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RUNOFF PREDICTION/ARTIFICIAL NEURAL NETWORK/GENERALIZED

LINEAR MODEL/SUPPORT VECTOR REGRESSION

Runoff is the flow of water, from rain, flow the Earth's surface into the river.
The runoff prediction can help to estimate ahead of time water volume, which is
useful to plan and manage plan for dealing with water shortages or floods. The runoff
process is complex and needs an adequate modeling technique for efficient prediction.
This research proposes an Artificial Neural Network with a Combined Generalized
Linear Model and Support Vector Regression (ANN-GS) method to predict monthly
runoff. The inputs for our neural network model are mixed prediction results made by
Generalized Linear Model and Support Vector Regression. The inputs are runoff,
rainfall, the number of rainy days, the number of month, and Normalized Difference
Vegetation Index obtained from the NOAA STAR. Our work use Linear Regression
Analysis, Artificial Neural Network, Autoregressive Integrated Moving Average
model and Support Vector ‘Regression to compare performance with the proposed
ANN-GS model. We use two criteria to evaluate the runoff prediction performance
root mean squared error (RMSE) to show error of prediction value, and correlation

coefficient (R) to explore the relationship between actual runoff and prediction. The

results show that our proposed method performs better than other methods.
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2.2 NTAAITHINTOADDUB AU (Linear Regression Analysis: LR)
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A o ~Aq Y a o = A o a . =
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aumslunsalldeyaidludunuilsesnns: Y =a+bX +e (2-2)
AUMINEINTL: ¥ =a+bX (2-3)
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1o Y Ao Aunasvesaulsain
A 1
f

d' 2 a G (% 9
9 ARaVeIRIsDa T aR I sAu

n A9 TIUIUVDINGUAIDE

' A g o Y A a A 9 9 '
AUD9 b M UANNFUVDINTIIFUATI NDANAUMTFUTUDINT VAV b LAY
d % 1 @ a Q‘{
a rasaneInNTaiavedd s Y 1a 3enb 31 duilszanimsonney  (Regression
1 [ a Q‘{ 4 1 @
Coefficient) 3050071 dNsz@nTniswensel uaziGon a  NAAAVULAN Y a5l
v o & ' Yo X do A
ANUFUWUTYDI X 1Az Y 91na1994 b 1aaadl (WuA%e Meunod, 2548)
] =\ (% v o a =1 [ = | 3 ]
1. §1b> 0 udaad X uaz Y § anuduiusouluniamafeanu 41X Jargeaiu
S E ) Ao ' 341 o
Y ANAIGRUN 1Az X UaA1dad A1Y AlAeIa
9 1 = % v o a v 9 9 = é’ ]
2. b <0 uaAIN X tag Y UANuaduiusiulunamnsanudiy o1 X Ja1gaauan
v v Y
YOI Y 9zA1ad 1agtl X HAWNanues Y 93 gy
1 ] @ v o
3. M b Aaui1ngd o uaa X uaz Y ianudusiusnutios
9 1 = v o o 9y A o < Y
4. 81b=0uaadn X uay Y Titanuduwusou idunsvlaziidnuaziluduas
U g’u A 1 = ] [ ] d‘ 1 d‘ ] ]
VUUAVLAY X HUADAIUDY Y aziauny A1nen a Taglinlasua ldauaives X
9 U @ 9 A 1 1w = =
5. 91b =1 LAAINANVFUVDUFUNTINTAUNIND 45 99A1 FINUIEDINT
wasuulasuesa X whnumaasuudasvesa Y i ldudannuvane’ldn X uag v il

v ~

ANNANNUTAULINNGA



a

{

Junionnos

AY

JUNn22 94

2

@ Y
LAY Y BazANNTUYeuFUNIT onnee
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197 1 2 3 4 5 6 7 8 9 10
X 90 | 112 | 132 | 148 | 150 | 162 | 171 | 180 | 211 222
Y 82 90 | 111 | 121 | 128 | 133 | 141 | 155 | 162 170

A9 2.2 wasIu A ay Haguveamlsaunuaulsaw uazmenmasaoavealy

9y

(24}
i X Y XY X’
1 90 82 7,380 8,100
2 112 90 10,080 12,544
3 132 111 14,652 17,424
4 148 121 17,908 21,904
5 150 128 19,200 22,500
6 162 133 21,546 26,244
7 171 141 24,111 29,241
8 180 155 27,900 32,400
9 211 162 34,182 44,521
10 222 170 37,740 49,284
HasIN 1578 1293 214,699 264,162
Aunae 157.8 129.3 21,469.9 26,4162
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Mndoyadindluaiied 2.1 msmuaiemanuduiuives X waz v lu
[ a J a 9 ] 1 o 9 = 9J 1 d‘
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ﬂ']urlmﬁ'lﬁuﬂﬁgﬁﬂ‘ﬁm@\jﬂjllﬂsﬁullazﬂ']ﬂqw Iﬂﬂuﬁlﬂﬁlmﬂqu’ijﬂﬂﬁlﬂﬁqﬁﬁNm 2.2

WIAUIUNIAaT
b nyXY-EX)(XY)
nyX2-(LX)*
10(214,699)—(1,578)(1,293)
10(264,162)—(1,578)2

2,146,990-2,040,354
2,641,620- 2,490,084

106,636
151,536

= 0.7037

a = Y - bX

= 129.3 - (0.7037) 157.8

S 129.3 -111.044

= 18.26
fmmm@maaasiwiwmm%’ay,ammammmlﬂumwﬂﬂi/\l”lﬁ’ﬁ’qgﬂﬁ 2.3 uaziowiiy

Yo A
qumMs lanqil

Y = a+bX

18.26 +0.704(X)
A 9 Y =\ [ v o @ 1
il"lﬂﬁllﬂ"liTl"lﬂﬁ"lﬂJ"liﬂu‘]Jaﬂ’ﬂiJllﬂ’ﬂ X uag Y ANUaunusnuun lagdunaoina
@ A 9 2 @ o d = o [ d'
ANNYU 0.704 AN lng 1 uazanuauiusUes X ttaz Y JanvazudsAuaiuny tieeein
' v A1 g A A g J A 1w = ' A ==
MANUFUNANTUVIN Laziio X llﬂ”llﬂﬂﬂilf] Y 2 UAMMNY 18.26 FuUA1U09 a NHU8DY
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a d a
2.2.2 ms’amﬁmmsaﬂaammaé’iuwmm (Multiple Linear Regression Analysis)

o v J @ a v W kS g o o a {
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AU fffllﬂﬁﬂﬂﬂ@ﬂﬁﬁﬂiﬂLmﬂuiﬁ@giugﬂﬂlﬂﬁﬁﬂﬂﬁﬂﬁu (Wyau gn71a8, 2556)

s
aums lunsal lddeyaiszanninanua: Y = Bo+BiX1 + - +BXe +&  (26)
aumslunsdiloyandludumnualsemnns: ¥ = by + b X, + - +bXe +e  (2-7)

AUMININTAL: Y =bg+ b Xy + - +bi Xy (2-8)

We  Y,7  fedwlseny
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Bo. by 1D MAINYDIANNTDADOIHIDIAAATULNY Y
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Bib; o ANNFUVDUTUDADDY HIRdNLsEANTMI0n0eevesRILlsAUTAE i

9
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msfadumsaanesnygaiu 1d lasmsldwasngdarzsrelimsduiade
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a 4

aedvenNuAaIAndeuNesiga (WA ga1ad, 2556)
Q= XiL:(Yi = Bo — B1Xiz — - — kaik)2
= S — Bo — Zf BiXip)? (2-9)

o ! 9 Y o v Jd o 1 i
Sl,umiﬂmammm Q u@ﬂq@ﬂ3G]'EN‘V]Wﬂ’liT’ﬂ'f)HWUﬁﬂf]ﬂlﬁﬂﬂﬂ‘UﬂW ,Bj !L@]agﬂ'ljﬂﬂ

9 Y
v v A a 4
awnso@euaumsniaeldast (wsau gnaad, 2556)

Bl ! .
= =2%i1(Yi — by — Xj=1 biXij) =0 (2-10)
9Bolpy,b,,...by ] 1( L 7o j=1Yj U)
IUag
a0 ) .
= _22': Y, —b —Z-: b:X::)X:;i =0 (2_11)
9bolpy,by,.bi t 1( A\ ¢ j=1Y U) ij

9
v v [

aatuaumsnaaniomoulusiueuasngail
(X'Xb = X'Y (2-12)

[

¢ v o &
AWITOUUINN DT b Ulﬂ ANU
b= X'X)"X'Y (2-13)

a 4 o 3| a o §
Tas X'X desaunsanuuasnsuniu lauazitlumasndauuiasnivuna k1) x

' a < o w ' ' @
(k+1) L!ﬁ$ﬂ’l"1]@\1ﬁl|’l"]fﬂclulluﬂlaﬂx‘]lﬂuWaﬁ’Jllﬂ'laQﬁ@\?%ﬂﬂﬂ’ﬂﬂll@]ﬁgﬁaﬂ

{ @ ] 4 a J a
M13197 2.3 aregadeyariio IduaaimsinsizimsnaneaFudunygu

i 1 2 3 4 5 6
Y 1 2 3 4 5 6
X, 2 4 6 8 10 12
X, 6 5 4 3 2 1
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a, o a 4 a o o {
Imsmuummazimsaaneedudunyguin’la lasnsihdeyasinaisiei 2.3 Weu

Y
Toglugthuaind lanail

[1 2 6] [1]
|1 4 5| |2|
11 6 4 |3
X=11 8 3 Y=14
1 10 2 5
1 12 1 6
[1 2 6]
|1 4 5|
111111|164| 6 96 75
XX =12 4 6 8 10 12[|; g 3| = [96 364 112
654321|l11()zj| 75 112 91
1 12 1
det (X'X) = 198,744 + 806,400 + 806,400 — 2,047,500 — 89,304 — 838,656
= —1,163,916
6 96 75 1°
Adj (X'X) = |96 364 112]
75 112 91
6 96 75
= [96 364 112]
75 112 91
i1 [364 122 1501196 112] o 341(96 364(]
D2 o1l CDT s g D |75 112||
_ 414296 75 _1\2+2 75 13342
=| D 112 91 (A |75 91 D |75 112
1+3 75 _1\2+3 75 _1\3+3
(=1 364 1121 D |96 112l D |96 364“
118,240  —336 —16,548
=| =336 —5,079 6,528]
| —16,548 6,528 —7,032
1 18,240 —336 —16,548
(X'X)"t =—[ —336 —5,079 6,528]
—1163916 | 16548 6,528 —7,032
—0.016 0.0003 0.014
[0.0003 0.004 —0.0056]
0.014 —0.0056 0.006
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1
111 1 1 1§ 21
XY =[2 4 6 8 10 12||;| =|182
6 543 2 1l 56
6
b= (X'X)"IX'Y

—0.016  0.0003 0.014 21
=10.0003 0.004 —0.0056“182‘
0.014 -0.0056 0.006 56
[ 0.5026
= 0.4207]
|—0.3892

1UAD b, = 0.5026, b, = 0.4207 LA b, = -0.3892

o ] { a 4 v 3
flﬂﬂ‘ﬁlﬂlluaﬁ'mﬂNGlu@ﬂiNﬁ 2.3 ﬁnﬂiﬂ’]tﬂi"lg‘Viﬂ'ﬂiJﬁiJWH‘ﬁ’Glli’N Xag'Y LLﬁ%L%ﬂulﬂu

[

a Y Y dy
ﬁllﬂ”liﬂ”liﬂﬂﬂ’f)EJLGUQLﬁuWHﬂm"lﬂ JU

Y =0.5026 +0.4207 X - 0.3892X,

23 Dueamaaulagiiendly (Generalized Linear Models: GLM)

Tuaagudulaodona i gaaue Iae Nelder t1az Wedderburn 113l a.#.1972 1y
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v @ J J 1 s a
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d v 4
Wansuason 1o (Fox, 2008)
¢ ' & ¢ A4 9 o o
29A1/3znoUNUVEN (Random Component) (Fu83AY5zNBUNNIIVOINVANANHE
(J o a3 a 1w =
vaaMsuanuadveddlsany (v,) Tasdutlsmuazinndudassaenuuas In1suanuaanyy
a ] ad ' < { ] a
n@d vse luilnan lauadeudlumsusnussiieglusiiavesasznaon TnuuFea (Exponential

9
[

F4
Family) 1Aun Gaussian (Normal), Binomial, Poisson, Gamma La% inverse-Gaussian NIUMST
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a < @ 1
NITLANUINULDUNIUIY (Binomial Distribution) Lﬂuﬂ'l'illft]ﬂlLﬂ\i"Uﬂ\i@'JlL‘]Jifjll!L‘lJ‘U
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P(X=x)
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JU% 2.5 MIuanuIVUNIUIY

4 I o 1
ﬂ']f!'l;!?ﬂﬂlﬁ]\ulﬂﬂﬂﬂﬁcﬁ@fl (Poisson Distribution) Lﬂuﬂ’lillfﬂﬂllﬁ]\?"\]ﬂ\?@]jllﬂiqmuﬂu
[ A ~ I Yo Y A d ) g’/ A
uhl@@lu@\iﬂicﬁllﬂﬂCUGU'E]ga1/]L‘]Juﬂ’]ﬁ‘ﬂﬂa@\3ﬂ’]ﬁuﬂfﬂ’]u?u‘ﬂﬁﬂﬂl@ﬂ!ﬁﬂﬂ’]ﬁmﬂﬁuﬂlfﬂ
4 a X A o = A o I '
Gluﬁgﬂg!'la'lﬁﬁﬂlﬂﬂslluiuﬂlﬂﬂ!ﬂl@ﬂﬂ’]ﬁuﬂ "“INGU’E]Ulﬂl@ﬂﬂ’]ﬁu@]@’mﬂglﬂusﬁﬁﬂna']
A A - 3 v o Y A A ° s a X
NWUN ‘]Jﬁll’]@ﬁ Lﬂu@u Tﬂﬂﬂ']‘ﬂuﬂclﬁ A ﬂi’)ﬂ’]!ﬁﬂﬁﬂm@QﬂTHQULWﬂﬂqﬁmﬂlﬂﬂmuﬂlu
' P
GU’E]'ULGUG]ﬁﬂ']WUﬂ @'J'E]EJ'NGISJ)@Ha LU Fli'IU'JUﬂfJQGU@Qﬂ']ﬁGl%)é) ATM %733 09.00-10.00

u. uumia lunilaniiinggayed vaudennaainnseaans lunilar Tuq

[ o % [l 9 o A
aﬂ‘]el‘mgfnillﬂﬂllﬂﬂllﬂﬂﬂlﬁ"ﬁ@ﬁllﬁﬂﬁ@'J'l’)fJNllﬂ 131N 2.6

U

e~
PO ==
0.4
03] A=1
0.2

0.1

A s
319 2.6 m3vanuaanuIdreq

] I o [
NITUANUANULAUNY (Gamma  Didtribution) L‘]JuﬂWiLL%ﬂ!Li]\‘i"lJ’ENG]’JLL‘]J‘iEZfiJ
A 1 q Y ° =q 9 a 4
IS INIIRINAON] ﬂTﬁL!%ﬂ!lﬁﬂ\iI,Lﬂll3J1Gl,‘]fsl,ufﬂiﬂ11’;1’EN!I,‘UUlﬂﬁ1ﬂ1%ﬂﬂuﬂglﬂﬂlﬂﬂﬂ1im

v o g}/ = [ ~ 9 A A d v o [ 1
NIFEDI k AT NTU k=1 i]SWI"Iﬂ‘]JL’JaTVIGlslfﬂ@umlﬂﬂmﬁi]ﬂﬁmW’Jﬁ“ﬁi’]\m hl']J LYY
v 9 2 g A 9 1Y Z
ﬂﬁi‘ﬂiﬁWTlHlﬂuIi\iWﬂT]J”Ia%QlﬂullﬂﬁﬁJﬂiz‘]J’JuﬂﬁW’Jﬁ%ﬂQﬂ?ﬂﬂ@]ﬁ 5 AN

1 =} ] I ~ & A 1 ~ =} F) g’, ~ = U ]
ADUIN mmm%mﬂumwmummu”lﬂﬂ@u‘w%zumﬂmwmiwamuﬂ1L1Ju

0.9596 §198 1M ILUINUINVN AL IGAITUN 2.7

U
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PX)

319 2.7 Msuanuaanu AN

d a : < o w Y o <
@Qﬂﬂigﬂﬂﬂl‘b'@ﬁzuu (Systematic Component) Wumsihasdsauunmviuadu

Wanswguduwie lslumsnernsaigansa
E(Y;) = Bo + B1X1i + B2 Xoi + -+ + Bp Xy (2-14)

Famssaa ludnyazFuduvoadnalsdu (B, + BuXy; + BoXai + -+ BpXy) 58031 A7
sa . { 2 g = o v Y o A g
WeNIANFUAY (Linear Predictor) Faudlunis@euanlsaulnodlugivesanlszunansadau

Y
) waaslugiaums ldaail

Ni =ﬁo +B1X1i+ﬁ2X2i+'”+ﬂpoi (2-15)

dmuald n Aevuiavestdoyadiedis Tasdszneudioailsau v,,Y,, ..., Y, 1o i=

1,2, ..,n waz@unlsay X, 1o j = 1,2,..,p

J v ; I J o a v o d 1 J
Wan¥uenlys (Link Function) uilansusiuiennuduiutserinaesilszneu
1 4 a I v 4 a 4
uuuguuazesnlsznowdiszuy IaeWandusonles (g() Nauantiaamnsonioywus la
I Jd o Jd o 4 a
(Differentiable) Lgazgﬂuﬁﬁﬂ%umu?\m (Monotonic) Iﬂflﬂ\iﬂ%ut%ﬂﬂiﬂﬁﬁﬂﬂiﬂ@‘ﬁﬂTﬂﬁ'Jﬂ

[ v 9
Aunde E(Y;) = 1 39Uuagnuaminnesudu

gw) =mn; (2-16)

[

Jd o 4 o <
Wanduyen Tesawnsomeulugiununndu ldaedl

ui =g~ (m;) (2-17)
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A o o do A
M1TNNN 2.4 gﬂuummmsﬂszmﬂmmmmuﬂmmuazﬁmﬂfuwaﬂm

do A U Jd v
A do Wan‘mmau‘[ﬂ& MINPAHYDININTH
o . FoWanyu '
MINIZE | anbUzYdYA A gw) =mn; onleq
wouleq )
=g (m)
Normal real: (—oo, o) Identity Wi n;
Gamma real: (0, +0) Inverse pit nt
Inverse Inverse _%
real: (0, +) .Ui_2 n;
Gaussian squared
Poisson integer: 0, 1,2, ... Log In(u) exp(n;)

' Y
Tueaadu Iagiena ldaziinmsasnaeunsnszaiedivesdudsay (V) 9101
a Ao w ) ] S o 4
Aouaumasaduniidnlsdun lslumsneinsaialsauudnaon ldiansuaon To
Y o o o ¢ v 4 Y v
TRmnzaunumsnsznemvesalsa sUuuumsnsznenazlansudon Toaagllaas
~
AN 2.4
o 1 ] a Y A 9 o o I
#10810% U FUNMTITFUTUAD Y=2+6a+3b 9101505218829 098205 il uuuy
Normal 3¢ 1@ luaazuduTagisnalUae Y = 2+6a+3b uazd1ninizateaivosndsa

I a v @
Flunuy Gamma 9218 TueamaduTasion1Uae Y = -2-6a-3b Hudu

2.4 lassvwlszannifey (Artificial Neural Network: ANN)

[l < o o
Tﬂﬁ\‘i”lﬂﬂﬂﬁzﬂ'TV]LﬁﬂN (Artificial Neural Network) WUN1591809NITHINUVOY

A 1 J Y a u’té [ d' (% [
Lﬂi@sll”lfl‘ﬂigﬁ?‘i/lcluﬁll@\illlél‘klfJﬂ’JfJT‘]JiLLﬂSﬂJﬂ?J?JW’JW]?JiGb'\‘]ﬁHJﬁﬂﬂiﬂlﬂﬁﬂu@]’a!@ﬁﬁﬂﬂﬁ

v
=

1A ~ 9 . @ A A 1 YA ya
AD VT UDIVIINTIDUNANINNHNITLTIUY (Learning Rule) Waﬂﬂ”lﬂﬂlﬂﬁf’]ﬂl"lflblﬂﬁﬂugﬁﬁ

D.

Y A ' 4 o A o Y ' = I~ Aa
ADINIT mi@m”|EJuumaJ”|imnN”|uﬂﬂ”muﬂlH}"lﬂ Iﬂ5\T‘UTEJ‘]J'igﬁTWLWﬂNLﬂULLHQﬂQTNﬂﬂﬂ

= 9

Y Y a o a a 4 v A Y A -4
@]i’)Qﬂﬁiﬁﬂ@ﬂW’JMi’)ﬁJﬂ’ﬂﬁJﬁﬁN”liﬂiuﬂWiliﬂug ANUATISU uam@ﬁu%%mmum@a

I A

A J 11
FUNUYHINUITDOU (Neuron) nsoaalseam Uszu 10

a A A '
HseurouaenuiluIngsue
1R ' Y1 J 3 a s v W . ]
mmﬂiwq; i]ﬂﬁ’"lﬂﬂiﬂﬂai’f]llﬂ’ﬂﬁ’ll’lellélHfJL’IJ‘IJﬂ’EJiJW’JME’JiVINﬂ"liﬂiﬂ@]’JL’EN (Adaptive) T
<3| a o o o ' o
Wudadu (Nonlinear) LAV R R RN ITIS TR TAVRLY] (Parallel) Tumssam Mt uIWAUVD

UI50U



19

Tasenedszamitoulinuanyugiauie Usenoudlenielszuianados q &9
d’ 1 I~ o = 1 [l 1 ] A Y ] ~
wonasuuVVUIIUTININLIN Uniiedssuanadesunaziiienl Insaainadig o Nig
wioulianueusad uailenyielsuianagesinuimAIIVATE1er 19 1Asavne
Uszanmiieoniinsiaunilsz@nsam Yofveanisiyeunadlonitelseuianades o
Y
UIUNIN DuATeVIIUNAINARNMFeIY TaTeviglseanifeniuizdinsainise
o 9 waa 1 A ~ 9 Y Y = a A
ald quaviaiuganeo ansaFouiuazud ludyn ldedniidsz@nsam waan
a v Y Y [ ' ° ' T 9 a A v '
maieuimeieddoyaunaiuih lilgmsneuaussnedoyasunaiidn v
Tasevedszandientlsenon lUdeaves Tnuanazidudoussnnalvua uaad
o ~ [~ o Y g’/ a g}/ ] .
45U 2.8 TagTvuausailu 3 sza laun ¥uBuWa (Input Layer) Fu%ou(Hidden Layer)
g‘/ 4 1 3’; 1 U g’.z
1Az FUOIMWA(Output Layer) Tuudazdusousi1nzii ldunnii 1 5u
[ Y v
Tnuanog lusudUNAITeNI Input node 91UIU THUATUFUDUNAILIMAVTIUIY
I v £ 9
AMAUIA (Attribute) N 10T 110doyanaazal TagTnualuguilag lulimsmuiadaiudoya
4 AR
feennnruiiay litinsuilag

(%

H Y ) Y
TnuafoglusugouFenil Hidden Node S1u2usuazs1uIuInuaiziuognu
) ' ) Y1 ) a a A
Aoonuuy Insaialago1nrzaoanaasdrals o nuunaiguuylaldlssansamnanga
A 1 2 14 ~ 1 o ) 1
Truafoglusuo1Waisend1 Output Node 31171 THUAIZINAUTIUIUNGUHT©
ulszinvesdoyanaoanissmun
1 ) v
TuTassnergtidurouninnn Tnualusuduna ludmnTvualusugounaslidu
| g ' @ g J Y A ' 9 a3 @
wouannn Inualususouldimn Inualusueving iduronunazidusziinniimin

(Weight)

Inputs Outputs

Output layer
Hidden layer
Input layer

719 2.8 annlaenssuveelasavielssarnmney

G



20

° ' = Yo s J s a A 9
mimqmmmgmazTwuﬂmﬂu"lﬂﬂmcmaﬂizﬁmiuﬁmmuyEJ 1 15980 9UNANLU

a

e -

v
3 1 =S

T I 14 A 9 1 =2 g 1A =
Az uNNNeI VoI ANTAYEITOYaAI081UAT p = [p,.p,....p,] FuTUMBUNANYN

U Q
9

~ o d d o @ A = A
ousis1uiu R aadlsznou uaznmmesinmiin W=lw,w,....w,] Iaeoudeanse luted b
o A [ %’ % 1 9 4' d' 9 a 9 d'
HIBDUNANIAUNVUINUNUBDILAAS LT ULT DN Wﬁ“l/lulﬂﬂ'lﬂf]uw.ﬂ‘l’]ﬂ 9 muwameﬂwummm
@ [ J ' o Jo 1 o a g

iJ'lﬁﬂﬂJﬂuL!a%i'JiJﬂ‘UﬂWl’l‘ULlf’)ﬁLLﬁ’Jﬁ\m@llﬂﬂﬂﬂ\iﬂ‘b’ﬂﬂWﬂI@u (Transfer Function) ‘wﬂﬁmmﬂu
' s A8 g S 1 o ¥ Ay 1 a A A @ s

AN IMNA a Tundl / Whulangunis Touimihnsuamouna nimorlaswilunue1mne a uay

ﬂ'nmﬁwﬂ a AsamuI laanaums (Howard et al., 2000)
a=fm)= f(Wp+b) (2-18)

Lﬁa n= Wl,lpl + W1,2p2 + -+ Wl,RpR + b = Wp + b

f Neuron with bias

Input a= f(Wp+b)

511 2.9 Tasaneilszamiisurtlantizonnuvarwduna

2.4.1 W&ﬁ‘iﬁ!d]ﬂi@)u (Transfer Function)

7 o 1 Jd o . I J o { o
ﬁmsnumﬂiauﬁ%ﬂmwmzé’u (Activation  Function) Wulangsunii

S)d'o 1

v d 1 ~ I @ 1 ~ A 9
‘wu"mﬂmuﬂmwaawmaﬂmwmﬂizammﬂu ﬁQﬂ%umﬂTauuﬁmmmu msmaﬂ‘l%

Jd o J a @ [ o 4 [} [ A
‘ﬂ\?ﬂslfuﬂ"IEJT@‘Lli]8Wﬁ]15’51!1ﬁ]"lﬂaﬂ°lelil!SWaaWTJ’NHJUﬂTﬁf’JLﬁ@QW%@lIN LUASUDULUAUDINADNTD

[

' f f 9
Wuodals TasWansunis Touunuaa 9 Iaail
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v ' a Y . .
1. Wanvuoe Touuuasudy (Linear Transfer Function)

1 d v 1 a
7U7 2.10 WenFume Tounuuraudu

1 [ 4 a Y 1 a 9y A d' =)
AMWAANTUDIHITOUVDININFUD 1Y To UL LIFUTUAD a=n T@]EW]"]J’OUL"UGIGUE)\? a fo

% 1 % 1 a Y] 1
[-00,00] Mvgailandunie TounnuFadundansgli 2.10 uazamnso@oulugdaumsla

Qldy
S
n,an>0
a=130d n= (2-19)
-n,an<o0

A Jd o 1 J aa
5UN 2.11 Wansuaie leuuuasnaia

G

A Y

' v 7 a d v U d aa I 9 1 a
ﬂ1NﬁﬁWﬁ"ll’ENuﬁi@uﬂl@ﬂﬂdﬂ%uﬂWUIﬂuuUUaWi@ﬁN@l%%!ﬂuvtﬂﬁﬂﬁﬂWﬂf] DIDUNA n
a a9y J 1 v o A ' A g 19 s (Y] A '
VBDIUITOUNATUDYNI 0 ATNAANTUTDIDINNA a uaAntu 0 uAn1 n YAUNINY 0 HIBNINN?
' A= A = @ Jd aa (% A
0 ANDaNTAD 1 IﬂEJTI‘iJ’E)‘]JLGlI@]"Ui’N a A9 [0,1] aﬂymzaws@aummmmgﬂm 2.11 agaiungn

Y
Woulugaumsdasi
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{0, hn<oO (2-20)

1,5in=>0

A < a
3. anduaieleuuuden-Fnuesd (Log Sigmoid Transfer Function)

~ S 1 < N s
Eﬂﬂ 2.12 ﬂ\iﬂﬂ)’ﬂﬂ"lﬂif]illl‘ﬂ‘ﬂﬁ@ﬂ-“]fﬂﬂﬂﬂﬂ

U v a Jdao 1 I a J 3 T A 1 3

ﬂ'lWaﬁWT]GUE]\“I‘L!')5E]u5]]'EN‘ﬂ\“Iﬂ%Hﬂ’lﬂj’ﬁ]uL!'LlUflE]ﬂ-GlfﬂiJﬂﬂﬂLﬂUﬂ1ﬁ@Lu@\ilLUUhlillﬂu
a Y ad [ o ~ o Y o ~ ~
l"]f\‘]lﬁuﬂlﬂulﬂw13ﬂ1ﬂ'§ﬂﬂ\‘l§ﬂ1ﬂ 2.12 Llﬁ$ﬁ1u1§ﬂﬂ1u’3mhlﬂ@\?ﬁllﬂ’lﬁcﬂ 2-21 Iﬂt’l‘VIGUfJULGUG]GUEN

a 79 [0,1]

1
di/ (2-21)

d v 1 Jd A J
4. ManTune TOULULUN U UN-FNNOYA (Tan Sigmoid Transfer Function)

A Jau s A I
E‘IJ‘VI 2.10 1/1\1ﬂGI)'UﬂTEJIE’JHLL']JULmuH]‘Ll‘VI-“]fﬂlli’)EJﬂ
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[ @ 4 a Y 1 d a & 1 1 d’ ]

MuadnsyItiiTouveslanTuoe TouuuuuNAUN-Fnuesdtl uaaoiioduyy lal
< a { < 3/ 1 1 @ { o @ {
Augadundulansminezmauasgl 2.13 sazawnsomun ldasaunsi 2-22 Tag

Rvouaved a Ao [-1,1]

eM—e—1

a=  ——— (2-22)

eM4+e™ M

1081951 HIUN TN THUaved IaTavtelseanNenduIu 1 1vua lae

o Y Y a A = 1 aa Y
ﬂTHu@TVHJE]iJﬁ@u‘W@I 1 UDINTDLIANDIA U 3 mua@mm&ﬂmm p, = 1, p,= 0.5 oy p;= -1

U q
9

d o @ v 9 4 [ '
uaznmmesminuAazdudon w,, = 0.2, w,,= 0.1 1ag w,, = 0.45 waza luueaiial b =
dy 9 ¢ o 1 < a o 9 1 a L
0.4 Tag Triuail 1¥anvuaie TouuuUADN-FANBEA 1ATIAT19UDI IHUALALAINITINIADS A

7 waaslaaagi 2.14

- 1 a 1 14 %7/ @ ] 4
qﬁjﬂ‘ﬂ 2.14 mﬁﬁjayaam/gﬁ ﬂWll'IJLL'E)ﬁ uaznﬂmaiumuﬂuugmamﬁ'ug%mmmTwuﬂ

] v ° [

o = ) =% 9 dy
memimu’amNaaWﬁﬂhlﬂmﬂmﬁ/l”mmmﬂﬁuﬂﬁluTﬂﬁwwﬂizﬁmmfmnlﬂ JU
‘I’Hfh n %’]ﬂqﬁi n= Wl,lpl + lelpz + -+ Wl,RpR + b

HNUAT n =(02*1)+(-0.1*0.5)+(045*-1)+0.4

=0.2+(-0.05)+(-045)+04

=0.1
WIA129NEAT a = ——
Y 1+e™™
UNUA =1
a 14+e701

_ 1
1+0.905
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1

"~ 1.905

=0.525

Y
Y (%

Wuammaaniuea lHua Ao 0.525

U
a =

Ly} d 4 o H
2.42  msdSumniimesiieldlassnneilszammenaasdanizeu

CaNe

o % ' %’ Y] 1 I 1 a & A o 1 9
dmsuaniiin wuazar lutea b Wuamwisilmesnauisalsuald

{ q 9 ' o & A Y ' Y Y
el Tassdigdszamifonaaiidanizoui mydoulassislszamionIvizouinoms

U

Y ¥ o ¥ A ' Y A A o q ¥ o P
ﬂummumummmm%ammazmumwmzﬁuﬂﬂﬂwmmiamuuﬂﬂimmnmawaua

J ] {q ¥ .. A A o o 1 . ) o A
A106197 190U (Training Data) 1dgnAoauIniiga a9d1AyAoAINg VA1 Weight A5V
A Y A Y a Yo R I A ] [ 1 o Y a Jd (o
mndesmaie iaeununesjhauiuain luwiveu uaansodmualdneununeslsy
' v & 9 ' ~ o A Ay Y
awvaniuldlasnisdoulilnsselseammioniinguny (Pattern)  vosdsndesns1a

Yo 9 ' ~ 91 J a o o v 3 @ L A
391 ﬂ'lIﬂ'i\“l"U'lfJﬂigﬁ"l“l/ll,‘]/lfﬂ\lclﬂﬂ'll@'l‘]/ﬁ/!ﬁwﬂ i]3‘1/]1ﬂ1i‘]J5°lJﬂ'lu'l1’Tuﬂi]uﬂ'ﬂﬂ'lﬂ'ﬂiJNﬂ‘Wﬁ'lﬂi]Z

U

Y A ]

Sl [ o ' a [ 1 1
ueammaagiummmmamu ’fﬂll15’[,]ﬂ'lu’]ﬂ!ﬂ1ﬂ313JNﬂWﬁWﬂ@QﬁMﬂTiﬁ@qﬂﬂ
e=t—y (2-24)

4 ] . I 1 d’
o t=nanumune (Target) W50 AATA (Class) Fuilumngndos
1 4 (] =1
y = A0 1Mnan Inssigilszannmnen

' g @ . ! 1% o {
Aminuag bias Ngnisulgeanmsadiuaalaeldaumsi (225 uaz (2-26)

naanaae 1l
wheW = wold + ep (2-25)
b = b te (2-26)

1 %,I o 1
Wo  wrY = anihwmiinlvy
1 %,I @ ]
wold = a1ivunim
prev  =anlunealni
pold = anluneem
9
p =doya

e = AMANUAANAR
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A v 3 Y ' A 9 ' ~
?jﬂﬂ 2.15 m‘LlTH‘L!ﬂLLazﬂﬂmmﬁljilG]‘L!GUE]ﬂﬂﬁﬂslﬂﬂﬂizﬁi‘ﬂmtﬂmmu 2-2-1

~ o [l 9 A X =) 9 1 = a
M31390 2.5 aredntayanldlumsizsuivedlasavielseanmonnny 2 duna 2 Trualuy

Y
& 1 4
FULDULAT 1 191NN (2-2-1)

v a

Yoya P, P, iwhwane
1 0.5 -1 0.1
2 0.5 -0.8 0.08

msfalaseitelseaimiion Tasmdoyan 19 lunsSeuduancluaisien 2.5
1 =1 9 < o 1 < a Jd o 1 g o
melulvuaveslasavnelszanenlsiansuais Toutuvaen-FnUoen MUUAAILINND

Y
=1

Suduaanaaslugy 2.15 Ao ldasi

Y a tﬂ‘ =
Yoy UNAN 1 1A p, = 0.5, p, = -1

n =(02*%0.5)+(-0.1*-1)+0.11
=0.1+0.1+0.11

=0.31

1

a = 14031

=0.58
Node 2
n =(0.1*%0.5)+(022%-1)+0.3
=0.05-0.22+0.3

=0.13



MUIUAMANUAANAIA e =t — Y

2w ld

=(0.23*0.58)+(0.11*0.53)-0.4

=0.13+0.06-0.4

=-0.21

_ 1
 14e-(-021)

=0.45

e=0.1-045

-0.35

C Y
USuanihminnnaums wmew = wold 4 ep

Wy, = 0.2+(-0.35 % 0.5)

Wip ™

Wi

-0.1+ (-0.35 * -1)

0.1+ (-0.35*0.5)

w,, = 0.22+(-0.35*-1)

Wy, = 0.23+(-0.35 * 0.58)

Wy, = 0.11+(-0.35 * 0.53)

Usualuteaanaums b = pold 4 e

b, = 0.11 +(-0.35)

b,= 0.3 +(-0.35)

b, = -0.4+(-0.35)

' %,’ o 1 A [ =) 9
Llﬁﬂ\‘lﬂ"lu”l‘ﬁuﬂLla$ﬂ”ll1‘]J!,Li’JfT‘VlQﬂ']Jﬁ‘UinﬂﬂﬁLiEJ‘L!E

szammeunuy 2-2-

1 laeag1l 2.16

-0.24
-0.05

-0.75

0.025
0.25
-0.075
0.57
0.027

-0.076

Y
Vo3

duNAN 1 voalasavig
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S
[%

d' ' ao' £ ! d' 2 ' d' ' =
jj‘]J‘ﬂ 2.16 ﬂTLl'WT‘LlﬂLLagﬂ'lllﬂll'é)ﬁWﬂiUﬂWﬂiﬁTl 1 Gll@\‘iiﬂixﬁl'lﬂﬂﬁgﬁ'lﬂlﬂﬂuuﬂﬂ 2-2-1

n = (0.025*0.5)+(0.25*-0.8)—0.24
=0.0125-0.2-0.24

=-0.43

_ 1
 1+e-(-043)

=0.39
Node 2

(-0.075*0.5) +(0.57 *-0.8 ) —0.05

=
Il

-0.0375 - 0.456 - 0.05

-0.54

1
T+e-(-054)

=0.37
Node 0

= (0.027 *0.39) + (-0.076 * 0.37) - 0.75

=]

=0.0105-0.0281 -0.75

=-0.77

. 1
T+e-(-077)

=0.32
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MUIUMANUHANGN e =t —y

2ld  e= 0.08-0= -024

C Y
USuanhminnnaums wew = wold 4 ep

w,, = 0.025+(-024%0.5) = -0.095
w,, = 025+ (-0.24% -0.8) = 0.442
w,, = 0.075+(-0.24*0.5) = -0.195
w,, = 0.57+(-0.24% -0.8) = 0.762
Wy, = 0.027+(-024%039) = -0.067
Wy, = -0.076+ (-0.24%037) = -0.165

Usualuueaainaums bmew = pold 4 ¢

b, = -0.24+(-024) = -048
b,= -0.05+(-0.24) = -0.29
b= -0.75+(-024) = -0.99

1 )

uaasanihminuaza luneangnlsuanmsiseuivoyadunah 2 vealasee

v
=

Uszamsunuy 2-2-1 Taaasaa 2.17

A R ' Ao 1 YA ' =
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AR(p) fi® Ve =X +B1Yi—1 + BoYe—z + -+ BpYep + & (2-36)
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]
A J I}

Tasd  « Ao AAIN
A a Jd o d‘ . d‘ .
B; Ao WSNABTAIN j 110 j=1,2, .. p
A A
& ADAINNUAAIAINADY B 1A t

Y
Tunsal AR ansowsnlugdunuaunsasil

Ve =X +B1Yi-1 + & (2-37)

=1

o <3 1 A
Tag  mmuald || < 1uaasldimundoyasynsunalinuauiiang

[

~ - 2
Tunsa ARQ) aunsosulugdunuaunsaal

Ve =X +B1YVi—1 + B2Yi-2 + & (2-38)

Tao  dsmuald |, 182l 18, — Bi] < 1uaasliifiuinvoyasynsunand

AUANLAAIN

° . I3 o 1 4 A
LUV Moving Average (MA(Q)) HunsihamnNuAaIAMaUINNITNHEINTAIN
agifi@uwﬁ’m% €1, Et—2s w1 Ebgq WIMAUAUNUAFUNA Y, TAgnsLuIUMI Moving

d‘d 1 d' 1 Y d' A A 1 =
Average NUAIAAAAADUNDUYIUIN q 1IDLTUNIT MA(Q) mmmmﬂuiugﬂuuu
Y
Y o
M3 lanail
A
MA(Q) AD Yy = 8 + & — V1&-1 — V2Et—2 — " — Vq€t—q (2-39)

A

Tagd & Ao AR

=D.

A a J w A . A .
Vi A8 WITTUADIAIN j LUD j=1,2, .., q

& A9 ANNUAAIAAROY B 1A t

(2

4
1uﬂ§ﬂl MA(I) ﬁﬂlﬂhliﬂmlﬂuclugﬂll‘ﬂ‘ﬂﬁﬂfnﬁﬂ\ﬁnl
Ve =6+ €& —V1&1 (2-40)

=

° < 1 )
Taoimuald |y, | < 1uaasldniundoyasynsunalinuauiiang

Y
Tunsal MAQ) ansoweulugiluuuannisaail

Xt =0+ & —V1€—1 — V2Et—2 (2-41)

o <3 1 o {
Tao  dwuald |y, — p,l, [yl < Tuassldiiundoyaoynsunatinuauiiand
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I [l 1 $ o
NIZUIUNT Integrated (I(d)) LﬂumimNamwmmgﬂimamizwfm"ﬁ'ayaﬁnm tNU

v v 9
doyadounasly d munal nuusiaes ARIMA doslddeyaniinuantiansiimniu

Yy 9 = wa

] A 9 o A Yy o A 1
f]ﬁlf)igauﬂﬂ‘!ﬁwﬂﬁuluﬂﬂﬂﬂ3Gl’é]\ﬁ/nﬂﬁlfﬂaﬂuﬁlﬁuﬂﬂ!ﬁwﬂﬁﬂﬂ‘ﬂﬂ@uiﬂt’JﬂTﬁ‘VHNaﬂN

[

v & 9 9 ' v o A = 2

ﬂl@ﬂﬂlﬂya@uﬂﬁmﬁm Tﬂﬁl‘ﬂ?lllllla'lﬂzﬂﬂﬂw']wa@l'NﬂuWUCVI d 91N TNVYUTUNITAIU
A

I(d) AD Agy: = Dg—1 (Ve — Vi-1) (2-42)

[

Y
Tunsal 11) ennsaenlugluuvaumsai

(D) A0 Ay, = y; — yp—q (2-43)

@

Tunsal 1) awnsaeulugduuvaumsai
12) A9 Ay ¥ = Ay — Ye-1) (2-44)

NNTLALBIAAI ) NNANT AU TIUAI 9 NINTATINAUTINTDAHUA

JUuUVYeVUTIA0I ARIMA(p, q, d) 7D

Taeh

Agye = 6+ B1Yeeq + BoVe—a + -+ BpVe—p + & — V1Et—1 — V2Et—2 — *** — VqEt—q (2-45)
A 1w =
Ve ﬂ’ammmmcluwﬂsmaam t
p A9 BUALUDY Auto Regressive
q A9 BUAVVDY Moving Average
5 R RGN
A =
t Ao naaula
A, A0 WAANOUALN d
a 4
B ﬁ’f] NITIUADIUDY Auto Regressive
a 14
Y ﬁi’) NITIULRDIUDY Moving Average

& A9 AANUAAAAADY B 1A t
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[

Y
aregugy Tunsdl ARIMA(, 1, 1) %30 IMA(I, 1) enwnsoenlugiuunaunisast

Ve —Vi-1 =0+ & — V161 (2-46)

[

Tunsal ARIMA(I, 1, 0) W30 ARI(1, 1) enwso@enlugiuuuaumsasi
Agye =a+pBAy,  +é&
Ve — Vi1 =@+ B1(Vee1 — Ve—2) T & (2-47)

[

Tunsal ARIMA(L, 1, 1) dwsosulugdunuaumsail

Ve = Vee1 —Pr(Vec1 t Ve2) = @+ & — Vg&eq (2-48)

[

Tunsal ARIMA(0, 1, 0) asoeu lugdunuaumsail

Ve = Ye-1 = & (2-49)

v d iy [ .
2.6 BNWOIAINIABIINTAT Y (Support Vector Regression: SVR)
o P P o A ~ & o ¢ P ~
FNWOTANNADTINTATU  VUUIAANUFIULININFNNOTINADSLUFTU (Support
. R Q) ax A Yas A o o Y 9
Vector Machine: SVM) B1ilu3smsi 143smananeame iniguanyuz nanvosdoya SVR
2 lFanma@ednuny SVM uauanandnundszannisiinllldau & svMm azldlums

° 9 < ' ' 9 sAq Y v g ° a X d
muuﬂﬂmya@amﬂuﬂqn @9Uu SVR i]%GlGIfGl,‘L!ﬂﬁWMﬂfimﬂGl’HNﬁﬁW‘ﬁLﬂumﬂliﬂu%uﬂiﬂ%ﬂlﬂu

] [
a =

J { A ] 1 s & o a A
ﬁd%ﬂ1ﬂn1ﬂ1uﬂﬁwEnﬂ‘mlﬂmmeﬁjanaﬁnﬂﬂiﬂﬂﬂwmﬂﬁwmﬂimmﬂmaﬂlmuju%ﬂ3J

A A A

mmumﬂu”lﬂ"l@mﬂmsl”lwﬂauﬁ@ 75n15 SVR ﬂﬂﬁﬂﬁﬂu’ﬂu!ﬁ ’ﬁi1ﬂ"llf]‘ﬂl,"llﬁ g’l ’L:fﬂ
2

Q

< A

GL‘VIﬂ‘]JﬂTiE]ﬂﬂ@ﬂiﬂﬂi%ﬁﬁﬂﬁﬁuﬂﬁﬁﬂ]LﬁEJLﬂ‘Llﬂ?ﬂ’ﬂiJNﬂ‘WﬁW]%ﬂﬂuiﬂqﬂ‘%’ﬁﬂlﬂﬂlﬂlﬁuﬂzﬂé

mﬂ“luummmmmmqag HRUMNSeUNeULUIAAUDY SVM LA SVR Llﬁﬂﬁﬁﬂgﬂﬂ 2.23

o 4 4 ~ o 4 o @
. FWNBIINADITUNYTU V. FUWDIANNDITNTTBU

TJ‘I?] 2.23 mamwwwmnﬂmamm%uua %WWﬂiﬁlﬁﬂLﬁﬂiiLﬂﬁﬁ%u
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[ v
A A

9 9 I a g ' A A
ﬂ15ﬁ§1§m@ﬂlﬂ]¢]%ﬂ%q@ﬂl@ﬂ SVR 5]3{15111/1\‘1ﬂ‘]ﬂlﬂ'lﬁﬁﬂllﬁﬂlﬂﬂﬂ'lﬂ’ﬂﬂNﬂ‘WﬂTﬂVI

o

D-Qe

Jd o = 1

@ YR dy ' a A Y a & . .
Elﬂlli'ﬂUlﬂ“IN"’IJ’E]'UHJG]‘LH]%ﬂgﬂ1ﬂiuﬂinmﬂ1‘ﬂlﬁﬂﬁ]iﬂ FININTFUNIZITEN “Epsilon Intensive-

Loss Function”

{ o s o o
qﬁlﬂﬁ 2.24 99ULU¢ E-Band ﬂlﬂﬂ%WW@iGlL’Jﬂlﬁﬂi%Lﬂiﬁ%u

k2 v v [
11031 2.24 WuRszrnaduisena 2 iduisondn &-Band (Epsilon Band) dut5iidlu

masiadmiuszyanuianainludoyailnaoune yadoyanoguen &-Band d1uyaioy

Ll

1 a <
melu €Band vz TmanuRanaailugue

o 4 4
s mualdyadoyafnaeu {((x.y).....(x.y)} C X xR 1o x; Aonnmeivoya

Q QU

A v J A o 9 Y v W J A
y; ADHAANDLAS N ABVTIUIUVIUANIYINA aanya (-, -)yAod dot product Tu X !ﬂTI’TiJ'IEJGU’EN
A Y d' Y d' 1 o [ 9 2 1 a Y
SVR ADAUN f(x) ‘1/]11’7?]1 € uNNFANAI1 y; ﬁWWiUm@yjaNﬂﬁ@ulLa%ﬂ’lﬂ'ﬂﬂJNﬂWﬁWﬂ@@\i

ten'lufu € wie SVR iEluduasal¥aun1saatl (Granata et al., 2016)
f(x) =(w,x)+b (2-50)

Tagaoansal [|w||2 Mieefiga dunsawlaninagums

vi—(wx;))+b<c¢

.1 2 .
minimize = ||w|| subject to
2wl J {(W, x;)+b—y; <¢

(2-51)

~ I ~ a a0 Yy A [ g’/ < =
aumsh 2-51 Wuaumsnanuan £(x) Inlnafeany (x, y) Mauua Tumueda

9 '
Foyaninunoglu &-Band lunsdinlidoyasgueon €-Band ansa@euaumsIdeglugives

U U

[

Slack Variable (§;, &) 92 19aunsaail


http://www.oocities.org/electeens/dot_product.htm
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yi—(w,x;)+b <e+¢
minimize %IIWIl2 +CYE (& + &) subjecttod (w,x;) +b—y; S e+& (2-52)
§&,6/=>0,i=12,..,N

A A S 901 ] A3 a A o 1 9 A o Y A
WO w ADNINIABDIDINUINUN Lag C ‘ﬂ’f)L‘]JUW"Iﬁ'lﬁJLﬂ’E)ﬁVlﬂ"lﬁuﬂﬂ"lL’f)']ll'J WM UIN

1 91 A A A = I (% Y a ] ] A
ﬂ'J‘U?;I?JﬂWGlGIf‘ﬂWEJGluLiJ@ﬂJﬂ15WEJ'Iﬂ5ﬂ!NﬂWﬁWﬂcﬁﬂlﬂuﬂﬁﬂﬂﬂﬂﬂJﬁlﬁﬂQTNNﬂwa'lﬂﬂgﬁluslnﬂ‘ﬂ

=

o Yy 9 ] o a A~ o Y = [ X 1
Elﬂlljllvlﬂ D1C>0 ﬁ]glﬂuﬁjﬂj’]uﬂj\lﬂj'lllNﬂwa']ﬂﬂﬂﬂlliﬂulﬂsllﬂ\i SVR 99N159AN1TULTENIAN

9 v
“g- Intensive Loss Function” A4UUA ||, o311 lddaaunsh 2-53

€l D= (-53)

|é] —e otherwise

o A Jaxy J T A
UIFUNITN 2-52 N]icﬁj‘ﬁﬂﬁlﬁﬂmllﬂﬂa']ﬂﬁ@\jfﬂ (Lagrange multiplier method) tW@¥i1

Jd v [
WINFUNTDADD8UDI SVR TAAIaung

N N N
1 -
L=l + €Y (6 = D e 4D = ) e + 6 = yi + w,x) + b) (239
i=1 i=1 i=1

N

=Y @i E + = wx) = b)

i=1

A a A v =
aums 2-52 doaiiNoulv a;, af, n,nf = 0 tegwIOYWUSVRS L iReuaio w, b, &; uag &

naadldasanns
oL N )
o = W= Xita(ai —a)x; =0 (2-55)
aL .
T i@ —a;) =0 (2-56)
aL * *
2e™ — C—a;—n; =0 (2-57)

UNUAAUMNT 2-55-2-57 Tuaums 2-54 2214

1 * *
—52%=1(ai + ai)(a; + af )(x;, %))

—¢€ Z?:l(ai + (Z:) + Z%:l Yi ((lj + (I;)

N , N =
lel(ocl*+ a;)=0 (2-58)
a;,a; €[0,C|

maximize subject to {
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v Y
@euaunsn 2-55 1 lnuasaumsae liil

w =il (af — a)x; (2-59)

[

22 1dauns SVR lumsnensaingil
fl) =2 (af — ;) (x;,x) + b (2-60)

A x A o s B o 3 Ao o & 1 QY1 A A
W9 a; Hag a; ADAINULUVAINTDID C wWudwuaumasndmsuduam lsoneiol
Y a a dy Y a d Y 4 J s % 1 d' ] [
UVBHRANAIALNAVY ﬂWE]‘L!‘V!G]L'Jﬂm@5L°]J1l“]f‘WWE]§G]L'JﬂLG]E]§i]§53Jﬂ1 a,a; >0 ﬁ'JUTIUliJGl,GH

o ¢ sA .
FUNNOIANINADIND a;, a; = 0

2 v ~ @ S v A ¥ A ¥ Ao
UDNINNU SVR mmﬂ@imaﬂﬂﬂ%umﬁ 9 Glﬂlaf]ﬂclclf\i'lu!‘v\lﬂﬁi'l\cl SVR Nny

A a P ¢ 7o !
ﬂigﬁﬂ‘ﬁﬂ']wsluﬂ'ﬁ‘wEl'lﬂimiﬂﬂa'lm'liﬂcl%ﬁhﬂ’ﬁ 2-60 Llaggﬂuﬂﬂlﬂﬂﬁluaﬁﬂﬂ%uuﬂﬂﬂ’N 9

aaandluasiean 2.7

fx) =3 (af — a)K(xix) + b (2-61)

Lﬁ'ﬂ
b=y, —(wx)—¢ (2-62)
b=y —(wx)+e (2-63)

~ 4 s A Y [ @ 4 o @
A15197 2.7 wesuaangun ¥ N U NeTANNAD I INTFEY

Kernel K(xix)
Linear x!x
. . . 2
Radial Basis Function exp (—y||xi - x|| ),y >0
Polynomial ((x; - x) + )¢
Sigmoid tanh(y(x;x)+n),y >0
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AANAUNUT (Correlation) L‘]Juﬁﬂﬁﬂi%tlﬁ@ﬂi%ﬂﬂﬂ?'lﬂﬁﬂwu‘ﬁ5314’31\1@]’3!,&]5 1

o JdA o

o ~ J 1T W a £ o v J a
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VYUIAUDIANUTAUNUD ’1]$Gl“i,)'j§lﬂtﬁﬂlﬂlﬂﬂﬂ1ﬁﬂﬂi$ﬁﬂﬁﬁﬁﬁhwuﬁ i%j'lﬂWﬁll‘]Jig’ﬁ“V]‘ﬁ

e

4 [ 1

] v I A Y Y A = = o o o S 9
ﬁﬁﬁ'llwu‘ﬁllﬂ'WILGUflﬂﬁ -1 90 1 uammﬂﬁnmmauwuﬁﬂuiuimum Lm‘l’ﬂﬂllﬂﬂ"lﬂélﬂa

U

Do,

a 1

= = @ v Jo [ 9 A (= o Y] [ a
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v r'd
A15199 2.8 Mindarasdulseansandunus

M R (MINAMUINUazay) SZAVUDINNNANWUE
0.90 - 1.00 Nanudunusnugann
0.70 - 0.90 Hanwdusiutnuluseauge
=\ [ v o [
0.50 - 0.70 Tanuauiusnuluszauiunans
0.30 - .50 Nanudunusruluszaud
0-0.30 Nanudunussuluszaudn

1 v o o Y =
AMANTUNUD (R) mmmﬂmam'lmmﬁnmm (2-64)

R — nZ?:lxiYi_Z?:lxi Z?:lyi (2‘64)
J[n2?=1 xiz_(z?:lxi)z][n Y, yiz—(Z?:l yl’)Z]

A 1T o a £ o o J
T@]EJ R Ao MaNUseansAnaUNUT
= ° 9
n A9 TUIUVDYA
A 1 9 a
Vi A9 ATUVDIVDYAVIN
A 9 ~ o
Xj D ATVDIVDYANNYINT N

27.2  M5InfaeIveIANNAMIANaUNAIaIINal (Root Mean Squared Error :

RMSE)
' dl d’ o o d' 9 a a
ﬂ151ﬂ1/1ﬁ6\1ﬂlf]\1ﬂ’311|ﬂﬁ1ﬂlﬂﬁﬂuﬂ1ﬁﬁﬁﬂ\1ma‘c’li‘]ﬂﬂﬂ?‘iﬂﬁmiﬁ!ﬂ'ﬂﬂWﬂWﬁ1ﬂ1Uﬂ'ﬁ
o Y A Y = 22 1 o @ % Y
WEJ'lﬂimGU@\?IlILﬂa D111 RMSE  g3UDYHNUIYDINTITWYINTUYILN U 1uﬂ1ﬂﬂaﬂﬂuﬂ1ﬂ1

A J a A Ja o
RMSE ENlI'lﬂ“ViiJ']EJﬁ\?ﬂ'li“l/\lﬂ1ﬂimﬁﬂ§$ﬁﬂﬁﬂ1wcluﬂ1iwEﬂﬂﬁﬂ‘lWﬂWﬁ'lﬂ’(;f\i mmmmuam"lﬁ}

Y
aaaumane lji
T:—0; 2
RMSE = /Z(T) (2-65)
A A ' 9 a
e T, flo AUpItoYADIN
A ' 9 A P
0; flo AvestoyaineInsol
A o D) o
N flo SuudoyanINUA
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%’ayaﬁ X, X, Y
1 0 0.270 1.81
2 0 0.246 434
3 14.4 0.190 1111
4 44.7 0.156 28.13
5 138.6 0.171 43.42
6 96.2 0.213 27.83
7 91.5 0.214 27.83

mM317 2.10 shedadeyanadeniilFlumsiend

%ayaﬁ X, X, Y
1 0 0.280 18.33
2 83.9 0.236 14.81
3 0 0.219 35.21
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Fouaf ANN GLM SVR
1 1.830 8.004 7.872
2 23.159 28.309 11.099
3 2.380 2.094 8.757
31971 2.12 WA AuRde HARAUBIAIEITBYATIINUAIVEI THIAD ANN
Howai Y Y’ ANN ANN" | Y*ANN | (Y-ANN)’
1 18.33 335.99 1.830 3.35 33.54 272.25
2 14.81 219.34 23.159 536.34 342.98 69.71
3 35.21 1239.74 2.380 5.66 83.80 1077.81
HasIN 68.35 1795.07 | 27.369 545.35 460.33 1419.76
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n2i=1 xiYi_Zi=1 xi2i=1 Yi

7 J[n2?=1xi2—(2?=1xi)z][n2?=1yi2—(2?=1yi)z]

RANN

3(460.33) — (27.369 * 68.35)
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15797 4.3 mdulszans anduiug lundazueanitnduesaniil M145s
ueAn3iaf NDVI, D, N, R, Q,
NDVI, 1 0.079 0.698 0.107 0.326
D, 0.79 1 0.172 0.843 0.502
N, 0.698 0.172 1 0.145 0.316
R, 0.107 0843 0.145 1 0.67
Q, 0.326 0.502 0.316 0.67 1
1519 4.4 rdualszans avduniut luudazueaniinduesaniil M173
ueAn3tn NDVI, D, N, R, Q,
NDVI, 1 0.101 0.717 0.098 0.408
D, 0.101 1 0.164 0.296 0.081
N, 0.717 0.164 1 0.221 0.335
R, 0.098 0.296 0.145 1 0.536
Q, 0.408 0.081 0.316 0.536 1
1519 4.5 mdualszans avduniug luudazueaniinduosaniil p1
ueAn3tn NDVI, D, N, R, Q,
NDVI, 1 -0.631 0.95 -0.485 -0.146
D, -0.631 1 0.245 0.858 0.534
N, 0.195 0.245 1 0.234 0.432
R, -0.485 0.858 0.234 1 0.666
Q, -0.146 0.534 0.432 0.666 1
157197 4.6 mdualszans avduiug luudazuean3induesaniil Psa
ueAN3tn NDVI, D, N, R, Q,
NDVI, 1 -0.651 0.197 -0.551 -0.087
D, -0.651 1 0.210 0.896 0.463
N, 0.197 0.210 1 0.213 0.436
R, -0.551 0.896 0.213 1 0.568
Q, -0.087 0.463 0.436 0.568 1
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4.2 mInaaevlszansmn
a a ¥ Y o AR A o A
mMsnaaevlszaniaimvssnsaianisaiiim laglyoanssnuniuausno ANN-
= [ (% Aa K 1 =) a 9 a a
GS Wssumeunueanosny Iasaviedsza ey n1snaaeaFudy 1unasi3ul 1uaam
9 Y] & @ 4 = o 4
WuTaeiena1yd tagdnnosannaoIsnsasy Taguaaanan1snaaoUaINIAUNAIT
=) % g
N1TUIAY
- MANEeIUINNINARIAAABURIIADURAY (Root Mean Squared Error:
d' a 4 1 d'd 1 d' 'o 1 =
RMSE) iouaadsnnuAanalalumsaianisaived luma a1 RMSE N6101192 M8
szansmmnannvedluaa
LY a Q‘{ [ @ 4 4 [ @ 4
- MUY ANTANTUNUS (Correlation Coefficient: R) NOUEAIANNTUNUT
1 [ d v 1 d‘ 9 d 1A Y Y] J o =
serafateveamsmamsalinuANIHeNADINITAIAMITE NUANNFURUTAUUINKTD
Y v ~ U = a a A 1
1oy A1 R NFINIanIdalszansnmnaniivedluaa
1 4 9°/ 1 Sldda! 1 Aax Aa I o
- mmsmamsaiim ldavund13FMsLULAN (ANN-GS outperform) 11/1n15151
] Aas A o Aa v ¥ 4 I < a
A1 RMSE v0335msininaue luamiteline ANN-GS tegiloiiduvesanuianainly

2y 1A ~ o [ a2 4 o [ dy
ﬂ'l‘iﬂ'lﬂﬂ'l‘iﬂ!u’]‘ﬂ']‘1/]1?!}6Ela\‘liﬂflllldﬁEl“]JlfVlﬂﬂﬂﬂjhlﬂﬁﬂ'lﬂaaﬂaiﬁllsu Iﬂﬂﬂ'lu')ﬂﬁ]'lﬂ’g@]iﬂ\‘lu

ANN — GS outperform = IRMSEqcher _RMSEANN-Gs o 10 4-1)
RMSE,ther

1110 RMSEquher 10 A1 RMSE 904 101A0100an03 NN 9

RMSEann_gs A0 A1 RMSE ¥041u1Aa91n9ane3Nu ANN-GS

a 4 < a a 1 [l
- PNITINALYANITU Overfitting HJUﬂ'lillaﬂ\iﬂﬁga‘ﬂﬁﬂ’lwmﬂ\jiulﬂaj’lin

v 9 A

a 1 1 a o A
?HllTiﬂGlﬂafwl@%}i]ﬁ\‘lﬂ‘]ﬂlE]ll’ﬁ‘1/]lllll,ﬂEJLi]E]iﬂﬂE]‘LlL‘Wﬂgﬂﬁlﬂmﬂiﬂﬂ1im Overfitting ﬁ@mi{]ﬂﬁmﬂ

U

I~ 1

o @ 4 o Y % I { 1
Tuearhaunudeyayarnaoulda udlemnunugadoyanadonaailudoyain lumeny
' 1 o Y o ES a . =K I Ao o v av
wnouTea ldawnsosianld auiulywinisimae overfitting Judlulymindidny 1n3de
= Y Y 9 A @ a . ax ] am
Widanuauladuahalumaiiofoanunisifa overfitting ¥a1nHa1835MT 19U T3
o a . Y, D) D) ' =
Hoanunsina overfitting #2813 Tuaa Iaens lagadoyansivaonluszninamsinaou
A ¥ a A 2 P
Tuaa tedpranaIAEULINTUIZHgANTANAOU TUAA (Lang et al., 1990; Doan et al., 2004)
] I A o Y ~ v W 1 =
m3uiseeniluraly o garneihminadunusznInnsAndoutazmInade luaa
. . . v a 9 = A ¥ = ~
(Haykin, 1999; Piotrowski et al., 2013) M3 gmatianisanveyardnaouionvoyannaoun
anganldlunmsadnluaaiiofosunising overfitting (Hindi et al., 2011; Sun et al., 2014)
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@ a . a a Y =2 9 v =
M3IAMIIAA overfitting szanTMwvedTuaaludeyarnaeuuazvoyanadeudeil

A1 RMSE liuanaanuinu 35% auana1eanuiny 35% Asnisina Overfitting

|RMSEtrain_RMSEtest|
RMSEtrqin

Overfitting = ( X 100) > 35 4-2)

1110 RMSEpqin  71® A1 RMSE ¥04 Tuaaningadoyainaou
RMSE; ¢ flo A1 RMSE v041uiaaangadoyanadow
A A a { A <
- asdszdmiulszansamlagsunnnsannnnividu Iaslumsnasanivlag
VA 4 @ a K 1 = [ 1 a £ A
HAAIAINAIANIANINDANDINUA ) nisuMeunumas ludeyaganadon oA 1NN
d %’ 1 U 4 %’ 1 1 'o
Tumsamamssianimaeslumanansomansaiiim ldnsounguargs nate a1 14

A A a @ J a
ma"lmuammmum%sq

421  wamsnaaoIntoyaanIil M145
~ ~ = <3 1 Aax A o
VINAININ 4.7 UAAINAMITNATBUNADIH M145 9211 UINITNINUUTUD ANN-GS
[ 4 . 9 a Aa aa E) A ~ v W a KR
luiRamgnisal Overfitting wazldse@ninmangaludoyanadouloounudanainy

au o Tagl¥an R 1A1 0.874 a2 RMSE 11 0.599 Tuiaa ANN-GS uaaliifiuneannsans

P
T a2

s ¥ A v A ~ o .
ﬂmmimummﬂmmﬂim@aau g llﬂtzjf\‘l’(,:fﬂ 40.9% LiJ?J!lI%EJ“UL“WEJ‘UﬂU SVR-Linear Tuma

ARIMA 141528 TMINT09a901910395 ANN-GS N UaUD #an1snaaoananiil M145

v ]
= ! =

uaaudunsldaasUn 4.4 tasuaasanimiinues ANN-GSlanagilil 4.5

U U

Q15199 4.7 HANSNATBUNTDIY M145

Y o Yoaarnaon To3anaaoy ANN-GS
2aN9INU Overfitting
R RMSE R RMSE outperform

ANN 0.623 9.083 0.750 7.878 23.9% 13.3%
SVR (linear) 0.515 10.856 0.612 10.143 40.9% 6.6%
SVR (RBF) 0.528 10.783 0.629 10.088 40.5% 6.4%
LR 0.534 9.785 0.667 8.166 26.5% 16.5%
ARIMA 0.684 8.460 0.832 6.184 3.0% 26.9%
GLM (identity) 0.534 9.785 0.667 8.166 26.5% 16.5%
ANN-GS 0.713 8.224 0.874 5.999 - 27.1%
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1 o 1 a o { <3 1
M3f3uNguAIMIANTAIasA1939A931N 4.6 911U ARIMA 1Az ANN-GS
o 1 A Y J A 1 3
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thﬁ'liJ'liﬂﬂTﬂﬂ'liﬂ!uWVnVl%ﬂﬁ\? 9 Vlﬂ Tuea LR 1iag GLM Nﬂ?iﬂ"lﬂﬂTiﬂlu"m"lulﬂJalﬂﬁlﬂEN
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[ 1 a g’/ 1 ° < 1 Jd %’ 1
NUAITINNAIFILAS A %zmu"lﬁ’aﬁ%mi Huaueo ANN-GS U915 lumanisalaidiim

v Y A

Y o = S Yo 1 ~ v W as A 1 ~
lanfsmnmganaza snnsduiuladan Idaeeunusanesiuou o ualull

RMSE t1ag R (M145)
ESSSS train R EEEEEE test R ——h— train RMSE =-=x==test RMSE
100.000
10.000 ==t e ————————%—
e i S - aREEE
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0.100

Bias
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317 4.5 ANV ANN-GS fiaa1l M145
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A13197 4.8 HANMINATOUNTD M173

Y o Yoyarlnaon Yoyanaaoy ANN-GS
2an9InNu Overfitting
R RMSE R RMSE outperform

ANN 0.578 66.271 0.579 85.412 8.7% 39.9%
SVR (linear) 0.654 | 66.636 0.638 84.999 8.2% 27.7%
SVR (RBF) 0.613 76.163 0.667 95.06 17.9% 24.1%
LR 0.565 66.334 0.438 87.161 10.5% 31.4%
ARIMA 0.628 60.591 0.599 106.606 26.8% 75.9%
GLM (identity) 0.565 66.334 0.438 87.161 10.5% 31.4%
ANN-GS 0.643 62.981 0.633 78.023 - 29.5%

422  wamsnaasantoyaanitl M173

1INA3191 4.8 LaInanIInaaeINeadn1ll M173 eiia1sana R Iargagane luna

SVR-RBF Iag#l R 1A 1N01U 0.667 az luaa ANN-GS 1¥ainmianisaiaanuduius nua
A A A Ao ~ A A 1w
9395990917 W11 RMSE Uadigan luma ANN-GS Tagil RMSE Iaumini 78.032
A Aa A, o <3 1
Tutaa LR tay GLM 11152 @nsn1ms09ad 3505 ANN-GS Minauouaaalfifunainign
PR PV 4 A Y} ~ o A=
msmamsaiihm IaavunTueadu 9 1Agege 26.8% it ARIMA Tuinavesnnoanes i

1A o . 9 ~ =1 I Y o ~
luimamgnisal Overfitting ¥n13u ANN wamsnaassneaniil M173 naaailunsilaasgin
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1 SOl o U
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RMSE ttaz R (M173)

ESSSSSNtrain R B test R —a&—train RMSE ~ ==x=--test RMSE

Bias

é” runoff(T)

317 4.8 ANNKIIAYEI ANN-GS Naa1l M173
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A13197 4.9 HAMINATUNTINI Pl

Y o Yoyarlnaou Yoyanaaoy ANN-GS
2an9InNu Overfitting
R RMSE R RMSE outperform

ANN 0.88 56.467 0.87 68.876 4.3% 22.0%
SVR (linear) 0.78 78.06 0.84 82.882 20.5% 6.2%
SVR (RBF) 0.80 87.045 0.76 108.325 39.2% 24.4%
LR 0.80 70.932 0.86 72.047 8.6% 1.6%
ARIMA 0.82 76.253 0.92 66.864 1.5% 12.3%
GLM (identity) 0.80 70.932 0.86 72.047 8.6% 1.6%
ANN-GS 0.90 51.004 0.88 65.88 - 29.2%

423  wamsneaoanvoyaanidl Pl
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A13197 4.10 FaNITNATDUNAIT Pda

Y o Yoyarlnaon Yoyanaaoy ANN-GS
2an9InNu Overfitting
R RMSE R RMSE outperform

ANN 0.86 22.809 0.79 28.698 5.2% 25.8%
SVR (linear) 0.69 29.504 0.77 32.904 17.3% 11.5%
SVR (RBF) 0.78 28.328 0.77 34.437 21.0% 21.6%
LR 0.70 27.365 0.77 29.684 8.4% 8.5%
ARIMA 0.80 23.673 0.81 27.39 0.7% 15.7%
GLM (identity) 0.70 27.365 0.77 29.706 8.4% 8.6%
ANN-GS 0.83 21.441 0.81 27.197 - 26.8%

424  wamsneaodntoyadniil P4a
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gﬂcﬂ .2 ﬂ’]i@]\iﬂ’liﬁuﬂ Derive INBATINADAUUAUAVUDUADOU (num-month)

v { g o ! .
5) @W1509AANI num-month e §1uTaei1Tnua Table T y1si0THun Derive

3’/ @ a a 4 @ Il . [ 4
NNUUALIDanan lvua num-month NA run Lﬁauﬁmmamﬁ'@yja@ﬂ%zﬁﬂamju

P Y
num-month INNAUIUAAIAIFY 7.3

[ Table (19 fields, 168 records)

1 12540 JAN 52.900 0000  79.000 27.700 59540 123810 _ .9 [] 6 0415 0385  0.372 20.8..22.300249501
2 22540 FEB 0000 52900 0000 22370  27.700  59.540 0 9 0 0363 0415 0385 225..20.850223002
3 32540 MAR 11.800 0000 52900 24630 22370  27.700 5 [} 9 0278 0363  0.415 269..22550208503
42540 APR 57600  11.800 0000 37.470 24630  22.370 10 5 0 0274 0278  0.363 27.2..26.900225504
52540 MAY 52900 57600 11800 55870 37470 24,630 9 10 5 0201 0274 0278 207..27.200269005
62540 JUN 26.500 52.900 57.600 49.520 55.870 37.470 9 9 10 0.207 0291 0.274 29.1..29.750 27.200 6
72540JUL | 178700 26500 52900 113350 49520 55870 20 9 9 0141 0207 0291 282..20.150297507
82540AUG | 235400 178700 26500 114820 113350  49.520 22 20 9 0200 0141 0207 276..2820029.1508
9 92540SEP | 138.000 236400 178700 198530 114.820 113.350 16 22 20 0276 0200  0.141 269..27.60028.2009
10 102540 OCT 162.900 138.000 236400 233120 198530 114.820 8 16 22 0362 0.276 0.200 26.9...26.900 27.600 10
1 112540 NOV 19200 162900 138000 83400 233120 198530 3 8 16 0426 0362 0276 24.9..26.90026.900 11
2 122540 DEC 0000 19200 162900 38980 83400 233120 [} 3 8 0463 0426 0362 235..24.90026.900 12
3 132541 JAN 7.200 0000 19200 21320 38980  83.400 1 [ 3 0437 0463  0.426 228.2350024.9001
4 142541 FEB 0.000 7.200 0000 13560 21320  38.980 0 1 0 0356 0437  0.463 239..22850235002
15 152541 MAR 8.700 0.000 7200 26400 13560  21.320 1 0 1 0268 0356 0437 27.9.23900228503
16 162541 APR 36.900 8.700 0.000 55.010 26.400 13.560 3 1 0 0250 0.268 0.356 30.4...27.95023.900 4
17 172541MAY | 181400  36.900 8700 52820 55010  26.400 17 3 10 : 1...30.400 27.950 5
18 182541 JUN 90400 181400 36900 24570 52820 55010 1 17 3 .. 30.150 30.400 6
19 192541JUL 126000  90.400 181400 42960 24570 52820 12 1 29.95030.150 7
20 202541AUG | 189200 126000  90.400 78040 42960 24570 22 12 28.15029.9508
21 212541SEP | 168600  189.200  126.000 122470  78.040  42.960 13 22 .28.40028.150 9 =

o vy Aa
.3 AIDYWNUDNANUADAY

U

€
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6) a1 lnuA Filter @ 11619 11 U@ Derive 1odanoaniin lildusen lag

[

a dy F) %’ %’ ] ) S A 9 [
N1UA ﬂu%%ﬁl‘ﬁﬂlﬂgﬁ HWJ‘H I mmmumluﬂﬂ NDVI niangouviad 1 a2

1 2 A o ]
Lﬁau (T-1, T-2) GI’JLWU“II’ENL?]@H Lla$ﬂ1lﬂ11’m1ﬂﬁﬂ WIMNan T LaadnIndgens

9
A9A1 11U Filter A931 n.4

J Filter

X

Fields: 20 in, 8 filtered, 0 renamed, 12 out

year

month
rainfall(T)
rainfall(T-1)
rainfall(T-2)
runoff(T)
runoff(T-1)
runoff(T-2)
day-rain(T)
day-rain(T-1)

Filter
3>
X
X

P

year

month
rainfall(T)
rainfall(T-1)
rainfall(T-2)
runoff(T)
runoff(T-1)
runoff(T-2)
day-rain(T)

day-rain(T-1) ~

Field

@® View currentfields  © View unused field settings

(o) (e

_aopy | | Beset]

' ! y o a 9 { s
7) @amnlvua Type @ ndolnun Filter il Muuaytiavodtoyaiaoninily

23

wunla myuaraainm

9
gﬂ 1.4 70819137971 1M UA Filter

v
1A

3 i g
A1 T (runoff(T)) 11U target Voyadwilu input uag

v J I @ 1 y v
ABANY row 11/1 nonelt@AIAIBE1INIAIA THUA Type A3 N.5

X

Field

5 rainfall(T-1)
& rainfall(T-2)
3 runofi(T)
3 runoff(T-1)

runoff(T-2)
g day-rain(T-1)
{3 day-rain(T-2)
g‘} SMN(T-1)

W oramior oy

Measurement

& Continuous
& Continuous
& Continuous
& Continuous
& Continuous
& Continuous
& Continuous
& Continuous
D Aot

Values
[0.0,427.5]
[0.0,427.5)
[0.0,88.39]
[0.0,88.39]
[0.0,88.39]

[0,24]
[0,24]
[0.123,04...

mannn 4

Missing

Check Role
None N Input
None N Input
None © Target
None N Input
None N Input
None ™ Input
None N Input
None N Input

..........

@® view currentfields  © View unused field settings

Lok (canca)

(aopy | (Beset)

9
71 n.5 A29619M1309A1 1M UA Type
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o Y5 1 Z a
8) anlvua SVM 7 uag Genlin = 1160 IMua Type 11nUUAGAUNLSAGDN
. 2 i < % ] $ I~{
run Tuuaag Tvueazinaluaanduzimessanes uaasdiedraluaanilugll

masaneslugi n.e

~ / \ 4 \ ‘ y \ o &N S
G- -.-@ o o
EE + > > — -A> runoff(T) runoff(T)
Train-P1.csv num-month Month+Year Filter Type \

-

runoff(T) runoff(T)

A

71 n.6 Areg13 Twaanugimssanes

U

' ? 4 ) s Y
9) mﬂT‘Viuﬂ Merge & lﬂﬂ'ﬂiﬁuﬂLwclfﬁaﬂﬂﬂﬂﬂﬁ@ﬂlﬁﬂ‘Dgl‘l'lwaﬂ'ﬁﬂ']ﬂﬂ'ﬁmu’]ﬂ']

I o
Y93 SVR 1oz GLM msaniludeyayamedn uaaalvua Mergelugal n.7

G Lar é—\\"-:—-; '7

>/ =)~ 5/ s runoff(T) runoif[T)\_z—:
b
Train-P1.csv num-month Month+Year Filter Type \ Y
v
e _ | el Merge
= = 4
runoff(T) runoff(T)

31U n.7 made Inuamysaneainluua Merge

g’; [ o [ 4 4 I~ oA =1
10) ERGRLTSTS Merge Tagazmvua key Aonadul row WiatluanlsSoumeunis

9 Yy 9 = o o Y 1 o o 1 gIJ [
TIVUVDYADIVDYALUDUNUDUNUISUIVDYANIADNU LTANNIDYIINITAIAT key
] d2 o o D) A < Yy 11 ¥
Y99 141 UA Mergeiugﬂ .8 mﬂuumaﬂﬂaanummmauﬁamzmu”l%’"lmm AIUIN

a 1 ’.f 1 H 4
959 (runoff(T)) A1UININAIANITAIIN SVR ($S-runoff(T)) taz31n GLM ($G-
g’/ 1 [~} % ] g’u U I~

runoff(T)) Tae@13150a39A1 1UUNY Filler LEAIAIDEIINITAIAUINY Filler V09

Trua Mergelugil n.9
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QD Merge X

) elelD
Merge 2 datasets. Merge method: Keys

nouts.

Merge Method:

Possible keys: Keys for merge:

day-rain(T-1) row
day-rain(T-2)
Month+Year
num-month
rainfall(T-1)
rainfall(T-2)
runoff(T)
funoff(T-1)
funoff(T-2)
SMN(T-1)
SMN(T-2)

B8

¥ Combine duplicate key fields

® Include only matching records (inner join)
© Include matching and non-matching records (full outer join)
© Indlude matching and selected non-matching records (partial outer join)

© Include records in first dataset not matching any others (anti-join)

Leomy) esn)

9
31 1.8 4708191130371 key V03 1M UA Merge

Merge
\) ¥ Generated model nodes
o (2 |

Merge 2 datasets. Merge method: Keys

Fields: 26 in, 23 filtered, 0 renamed, 3 out |

Field Tag Source Node ~ ConnectedN..  Filter Field
rainraingi-1y 1 1rain-+1.csv runom | ) .= -1
rainfall(T-2) 1 Train-P1csv  runoft(T) e and %-2)
runoff(m) 1 Train-P1.csv  runofi(T) —
runoff(T-1) 1 Train-P1.csv  runofi(T) >
runoff(T-2) 1 Train-P1.csv _ runofi(T) >
day-rain(T-1) 1 Train-P1.csv  runofi(T) -3
day-rain(T-2) 1 Train-P1.csv__runofi(T) K>
SMN(T-1) 1 Train-P1.csv  runoff(T) x>
SMN(T-2) 1 Train-P1.csv  runofi(T) x>
num-month 1] Train-P1.csv  runofi(T) 3
Month+Year 1 Train-P1.csv  runoff(T) K>
$S-runofi(T) 1 Train-P1.csv  runoff(T) e
rainfall(T-1) 2 Train-P1.csv  runoff(T) e
rainfall(T-2) 2 Train-P1.csv  runofi(T) >
runoff(T) 2 Train-P1.csv  runof(T) 3%
runoff(T-1) 2 Train-P1.csv  runofi(T) X
runoff(T-2) 2 Train-P1.csv  runofi(T) K>
day-rain(T-1) 2 TrainP1.csv  runoff(T) X+
day-rain(7-2) 2 Train-P1.csv  runofi(T) K>
SMN(T-1)_ 2 Train-P1.csv  runofi(T) >
SUN(T-2) 2 Train-P1.csv _runofi(T) _ar
num-month 2 Train-P1.csv lrunoff() -X—>
Month+Year 2 Train-P1.csv_  runofl(T) <L +Year
$G-runoff(T) 2 Train-P1.csv_ runoffT) —>  $G-runoff(T)

® view currentfields  © View unused field settings

(o) (cman) )

v
@ ] v 1 < .
qﬁj‘l] 1.9 $I9819N1TANALNY Filler GUENI‘HL!@ Merge

11) @10 11UA Type 1100 111UA Merge (NOMHUAA target AT input AOUIUYT ANN
v , o
Tagansnasa Inua Type nouind ANN lugi n.10
12) @10 1A Neural Net aonu 11ua Type AANYIUADN run 1 1HUA Neural Net
Y = 2 g A a J 4
wldmysanesrauiulunaves ANN inavna1lunisa1an1saives SVR a

GLM
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D Type X
#® oo
Ties Formal Amnotabons.
P ReadValues | ClearValues | ClearAll Values

Field Measurement Values  Missing Check Role
<& runofi(T) & Continuous [0.0,88.39] None @ Target
{# $S-runofi(T) & Continuous <Read> None v Input
{# $G-runaffT) ¢ Continuous <Read> None N Input

@ View current fields  © View unused field settings

(o] (o)

51 n.10 A3A1 Tua Type nou A1 ANN

] o o 1 @ X [
13) wnsagalunisnianisel Iagi 11ua Table MIABAUINTTTNDI FIVZUAAIA
o 4 1 a
Tumsmamsalvestoyageingon uag Tnua Analysis ilogainuAanaIaly
J ' ) o
mImamsaived luaa msas nuadimsumsaiieluaa ANN-GS uaaslugil
n.11
G

» = > >~y Eg_:;\ mnc"m\*\ =2 /q

7 = 4 funoff(T) / \
. 6» > 5 2 Analysis
Train-P1.csv  num-month Month+Year Filter Type \ -A> M \
Y .
Merge Type runoff(T) runoff(T)

N
© v
runoff(T) runoff(T) Table

31 n.11 msae Tnuadmsumsaiialuna ANN-GS

1A ¥ Y 1 1 A4 o '
14) ansaguidei luina lasdeyayanadouaodinine 11uaa1a 9 NenUHLAA1
Tdmiloudoyainaounouriudiluaa Tasuaaslugl n.12 awnsogarlums

4 1 a a H
AANITALAZAIANUAANAIATAIAANVINADA run N 1HUA Table Az 11U

Analysis

0-0-0-0-0—2 ¥
» runofi(T) runoff(T) /
N g Analysis
TrainPlcsv num-month  MontheYear Filter Type K= w
v S

@ il Y Merge Type funofi(T) funoff(T) [Ed
/M runoff(T) Table
Test-P1.csv  num-month Month+Year Filter Type

1 n.12 msnedeyayanadeuienadoy Tuma ANN-GS
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Development Model for Predict Runoff in Mun Basin
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Received 4 February 2017; accepted 1 August 2017

Abstract

In this paper proposed remote sensing using Normalized Difference Vegetation Index
from NOAA STAR, cluster value from k-means, temperature, rainfall, number of rainy days and
runoff to create runoff prediction model using Artificial Neural Network (ANN) and evaluated
runoff models with the R* and RMSE. The results show that the using of cluster value with other
parameters to create predictive models can enhance forecasting results. When using
Normalized Difference Vegetation Index with temperature value at lag time 1-2 month and
cluster value at lag time 1 month to create model with ANN, we have got the best performance

which are RMSE=0.09 and R’=0.743. The experimental results shows that remote sensing data

and cluster value from k-means can be used to predictive the runoff effectively.

Keywords: Remote Sensing; Runoff; Artificial Neural Network; Linear Regression

* Corresponding Author. Tel.: +669 9469 6164, E-mail address: arc_angle@hotmail.com
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wuuaaAn dnuidewanstuivssauanudusalu
msasrsuuudiaenivinlagly ANN
" -
S. Riad et al. [1] Anwn ANN ia8udiudn
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WNNINIEMsHUgIUIENTIASITENISanaaE
Tngldudsdunm 14 dafe Ysuaniruuay
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weremUTuUTeABunaildiu ANN ilaiiiu
UseAvBnmmsmanisaitiinasii

'luuuﬁi’aiauan'ﬁ'liﬁagaﬁmﬁau‘l@'\'ufi
Arnnsdrasverlnafedvilnanesitanssn
(NOVI) gaumgfi radawmasvisernsdnngs e
Hvin Snuuiiluan 910 K-means ileadns
Tuwnalumsaansaidnivinfiaonil M.145 &
WsBNEs 8.U1N199 2.UATIIVENN waziUSeuiisy
nansAanisaiiitdaensidnisiesisdnis
annay lngynmsuszdiudszavsnmnmsaanisal
TneldAn R? uaz RMSE

ao
2. AmsAnw
add 1
24 VIZ]‘UJ;]VILﬂEJ'nIBQ
2.1.1 n15AAsIzvinIsannesladustneing
(Simple Linear Regression Analysis)
n15iAsIEinIsannesidadusy1edie
Wuns@nwanuduiussewinaaesiiuls fvua
Wisuus X Wusudsdassidusuusinguen
suds Y lusudsmudusauysiilinsud aeq
fudsiifianuduiusiuludnvuzidunss (Linear)
a4 o '
dierhAn X uaz Y vany 9 Amawdsnuuunu X
v Y ' a o v
wae Y wdianidunsaiugaindenadlunsam wdu
P Y o ¢ ' ' o
psaianTuIzLanIAUdNNUS sy IR iy
o o 4 v da ' v
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zdsuwdaslumumiuys X Awes X wilsday
P - & ' ' a4 o w o
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Anzimanuduiusdeaninsavenuulliuues
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o ¢ o - v deial o
Fuiusvesfulsiiinu tdunsanfiigeasiinios
Wduien
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(Multiple Linear Regression Analysis)
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Y e o
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Anwnilinnimile enuduiusidliawnsold
msannedudusnsielumsinszild dmsu
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dduuay € Wurranuaaawdeulumsifiv
Foyandait i

mMsUsznaAnsfivesIEs M)
fuaunisonnesldudust1eingfenslaNonas
aaoﬁaa*?i'qm fz'iaauminﬂnam%ué'uwmamfju
fagfe Y= b, +bX +bX, il Aerlay
Uszina Tasannsadeuluzuveanindds
annsemanmes b lddi b = XX XY
Tog X’X desanansaniunindundulduazidu
wnsndauinasiifivun p x p lag p Aesuau
fudsdaszunmiliwarAvesandnlunuadio
Wunasuidaesesenlunsagndn

2.1.3 fivlinadnsiynssas (Normalized
Differential Vegetation Indices: NDVI)
Fuiinassfivwssauuuuesaladidud i

Wuanamsaiauntenauiaingn (Electromagnetic

Spectrum) B sa3AAUlnEB ISR (Near Infrared

Reflectance) futasndumuauiiuduns (Visible

Red Reflectance) Tagausatunld Tunns




107

RMUTP Research Journal, Vol. 11, No. 2, July-December 2017 41

Aseinsinsveslna (Remote Sensing Analysis)
Tae NDVI ilumseunamnidndiuvestasniud
Aertesiuiionssa lasthAamuuaneenis
aufouresiuii sewitsndulndduriuse fu
drepdunseaiudun uvhdnduiuAmaTy
vonhianstandy eufuliidudnuarnis
sEBULUNR Welinsuuswaviléiedu NDVI
fenlilumsasininauanysalvestlyl vie
fawssas dieUsuliudnfuiiivnasinsedi
fwssaddomuuiuantesiiivdla (6] NDVI
fifnegsewing -1.0 fis +1.0 U3nwsiiAn NDVI 8¢
Tutravituianduiuh vienaa luvsaad
fidn NDVI WnlndAn 0 uamsdeiudiiisiionsse
Adleatios wazmnAl NDVI SAd1lng +1.0 uans
feuiivfvddeaunagunn

2.1.4 TassngUszamiiisa

(Artificial Neural Network: ANN)

Tassvszamiisuduuuannufnd
fosnshireufiamesiinanuannsalunisifeus
wilouuywd laswneUszamiiendszaaulusag
iwnvaslnunuazdudonssrindvun aunsouds
Truaidu 3 seiuldun Tuualusuduna (nput
Layer) fidnnunhivitvuguaudd (Attribute)
fldasurstayaunazds Tnunludutaning
(Output Layer) #ifauiuviiudiuiungunse
’\?ﬂmuumnwwaﬁaqaﬁﬁaamﬁmun Tvunly
Fugou (Hidden Layer) lusaztidouensazifls
wnnndnt u i"mu‘ﬁv’uuam“wmu‘ivmﬂwfluagﬁu
deanuuu Tngfavaaavans 9 wuuLaIRITaN

el

Tuuulalivsgansaandiaiian
Tulassvrgaviiduennamninualudy
Sunaludmninualudugdounaziidul@ounin
ynivualududeuludwnivualuduioning Tu
. it P O
wiiazIvunaxiien Bias (b) iudouusiaiduliAmin
niin (Weight) msvivuvssusiazivuaiioulaiu

wadUszamluauosywd 1 1wad Sunmilding
umzdunninefvesnaauifvesieyaiiogne
i p=1[p, p, - pJ fidwu R asdUszney
(Redin) uaznwRSIMIN W = [w, w,, .., W]
ihdunmnguiuiwinvesusavidudon waild
ndunenng Wuidenvedluunaziomnsiuiy
wddssialudailsriduanelou (Transfer Function)
Fadmduanenwing a il £ Duileidudier
wihiisurdune n tewdeudusiening a M
©WINA a @nsAINANEYINA a [7] ldn
a =f(V|Cp +b)ilon= W, P +W, P, .t W, D
+bMuUNn=Wp+b

nsfumaniminvendudenusavduil
wminzauiihliaansaswundssanveseya
fegeiildaeu (Training Data) I¥gnieanniian
WunsaeulasaieuszamifisaliGoud e
dminaginisuFuaunitainuiawainas
Yevawieaglunusivivensy

FudndiyRedemsudl Weight dwiudedl
fosmsbilasaiieGeus Faudueiliviueu us
annsafmuslilassineuusmaniuldlasns
apulyi3nguuuu (Pattem) vasdsdidoanistiga
3un71 “Back Propagation” flAsetneUszam
WigalviAniewinaiin

2.1.5 msuvingudayauvuiadiu

(K-means Clustering)

Wunsdnlideyaiifidnunzadiofuunly
geiu ldmiunisuvadeyadiuiu n du k ngu
(8] uusnaziuamnsined k FediiAes oy
Cluster fisospagdum Tintfurimuagagudnas
(Ceritroid) dunausisludeasnenquiayauas
Audiusiugagunaiilndfumnniige da
yourazyaunuiedoyanieis Tnsusazgmas
gnimuangulugagudnaniilndigasuasu
anngn wazAnnuaguinasini Tagnism
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' El = ' '
Aadevnyafieglungy wingaguinansluusay
' i o, ' v v v <
naugniuasusumiy agldganiinnuduiusiv
o e . ;g Bid
naulnivarlndiiugnaudnandla vivdiluies q

unsyisgagudnalifinisdsuulas

2.1.6 Mdudszansmsanaule

(Coefficient of Determination: R?)

ArduUszandnasdnaule Wudniivends
mNduRUssENI LU suiuR LU sasEandl
audiudfunndesdivdle adulsvaninis
sadulatidndaus 0-1 fen R? fiddnlng 1 wan
Iulsdaszuazfmulsauianuduiusiuuin
ludadumss Fruaildangms

RZ -~ (NEXY_(ZX)(ZXY)): (1)
(NIX-(SXP)NIY -(3Y))

Too#i

X, Y = smulsafiansan
N

uudeyavianun

. - - °

2.1.7 A15INTId09T89AUARIALARDUAASHBY
o

2@ (Root Mean Squared Error: RMSE)
AsINTideIeInLARIALARBUIS EDq
- a a «
wieldlunsusediuanuianaialunsaanisal
Ysuuwin §7A1 RMSE Batipevanefisnisann
e s L
msaifausiugn aunsadnalansaunisaeluil

T -0,

Rmsi - [[20=00) )
1 N

Tnei

T = Agesteyauvinede

0 = Awaleyauirfirannisel

N = duudeyarionun

2.2 YuABUNIANENI
mAdeiliTeyaguvgll Usinaniiu way

Vananfvinade Uisnaniuu Stwauiuiiduan
uargamgiiseiieu Tnedudoyaiiisadesiu
amiitivih M.145 fiseglusminuassiedn
Lfluﬁnmfjuu:wa NAUSININING AU TENY
manziusenideaniiensuans (Mnilvanteya
199 www.hydro-4.com) uaglidoyadviina
AeiTNII 9INATLTBN NOAA STAR - Global
Vegetation Health Products (ﬂﬁu‘iﬂaﬂ'ﬁaga
910 www.star.nesdis.noaa.gov) Tngazliteyai
Wusausau 15 Iaued wa. 2563 e wa. 2557
Tneludunouusnazideyariomnldun Uiinn
thely St Tuiidunn gangil Usinutvin dil
wasinsfionss Sududeyaiiniunisanaau
Srdouvesioyareiinmsusialawiu imhns
Jondusnedanaiiiu k-means nvagluauufigiu
fdeyaduninazuy ududeyaiiiinadn
Urunan wazge Jadanguilu k=3 wisniy
avthrdilnassiisnssos Ussnanisuy Ui
it Sawawuitduan uargumgiinadounda
wilwazasadousiuiuamsianguiinandou
wimiludou winiluailunansmanisaisay
Tasstneuszaiiien lneavadumslieyalunis
ahdlusaiiofinisaninmsliteyalalumsaia
Tunalunsvhineuinavinliussansamd
fign nanfe dikesnisaanisairmiwindiou
fivan agimsainalunanisaianisallaglden
siluasnafiowssns iy snaiin
Sruauiuiiun uasgniigiifidiounnsauuay
Woununus dauAimstanguarliiideu
nuaiusiielUlunseshdlunansaanisl
mglassinguszamiion
Tunsidoiiorldlassnsyszamifisnwuy
n1sunséioundu (Back-propagation Algorithm)
s nautiuludugeu 1 $uvihmsdenduanilvun
amelutudoudaus 1-10 udadenliswanlnun
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' a a o w =
liredsmuRanainonindsass (RMSE)
v & 8 v
esfigafiunmsmanisalaminvilugadeyatinaeuy

shelu (), Vnanfi (@), $wuatudteuan (),
qamgil (M, Auiluasinsfiowssn (NOVI)

Mmnsdangy (C)

Hoyadunn

f(Q) = f(Qe-1,Qc—2, Re—1, Re—2, De—y, Dy 2,
Tee1,Te-2,NDVIy,NDVI,_3, Cp—y)

Artificial Neural Network (ANN)

< a a
U 1 ns0ULIAATBINLINY

wenni3suiisuUssansnmdaems
Anszinsoaneudy wavldwisiinesen
3u 9 lunsadrlumansmanisaiusunanivh
WA Unanhrusiedeu R) sunfuiitusnly
uazieu (D) warUBnaniwhsedeu () finan
foundd 1 \Wauuay 2 Wou (t-1, t-2) Nsvnaes
Hidmstameatinne Adudszaninsenale
R) Filfuamtadnuduiusseuineanivinaseiu
Arfiananisal wagldfannilaewesauaain
indourdsanaais (RMSE) Fuliurniinansanin
AanannreansaIansel lnenseuwuIAnUeIy
Weilamnsouansiagud 1

3. Namsﬁnmuazaﬁﬂiwwa

TufunsuusnagliBunmbumsniioes 1
wiln Wisuiisuiunisldamsinngusaudag
ieazuanan1svaasuItINIsianguiinase
Usgansnmmsaanisaltivin snifuadiawuy
Sraesmsmansaiiwindelassheyssamiien
(ANN) waz msinszvinIsannes@audu (Linear
Regression: LR) 1U3sulilsuuszansninnis
AnnIsalalsuInsIan1saiiinlaun1sniAn R?
uar RMSE wanisvaassuandlumsned 1 uas
niwmam'luguﬁ 2

a v a < a 7, T
715797 1 lndees 1 viauazkanisiiiu
msdanguifielimanmsaiivi ({eya

Hnaou)
Test Data
Hidden
Parameters RMSE R?

Nodes
LR ANN LR ANN
Q 9 0.123 0.111 0459 0.618
Q+C 9 0.107 0.101 0.631 0.707
R 6 0.12 0.115 0453 0.533
R+C 6 0.108 0.105 0.623 0.677
NDVI 7 0.121 0.121 0451 0451

NDVI+C 7 0.107 0.103 0.631 0.651

T 7 0.131 0.123 0.242 0.423
T+C 7 0.106 0.095 0.642 0727
D 6 0.108 /0.103 0.620 0.673
D+C 6 0.107.0.103 0.630 0.667
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& 4 9v a a a
RMSE nA15199 1 dieldwisiiees 1 viad
w—regy ession (train) . ANN (train) = #» = regression (test) —o-— ANN (test) I o - - N o
010 nadeunds 1 ieuuas 2 \eu TafurN1sin
oA Y '
e nguiiandounas 1 wou A1 RMSE anas uaz
TR a & va o
A1 R disdulunnmaiives Juanslviviuin
' Y R Py ) a =
mnldansianguiuiumsiiesdu awnse
Waszansamnisnensaiivirlelu ANN uag
i . v s a 4
| K SECTISWROMGIE] s T e Regression 9nxansnaaeslilsyansnmavian
(n) i1 RMSE dieldgamaiisauiunsdangs (T+0) laef ANN
[ R? Wi RMSE=0.095 wazei1 R= 0.727
— ey es3i00 (112in) W ANN (172in) = g» =gy ession (test) —o-— ANN (test) L vog v
1000 U7 2 uandliiiiudnludeyaflinasuuas
0.900 o S5 3 i
asee JoyanageuiiAn RMSE waxa1 R* lulufianie
v oA d v
oo o * Wendu leswinnsmaasmsai 1 waasliiiu

\\n /i\ l
I \i

ReC NOVI NOVC T

UM 2 nywimsveaedliwisiiivees 1 via uas

() A R

nsiiuA1nsdanguuesteyailinasu
(M mluviv) uazdeyanaasy (nvlidu)
Tugu (n) uansen RMSE (2) uanar R:

= v a < a 4 v
A58 2 wansltwsiiees 2 vlasamuAing
Y ‘oA gy v
Yangquiiialinensal (Jeyafinaou)

Test Data
Hidden
Parameters RMSE R
Nodes
LR ANN LR ANN
Q+R+C 8 0.109 0.13 0.615 0.409
Q+T+C 9 0.106 0.103 0.644 0.653
Q+NDVI+C 2 0.107 0.095 0.632 0.711
Q+D+C 10 0.111 0.178 0.595 0.498
R+T+C 9 0.107 0.129 0.638 0.519
R+NDVI+C 6 0.107 0.116 0:629 10:545
R+D+C 10 0.106 0.193 0.642 0.419
T+NDVI+C 3 0.105 0.096 066 0.743
T+D+C 10 0.104 0.147 0.655 0.532

NDVI+D+C 9 0.107 0.138 0.629 0.458

Jdieldinsdanguanusaiiuysyansamns
wornsalld fefuFmasesmsliwsiiaes 2 via
Swurnsdangu Sauandlunsed 2

it 2 dleldanguvgll uasdvil
NEFNSHINTS TAUAMSIANGY (T+NDVI+C)
i ANN fiuszavsnmaiiaeludeyavaaeulngli
A1 RMSE = 0.096 wag R? =0.743 Regression 1%
Uszdnsamnmswensallagfiansanain RMSE L
uanA1aINNIs TS 1 viaudly R e
gsust 0.6 Tululumnnsdl

dlevnanisnaasauuanadunsmlu
Uil 3 eeiudnguii 3 () A RMSE wazguit 4
(@) A R 7 ANN iAntlyminis Overfitting daiau
Tunsdl Q+D+C, R+D+C uay NDVI+D+C na1
Aemsilumadildannnisliyadoyalnasuly
UsgAnsnmmsnensaige-uiilevluealuly
fugadoyamnaeuliivszavsnmmsneinsaish
sxdunaiuiilunansdidield D+C apvhliiAn
U Overfitting aiiunanismaassseluazld
Wslmes Q, T, NDVI, R way C iuwisifiwes
Tunismaasssely wsglifivualduviliiie
Yy Overfitting wazarliily D+C wansvnassly
winiiwes 3 vilauaz 4 vilasauiuanisinngu
wamdlunsedi 3
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RMSE 910015797 3 (ileld T+NDVI+R+C
w— regression (train) — ANN (train) - ad - v v 1
oz = mrepeson st —o— ANN es) UszAnsamdniann ANN Tudeyavaasulvien
0200 | RMSE=0.099 wa Q+T+NDVI+R+C l#en R?=0.702
{ - a a - o o
ot fiusv@vBamiiianil ANN uavainguil 4 auiiu
0100 | B - <
o [ [ [ L Juiateyminns Overfitting 1 ANN sniiunsdl
B Yt g% T+NDVI+R+C wazuszandnimniswensaiuivin
$ 5 F 3 5 8 1k 28 Wil waidimed L o
g g H § sifnmslinsimes 2 slinguiua1nisdn
' i -
. nau (T+NDVI+C) fiuanslumeai 2
(n) A1 RMSE
RI
— regr ession (train) — ANN (train) RMSE
= g aregression (test) ©— ANN (test) — regres5i0n (train) —ANN (train)
1200 o= gp =regression (test) - ANN (test)
1.000 05
0800 + 02 (o]
0600 | M=GF= o =
anil 015 N
e i i i i i i = == - e B
T T e Ty e ey Ty oo l
& & = = 3
EEEEEET | § \
& & = QOTINDVINE  QToRIC  QNDVISROC  TONDVISRIC QuToNDVISROC
' 2 '
(v) MR (n) A1 RMSE
- a a ] 4
3UN 3 nsminmslisfives 2 wiin suiua R
nsdanguvestayalinasu (nsIwuviv) ey enion i) R——
5 . = & =regression (test) O ANN (test)
uazdeyanaaau (ns1wid) lugd (M) uang 2
: ; . ¥
A1 RMSE (%) uanspn R? =
o uh. = N [ os S e =2 =
15199 3 Msliwsaiiees 3 uaz 4 sinsauiu i .
. o | «
AnsIanguiielinensal (Yeya 021
‘aﬂaﬂu) U.Q-V-M.M-( QTeRiC 7 QNOMRIC ToNOVIOReC QUTANDVIORIC
' 2
Test Data (W AMmR
Hidden " - ” - . —
Paameters RMSE R UM 4 aswinslimnives 3 uay 4 via S
joges

LR ANN LR ANN

Q+T+NDVI+C % 0.104 0.103 0.652 0.661

Q+T+R+C 10 0.109-.0.206-0.617 0.491
Q+NDVI+R+C 10 0.108" 0.124 " 0.617 0.494
T+NDVI+R+C 8 0.103 0.099 0.658 0.681
Q+T+NDVI+R+C 10  0.100 0.194 0702 0.453

o 7,
fuAnsianguuesioyaiinasu (ns1w
wiv) wazdayannaeu (N3 Tugu (n)
waeAT RMSE (4) wanapn R
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nnaasstasauansliifuduileld
ANN Tumsasrauuudrassiivssansnmiiian
TagldBummdu T+NDVI+C fiyadoyanaaeuly
A1 RMSE = 0.096 uag R* =0.743 (uanslumsn
7 2) warlidadgmns Overfitting dnlunis
as1uuudnanenae Regression N15AIANTSA
dwilissavsnmanianileld Q+T+NDVI+R+C
luyndeyavaasulaglvien RMSE = 0.100 uay
R? =0.702 (wanslumsnsit 3) warlaiiianis
Overfitting swiuiniiold ANN Tsiuszansaing
flgplumsvanesiiuariivsyansnmmsaansel

v
g i a

1¥i#nin Regression uananiifauansliiiu
msidenldwisfimeslunisasisluaalunis
vimneiinarenugniesvenisviung

4. d3
. g
n1sann1salivinied uteyadiAgd
| v ) o a 1
awnsatasliaunsatesiutdgviniiagnida
P g
loun dwhu uarmsviaumaull nanABE
awsadUSinanivivdeuiinaniluwiilags
v eaw v, A | g ¥y
i Wbiaansaiiesialgwiteafiuintuly
awaansald vilviinsiuausuiiofudgmi
a - b
uiaduluswanld sidetiauemsasaluna
mamsalAUSunanivimelassiheUssanniiss
Tnsnsveaedldaigangdl (1) wadvinani
Nunssas (NDVI) Usunauuanu (R) Shuauiudieluan
¥, A .
(D) wazUsunanivin (Q) Anadeunas 1 way 2
' v o ' o
Wou (1 ua t-2) 33U Ansdangu (O) e
Founda 1 iy (t-1) iisuansliiiuinnisidenld
mniweslunsasradunaiinanenisyiiune ns
Wemsdangiuiefusydvsnmussnmsvinng
A wagAnnisdrasterinaaninsaldly
msvihuetwile msusediuseansnnlagly
as aa a a o a
Bmmeaiia 2 viiafed1 RMSE fuannnuiin
warnveInsAIanIsalvsunaiviiuay R Live

Qnﬂuﬁuﬁuﬁ'wwz‘umﬁwﬁa‘%aﬁumﬁwhﬁlﬁ
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onnay
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fummilnessu 4 weadaliunamamsaiviun
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Amsdanau (NDVI+T+C) ailunadielaseing
Uszamidien Wiuszansamaigalaglien
RMSE=0.09 wa R*=0.743 (uanslum1sefl 2) av
wiuhnslideyansdinvszeglnadedviinasia
NYNTTU UATAINITIANGHIIN k-means A58
vulilunsadrslunanianisaliinasivi
19 wazmsasrdlumanislassinglssamidion
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wsdineslunsaslueaiildlunisaanisein
Usinauhvhilussansnm uazannsalaafums
Wwaldgwinis Overfitting S1uuwisfinesuay
msidenldwsiivesliminzan warwisiines
fidenldasdesiimuduiusiuamiiananisel &
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On Applying Regression and Neural Network to
Predict Rainfall Using Satellite Based Index

Ratiporn Chanklan’, Keerachart Suksut, Kedkard Chaiyakhan, Nuntawut Kaoungku, Kittisak
Kerdprasop and Nittaya Kerdprasop

Abstract— In this paper, we adopt a statistical method using
the linear regression analysis to study relationship between the
satellite based vegetation index and the ground based rainfall
data, and then apply the data mining method using the neural
network to induce a model to predict the amount of annual
rainfall. The model is intended to be useful for drought

itoring. R t ing data used in our study is the
Normalized Difference Vegetation Index (NDVI) obtained from
the NOAA STAR. The ground station rainfall data during the
years 2005 to 2014 in Nakhon Ratchasima province, Thailand,
are obtained from the Meteorological Department. The study
of NDVI and ground-based rainfall relationship has been done
through the correlation coefficient analysis. The preliminary
study results show that vegetation index and rainfall positively
correlate with 1-month lagged time. The studied period from
June to September shows the strong correlation (r = 0.715, on
average). We then induce the rainfall predictive model using
neural network with the NDVI and rainfall as the input
parameters. The performances of using only a rainfall
parameter and a combination of NDVI and rainfall parameters
are also compared. The experimental results show that using
the remote sensing NDVI data together with the ground based
rainfall data can improve accuracy of the neural metwork
model to predict the future annual rainfall.

Index Terms— R ing, Normalized Difference
Vegetation Index, Annual rainfall prediction, Neural network

1. INTRODUCTION

drought is water shortage in an area occurring from
precipitation deficiency or the unseasonally lacking of
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rainfall. The effects of drought are numerous: a lack of
water for humans and other living animals, insufficient
water for the crops, food inadequate due to crop damage.
The agriculture in Thailand depends on natural water,
mostly rainfall. Therefore, lacking of enough rainfall for a
long period of time has serious effect to agricultural yields.
Traditionally, drought monitoring has been done based on
meteorological information from ground stations, which
does not cover all areas in the country. Due to the limited
numbers of ground stations, it results in less, discontinuing,
and incomplete data for timely drought warning. Therefore,
data analyses are inaccurate and sometime out of date
because it takes long time to collect data.

Satellite data can be used to help monitoring drought
situation. Environmental observation satellites have been
launched to record a continuous, spatial patterns. The
satellite data cover the whole global surface area and the
data are available for almost real-time access [1]. The
remote sensing is thus suitable to track the changes and to
monitor the impact of drought on crops [2],[3],[4]. Thus, the
intuitive idea of this work is that if we can find the
relationship between the remote sensing data and the ground
station data from the Meteorological Department, then in the
process of model inductive we can use the remotely sensed
data incorporating with the ground-based data for predicting
the rainfall in the upcoming year. Such model has the
advantage of timely monitoring of drought.

In this work, we firstly analyze the relationship between
Normalized Difference Vegetation Index obtained from the
NOAA satellite and the monthly rainfall data from the
Meteorological Department in  Nakhon Ratchasima
province, Thailand. After confirming its positive correlation,
we then build a model to predict the rainfall using artificial
neural network. The inputs for our neural network model are
the lagged 1-month rainfall and lagged 1-moth NDVI data.

1. BACKGROUND THEORIES

A. Normalized Difference Vegetation Index

In this study, we use the remotely sensed data, which is the
Global Vegetation Index (GVI)in the area of Nakhon
Ratchasima province in the northeast of Thailand. GVI is
the basic index for measuring the greenness of the earth
surface through the monitoring for density and healthy of
land surface vegetation. One specific product of GVI is the
Normalized Difference Vegetation Index (NDVI), which is
the computation of signals sensed by the channels | and 2 of
the satellite that aggregates the 4 square km global area
coverage daily.
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The basic concept of NDVI is based on the fact that
internal mesophyll structure of healthy green leaves reflects
near-infrared (NIR) radiation, whereas the leaf chlorophyll
and other pigments absorb a large proportion of the red
visible (VIS) radiation. This function of internal leaf
structure becomes reversed in case of unhealthy or water
stressed vegetation [5]. The calculation of the NDVI value is
thus performed with the Equationl.

NDVI = (NIR-VIS) / (NIR+VIS) M

where, NIR is near infrared and VIS is visible red band of
electromagnetic spectrum. The value of NDVI ranges
between 1 and +1. It is found below 0.1 in the areas with
barren rock, sand and snow cover, whereas it may range
from 0.6 to 0.8 in temperate and tropical rainforests. NDVI
is suitable for monitoring drought, estimating healthy status
of vegetation, crop growth conditions and crop yields

[6],[7]-

B. Rainfall Data

Rainfall is very important in meteorology because water
is a major factor related to the living of people, living
creatures, and agriculture. Healthy vegetation and plentiful
crop lands are all depending on rainfall. A measure of
rainfall is normally done by a rain gauge placed in open
space for 24 hours. Observations of daily rainfall are
nominally made at 7:00 am to 7:00 pm local clock time each
day. The automatic rain gauges can measure rainfall
continuously 6, 12, 24 hours or weekly.

C. Correlation Coefficient

The correlation is a statistical measure used to explore
relationship between the variables. The degree of correlation
is interpreted from the correlation coefficient (R). The
correlation coefficient is a numerical value between -1 and
1. It expresses the strength of the linear relationship between
two variables (x and y). The direction of the relationship
between the two variables can be shown by scatter plot.
There are three possible types of relationship: positive
correlations, negative correlations, and zero correlations.

Positive correlation is the kind of relationship such that
the increase or decrease the value of one variable will cause
a corresponding increase or decrease in value of the other
variable.

Negative correlation is reverse relationship in which the
increase or decrease on a variable’s value will cause the
other variables change their values in opposite direction.

Zero correlation is the situation in which the two
variables have no relationship. The correlation coefficient
can be calculated using Equation 2.

_ nEE Xivi- B i Siny Vi )
Sz xi -, e By )]

where n is the total number of samples, x;= (X, Xz, ... .X;)
are the values of variables x, and y; is the value of variable y.
If the correlation coefficient is closer to 1 or -1, it represents
the relationship between the variables at a high level. If the
value is close to 0, it represents the relationship between the
variables at a low level or no relationship.
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D. Artificial Neural Networks

The Artificial Neural Network (ANN) is the most widely
used form of neural networks. An ANN is a computational
approach inspired by studies of the brain and nervous
systems in biological organisms. The powerful functionality
of a biological neural system has been attributed to the
parallel-distributed processing nature of the biological
neurons [8]. Conventionally, the network (fig.1) has three
main levels: input layer, hidden layer, and output layer.
Nodes in the input layer called the input nodes. The number
of nodes in the input layer is equal to the number of features
(attributes, independent variables). Nodes in the hidden
layer are called the hidden nodes. Number of nodes in the
hidden layer is defined by a user. Node in the output layer is
called an output node. The number of output nodes is equal
to the number of data groups (or target, dependent variable).
Nodes in the network are connected with lines; from input
nodes to hidden nodes, and from hidden nodes to output
nodes. Each line connecting one node to another has weight

(w).

Output
Inputs

Output layer
Hidden layer
Input layer

Fig.1. Architecture of the Artificial Neural Network.

Input data is vector of elements: p = [py, pa, ..., prl, R is
number of elements (or dimension) in input data, Each line
in the network is annotated with weight: W = [w), ws, ...,
wg]. The network works by multiplying weight on each
edge to the input data, summing results from each incoming
edge of the node, and finally summing a bias (b) of that
node. The summation result of each node is denoted by n.
The result (n) has to be transformed through a transfer
function to obtain the final computation result of each node,
denoted as a. The calculation of the output value from a
neuron as shown in fig.2 is summarized in Equation 3.

a=f(n)= f(Wp+b) (3

where n = wy,p; + wy,p, + -+ wiepr + b

n=Wp+b

Input Neuron with bias
a= f(Wp+b)

Fig.2. Neural unit with incoming input edges and a bias.
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For the weight and bias, it is can be adjusted from the
learned data. If the output value from neural network is false
as compared to the true value in the training data, the weight
will be update using the error as a guidance. The process
continues until the predictive error of the neural network
model is less than the acceptable threshold.

III. MATERIALS AND METHODS

In this work, the study area is located in Nakhon
Ratchasima, a largest province in the northeast of Thailand
(fig.3). We used remote sensing data, which is the
Normalized Difference Vegetation Index or NDVI, obtained
from the global vegetation health products of NOAA STAR
(http://www star.nesdis.noaa.gov/smecd/emb/vci/VH/vh_bro
wseByCountry_province.php?country=THA&provincelD=2
8&year1=1981&year2=2015X), and monthly rainfall data in
Nakhon Ratchasima area during the years 2005 to 2014. The
data are obtained from the Meteorological Department
(http://www.dnp.go.th/statistics/dnpstatmain.asp).

Our main objective of study is to find the relationship
between Normalized Difference Vegetation Index and
rainfall data through the analysis of correlation. The focus of
our study is the correlation of the two variables during the
southwest monsoon season. To explore the relationship
during monsoon period, we use data during the months of
June to September. This choice is because the southwest
monsoon prevails over Thailand between mid-May to mid-
October.

We then use linear regression to determine the

In the subsequent step of rainfall prediction model
induction with neural network, we thus use rainfall lagged
I-month and NDVI lagged 1-month as input parameters of
the neural network. The output node of the network is a
node to predict rainfall in current time (t).

IV. EXPERIMENTAL RESULTS

We plot the linear regression to find the relationship
between two variables (NDVI and rainfall data). The results
are shown in fig 4.

When we analyzed yearly relationship between NDVI and
annual rainfall from 2005 to 2014, the results show the
correlation coefficient as both positive and negative values.
This means that the relationships of the NDVI and annual
rainfall during the past ten years are not in the same
direction each year. The correlation coefficient range is -
0.134 to 0.438. This implies that NDVI and rainfall give
quite poor correlation. By merging the ten-year data as one
group, we find the correlation coefficient to be 0.159. A
single-group NDVI and rainfall relationship is show in fig 5.

To further analyze NDVI-rainfall relationship, we plot
NDVI and rainfall values to see a fine-grain relationship in
the monthly period, and the result is shown in fig 6. In fig.6,
the monthly NDVI and rainfall during the years 2005 to
2014 are plotted as separate graphs.

From fig. 6, we can now notice the trend of NDVI to
increase from June to September, every year from 2005-
2014. There are two increase trend in the rainfall plot; that is
from June to August, and another peak from August to

relationship between two variables; the independent variable
(X) is the Normalized Difference Vegetation Index and the
dependent variable (Y) is the rainfall. The NDVI and
rainfall data have been lagged from 1 to 6 months. We find
the linear correlation between the independent variables and
the dependent variable. The preliminary result shows that
the lagged 1-month is the discriminative factor, as shown in
Equation 4.

f(Rainfall,) = f(Rainfall,_y, NDVI,_,) (4

Fig.3. The study area: Nakhon Ratchasima, Thailand. (www.maphill.com)
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September. June to September is actually the raining season
that has some effect from the monsoon. Thailand is under
the influence of two monsoon types: southwest monsoon
and northeast monsoon. Southwest monsoon prevails over in
mid-May to mid-October. During these months, weather are
cloudy and rainy. Northeast monsoon prevails over in mid-
October to mid-February, with the clear, cold, and dry
weather. Fig 6 shows rainfall in June to September with
increasing amount of rainfall. The increasing trend also
appears in the NDVI plot. We therefore find the correlation
coefficient of NDVI with rainfall during June to September,
and the results are shown in Table 1.

TABLE |

THE CORRELATION COEFFICIENT RESULTS
Year January to D b June to
2005 0.223 0917
2006 0.320 0.940
2007 -0.098 0.726
2008 0.114 0.983
2009 -0.076 0.709
2010 0.438 0.880
2011 -0.134 -0.114
2012 0.239 0.600
2013 0.552 0.690
2014 0.225 0.817
2005 to 2014 0.159 0.518
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Fig.4. The correlation coefficient (R) of NDVI and rainfall.
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TABLE II
THE RESULTS IN PREDICT RAINFALL USING ARTIFICIAL NEURAL NETWORKS
Data Input Parameter to ANN R RMSE
January to December Rainfall 042 8791
January to December Rainfall, NDVI 0.62  74.02
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Fig.5. The correlation coefficient of NDVI and rainfall from 2005 to 2014.
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Fig.6. The graphs show monthly (a) rainfall and (b) NDVI.

From Table 1, it can be noticed that during the Southwest
monsoon season, the correlation coefficient of NDVI and
rainfall during the months of June to September shows
positive direction with strong correlation in the range 0.6 to
0.9. There is only one exception in the year 2011; the
NDVI-rainfall relationship shows negative sign. In the year
2011, the rainfall was very unusual affected by the Tropical
Storm Nock-ten [9]. It caused big flood in Thailand. NDVI
is the index for measuring the 'greenness' of the earth's
surface. When flooding covered crops, the relationship
between NDVI and rainfall showed negative direction,
which is different from other years.
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After performing correlation analyses, we then apply
artificial neural networks to build a model for predicting
rainfall. For experimentation, we use the data from 2005 to
2010 as training data for a neural network, and the data from
2012 to 2014 are used as test data. We use data from
January to December in both training and test data.

We also compare the model performance using two
different set of input parameters: set one having only rainfall
data as input parameter into ANN, and set two having
rainfall and NDVI as input parameters for ANN. The results
are shown in Table 2. The model that uses both rainfall and
NDVI data as input parameters gives a less root-mean-
square error (RMSE) than the model that has only rainfall as
its input parameter. The correlation coefficient also shows
good relationship. The RMSE metric used for model
evaluation can be calculated as in equation (4).

RMSE = (Z(T.;m)’) 4)

where T; is the actual data, O; is the value of predict, and N
is the number of all data. The less value of RMSE means the
more accurate prediction of the model.

V.CONCLUSION

In this study, we use remote sensing data of Normalized
Difference Vegetation Index from the NOAA satellite and
rainfall data from the Meteorological Department of Nakhon
Ratchasima province in Thailand. The collected data are
from the years 2005 to 2014. The analysis results of
regression method reveal that a relationship during the
months of June to September, which is the period of
southwest monsoon, is the best relationships. NDVI and
rainfall during this period have positive relationship. The
regression model also shows that current rainfall can be
estimated from the lagged 1-month rainfall and lagged 1-
month NDVIL

To build a model for rainfall prediction with artificial
neural network, we apply NDVI and rainfall as input
parameters to the network. The model yields prediction
result with lower RMSE as compared to the prediction with
only rainfall data as input vector of ANN.

The results observed from our experiment show that
rainfall data from the ground station and NDVI data from
remote sensing are supplement each other for predicting
rainfall and monitoring drought, which is the period with
less rainfall than the usual. This emphasis the advantage of
remote sensing data that can help timely prediction and can
cover broad area of land surface.
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A Hybrid Modeling Technique to Predict Runoff

Ratiporn Chanklan, Kedkarn Chaiyakhan, Kittisak Kerdprasop, and Nittaya Kerdprasop

Abstract—The management of water resources is important
to prevent water problems: floods and water shortages. The
foreknowledge allows time for officials to sufficient preparation
to deal with the problem. This study aims to determine the
appropriate weight for predicting runoff from the merge of
runoff prediction results from two algorithms: Artificial Neural
Network and Support Vector Regression with linear regression
modeling. In this paper, we compare the runoff predictive
performance of the three algorithms: Linear Regression,
Artificial Neural Network, and Support Vector Regression. We
use remote sensing data, which are the Normalized Difference
Vegetation Index (NDVI) obtained from the NOAA STAR. The
ground station rainfall, runoff, the number of rainy days and
temperature data in Mun basin, Thailand, are obtained from
the Meteorological Department. We evaluate the model
performance using two statistical values: Correlation
Coefficient and Root Mean Squared Error. Experimental
results confirm the best performance of our proposed method.

Index Terms—Runoff, artificial neural network, support
vector regression.

I. INTRODUCTION

Currently, people are experiencing a natural disaster such
as floods and water shortages. The strength of such disaster
increases every year and causes much damage. A proper
management of water resources is one way to protect flood
and water shortage problems. Predicting runoff can help to
make decision, planning and management of water resources.
Runoff is amount of water in the river caused by the rain that
fell in the catchment area then flows into the river. The
foreknowledge regarding amount of runoff as either
excessive or shortage can be useful for estimating the demand
for use and planning to fix or deal with floods and water
shortages.

Predicting runoff is a very complex process and it also
needs an appropriate modeling technique for accurate
prediction. Artificial Neural Network (ANN) is a tool that
has been used to create model to predict runoff. It has the
ability to simulate both linear and non-linear relationships,
without any prior assumptions as most traditional statistical
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methods. ANN has been successfully used for predicting
runoff and the method was widely adopted in hydrology [1],
[2]. In addition, some researches have suggested the support
vector regression (SVR) as an alternative algorithm for
predicting runoff effectively. SVR showed the best
performance as reported in [3], [4]. Rainfall lag time values
are also used to consider for building a model to predict
runoff [5], [6]. Runoff lag time values are also proposed to
predict runoff [7]. A comparison on efficiency in the
literature normally uses statistical values such as Correlation
Coefficient, Coefficient of Determination, Root Mean
Squared Error (RMSE), Mean Absolute Percentage Error. In
this work, we employ the two measures: Correlation
Coefficient and RMSE.

In the model building process, we use a hybrid modeling
technique from Artificial Neural Network and Support
Vector Regression. At the first step, we find cluster among
rainfall and runoff data using k-means clustering. Then, we
compute predictor importance to select data (runoff, rainfall,
the number of rainy days, temperature and cluster data) that
are appropriate for creating a predictive model. Then, we use
runoff prediction results from Artificial Neural Network and
Support Vector Regression as inputs for Linear Regression to
make a final runoff prediction.

II. BACKGROUND THEORIES
A. Artificial Neural Network

Artificial Neural Network (ANN) is a mathematical
method with the basic idea to make a computer machine
having the ability to think like humans. ANN has connected
multiple computational nodes to form a network. The
network has three main levels: input layer, hidden layer, and
output layer. The input nodes are node in the input layer. In
the input layer, the number of nodes is equal to the number of
attributes (or features, independent variables). The hidden
nodes means nodes in the hidden layer. The number of nodes
in the hidden is defined by a user. There can be more than one
layer in the hidden layer of the network. The output nodes are
nodes in the output layer. In the output layer, the number of
nodes is equal to the number of data groups (or target,
dependent variable). The hidden nodes, output nodes, and the
structure of the internal calculation are shown in Fig. 1.

In the network, each line has specified weight: W = [w,
W, ..., wg]. Input data are vector of elements: p = [p, pa, ...,
pr), in which R is number of attributes in input data. The
network works by multiplying the input data to weight on
each edge, summing results from each incoming edge of the
node, and summing a bias (b) of that node. The result (n) has
to be transformed through a transfer function to obtain the
final computation result of each node, denoted as a.

The main objective of ANN learning is the search for
proper weight on each edge in the network such that the




121

International Journal of Modeling and Optimization, Vol. 7, No. 2, April 2017

network is most accurate on separating training data to a
correct class. The weight of the edge is uncertain but the
network can adjust weight values by teaching it to recognize
a pattern of data. It adjusts weight if the output from the
neural network is incorrect. The weight adjustment is iterated
in a back propagation manner until the network has a small
error or it reaches an acceptable threshold.

output
)

r J

a= f(Wp+b)

Input

Fig. 1. Neural unit with incoming input edges and a bias.

B. Support Vector Regression
Support vector regression (SVR) has been developed from
support vector machines (SVM). The algorithm can estimate
the target by a linear equation [8], as shown in equation 1.

fG)=w-%+b (1

When b is a threshold value and w is a weight vector. It
finds hyperplane which has small margin and tries to keep all
the data within the margin and allows some data to be outside
the margin. The margin can be calculated as in equation 2.

WP + € Ty + ) @)

When £ is slack variable such that &;,&; =0 and N is
number of train data. The margin within the scope can be
computed with equations 3 and 4.

yi—(W-X+b)<e+§ (3)
Yi—(W-X+b)<—e-¢& 4)

Then linear Support Vector Regression is as shown in
equation 5.

y =Tyl —ai) - (x,x) + b (5)

where (x;, x) is the inner product of two vectors in the feature
space.

C. K-means Clustering
K-means clustering is a method to partition n objects into k
clusters in which each object belongs to the cluster with the
nearest central point, or centroid [9]. The number of & cluster
can be defined by user. K-means steps are as follows:
1) Set number of clusters, denoted as k
2) Random cluster centers (centroid) in each k group
Measure the distance between the data D = (x;,y;) and
Centroid = (cxj,cy;) according to the Euclidean
distance function, computed as in equation 6.
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Euclidean distance = \/(x; —cx; )2+ (y1 —cy1 )% (6)

3) Assign data to their group based on the closest
distance between the data and the cluster center.

4) Calculate the mean of all data in each cluster and set it
to be the new centroid. Suppose there are two data
points in group A = ((x},y)), (X2,y2)), the new centroid
can be calculate using the mean of all data in the group,
as shown in equation 7.

centroid = (“—:”,%) 7)

5) Repeat steps 3, 4 and 5 until all the centroids do not
change.

D. Predictor Importance

Predictor importance can be determined by computing the
reduction in variance of the target attributable to each
predictor using a sensitivity analysis. Predictors are ranked
according to the sensitivity measure [10] defined as in
equation 8.

_ Vi _ VEYIX))
v T T v ®

where Y is target, X; is predictor ranging from 1,....k. The
number of predictors is k. Model for Y based on predictors
X;through X, and V(Y) is the unconditional output variance.
Predictor importance is then computed as the normalized
sensitivity using equation 9.

Si

VI; = Z_fﬂsl

©)

where S; is the proper measure of sensitivity to rank the
predictors in order of importance for any combination of
interaction and non-orthogonality among predictors. VI; is
the estimate of the conditional variances computing by the
multidimensional integrals in the space of the input factors
using Monte Carlo method.

E. Correlation Coefficient

The Correlation Coefficient is denoted by R. It is a
statistical value to find relationships between two variables
(x and y). The coefficient is a numerical value between -1
and 1. There are three possible types of relationship: zero
correlations means no relationship, positive correlations is
same direction relationship, and negative correlation is the
kind of inverse relationship. The correlation coefficient can
be calculated using equation 10.

R= 3l xyi-Xiy xi Xy Vi (10)
[rEr -, x| 2, v2- i 90) ]

where x;= (xy, X2, ... ,x,,) are the values of variable x, y; is the
value of variable y, n is the total number of samples.

The correlation coefficient that is closer to 1 or -1
represents high level of relationship. The coefficient that is
close to 0 represents low level or even no relationship.
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F. Root Mean Squared Error

Root Mean Squared Error (RMSE) is used to check errors
in the prediction of the model. If the RMSE has a small value
that means the prediction model is efficient. The RMSE
metric used for model evaluation can be calculated as in
equation 11.

RMSE = [(20-00°) an

where N is the number of all data, O; is the value of
prediction, 7; is the actual data.

III. MATERIALS AND METHODS

The study area in this work is Mun basin, a largest basin
in the North-eastern region of Thailand (Fig. 2). We use
Normalized Difference Vegetation Index (NDVI), which is
a remote sensing data obtained from the NOAA STAR
(http://www.star.nesdis.noaa.gov), monthly rainfall, runoff
and the number of rainy days data from the Meteorological
Department  (http://www.hydro-4.com), and temperature
data from National Statistical Office (http://www.nso.go.th).
This research use IBM SPSS Modeler 14.1 as analysis tool
in our experiments. We use two data sources from the Mun
basin: M145 and M 173 stations.

Fig. 2. The study area: Mun Basin, Thailand.

The MI145 (Lamphra Phloeng) station locates at Ban
Wang Takhian, Tambun Wang Katha, Amphoe Pak Chong,
in Nakhon Ratchasima province, Thailand. The 13-year data
during 1998 to 2010 have been used as training data. The
S-year data from 2011 to 2015 are to be used as test data.

The M.173 (Moon River) station locates at Ban Non
Sa-at, Tambun Tha Yiam, Amphoe Chokchai, in Nakhon
Ratchasima province, Thailand. The 10-year training data
are those during the periods 2002 to 2011. The S-year data
between 2012 to 2015 are used as test data.

Prepare step: We apply k-means to find clusters from
rainfall and runoff data. The appropriate k clusters have been
judged from the Silhouette Coefficient. Then, we use
predictor importance to select a subset of potential features
from the initial set of features including rainfall, runoff, the
number of rainy day, temperature, NDVI, and cluster
identifier. Data are also lagged 1-month and 2-month. These
data are input into two learning algorithms: Artificial Neural
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Network and Support Vector Regression. Because we use the
data from different sources, we thus have to find different sets
of parameters that are appropriate to predict runoff in
different locations. We later use runoff prediction results
from Artificial Neural Network and Support Vector
Regression as inputs in Linear Regression, which is a final
model to predict runoff in this work.

In the subsequent step, we use test data to test model
performance. We evaluate performance using two statistical
values: Correlation Coefficient and Root Mean Squared Error.
The modeling process of this paper is shown in Fig. 3.

Prepare Data

Rainfall, Runoff

K-means Clustering

| Runoff, Rainfall, The Number of Rainy Days, Temperature,
| NDVI and Cluster (the lagged 1-month and lagged 2-month)

Train Data Test Data
Select Attribute
Predictor importance ‘
Algorithms
| Artificial Neural Network Support Vector Regression U

v
Create Model

‘ The weight of prediction values from ANN model and SVR model.

a B N
Performance Evaluation

Ve

Fig. 3. The modeling process for runoff prediction.

IV. EXPERIMENTAL RESULTS

We predict runoff with test data using the model proposed
in Figure 3 and compare the results against the other three
models including Artificial Neural Network, Support Vector
Regression, and Linear Regression. We experiment with two
data sets from the Mun basin: M145 and M.173 stations.

We firstly explore correlation between runoff and other
attributes (rainfall, the number of rainy days, NDVI, and
temperature) and the computed coefficients are shown in
Table 1. The results show that runoff and rainfall has quite
strong positive relationship in both stations. Number of
rainy days at the M145 station shows positive relationship to
the runoff, but it shows no relationship to runoff at M175
station. The NDVI shows low relationship to runoff at both
stations (0.326 and 0.41). Temperature show negative
relationship to runoff at both locations (-0.014 and -0.08).

¢ — -f."‘), .
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In our proposed method to runoff prediction modeling, we
introduce new attribute, that is the cluster identifier, to
improve the performance of prediction. From the
experimental results as shown in Table 1, we thus use only
the runoff and rainfall attributes for clustering with k-means
and select the appropriate & clusters based on the Silhouette
Coefficient values. After that, we use predictor importance
as a metric to select top important features and use Artificial
Neural Network and Support Vector Regression to predict
runoff. From our proposed method, we combine the results
from these two models and generate a final prediction using
linear regression. The runoff prediction results are presented
in Table I1.

The models to predict runoff at the M145 station have
been built based on the k-means clustering process with k =
5 and Silhouette Coefficient = 0.64. The R values in all
models is about 0.6. Our proposed method yields the best R
value at 0.67. RMSE values of all models are in the range
from 8 tol0. The best model based on RMSE metric is our
proposed model (RMSE = 8.34). Note that for R measure,
the higher is the better. But for the RMSE metric, the lower
is the better.

TABLE I: THE RESULTS OF CORRELATION COEFFICIENT ANALYSIS

Attribute Mi45 MI173
Rainfall 0.670 0.54
Day of Rainy 0.502 0.08
NDVI 0.326 0.41
Temperature -0.014 -0.08

TABLE I[I: RUNOFF PREDICTION PERFORMANCE AT M145 AND M173

STATIONS
Station Model R RMSE

Artificial Neural Network 0.66 838
Support Vector Regression

M145 APP i & 0.64 10.09
Linear Regression 0.66 835
This work 0.67 834
Artificial Neural Network 0.58 57.41
Support Vector Regression 042 69.61

MI173
Linear Regression 0.58 61.33
This work 0.59 56.94

The models to predict runoff at the M173 station have
been also built based on the k-means clustering process with
k =5 and Silhouette Coefficient = 0.692. The R values in all
models is ranging from 0.4 to almost 0.6. Our proposed
method yields the highest R value at 0.59. RMSE values of
all models are in the range from 56 to70. Our proposed
method performs the best with the lowest RMSE value at
56.94.

The performances of all models based on RMSE and R
values are also graphically compared and shown in Figures
4 and 5. In the comparison figures, we show RMSE and R
values evaluated on both training data and test data. This is
for assessing the over-fitting problem of the models. A
model is called over-fitting if it performs well on the
training data, but poorly perform on the separate set of test
data. Currently, there is no agreement regarding how
difference between train-test performance should be
considered over-fitting. We, therefore set temporary
train-test performance not exceeding 35% as non

over-fitting. The models based on ANN, SVM, LR, and our
proposed one are non over-fitting.

M145 (RMSE)
12.0 M Train data M Test data
10.0
8.0 -
6.0 -
4.0
2.0
0.0 ~
ANN SVM LR This work
(a) RMSE of the M 145 station.
M173 (RMSE)
mTraindata  m Test data
100.0
80.0
60.0 -
40.0
20.0
0.0 T T
| ANN SVM LR This work

(b) RMSE of the M173 station.
Fig. 4. The RMSE values assessed in train data and test data.

[~ M145 (R)
0.80 W Traindata M Test data
0.60
0.40
| 0,20
| 0.00
ANN SVM LR This work
(a) R of the M145 station.
M173 (R)
M Traindata MW Testdata
0.80
0.60
040 —
0.20
0.00
ANN SVM LR This work

(b) R of the M173 station
Fig. 5. The R values assessed in train data and test data.

It can be noticed from Fig. 5 that ANN model tends to
fairly fit model to both train and test data. But our proposed
method yields higher R values on the test data than the train
data. This may be the reason for our approach being better
than others on predicting runoff in the test dataset.
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V. CONCLUSION

In this work, we propose a hybrid modeling technique to
predict runoff from combining results from Artificial Neural
Network and Support Vector Regression models. On the
combination step we adjust weights from the two models by
means of Linear Regression. It is the final output from linear
regression that to be used as our runoff prediction. From the
experimental results the proposed hybrid model shows good
efficiency to predict runoff when it is compared with other
single learner technique including Artificial Neural
Network, Support Vector Regression, and Linear
Regression. The comparison is based on the correlation
coefficient and RMSE metrics using data from the two
stations in the Mun basin of Thailand. Based on the two
metrics, our proposed model show the best performance
over other three techniques. We also perform
experimentation on both training data and test data to check
over-fitting problem. The results confirm that all models are
non over-fit to the training data.

REFERENCES

[1] M. A. Kaltech, “Rainfall-runoff modeling using artificial neural
network modeling and understanding,” Caspian Journal  of
Environmental Sciences, vol. 6, pp. 153-158, 2008.

[2] P.S. Kumar, T. V. Praveen, and M. A. Prasad, “Artificial neural
network model for rainfall-runoff-a case study,” International Journal
of Hybrid Information Technology, vol. 9, no. 3, pp. 263-272, 2016.

[3] H. Chu, J. Wei, T. Li, and K. Jia, “Application of support vector
regression for mid- and long-term runoff forecasting in "yellow river
headwater’ Region,” Procedia Engineering, vol. 154, pp. 1251=1257,
2016.

[4] F. Granata, R. Gargano, and G. D. Marinis, “Support vector regression
for rainfall-runoff modeling in urban drai A parison with the
EPA’s storm water management model,” Water, vol. 8, no. 69, 2016.

“ I .

[9] J. A. Hartigan, A. Manchek, and A. Wong, “Algorithm AS 136: A
k-means clustering algorithm,” Journal of the Royal Statistical Society.
Series C (Applied Statistics), vol. 28, no. 1, pp. 100-108, 1979.

[10] A. Saltelli, “Making best use of model evaluations to compute
sensitivity indices,” Computer Physics Communications, vol. 145, no.
2, pp. 280-297, 2002.

R. Chanklan is currently a doctoral student with the
School of comp incering, Si Iniversity
of Technology, Thailand. She received his bachelor
degree in Computer Engineering from Suranarce
University of Technology, Thailand, in 2013, the
master degree in computer engineering from Suranaree
University of Technology, Thailand, in 2014. Her
current research of interest includes classification, data
mining, artificial intelligence.

K. Chaiyakhan is a lecturer with the Computer
Engineering Dep Raj la University of
Technology Isan, Nakhon Ratct Thailand. She
received her bachelor degree in computer engineering
from Raj la  University of Technol
Thanyaburi in 1998, the master degree in computer
engineering from King Mongkut’s University of
Technology Thonbuti in 2007 and doctoral degree in
computer engineering from University of Technology, Thailand
in 2016. Her current research includes image classification and image
clustering.

K. Kerdprasop is an associate professor and chair of

=~ the School of Computer Engincering, Suranarce

©3 University of Technology, Thailand. He received his
bachelor degree in b ics from Srinakarinwi

‘# University, Thailand, in 1986, the master degree in

computer science from the Prince of Songkla
University, Thailand, in 1991 and doctoral degree in
Computer Science from Nova Southeastern
University, U.S.A., in 1999. His current research includes data mining,
artificial intelligence, functional and logic p 1

[5] N. Sajikumar and B. S. Thand: fall ff
model using an artificial neural network,” Journal of Hydrology, vol.
216, pp.32-55, 1999.

[6] A. Agarwal and R. D. Singh, “Runoff modeling through back
propagation artificial neural network with variable rainfall-runoff data,”
Water Resources Management, vol. 18, pp.285-300, 2004.

[7]1 A.Dorum, A. Yarar, M. F. Sevimli, and M. Oniigyildiz, “*Modelling the
rainfall-runoff data of susurluk basin,” Expert Systems with
Applications, vol. 37, no. 9, pp. 6587-6593, 2010.

[8] A. Farag and R. M Mohamed, Regression Using Support Vector
Machines: Basic Foundations, Technical Report, University of
Louisville, Louisville, 2004.

N. Kerdprasop is an associate professor at the School

- of Computer Engineering, iversity of

Y Technology, Thailand. She received her bachelor

degree in radiation techniques from Mahidol

University, Thailand, in 1985, the master degree in

computer science from the Prince of Songkla

University, Thailand, in 1991 and doctoral degree in

computer science from Nova Southeastern University,

U.S.A, in 1999. She is a member of ACM and IEEE Computer Society. Her

research of interest includes knowledge discovery in databases, artificial
intelligence, and intelligent databases.




125

International Journal of Machine Learning and Computing, Vol. 8, No. 1, February 2018

Runoff Prediction with a Combined Artificial Neural
Network and Support Vector Regression

Ratiporn Chanklan, Nuntawut Kaoungku, Keerachart Suksut, Kittisak Kerdprasop, and Nittaya
Kerdprasop

Abstract—Water is an important part of our daily lives: food,
manufacture, agriculture, etc. When water is not enough for all
population, it leads to many undesirable impacts including
drought, famine and death. The solution to this problem is the
good management of water resources. The management of
water resources is planning and designing of projects related to
water. The runoff prediction is one major part of planning. It is
a complex process and it also needs an adequate modeling
technique for accurate prediction. Therefore, we propose to use
combined algorithms to improve prediction performance, Our
combination includes the two powerful methods: Artificial
Neural Network (ANN) and Support Vector Regression (SVR).
The root mean square error (RMSE) and the correlation
coefficient (R) are two criteria that we use to evaluate the model
performance regarding the comparison between actual runoff
and the prediction made by our model. We also compare
performance of our model against the other algorithms: Linear
Regression, ANN, and Support Vector Machines, The
comparison results show that our proposed method shows the
best performance and the combined model is also quite accurate
on predicting the peak runoff values during heavy rain season.

Index Terms—Runoff prediction, artificial neural network,
support vector regression, Mun Basin.

1. INTRODUCTION

Currently, people are experiencing both direct and indirect
impacts from droughts such that it results in water usage
restrictions, more frequent forest fires, reduced crop yields,
loss of livestock, and many others [1]. On the contrary,
people also experience floods in larger areas year by year.
The efficient management of water resources is one way to
protect the two water problems: flood and droughts. A
knowledge to make accurate runoff prediction can obviously
help planners and water management policy makers to know
in advance the water volume as either enough or not enough
for the demand of people use and also can improve efficiency
on flood and drought control.

Artificial neural network (ANN) shows good performance
on predicting outcomes from many complex processes and
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through the funding of Knowledge and Data Engineering Research Units.
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recognizing patterns [2]. It has also been used to create
computational model to predict several kinds of outcomes in
the hydrology research, such as stream flow forecasting,
rainfall-runoff modeling, water quality and management
modeling [3], [4]. Besides ANN, Support vector regression
(SVR) is another accurate technique that has been recently
applied to predict runoffand [5], [6]. SVR has been known to
show high performance on learning solution in complex
problems [7].

In this work, we propose a new method to predict monthly
runoff. In our method, the better performance can be
achieved through the combination of ANN and SVR. The
results turn out that our model can predict both low and high
runoff values. A literature normally uses statistical values
such as mean absolute percentage error (MAPE), coefficient
of determination (R’), correlation coefficient (R), and root
mean squared error (RMSE) to compare performance of a
prediction algorithm. In our work, we adopt two metrics: R
and RMSE.

II. BACKGROUND THEORIES

A. Artificial Neural Network

ANN has been developed base on operations of the human
brain, It is the most widely used tool in hydrology. The
network has three layers: input layer, hidden layer and output
layer. The input nodes are name node in input layer. The
number of attribute in data is equal to the number of input
nodes. The hidden nodes are name node in hidden layer, the
number of nodes is defined by a user, and this layer can be
more than one layer. The output nodes are name node in
output layer, the number of nodes is equal to the number of
target on data. The network are connected between the nodes
with line, and each line has weight. ANN learning is to find
proper weight on each line in the network. The proper weight
is the one that can best separating training data into the
corrected target groups. There exist several architectures of
ANN. In this work, we use feed-forward neural networks.
The transfer function in the hidden layer is a linear function.

B. Support Vector Regression

SVR works by transforming the input data into a
high-dimensional feature space by linear or nonlinear
mapping. SVR is the most popular application form of
Support Vector Machine (SVM). The intuitive idea of SVR
on predicting future data is illustrated in Fig. 1.

The goal of SVR is to find a function f(x) that has at most &
deviation from the actual target value y; for all the training
data [8]. This linear function f is shown in equation 1. A
training data is a set of input-target pairs, {(x1, y1), ..., (x, ¥}

39
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CXXR.
fX)=(wx)+b (1)

When a function f(x) is hyperplane, the size of ¢ is margin,
the symbol (-, -) is the dot product in X, b € R and w € X. The
hyperplane has small margin in which the SVR has to find it.
This small margin tries to keep all the data lying inside as
much as possible. The margin can be calculated as in
equation 2.

T 2 : yi—{w,x)+b<e
minimize ; llw||* subject w{(w,x() L by

@

Through equation 2, it is implicitly assumed that this is a

function f that approximates all the pairs (x;, y;) with precision.

If it is not possible to keep all data inside the margin, the slack
variables &;, ;" can be introduced to solve the problem. This
can be stated according to the equation 3.

1 N
minimize > [w]l? + CZ &+ &)
i=1

yi—(w,x)+b<e+§

(w,x;) +b-y, <e+§& ®

subject to {

The constant C > 0 directs the choice between the flatness
of f and the amount up to which deviations larger than & are
tolerated.

+&

f(x)

Fig. 1. Example of linear support vector regression.

C. Correlation Coefficient
The correlation coefficient is denoted by R and its
numerical value is between -1 and 1. The plus sign means the
correlation of the two variables (x and y) moves in the same
direction, whereas the minus sign infers opposite direction.
The magnitude expresses the strength of the relationship; the
higher is the stronger regardless of the sign. No relationship is
the magnitude that closes to 0. The correlation coefficient can
be computed using equation 4.
Rz nEI X0y =N Xi T Vi )
[nzimy e~ ) Jln B Ead)]

where x; is the value of variable x or predicted value (when i =
1,2, ..., n),y;is the value of variable y or actual value, and n
is the total number of samples.

D. Root Mean Squared Error

The Root Mean Squared Error is denoted by RMSE and
used to measure performance of the model. The RMSE can
be calculated as in equation 5.

RMSE = |(2002) ®)

where N is the number of all data, O; is the predicted value by
the model, and 7; is the actual value, i=1,2, ..., N.

ITII. MATERIALS AND METHODS

Our study area is Mun Basin (Fig. 2), the largest basin in
the North-eastern region of Thailand.To build a predictive
model, we use temperature data from the National Statistical
Office (http://www.nso.go.th), monthly rainfall, runoff and
the number of rainy days data from the Meteorological
Department  (http://www.hydro-4.com) and Normalized
Difference Vegetation Index (NDVI), from the NOAA
STAR (http://www.star.nesdis.noaa.gov). This research use
RStudio as the analysis tools in our experiments. The runoff
data are from two sources: M145 and M173 station.

Fig. 2. The study area: Mun Basin, Thailand.

M145 station locates at Ban Wang Takhian, Amphur Pak
Chong, in Nakhon Ratchasima Province, Thailand. We use
the 18-year data during 1998 to 2015. We spilt the 13-year
data (1998-2015) to be training data and the remaining 5-year
data (2011-2015) are for testing the model performance.

M.173 station locates at Ban Non Sa-at, Amphur
Chokchai, in Nakhon Ratchasima Province, Thailand. The
training data is a ten-year period (2002-2011) and the test
data is the four-year period (2012-2015).

Then, we use rainfall, runoff, the number of rainy days,
temperature and NDVI with the lagging time 1-month and
2-month. These data are input into two learning algorithms:
ANN and SVR. Then, the average rainfall is lagged 1-month
(average rainfall,;) to select the best subset of data from the
initial training set for appropriate algorithm. The average
rainfall can be calculated as in equation 6.

N
averagerainfall,_; = L:ﬂ (6)

Where a is the average monthly rainfall in lagged 1-month
over the training years, N is the number of training data
(when i=1, 2, .., N), and n is the number of years from training
data.

Our combined prediction model has a flow as shown in Fig.

3. The selection of either ANN or SVR model is based on the
amount of rain. If the rainfall in lagged 1-month (rainfall,,)
has value less than average rainfall,,, then apply the SVR
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model because based on our observation this kind of model is
good at prediction on normal or drought situation. But if the
rainfall in lagged 1-month (rainfall, ;), has a value higher than
the average rainfall, |, then apply the ANN model that is good
in predicting the near-flooding situation.

rainfall, the number of rainy day,
temperature, NDVI and runoff

(lag 1 and 2 month)

Fig. 3. The modeling process for runoff prediction.

The final step is the performance evaluation using the two
statistical values: Correlation Coefficient (R) and Root Mean
Squared Error (RMSE). The R and RMSE are computed from
experimentation with the separate test data.

IV. EXPERIMENTAL RESULTS

TABLE I: RUNOFF PREDICTION PERFORMANCE FROM ANN MODEL

Station ANN topology R RMSE
10-1-1 0.67 8.17
10-2-1 0.59 879
10-3-1 0.66 8.20
10-4-1 043 10.66
10-5-1 051 9.68

MI145
10-6-1 0.66 8.28
10-7-1 0.62 878
10-8-1 048 1048
10-9-1 0.64 8.53
10-10-1 0.59 9.39
10-1-1 0.51 65.40
10-2-1 0.48 66.13
10-3-1 047 87.51
10-4-1 043 68.66

MIT3 10-5-1 037 11424
10-6-1 0.66 58.73
10-7-1 0.55 79.42
10-8-1 0.52 80.62
10-9-1 047 97.30
10-10-1 0.65 69.74

The train and test data have ten input variables (rainfall,
runoff, the number of rainy day, temperature and NDVI with
lagged 1-month and 2-month). We use the initial training set
input into ANN and SVR to create a combined model and
then test this model with the test data. The results of applying
ANN and SVR alone are shown in Tables I and II,

41

respectively. The result from our proposed combined model
is presented in Table IIL.

TABLE II: RUNOFF PREDICTION PERFORMANCE FROM SVR MODEL

Station Kernel R RMSE
linear 0.58 10.17
sigmoid 0.14 29.20
Mi145 .
pelynomial 0.45 10.37
radial basis function 0.67 8.98
linear 0.54 61.66
sigmoid 0.04 135.05
M173 e .
polynomial 036 69.62
radial basis function 0.55 62.84

TABLE III: RUNOFF PREDICTION PERFORMANCE FROM PROPOSED MODEL

Station ANN topology Kernel R RMSE
10-6-1 lincar 0.68 8.09
10-6-1 sigmoid 0.63 861

M145 10-6-1 polynomial ~ 0.68 811
10-6-1 RBF 0.69 8.01
10-8-1 linear 0.71 52.09
10-8-1 sigmoid 0.71 52.42

M173 10-8-1 polynomial — 0.71 52.38
10-8-1 RBF 0.71 51.99

Our design of ANN architecture is based on the suggestion
“the optimal size of the hidden layer is usually between the
size of the input and size of the output layers” [9]. We thus set
the hidden layer to be in the range 1-10 as shown in Table 1.
The results reveal that at the M145 station the best network
topology is 10-1-1 (R=0.67, RMSE=8.17). At the M173
station, the best topology is 10-6-1 (R=0.66, RMSE=58.73).

On building the SVR model, we set parameters as follows:
cost=1, gamma=1/(data dimension)), degree=3 and
coefticients of the support vector =0 for each kernel. The best
runoff prediction at the M 145 station is the radial basis kernel
(R=0.67, RMSE=8.98). At the station M 173, the linear kernel
(R=0.54, RMSE=61.66) performs almost as good as the
radial basis function (R=0.55, RMSE=62.84).

‘When we combine the power of both ANN and SVR
algorithms, it shows clearly good performance. In our
proposed method, we use either ANN or SVR depending on
the amount of rain in each data instance. We therefore report
both the ANN architecture and the kernel function in Table
111. The best results are the one highlighted in red bold font.
We also show graphical comparisons of ANN and SVR
methods for the station M145 (Fig. 4) and the station M173
(Fig. 5). The actual versus predicted runoff values using our
proposed combination ANN-SVR method in both stations is
presented in Fig. 6.

Figs. 4 and 5 clearly reveal strength of the ANN and SVR
models on predicting runoff values. It can be noticed that the
ANN performs well on some peak values, but perform poorly
on some low runoff values at the M145 and M173. On the
contrary, the SVR is good at predicting runoff amount during
the water shortage situation. But when runoff is excessive,
the SVR model performs quite poor at both the M145 and
M173 stations.

It is actually based on these experimental observation that
we thus design the proposed model combining the strength
from each model using raining amount as a decision
criterion.




128

International Journal of Machine Learning and Computing, Vol. 8, No. 1, February 2018

~—runoff

LIE I8 80 IEIE G 0008 JF 4 S E 18 LIEE I8 838 F
011 0012

M145

== ANN(10-1-1)

—a-SVM(radial)

S

E3F RS IR (R0 08 1P ST 3F I8 IR IEIR G 038 18 JE Tt 18 S8 3 ESE A8 03 3
2013 004 05
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Fig.6. The predicted and actual runoff values at theM 145 and M173 stations made by our proposed method.

Our proposed method use average monthly rainfall to
select a subset of data for each algorithm with the intuitive
idea that rainfall causes runoff. It turns out that our model
performs the best in both shortage and excessive rainfall. The
proposed method can also find a good architecture for hidden
node layer of the ANN.

In addition, we also create model base on Linear
Regression (LR). The prediction results are however poor (at
the M 145 station, R=0.67, RMSE=8.17; at the M173 station,
R=0.51, RMSE=65.46). Therefore, we can conclude from
these experimental results that our proposed method is the

best combined model to predict runoff (at the M145 station,
R=0.69, RMSE=8.01; at the MI173 station, R=0.71,
RMSE=51.99).

V. CONCLUSION

In this work, we propose a runoff prediction method that
combine the advantages of ANN and SVR to predict runoff
(rainfall;). The strength of ANN is its high accuracy on
predicting runoff when the amount of rainfall is high. The
strength of SVR is on the contrary that it is good at the low
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The Silhouette Width Criterion for Clustering and
Association Mining to Select Image Features

Nuntawut Kaoungku, Keerachart Suksut, Ratiporn Chanklan, Kittisak Kerdprasop, and Nittaya
Kerdprasop

Abstract—Image data are normally unstructured and high
dimensional due to the photography technology advancement
such that an image can be taken at a wide range of resolution
levels. To overcome such problem, data miners may consider
selecting only a minimal set of features that are really important
for classifying their images. Feature selection is a popular
method for reducing dimensions in data. However, most feature
selection algorithms return results in form of score for each
feature. It is still difficult for data miners to choose features
based on such scoring scheme because they may not know which
score range is the best for their data classification at hand.
Therefore, in this research, we aim to assist data miners and
novice data analysts on solving dimensionality problem by
finding for them the best optimal set of features, instead of just
reporting the scores of all features and leaving the selection step
to be the burden of miners. We select optimal set of features by
firstly apply clustering technique to group similar features
based on their scores. We thus propose the silhouette width
criterion for selecting the optimal number of clusters during the
cluster analysis step. After that we perform association mining
to analyze relationships that may exist among different subsets
of features toward the target attribute. Our method finally
reports user the best subset of features to be potentially used
further for data classification. We demonstrate performance of
our proposed method on the satellite forest image data in Japan.

Index Terms—Image data, feature selection, clustering,
silhouette criterion, forrest type classification.

1. INTRODUCTION

With the rapid development of current electronic devices
such as sensors and cameras, the outputs from these devices
are of high quality and also high dimensions. Unfortunately,
high dimensionality is still an unsolvable issue for many
existing data mining and machine learning algorithms. Data
with overwhelming attributes or dimensions can be a major
cause of low computational performance. It can be even
worse when such data may cause a creation of classifying
model with low predictive accuracy due to the search for
discriminative set of features is obscured by so many
irrelevant features. Most classification algorithms are not
designed to efficiently handle such high dimensionality
problem.

Therefore, the numerous feature selection techniques have
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been proposed as a pre-classification step for solving the high
dimensionality problem. Several research teams introduce
many ways to reduce the number of features. The reduced set
of features has been proven experimentally increasing the
performance of learning process and also being able to build
an accurate classification model. Generally, feature selection
techniques can be divided into three classes [1]. The first class
is called filter method, such as CfsSubsetEval [2],
Information Gain, and Chi-Square [3]. The second class is the
wrapper method [4], [5]. The filter method introduces some
form of scoring computation without actually building a
model, whereas the wrapper approach scoring the selected set
of features by observing the error made by the classifying
model. The last class 1s called the embedded method; it
combines the advantages from both the filter and wrapper
methods [5].

Xie er al. [6] proposed the association rule mining
technique to calculate weight for find the optimal features that
are closely correlative with the class attribute, but the
proposed technique is quite complex and performance test
with cross validation. Nuntawut er al. [7] proposed the filter
method for feature selection based on association rule mining
such that the specific set of association rules that the rules’
consequence is the target class. But this feature selection
algorithm does not work automatically because human is the
one who select the features one by one based on the feature

scores reported from the algorithm. Therefore, Nuntawut er al.

[8] improved the algorithm by proposing clustering technique
to cluster the feature scores to assist users on finding an
appropriate groups of features. The clustering process is
supposed to be automatic in the sense that the number of
clusters should be judged by the process itself. However, the
clustering algorithm is still semi-automatic in the sense that
users must specify the suitable number of feature clusters.

This research, thus, aims at extending the previous work of
Nuntawut et al. [7], [8] by proposing a silhouette width
criterion for automatic setting of initial cluster numbers. We
also add confidence criteria into feature selection based on
association rule mining technique to increase performance.
Experimental results confirm the efficacy of our proposed
method that can extract only relevant set of image features
from ASTER satellite resulting in better recognition for each
forest type.

II. MATERIALS AND METHODS

A. Feature Selection Based on Association Rule Mining

Association rule mining is finding the frequent patterns in
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database and present them in the form of association rules [9].
Generally, there can be so many possible association rules
from this technique. Therefore, some constraints are
necessary for reducing such exponential growth. There are
two popular criteria: support and confidence. Support is the
frequency of the occurring event, as shown in (1). Confidence
is the proportion of frequency of co-occurring events to the
frequency of antecedent event, as shown in (2).

Support,Supp(X —Y)=P(X AY) )
Confidence,Conf (X - Y)= Supp(X > Y) 2
Supp(X) 2)

This technique had been successfully applied to multiple
disciplines such as marketing to increase sales. Nuntawut et
al. [7] applied this technique to find optimal feature set from
high dimensional dataset by finding association rules that the
target class appears in the consequence of the rule. Then,
consider the features or attributes that are most influencing the
target class. The algorithm consists of 4 steps:

Step 1: define minimum frequency threshold, support, and
confidence. Find frequent patterns and then generate
association rules based on the Apriori algorithm [10].

Step 2: select only association rules that their consequence
is target class.

Step 3: count features that appear on association rules.

Step 4: calculate frequent features in percentage, as in (3).
Then, remove any feature having percentage of frequency
appearance in the set of association rules lower than the
specified minimum frequency threshold.

AppearFrequency %100 (3)

FrequentFeature =
= #Rules

B. k-Means Clustering

Inter-cluster distances
are maximized

Fig. 1. Forming three clusters with minimized intra-cluster distance but
maximized the inter-cluster distance.

k-Means algorithm is unsupervised learning method to
form data into clusters based on data similarity regardless of
the target class information. Fig. 1 depicts the idea of
clustering such that distance between data in the same cluster
(intra-cluster) is low, whereas the distance between data in
one cluster to data in another cluster (inter-cluster) is high
[11], [12]. The k-means algorithm can be explained by the
following 4 steps:

Step 1: define the number of clusters (K) and randomly
pick k instances as the initial cluster centroids.

Step 2: assign all data points to the closest centroid by
measuring the distance such as the Euclidean distance.

and Computing, Vol. 8, No. 1, February 2018

Step 3: re-compute the centroid of each cluster by
calculating mean value of all the data points in the cluster.

Step 4: repeat steps 2 and 3 until the centroid does not
change.

C. Silhouette Coefficient

The shortcoming of k-means clustering is the appropriate
choice of &, which is the number of clusters. Silhouette
coefficient is a popular measure for considering such
parameter. The silhouette coefficient can be computed by
using average distance between data points in the same cluster
compared against average distances between data points in
other clusters. Fig. 2 shows main concept of the silhouette
coefficient to calculate the silhouette average of all cluster.

b= mi
avg. .

Fig. 2. Concept of the silhouette coefficient.

Input

Hidden Layer

Inpart Layer
Fig. 3. The architecture of artificial neural networks.

Define K to be cluster composing of data x(i) and a, is
average distance between x(;, to every data point in the cluster
K. The notation b, is minimum average distance between x(i)
and every data point in other clusters that are not a member in
K. The calculation [13] of the silhouette coefficient of x(7), the
silhouette average of each cluster, and the silhouette average
of all cluster can be shown as in (4), (5), and (6), respectively.

S.y= by — i 4)
max(a, b))

where
x(7) = data point in the cluster, 1= 1,2, 3, ..., n,
a,;, = average distance between x; and every data point in
the same cluster, and
by, = minimum average distance between x; and every data
point in other clusters.

1

M‘

5, =135, ®)

1
n ¥

where k& = number of clusters, and
n = number of data points in the same cluster.

5. =1%s ©)
i3,

where m is number of all clusters.
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D. Artificial Neural Networks

Artificial neural networks is a simulation of human brain
with computer program that can self-adjusting from learning
the input values. The remarkable feature of this technique is
that it consists of many nodes in the hidden layer in which
parallel connections are effective for data classification [14].
Fig. 3 shows general architecture of artificial neural networks
consisting of nodes and edges between nodes. Form the figure,
the network can be partitioned based on node layout into 3
layers. The first layer is input layer; the second is hidden layer
(this layer can have more than 1 layer), and the final layer is
output layer.

and Computing, Vol. 8, No. 1, February 2018

III. PROPOSED WORK

In this section, we present the proposed process of
silhouette width criterion consideration for automatic
clustering of feature sets with the main focus of finding
optimal feature to be discovered by association rule mining.
The idea is that we use the silhouette coefficient to find the
appropriate number of clusters for clustering the feature
scores from feature selection ob d from the iation
rule mining. The objectives are to increase the predictive
accuracy and to reduce the data dimensions of forest type
dataset.

Fig. 4. The concept of feature selection based on association rule mining.

Chusters sincuete pict
Average sinoiete wia O

(dk=5

Clusters sinovete piot
Sanuerie w084

(g k=8 (h)

Fig 4 shows the steps of the proposed process, which
consists of three phases: phase 1, read the dataset from file or
database and then perform discretization with chi-square

Clusters simouetie piot
& ‘Average winouetie width: 061

k=9
Fig. 5. Comparative graphs showing average silhouette widths of different cluster numbers.

Hk=10

algorithm if the data type is numeric. This discretization step
is necessary for association rule mining that can handle only
categorical values. Phase 2 is the feature selection method that

71




133

International Journal of Machine Learning and Computing, Vol. 8, No. 1, February 2018

consists of three steps:

Step 1: find frequent patterns and generate from these
patterns association rules in a format “/F condition THEN
consequence.” This step is done through Apriori algorithm
with initial 2 thresholds: support and confidence. We also
constrain the algorithm to generate rules with target class
appeared in the consequence part of the rule. The result from
this step is a set of features with scores computed as feature
frequency in association rules and average confidence of each
feature.

Step 2: cluster the features based on their scores with
different number of clusters. For each number of clusters,
calculate the silhouette coefficient to find the best number of
clusters. The higher silhouette coefficient means the better
formation of clusters. The result in this step is the optimal
parameter & to be used in the k-means clustering on step 3.

Step 3: perform k-means clustering with the initial number
of cluster (k) according to the recommend value from step 2.
We then select a set of features from a cluster showing mean
confidence higher than other clusters. The result in this step is
optimal feature set to be used for classification.

Finally, phase 3 is the building of classifier using artificial
neural networks.

TABLE I: COMPARATIVE RESULTS OF CLASSIFICATION ACCURACY,
NUMBER OF FEATURES, AND AVERAGE SILHOUETTE WIDTH

Number of Accuracy  Number of Average

Clusters (k) Features Silhouette Width
2 80.31% 20 0.59
3 81.54% 14 0.61
4 82.77% 11 0.61
5 82.77% 11 0.78
6 82.77% 11 0.84
7 84.62% 10 0.85
8 80.00% 7 0.84
9 79.69% 5 0.78
10 78.46% 3 0.70

IV. EXPERIMENTAL RESULTS

To test performance of the proposed method of feature
selection based on the silhouette width criterion for clustering
relevant featured discovered by association rule mining, we
use the forest type with high-resolution imaging from ASTER
satellite that has been publicly available at the UCI Machine
Learning Repository (http://archive.ics.uci.edu/ml). The data
are divided into training dataset (198 instances) and test
dataset (325 instances). We initialize Apriori algorithm to
discover feature sets with support = 0.1 and confidence = 0.1.
We experiment with number of clusters (k) between 2 to 10
clusters.

Table 1 shows comparative results of classification
accuracy, number of features, and average silhouette. Fig. 5
shows comparative average silhouette widths of different
clusters. It can be seen that when the number of cluster = 7, the
average silhouette coefficient is maximized (0.85). At this
maximum coefficient value, the predictive accuracy is as high
as 84.62%. Moreover, the number of features can be reduced
from 26 down to 10. Characteristic of number of features
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according to the changing number of clusters has been
captured and shown in Fig. 6.
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Fig. 6. The effect of cluster numbers to the number of features.

-
ass "

w0 e— ’/\__..\'
-

0% .

068

058

050

~s—Accuracy - Average Silhouette Width
Fig. 7. The accuracy and average silhouette width characteristics.

Fig. 7 shows the comparisons of predictive accuracy and
average silhouette width as the number of clusters has been
varied from 2 to 10. It can be seen that the average silhouette
has direct and positive impact to the classification accuracy.
This is observed from the graph that when the silhouette width
is low, the accuracy is also low. When the silhouette width is
high, the accuracy is high as well.

V. CONCLUSION

This research aims at studying a novel method to use
silhouette width criterion for cluster analysis with the main
focus of finding optimal feature set to be used for building
classification model. Set of features are discovered with the
association rule mining method. The proposed feature subset
selection method is to be applied on classifying data with high
dimensionality such as satellite image data. Our proposed
method works with three main phases. Firstly, find and score
relevant set of features based on association rule mining
technique. Secondly, apply silhouette width criterion to find
optimal parameter k for the next phase of feature clustering
and add average confidence threshold of each cluster to
feature score for increasing clustering performance. From the
experimental results, we can conclude that the proposed
method can select a discriminative set of features resulting in
a highly accurate classification model.
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