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ABSTRACT

Rapid development of geophysical exploration and hydrogeologic monitoring techniques has yielded remarkable increase
of datasets related to groundwater systems. Increased number of datasets contribute to understanding of general aquifer
characteristics such as groundwater yield and flow, but understanding of complex heterogenous aquifers system is still a
challenging task. Recently, applications of data science technique have become popular in the fields of geophysical
explorations and monitoring, and such attempts are also extended in the groundwater field. This work reviewed current
status and advancement in utilization of data science in groundwater field. The application of data science techniques
facilitates effective and realistic analyses of aquifer system, and allows accurate prediction of aquifer system change in
response to extreme climate events. Due to such benefits, data science techniques have become an effective tool to
establish more sustainable groundwater management systems. It is expected that the techniques will further strengthen the
theoretical framework in groundwater management to cope with upcoming challenges and limitations.
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knowledge) 5 FHsh= /do=z S-8-oket #Ad
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BHLIR Adolgar & 4 St
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= HelHE ogA At Aejatar -8 At
H AR BAE oL 7] wiEel], ofd o5
o8 8ol IZH-FITE] ’?J‘E—.%—(human—computer
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Table 1. Acronyms

Table 1. continued

Abbreviation Description Abbreviation Description

AIST Advanced information systems technology RT Regression tree

ANFIS Adaptive network based fuzzy inference system SGI Standardized groundwater level index

ANN Artificial neural network SPI Standardized precipitation index

ARX Auto regressive exogenous SWAT Soil water assessment tool

BCT Boosted classification tree SVM Support vector machine

BN Batch normalization Wi-Fi Wireless fidelity

BR Bayesian regularization XGB Extreme gradient boosting

BRT Boosted regression trees

CART Classification and .regression tree data”- Carla Gentry).

CBR Case based reasoning e} R So] ulad B4 oyl HolE &
CF Cascade forward . . ) ) :

CNN Convolutional neural network “(data deluge == information explosion)& 13l o]
CPS Cyber physical system Elo] e} o] FF3tal, ol¢k tlEo] Ayt e
CVAE Conditional variational autoencoder Sk HloJele] oF 3 SIS webd, B Be &
DA Denoising autoencoder A9 AAE vfEsokls 5 1A 7|EF 8o T
DNN Deep neural networks slof| wle} okAld §3S Aag k= wEko g HlolE
DO Dissolved oxygen o -

DWT Discrete Waint transform et Foph sk .

DT Decision tree

EC Electrical conductivity 1.1.1. EloJ§} vlo]'d(Data Mining)

EGB Extreme gradient boosting dlo]E wvlo]de KDP(knowledge discovery process)
FR Frequency ratio T KDD(knowledge discovery in databases)Z % <&
GA Genetc algorithm A e, e dolEiziE HEe B % F53)
op Gradient boosting , I, 688 A AR WS AHL omt) =,
GBR Gener.allzed booste'd regression Holg Wol 7=, A 2 B, Hole Az o)
GP Genetic programming _ ~ N
GRNN Generalized regression neural network B dAE 5w, 54w, @ s B elss S
GRU Gated recurrent unit St LarElE N Fo] ARl Mo, FE3 AR
HCI Human computer interaction £ o|83sl] FFE 71N A} ARE AdE = 5 3
IoT Internet of things £ ddd] AR ATReIEE 2 B8 Aol
KBC Knowledge base construction FAFo R, YolEHSe] dAAA BAS Es) go|E
E];PD Ezowiejge g?scovery in databases o) Ex 2 wEe A 2Hsl B (cluster
KN Koot cighbors analysi), SlelE] ) Solgk sfRie: okl ol 4
LM Lavenberg Marquardt (anomaly detection), Hlo[E] 7+ TAE HAwsl= Ao
LR Linear regression Z] E-Y(association rule mining), H|°JH 3+ IS
LSTM Long short term memory 7o 2 kst F7e] ol& 2 (classification or reg-
MLP Multi-layer perceptron ression modelyS 7NE3shk= Al 4 (predictive analy-
MLR Multivariate lin.ear rf?gression. ) tics)°] X3 o] Tk 1700-1800dtH H|o]= ©]Z(Bayes’
MODFLOW gggﬁéﬁrwgg-(g;n;n;zgzll finite-difference theorem) 2! 3] (regression analysisyS ©]-83F H]o]
NARX Nonlinear autoregressive exogenous model g rleld 7leE AR E (] ‘hands-on’ data analy-
NWIS National water information system sise} Ak} Agsiokst dlolee] o] thFslde ujet
PCA Principal component analysis Holg A& AFssrZ F I TRk JeEoe] 24
RBF Radial basis function network ek o]y e BAolA &2l A W artificial neural
RE Random forests network, ANN), 733} B4, -3 L318]Z(genetic algo-
RNN Recurrent neural network

rithm), 27 E]|(decision tree), XX E ™2l (support
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1.1.2. 71A18<5(Machine Learning)

7IAISES -8 dlolEle] sjes dgatal A7 ¥
ASAHE EE317| g aelss sk A% &
A7F Zo, AP darelEe SHE R AFE, vo]
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T Ark H, "oy wleld, 7IAIRKE, 1EA S (arti-
ficial intelligence, AI)°] -FASE 2|2 W3] AREEH 3L
Ao, AAS] Wals W 7AIEES Holy mlolds
o] $15F shte] whHolH, 53] oS =Y s B
< Hlole B4 Flsh] g 5 dargEs
sh= Hl 23o] 3o Slth.

71AIERFe] EFoll= BIAIE &5 (unsupervised learning)
I} A= k5 (supervised learning), 733} 8l (reinforcement
learning)°] St} HIA= <58 ghdlo] gl=(unlabelled)
HolEHE o=z s BA4S AAlste] SA% 547
TF EA(clustering analysisye Fsh= © 2 o]&
= 7ieoltt. ¥hA, Ak S5 ghilo] ol HolH
£ o2 blolHY] s skgele WHoE IAT
2] (regression), F-(classification) FAJo 2 o]-&-Hc}.
dEPekEe HolgY sy A F SkaEle 29 45
Aol W0 F WA FdElE oo 2 Azt
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1.1.3. Q1-FA 5 (Artificial intelligence)

ATATS AFAE gsshke 7AE ARee 3e
E3E Sk ek g folE AoE 4 Urtk. HlolH
utoldo] 578 FAl thgh &FA40l =Estr] flsie] oy
&5 dloJEol] ojdixle dre] ehH pgolehd, 1%
A5 HlolE] mlold 7S ol83sle] v #y A
@, A5 Z2)s AAHeRE AEs)t shal v e
T UA=E 2o @ AlzEelzta & 4 vk 1F]
3 7AIRREE, IBAlE] dSS Flske 59 A
O= P =S vhsoliE Wield. dE S0,
&3kal(AlphaGo, Silver et al., 2016y HlE 7|H9] o)
& dlolgel Holy mlold 7|ew Asdlgeleks &
A 7Asks S A8l vls 7189 RS el

Ao 52 B F e o BUS AL 9 AR

J. Soil Groundwater Environ. Vol. 28(S), p. 18~39, 2023

oFZH ARAYE vES £ Es /R 1¥A
S FRoltt oY B W RS
A= AFATY o] dubF ook E
AlphaGo, Self-driving cars), 21-FA52] F=21
et} o) TR £l AHE EgHOR 4
A, A7kl BT 5 e JAFATE sk

o} oM Q) o] T AFE T F e

or

3

oz

et
24 L

)

=

1Y

]_

ol

ro
ol o

(3

A5 Y¥ER] 5 (general Al) o|2kal 3P, Aol 58S
29 F v AeS A (artificial super intelligence)
el g,

1.1.4. 7P3EE]A]2=E](Cyber Physical System)

4z} AFAEH (4" industry revolutionyS FHEA V)&
o] §FoF olFARE A 4] oz, 4
(physical), TIAE4 (digital) AAIS TTAIA thFst Eof
o] Hg7ls3l 7IEE digdEnt. o &S 53
= 2K Hokll AA AbFssiel AA T A AR
7Fs& Fofatarat sk Aol 4xk A4S Alie] 7]
FAlRE 2 4 ok 42 AEEE Ties A3k
= U4 V& T sME A8 Al2F(intelligent sys-
tem)°|2}lE FYE= 7PHEEAIZHI(CPS)o|t. ©] Al
2H1S FH 79 dareje] ofal Al ddEe] Al
HAY RUEY He AFE AZES YRtttk

CPSE= T 3FE Eopol| H3He]A] e AT ZokelH
vld|o]E(Big Data) ¥4, AFEJEl (Internet of Things,
IoT), IEAE, Hlolg mlold, 71AIgRE, 7V e 4
A2 (Virtual or Artificial Reality) 5 TFYF HEEZA
A 7EES BRoE AEsle #4] tide] He A
AE ATHoRE A, dF 2 A & =S 19t
o= gl 71xgt s g ArtE e, AR
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o 24dg Hopll = tAE 2 YF=(digital oil
fieldy} 3240 Alglolt). X|Ae2 HAE As3oz
+95h= H= &84d0] =2 CPSw, U &% Y
HY AXZFE & (physical world) ARE F53)L,
o= wd 2 A sz T3 (cyber world)yS E3l $5
AIARE 7t 4, A5 & 1 2432 A" Al
ARE o83t sl Wk A FAE Aofar]
A3l A8 5 Aok AR FAE A5H o= g
3h7] 913k Al"le R CPS NES A8k, @A
Al E5Ee gt TS Udist RUER A5E 88
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1.1.5. ¥Ad E(Digital Twin)

TRE EQle A2 A2 Sd5H 3 2 mAlsl=
A7 T OAE AR uisin), 28 A} B
A AZL B3 o) ARE THIAT T 4t o]
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1) @ 1(functional digital twin): 7 T<esk ©AZ
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2) g 2(connected digital twin): A= A9} QQ
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3) @ 3(intelligent digital twin): Al53d YAE EY
o2 bxd EYS F5317] St EH%%A glo]
Blo} gt 7es A8sh AEA Q] B4 e}
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A2 mUEY L P vled] $4R 9HoE A
AerAlE L A= o] FrkekaL vk 1y &
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1) 7H- A8 F(Volume): A TFE2] BALZ ls}

o 7H&gE AFR9] ol Wt

2) 7H AR 59 ¥ (Variety): U7 BAF 7]
%S AHedlo) wel tokst 259 xlar) =8
3) ALEY 2UEY 2 A&He R A8 7
Age] SF(Velocity): JAF ZUEE 712 #
B0z A& AR F7} L Bajsolo s,
AFE WAAR R B B D AT ARSo]
oA U
4) ¥ A5 59| ol (Veracity): ZUEE 2 FAL
7171 &5, Aet 37 A Ed T oY &
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3rd paradigm:

Reality
Complexity
: Feasibility

4th paradigm:
(Big) Data-driven
Science

Computational

1st paradigm:
Empirical science

Experiments

1800

1900

2000

science Artificial
(simulations)

Fig. 1. Evolution of research paradigm in the field of groundwater science (adapted from Schleder et al. (2019)).
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B AARRe = Ak 95 Abs EUHPE F A
HELZE 733t 38 Ul AT Alle =539
AME ARESH 95 SAsIAL, 10T 7S ARESI
ofo]gto](Wi-Fi) = AE# AZ(cellular connection)yS
B3l HlolHE B R HFsitt. [dEE 59 HolH
= Ao R 2] ol AlAIE 1HZE FA] F7)H
a1, o 8AE AAEA] AEE the2=d IS U
ATk Ut Nova Scotia] oJAl= dlolH 3&
Hop 38207 2o gy V& ek RUHY
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(Drage and Kennedy, 2020).

T OE AR, Wadekar et al.(2016)2 F& 717]
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oftjolru} ArlEZS R 918 EUHPT F UEF
QAT E3F o] &, 57} AEH ] Tl Ao §)
T ARG ARSI IA 9 oo E vt Sk
A5, FUE Ul ofZEAlOld dES BEll dRklS =
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2 Aekskal k. o] 9, Senozetnik et al. (2018} X
s, A 59 AIAIE HlolHE RUEHESHE ] AR
g = JE Middleware ToT 7]4F ZU)IE #gksh
v} Ut} o= AX7), 371, API T AHIZ L ZRA]
o vl A F8 74 QA= o]FoA dom, IR
HElH|o]8 (meta data, B|o]E ol thet R )} $A A
o] AlFZE dlofele] ARE ATt ARFE AlHle &
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Stump, CNN°| o-8=]3lom, gl5s 98l W& 5, &
< s, 85 98=, §& v, 8 Z4E, 85

EF, pH 5 117 T/ Hlol87} ol 8HJem, A
S AI=ELS Bl o8 2 FHE RSk ol 8AYE
TRt

A FFEs o83t Fle] A+ ARIZE Hussein et
al.(2020)°] Atk o}=ZFF}t ey PR 20023 3¥€ -
20199 59 “s2te] AW Aslre] A YYARE o &
stod A Rel9] wEE dS3h] 8 3 7k
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(support vector regression, SVR)7} A&t} E-3]
SVRS dSARE ARSStaL, Alu< AxAe Aol o

2= A <S5 Al 7efshs AoE YERt

3.3.1.2. =R
T HolHE ez 3 Askrd] o5 A=
Yoon et al.(2011)S o2 & &= ded], o] AFolr=
ANNT SVME o]83te] = sibAS Aale] ¥
= d&sle Rds pdeion, 5 s #A A
sleel, A, 291 Y AT ol g E St F REE
53k -, SVM 29 o54d50] o Holds RIS
7IAERE 7THE o8-S oS RS e Al W
A &= Qe B4 el distex AFsislt o]
2] Jeong and Park(2019y= E&HQ A3l9 A=
A7) 95k HFH OS2 ARX(auto-regressive exogenous),
H] X & (non-linear) ARX(NARX), LSTM % gated re-
current unit 7|¥Fe] A[3l9] oS 71 vlolE] 2AE]
WS AN Ak WE dSS Sl £33
A o] 2}E(2005 — 20149) o] &
stAoH, AR 71, A, AUEE, t7Ish 2 Y
AR PEAEE o)8stal HAlg] WHoEE FA
2L AEA Wsk AA AES AFEATE Kim and
LeeQ021)0lIX= Ael21E d&3tar, A5 sl
8% I IAE 1 F F7RE] 918 ANNS o]
sTE. A8kl d5S 913F ANNZIRE BES s}
7] 18ted 2001 - 20139 Bt A5 A3k, sk
9, A, 71 ARE JEAE e, At
919 ol Al AU ST B =] A
7%, A, AEE 4R AQER v A9, B9, &
¥, 99)d AsE AS3H] flal o838kt
Ak 5ol 7SS A8ske A 2ol v

30 Y&, TR SO FRAYH B4 e &

20192y U] A|alr9 BSAHY AFFS A7)
13 ANN 719 2ElS Apdst u) gt} 71 X859
tlolejdl] ®|5}=9] W5 (water table fluctuation)yS 28
1o =23 ke e F5 HFE oL, 2070 A
e 35 A AE w11, AAE 9 sk, A, B
S 22 4 IR0 AW 54 190 FES
T2 o] g3t Y BElS FAEE AT ANH
FHEE o= Ak FdES Ak bl A8st
o s ASs vt Stk

o] Jeong et al. (2020b) X|3}=¢] HEHL 2
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o o
O

1:

R 7Nke] Ak BdE g glo] Aekee] W
T HEs Ve R tgse] 7 54 B 7S
UE FGeld 7N RHES APEsiser, oS 2o A
s IS 9I5| denoising autoencoderE ©|-8-3F A5}
9l HE g Axkd 54 3= AHe ARl =

o] A Aske] TlolElE o] 83tier, /i

W A
wag o) FRAEE @ U BE £ 32 oS
It & A=A Jeong et al.(2021)2 uid H3)s}

= 7 9E wiZe] A g 2dlo] oS Aol
AstEe HHE FH5I7] 9 WUREe=E conditional
variational autoencoder 8- AL o] 84S
A5g vk k.

7 S8AE =ol7] A 7AIEsE 7IRE AT AR
T BE3] V8L Utk @&, Lee et al.(2018)y= A=t
LT A= (19959 129 - 20163 12¥€)9} L7
2 319749 19 - 20163 129)3 o] &3F A9
BT A8} A 4=(standardized groundwater level index,
SGI®} 3EF7IFA4~E (standardized precipitation indexes,
SPIs)e] JHIAIE ALY T T ] NARXE
olgsle] ARl 3, 7P TP AR ERE 4F
Ak A9 SPl A #kS ks Q1FAEHe] st
o fEvet A= Alte] SGIE AWst uf ok &3
Kim et al.2019b)= SBATHGH) 92 78 2 o
H-8- o] el o8] FEst TAHS A3
AT | Al o] A WS ARSE] $ste
3] A -(regression treefH-S o83k v} lom, X3l
o8 S flEl @ AL AE (Y, WY 4E,
FHEY] FE, 7T, BeiE) AsE JEAERE
o]-8-3}AT}. Lee et al.(2021)> 7% (stacked) LSTM 7]
HE o8t A5 B gk o8 71N Aeke] 4
S 2SS i 9 88t AlF iy /e W A
3 3S Tefst vl ot E=SH AP o
< ol&3st 7 Aalr #SA] Wi Aslre
g+ A= tivl A Ak o8 4HY 7T
skt

U] Q139 dHolHE &85 A7 ARIZ Park and
Jeong(2021)S = & F Utk lF Aol SWAT-
MODFLOWE °]83lo] x| e] Alg3t4 Aol o
FEEE AXBRL, T T Aye} 9492 (Landsat-
8yte] i wAs Fslal i 2 39 Ed(classi-
fication and regression tree, CART) ¥a1g]52 %83}
o G 7t AeFF 4 2SS DSt vl Qi) B3
Lee et al.2019y= A5l Y5527 o Q21 7o) &
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o] A3l AL =Hs17] 8l Asls=et
%)

= 13709 dolE @] g, 7

A de, A, A, v|ad oS, o ok of
T=, T4 FEHE frequency ratio E boosted classi-
fication tree T|oJE] wlold Hde) H83}Hom, ol&
HiEo 2 thiehlsr agA] AslrE A ek AE A4
Shal A%k B Tk

332, 74 24

SF AollA A Az o] ABlE A&7Fest ¢
do 2 8317 = Ak wislel] tigk ZUE]
e 53 FgAR] WE HAE Hrisla 715HEke) Q)
A4 G, Ak M ARl IE WES oS
3] = Aol "ash Wl ope}, A5l 79
AR REEAS B8] Wrslal dSske Vs
A R RS 2 B Hkgo 9

3 A=, ARV, wRAIRE, A8l s A2 9
ol oJst A5G4S WU 4 Jth(Edmunds et al.,
2003). 53, RIS 719 REEAY] o= Qg A
sl sl SUEAAS I 4 UTHCoyte et
al, 2019). A3l FELA 542 299 S 24
AR, 283l Ak e B FEIRAEE 544 oS
FFS W] wFe] EXTE/EX 0l FH} ]
gt AR 58 aEste] BrK 4 Uck(Stigter et al.,
2006; Kulabako et al., 2007). A3} +2FHL A&l
oA ANHg Aakr Alme] &% S st
o & 4 dor, 7+ i 29FE VIEA 2HRE
Hasie] $A0H ATE WE 4 o 2y, 7
4 gL B ARG Hlgo] A8 E ZF A oA

=

Al 4 FolllA 71AIRKE 7S A83 A7
& A ADAALA) B2 ATk A9H 294
B4 oS04 EREL A BEE F2 Ha
(As), B2(F), E(Fe), WZH(Mn) Tl thet 77 3
Har, 1914 LEEA AFe tiFE A WNO;) F
T oS JFHo] o, 74 AF Ee

©)
Aok 23tk Fejo] o= A7se] FHEI= Sl
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3321 AAEAY QHEH oF AT

A 24 F EAF)E P AAde 49s
Aol Ue AeE dHA Utk Amini et al.(2010)
& AT BESR= 60,000 o)de] Aol F5H B
2 FEe IEA, EY, A, 1%, 71, Teja e
AHEY A8E YEAEE E8&3] CART, KBC
(knowledge based clustering), MLR(multiple linear reg-
ression), ANFIS(adoptive neuro-fuzzy inference system),
LR(logistic regression)} £ 71 7)AIgs 7IHy o]
5 A FHY] dolEgl= TS HeFtomH
B2 T BXES B AYS) d5slal 2 9% A
£ grlslger. =3 ol9l fAISHAl Podgorski et al.
(2018) QI=X|S AAlA oF 12,6007 A B4 &
T Aset A4, V1%, EY 59 A5E vEOE RF
7% 7k} Agke Wf B4 w5k oS 2ds Jhdeiid

T @ Hol FhEo] oW Ho]

HARAY 3HE2] Joz A3l o8] il 1%
ot webA, Podgorski et
al.2022)2 RF 71" 3} GBR(generalized boosted regres-
sionye 283l sHoM ot WEEHEIAl A4 6,0007 ©]
Fe] AR S389 d 491 s5 AkEe) $E%
A=1%, A, ES, A¥)e &83l 45 2dS g
=

S0 FURE S WA A58 SERE A

1o
%
oX,
Lo
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®
f
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i
>
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4>

2 e 7% 9 FEREERNS 7HE vy ARE
e Aol x] oJw Ajo]7F Yehh=A] CART 713
S 83 Wrielat stk ol B A9E 27
g3} A8l SElEEiEA WE Hi TR 95 2
T Hlavt yehhs A9 F8 e =2
Atk 53], =7} RN AEE (aridity)= I1EE
Byl U3 AuAS Hols AL uiglon, XY
HE2e dF 2l 4 vXe FARHEE
pH, 8F0]2 Sy ti2A VERL

HIE Ay 7)91e] B4 94 oA, pHE A
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sk 2 5AS UEhlle 8 QIRlelt}. Stackelberg
et al.(2021) H‘o} 2 W pH WSIE 3x1oF o
éﬂ 1 13, & 18,38671¢] #Po=2RE] =94 pH A
%9-0}03] gradient boosting®] ¥+ FF<1 BRT
(boosted regression trees) T A2 & 03]'93\13} BRTZ.l2]
Qermen ANl skt 543 S Asi
g 4, Askrel Yo, 9 olF BHE A

o) 5% A FeS, %, A BRT 2ol
39 pH BEE B3] S5 ZAA, K ool
nlE] 28| sl Aekr RUH

o Ao 14 A SAEIE Fole do) A 5 3
el
=

ﬂl

3 Jeong et al. (2022) 200735E 20204744
10d o] 7REst thighl= Z=ol] E3x3k sl #
SeouTy Aol 4 SA A8E A3l RF 7]
o] fel=d 9 % G5 2dS /st & A
T= @A s8] A4S = A= A9 (In-situ) A
3l ZAHEGE, pH, EC, Eh, DO )2 JEHEE
5]-‘9_—3].93]:}_‘: j]_lﬂﬂ/%]:ﬂ]_ ’c_ﬂ—7]ﬂ _/I\_HX]ZE].E_AOJ (O]'}\]'J,]— /K]t‘_
Sy S| 9J9J7} k. 53], PCA (principal com-
ponent analysis) 7]%Fe] ] 4 ¢ W= B4
(sensitivity analysisyS B3l F8lE2d= s 71 A
WS sl ARE AEToEN d5ss =2 T 3
AL, AskE A A K 24 ek Bl o8
7Ie 23 919 7Fsds Wi olelgh A9l 7]
ke X7 8FF ARE 83l JdE O Fdlo]r)
ol A % A8 7hsAdol =rkal AtE

3322. 20914 2d=d A5 AT

01918 QWEA Hoz A o] WA &
A= X970 FEE =2 FAYEE 45 5 U
il EE} EE*—*;?_] Z]OH: w7} 7k Bloltt. 549,
A Aakde] 28} F
£ d33= Oﬂ:r"%‘)] o] 3= %}t Nolan et al
(2014y= w|=F 22|30} Central Valleyd] 3385 ¥
3 #Yo=HE SRS LR 2 RFC9 RFR
(RF 71HF] classification®} regression) 7|Ag<52 &
sl A w5 oS RdS sl d5ss A5A
o} HlwstAnt. g, A= E’—éo “Lﬁx]oﬂ sad 24
SRS teFor T AHEA
s¢ Fadis W S -

[‘l_&

e are Beo

< 7R, 571 ATelMe Bl skgagellae] 3
A3 (overfitting) TAIE AlofgfozZN HA9 d&ss =
314} S1E Ransom et al.(2022)2 vl= HA|Ho]
A F 12,082709] WPoRHE ol AR FEE ©
—9—3}04 XGB(extreme gradient boosting) 7]9Fe] ZAkd
oS Rds rhdsiion, s dve =7t
011*1 3xe] Zalkr #4 #Elol| 7o = S A=
H7yetart.
TUME Zsle] 8 E4 oS 2 2 45 A
o

—

1:1

td

Toll 7IAIEES 283 AlElEe] Basal =], Ahn
et al.(2012)S 9F ARgld =43 TCE i}z 2
FHAAAEE E83] LAF RIS HrstaAt 7

DRASTIC *ell 71AISKES FEAIZTE 7= DRASTIC
Wolxe @S el LAFHANI Aleld] Aol
WA AJANE ANN, DT(decision tree) MLR, CBR
(case-based reasoning) 5] FFHAYIEIEE (genetic algo-
rithms)@ 2]A] 3]F(ridge regression) 736& Fds Hg
oM ek LAFHMI FIFS PIXlE T8 g

AP} IS B3I, olE Bl LHFHE A=

T FHE T Al

34, EMZTI0| BIK M. x|§—i =L}
tlolg] wlold 7& (&3], 7
ol A AR 3 oS =Y
TFEE Hop a8Fo= 413] Ll STAR S I =,
B3l WA JArERS HEEI9E] JidEE Ao
HRoh, w2 =olAe Hloly Alo|d 7|eso
oGA Al B 74 FeE] Al=F g Z8uar

A=A gk ARIE 57 } A

tjo]E] Aboldx 7Ies AJekr Zobll A-8317] fis)
Me ot SR ‘:}‘j*-J tlo]el7} ghgo] Eojolgitt.
wEbA] HolElE &&4o2 FHsta k= 3] #
H gk Ve S SJef AdsgE|ojof gt ool w
2}, Hlole 33 #EE A%k Al=E side] H 2

73R FeEojAaL ok o] A, A EA
Aol R euEHjoly ZZE (data.kigam.re.kr), St
FALZAL] H71AB HATE (www.gims.go.kr), $H
FolEFALY] “FojEAIEl T AR (www.groundwater.
orkry S dZ 5 = Jrh 29 ¢, USGS2] National
Water Information System(waterdata.usgs.gov/nwisyS o
2 5 F Stk olelgh Al=E s s APEE A
2Hlo] WMEH S8AS A7) S8t T 7]
= 7 g T2l JdE Al

—
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of|E E9], Neyens et al.(2018)> IoT Al Environ-
mental data Management Interface® ARE-3}e] TReFSH
Fejo] HlolHE SYg FAFolA Deslar A&SH
FA L F4T F UAEF AIZES et o] Al
Hojl= dlo]H 4S5 93 Y 7FA] Z=H(Temporal
Chronic: H|oJ8] W7 AlS Tz Aoz HE T
AME; Envelop: 1% Aol st 4=91¢] HslE B o
AME-, Interpolation: 1@ F9F A o4l thst 42
AEw ¥g A=S FAk= o AR Log: B AR
Hlo]E}S B+ d] AR Saltwater intrusion interface: 3
T T QI#Ho]=E ARgSl] AR Aogh $1x]ol
o] JAFFEE ARl wet Tk dl AR )sel '
Aol lom, AA 3ol et B4 & Aes gt
o] t}h. T3}, Chang et al.(2017) AAto® 4

<= Ak F57F L9 gk 54 7IEAE vlold
735, ARE TAPlA wAAE TEste] Aek A
S A = Ae Al derds sk vt
ATk 12]31 Nova Scotia A|ZAZANTS 7He #2]ol o
Hlgl| AAREo R HE o] Askrols RUHZES
T e HESAE /Mgsiaon, 7] ol &se B3
TFHAE 259 AME ARSI Reke zlolE SA s}
3 10T RS ARSI AAIEe R Ho[HE QIHYeR
AFste] duijlo] GEd & IS iU Nova
Scotia Department of Energy and Mines 2017). H]=<]
NWIS(National Water Information System)= U= A&
Aol 2 FR1 B A A5 A E @A
A T A2Ee® B4 DB 7EE EUE SRR,
AAEH AS A=, 7%, Askr, 74, 74 018 F
3} e goleiE AARtez SR A A SkaL 9lem,
U A SelA teket 21 E@ 29 HolHE Al
TS UAEE APEEAL Qo Xk RAIRH], 4
ARA2H], Ho[HA A 2], FApdol- 8 BA2H] ]
vl 7HA] aReiAlzRlo R o] glom, ofF 1508k A1F
AN+ 7%, pH, %, %, 72, DO, ¥=Lo},
A2KA, AskE, HSsA, TER, 9EF 59 5% HERE
AlF3IaL ATHGoodall et al., 2008).

ek Eok= o ARE Al Zepollx Aslrs B
FAE s flete] F2E e AE EoF Ale
g AlzHel tigk At AlElE 1R ST WA,
FHAEARAKEE AFAIZE gk HAE Efle=®
OneGeology 4.05 7ldétal St ol v, S5, v
gis, i, Sk, Befd 5o AlEAk B A1t
& 2 (OneGeology Strategic Steering Committee, OSSC)
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sk 2o, A4 A RUHEEE AlA vl
Ef=el A elS B, A48} 5o ZA%to s HARE 4
Ak AgE7t Holy EE-s /NEsiaal 3315 2
ot o] F, AL AT L LIPS FAR WLt
o] gAY EY #55 AR JtH(Ahn, 2021).

NASA HTHHHE A2 7] (Advanced Information Sys-
tem Technology, AIST) ZZAE Z QUAKES-A(Quan-
tifying Uncertainty and Kinematics of Earthquake Systems
Analytic)oIM= 3437178 ©]t] (synthetic aperture radar,
SAR) 7Hd® (interferometry), X8 =L 2] 34 HloJg]
£ §8st Axvole] &4 3 rPdElel tigk 4
gk A7t Wy x2S A g ZHdaE
70 ol ATH(Advanced Information Systems Techno-
logy(AIST) Program, 2019). ©]eJoll= A|F Hofo]
T} 2 942 Lawrence Berkeley National Laboratory2]
AAHE & F Atk ol va AFEZAET ASE
& 71 71§ke] AR A BEE Favhdeiar e
Fuol F, 28 F, % 9Y F ANE thYeE F
A3} o Ze)A o) (MyShakeyS 7 2 AlF3 A9
Eo] A7 g LS 2771 AtHKong, 2021). ]
A AFRoplMe 2R3 st kst Jeje] &
7 A 4 AR AlzHo] EAfsial jlom, ole} e
P Al=Hle] FS Askr e Holle A5 2§
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—_

ol 88531 gl 2] Fofy Ale]dds 7
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ol Wt oS S5 slo= ok e s
TARISH Hal Rob TR T Aungie o,
Sl 2okl o] HlolH Aleld §7 7lee] Ao
TR Fohe A, A5 AeASS a8Ho
2 IR FEEE dal, st AHeR v
o] ARlS BEfsly] 913 Bk AR Ve TNdet
Ro woEh aeu 73] HlolE] Ale]d 7]
 Arele o AR Alore] EAfshr] wiel
ol SHdlaL A3t w2 Alsdle] T4 A4S
5] SEiMe ArAE e v o] &
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*4011 qAAow 3837 et Tud Aust 4
= B3} AEjshs ZYE o] BisA] MedE|ojof 3)

G %«*ﬂﬂ—a derelolo} & Aoz malt}, H wlole] /)
W, FEHolE BET RS FoIES A Wak of
Ut s 5 ol ARUERIA £3) s o,

ol Hlo|g 9] FoA4l thst B Aol AZsiar
s, olo we} Hloly B9 e S840
oigh Q12 =gk Ikl ik ol st Al wE B
H AR 71 FEE ZsleAi dHlolH B 4
o] S22 o]FoA|al e FAlelthEE &
K-Water 3-3d°o|g] /| xX9) 7jetd dlolgy Z2E
713&9; x]fs 2= Ho]gg ;@:—z%g_g m-z—]/\] ]7] sﬂ—sﬂ}ﬂ%
tloly F2Ee] 443 88 *01] oigk 71421 A3
Heto] Q3 Ao} =3, A= HloHE B8k A
HHE’} ofe}, Be dAlEe] dAFtolHel daES &
Aog Fflal EEE F e *lfiﬁﬂgl o] Ha
o}tt] & =91, GitHub} 22 37 Z93), & ﬂwﬁ
71& ool tiste] A7 ARE A= Hal A5 &
JEB FFZAEE s A =3 ags) B dert
At cﬂi =01, HirH H3REoklxe 7Rk 71Ee]
TA5S 3l Ui ALEE MNIST, Iris A& 5o] &
E}. il FHE 75 vE] e 9
X}E %EUJ ofle} AFAHRE 7I7o] 3/E T Ae A
AIE 7ok & ol
AR FrE 1:}0 5l =

o ¥

E

F79) A v At A
3 2l dEﬂ' dast
= a= ’\]Q’H% —_v '3;‘] & A5, 249 279
AT SRER] oe AL JAst FAloT Eg, A
TE F7IE E5HE dHolHY F48 A7 ¢
sk HPHEA Ve i) BAF 7)71Eoke] sheslofE] T
% 7o) ey WAslolel & Aolch. BAb viee] WA
o= g Aake A7t FHEIL JARE, vloly 7]
o] Q72 Sals ol @iHs] Aol o] BER
4971 Bk, Wb, 23R de ART HUEE F
A =9 F e AZEOA Vs rlo] 39%
Aok, ARZE
learning) 52| 7|&EE°] o|gh
o] & Zo= der)
o= A 8% AXE S8 AXMERE A5E
S3h= A Qo= 7P (virtual sensor)E ©]-8-5F A}
g 35 479 3 E=F oA UKLiu et al,
2009; Cristaldi et al., 2020; Paepae et al., 2021). 7}
e HSE AA HelEE 7AIRRE daels 2

z% Ul ka—li

[‘

Y, JI,
(o]

(data augmentation), ]} (transfer

A2 shasker =4

AA 71 oulgitt. dlE B0, 7VER 2%, §5
& SAgeEN Edlgehe ARE wEold e
o, o= yPdxRlESfE Wole) zlZo Akl HelE A
&ohs o & T U 7PN TS Ask 4
el %%P@l Fae Azl 7L A EIE B,
F2 B BEXA=[TAAALATY, EEolEsART]
59 ARlrrea8l Aegozm 54 x]ou 23}
FALE HE3sle] X9AAE EAFS = IS AL
Z A=), AR AFAAME ojn] $22 n:mo] =

ZAANSE 285 W ohlet BUAUCE BES
gAfLe BRGS0, Ao B ER
1 9, AT Sage] Fiska 54o] 958
BALEFE oI5l WPt BRNYLS =R 9)
o} Fj9]e] Aol ofuiet AlE, —?:E_E_ *ﬂ:*% —’T—%X] T
55 TRl o3 A9
o1 e Aplelcy, ot rﬂom Aelgios
7S TP HgFozA Tl & LeAA &

& 2o 29 e B2 W & Y Ao, F9A
A Fgslel Ads & % 9le Ao e,
o2 w9 AP Folol Yo, ZIAISKE 71l dl

ARE i3] FeAEsH 549 dAlst i 2
dS sAehs FEell o8] EHg Aleke] EAg. o]
= FBE3)7] Ysl] Arlsst AFA1 s (Explainable Al)
7|%o] 85 glon, o]9] &go] F7Istl wet 7]
5SSl /e oS B tigk ofsl=rt e

é

5 e RO A, A& ARE 7Kg B o
= A9 s 99 AT TR Bolld @)
8] Qs ol7] whl, olela 7le] Asltol
o= AT Asiee] W tagel AHE oS
S shished] 2 =eo] B RO waEth =, 4
27 ol TKege] 71E ERA Yk Bge] 3a
Hol 7lE Aol BEAS oln A8 WA Wl
Ygow B4Y F UES shiol o Foldol & A
oIet.

S 7RO R AFlEAS
a84o7 AT & Q= /\V\Eél ke 73] njEst
ggelrt. vlofg] 4 Zofll Slo] 7lss A=slar ¢

<= Hs B3 A BE A s HEE AR A
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v, 19, T 5 A AEelMe 7PdaS ol Hot
o] 7}t HAA 971 HAskE § SIS ol V)
4 FFoR Al B de] we EAlEo] vehar o
th. ol 7|% Wizl FAL siaEA F= ot A
sk Zlo=® HRIth A#5e sk tiH] 718k 7t
woll Fefsltt. weby At 9] e A sk, 8
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