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ABSTRACT

In most cases of the water balance analysis, the return flow ratio for each water supply was uniformly determined and applied, so it has been
contained a problem that the volume of available water would be incorrectly calculated. Therefore, sewage and wastewater among the return
water were focused in this study and the data-driven model was developed to forecast the outflow from the sewage treatment plant. The
forecasting results of LSTM (Long Short-Term Memory), GRU (Gated Recurrent Units), and SVR (Support Vector Regression) models, which
are mainly used for forecasting the time series data in most fields, were compared with the observed data to determine the optimal model
parameters for forecasting outflow. As a result of applying the model, the root mean square error (RMSE) of the GRU model was smaller than
those of the LSTM and SVR models, and the Nash-Sutcliffe coefficient (NSE) was higher than those of others. Thus, it was judged that the GRU
model could be the optimal model for forecasting the outflow in sewage treatment plants. However, the forecasting outflow tends to be
underestimated and overestimated in extreme sections. Therefore, the additional data for extreme events and reducing the minimum time unit of
input data were necessary to enhance the accuracy of forecasting. If the water use of the target site was reviewed and the additional parameters
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that could reflect seasonal effects were considered, more accurate outflow could be forecasted to be ready for climate variability in near future.
And it is expected to use as fundamental resources for establishing a reasonable river water management system based on the forecasting results.
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1. Introduction

F 719 R3E ol il = 7he B B aol7 HIRs] skl QLT 7R RIE O] A9 o 52 ARk RHA, A
= 8ol 7hael @8] ekl FAIE Hole 5 o] ARMA A9 o & \EEE 7o = Helehl gl
(KMA, 2020). Z[Zolk=7ka- 22 Q1o Aot 1 Q= 875 T/
2 Eol& AlE o] Bagt Aol olof sfjolMe A7 ISR
=7t B2 A5 0 2 U Lee et al., 2005). <A
A7 RS I, HESI] & FE o5 sk ARt B o = E42] 74 Al 32 At Hellk o] 845
B, 1Y 85w T AR o|FofA N, O] =AY, 3, T, 1Pl sSPARA] o s Y
(MOLIT, 2016). &J7A], 2|42 & 735 T5AX F A sk o= fule 29 dos it o= g3 d&
T0] SIS 65%, FA-ET0] -2 35% 2 s AR SHA B0 ARt 52 S8 SHHMOLIT,
2016). L2t AHFAQ] SRR 8 AEAQI o)eS 285t APdskE AR o] It Choi et al., 2018; Oh et
al., 2019). TbA 2 Aol A= 2l 5 skrd Al el de] Wl tiste] ekt oS5 4357 | flste] Q15417
59 71AISks B2 2851t

71ASs B2 =l 9] Tt EofollA 2851 §lom, AF ool = AAIE EAE e 49, Fae, A
59 dlEof] AFEE|A ItH(Yoo et al., 2020; Choi et al., 2019; Lee et al., 2020; Lee et al., 2018; Yoo et al., 2019). A|A|E
Ee 2= A= Sl AR8ERE 71AIes Eole thdet 2ol o, 5tio] -9, Yeo et al.(2010)-> ANN
(Artificial Neural Network) 28-S o|-8-6}0] =952 =385} 1L, Tran and Song(2017)-2 tl=} v]=- HALA ER|YE]
o] 9dES F3¥5t7] ot RNN(Recurrent Neural Network), RNN-BPTT(Backpropagation Through Time),
LSTM(Long Short-Term Memory) 2 &2 ARSI O H, 0] 5 LSTM 20| £2 A2 et s3It Choi et
al.(2019)=SVM(Support Vector Machine) 2 3-2 2-85}0] H4-5F of| 22 5151 01, 1-230] thel| F 7| &S 4885}
P& 7T S AT S7Ieke 2 Rl =219] -2, Chen et al.(2012) SFHOA] ANN 7[5He]
FEsle] 0] £:9)o| &S Sealfstal A EZ AL S AESISIT Zhang et al.(2018)2 LSTM 23S 485
AR 49| o= A], 7]&2] FFNN(Feed-Forward Neural Network) 23 Ht} of|&A4d50] Hojuth= 7
Zhang et al.(2018)< kI 9] dl5-2 flote] =241 H2] shHQl LSTM ¥ GRU(Gated Recurrent Unit) 2882
S GRU 23 9] /d50] 9ok SISt A AT ZARE 551 AlA|E A= oll5 ol ARS == Q154179
©] ANN 2 RNN 2gof|4] Zofi=LSTM, SVM, GRU 22 Wo| Agsl= 710 2 Tets|Qjrt. T2 LSTM 1%
GRU &&-2 Zgof|A dhA T= WA El= A dke] Q1a(Hochreiter, 1998; Pascanu et al., 2012; Agarap, 2018; Yoo et
al.,, 2020) SVM 22 szl ARRE A= 9] Frof] et o &R} £t a5 7IKte] S5 oS Aot Hojzitk
(Choi et al., 2019)+= AR 0] Qo] AS5L1A} Sl -0 B/l whet 219}t By A7o] B asi)

wfebA 2 oM skl e] R A5l At Rade Ak flste] 2ol Bol A== LSTM,
SVM, GRU 3= 2-85t3ith. A9 100 Q= sk g 2121d9] 2012~2018 0 WRadiatsm 9 2 At= S &85}
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|0

A, 97} BAL Falo] Wimer ol Zo] At mee At

2. Methodology

2.1 Support Vector Regression Model

Vapnik( 1995)°]] 2J5]] Aot A3 E HlE] H41(Support Vector Machine, SVM)-= A7 73 A|(decision boundary)S 55
o] 275 E-Foh= A& 85(supervised learning) 0|tk SVM -2 A5 Bt H|AS ERollA AFEE] 1, H]AH
—‘?ﬁefa——/u:"go}ﬂ fIslA F=o1% Hlol&jof Kernel FrE o]-85e] Ho]E| o] @ZR/E F|4-0} k= 2|40 ZAEAIE 4173
2} SVMOl| F2 AREE]= Kernel &2] F-7-2+= linear, polynomial, rbf(radial basis function), sigmoid ‘5°] 1.2,
Z} djo]e] 2z E/do] wht At Kernel oF 2185 &0l HIAE E7E 738 & 4 Atk

SVR(Support Vector Regression)-= SVM LGS 3|7 Aol A-83t B o 2 Zro|%] glo]E}E Kernel 35 59l 2
AZAIE Fotal o} & Fol dllEsk= 71Molth SVR B2 ah5oly| 918t 7|+ Al offf Eq. (1) 2 (2)2F £t

W

flx)=wlz+b (D
Min. —|w| +CZ(£,+5,) by —wr;—b < e+§ @)

A7, 2= A,y E9, f(2)E BE Q2 2ol tisl 22 y & 71 A6 55k 5 oulaid, ¢ ¢ & o

H x
R, A, e AA A ol= kel 518 24K onleith

2.2 Long Short-Term Memory Model

LSTM(Long Short-Term Memory) X 8-2 Hochreiter2} Schmidhuber®]] 2J51] A|SHE] It} Recurrent Neural Network
(RNN) 2 of|A] BRA5H= 2|45} @ Foptimization hurdle) 2! @ AFEAFS] 71-27] A4 (vanishing gradient) A E- 25}
31 A71A Q1 Aol mhE F45/3-S nfelsh=t]] Eupd o]0 A AJA|E Atz dlSof] ARSE|AL Q101 TR Eofol A ALE] T

o1 o2
QItiHochreiter and Schmidhuber, 1998; Olah, 2018).
LSTM 2 -2 RNN 27} 2] 4] @ A= AJ7tof what Atel(state) S -F-A S = = W R o] 5 Al(cell) 2 Al QF) v}

O = to]e] 2] o5& 2 HSH= Al 1] Alo|EoltKGreff et al., 2016). LSTM 22 574 Az Aeli(h, )& 78415171 9
Sl A(cell) ] 7S T=qiste] A=t AA7ER] o] Al ol-8-5to] UlFell 7HA AL Yl A H 0] 73411 15 weRich, 117
2 o] Aol HlolE o5& ZA5| fI_ AP EL] TR=E= ‘?Ja—ﬂ.ﬂlo]é(input gate, i,), FZH7|O) E(forget gate, f,) 1]
70| E(output gate, 0,)= =] Utk Y2 ACIE f,= o2l Eq. (3) 2= WP 4= glom, o] cello] =<l
h, T+ @A 2] 9EQl », B Al 1HolE Fx(sigmoid ﬁmctlon)oﬂ A-gof 02k 14109 gk ot o] #k= BA AdHiet a4
712 FolA =™, Z1 dpgoll A A= K o] fR| o RE ARttt

ﬂHNI

ff,:U(Wf ° [htflﬂxt]—"_bf) 3)

oI71A, o= AL E SIS UERH, W= WAAIRIES] 7164, b= A1 E 2] Hal(bias)2 HERATH
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ABACIE i,=Eq. (4)&+ 20| FdotH, ofd AP E Alof| At AR E 2o B Al Lol E 3k=E o]-&
sto o] JHE o] EFR] A otal HHEFAIE g=r(hyperbolic tangent function)E ©]-8-51] A2 A e E Ad
O|E A AR ER= FH AV, ol 2] Eq. (5)E “&5to] A5k Hck

—1

=o(W, « [h,_y,2,] +D;) (4)

]Vt:tanh(VV,l hd [ht—13xt]+bn) (5)

SAIVA, W, W, = 247} Aol £} 2 A0) 7KER), b,,b, = QBACLES} 58 M| HEES Lehiict.

£he-0.2 TS A AN, )2 FH A, )& ofe Eq. (6)7H 2] Z8stol @191 A el € ElelE s

CG=fr+ C_1ti » N, (6)

23202 Z20]E o, = ofho] Eqs. (7) % (3)7H 2] ALEO|= T4 o] gl A e ol P Zeloka

2} oh=A] 7R 2FH o 2= BHTHE gE of-8oto] 2/deke Al AJHI C)) 2] 5= Foll £78 A1 AdH(h,)
£ Yol E 3l
o,=c(W, « [h,_,x,]+D,) (7N
h, = o, * tanh(C,) )

A7IA, W, ZHARPIES] 7IS4], b, = 70| ES] Hde HEhdH.

2.3 Gated Recurrent Units Model

GRU(Gated Recurrent Units) 8-> Cho et al.(2014) f| 2Joto] A7R=] 0w, LSTM 2§} Zo] Alo|E 7id-S A&
S gk A7) §F Fpolut Ao E 9] Alof ¥Alofl A LSTM 2 27} Itk(Cho et al., 2014). GRU H&@-2 F 719
Alo|EE o]-got Y& Aitol Z¥zke] Alo| Ex= 78A1AI0| E(update gate, u, )2t Z713FA0] E(reset gate, r,) = T35
of Slet. Z8AIAIC| Ex 1A 0] Al A et @A o] A ] - ol = gloll B 7S =7 e A M Eq. (9) & YERd
At

ut:U(VVu * [C;—Nmt]—'—bu) (9)
A7|A, o= AL E B/, W, = ZAARIEL 7154, G, = T AR A H, o= @A AR A= 2L b,
A o] S ofulict

o 5 275P0 =S Falel A AH0] A ALEIE Al A4 A1) 2 S Ao Akt kA 2QlK] AR
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BRIt e i
2.5 Autocorrelation, Extended Autocorrelation and Partial Autocorrelation
o] M= gyt o] Sle =
7

SF
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t}. Z7|3A°]EX= Eq. (10) © (11)E LUERE 5= Qlch
N, = tanh ( [r,®C,_,2,]+b,) (10)
re=o(W, - [C_12,]+b,) (11
A7|A, V= A Aol 22 S E A AGE], W2t b, =71 A R RS UEAL, r= 2710l E L, 0 =4
B8 QAR ofmigtt, W, 7} b,-2 2718 Alo]=0) 7k B Wk ofmjgie,
02 QS ATE Erj2 FANIA0) 22 A AN 248t Bq. (12)2 LeRict
G =uN,+ (1—u)C (12)
ZYAAE Ghu, 7+ @A A O] & S8 Al AdEof EA AR 0] S Al AdE o] B BlgS Ast e A ERIT 3L
OB, y, gEE AITLROE §4:0] £ grol7] Thel] WSIh0 ~ 1 Aolele 219l 8 4= ek,
2.4 Model Evaluation Criteria
B ATo e 75 QAR S R RS S Falo] S5 4171 F o3 At Aol thek BARAS 4
olo] g o] e S H]w stz it g o] Aok wht 2| 7 2= P ARF 22 Root Mean Square Error, RMSE)2}
Nash-Sutcliffe Z(NSE)E AH&-sto] Hlstglet. Z127ke] @2} B AlG= 49412 Egs. (13) R (14)2F 2tk
Z (01 - Pz)2
RMSE = | = - (13)
Z <0i - P i)2
NSE=|1-"1 % 100 (14)
Z (Oi - 51)2
1=1
Y7} AR o thisto] BER gt SRS Uee, 0= B IR3 B 3 ne S 05
oS 2t 5 grol & Al ket = QLo ™, NSE Q] 73-9- 7kl 191 717k
Q1% 4 gIet
™, A|AE O] A&} ZH(lagged values) AHO]
BRAZ VA7 ok A7 VA= () Y

RMSE®] 4
A4S o2 2k
A9, Q472 Aglo] P gk

A, TR d 2

Aol A7

AAD A=
AS ZA5P=

-
—

o] 47
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A, 4,9y, 7h AR} P Qs S UeRls HE g Bq, (15)2H 2T,

@G = (15)

oV, 5 11 A AP 3 0] 7
WA VAT ()= 578 ARbE © = AR =
A, y, 2y, - 7 eIl Qb= A1E UEUlE 2= Eq. (16)2 £k

©
IS
ﬁ”

k—1
ap — _Zld)krfl,jakrfj
O = 1 (16)

1= 2@:71@%‘
j=1

— ~ —

A7IA, ji= U AR, k= AP VSRR AR ¢ = di- 1), — Ot 1), (o B> Opi = corle,e,_p) €1re,—
ARl oA y, s e Ry Ry S 374—7’41@1 Sk X2 H(residual )5 2JA[tet.

A VIBAG e, . ;= ARMA 28 28 Al ARMA 252 71 (reversibility) #AIE S|mat7] gt o=z
Eq. (17) ¥ (18)7} &tk

eat,k,j:yt_C1yt—1_ = Gl (17)

~ ] ~
€Qy jj — €t Z)‘ietﬂ' (18)

i=1

o7, 1 A AR, k= A, g, Ly, A AREE TS Al K] B g G SRR B3 287

Bl AR RN g,y e Ry Dy S SR @ W residual) S SR,
Qa0 2 A VAT glo] A4 A0 R 2 ke R A, S AAE AR AR wet grol e ARy

(stationary)&] 548 ZH=TkR 71581 4 Slek. mfebA A1 2 MAZ O] B9 95% AT el o5F

S9ellA] A7 AR 9 BA A7 0o lebin 7P e SR Al A S ARgshR, 05% A1Rk7ke Eq. (19)7

71-{4.

= .

o

05% CT = +1.96—— 19
5% 6\/71 (19)

oJ7A, CF= AT R povalue 7102 —1.96914 +1.96 Afo| = on[3ich,
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A7 VA= AR Y gho] A sHA sl AR}k 2712 o] /= gho| IOIARE 1= gy, b o] ke 9
0|, AR g AI=2] 732, A= W gho] F2E 1A s =h= AlRF k7ER] ] T gro] AR 5 gl y, of 73St
AETA Hole S omgitt. SRVt A= 47} =2 AA=™, AR(Autocorrelation) 3 MA(Moving
AverageH getet 'F’F(order)% SRIH = Qict. gubA o &2 ZYzko] AlLE2 FAIS, Ak HAE 1o ' 24, &

O~

1 5~Q o= 5 ARIMA(Autoregressive Integrated Moving Average) % &2

3. Study Area and Data Collection

3.1 Study Area

B AT ARGl g e Bol37:30 8 375508 B 107155 ~ 12752650 AR L Zolko| 9]%]
_‘i

5kl 9lom, FHAL2 760.61 km*©] 1L, 2 A% 36.69 km= HBH sEF-Foll= 3709] 9 sleg T epdo] 714

’ | A Precipitation

4 ( ( Station

. ‘Water Elevation
Station

\ * Sewage Treatment
bl Plant (STP)

Stud}}%{s”a_f‘;/\' d
ey
8
-~
|
2/,.,4—/ ' 2.5km
- ||

Fig. 1. Study Area

2 A= AAIE B& 7HA AL Yl Sl B A 2l e iR 1SS St 214 9] 7 Alsks a2 AAsH ] 215t Al
| SEl= 39 7|AISS =¥(SVR, LSTM, GRU) ¥ 9= 2Hx (accuracy of forecasting) S H7Foh= 7

o 2L T EAYRF o5 A ARSI B YA 7, YRR o YA 719 ABTAES Tefstert.



82 ¢ J Korean Soc Disaster Secur Vol. 13, No. 4, December 2020

= A AR dERtEE 73 A 9, s A ] flEk dpd

AL D STl A A TRI= 2012 F5E 2018 A71A] 7AT S H ARE o5 2 Aol A 1 =
A 4] D 2k7 HG- 71750 tigliA] Table 10 AlAeH.H, 7% 7=rake] 9 (mm), sk A=)

R BT (m'lday), F9= (m)eleh

»

Table 1. Information about hydrological stations and sewage treatment plants (STP)

No Stations Items* Latitude Longitude Period
) SlnCheongpyelongdaegyo P 37° 49 197° 93’
(Way Bridge)
5 SlnCheongpyeF)ngdaegyo w 37° 49 127° 23’
(Way Bridge)
37°37 127° 20 7 years
3 Hwado, Seojong, Sambong STP I 37° 35 127 ° 20’ (2012-2018)
37°34 127° 18
37°37 127° 20’
4 Hwado, Seojong, Sambong STP (0] 37°35 127 ° 20’
37°34 127° 18

* P = Precipitation; W = Water Surface Elevation; I = Inflow; O = Outflow

3.3 t-test(p-value) and pearson correlation analysis
THE =T R IS Al Batt 83 QIARIA] wdsty] Qloto], 15t YRR HE t-test B4 E p-valueE =
S5 t-test A2 - T 7HO] Hto] Zfo7t EAIA 0 2 [FORIXE weld off ettt FAA 7O ¢-test 4]
Al thxe] 718 AR TEEalokitt.

Table 2. ¢-test analysis and correlation analysis for input data

Input Data* t-score p-value effect size PCC** Significant Factor***
P 438.24 ~0.00 12.25 0.23 O
W 438.26 ~0.00 12.25 0.28 O
I 9.30 ~0.00 0.26 0.96 ©
) 9.80 ~0.00 0.27 0.91 ©

* P = Precipitation, W = Water Surface Elevation; I = Inflow; O = Outflow
** PCC = Pearson Correlation Coefficient
% Weight : O=1.0,©=2.0
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£ 27 skt

4. Model Setup

2 AFoM= 71AIes BP9 Adle flol @EA glo|Hefe|E o853t AHFE o= Python(version 3.7,
Anaconda)S AF8-5F111, Python W0l 1= Numpy(version 1.14.2), Pandas(version 0.22.0) 2f0|E&|2]& o]-8-5}o] it
g2 Adislr] et A& TelE 4okt TS Googled|A| @ EAA Blo|H#E|R2 Al F5H= TensorFlow(version
1.13.1)E ©]-851 SVR, LSTM, GRU ¥ 2]&-& E-83H a5 B2 155131t TensorFlow+ data flow graph
T2 FAgE 0] )0, 7| A5 (machine learning) Y H 2]'d(deep learning) @] THFSH A FopollA] E-gE|o] 2 A
oA Zgo] 7Fsd Aol W] Qlrh. E5E HFRFE-2 Inter Core i5-6600 CPU(Central Processing Unit), 8.00
GB of RAM(Random Access Memory), 256 GB of SSD(Solid State Drive) A& 2k AFE oA =34 =| it

4.1 Sensitivity Analysis
2 AelM e Rt R SR 0 52 B ol P4 SVR 23, LSTM % GRU 28 Uil Qli= o2 Q1Ajo]]
tfoto] 9I7HE BAS S-a)stoint ZF BE Yol A A 7FeRt QIRRE F 47 AR ZF QIAPE YRt E BAS T Case B
13710 7Z2tm 9 sk A 2] fola WRae ARSSH oH, ol Hole=
Astoint. 2t QIAPE = 3081 9] W2 Eoto] /1P &

SIS F5HExE UERYT, CPU TimeS B4 Yol AESHT

o

odl
ol
2
>
o
i
O
=il
0!
o
£
A
QL
N,
do
%
©
o
O
ok
=il
oft
b
Sv

Table 3. Sensitivity analysis for LSTM, GRU & SVR for forecasting outflow (*: reference value)

Parameter Model Value Evaluation
Hidden Layer 1*,3,5,10,20
Learning Rate 0.005,0.01%*,0.02,0.05,0.1
LSTM GRU
Sequence Length 1*,2,3,5,10
Iterations 10,100*,1000,5000,10,000 Standard deviation (Uncertainty)
C 1, 3%, 5, 10, 100 and CPU Time
epsilon 0.01,0.05,0.1*,0.5,1.0
SVR . . .
kernel linear, poly, rbf*, sigmoid
tolerance 0.0000001,0.00001,0.001%*,0.1

7} QAP #70] 4% 2k £E5P] Slste] BEWAL g CPU Time W51t 2t QAP BEWA 9 CPU
Time]| th5tod Fig. 201 LR ST, B3 Table 491 £2F510] Halstirt.

R B A 2 Aol oS me A oAk 2)4o] ghe LSTM 299] 4, Hidden Layer 71 107,
Learning Rate 0.05, SFEALF S14= 100081, A|EA Zol=2Y0]H, GRU 28 9] -2 Hidden Layer 7§54~ 207, Learning
Rate 0.10, HFEAAL 314 10009, A|EA Zol=29, SVR 22| -2, Coefficient 1.0, Epsilon 0.10, Kernel-2 radial
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basis function, Tolerance 0.001 ©|t}.
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Fig. 2. Results of Sensitivity Analysis (A: Hidden Layer, B: Learning Rate, C: Sequence Length, D:
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Table 4. Summary of Sensitivity Analysis Results (LSTM and GRU)

Uncertainty (m*/day) CPU Time (s)
Parameter Value
LST™M GRU LST™M GRU
1 1858.29 1842.39 22 1.9
3 1539.92 1368.80 22 2.0
Hidden Layer 5 1444.92 1405.67 2.3 2.0
10* 1385.71 1362.85 2.3 2.1
20%* 1424.09 1357.50 2.4 22
0.005 1956.74 2195.74 22 1.9
0.01 1858.29 1842.39 22 1.9
Learning Rate 0.02 1507.38 1714.72 22 1.9
0.05* 1348.23 1366.06 22 1.9
0.10%* 1622.78 1350.09 22 2.0
1 1858.29 1842.39 22 1.9
s 1503.39 1509.37 22 2.0
Sequence Length 3 1520.32 1641.64 22 2.1
5 1785.88 1857.33 2.4 2.1
10 1880.99 1915.30 2.7 2.5
10 2274.08 2280.95 0.3 0.2
100 1858.29 1842.39 22 1.9
Iterations 1000%*,** 1297.30 1293.21 20.1 19.7
5000 1311.20 1315.21 102.9 101.6
10000 1301.32 1303.72 204.5 199.9

*: Optimal value for outflow forecasting model (LSTM)
**. Optimal value for outflow forecasting model (GRU)

Table 5. Summary of Sensitivity Analysis Results (SVR)

Parameter Value Uncertainty (m*/day) CPU Time (s)
1* 1283.56
3 1286.85
Coefficient 5 1303.10
10 1345.39
100 1681.27
0.01 1342.43
0.05 1322.31
Epsilon 0.10* 1286.85
0.3%*
0.50 2279.90 .
1.00 227990 (Each parameters did not affect
- : CPU Time in SVR model)
linear 1287.85
Kernel polynomial 1526.09
!
eme b 1286.85
sigmoid 2399.2
0.0000001 1287.75
0.00001 1287.74
Tolerance
0.001* 1286.85
0.1 1402.75

*: Optimal value for outflow forecasting model (SVR)



86 ° J Korean Soc Disaster Secur Vol. 13, No. 4, December 2020

4.2 Model Cases
OA W BAE Sote] ZF oS R EER iR 24 2k A-85kgint 2 At 2o 7 AR R
Sk-SEA ] R S A E Hlwsto] 249 RS 476 f15te] H.O| CaseE 7SI Table 601 2]
SIS}, Tojof| ARERt e Ahme HA st A, AR 9, 2t sk A el e 2 REelH 24
[e]

b & 7R Am g AT ROl e WSl Sk

Table 6. Cases for application of forecasting model

Case STP Model
I-(1) SVR
I-2 Hawdo LST™M
1-3) GRU
I-(1) SVR
I-) Sambong LSTM
1-(3) GRU
(1) SVR
m-2) Seojong LSTM
II-(3) GRU

Alutg] o] whef RolE 4=8str] flote] & 7d7ke] it 5 61d7ke] 2k&(2009'A ~ 20179)E S5 H|o]E]
(training data set) = AF8-0F9 ™, 1107H] 2k2(2018'A)E H7} H|o]El(test data set) = A5, HRalE g ol 4
S 9l SRS o] GRARS: 9161o] E At O] 1S (normalization) S 5853}, A4S -2 MinMax 18HS A

Bolom olF F5to] AR ] rescaling(0~1)& BSFAIL 2 K.oJo] 48530t

5. Results and Analysis

= Aol it Iedol] tistod st wloE <k {7 Hlofels A o2 HEE . sk HlofEE S0t ot &
Hteole 285 Fdl P 9| A2 ufet PSEIE Hlwsto] Case "B U FH 52 F 2] /587HE RMSE EINSER
|5} Table 70 S J2Iohlrt. ot R A=A et #=527E H|wsto] Fig. 337 Fig. 401 AA[SHT

Table 7. Summary of the results according to network models

Case RMSE (m*/day) NSE
I-(1) 1,425 0.61
I-(2) 830 0.87
I-(3) 804 0.88
I-(1) 89 0.54
I-2) 39 0.91
I-3) 37 0.92
I-(1) 158 0.41
I-2) 93 0.80

I-3) 80 0.85
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