEAE LheRiTkLe er
al., 2019). NSE2} RMSE€] 7 o] &= o}&fj¢} 2},

ro
I
_)&
ic)
i
rr
b
d o

S0
S5

n

Z (Qobsj - Qsim,?')Q
NSE=1—"= (7

RMSE: %Zl( Qobs,i - Qsim.,i)2 (8)
A71oNA n 2 AADAZE T4, Qi 2t Qe AT A
o] 75 B mO] X5k, Q= B Asglel B
oIt NSES] H 915 -c00f|Af 1011 12 R Ojghat PH=g)o]

Hts] Aok AL olrleli, 02 Bojgto] BEe] Bt

2 SUFL ollFie. 293 RMSEZ 0% W) gk
mojgro] Ja}s] AX|SE 21S ulict.

3.1 2435 et | U ANN 2E0 LSTM 28! H|

5719] S35 -89 ANN o] 1 Y & Z|5l4=9]
dl|=A 1= Tables 6 and 71 2Tt Tables 6 and 7= 22 #=
J A9} Bo| thet Aato]m 7]Eo] &= R o] Aot H| W E
218l LSTM el o] A3}t 3t A|A|SH T AdAIgh Bl & <
Sl NSE2FRMSE®] 244 FAIX]E S5 (training) 7|77}
AS 2 HAE(validation+testing)7]7te] A2 225t
et St F=o|g H o =2, Q1-52]5 B4 o] Sh5(training)
Al A (validation) 7] 7H& AF-8-sto] E O] 3 gh(over-
fitting)= YAt & FHH w7 HS-E AHESto] HAE
(testing)7|Zte]l ek 2 El O] 455 H7sk3l. shAIRE HE
7120} HIAET|ZRe] RO ATt B 8h5-2 Fofl &
7 HSE E-8-oto] sk 0] 2] 2] 7]7to] thiof 15 A5 E
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Table 6. Results of activation functions for groundwater monitoring

well A
NSE RMSE
Model .| Validation | _ . . | Validation
Training e Training +Testing
ANN-ELU 0.998 0.998 0.182 0.149
ANN-Leaky ReLU| 0.998 0.998 0.181 0.162
ANN-ReLU 0.997 0.997 0.227 0.181
ANN-tanh 0.996 0.997 0.292 0.175
ANN-sigmoid 0.993 0.997 0.357 0.170
LSTM 0.998 0.998 0.178 0.130

Table 7. Results of activation functions for groundwater monitoring

well B
NSE RMSE
Model .. | Validation | . . . | Validation
Training . Training X
+Testing +Testing
ANN-ELU 0.997 0.997 0.179 0.155

ANN-Leaky ReLU| 0.997 0.997 0.167 0.139
ANN-ReLU 0.997 0.996 0.196 0.163

ANN-tanh 0.996 0.997 0.199 0.132
ANN-sigmoid 0.994 0.997 0.267 0.139
LST™M 0.998 0.998 0.158 0.124

o] 5= ASer Ayl 2w, ApH|w o] Hel S 9l A
Z717H} HIAE 7| 7he] R oA A<D AE ¢Fsto(validation
+testing) 224 FAX]GE A4 Z3}-E Tables 6 and 71
e T

ZJ519] Ms-Zo] Ad o 2 F I=H Ao thigh x5k
9 5735 ELU - ARG A 7S =2 A 0 & Lt oH
5H5717F 7155 Leaky ReLU > ReLU > tanh > sigmoid <=2 2
d54d50] =2 402 YERTE ELU 3= Leaky ReLU
Ko} oh57|7ke] RMSEZF 27 S 2]9H(0.182 m) AHF 2 H]
2E 717 5l 2 RMSE (0.1499 m) AV E &g o0 2
Is T Aol Tzt AJsk=9] S thell 7 2 &qt 24
skt mhobeth B9 H|2 ANN-ELU 292 LSTM &
dH o RMSEZ A A 0 = o 5450] YATFNSEE
13 7 LSTM 2o} o532t oS54 52 et o

2|51=9] HgZo| A o = 2R-2 =2 Bl thigh Aot
5-9] A2 A 52 Leaky ReLU @ AR Al 7F =2 Ao 2
UERgt o 5H57171F 715 ELU > ReLU > tanh > sigmoid =
O 7 5450 =2 A 0 & YT th2bA] Leaky ReLU
71574 Bell thigh 2[5k oI5l tisl 71 2 det &g st
SFr2 W T ANN-Leaky ReLU 22 LSTM 2l H

T} NSE7} 2F3 RMSEZ} 7] Al 0 2 of| 24 50] W] gt
I A}ol7F A.2] ot LSTM B at o5t o 548 %5- Helck

T TR B3 o] F b 9-0) 3E Fastel B 1
LSTM 2H-2 57]2] &/5} o5 AM-3F ANN R H o}

A=deo] Hest Eot AsAls B 54 vl

B9 A A (reference) @ 2 S-8-E 4= Ity F1 2 W=
g A%t Boll tiet = 91525 RO Z[5l9] o 5/d 52
NSE7}0.99 o)/d= Ko &2 dl54d5= Hetd i
U EE 2 dS H HAE 7|to] igh oS/ 5 ol o
571740 5 d st Hrh= Aotk Lol f= g5 IRt A
B A PEA]5l91 0] B E-Zo] A o & 5 3 ¥ sl
iAo 2 B4Rt 7I0hS A Bl wlZell Sk |Xtol| et

527t HF W HIAE 7|7te] tigt St E R0
Tk o] A2 k5717 5450l AT R HAE
Zrol tiet S-S Eet 4 T2 A2 oty zhe e 2]
gt ERt okE 717l Hidt S 2VE V1o = BAeket

=9 NSE 2 RMSE®] 2ol & A7 Axt =57 Aol tigh
Z}O|(NSE: 0.998 - 0.993 = 0.005; RMSE: 0.357 - 0.181 =
0.176 m)7} =7 Bo| tigt ZFO|(NSE: 0.997 - 0.994 = 0.003;
RMSE: 0.267 - 0.167 =0.1 m)2c} Zith = =4 Ao digh
NSE®FRMSE®] ol = &4 Boll thet B-+-20 212 67%
2 76% 7t Zt}. 0| A2 TSR ohr9 0] HE-Ho] A1 ¥
ol BRLG5 AFAEs B AJok9] Al&55H 9] 2k
ol AXHE AL oJu|gitt,

3.2 2|2 8443} 8140} sigmoid 34 H|

Tables 6 and 70|4] H.o<= vl Zo] 2/ 3alol4=H ANN
HElo] 2519 ol 5452 Alel= k717l 71 2]
ER . mebA] k57130l digt Zlska¢ 523 5 7%
£ #}o]E Holl= T ANN 29| A7}= Figs. 8 and 92} Zo
TAJST. WEA|SHe 9] HEHo] Jiidor 2 B
A9] 7%~ ANN-sigmoid 2 &-= ANN-ELU 2 dlof| H]5l| 4+
5 2| A 2]5ke9] A5 5 0] W2 e I 4 Alth(Fig.
8). o 2fet @2 WEAISHe 9 HEZo| driH oz 22
=74 BO 7ol A &l 4~ 91=H] ANN-Leaky ReLU
22 31 8 A 2|5k ] B S 9 10 Z]5hp9]9] 1:1
o] ZAFSFAIRF ANN-sigmoid 22 0] 749 11 2|69 +=
Mol &, A Aleke Pl Ao 52 5he A o2 UEt
(Fig. 9). At o] He5HS A 4 23 #[sk
9] Bk A 2]5ka919] Rl oS0l a5ttt TRt A
Ast19] o =9] -9 Ao S Hot Mo 5o 2|
1oz FA A[st91e] HacfEe] 7 Hiulof afo]
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Fig. 8. Comparison of observed groundwater level and simulated groundwater level of ANN-ELU and ANN-sigmoid for the training period of

monitoring well A

Monitoring Well B
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Fig. 9. Comparison of observed groundwater level and simulated groundwater level of ANN-leaky ReLU and ANN-sigmoid for the training period

of monitoring well B
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AAEEO S o Utk A-S ERlstl e, #HEA|614=91<]
Hs-Fo] 11 Hgddo] BE4Tr5 A3 A5 LEdE Ao}
9] A58 9] 2pol= ARILE 2 Aol A AAIgh 571 &
AekelE 285t A 9 v A A= Z]oke9] o
ZHgtopet Aok P& Y AR 5 5 A
H 52 T oot Aol f-85H A2 4= STt
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