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ABSTRACT

Flash floods have unique characteristics because they occur rapidly over short
time, and they are considered one of the most devastating natural hazards worldwide.
Mountainous areas with high population densities are particularly threatened by flash
floods because steep slopes generate high-speed flows. Therefore, there is a great
demand to develop an operational forecasting system (OFS) for better prediction and
warning onflash flood in mountainous regions. This study developed an OFS
through the integration of the atmospheric, hydrological, and hydrodynamic models.
Images taken by unmanned aerial vehicle (UAV) were used to generate a
high-resolution digital elevation model (DEM) for the study area. The OFS employs
high-density and high-accuracy UAV DEM data to simulate rapid water level rises
and flooding as the result of intense rainfall within a relatively small Nanshi- Tonghou
River watershed. The water levels and flood extent derived from the OFS agree well
with the measured and surveyed data. The OFS has been adopted by the National
Science and Technology Center for Disaster Reduction (NCDR) for forecasting flash
floods of the Wuali floodplain in Taiwan every six hours. The one-dimensional and
two-dimensional visualization of the OFS is performed via the National Center for

Atmospheric Research Command Language (NCL).

Key words: flash flood, Wuali floodplain, operational forecasting system, numerical
model
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v BRI TR > B A £ §F(Support Vector Regression, SVR) ~ 4
¥ Atk §f (Random Forest Regression, RFR) - kR s i
(MultiLayer Perceptron Regression, MLPR) 12 % ;i ¥ #tiw b7 (Decision
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ABSTRACT

The purpose of this study is to propose and evaluate four data-driven models for
river stage simulation. Four machine learning techniques, support vector regression
(SVR), random forest regression (RFR), multilayer perceptron regression (MLPR) and
decision tree regression (DTR), were adopted in the present study to train the data-
driven models for the Lan-Yang, Cho-Shui and Bei-Gang Rivers. The hourly
hydrological data collected during 2004 to 2017 were divided into training and test
datasets. The hydrological records such as rainfall, river stage and tide level, with a
time factor of previous 1 to 6 hours, were served as input vectors for training the
constructed model. The optimal combination of parameters in each model was
determined through the Bayesian optimization and 10 cross-validation sets in the
training phase. Six criteria were used to evaluate the performances of four proposed
models in simulating the river stages. The maximum absolute errors of peak water level
obtained from the SVR, RFR, MLPR and DTR were 0.78, 1.40, 0.76 and 1.54 m,
respectively. Additionally, the maximum absolute errors for the arrival time of
simulated peak water level by the SVR, RFR, MLPR and DTR were 2, 2, 3 and 3 hour,
respectively. The result indicated that the data-driven SVR model was found with the
best performance in simulating river stages among four models. This study could be

helpful for the further development of a data-driven river stage forecast system.

Keywords: machine learning, data driven, Bayesian optimization, cross validation.
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ke KRR TR 2 B Bk SR 15 (data-
driven model)# B = 5 - B & & o7 7 33E - HIpmmd il P o F
B EE Y (machine learning) ity » 22 % K= RIL2 o 47 ~ fE i
AR EH > ¢ 3 0 242 £ $5(support vector machine) ~ BE 4% A e
(random forest) ~ % & j* 4% (multilayer perceptron) ~ ;4 i #{(decision
tree)~K 17 #8 ¥ ;# (K nearest neighbor) % (Solomatine and Ostfeld, 2008;

Mosavi et al., 2018) -

¢ RN R R gy BRde st 2 B B o Bilde R A& 3E 5 (Lin
et al., 2013a; Patel and Ramachandran, 2015; Jhong et al., 2018; Le et

al., 2019; Wu et al., 2019; Farfan et al., 2020; Liu et al., 2020) ~ # -k #=
7 (Linetal., 2013b; Chang et al., 2014, Jhong et al., 2017; Chang et al.,

2018; Chu et al., 2020; Yang and Chang, 2020) ~ ;# "' -k =(Yu et al.,
2006; Wu et al., 2008; Shiri et al., 2016; Fu et al., 2019; Wang et al.,

2019; Choi et al., 2020)% - & FifE~ [;Je:%% s T E TN R
¥ HEZ R 2 R IRy SRt B (AR F 7 ARPE R R FIFERI £ o
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1 2004 & 7 7 soEAI* 2004/6/30 00:00 2004/7/6 23:00 162
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12 2006 = 9 ? 2006/9/7 00:00 2006/9/19 23:00 306
13 2007 # 6 " & 2007/6/5 00:00 2007/6/14 23:00 234
14 2007 & 8 " {x4% 2007/8/6 00:00 2007/8/11 23:00 138
15 2007 & 8 " Fia 2007/8/15 00:00 2007/8/22 23:00 186
16 2007 & 9 * § o 2007/9/17 00:00 2007/9/30 23:00 330
17 2008 # 77 B a 2008/7/27 00:00 2008/7/31 23:00 114
18 2008 & 9 " * #35. 2008/9/12 00:00 2008/9/20 23:00 210
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35 2016 & 9 ® iR * 2016/9/26 00:00 2016/10/1 23:00 138
36 2017 &8 77 R EBE 2017/7/28 00:00 2017/8/3 23:00 162
37 2017 & 10 ' & * 2017/10/3 00:00 2017/10/19 23:00 402
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P ABEE > &G 6192 8 ok FAHT ER Y o
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¥ L B 4o FREE ot pF
1 2004 & 8 ¥ ¥ fl* 2004/8/23 00:00 2004/9/2 23:00 264
2 2005 # 57 fa* 2005/5/12 00:00 2005/5/17 23:00 144
3 2005 # 6 " g 2005/6/14 00:00 2005/6/20 23:00 168
4 2005 & 7 i > 2005/7/18 00:00 2005/7/26 23:00 216
5 2005 8 7 § 3 2005/8/3 00:00 2005/8/18 23:00 384
6 2006 & 5 7 F 2006/5/28 00:00 2006/6/17 23:00 504
7 2006 & 7 7 |47 2006/7/12 00:00 2006/7/30 23:00 456
8 2007 & 6 7 %a 2007/6/5 00:00 2007/6/14 23:00 240
9 2007 & 8 7 ot 2007/8/3 00:00 2007/8/6 23:00 9%
10 2007 & 8 7 {24k 2007/8/11 00:00 2007/8/17 23:00 168
11 2007 & 8 v Fia 2007/8/18 00:00 2007/8/29 23:00 288
12 2007 & 9 7 3 #a 2007/9/17 00:00 2007/9/27 23:00 264
13 2007 & 10 7 7 %37 2007/10/5 00:00 2007/10/10 23:00 144
14 2008 & 7 7 + ek 2008/7/16 00:00 2008/7/21 23:00 144
15 2008 # 7% Bl 2008/7/28 00:00 2008/8/1 23:00 120
16 2008 & 9 7 3 # 5 2008/9/12 00:00 2008/9/21 23:00 240
17 2008 &9 7 §¥% 2008/9/27 00:00 2008/10/6 23:00 240
18 2009 & 8 ¥ F4 5 2009/8/7 00:00 2009/8/15 23:00 216
19 2010 & 9 7 ~rRu 2010/9/18 00:00 2010/9/22 23:00 120
20 2011 # 77 %3 2011/7/18 00:00 2011/7/22 23:00 120
21 2012 & 57 %a 2012/5/19 00:00 2012/5/22 23:00 9%
22 2012 # 6 7 %4 2 3 1 2012/6/10 00:00 2012/6/27 23:00 432
23 2012 & 8 7 FEp 2012/8/1 00:00 2012/8/7 23:00 168
24 2013 & 7 7 g4 2013/7/12 00:00 2013/7/16 23:00 120
25 2013 & 8 7 % % 2013/8/20 00:00 2013/8/25 23:00 144
26 2013587 B K 2013/8/29 00:00 2013/9/3 23:00 144
27 2013 &9 " % 4 2013/9/21 00:00 2013/9/25 23:00 120
28 2014 & 77 $4t4e 2014/7/22 00:00 2014/7/25 23:00 9%
29 2015 & 8 ¥ R ¥ 2015/8/7 00:00 2015/8/10 23:00 9%
30 2015 & 9 7 258 2015/9/27 00:00 2015/10/1 23:00 120
31 2016 & 6 ' F A 2016/6/10 00:00 2016/6/16 23:00 168
32 2016 & 9 7 ¥R ¥ 2016/9/13 00:00 2016/9/20 23:00 192
33 2016 & 9 7 {5 4% 2016/9/26 00:00 2016/9/30 23:00 120
34 2017 & 6 7 F A 2017/6/1 00:00 2017/6/7 23:00 168
35 2017 & 6 7 % & 2017/6/13 00:00 2017/6/21 23:00 216
36 2017 &7 7 RFE A E 2017/7/28 00:00 2017/8/6 23:00 240
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1 2005 # 5 7 & 2005/5/12 00:00 2005/5/16 23:00 114

2 2005 # 6 ¥ Fx 2005/6/13 00:00  2005/6/19 00:00 162

3 2005 & 7 7 & % 2005/7/18 00:00  2005/7/24 23:00 162
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11 2008 # 9 " £ % 2008/9/28 00:00  2008/10/2 23:00 114

12 2009 # 8 " Z s * 2009/8/6 00:00 2009/8/12 23:00 162

13 2010 & 7 " & 2010/7/26 00:00  2010/7/30 23:00 114

14 2012 & 8 " gy 2012/8/1 00:00 2012/8/4 23:00 90

15 2013 # 57 & 2013/5/20 00:00  2013/5/22 23:00 66

16 2013 & 7 % g4 * 2013/7/12 00:00  2013/7/14 23:00 66

17 2013 = 8 " % £ 2013/8/21 00:00  2013/8/24 23:00 90

18 2014 & 7 $4{a* 2014/7/23 00:00  2014/7/25 23:00 66

19 2015 & 8 * grub ¥r* 2015/8/8 00:00 2015/8/10 23:00 66

20 2015 & 9 ? H g™ 2015/9/28 00:00  2015/9/30 11:00 66
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[(X1; yl); (Xz; yZ)l ey (Xni yn)] = {Xi; yi]’?:l (1)

mv

Mgzt amz 22350 - B3 &Mﬁw’iﬁgj/\&%gﬁp@]
e fo otk B ARAE 5 #03] 7 S (Mosavi et al., 2018) -
y=fx (2)
P OX S FS (e £) 0y AN FS o0 SR AL
T fvigd 2 PP FEF VIR EEID R -

SEEFEROR O REERES S AFTHREEI DAY

i

2o BT 6Lk FAELEA TS S HEATBES Y
ez @ R IR SR E st 0 4 oF 40 (Wang et al., 2019) ¢

H =f(R—1,Ri—ps i, Re—y Hye— 1, Hy— gy oo, He— 6, St 1, Sy s Se—e)  (3)
R FS G ki 6 ) (L I 6 )2 Bk i
FHRH) s & oa B b5 6 PF(-1 3 -6 Fr3])2 Fra £ FH(R)
ME GpimEkw 6] PE(-1 3Ot-6 PR )2 R i F A(S) @J:- ]+ A

B %t o] 2 Bosok = o

BAb o SERYHT R ANA R 8 AP



STEE T2 im oK R TR T PR R P2 2R R RTAE o ]
B IE e B AR B BEES BfEG L e R
(Support Vector Regression, SVR) ~ & % 2 R b7 (Random Forest
Regression, RFR) ~ % k& g + % % § (MultiLayer Perceptron
Regression, MLPR) ~ 1 2 ;i § i ET? (Decision Tree Regression,
DTR) o ##-AFT § fi4 * 2w A BE Y vz 4p Rl W% & BL350
e
31 tE-E

R4kt iEed22mAH BRY R FEFEL LS

#7¥ %1 = (Yuetal., 2006) :

IR =w.¢(x) +b (4)
;¢ o w it &L w» £ (weightvector) » b % i/ £ i (biasterm) » ¢
F. 2E4004 e i3 Bic(nonlinear mapping function) - 3 i ¢ H7) 18 & 3
B SVR A& Tigr ™ B4R *& 5] 1 (structural risk minimization);*

B o 1 EJE S A S Hoohe §F R AL > #7740 (Yuetal., 2006)

min_ = Iwll +CZ(51 +§) 52)



yi — Wl ¢(x;) + b] < € + ¢
subjectto { [wT.p(x;) + b] —y; < e+ & (5h)
§=0,§20,i=12..,n

29 » C & & & & % fic(cost parameter) & A ¥ 4~ # (penalty
parameter) » 22 & & % v ip 3 Eedp TR AL ER AL 2 A % Bic(slack

variable) » € 5 ¥ 3 3F g £ o

Layer for
inner-product kernels

Xy K(X,, X)
Output
Input
vectors X, K(X,, X)
X
% K(Xi, X)

Bl 4 L e EwFicdlT LR
(B);v+ %gr.! F ¥ % p 3%k #ic(Lagrange multiplier)z. & * »i&— #

B = #1871 (dual pattern)(Yu et al., 2006) :

fIR® = ) (@ —a)) K(xyx) +b (6)
2

FF gt AR P ko K S+ S sik(kernel function)

AT Y BOF @ % 245Kk 2 & S fic(radial basis function) :
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K(x;,%) = exp(—yllx; — x||?) (7)
R T TS

32 WA
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B 4o (B 5)(Li et al,, 2016)
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Ntree

FRRRG0 = > () ®
tr=1

o o tr (N A e o

Data set
1)
Create random v
vectors

Randomization

) v l

Build decision
trees T W) eeeen.
/ N\ / N\

[N [N FN N [N 2N TN

0 NS

Combine decision ..
trees Average all predictions

A 4

Final prediction result

W5 SE Ak FHCAT LW

33 SRR
Bl 6 &7 5 5 KR BB B4 - B~ (input
layer) ~ — 2 % i "% & & (hidden layer):z 2 — T[%%j 21 & (output layer)

fTie s o 1 &3 % & gh(node)sr i i (connection) o ki e E kS

/N

m@vr%g_; A1 EAR B i@ﬁﬂgqn%ﬁb,;ﬁ‘ﬂ LB e R YT k(S
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Input layer Hidden layer Output layer

> ay(X)

a(X) —> Y

Xp —> q(x)

M6 5K & i A LW

R R A2 # 5 Sn#icw 4 ¢ 5 (Khan and Coulibaly, 2006) :

FIPRGO) = ¢, + ) kg ag(¥) ©

q
AP RS rBRAE AL RE oy, fAS qBERYE LY
RN AR L BBEE 005 F q BEFE T AL Fr Sk

(activation function) » # 2 F % 5+ 4=~ (Khan and Coulibaly, 2006) :

a,(x) =F| d,; + Z Vpq-Xp (10)
P

<

%

Heood i % qf@x%géiﬁiﬁﬂﬁ@fgt’xpéﬁﬁx\%ﬁ " Vpg N E P

Y

B K AL QREFRE AT LAREL ¢
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R TR R TRGEE TS Sl KRR
&%ﬁ%l e e BFenZd BE > T35 3F & rE 3 'E 2 (Steepest descent
method) > &7 € 4 & > &) 4 34 So#ie(Jhong et al., 2018) -
3.4 R A

ACRBRE B BB BB S8 e T L s
Bt AR FRAL B 7Y LA ¢ 72 A ARG TR
(Choi et al., 2020) : 2 & gh(Bcdpth &) ~ P 08 BE(¥ H@%] » F] 3 )1

2§ (LR R .

——» Root node

A
/N /N

/N SN S tomiminoss

B 7 AW AR G RO
ARAFE AR GR Y EBERLLE S AR LE- B

MoFR &R BE o G YRi - A Z](recursive binary partition) = & > #-F

Bodd L LA PTREADT BEL BEFLES LY

-

REZ A EFBRE B EELL o FE B L AL
éﬁ@#ﬁﬁféﬁ BEBESL TV AL - S

14
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AR SR o o A BE VB S E ke BT A
1iaE R R R SR S o S B fRATE B o AHCAY R R
B2 2 it 0 AR &R o 2 FHCL %A 2 e B

AR R - WRANEE BRERFER 2B e

7f§ wa—m p':a e H2 ! p L B, J_%m;';bpq b T
41 A iise
Bl 8 377 570 ok R SRE BN B A L AR R -

AAr o VALZAHE TR Bdd® s BOA VRO B WA BT

(Solomatine and Ostfeld, 2008) -

Preprocessing Machine learning Evaluations
Collecting measured data Using training dataset - using test da:taselt o
—  to perform machine prednt;t Waterde\lle s by
. our models
Rainfall learning |
R_lver water level 10-fold cross-validation o
Tidal stage parameter optimization Six indicators for
l 1 performance evaluations
Division of training and Constructing four models 1
test datasets and data (SVR, RFR, MLPR and Proposing suggestion for
normalllzatlon DTR) flood predictions
I

B8 i7"k i dh SR SN B s 2 AR
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BookiEM R P2 AT A4 S

PR (test) g £ > FTALIEE 3 @] N b%@?lﬂq F]3 o 2

ﬁ;l J[flvﬁf"«m]g,—*#7 BH 5 # Ugjﬁ

2" 5k (training) =

S R 2B TR
FHBT LA %EL # Y o LAV RZHREE > AT
B A R i 2 2 (min-max normalization) » %R 4o Bchp 30 bl A

12 1% E Rt E Ny Boip £ s (orden) it LR g

23R A o iRt B R ety 2 s ez B B2 (Chen et
al., 2020) -

QB EE ¥ (HAR)
T PRE B TA > SEEQ)F T B FLY 2

1 GF
WAlE e DEET ARG E > hr AR EF Y ERY  AT
1 o+ bOE £ it (Bayesian optimization)¥? 10 e #cdp 2 T 5%

(10-fold cross-validation)(Tang et al., 2020) > & {7 % f& $-dic e & 2 4
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() hamel 4

PEAEHR G R RRRE A 2 B SR ©
22 R 0 TR EE R K fiﬁ:%i.fs—g%(@%]ﬂv, FF) e AATF
AT G w0 A A i H- GEHEFMIREPIRET E
F-RGA LT B34 A A2 P REBIFELR
et AT Y 4T v 5 g i(Wang et al., 2019; Choi et al.,

2020) :
a~ g i % #i(Nash-Sutcliffe Efficiency, NSE)

o (HPes — Hm)’
(e — )’

NSE=1-— (11)

Hd o HMAE S wl ik & F R R ok HTOUL F Rk T

2 -

b ~ 4p k¢ % #c(Correlation Coefficient, CC)

?=1(Hl_mea _ Hmea) (Hisim _ Hsim)

CC=
VB s = Fmes)? 5, (g = )

(12)

2

PP ML Rk T s

¢ ~ T 2% 432 £ (Mean Absolute Error, MAE)
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n mea sim
o

MAE = : (13)
n
d ~ 352 2:% % (Root Mean Square Error, RMSE)
N2
n

Fitw ﬁgﬂ‘—u’;’iﬁ%v‘ » NSE fﬁgﬁf@? g &gt 12/
NSE %4237 10 A 2 g 2 % 4%47 > A ¥ 2 R B8 s NSE -]+ 0>
P & B AR 27 AR - CC :ﬁ;pa Bl¥v i*-132 12/
mAATEERAF TR A L B A AR > CCARERIT T 1o 3P ikt
BRPIEEARMAPY 25 E CCARERIT-1 RIS 2 g 7 Rl 3
foAAEARBE 2 #8 & - MAE & RMSE 4] » % 4 #7421 fFHC

AT AR B RARE o

poob o Gt HAE e BRI R RS A RS
AR 0T A 8 4 R £ H B U E 2 (7L R34 4 (Choi et

al., 2020) :
a~ &Y oK i A (Peak Water-level Error, PWE)

PWE = Hy™ — Hjrea (15)
F¢ s HSIM g e wl ik o M ok 2 kR 8 | E
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b~ ;4 %3 p& 22 £ (Error of Time to Peak water-level, ETP)
ETP = T5'™ — T,ne? (16)
Hod o TSIMPa TN wl % 4 2 0k 3K d PR R 2 g R ORI

BRGNS BRI gk
ERE LR BRI 2 e R R SRR e T A E
B R 2 S B o T P e T
42 RFHEEE

AEFTERL 19 5 13 2FFLELHRE > TF P
oo W AR BIE G L F 4,380 4,380 122 2,610 £ #cHh T
EAPRTA L FIRN 232 THE E R L REE S T A

I 2 BIB TG & 7 304223042 112 1,446 L Hchp i

BA O IR E T e AR e TR = Bk R
(6 A~ WSR2 BB RAR)Z t PRk 175 RS
2B FF gy T RIS F AR EokirzbBe Ba (R AT
A5 R S RE)ER 6L PR~ E6)2 R T o 0 o

TSR T R T LR PR B SRk g T Rk
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Measured (m) Measured (m)
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SEBRANAZ AR 2 AR IERSZ B Bk
2w BEAPREPEES S B E @l (De AR A2 Bk
Blxk2. NSE #2 CC 484 0.9 2+ ~ () f& 43 (SVR~RFR ~MLPR »

DTR) == -k =iplzb 2. MAE & < &4 %] 5 0.049~0.056 ~0.032 14

\\

20072 2 ¢ ~ (3)e #A#2(SVR~ RFR » MLPR ~ DTR) .= -k i

Bk 2. RMSE & < &4

w5 0.074-~0.081-~0.076 '+ 2 0.106 =~ & -

FRa 2 o DTRE 4 B £ ehi

%\' 4 Fﬁ?r’;‘u—/m /E” il }\l""fg:ﬂ'l)l"‘ b':3 I;éﬁ—é_‘;cﬁ%‘

R 2k 4 NSE CcC MAE (m) RMSE (m)

Train Test Train Test Train Test Train Test
SVR 0.991 0990 0996 0.995 0.018 0.026  0.030 0.042
RFR 0.998 0986 0.999 0.993 0.006 0.025 0.016  0.049

s MLPR 0993 0993 0996 0997 0.013 0.017 0.028 0.034
DTR 0986 0914 0993 095 0.014 0.072 0.038 0.096

SVR 0986 0959 0993 0987 0.038 0.049 0.048 0.066

. RFR 0998 0945 0999 0978 0.013 0.056 0.019 0.077
R MLPR 0990 0990 0995 0987 0.029 0.032 0.040 0.054
DTR 0.996 0964 0998 0.983 0.017 0.057 0.025 0.082

SVR 0991 0994 099% 0.997 0036 0.038 0.074 0.065

_— RFR 0.997 0990 0998 0.995 0.018 0.037 0.044 0.081

MLPR 0990 0990 0995 0997 0.031 0030 0.076 0.062
DTR 0986 0983 0993 0.992 0040 0.050 0.091 0.106

B I0E T RFRE T E AL kplzbz @ kS 7
F v AP 1 SVR B TR UF R R R R R R 2
¥ e A 2012 E AP F R RS R AL
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B~ o2 5 RFe BHEI AP ESLET L2 REERE
% 5 ¥ srw 872 (SVR ~ RFR ~ MLPR ~ DTR) & & -k f=sh 2 £ % i
Z ETP B X B EA WL 22211 % 3/ PWE &L BHE
P4 %] 5 036095051 % 1.36 2 ¢ « )t > SVR AL § ik

‘:;‘1/'72:"’\'}?_,0

oo
N
o
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2 6 © LN 3 f O
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W (2012 gid) 2 W HE ~ 4(2015 & gEie $+)
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Z 5w BWAPTFHE LB R AT E P R R ES

2010# 47 4% 2012& ¥ 2015-# Frid ¥4 2017#10" %=

=3
-

i ETP(h) PWE(m) ETP(h) PWE(m) ETP(h) PWE(m) ETP(h)  PWE (m)

SVR 1 -0.02 0 0.01 1 -0.12 1 0.06
RFR 0 -0.04 0 0.01 1 0.02 2 0.08
MLPR -1 0.03 0 0.07 1 0.19 1 0.12
DTR -3 -0.15 0 0.04 1 0.15 1 -0.24
T 2011#107 & 2013 gk 4 2016#5" & 2017 & R 3504 %
Wi  ETP() PWE(mM) ETP(h) PWE(m) ETP(h) PWE(m) ETP(h) PWE (m)
SVR 0 -0.08 0 0.11 -2 0.02 1 0.36
RFR 0 -0.16 2 0.02 2 0.01 1 0.01
MLPR 1 -0.11 0 0.24 2 -0.01 0 0.45
DTR 0 0.04 0 0.01 2 0.15 1 0.02
— 20104 45 4% 2012# Fd 2015 Fib 3 20164 5 4%
= ETP(h) PWE(m) ETP(h) PWE(m) ETP(h) PWE(m) ETP(h) PWE(m)
SVR 1 0.16 1 0.11 0 0.27 1 -0.01
RFR 1 0.14 -1 -0.95 1 -0.08 0 -0.43
MLPR 1 0.27 1 0.41 0 0.51 1 0.33
DTR 1 0.14 -3 -1.36 -1 -0.41 -1 -0.81

4.3 FokiEkinE

AFTEBRE 29?5 13 20 BT RELDRE > T2
A EAM PR SMELE TR MEE T 4506~ 4,506 - 3,738
" 4506 LHE T T L PRTM  Fleen® 22 3 36 FF Rl iF

FRIEI S RS SRS R EE RN N A

i
X
b
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- BB IR AYRERFLEAR I L 67 g

“I‘IS\‘*\

P &k ipl=k2 NSE ~ CC~ MAE 12 2 RMSE » # ¢ NSE & CC
584 0.9 14+ » 2w f8H3(SVR ~ RFR ~ MLPR ~ DTR) &z K =
lek 2. MAE # % &4 %] 5 0.084 ~ 0.071 ~ 0.090 12 2 0.096 = & >
RMSE % % @ B4 5 5 0.124+0.125~0.126 12 % 0.171 2 & o F]pt »

DTR srfidif R 5 £ o

06 g kiEiRE G UK D RS RIS R A

NSE cc MAE (m) RMSE (m)

iR 2k - _ _ _ :
Train Test  Train Test Train Test Train Test

SVR 0.996 0991 0.998 0.996 0.041 0.053  0.065  0.099
RFR 0.998 0988 0.999 0.994 0.017 0.059 0.033 0.114

PR MLPR  0.995 0.992 0.997 0.996 0.041  0.048 0.067  0.093
DTR 0.998 0982 0.997 0.991 0.023 0.077 0.041 0.141
SVR 0.997 0990 0.998 0.995 0.037 0.036  0.054 0.068
g RFR 0.998 0.991 0.999 0.996 0.015 0.035 0.029 0.064
MLPR  0.996 0.988 0.998  0.993 0.034 0.033 0.056 0.084
DTR 0.993 0983 0.997 0.992 0.043 0.045 0.081  0.087
SVR 0.993 0972 0.997 0.992 0.043 0.084 0.070 0.124
. RFR 0.998 0973 0.999 0.992 0.017 0.071 0.034 0.125
e MLPR  0.985 0972 0992 0.991 0.055 0.090 0.100 0.126
DTR 0997 0950 0.998 0.978 0.023 0.096 0.043 0.171
SVR 0996 0976 0.998 0.990 0.036  0.053 0.061 0.085
P A RFR 0.998 0979 0.999 0.990 0.014 0.040 0.028 0.078
&4

MLPR  0.994 0980 0.997 0.990 0.035 0.041 0.065 0.077
DTR 0.998 0.967 0.999 0.983 0.018 0.057 0.037 0.108
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BI2B T RREE 2 AL KRRz P R E s
PlEZ v o i TRIRE: B APRRERLZF E27 R
BRI ss LR 1284 7® 5 v #H7(SVR-RFR-MLPR-
DTR)f & ki=zhr 2 £ 22 ETP X B EAL W52 21311 %
3 P> PWE &+ S @R A %5 078~140~0.76 2% 154 =

QOE’—%QFT’;’SVR_—F‘@Q P ”J\l"",‘E—”“

P27 w ARAPTERERB A LT E 7R ERES

2012& gef 2013& # 4 2016 45 4% 2017£67 3.4

# = N ETP PWE ETP PWE ETP PWE ETP PWE
(h) (m) (h) (m) (h) (m) (h) (m)

SVR 1 -0.43 0 -0.11 0 0.02 0 -0.23

;2 RFR 0 -0.44 0 -0.29 0 0.05 0 0.04
<4  MLPR 0 0.76 0 0.17 0 0.03 0 -0.17
DTR 2 -0.41 1 -0.56 1 0.01 0 -0.16

SVR 2 -0.25 0 0.01 0 -0.02 0 -0.19

L4 RFR 1 -0.03 1 0.12 1 -0.02 0 -0.06
4 MLPR 3 0.05 1 0.16 -1 0.17 0 0.32
DTR 1 0.01 0 -0.02 1 -0.02 0 0.31

SVR 1 -0.50 1 -0.18 0 -0.37 1 -0.78

A%  RFR 0 -1.40 1 0.14 0 -0.56 -1 -0.80
+ MLPR 1 0.50 3 -0.14 1 -0.03 0 -0.19
DTR -2 -1.54 1 0.33 0 -0.55 -1 -0.79

SVR 1 0.58 1 -0.24 1 -0.16 1 -0.14

&%  RFR 1 0.61 1 -0.10 0 -0.06 1 -0.03
4 MLPR -1 -0.69 1 -0.33 0 0.09 0 0.26
DTR -3 0.14 1 0.15 1 0.21 0 -0.04
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208 EEaE R R AR R RRES R R

Blsk e NSE CcC MAE (m) RMSE (m)
Train Test Train Test  Train  Test Train Test
SVR 0.997 0.994 0.998 0.997 0.073 0.103 0.115 0.178
L RFR 0.998 0991  0.999 0.996 0.033 0.121 0.068 0.210
MLPR 0.996 0.996 0.998 0.996 0.075 0.118 0.124 0.196
DTR 0.995 0.982 0.998 0991 0.070 0.159 0.143 0.295
SVR 0.995 0.995 0.998 0.998 0.079 0.110 0.137 0.156
RFR 0.999 0989  0.999 0995 0.031 0.146 0.059 0.231
= MLPR 0.996 0.996 0.998 0.998 0.059 0.078 0.112 0.115
DTR 0.998 0.984  0.999 0992 0.039 0.178 0.071  0.280
SVR 0.992 0992 0.997 0996 0.118 0.139 0.191 0.192
- RFR 0.998 0.989 0.999 0.995 0.043 0.146 0.078 0.214
o MLPR  0.995 0995 0.997 0.994 0.081 0.131 0.157 0.245
DTR 0.998 0.976  0.999 0.988 0.053 0.227 0.095 0.322

B m B
MAE &« &4 % 3 0.139+0.146~0.131 1z 2 0.227 =
< B A% 5 0.1920.231 ~0.245 2 % 0.322 =
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Z 9w AREAPTABIENB A AT RPN R RS

s 20124 F4 2013 # 4 20154 4 f§ 201767 A

“4  ETP() PWE(m) ETP() PWE(m) ETP(h) PWE@) ETP(h) PWE (m)

SVR 0 0.03 0 -0.23 0 0.39 0 -0.16
RFR 0 -0.04 1 -0.25 1 0.24 1 -0.25
MLPR 1 -0.03 -2 -0.26 1 0.75 0 -0.04
DTR 2 0.15 2 -0.63 0 0.77 -1 -0.12
% 2012 Fd 2013£87 i % 20154 4 f§ 201767 A

Bl¥ ETP() PWE(mM) ETP(h) PWE@m) ETP(h) PWE(m) ETP(h)  PWE (m)

SVR 1 -0.17 0 -0.01 0 0.26 -1 -0.09
RFR 1 -0.29 1 -0.06 1 0.50 0 -0.32
MLPR 1 -0.06 0 -0.05 0 0.27 -1 0.10
DTR -1 0.09 7 0.02 1 121 0 -0.11
LR 2010& $.& 2012 et 2013% & % 2017#6% $.a

B¥ ETP() PWE(mM) ETP(h) PWE@m) ETP(h) PWE(m) ETP(h) PWE(m)

SVR -1 -0.04 -2 -0.18 -2 0.04 -1 -0.25
RFR 1 0.40 2 0.02 -2 -0.05 =l 0.03
MLPR 0 -0.09 =2 -0.16 =2 0.27 -2 -0.31
DTR 1 0.60 3 0.45 -2 0.47 -1 0.49

g btz R R 2 R R 0 T @ e A &
PR R ERARY > B AR T B 15 g Ee
A ez Btk R A R ETP 2 PWE S G HE R
% > B v BH-2(SVR - RFR~ MLPR~DTR) &= fins# ¥ 2 PWE

BoAGHEL S 07814007622 154 2% SETP ot GH @
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