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Abstract

Forecasting water inflow into the Bang Lang Dam is important for the
management of the Pattani River Basin, which serves as a multi-purpose irrigation
source for electricity generation and agriculture in the area. Currently, the information
system provides various reports but lacks predictive information regarding the amount
of water flowing into the dam, which is crucial for effective water management. The
prediction of dam inflow needs to be studied in order to understand the factors that
affect the amount of water inflow, serving as a key element in accurate forecasting.
Therefore, this research aims to study the factors that influence the water inflow to
develop a dashboard model for forecasting water inflow in the Bang Lang Dam located
in Bannang Sata District, Yala Province. The study utilized H20's deep learning model,
specifically feedforward neural networks, to create a predictive model for water
inflows. Data were imported daily from January 1, 2012, to December 31, 2020. The
most significant factor influencing the forecast of water flowing into the dam was the
amount of water flowing into the Bang Lang Dam from the previous day, followed by
daily rainfall, daily average temperature, daily average relative humidity, and average
daily air pressure from STHO31 station. The stations BTGH, BLD1, and VLGE35 followed
with weight values of 0.136, 0.134, and 0.128, respectively. The model's accuracy was
measured using MAE (Mean Absolute Error): 1.300, RMSE (Root Mean Square Error):
3.111, R? (Coefficient of Determination): 0.767, and R (Correlation Coefficient): 0.876,
which indicates good reliability. The model can be displayed as a dashboard tailored
to the user's needs. The dashboard is divided into two parts. The first part shows the
forecasting results of the amount of water flowing into the dam, presenting 22 variables
and displaying the results in millions of cubic meters per day. The second part presents
the necessary information to facilitate the operation of the staff involved in water

management.

Keyword : deep learning, forecasting, water inflow, Bang Lang Dam
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10 | 240201(6) | waibrdmanil Truueans adutfiam | 2evan | withdaminouds | 06-09-52 101-16-19 nuw. -
11 X.77 wsithdnmni Juilsan 0. 0utlan servan | wihdamilneusns 6-15-37 101-16-19 3. -
12 240301 wiithdamil wsithdaaniifituaanm 2. Jutlsan sevan | wihidamineudn 6-16-01 101-16-01 . -
13 X.TTA wsithinmnil Judesiiu adulfam | veran | wibhdamineusns 6-16-35 101-17-31 ¥ 1533
14 X.89 wiithdamil TrunssUils 0.n39Us sevan | wihideamineudi 6-25-00 101-16-41 U -
15 X.175A wsithdnmni YUY 089 serven | wihhdamilneusns 6-28-17 101-10-47 3. -
16 X.72 wiithdamil Juazue 9.989 sovan | wihdaminoudi 6-28-21 101-10-01 ¥ 207
17 X.175 wsithdamnil SR 0.8 sovan | wihbdamineudn 6-28-25 101-08-31 3. 400
18 X.13 wiithdamil Ynidfiduazm auflosezan | sovan | wihdamineud 6-32-00 101-16-01 ¥ -




19 X.40A wiithdamil Yruvinay audlosezan | sovan | wibhdamineudi 6-33-03 101-16-08 U 2756
20 X.40 wsithdnmni Yamidfichumaiai oudloswzan | sovan | wibhdamineudn 6-34-03 101-17-38 3. 2303
21 240303 wiithdamil wlth¥amifinmana audlosezan | sovan | wibhdamineudi 6-39-00 101-16-59 NU. -
22 X.40B wiithilnmnd hedeutinnnil oudloswzan | sovan | wibdamineudn 6-60-29 101-17-41 3. -
23 X.79 wiithdamil Ynnilfidadansanne 2.9859 a.8amil | withemilneuss 6-41-51 101-17-28 U -
24 240302 wiithinndl wiithinmiifles3s 2.9859 9000l | withiamiimeuans 6-43-00 101-16-59 U -
25 X.10 withiiannd Unonifiaznuanyda oufoslonndl | a.danndl | whiiadneudns | 6-51-02 101-15-18 . -
26 X.10A ushidneni USIUALNULAYILTR ouflostiamil | adamd | wihiemineudn | 6-51-48 101-15-18 . -
WUY LVWJ

YU, = NTUNSNYINTUI
Ane. = nstrieendn

PU. = nTUYAUTETN U




2.2 A1SAANTISUBNDNISNEAST

2.2.1 anwmaudnlu dosinisdnnisin Tudsenele [2]

1) il esnUszeinsdrulng vesusuimeauszunadesar 63.5 Useneue dn
\nunsnTs izfivsemelnediud 3207 1wl Tae 132.7 dwldvdedosas 41.4 18y
fufiiiensinuesuariuualfuvenedufindy (uiinsneasiinnudesnisléiig) udlu
anmiagUulasinisvalsemuainnsasessunianisinunslaiiies 23.57 a1uls wse
Uszanas 17.8% winu luvmeiifiufinnsinuasimdedn 82.2% desendetnuain
s33uwA liiwuou dwalisuseldflunmenveslduiueunailuse

2) Uszinalnefdusunadudi andundssening 800 - 4,400 daduns /3 wade
Uszued 1,468 dadtuns / U Immﬂiﬁﬁmumﬂmaﬁ'qm SR9A9UIAD A1ANATY AR
avfusenidoanile wazamammie auddy windnduusunaidutemndifing uly
Useinelng duszanudag 760,000 d1ugnuianuns tnesegar 71.7 agssmenaulyly
mmmmdwa%‘uaﬂé’au diudniosay 28.3 nIoUsvual 215,000 d1ugnuUIARLUAT W@
nanewdudivin (dhfinfu) 92% vesivinlulsy mﬂlmmmuiuqmﬂu wazlied 8%
maaaaiuqmm LuaamnmmLmﬂmwammﬂivmm Usunaihely davin anmiu msld
ARU NITLNYAT 18 1uLLmauquuw mimn@f]@mmmmmq 9 wana1eiu ldinazdu
ﬂﬁymﬁmmﬂ vy §m7i’jﬂuﬁaaqﬂ’u{]aummmmwﬁ;wLﬁ'mmﬂﬁwLﬁaﬁmmqmmmﬂﬁu
aselgmbidunianisinensnalsusznig

3) 91nUFanadvinludssmalneUssana 215,000 &1u drugnuiaiiung 139
anunsaadessuuinifui lutlaguldifies 72,000 dugnuiaduns vieifissdesay 33.5
dutvifimdesrivalunuuiiuaginaasgnza vndnidlvavndwiauhliuande
yamainuasdemelurasitsaussmuiifulibidsmedenisvnainunslugguasld
Jelianunsaldifuihmsinuasidegafui Tuggudsld dealifinumsnsiluszaudamma
wiswghia d51elaves [2]

Y

2.2.2 Angamvasiiunvauseniu Tutagdu

1) Tassnsvausgmuvunalvg Jufuiifddnenmesnineinsit daugam
anysaifun annsoiauduiiuiinimdn Wensuaussnudeansvesmainuualig)
1§ vdemanaiionisdseanluaiinadnie inwnsnstinssamdadudungu fnsiau
Frutasssn Snsiaudnenmlunsldiuaeiussdnsam Ssunaanmsadudaaia
or@ndunainens waziuziimaluladnisinuasfiviangauioifiudnenmnisudanig
nsnwastanuinyaInsla

2) Tassnsvavsemuruianats Wuiufifiddnen nveamsneinsin seduliu
na1e annsaauTliduiuiinnsede Wenevaussanudeanisvewmainnielulssine
v3enaniilenisdseaniBenaniniiaannled inwmsnsiinmsrudadudungy Sangiaun
Fnennlunsliiuasivssdnsam Ssuraaunsadnnduasuendndunsinuas uag



wuztinaluladmsinunsivanzasfiofiudnoainnisndanisnisinns iiuineasns
Tudsnmnmldedad udnisasaaeuuiavesiduyulfifisame dounununig
AETUA 9

3) Tnssnswauszniuruiadn uaglasanisguindaeluii ulasenisiilid
fnguszasdlumsnifunineinsindundn vhuddissnsasishe dWesnszdutdmdnie
Tiiastu udwihnisguidedudilaih e lldluiuivinisinwnsuinalndidesanid
gutwindy Wulassnsfiannsodmuauuimisnstau i udwdnems dus
yuguldindu mmgddedtn duimadifieninnenslugguds wsduundaid
satiunevauesaufesnmsliiiitemsgulnauilnalundniindy

2.3 nMswensal (Forecast)

n1snensal (Forecast) LlunstdmansuazAadlunisviunemenisallusuien
FeormaneTBunld usgiuantunsalifiuandnetuoonly du

- lideyaluefnlagendenannismsadinmansAuin

- ldnaeiidiaanUszaunisuazanusvesinensal

« Tgvane3s sy

WALANNST

dnyanTe e
Nanlaainng

NeNNTOd
Uszaunisnllu .
(NTLUIUNNT WEINNTHL

=
AR

WEYINTOU)

= ¢
AN 2.3 NTLUIUNITNYINTEU

35n1snensal aunsanusesndu 2 Useian Ao

- N13NEINTALTIAMAIN Qualitative : LTun 1w NI lda19dmsal e1sual
Ausan Ysraunisalvesiinduladundnlunisnensel

- NM5NeINTalTIUTUI Quantitative : Wuniswensalldguuuuniendaamans
WYy wazdinideyalusdnunldlunisneinsel



ASNEINTal

ASNEINTA LB ASNEINTA LT
Usunay AN

FFAs1EN 35n1574
BUNTULIAY ANIRANENS

v
o

a ac ¢ &
AN 2.4 ATNYINTIUTVUNUZTU

2.4 Uadeniinanausunrunisivaidnvasunludou

MnMsfnvuIneInsaiuiinailnadideunnaufnvideuntia wudnd
windadevarnvarslunisihdeyamndnuuiiesihnisneinsal Fafiselivinnnssusuuas
Uszanananisiiaseiidy fmnsed 2.2 fsagvundudadeiifsidesiiarunsatiun
nensaiUanivaddouldded

4.4.1 9l (Temperature) fimheinluesriwaded (°C) Tnarnon3seineuas

[%

o d! ! 1 Gy ¥ g d‘
UngedsranaUsununisluaitnvesinluleu

4.6.2 Uswasiwu (Rainfal)  fndaetedudadiuns (mm) lugaaiaimis o
W USunai Seldananiisaiwuuinaumiodou duinadeusinanisiwadivesnitly
dou

4.4.3 USunanineunennsal (Forecast Rainfall) fwdaeiduiiadiuns (mm) luaas
namis 9 W@udildainniswensaluSunaiduasmdd ddanmdassusig o @
wensaiinduluszey 1, 3, 7, 30 Yudrni weenaaviinnsnennsalidudsunanidunn
wisnedouluseud %awﬂwmuﬁaaﬁmﬁmaLLWﬁ'GiJ’a;JUa WU nsugalluninen

4.4.4 Y3uaudvi (Streamflow) sesaaniiiaunniietou Indeiadu gnuiand
WASHRIUT (M3 / ) TualnensanauSuiunistainou

s

4.4.5 AMuBUFNRNS (Relative humidity) wu18gls dnsauveslsualet oy

Y
) =

93¢lueINIA Mo ‘Uﬁll’]m‘l’e]“lJ'WI‘US‘Vl’ﬂ‘ViEJ'm']ﬂ’e]iJGYJ LLﬁﬂﬂIUTUGU’eNﬁ@EJau (%) Talaanaandl

=

mmmﬁummmuawau "‘ZNEJNam@UiMWMﬂWii”mEJ“UENU’l
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4.4.6 A1UNABINIA (Barometric Pressure) 1un1sinusinavetainia nlanae
gunsalianunneINIeA e “urselwas” (Barometer) fintreidu Tadwnsusen Aiu
nAeINAiinasanTstavetoINIATINNaRaNTELAaNLALNTNDMIANY

2.5 wailansinszvidaya

2.5.1 TasevneUseanmiiey Artificial Neural Network (ANN)

Iﬂiasu'milizmmﬁsmLﬂumﬂﬁﬂmﬁwaamiﬁwmﬁaasﬁjaaﬂa (Data Mining) +Tu
LUUTIaeInsAdlAAans LA eUssuIaNAT oYM 18N1TAIUINIINNITIT DNA D
(Connectionist) iitednasslassingledszamluanesvosunwd Insdinguszasdifioadns
\3eafiefianansniSeuinisandigunuy (Pattern Recognition) waznisainsesanuslol
(Knowledge Extraction) Aaenauaituaiunsatuauesvosuywd tasev1eliingininly
ausslszneumeisaduszam (Neurons) uazlowuud (Synapses) Ssusardruusznaudie
duuasiiFuninaulasd (Dendrite) WudunmuazUasuszamiFonin "uenwou” (Axon)
Faduorinaveead wadwmarignnszdulnsufAsenluiied Wognnsedulnedus
aeusnuielasdaiilouuudn nszualszamazidunisiiuaulasdidgiondea 4
fsuniazdonsedumadau q vislimnnszualszanusme Mniuiiedeannsedu
waddusuuenveusioly

NaNNITdIAYVILATIVIBUTZAMIABUADNITNEIBINAT1LATIAT B ULUUNTS
vauvenwadUszavluaues dendredvanesnseiidumsnunguuuiuiuresvtae
Uszananagesauidenleaiulugainuaatn Wefiansunlassisvesaussuywd suflvuin
TngjuazdudouniimgssvenaiotieUssamiion agdlsfiniu wihiifd Ayvosaues
Wy Msseus Sanunsadnaedlaleg laswieUszamiiey
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Output
layer

Hidden
layer

Hidden
layer

Input layer

AN 2.5 laseas19wuudnaadlassneUsya ey

ArutsznauvedlasavigUszaIniien aiuldiulTEnauYed 1asaUigUsyan
WieuUsenaume 3 @ A (Lnsdnd 1nws, 2564) [20]
X

g v v o & < £ o v [ & [y
1) Yutayaidn (Input Layen) Fuilaziludayatndi d1uiulvualuduiliuediu

Y

Fraudeyaiazldidluluuuudiass wu wmindeyagnandudoyatnd id o1y e
Fmnftegorde s1u 3 a3 Fudeyaindiasd 3 wua FsenaBonitafomaiinmed
Junuaul (Feature)

2) fugeu (Hidden Layer) L“f]u%uﬁa%awdwnmq Foarfinanaseuszdnsnimues
ns3sudveauuuiianseseun dsluduteudaefiidufld uarudazduagisiuiuves
fnseudauwhivdAldivuty Samadviautusassiuuiiseuasdsmadenisyieu
vosuuusans Tudurestudoud wWisuiadiouldiunmsvnudunisdouidoyadadn
w38 deep learning fiddylutugeuil N 9 Wue desUsznaumeilanuuuldidudadu

3) dudoyasen (Output Layer) Fuflagtinondoyaannisdunluly uazdruu
voslvusludy druegfusuuuuvesteyaseniinsienluld wu ewividuaumsonnes
(Regression) Trnundudoyaoonduuuy 1 nus msedesnsdnoufissdmneuiiion
dmnfivanean Widinsuaulnualuaudmiuideans wu lunsdenafosnisanaziy
unisvasnmluun x uag y Ssagdes mnuatuteyaoondu 2 Tuun iHusy
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2.5.2 MyAsevin1sanaeenyan (Multiple Linear Regression)

gy susyey (2560) [23] laeguieAnunuierein1siasginisanneenyau 1

a [

31 N193LAT1EYN50R008LTUIT NS ANWINIEAR AN T AN Y DIAUF LN LS TE U9 US

Y

aszAufIUIAINAzIdUNSANEIAMUFURUSIT LAY MnAnwAuFURUSSE IS

N

'
= o v o

ATTNUIAINUAILUIANUNT 7 98L38NN1SANWINIT N15ILASILADBELTILEULT LA
PIDNISIATILIDANDELTWEUBENNY DAL UIDATEIUINAITNTIFINUAILUTANUNT G

a =

wTeNNIAN®ITLI MTlATIEiNsanneelludunvau

o) ®) 2

(1) nQUIzaIATaINITIATIERNTIN0Y
1) afAnEIANUAUNUSTEUINR U SDasEAUMLUTAL
2) WindAnwUadefsiuiuyinunevrsane1nsaifmwlsnny

mMyleginsannesiiovnanuduiusvioatrsaunisviunevienensaidanys
1w Y wileia 91nnguinUsdasy X vanedatdu dauusdaseilihundinseiasded
vangIUMIMguivieTeunsideiiieaterin annsoifusuusiumefidmadesuls
nulel

X
gl (Temperature) Y

JSuruuinelu (Rainfall) ﬂ%mmﬁﬂmvﬁwﬁau (Water Inflow)

YSuruuvn (Streamflow)

\ 4

ANTUFNANS (Relative humidity)
ANUNADINFA (Barometric Pressure)
USunauthivadliauneuniin (Previous Inflow)

Concept of factors analysis
AT 2.6 NTBURUIANLUNITIATIEH Regression

(2) TonnawlaIaulun1sIAIILINISON00Y

1) fusdase X wazdwdsay Y deadudiuusi@ausunu (Quantitative
Variable) 3o fuwusseiiias (Continuous Variable) w3edsesun1simduunsinsuns
A1A Interval Scale w3 e Ratio Scale Tunsdifi fauusdass (X) vresadszdunistadu
Nominal #38 31m31n8n351d2u (Ordinal Scale) azsipsutastoyai Tl duduusyu
Dummy Variable 38 Binary Variable fia #a1 0 iU 1 neu 39zt luas Iz tazdands
yiuliimsagiivanedifull mnsashlinailfiAeauaaandeuniniy

2) fakU5ase (X) wiazsdAmnudunusITwaunsInumwUsay (Y)
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3) suUsdase (X) ldasfieuduiusiunsoludasyreiu (Aranduius
luaasiiy 0.7 w30 0.8) lunsdlnisiiasigviannesuuunn ainsizazyinlviia
Multicollinearity #® n157 fauUsdasedanuduius fuuind seeduansznurhlven
Fusravinsdnaula (R) guiunranduaiald

1) mswanuaswesiuUsmuduuuulAsuni (Normal Distribution) finne1
Y83 X

5) A1 Y danuuususiuiniuiunnives X

6) ANULUTUTINTRIAIAIUAAIALAABUIINNITNEINTA! (Residual) 19N
UULHUDABYHAYINTY

(3) NMITAATILINT0N0DULTUEUTUALT (Simple Linear Regression Analysis)

A53ATIEnIsanaeIdLdudaisnienisannesiudueg1einedunisinw
AUFUNUS SEnI19i U asenid e FudanUsniund i dend1oiun1siinsiey
ANduiuS widdauanseiu fe nisdmsizianduiuslulasinisszyinduwdsladuda
wUsiu wazinustaduiuusay drunisiesizinisanaesdadudaiorvionis
Iirserinisannseidudusgrsiedunisfnuanuduiudsninefuusiideaung (i
WUsBase) fuduUsnadns (FuUsniy) YenainaensiumnuduRusseninsuUsaans
Wa7 9a10715081A1 IR RUTALMANYIIUEUTone N TR ILUTNA LA WTDUAIBYUINYY
AuEnsalun s ueseruansatiiessunesnUsfiundesfisdle

Ina@suauduiusluguuuvaunislaned

Y=0+Bx+€  (aunslugdvestszens)
y=a+bx+e (Aunn5lugUIRINgUAI9E9)
Y =a+bx (AU TYIUNENANTONYINTE)

(% L3

fudnualildfanumnesed
Y Ao Arvesdauusain (19 y nsdendldaindaegne wagld § nsdl
ATUTENIUNTOFRYITUNE)
X fio Avesiuwlsdasy A4 x nsdlafildarndregie way nsdlAdszun
WIDFAIYIIUY)
Q. fia AR (Constant) vesaun1sanasy (14 a AT laaInfa9819 was

nsdlAUszanamsesivinuig) Tl oL w50 a aulugadn (Intercept) wNW y U83aunIs

B Ao Arduusyandnisannee (Regression Coefficient) Yol sdasy X
(4 b nsdlarflaandedn wag nsdaUsEaMsofvwIe) Tnefian B %30 b azuans
o a ' ' 1 o & a Y N ' o v o
9R51115 WA BULUAIUBIAT X fiaA1 y A9l AB 1A x Wasuly 1 nuae agvilian y
wWasuly b wie
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€ A A1AuAAIALAG 8U (Error or Residual) $¥%319A7 Y waza ¥
(4 e nsdaflaaindodng)

v v oA

#7989 N1sANYIANNANNUSYRIR e UATTLIaNY

9

Tuanmauduasainaglinudnvuzvesduusdassiiietazdanuduius fu
FUIRNY FUINNUIEAILUTDATENANY 9 AITINAUEINANTONAUFUNUSAUAILUTAM
TudnuyairvINTIATIEANSOANRELTINTA M

(4.) MFIATIZVNITANRBEITINYAN (Multiple Linear Regression Analysis)

n15ATIERnIsanaeeidanga iunsdnsmiauduiusseninediuysdase
PANUAINUMILUIANUNTIF T sdaselnanuisayiuiensene1nsainsoadulenIseuy
wUsvasswUsaule

Ine@guauduiuslugUwuuvesaunisiaeil
Y= Bo+ Bixi + BoXo +.t BiXe + E@unsluguvassyying)
y = bo + bixi + boxo +..t bix + e (@un1sluglvesiieg)

¥ = by + bixy + boxs +..4+ b (@ENATVIUIEHE WION1THYINTED)

2 L3

foyanwalnlvilamnununeasil
X Ao A1vesiawlsaasewiaze (19 x nsda1ilaaindieg1anas sl
ANUTTUN NS DAIYINUNY)

a

Y Ao AraesaanUsniu (19 y nsalaadilaandaeg1e wasld ¥ nsdl
AUTENNNIOFYINUNY)

k An 3nuuskUsdasyluaun1sanney

o (% L3

B, fa AR (Constant) vesannisanaey (azlddaanwal by d1msuaf

laandieg1e way d1usuAtUsrutuunion1viue) lnedi By w3 by %L‘f]uqmﬁ’@
(Intercept) WNU y YBIFUNTT

B: fia Anduus¥AvSnisannes (Regression Coefficient) vassaulsdase X,
uwiaza (arldddnval bi dmsuafldaindiegne uae dmsuaAUsznamsedviung)
Tneiien B vi%e b szuansdnsnsdsunlamosdn x s y fail fo d1en x wWasuly
1 wihe azviliian y wWasuld b wiae

€ fa ArAuAaIAwAAeY (Error or Residual) 5e1313dn Y wagen § (4 e
nsdiAfildannseena)
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2.6 N1sSeuiguAULIUg1VaINITNEINTAS

wasInfivhnsneInsaiuuusaesimrautaztu s suis Ui ua1aS ua
faluAelIuUSeUIgU AULIUEITDILUUTIaLAAELUUTIaDLAAY UL aDdlaY
fATUIINAT 5INT A09UIANAAY AAIALAR BUMEIdDS (Root Mean Square Error :
RMSE), Anduuseans (Theil’s Inequality Coefficient : U) LaTAIANNAAIALAG DUSDEAY
\38 (The mean Absolute Percentage Error : MAPE)

1) $1A7d09U99ALRALAAALAREDUAAIEBY (Root Mean Square Error : RMSE)

RMSE 1JUAN LandA1uAaIALAR DUTENI19A N Ussunadlaainiuusnansnuan
v a = ' a I ¢ ° K = v v
Toyadss FanA1 RMSE danuilndguduananuuuitassiianuaaianioutesaiunsald
Jusunudeyassaldegne winngay Fadl aun1sesil

RMSE = \/%Z?ﬂ(?t —Y,)?

e Yy Ao Ardszunaainiuudnass

Yi fe Ainuviasy/doyadsa

2) duUsyansandusius (The correlation coefficient : CC)

CC A9 AIANMUFUNUSVDIADIAILUT 1T U ANFUNUSTENINe X tay Y dadu
winlns Tned range 0g# -1 B9 1 lngAuvianevasdinay Ao

-1.00 83 -0.70 : Strong Negative (@93t UsHAINARUNAY)
-0.69 819 -0.31 : Weak Negative

-0.30 §3 0.30 : No correlation (a@sfauuslifinudunusiu)
0.31 83 0.69 : Weak Positive

0.70 §19 1.00 : Strong Positive (gosuusiialuaieiu)

a o d' d' 124
2.7 UYINLNYAVDY

1550UNSSUNTN AN EUIR U e NdmanaUS U 1UNUS LU a1 oU way
wadanlgluniswensaiusuianva s ulisensludl

Jehangir Ashraf Awan wag Deg-Hyo Bae [8] lavinn1s@nui syuunisweinsad
Usunadrnalndaulaglyd nsneansalenniaalsmiiszezens auld wdn Adaptive
Neuro-fuzzy Inference System (ANFIS) 1a1lgna1211 nrswensaluilvaltidieu tuy
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Short term @ msuszuudlasiutimiay Fadunisuszananateyauuu Realtime usinis
wensaftnlwadidou uuu Long term ¥dmduanaununvuareontdndud q wulueu
MuNUnsERssIN Msldun nstuliiihdendenui faalddman ANFIS wnldly
MSTITMIHLLUUTEYe nevinsAnwdoyatiinasiely uazgamgiluain 60 annil
Audeya wldusnidu 2 luna fo Model A TiUSnamheuUnd Model B 19U3iauiey
WAeINNsHEINTal 39 Model B wiiugnia

Li-Chiu Chang, Fi-John Chang waza®y [9] 1o Wal w152 UU Intelligent
Hydroinformatics Integration Platform (HIP) 1t o195y uuLioufenviay Tnguanna
Duwnuiidviag annsldmaiianis Machine Learning ﬁmiwﬁmﬂ%m&aﬁmmﬁ;ﬂwa
Usanauinely LLazU'%muﬁémuﬂmﬂ’u afradunsuansmadiiduunuiinginsaiiiviaa
ﬂﬁmmﬁﬂﬁmﬁ’u Tuguuuu Web service anunsauansualann Platform

Fernando Salazar, Rafael Moran hagatuy [10] 1AYNNNSANYINUNIUITSUNTTY
Frunsnensaifertudenainalusin waglddanaianisneinsaluariinsefendu
Aewdu 7 uwuu fe 1) Hydrostatic-Seasonal-Time (HST) Models 2) Model to Account
for Delayed Effects 3) Auto Regression Models 4) Neural Networks 5) Adaptive Neuro-
Fuzzy Inference (ANFIS) 6) Principal Component Analysis (PCA) and Dimensionality
Reduction tag 7) ML Techniques 5u 9 YU SVM, KNN, Geneic Algorithms (GA) hag
Ramdom Forest LHudu Tneildagiassunssudman 59 s 91nl 1985-2015 Tuasgy
Ju 2 Useidufie weadianns ML Senuddglunisdanisainuvasndevendeou way n1s
Faduvuiugumdmnssiudsiisidulunsdndulaielfineulaons

Mahmood A. Khan, Md Zahidul Istam kag Mohsin Hafeez [11] 1A @ n¥1A21Y
wiugilunisnennsanugesnistdiilunisvalssniuain 6 Tawma Data Mining Aiuansing
AU unUSeuieulszdnsnaw @s DT, ANNs, SysFor, SVM, Logistic Regression Lag
traditional Evapotranspiration (ET) methods A nw1310729'8 qmw%ﬁqaqm—ma’lqm,
AILE7aY, AUT U, USNURY LarAnsednieeiing wad lawua SysFor 14
UsgAvBnwannuusiudunniiand 97.5%

T. Egawa, K. Suzuki wagaelg [12] Tadnulaaanisnensaiinlvad i ou de
Neural Networks ua Regression tielddnnisi-ludoulsfianuuasndevislugguni
wazgguman ngldwensaivsinaharmiiaglu 1 Yu 9ndoyaidl Tnsldlunades
wuuludou 2 wila Ao 14 Regression model Tuid euitlaifiugvanw osanlaifinany
Fudou wWiladre uagld NN Tudeufifudihanw Wessnitesountu Tnslunafiadld
m’mLL;Jus]’ﬂumswsnﬂiai%’auuaﬁﬁﬂ’mzwLauﬁq 2 JUkuy

Deg-Hyo Bae, Dae Myung Jeong Lag Gwangseob Kim [13] la@nwiniswennsal
USinanhlvadideumenslddeyanensaloimanieinaiin ANFIS tieiiiuusednsamn
TumsngnsaluTunailuaidn Soyanggang Dam, South Korea 3nnsyuulauiilddayaidl
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oefluafiniiiiu Taed3duls Wisuifieu lunangedeyaiililétoyanennsalonna ey
fugndeyaiilddoyanisneinsalennia wausingin deyafithdeya Forecast weather il
A CC figand uaze RMSE fifosnin

Noel B. Elizaga, Elmer A. Maravillas Wag Bobby D. Gerardo [14] la@nwiluina
nswennsalusnaniladdeu Tnei3euiiieuds exponential smoothing time series
AU neural network backpropagation 99949 o Angat Dam, Philippines 1o 81?}155’@3%@
Usuanhdounds 5 Su wenensaiusunanilundagTu Fenausingin exponential
smooting model TWien r=0.852 Tunauefi backpropagation model W1 r=0.959

Ayesha Nayab wag Muhammad Faisal [15] la@nwn mﬁmmaﬁﬂuv’ﬁau Tarbela
Pakistan Tutafilunann (15 June to 31 September) lnsad1slumanisnennsaitn #e
WAL ANI9EA A Stochastic Dynamic Programming U84 Bayesian ta1la @ nw1 wag
Wisuiguiulueaiildann nisnennsaitnluadadae Autoregression wag ANN WU31
Bayesian l#f1 MAE fidfesnin dslunaiildazinunimmuailsusmsudesinlutamg
¥mann

=~ a ¢ v ¢ 1a H v A
5¥3% AN kag e ergned [16] nAnwinisnensaluSuadilnadiveu
wiidnauysalva uwasilouniniegausisn dmsulasinsfiuUsiailuginfuinlounis
9au5131 lagldinaila SVM wag ANN wuu Multilayer perception vU3auiiiauiu lay
dnddeyauunainy Ussananivin Ysunanieuehe wazuSunalnadigiafivin
and lngldloyasedlavinazste 2 §Uav damegeudiuamsdiwesaular1nange

= = = | ad o J o - P v
WNUSguig Uiy Banudn 35 SVM fdwiuasangnifenainuaninuaaianiou MAE fidey

N1

25175 s war Az [17] Wanwinsweinsaiudinaniinadisnafutig
nszmduarenafuingmgass Taslddayaaninonmainnsugnieuinesznaudae
gsldfayausunanilnadiens Ussnahvesanifndou du gumgf anududuiug
LarANNABINA thanaiauudiaes Ingldinadin ANNs wui1 yadeyaiilédeyaann
p1mAdandae uiugninsliteys Ymnanaduasdvindiesegiaies delvian
R?=0.55 udy 0.72

fnaned wiidng wow atwun Sanaens (18] IdAnwiluaanisneinsaiiilnauii
grafuiiviaa faningiesi Frenmsiinngieynsunalasmadanisneinsaives
Box Jenkins Imgnensalteyaaianin 12 sy nudinailn n153A57199% Genetic
Algorithm Lt orivuad3inanistdesin IdnevauesUsutumudesnisldun wuin
AUNT0ANANETINYDINNTVIARAAU LA AN IR UG Feudiinasiimulunisuiaunauti
1NN Hude mmaaammm?uLLiwaamﬂmLmauﬁﬂlé’ﬁﬂfiﬂ

a a L3 ! € Y a A L =1
Fszgns Rumasal Uennsal wanes uar yuns wviles [19] ladnwilueanis
. %

wensalinlnardigrnivinusiays lneldweadedeszioynsunaisomaia e
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%%a 3 wAila Av linear regression , multilayer perceptron a8z SVM for regression %ﬂ
inlunaaeuiudeyadounas 7 wuu fe 13, 26, 39, 52, 65, 78 way 91 dUai LUSsuLiiey
feA1 MAE uag RMSE wuininmada linear regression yateya 52 dUaiildaainiadeu
ﬁaﬁlﬁﬁjﬂ druwmatia multilayer perceptron wag SVM for regression yataya 65 dUam
fidnaaideutiosiian ntuinhyedeyaiinfianluuazmedalunaaeudnads wut
SMV for Regression S MMRE tfaeiign 7 18.55%

naATedeiy wudh memensaivianivadudeu uaﬂmﬂsuama‘m
Budruvesunaniniuds mnfinnideyaiilunsanmeniasamdaeas qumm
wiuglunisngnsel wazinaila ANN Qﬂumﬂ%mi‘wsnmmﬂimmmmmmq@ losan
ANN gnianldlunisnennsaifeyasugnninet wernsaionia aduisifiuszansam
Tunsdansteyafiidu Usingnisaluuy non-liner complex Ingansnsatiumsfiines
dwiinlflnednlusii Inelidoyadunmuasiondinn fafufidediuitmnuiumvesdeuun
19 Saninozan f¥adefidnun Ao Umnanlnadwdou uasdeyaduanmenniea L
gamgd USunauthely anududuing uagarunnoinia iadwuusiaedagldvaia
TrsstneUszaimiion (Artificial Neuron Network : ANN) waz¥auszansamiilianainy
usiuganiign
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' (%

AN5197 2.2 hERITIUNSSUNTaRgaenutladendinanausuianusunainluaiidau

perio o da . . ¥ P
d data YadeiifinasomswennsaitSunanilvadndou Predict Model validation tool
Faideq #ady g i s i d Area of Study
I = = 2 g 3 9 = »q o FY [ o 94 3 4 = 4 2 9o 3 o 92
c“gég Eé.§%§§m§§2§§<é§m ﬁE% 9z 94393244499 ¢
o 4 4 « o
i g &
Application of Adaptive Neuro-fuzz
Fl)pf Syst pf Dam Infl ' Jehangir Ashraf A 20012011
nference System for Dam Inflow ehangir Ashraf Awan
ere y 4 v | (forecast) v I|v|v v viv 3 Dams of South Korea
Prediction using Long-range Weather and Deg-hyo Bae
1982-2011
Forecast [8]
Building an Intelligent Hydroinformatics| ) . X
i . Li-Chiu Chang, Fi-John Thinan City of Southern
Integration Platform for Regional Flood v v v .
. . Chang et. EL Taiwan
Inundation Warning Systems [9]
Data-Based Models for the Prediction |Fernando Salazar, Rafael ) e
i X . Review Several Pridiction of
of Dam Behaviour: A review and Some [Moran, Miguel A. Toledo v |V IV v b
am
Methodological Considerations [10] and Eugenio Onate
. Coleambally Irrigation Area,
Evaluating the Performance of Several | Mahmood A. Khan, Md M aM bid
urray and Murrumbidgee
Data Mining Methods for Predicting | Zahidul Islam, Mohsin v |V v v v v v |V ) Y ) ) 8
- . river basin of Australia, New
Irrigation Water Requirement [11] Hafeez
South Wales
A Water Flow Forecasting for Dam T. Egawa, K. Suzuki, Y. e 114 t Tadami-A
recen ams at Tadami-Agano
using Neural Networks and regression | Ichikawa, T. lizaka, T. | v v v v v v v i s S
. ) years river basin in Central Japan
models [12] Matsui and Y. Shikagawa
Monthly dam inflow forcasts using  [Deg-Hyo Bae, Dae Myung| S Dam in South
oyanggang Dam in Sou
weather forecasting information and | Jeong and Gwangseob 1981-2000 v IvI|v v v |V yanss E
orea
neuro-fuzzy technique [13] Kim
Regression-based Inflow Forcasting .
Model Using E fial S thi Noel B. Elizaga, Elmer A. Aneat Dam in Central L
odel Using Exponential Smoothin ngat Dam in Central Luzon,
! ns =P "M \aravillas and Bobby D. v 2003-2012| v/ v v |v|v v |v s n s
Time Series and Backpropagation Phillipines
Gerardo
Methods for Angat Dam [14]
Water Management in Tarbela Dam By
using Bayesian Stochastic Ayesha Nayab and
Ag ! - 4 Y ) 1986-2014 v v v Tarbela reservoir, Pakistan
Dynamic Programming in Extreme Muhammad Faisal
Inflow Season [15]
nsnensaiUsnanivad dheusuns
LUDUINAFLYT0ITA iafziumtmgwq‘w LAY 16N it,ah @I‘m vivliv L5 v v v v v N’WEJLLEJLWLJ Lsuajut,l,mmauuviiu
5151 MelalasensiiuySinanilugns DIYNIA Ba LaSLUDIUNIYANTIT
Wi ifeauiniigaus1s [16)
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perio o da . . ¥ )
d data JaduifinaremsnensaiUSunailvadniiou Predict Model validation tool
Faidaq #ady 2 ?E( 4 -8 4 . d Area of Study
192398 | 23940999345 57739979:99¢/993339493917°
g g 7 @ s
g 3
19135 Wihedlvd, duf nes
ﬂ'1i‘WEJ'1ﬂﬁﬂ&ﬂi}i’lmu’ﬂwaw’lﬂ:ﬂiﬂ‘Uuﬂﬂﬂ ‘WTEH, ullfl Lﬁﬂﬂu“/lq“}NWuWU;, 1987-1998 ‘/ ‘/ ‘/ ‘/ ‘/ ‘/ ‘/ E]:QLQU}HEWW?SLWEN LLZ‘]%EJ’W
szuulassneyszamusedng [17] D13YNTU AL UNWUY 1992-1998 NUUAINEABY 2. UATINVEALN
g
nsnensalvsinanilvadnenss sens
AinszveunsunauazUszendliisiaui| Cen PR
o ot ) - Y A wa N L e %o INTINY URIAAT LAY & Imiﬂmsmamumw‘umm
naanaiwmLwawimﬂgummuamnuuw v - : 2532-2545| v/ v v v e e A
s Do ¥ AAUNIIRNANINT WHINYNYTIU
LAHNCEN : NTUANTYN Iﬂﬁﬂ?‘ii}NLﬂ‘UuTVl‘U *
a1 Yavingyivsnd (18]
msnernsaiilnadhenafiuilagldss | dsvens fumnsal Uien PR o
N . . P " 1 AVEIUTINYT
AT UNIUIANNIULNAUALIUDIVDUR U WA Lhae Yuns 2556-2558 ‘/ ‘/ ‘/ ‘/ ‘/ ‘/ ‘/ ‘/ ‘/ ‘/ ‘/ ‘/ ‘/ o ('
4 4 WO R U5¢IUATTUS
[19] WNILYYT
i 51419|12|4|3(1|1|1|2|2(3|26|1/14|111112[3551111011
* Gauus
ST = short term, HUM = humidity, SVM = Support Vector Machine MRE = Magnitude of Relative Error,
LT = long term, BP = barometric pressure, (SVM), MMRE = Mean Magnitude of Relative
D = Daily, OF = outflow, LiR = Linear Regression, Error,
W = weakly, ANFIS = Adaptive Neuro - Fuzzy LoR = Losgistic Regression, Regression, RAE = Root Absolute Error,
M = Monthly, Inference System (ANFIS), SysFor = Systematically Developed RRSE = Root Relative Squared Error,
P = period, AR = Auto Regressive (AR), Forest of Multiple Trees, ACC = Accuracy,
IF = inflow, ANN = Artificial Neural Network DT = Decision Tree, El = R? = Nash Efficiency,
TEM = temperature, (ANN), ARIMA (Time Series), MSE = Mean Square Error (MSE)
RF = rainfall, MLP = Multilayer Perceptron, CC = R = Correlation Coefficient,
FRF = forecast rainfall, BP = Backpropagation, RMSE = Root Mean Square Error,

SF = streamflow, MAE = Mean Absolute Error,
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uni 3
A5 UN15IVY

3.1 ATNSIUNITANTUUNUIAY

n1sANauN1sIdenUaduneuni1sanduniseandy 4 Tuneu Usznoun e
1) nsAnwteya Data Understanding 2) n3esdaya Data Preparation 3) AiAs1evidaya
Data Analysis waz 4) M3iauedoya Data Visualization \unawuase lnguwanasnaning
3.1

1 Data Understanding 2 Data Preparation 3 Data Analysis 4 Data Visualization

Deployment

Gather Data Split Data
Bussiness
Understanding

Simulation

ain ?nn Real Data bem

Clean & Validate Split test
Data - Validation

Data
Understanding Enrich The Data
Until Getting
Best Model

Store The Data

Evaluation

Cross-validation Data Visualizaton

AT 3.1 TUABUNISABRUNITVDRUIY

3.2 YURBUNITANLUIUIAY

va o

n1s@nwdl H3deladindnnisiaseideyanie CRISP-DM u1Usegnaldluns

ANTUIIY FILTUNDUAIH
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3.2.1 msﬁnm%’aga Data Understanding
1) Business Understanding & Data Understanding

yMA1sAnwIwasIes1esidade (Factor) Alinasanisinastiveadluiiou
U981 WU WanuansuIeguuwiindnniil daiianisivavednaindiele lugiia
witlo vibvikdsiunguiUaadneuvy wazquirdaaineuais Nunsuiivesdeuuiany
o & oA 8 ~ ad A& = v a g
AeunvesquinUamdnouuy TNunvenun 1,973.46 as.ny. WNUTIUTITRLAUTUIMUY
Iar s useiuan waztayaainan1linanine nanmsegusunuisulIveul o
Y1989

3.2.2 Lﬂ’%&l&l‘ﬂ'm&a Data Preparation
1) s3usiuteya Gather data

nsAnuiiinsnusuteyauiinuiveudeuuansdfinismeuns lu
fufisuimiiodouunsans sunetutan faninerar Fausznoudedeyauiunmuly
AUNADINIA UTamAdiudusivg wargamgd 10 4 andinonmamieideuuians
Fsgniniiudeyaainnsuvausemu nsemsanuRsLaTaMNTAiNIINYAS WasnsuNSWENS
11 nTENsImingInssIsNYIAuardunndon senineiuil 1 unsieu 2553 9 fuil 31
SuAY 2563

2) ﬁuwuuazﬂsmﬁu%ma Discover and assess data

LllaiﬂﬁﬁUi’JN‘U@MﬁUiMWmuqﬂJ@ﬁL“UEJU‘U'Nﬁ'N"i]'mLL‘MﬁQ?JEJlI@V]I@"\]’m [AREY
“Ua"dﬁu‘Vﬁ‘HLLau ﬂﬁll‘V]i‘WEﬂﬂi‘u’] LLﬁ’J‘Llu WU mauammamamiwmmm %WLL‘UﬂIﬂL‘U‘U
ﬁuaaﬂamu

- Uainahlvadideuunsanssieiu
« USananslusnetu

- guvniladeseiu

. AUNABINARAETE Y

« ANUTUFUINNSLARY 187U

A1997 3.1 MTMnuUAfILUILaEANRLNY

Yoruus AUNNY
Inflow Umashlvadidouunsans [10° m?)
Inflow_1d Uaihlvadidouunsans 1 Sudeunt [10° m?)
Inflow_2d inaivadidouunsans 2 Yuround [10° m?)
BLD1 Rain Usmauietily 1 $u [mm) @1l BLD1




23

JoAwds

AUANY
BLD1 Rain 1d | Ussnasiwulu 1 Surounth [mm] @anil BLD1
BLD1 Rain 2d Ui wuly 2 Sureunth [mm] @a1il BLD1
BLD1 Hum USanaumaudusiug [%RH] @ail BLD1
BLD1 Press ANNADINTA [NPA] @01l BLD1

BLD1 Temp gauigil [°)C] @anil BLD1

BTGH_Rain USanauiwuly 1 5u [mm] @a1il BTGH
BTGH_Hum USanaumnuudusitug [%RH] @0l BTGH
BTGH_Press ANNADINTA [NPA] @il BTGH

BTGH_Temp gauuQil [°C] @il BTGH

STHO31 Rain Ustnaniehily 1 %u [mm] @anil STHO31
STHO031 Hum USanaumuudusiug [%RH] @anil STHO31

STHO31 Press
STHO31 Temp
VLGE35 Rain
VLGE35 Hum
VLGE35 Press
VLGE35 Temp

AUNADINA [NPA] @il STHO31

gaumndl [°C] @nnil STHO31

Uanasieluly 154 [mm] @andl VLGE35
UStnaupnnuuduiug [%RH) @anil VLGE35
AUNADINTA [NPA] @anil VLGE35

gaunQdl [°C] @il VLGE35

.«.:4' v o % PN ° a ¢ = v & Y
I1NNIT N 3.1 1@53”@3LLUim@Qﬁ@m@ﬂﬂﬁWﬁ]guqmqjLﬂﬁqgﬂ GZIQGU@N“@VNWQJWI@ILﬂU

FUTWINENTINTIVInaN NeINANAINTEAgegATauAquUIIMENL Uandneuuy

= & & Ao o o = = [ = [
FAUUNUNTULIVDIUDUUNMNAE FININADIUATIVINANINDINA 4 dn U Ui’]ﬂgﬁ]\‘](ﬂ’]i’]ﬂ

3.2

M13719% 3.2 aanilnTaTnanimeniAusiaguwhihUamilneuuu

a2 Thig
Yadail ADIUNA - -
(azfYn, aBIAIA)
BLD1 | 8UUANT ANUAUNANE D1LNBUULIEAN 6.160881, 101.275238
FIUINLLAN

BTGH | ANUAYZSH 91LABLUAY JINTALZAN 5.775768, 101.092486
STHO31 | Unudalns duawimng 8Lnes1sta 39minezal | 6.009280, 101.268051
VLGE35 | UNUMiled fUaseeasing 9 bnotUng 3993 5.923800, 101.125984

gean




24

3) YNANEED1ALaEATI9dDU Cleanse and validate data

auteyafilsiifetosarteyafiiiifnund.
dndayafifirnfionainoen vandflegdndu nduiifoyalinsedu v
shensBaundman whunuiiteyaainunasses nsdil uvamandeya
Du N/A

4) wasloyauavuiuuseteya Transform and enrich data

vsanniiiifeyai nssiu Amen asiieidumunudeyavosanifluiu
tiu

Fndeyafimelusmeriadevesiu.

foganmsvadivenit smndeyaludisladifan /A firdeyavesiu
AoumiAUIulIvas smAedaadei
Javidoyaliduwuuninsgiu.

Fouauns Field Afideyaifusedilus vnsmanadesotu

5) Yuiindaya Store data

ATIVADUAUYNADIVDITVBYA
wUastoyalvedluguves tnd CSV war Excel titathluldlunsiwaen
Tudunausialy



ot
ATUNTHEINTU nuYaUsENIU
P fadoya <

p PR
pfSpuiiieuteyaiilinn

Foyaliin 59—y

wiad

' =
MIARAY

oyt

j:

v
anTdeudeyaduysal >——% s
doya N/A
Wuthlvawin

Soyatun e ‘Em‘;aﬁ.u Goymitlvaiih

Hoyaanysal o

PAGAIGRT
MARRLTRI Ao nTunounin
uazFulvings

v

el .
Toyaduseiu

uwtasteyasedaluadu
AadeTeiy

TNINTLA
uwuasdudeya Csv

AT 3.2 UWHUSLARITURB NSNS ENTRYA
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3.2.3 AiAs1zvidaya Data Analysis

Funeumstiasgidoyadomaiiansadi linids anmsfinudeyauastafely
nanensaiUnasilvadideudiiinsihdeyadiunsanmennasaulunsfinudae
ifu 91nnsAnudiesesinud doyadarumuzautumaia ANN s1nfige 1iesan
el ANN gnisnldluniswensaldeyadiugnninet neinsalernia daduisid
Usgansnmlunisdanisteyaiiiu Usingnisaluuu non-liner complex lngaunsauiu
msrdimes dwiinldlnesludd Inglitoyadunmuazioning fiss3adonadrauuuians
Tngldinaiialasstneuszamiiion (Artificial Neuron Network : ANN) wagiauszavsnind
TrienAuutugunniian lnefituneunsadauuudiaodasnsinseidel

1) nsassluwma Modeling
dolddeyafiauysaiaindunoudiiuun duneudidunisiidoyaun
Anngiiiomnaislunalagnsvaaeuuiudmniines vesuvuiassszamiion ANN
Ineld Operator deep learning va3lUswnsa RapidMiner 9 daedlaridu Rectifier § 4163
nsiiunsded
- Split data training/testing 70:30
Buduneunmsutsdeyadmiunisaitauuusians ANN Tnsutadudoya
dmfumsiseus (Training data) Wagnvaaeu (Testing data) Mmudnsdiudeya 70 s 30
- Training data (70) with Deep Learning epoch =1, 2, 3, ..., 50
WA15@eU (Training data) Iiszuulieuiuazand1guwuy (Pattern) 90
U038 Training data A 1801519 atlaLsinas (Operator) deep learning TulUsunsy
RapidMiner 9 §ufunuudrassdildandnenssuwuu ANN Tnarnuaaifledduduuuy
Rectifier Linear Unit (ReLU Function) @sldm3wennsia3ostiosninmniiisufunsld Tanh
%38 Sigmoid Function viblgiiatlunis Training Yayateenituin Taevinsaedn Epoch
911 1-50 Tu Operator Loop Parameter wigldlunsnageueiildluusasseuvesdn Epoch
Lﬁammﬁmmzamﬁqm Tneiladeanisiia Overfitting saglinanisnadeufiiuninudu
34 ude TemsadanamAulufuteyayafiFeuiuindunainindeufuteyaluaiudy
939
- Apply model with testing data (30)
yhmssaAnmeaeuiUIeufleudtudeya testing data fmiedn 30
- Usean5nIN Performance with RMSE, Correlation
N15IAANUTEANS AINVDILUUTI1a99A 28 A1 Root Mean Square Error
(RMSE) wag A1 Correlation
- Uszansamlumsasrsuuudiaes wui1 A1 RVMSE drdeeiign A 2.398
7l epoch = 14, 15 FIWii 3.3
- Wa¥ A7 Correlation f/ﬂﬁl/’]ﬂﬁéfﬁ) A9 0.907 77 epoch = 14, 15, 16 A4
2717 3.4



— root_mean_squared_error

2925

— correlation

6

7

8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 26 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52
Deep Learning (2).epochs

AT 3.3 A1 RMSE 21nagaunIsas1akuudnaed

0.908
0.905
0.803

08
0,898
0.895

0.893

0.888

0.885

é 0883

0.878
0875

0873
0.868
0.865

0.863

0.858

3

4

5

8

7

8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 20 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 82
Deep Learning (2).epochs

AT 3.4 A1 Correlation MANAABUNITASIUUINAD
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2) Evaluate
- Evaluate m&35 Cross Validation 70/30

yMnsinnaflalaeldan RMSE wag Correlation

28

Data
70—
v
iy Train ANN
¢ Modeling

Apply model <—mude\J

|

Split test
Validation

|

Log Performance
RMSE, Correlation

Epoch +1

Plot graph
Compare Best
RMSE, Correlation

-

Build Model
Epoch =14

|

Evaluate
5-folds-Cross
validation

Log perfomance

AW 3.5 BHUASLEAITUADUAISYIN Data Analysis
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3.2.4 AISLEAAINALATUDSA

wmaummammama Data Visualization N’JfﬂEJIGW]’]ﬂ’]iﬂﬂ‘H’]ﬂ’J’]ﬂJWENﬂ’ﬁ‘U’ENmsﬁ
(User) LW@UWEJ'ULF’]?'] V@@ﬂLL‘U‘Uﬂ’]'ﬁLLaﬂQNaL‘LJNLLG]‘U‘UE]?@ e Y W'Wﬂ’]iLﬂ‘Uﬁ'JUi’JlI‘UE]ﬂJaW
Fudulunisuanana mﬂuumqwmaummLmuml,auaaﬂLmesLLammamswmmm
ﬂ%mmﬁﬂ‘maLﬁﬁ%%m%umama %QLLﬁﬂQL%U%ﬁM@UIEﬂ’ﬁﬁﬂH’] ﬁjﬂﬂ’]W‘ﬁ 3.6

1. ANwIAIY “ 3. AN
2. ,NUTIVTIY

ABINTTVBY v WhzeBNLUU
. Joya
AIGEEANY v NSUARIHA

AN 3.6 TURDUNITIBNLUUNITLEAING

1) AnwIANABIN1TVeE Uy

Tutumeumsfinweudesnisvesld §ideldhnmsfnmaiudomnises
Jldszuu (Usen) it lUiinsiiuazeenuuusz uunsuansea lneiiuteyaninudeanis
eIt nsdunwalidmihifuivRnudeuuisans deu foRmihnsuiaveulunisuims
famsszduihdaiinnudndudodldteyalathddunisusznaumsdngula

2) \iusausiudeya

Tudumeunisiivsiusdeya {Iduldinanisfinwiaiudesnisvedld
FEUU 11TATI2REINUIT syuunisuaninadanudndudedddeyautsoandu 2 du
dauf 1 e Yeyaiilaannnisadisuuudnaeslunisneinsalvsunadiluad s uulang
183U Feldnduneunisinisudeyalude 3.2.2 uagdiui 2 Ae Yoyaauuauunis
iR Faansaarunisalirluisuuianstagdu daldanssuunenunaaniunsel
Wvesnsiiidendaursusenelng dauiules http://water.egat.co.th/ T 9iinig
wansraUsahlusaivilagiu deyarrlusaudny uwuszuren gaznsanuand
[ g ! ¢ @ [ K ¢ @ [ K
LAY FauansAnnueiiiuiningean (Upper Rule Curve , URC) waginauaitnuinun
#1gn. (Lower Rule Curve , LRC) ilAainamugnssun1snidvuleuiein tieg1uigaiy
dzanunguunau
Y
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3) NTAATIEAUALDDNUUULATUDIA

a &

TuTURBUNNITIATIZLALDONLUUNSHEAING 31NN1TILASILNUYBUANLAU

Y
o

swsuldananudesnmsgliszuy nufsfeyasunuldluduneufiimuuniu §ideld
Wandunisuananauavuesalagldiiuneundiadu (Web Application) Feanunsaila
1¥6Tne Web browser Inense lidesdiadaldsunsula q wiiu deaznansdenisldauves
AISiRlY fnstiuuusiassdildainnisadrsluduneudt 3.2.3 Waulusunsu Rapidminer 9
wazruuusiansi lddy uradrsluimannedy Google Colab afrilasntuwlnveu
(Python) fsn il 3.7 Fslemenuuuliifinisnsendoyaanineniasiuiu 22 fuus uay
wanananiswensaiimunlidusautimanilvad S euvisanswanadudsuay
(mie Erugnuiadiumssoti) Sauansfansvhaufanmd 3.8

Rebuild model

Export

to Googl
Model from . o eRge Run web

S Final data to Colab by .
RapidMiner . : application
csv file coding with
python
Browser limited for Browser support for
running model running model

AN 3.7 HINTaS19nsanIRawuUdanInsnensaiinva e uuneans

Input Process Output
douus uuuiiaav 4 UIalg,laIns‘.wmnsm
22 douds 0 FASWEAASAT h nau(m?auuwaw
uhlkawdnvou D s :

. danuidawas
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31

unil 4
NANISANHUNI5IVY

4.1 wan1swssadayauazaiauuuInaasmsnensaluananilvadsu
U989

AtuldAnwnazsuTndeaanmeniauasteyauszanasivifiAeteady
Fouvreans wuh fmbsnuiisuiaveufvioyafifeadosaninenna deyauiuanin
Toyavlnadudou egvatgosdns Inefdoyanszarveglunaemizsnu fe nsu
NINBINTUT NILNTUNINOINTTTIUAUATAIWINGBN NINTAUTTN NTENTINABATUA
avnsainsineas nsuegdendnen msliidiendnuissemelne eidoyaiunnsiisty

'
a va o

luagmhenu FaleyaiiTedesnisfnyindnadenisneinsaisunanilu@suuianala

Y
1
=

FITINAN Wnastayanall
1) AsIVNENTI NTEMTIaminenssIITIAlarAndon
- deyaaniilinaninenia (hi-telemetering) U 2555-2564
2) NIUYAUTENIU NTENTIUNATWALANNTAINITINYAT
- Foyavih (Wnanilvadideuunaans) U 2550-2564

R
- e .
s 5 & 3 5 ¢ =5 5 % 5 8 5 ¥ %I %‘: '§I 25
2 I t £ E £ E % 3§ 8 g £ £ £ £
5 $ | z|® | ® @ |® = g @ ¥ g, 5 & 8 2 2 2 2
2012-01-01 00:00:00 11.2 8.9 135.0 0.0 11.5 0.4 5.4 28.0 26.0 27.0 27.5, 991.9 985.0 979.2 79.2 76.0 78.1 80.4 27.4
2012-01-02 00:00:00 27.4 11.2 11.5 135.0 0.0 35 5.4 28.0 27.3 27.0 27.5, 991.9 980.4 979.2 79.2 77.2 781 804 123
2012-01-03 00:00:00 12.3 27.4 0.0 115 0.0 0.0 5.4 28.0 28.0 27.0 27.5, 991.9 987.3 979.2 79.2 740 781 804 7.5
2012-01-04 00:00:00 7.5 123 0.0 0.0 0.0 35 5.4 28.0 23.0 27.0 27.5, 991.9 989.0 979.2 79.2 91.0 78.1 804 71
2012-01-05 00:00:00 71 7.5 0.0 0.0 0.0 35 5.4 28.0 27.3 27.0 27.5, 991.9 980.4 979.2 79.2 77.2 781 804 5.8
2012-01-06 00:00:00 58 71 0.0 0.0 0.0 0.0 5.4 28.0 20.0 27.0 27.5) 991.9 991.0 979.2 79.2 92.0 78.1 804 5.8
2012-01-07 00:00:00 58 5.8 0.0 0.0 0.0 0.0 5.4 28.0 28.0 27.0 27.5) 991.9 989.2 979.2 79.2 65.2 78.1 804 6.4
2012-01-08 00:00:00 6.4 5.8. 0.0 0.0 0.0 0.0 5.4 28.0 25.0 27.0 27.5) 991.9 990.0 979.2 79.2 78.0 78.1 804 3.1
2012-01-09 00:00:00 31 6.4 0.0 0.0 10.0 2.8 5.4 28.0 26.6 27.0 27.5) 991.9 988.1 979.2 79.2 73.7 78.1 804 7.2
2012-01-10 00:00:00 7.2 3.1 10.0 0.0 4.5 0.4 .5 27.0 27.5, 991.9 987.4 979.2 79.2 844 781 804 8.2
2012-01-11 00:00:00 8.2 7.2 4.5 10.0 16.0 4.0 5.4 28.0 25.6 27.0 27.5, 991.9 987.5 979.2 79.2 80.2 78.1 804 49

2012-01-1200:00:00 4.9 8.2 16.0 4.5 107.2 28.0
2012-01-13 00:00:00 30.1 4.9 107.2 16.0 7.2 15.0
2012-01-1400:00:00 39.2 301 7.2 107.2 51 0.2
2012-01-1500:00:00 17.1 39.2 51 7.2 12 0.2
2012-01-16 00:00:00 145 171 1.2 51 8.0 0.2
2012-01-1700:00:00 94 145 80 12 09 08
2012-01-18 00:00:00 10.1 94 0.9 8.0 13.0 46
2012-01-1900:00:00 14.0 10.1 13.0 0.9 850 0.0
2012-01-2000:00:00 14.0 140 85.0 13.0 3.3 0.0

5.4 28.0 24.0 27.0 27.5] 991.9 987.0 979.2 79.2 88.0 78.1 804 301
5.4 28.0 24.3 27.0 27.5] 991.9 986.4 979.2 79.2 855 781 804 39.2
5.4 28.0 25.4 27.0 27.5) 991.9 984.3 979.2 79.2 80.8 781 804 171
5.4 28.0 26.1 27.0 27.5) 991.9 983.6 979.2 79.2 80.5 781 804 145
5.4 28.0 25.8 27.0 27.5] 991.9 983.4 979.2 79.2 80.5 781 804 94
5.4 28.0 25.9 27.0 27.5] 991.9 983.6 979.2 79.2 79.0 781 804 101
5.4 28.0 25.6 27.0 27.5; 991.9 984.1 979.2 79.2 80.5 781 804 14.0
5.4 28.0 26.2 27.0 27.5; 991.9 984.9 979.2 79.2 79.0 781 804 14.0
5.4 28.0 25.5 27.0 27.5; 991.9 985.8 979.2 79.2 90.6 781 804 149
2012-01-2100:00:00 149 140 3.3 85.0 52.0 14.0 5.4 28.0 25.6 27.0 27.5; 991.9 985.0 979.2 79.2 88.7 781 804 13.6
2012-01-22 00:00:00 13.6 149 52.0 33 0.0 0.0 5.4 28.0 26.8 27.0 27.5; 991.8 986.6 979.2 79.2 67.2 781 804 9.6
2012-01-2300:00:00 9.6 136 0.0 520 0.0 0.0 3.3 2.7 5.4 28.0 26.89 27.0 27.5; 991.9 987.0 979.2 79.2 59.6 78.1 804 8.1

A9 4.1 fegadayafiniun1s Clean wag Transform U
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Yoyaiifusunuldanundsdoyagninusiutuneunis Data Cleansing wag
Fupounis Transforming &3 wansieeadanng 4.1 tu devnmimsedenadfvessn
wUstdn anunsauansdoyaniiign Agegn Aedes uazAdudsauuanasgIulFes
P39 4.1

'
' =

#1519% 4.1 uansafifdsingn Az Anady uagdiuosuuinnsgiuvesdeya

AauUsdndn AAgn AEeEn duade | daudlsauuannsgiy
water_in 0.01 142.31 4.93 6.45
water in_yesterday 0.01 142.31 4.92 6.45
water in_last2day 0.01 142.31 4.92 6.45
rain_yesterday 0.00 288.00 4.85 13.94
rain_last2day 0.00 288.00 4.85 13.94
rain 0.00 288.00 4.85 13.94
rain BGTH 0.00 86.60 3.52 577
rain BLD1 0.00 148.00 3.34 6.16
rain STHO31 0.00 84.80 2.72 5.23
rain VLGE35 0.00 117.80 5.40 7.32
temp_bld1 22.50 39.00 28.01 1.23
temp_btgh 20.00 32.63 27.30 0.97
temp_sth031 20.14 36.67 26.96 1.01
temp_vlge35 21.00 37.33 27.53 1.26
press_bld1 977.17 1011.00 991.87 7.09
press_btgh 973.17 991.00 980.36 1.78
press_sth031 967.71 1003.00 979.25 5.03
hum_bld1 6.00 99.50 79.19 5.56
hum_btgh 45.88 100.00 77.20 6.12
hum_sth031 52.70 100.00 78.14 5.38
hum_vlge35 21.00 100.00 80.39 6.11




Input Layer Hidden Layer

1A 4.2 Tpazunsunuudnasauuy deep leaming

Output Layer
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4.2 HANITIATIZUANMUFUNUSAUFUNUSTENI19aUS Tun1sASWeINsal
Ysunauu lvadlauuneany

nyBATIERALduTussEninsdUslunsmsnensalusua vald s uung
a9 NMTeERteyanldlunisasiaiuudiaes aunsananiauduiussenIneia

wUs Correlation coefficient matrix A9A 1WA 4.3 WU NINHIITUIAIUYTAN T AN

dulseAnsanduiusasan 3 a16U Av AILUT water_in uag water_in_yesterday i

WU 0.73 @IS water in_yesterday wag water in_last2day AU 0.73 way 6
wUs temp_bld1 ag hum bld1 fAvnu -0.72

Pl Bl s C T I R O L I O B - -
water_in 0.73| 060 | 049 | 038 [ 0.38 | 0.12 [ 0.12 | 0.11 | 0.14 |-0.20 [-0.24 | -0.22 | -0.02 | -0.01 | 0.00 [-0.01 | 0.19 | 0.18 | 0.20 | 0.04
Wa'ef_in_yesiefdayvﬂ.ﬂy\ 0.73 | 038|049 [ 0.17 | 0.06 | 0.07 | 0.05 | 0.06 |-0.18 |-0.18 |-0.19 | -0.02 |-0.01 | 0.00 (-0.02| 0.17 | 0.14 | 0.15 | 0.03
water_in_last2day | 0.60 | 0.73 0.17 (038 | 0.11 | 0.05 [ 0.05 | 0.04 | 0.05 |-0.17 |-0.16 [-0.16 | -0.03 |-0.01 | 0.00 |-0.02| 0.15 | 0.11 | 0.12 | 0.03
rain_yesterday 0.49 | 0.38 | 0.17 028 (028 |0.06|013|0.09|0.14 [-0.07 |-0.14 |-0.07 | -0.01 | 0.03 [ 0.06 | 0.04 | 0.07 | 0.11 | 0.12 | 0.00
rain_last2day 038|049 | 038 | 0.28 0.15]0.02 [ 0.08 | 0.05 | 0.06 [-0.05]-0.11 [-0.06 | 0.01 | 0.03 | 0.05 | 0.03 | 0.07 | 0.10 | 0.10 | 0.02
rain 038|017 |0.11 (028 | 0.15 0.10 | 0.41 | 0.09 | 0.15 [-0.05|-0.14 | -0.07 [-0.01 | 0.03 [ 0.05 | 0.03 | 0.08 [ 0.12 | 0.12 | 0.01
rain BGTH 0.12 | 0.06 [ 0.05 | 0.06 | 0.02 | 0.10 0.13 [ 0.26 | 0.36 |-0.10 |-0.15 [-0.08 | -0.03 (-0.04 | 0.02 |-0.01 | 0.10 | 0.13 | 0.08 | 0.03
rain BLD1 0.12| 007 | 0.05] 0.13 | 0.08 | 0.41 | 0.13 0.12 | 0.19 |-0.02 |[-0.21 |-0.05(-0.17| 0.13 ( 0.14 | 0.07 [ 0.08 | 0.21 [ 0.09 | 0.11
rain STHO31 0.11 [ 0.05 | 0.04 | 0.09 | 0.05 | 0.09 | 0.26 | 0.12 0.25 (-0.08 |-0.13|-0.13 [-0.07 | 0.02 | 0.00 | 0.08 | 0.13 [ 0.10 | 0.15 | 0.10
rain VLGE35 0.14 | 0.06 [ 0.05 ]| 0.14 | 0.06 | 0.15 | 0.36 | 0.19 | 0.25 -0.08 |-0.13 |-0.08 | -0.04 | 0.00 | 0.01 [ 0.05 | 0.08 | 0.15 | 0.15 | 0.01
temp_bld1 -0.20 |-0.18 | -0.17 [-0.07 | -0.05 | -0.05 |-0.10 | -0.02 | -0.08 | -0.08 0.27 | 035 ( 0.10 | 0.29 | 0.11 |-0.01 -0.08 (-0.24 | -0.12
temp_btgh -0.24 |-0.18 |-0.16 [-0.14 | -0.11 [-0.14 | -0.15 | -0.21 [-0.13 | -0.13 | 0.27 0.24 | 0.43 [-0.27 |-0.36 | -0.21 |-0.22 -0.31|-0.22
temp_sth031 -0.22 |-0.19 |-0.16 |-0.07 | -0.06 | -0.07 | -0.08 [-0.05 |-0.13 | -0.08 | 0.35 | 0.34 0.24 |-0.02 (-0.02 | 0.01 (-0.24 | -0.21 -0,53’{ -0.05
temp_vige35 -0.02 (-0.02 |-0.03 |-0.01 | 0.01 |-0.01 |-0.03 [-0.17 |-0.07 |-0.04 | 0.10 | 0.43 | 0.24 -0.28 (-0.25|-0.24 | -0.08 [-0.35 | -0.17 |-0.41
press_bld1 -0.01 (-0.01|-0.01| 0.03 | 0.03 | 0.03 (-0.04 | 0.13 | 0.02 | 0.00 | 0.29 |-0.27 |-0.02 | -0.28 032|039 [-0.23| 0.30 | 0.06 | 0.09
press_btgh 0.00 | 0.00 [ 0.00 | 0.06 | 0.05 | 0.05 | 0.02 | 0.14 | 0.00 | 0.01 | 0.11 |-0.36 |-0.02 [-0.25 | 0.32 0.11 [-0.06 | 0.05 |-0.03 [ 0.06
press_sth031 -0.01 (-0.02 |-0.02| 0.04 | 0.03 | 0.03 (-0.01 | 0.07 | 0.08 | 0.05 |-0.01 [{-0.21 | 0.01 |-0.24 | 0.39 | 0.11 -0.05( 023|028 |0.13
hum_bld1 0.19 (| 0.17 | 0.15| 0.07 | 0.07 | 0.08 | 0.10 | 0.08 | 0.13 | 0.08 -0.22 |-0.24 | -0.08 [-0.23 | -0.06 | -0.05 0.19 | 0.27 | 0.14
hum_btgh 0.18 014 (0.11 |1 0.11(0.10| 0.12| 0.13 | 0.21 | 0.10 | 0.15 |-0.08 -0.21 |-0.35| 0.30 [ 0.05 | 0.23 | 0.19 0.41 | 0.22
hum_sth031 020 (015|012 (012 0.10 | 0.12 | 0.08 | 0.09 | 0.15 | 0.15 |-0.24 [-0.31 |=0:53(-0.17 | 0.06 |-0.03 [ 0.28 | 0.27 | 0.41 0.12
hum_vige35 0.04 [ 0.03 | 0.03 | 0.00 002 (001|003 (011]0.10| 0.01 [-0.12|-0.22|-0.05 [-0.41 | 0.09 | 0.06 | 0.13 | 0.14 [ 0.22 | 0.12

AN 4.3 LENIANUFUNUSTEUINILUS Correlation coefficient matrix
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4.3 Han15As1zUaeNNanani1swensalusunaun luald s uun9and

nmshasyiniasefiinasenisneinsalusunanilwaddouunsans wuin
Haduiidnasiomanensaiviinashinaddeunisans geflgnanududu e USnaninlva
WndouunsansYuneunt, USinahslusie Ty LLasqmmﬁLaﬁmwi’u freamin 0.665
0.247 uaz 0.169 auddy drudadeiifinadoniswensalusunanilwadudouuisans
Yfosfignamdudu fe anunmernaedssietu, aand VLGE3S (Chumiles duadeises
129 8NBLUAS) WAy @01d BLD1 (Weuunsans snunetutieant) deantimiin 0.007 0.064
Waz 0.128 MUAITU wansdanInil 4.4

winsuninzvmatuanineiniafidnasenisnensalusunanlvadnieu
U989 1 Usnanhlvadideuunsansuneunthiinase nmsnennsaiusunaniluadin
Weuunsansgsan fientiiniin 0.665 sesasun Ao Ui wlusioty gaumnfildsoiu
AT UFTLS A 85185Y Wag ALNABINARABSI8TY Fa8A1Umn 0.247 0.169
0.151 4@z 0.007 MNAIFU wansFanInd 4.5 uazidlodiaszidadvanidnsiainanin
o efidinasenisnensaiUsnaniluad g suunsans wudn @andl STHO31 (uddlns
fuanivin Snesisle) fwardenisweinsaiviunadilvadidouusansgean e
dwiin 0.136 s09a31 Ao @01d BTGH (Fuasesy s1newuns) @i BLDT (euunians
Sunotutiann) uaz @anil VLGE35 (Chuwmiles suasdbieasing sanawune) deantindn
0.13¢ 0.128 uaz 0.064 AUAINU WansfanInil 4.6
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4.4 nan1snaasasdsesiutuuInaasnisnennsalisunaunlunadvou

UMNaN

4.2.1 HANISYAABILUUIIABINISNEINTAINT a8 9d M UIDUUI9 A

Mnnsinsnagevadislumaniswensaiusunanilwadidsuuisans Tneld
Operator Deep learning (H20) TulUsunsu RapidMiner $u ﬁjwsq@szj”aigja‘ﬁ' WU Split
Validation tJu 70:30 uazdeAmsiiines Deep Learning Epochs 1-50 La2%1111579
UszansamSouiivuafineinsalldiuaiase amnsauanananisinussansnm ius

ANS9N 4.2 91

a ) = a a [
AN9199 4.2 WanSUSEUBUUTZENTATNUDILUUNRDY

Deep Learning Absolute Square Correlatio
epochs RMSE Error Error n

2.9800231

1 8 1.585356957 8.88053815 | 0.84849056
2.8829325

2 ) 1.498887719 8.31129991 | 0.85854736
2.7790292

3 8 1.415369224 7.72300373 | 0.86623345
2.7790292

il g 1.415369224 7.72300373 | 0.86623345
2.8121076

5 3 1.544955879 7.9079493 | 0.86631201
2.8121076

6 3 1.544955879 7.9079493 | 0.86631201
2.8121076

7 5 1.544955879 7.9079493 | 0.86631201
2.8121076

8 5 1.544955879 7.9079493 | 0.86631201
2.8121076

9 3 1.544955879 7.9079493 | 0.86631201
2.7881991

10 ) 1.620971038 7.77405428 | 0.86593445
2.7881991

11 . 1.620971038 7.77405428 | 0.86593445




38

Deep Learning Absolute Square Correlatio
epochs RMSE Error Error n

2.7881991

12 . 1.620971038 7.77405428 | 0.86593445
2.7881991

13 . 1.620971038 7.77405428 | 0.86593445
2.7881991

14 . 1.620971038 7.77405428 | 0.86593445
2.7881991

15 . 1.620971038 7.77405428 | 0.86593445
2.7881991

16 . 1.620971038 7.77405428 | 0.86593445
2.7881991

17 . 1.620971038 7.77405428 | 0.86593445
2.7881991

18 . 1.620971038 7.77405428 | 0.86593445
2.7881991

19 . 1.620971038 7.77405428 | 0.86593445
2.7881991

20 . 1.620971038 7.77405428 | 0.86593445
2.7881991

21 . 1.620971038 7.77405428 | 0.86593445
2.7881991

22 ) 1.620971038 7.77405428 | 0.86593445
2.7881991

23 ) 1.620971038 7.77405428 | 0.86593445
2.7881991

24 . 1.620971038 7.77405428 | 0.86593445
2.7881991

25 . 1.620971038 7.77405428 | 0.86593445
2.7881991

26 ) 1.620971038 7.77405428 | 0.86593445
2.7881991

27 ) 1.620971038 7.77405428 | 0.86593445
2.7881991

28 1.620971038 7.77405428 | 0.86593445

1
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Deep Learning Absolute Square Correlatio
epochs RMSE Error Error n

2.7881991

29 . 1.620971038 7.77405428 | 0.86593445
2.7881991

30 . 1.620971038 7.77405428 | 0.86593445
2.7881991

31 . 1.620971038 7.77405428 | 0.86593445
2.7881991

32 . 1.620971038 7.77405428 | 0.86593445
2.7881991

33 . 1.620971038 7.77405428 | 0.86593445
2.7881991

34 . 1.620971038 7.77405428 | 0.86593445
2.7881991

35 . 1.620971038 7.77405428 | 0.86593445
2.7881991

36 . 1.620971038 7.77405428 | 0.86593445
2.7881991

37 . 1.620971038 7.77405428 | 0.86593445
2.7881991

38 . 1.620971038 7.77405428 | 0.86593445
2.7881991

39 . 1.620971038 7.77405428 | 0.86593445
2.7881991

a0 ) 1.620971038 7.77405428 | 0.86593445
2.7881991

a1 . 1.620971038 7.77405428 | 0.86593445
2.7881991

a2 . 1.620971038 7.77405428 | 0.86593445
2.7881991

43 ) 1.620971038 7.77405428 | 0.86593445
2.7881991

a4 ) 1.620971038 7.77405428 | 0.86593445
2.7881991

a5 1.620971038 7.77405428 | 0.86593445

1
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Deep Learning Absolute Square Correlatio
epochs RMSE Error Error n

2.7881991

a6 . 1.620971038 7.77405428 | 0.86593445
2.7881991

ar . 1.620971038 7.77405428 | 0.86593445
2.7881991

48 . 1.620971038 7.77405428 | 0.86593445
2.7881991

a9 . 1.620971038 7.77405428 | 0.86593445
2.7881991

50 . 1.620971038 7.77405428 | 0.86593445

298 ® geo0O0eGOQ 08665

RMSE
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Deep Leaming.zpochs

AN 4.6 ATIMLERINITINAT RMSE wag Correlation

100 1286 150 17.6 200 2286 260 278 300 328 "0 376 400 425 450 478 800

08575 &
h

nasto =
g

0.8565

Series:
—&— RMSE
—@— Correlation

NAYBINITIAUIZANTAIW WU L BLUUIIADIAIAT Parameter Deep Learning

Epoch 71 10 A1iaUszaN5AM 13A1 RMSE wag @1 Correlation azasil lifinsiuasuudas

4.2.2 Nan15UTLEULUUINEINSNEINTaINTTiaLdnvesun lulauUi9ans
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Mnnsadanuusiassnsnensalvunasilvadidouunsans Taeld Operator
Deep learning (H20) TulUsunsu RapidMiner %’U@]’aaﬂgmﬁagaﬁ wus Split Validation 1Ju
70:30 wazdervungou (hidden layer) Wy 3 4 4wl L1 L2 war L3 duay 50 Tnua waz
fnuar s Tiaes Deep Learning Epochs 1-50 $am151imes Deep Learning Epochs
ﬁi@’fmﬂmimaaa U9 4.1.1 Ao A1 Parameter Deep Learning Epoch il 10 wWa291A"S
Sonwansuszdiudszansnmuesuuusians lnevinisiseudisuaiinensellaiuaiase
ansauannantsUssliuUsEavsamusauusans Wusanmi 4.7 feil

Deep Learning Model

Model Hetrics Type: Regzession

egression, gaussian distribucion, Quadraric loss, & 301 weights/biases, 82.6 KB, 102,240 training samples, mini-batch size 1):
L2 Mean Rate Rate RMS Homentum Mean Weight Weight RMS Mean Bias Bias RMS

2 Input 0.00

50 Recrifier

3 50 Rectifier
50 Rectifier

000 0.008177  ©0.099810 0.205301 0.121818
0.000000  -0.000263  0.051847 0.230173 0.18

Linear

Scoring History:

cba/sec

78 obalsec
2317 cbs/sec
8368 obs/sec

03 oba/se
2474 ops/sec

9708 cbalsec 2

AN 4.7 Han15INUSEEANTANVBILUUING DS
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waterin  — predictiontwater_in)

AN 4.9 wandnsUSeuiguNanIsneInsainuA1ase U 2007-2013

dae

— waterin  — prediction(water_in)

AN 4.10 wEnanIUSeUgUNanIsNeInNTalnuA193e U 2014-2020
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4.5 NANISNAIUILATUBSAREAINISNEINSAIUSUUN ald L auu19a9

AAdeldinsiawesuaindmiuiansianisnensaiusinanilvaid uiou
U9as RvausInNFBssvesldaulasUszneufensuanstadiuiinsn vmifisu
fogatoudiangld Weldlunsussuanalunisnensaiudinaniidufulssiuou 22
A1 uazuansnansneInsaiidudrusunanilnadid euunaansmetu Wumie dugn
uindunsetu fanmdl 4.27-4.29 diuiiaes wansansaumaiiuansdoya iunwdulyl
n91fin Bvldarnsruursnunaanumssiivesnsiiiinesdauisssmalng Taeding
wanswavsuanilusrafvintagtu deyaulusoudnd unuszureh uaznsmuane

<UL gﬁﬂLLﬂﬂQﬁ’lLﬂﬂJ“ﬁLﬁUﬁﬂ‘lj’]@ﬂﬁﬂ (Upper Rule Curve , URC) waztnaaiiiuini

#1an. (Lower Rule Curve , LRO) filda1namznssunismiuuleuiedn dsniwd 25-27
waziidoyadndrunisdaldainnisiioudeya twiuansuady Interaction Graph wans
Umnanhvadidouunsansdeunds uanadumetunassnediou famil 4.30-4.31 e
g1EANNEEAINWARUS TR

€O wateripynb - Colaboratory X @ Bang Lang Dam x  +

C @ 8402-35-204-33-180.ngrok-free.app 2 % = 0@ :

Alamin Magaga

1 new friend request

Founder of Magtech Digital
Hub,Data Scientist,and
Web developer.

LEGAT | gSU amumsaidh idou |11

3Un 2 wayNAU 2566 12a1 00.00 u.

Usunculnlusin Usinculnlusouduori
1,184.34 a4U aU.LU. (814%] Usnculhfusu Hioe: 81U AU,
so35uthldan 270.02 & au.L. (18.6%) A S "

1196 1184

ad URC — FeRC

a :z:'y ¢ v =
AN 4.25 ‘ViquLWﬂUaiﬂLLaﬂQGUEJ;JuaLGUE]u‘U']Qa']Q (1
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Date

€O wateripynb - Colaberatory X @ B8anglang Dam x  + - = t
& > C @ 8402-35-204-33-180.ngrok-free.app e x »0@ :
i ﬁ = et 1202 - v = 73

el S
g
z T jamy B2 |Ba I!“l {28
| [l ] o] ) ]
3 ;
- 2508 2w, 27w 28w, 9 we. Ve Olun
inlands M dhs:ue rilioe: 3w AUL.
TusouaumkAuuLY (25 1V.8. - 1 W.A. 2566)
s:aulnfusw  109.74 U. snn E
L sauiiCer : - snn. nNkandwt a:au 10260 &w av.
s:utnanarnnidonud 14 1pudiuas ths:ueaau 21186 AU au.L.
usnculnfdnuld (77.08%)  908.06  &w auw. vseulnludimaoas 3412 &wauw.
Wy 66.79 .
o u;\gjwnnég b :1u S nwus:uedh (du av.u./3u)
pho ol 1.28 Ll 1wA 2wa 3wA. Awa SwA bwa TuA.
ns:ug 2ud 8.01 AU au.U. 8 8 8 8 8 65 65
Input Form
Date
3-5-2023
water in yesterday
| 47.92 - - . |
a v P - 1% 4'” B -
ANN 4.26 %u’]LLWU‘UEJiﬂLLﬂﬂﬂ‘UEJJJUaL‘UEJ‘UU’Na’N 2)
€O water.ipynb - Colaboratory X @ Bang Lang Dam x  + oo 0
© > C @& 8402-35-204-33-180.ngrok-free.app e« » 0@ :
R - - .
| s:c‘iuuﬂudvz 109.74 U. snn. (lkandm aau 10260 &w auw.
s:autnanaynnidonud 14 IBUdIunS fhs:uvwaay 21186 U au.L.
U§U1Nﬁﬂﬁﬂu]ﬁ [7708'/-] 908.06 U au.u. Ugu1mﬁ]‘|’ué'u1ana] 34.12 41U au.U.
LNNSUAIAD 6679 AU auL.
s S N nwusznieth (3 au.u./3u)
ul HE:lU']O'lJ‘I 31Ul:|. 128 G &L 1wA. 2wA 3wA 4dwA 5S5wA b6wA 7WA
s:ug 21ud 8.01 U au.u. 8 8 8 8 8 65 65

Input Form

3-5-2023

water in yesterday

4.92

water_in_last2day

4.92

4.85

rain_|
4.85
rain

0

rain_yesterday

last2day

rain BGTH

3.52

in DIND1

NN 4.27 waruasnaunsutiaumdiwdstunisnennsaiusuanilvadi@auuneans (1)
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€O water.ipynb - Colaboratory X @ Bang lang Dam x + v - X
& > € A Notsecurs | 6329-104-196-169-145.ngrok.io e % 0 a
991.87
press_btgh
980.36

press_sth031
979.25

press_vige35
970.62

hum_bld1
79.19

hum_btgh
77.20

hum_sth031
78.14

hum_vlge35
80.39

| Predict |

29 4.28 wtkavuasadmnsutauaswlslunisnensalusunailualt i dlsuu1eand (2)

€O water.ipynb - Colaboratory X @ 6329-104-196-169-145.ngrokio. X =+

v - & x
& > C A Notsecure | 6329-104-196-169-145.ngrokiio/predict 2 % 0O Q

Forecasting Water Inflow for Bang Lang Dam Result

%

UL

¥

4:4' b I3 ¢ a g
AN 4.29 'Viu’]LLWUU@?@LLaﬂﬂNaﬂWiWEJ']ﬂiﬂﬁJilﬂmu’]‘lWﬁL‘lﬂ
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unil 5
a3Una aAUTENa wasdaiauauuz

5.1 d3Uuazaiusenanisidy

n9ideidessruumnensaitiivadidouuisans fngusvasdmsiteiiiafnu
Lardnseitass Tunisadrawuusasinisnennsalmsiradivesinludeuuisans way
WauAzUesaLUUTIaeIn1swensainisinavesiluid suunsans lngausaasuna
uiazdlaaad

5.1.1 nawssadayanazaireuuuinassnisneinsainisinadivasinluivou
TRRGLY

nsfinwuagsauTadeyaanmeiniauasdeyatszanuivifidsdastuideu
U9a1e WU Smeauifuiinveufufeyaiitisadosaninernia deyauiutaivi
Toyavlnadudou egvatgosdns Inefdoyanszatvegluvaemiasnu fe nsu
NINBINTUT NILNTUNINGINTTIIUFUALAININGDY NINTAUTTN NIENTINABATUAY
avnsainsineas nsuggdendnen msliidiendnuissemelne eidoyaiunnsiisty
Tuagmheu Insdeyaiidnadomnensaiumaniludouunian Afidedontansy
9970 @0sunAIEIdY Ao 9nnsumIneInsi nsEnsImineInIsINTRLarAduIndon
WJudeyaaadinanineinia (hii-telemetering) se111930 2555-2564 uag 3105y
YaUsEnIu nIEnTNuRsLaravnIninainens Wudeyatiuiinasilvadidouuisans
seminal 2550-2564 Tun1sAnwigideldidadeidniietmaiisuuusiaosiann
Usgnaudie Uiy gumadl erunaeinia wazdTunanilnadudeulutunounti
iadauuuiaeslunsnensaiuimaradideunsadutudaly ufaedienaide
pansuanindayanisUsnasilnadudoulutureuntharenadsdeutudoyadililunis
wensel A Ui nadideulutudaly §3deldvinnisnsanaeunudieuduiug
semineiands Correlation coefficient matrix wdamuinlifiduysifamnuduiudgaiuld
(@iFngendt 0.8) Mefuandlunwd 4.3 Fsaenndeatunisfinwinsneinsaiviuianinlvaii
W out LA 89098 U g Aeuntind 1wy nsAnwIveY J. Hong et al., M. Babaei et al.,
S. Lee & J. Kim wag M. Pini et al. [25, 31-34] Aifinnsthein Water inflow Tuiuneumiian
weInsaiA Water inflow lududnly Vet usfirdoyaildannisidunusasuddend
AaAdsuuaziianainegtns fidevinshanuazeindeya wazthunaiiswuudiass
nanensainisivadivesiludeuunsans TasldidenldlumauuulassieUssamiiion
(Artificial Neural Networks) #amsnzaniuniswensaiaindeyaanimgieinia dadu
wuuUsingmsallailudadu (non-linear complex) aanndesiunisasulunisfinyives
T. Egawa et al. [12]
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5.1.2 N153LASICHANUTUNUS AMUFUNUS 5Lh319A kU5 TUN1ISAITNEINT D
Ysunatnluaiauusany

N1971AT1gAUd NS TEnT19duUT Az eadn1sn1THaITUIA1IE
Multicollinearity #1395 ¥38 A1eTdunsudany iellviliduusdaszelagnils
Lifianudasgainiu vise dauusdaszazdesliuegiuduusdaseiiladimianniuly

)=

wsedlanuduiusiugaiuly anmsdwesgideyanldlunsasiawuudiass wuin duds

iaa 1w

mmamﬂisawﬁmamwuﬁmm 3 §16U Ao FauUs water in lag water in_yesterday il

ANNIAU 0.73 FauUs water in_yesterday waz water in_last2day HAviiU 0.73 wag

AuUs temp_bld1 waz hum_bld1 dawinfiu -0.72 FediAneglugeiladiiundy 0.80 fiad
AuUsBasedalifinnuduiusgaiuly [30]

5.1.3 A1sAsazitaleniinasaniswensaiusunau lvaldauu1eans

nmsiesviniasefiinanenisnennsalusunanilwad e uunsans wudn
Usinahlvadnd suunsansuneunthiinasenisnennsalusinaniluadni euunsans
asdn AAtmidn 0.665 s99a311 Ao YnauhdusieTu guvgdiadssietu a1udy
Susiugladesie iy uas mNunAeIMARAESI8TY faeAtivin 0.247 0.169 0.151 uas
0.007 mud1du FadievimsssufisuiunisAneves Hong, J. et al. (2020) [31] 74
m'ﬁmssmmsmf]amwmamamswmnsmmlmmLﬁuau Soyang UsEunAnIvala Ae
Usunauiely 9auNgean aammmam AN AUTUELTNS LazUSILEILAn

ANUAPU Q%L%‘L&’J’]‘%%EW]L‘ViiJ@‘HﬂuuﬂﬂLSEJﬂa’]ﬂ‘Uﬂ’J']SJﬂ’]ﬂ@Wﬁ@ﬂﬂﬁ@ﬂ‘u%ﬂ‘ﬂwLC”IEJ’Jﬂ‘u

waziilodnserianiidnainanineiniaiiiinadanisneinsaluTunanluadn
WaNU19a1s wWud1 @nntl STHO31 (Uudslng duaudining a1nes1sla) duasons
wensaluIua a1l s uUIaNasga ARunin 0.136 sedaww Ae @anil BTGH
(fuasysy sunewung) @anil BLD1 (Wauu1eane snnatiutvani) uay anndl VLGE35
(Uruwmilos Auadeleaiiag NBLUAY) eA1dInGn 0.134 0.128 wag 0.064 AUEIGY
Fadlpiiinavesanidinanineniamndmsizimsedinlnanannauisainlalvegluiun
& A 1o = = g i = Y o o | °
Hunquusiundemddaaiineuuuiinuit aanfl STHO31 (U1uislns drvaudining 81une
51509) @unsainszegn1esadnlalnaiign NUssuin 15.5 Alawns 58389u7fe @il
BTGH (suawezsy dnneiun) awnsadnssesnmesaiinlalnaiian Nussuiu 5.5 Alawns

= v & o Y ¢ ° o v ada
wag @011 VLGE35 (Uhumiled fiuadeieasing d1nsiung) aunsadnsseemedeliflalng

' P Y
Aaa v

ign NiUszana 3.7 Alawns eaiuannil BLDL (Weuunans snnedutisani) Nilfideeyin
LFUTBNUNANANUAEITENI Tk UNg LU Unan e uuuua Ao
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5.1.4 A1SYAARILAZUIIURUUIIADINITNEINTAINTS At 1vasi L auunsans

1nMsAEnEIaLUTIaesn TwensaluTiu lnard i ouunsans §3Teld
Operator Deep learning (H20) lulUsunsu RapidMiner 9 sae#lsritu Rectifier Unyadaya
i3y vin1suusdayadaeds Split Validation 18y 70:30 wazsdaailvuagou (hidden
layen) 10y 3 U Fudl L1 L2 uay L3 Yuaz 50 Inua waziivuad1nis1dmes Deep
Learning Epochs 1-50 LLé’aﬁwms’E’mmamiﬂﬁvLﬁuﬂivﬁm%mwmauwuﬁwaaa 1neviINIg
L‘inmwmwWmﬂmlmﬂumasq wud1 1o Train wuudrasslasnisusuen Deep
Learning feAnils wadildarnuuudaesazinduszansamldasilifinnsuasundas de
Ay fo Epochs = 10 ilfi1 RMSE Al 2.788 fidedndlueaiiliainmsvanadlinaden
fudeyaienundd uayTapdszdninimvesmaneinsaiannuuudiaes o f1 RVSE =
3.111 A1 R = 0.767 Wagen R = 0.876 4 Lian et al. lésgydn 1 R? filsitfesnin 0.75 e

< ! saa
WUNITAINITNYINTUNA

5.1.5 MsnauILaYUasaLdnsn1swensalvsunaluaidnvesinlulauuisans

MeiRuILATUendmIuLanHanInensaiUTina i udouuians {3t
levihnsfnwanudesnisvesdiduaslivinnisimuiwaruesneanduassd laviinig
USudsuunanesuvaawuusiasdlasld Goosle Colab adrelasniwilnnau (Python)
Fslsonuuuliiinsnsendeyadiuussiuiu 22 A1 wazuanssaniswensaliiiduruldidy
Fruaudsinadilvadudeunisans Wuidiay i Sugnuiadianstet)

AAveldvinsTawesuaiadmsulansanisnensaiusiani vt i ou
U989 ABvALBIANFBINNIYBs T ulngUsEnoufeMIansHaduiiugn vimiAsy
fogatoudrangld eldlunsussinanalunismensaiudinaniidusuusiu 22
A1 uazuansnanisneInsaiidudrusunanilnadid euunaanssetu Wuniae dugn
undnsAofu dauiiaes wansansaumeafiuanstoya luamdulsingiin sldanszuu
suraanIumIsitvessiwidiendawiassinalne TasdinsuanwauTuamiilu
sraftuintlagtiu doyauiluseudunif unusszured uasnTimuanssyduy Sauansdn
.nausiAunungean (Upper Rule Curve , URC) waginmusiifudnueian. (Lower Rule
Curve , LRQ) #ildanamgnssunisiiduulsuisin uagideyadndiuniadsldainnng
windeya tuuanawaidu Interaction Graph uansUFurmunluait 1 suuisans
Founds uanudusiefunazsoiou les1ursanuazainungfujvaanu awiso
UFtRnuldmuununsUitRnsieuimsianisusinanilfessduszsansam
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5.2 Jaymuazaudassn

Tutunounswioudeyanudt varemiisauiisuiaveudeya ivdeyadunans
wydaunazldarunsaidddlaluuansnsae UanuIIUnuINfeelinsueaugyn
fadutymsefugsdalfoRauegdiunarseyiinnslideyaneu sanfsteyaifeafuils
Mnuansuvasiuiifeyaudnitlingetu warlutunounisiamiuasuesaunanlasudi
daveidentdlunmaaeunazaiialiing davassaliainsadeeaniuudiass (export) W
THauduunanesuludunanslosuduld ldnutedrinlunsihuuudiassinaaouly
¥ aunanrlosuduidangulunsldauldnnni

wuInanIskAJeymuazgUasse a101507 A lAg U8 URE NI 891 UN 9
%’Uﬁmaum?ﬁ'amaLﬁaLﬁummam%uaﬁﬁm%auava%’wivw n15L T ousauuy AP
(Apphca‘uon Programming Interface) mmmimwaualmmmmawamammL%aaa dlu
mumaumawmumﬂ%aimmaeﬂ,mmmsaswLmumaaﬂmamm Python Taednsdannsna
mmﬂmimaauLLuumaaﬂuIﬂiLmim RapidMiner @ 4@17i ba 0198 AuAa1nLAE o1
@ntley

5.3 YaLEUDLUY

waannsaiakuudiassnimmensaiuiunadlvard i euuieans §3ded
Torauonusdail

1. prsAnudadeiifinadontsneinsaivsinanindusedalus defiudselon
UszAnsnmlumanennsallsiiusemansdundubeiy

2. maifindeyatiadeszornsananidinennia ieiiuanuusiugilunswensel
1N

3. msifindeyatadoildlunisnensal andeyanisnennsalenniaaremii 3-7

Tu annsuenlenine) Weausaasisdnaesivaideuuimsaiminlalussssian
Neuuiy wazAiladenadesiuaniunsalnnnuduasunniuy
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Abstract— The information about water inflow for Bang
Lang Dam Thailand is very important to the Pattani river
management in order to manage the built multipurpose water
storage dam for power generation and agriculture in the area.
The management of water can be more efficient if the accurate
forecasting of the water inflow into the dam is acknowledged.
This study applied the H20 deep learning model, which is a
multi-layer feed-forward Artificial Neural Network (ANN) to
create the model for water inflow forecasting. The data was
daily from January 1, 2012 to December 31, 2020. The model
performed accuracy with MAE: 1.300, RMSE: 3.111, R%:
0.767, R: 0.876 which provided a good result.

Keywords—deep learning, forecasting, water inflow, Bang
Lang Dam

1. INTRODUCTION

Water is a natural resource that is essential to life,
economic and social development. The natural water used by
people of all areas, including atmospheric water (rain),
surface water and groundwater. These are a natural product
exists in nature by itself, which we cannot produce more or
reduce the amount as needed. As a result, some years there
may be dearth, causing less water in rivers and streams,
which unable to share thoroughly. However, some other
years, it rains continuously until it is damaged the property
and community areas due to flooding. Also, the presence of
waste water or water pollution occurring in many areas can
cause the crisis of water.

Water management is a process and method used to
manage water resources, including procuring, developing,
allocating, and using them for various purposes. It is also
including the conservation and restoration of water resources
for sustainable use such as solving problems caused by water
resources in both quantity and quality aspects. Water
management must be coordinated and integrated into many
ways in order to make the most of water resources. At
present, the Pattani river management of Thailand facing
problems of water management from various factors,
including global warming. The dearth during El Nifio La
Nifia has resulted in drought problems as well as repeated
floods over the years. This causes damage to life and
property especially the agricultural areas are affected, which
results in loss of productivity and other economic growth
opportunities. In spite of the development of reservoirs,
basins, dams, and numerous large, medium and small
irrigation systems. In fact, the water storage and irrigation
systems lack effective water management. This causes too
little water in the storage that aggravates the dearth and
finally causes a shortage of water for consumption and
agriculture generally impacts on ecosystems downstream and
vice versa. On the other hand, if there is too much water in

the event of heavy and long rainfall, it will cause flooding to
aggravate in a wide area including the crisis of the dam break
that the damage is huge.

Pattani River Basin is located in the south of Thailand. It
has a total watershed area of 3,684.21 sq km. Most of the
area covers Yala and Pattani provinces and some parts of
Songkhla and Narathiwat. The watershed is a longitudinal
line, positioned along the north-south line. Pattani river is the
main river and has the Yaha river as a tributary. In the end,
there is a canal Nong Chik separated from the Pattani river
with many other small canals. The Pattani river originates
from the Sanglakiri Mountain Range in Betong district, Yala
province, which flows from the south to the north and flows
into the Gulf of Thailand at Mueang district Pattani province.
Most of the area is forested with a slightly flat area. The
lower part of the basin is a plain. The length of the river is
about 210 kilometers.

Bang Lang Dam is a multipurpose dam that blocks the
Pattani river, located at Ban Bang Lang. Khuean Bang Lang
subdistrict, Bannang Sata district, Yala province. It is
considered the first multi-purpose dam project in the south.
The Electricity Generating Authority of Thailand is the main
culprit of the construction, which was completed in June
1981. Since then, the Bang Lang Dam reservoir can benefit
in the field of irrigation for farmland in Yala and Pattani
provinces. It is an area of more than 380,000 hectares, where
the released water can be used to generate about 200 million
units of electric power per year, helping to promote the
power system in the south to be more stable. It is a by-
product that has enormous benefits. It also helps alleviate
flooding in the lower area of the Pattani River Basin that has
always happened. This area is an important inland fishery in
the southern region that helps to provide the job and income
for the people living near the dam. Moreover, it is a tourist
attraction as well.

From such information, it can be seen that Bang Lang
Dam is very important for the Pattani river management.
This is because it is an important water reservoir of the
Pattani river that affects irrigation, electricity generation,
water allocation for agriculture and including protection
against floods and dearth. Thus, effective water management
is required. The key factor in determining the amount of
water inflow into a dam can come from many factors such as
rainfall, overflow or other weather conditions, which will
affect the total amount of water in the dam. This research
focuses on studying and analyzing factors affecting the
amount of water inflow into the dam by applying the H20
deep learning model, a multi-layer feed-forward Artificial
Neural Network (ANN) to create the model for water inflow
forecasting. The created model can be created a smart report
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of water inflow information for the maximum benefit of
water management in the Bang Lang Dam.

Fig. 1. Map of Pattani river basin

II. RELATED WORKS
. Literature Review

Jehangir Ashral Awan and Deg-Hyo Bac [1] studied
system for forecasting the amount of water inflow into the
dam by long-term forecasting by using Adaptive Neuro-
fuzzy Inference System (ANFIS). In this short term
forecasting of water inflow into dams is used for flood
protection systems. This is a real-time data processing, but
long-term forecasting of water inflow into the dam is used
for planning years in advance. For example. in agricultural
planning, water use, and hvdroelectric power generation.
This study applied ANFIS principles for long-term planning
by studying rainfall data and the internal temperature of 60
data collection stations. The datasplit into two modcls:
Model A uses normal rainfall, Model B uses average rainfall
from forecasts, which the result shows Model B is more
accuralc.

Michele Pini ct al [2] studied the evaluation of machine
learning techniques for inflow prediction in lake Como, Italy.
The study compared Linear Regression (LR)., Random
Forests (RF), Support Vector Regression (SVR) and
Artificial Ncural Nctworks (ANNs) (cchniques. The

experimental results show that ANN is better estimate
streamflow.

Li-Chiu Chang ct al [3] devcloped the Intelligent Hydro
informatics Intcgration Platform (IHIP) to crcatc a flood
warning system by showing the results as a flood map using
machine learning techniques. The data was analyzed from
flowing water, rainfall and current rainfall. The model was
created a display of a flood forecast map, the current water
volume in the form of web service on all platforms.

Fernando Salazar et al [4] reviewed the forecasting
litcralure on dams bascd on past work. 7 (ypes of dam
forccasting and analysis tcchniques were organized: 1)
Hydrostatic-Seasonal-Time (HST) Models 2) Model to
Account for Delayed Effects 3) Auto Regression Models 4)
Neural Networks 35) Adaptive Neuro- Fuzzy Inference
(ANFIS), 6) Principal Component Analysis (PCA) and
Dimensionality Reduction, and 7) Other Machine Learning
(ML) techniques such as Support Vector Machine (SVM).
K-Nearest Neibhbors (KNN), Genetic Algorithms (GA) and
Ramdom Forest. A summary of 59 literature from 1985-2015
was summarized into two points: ML tcchniques arc
important in dam safcty management and engincering-based
Jjudgments are necessary to make safe decisions.

Mahmood A. Khan, Md Zahidul Islam and Mohsin
Hafcez [5] studied the accuracy of forecasting irrigation
water demand from six different data mining models. To
compare the performance of DTs. ANNs, Systematically
Developed Forest of Multiple Trees (SysFor), SVM, Logistic
Regression and traditional Evapotranspiration (ET) mcthods.
The factors include maximum-minimum tcmperaturc. wind
speed, humidity, rainfall and solar radiation. As a result,
SysFor provides the most accurate performance at 97.5%.

T. Egawa, ct al. [6] studicd a dam inflow forecasting
modcl using NNs and Regression to manage dam water
safety in both normal and flooding seasons by forecasting the
amount of water in advance within 1 day from the available
information. Two modcls were obtained in (wo types of
dams: regression model was uscd in dams without tributarics
because it is not complicated, easy to understand. The NNs
are used to forecast dams with tributarics because there are
more factors involved.

Deg-Hyo Bae, Dae Myung Jeong and Gwangseob Kim
[7] studied dam water inflow forecasting using ANFIS
forccasting data to optimize the forccasting of water inflow
into Soyanggang Dam, South Korca from the old system that
uses only historical data. The researchers compared the
models from the datasct that does not use weather forecast
data with the weather forecast dataset. The results showed
that the forecast weather data had higher correlation
coefficient values and lower Root Mean Square Error
(RMSE) values.

Nocl B. Elizaga. Elmer A. Maravillas. and Bobby D.
Gerardo |8] studied a model for forecasting water inflow into
dams. The exponential smoothing time series method was
compared with the NN backpropagation of Angat Dam,
Philippines using the past 5 days water volume data to
forecast daily water volume. It turns out that exponential
smoothing model gives r=0.852 while backpropagation
model gives 1=0.959.
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Ayesha Nayab and Muhammad Faisal [9] studied water
management in the Tarbela Pakistan during torrential rain
(15 June to 31 September) by building a water forecasting
model using Bayesian's Stochastic Dynamic Programming
statistical technique. The researchers studied and compared it
with the model obtained from forecasting the inflow of water
Autoregression and ANN. The study found that Bayesian
had lower Mean Absolute Error (MAE) values, which the
model used to determine water release policies during the
flood season.

Arsalan Mahmoodzadeh, et al. [10] conducted a
comparative best prediction model of water inflow into drill
and blast tunnel by collecting water inflow data from 13 road
tunnel construction sites in Iran. Data collected from the
depth of drill and blast tunnels, groundwater content, rock
quality. The study of prediction model using various
machine learning techniques such as Long Short-Term
Memory (LSTM), Deep Neural Networks (DNN), KNN,
Gaussian Process Regression (GPR), Support Vector
Regression (SVR) and Decision Tree (DT) to forecast water
inflow data. Forecast results were measured using R%, MAE,
and RMSE values. The most accurate RMSE was 4.07486,
of which DNN, GPR, SVR, KNN, and DT were the second
most accurate, respectively, with RMSE values 4.66526,
5.77216, 12.95589, 16.63670, and 17.99058.

Di Zhang, et al. [11] studied modeling and simulating of
reservoir operation using ANN, SVR and LSTM based on
the water retention data of the Gezhouba dam across Yangtze
river in China where the longest retention data exists. The
study used monthly, daily and hourly data basis to compare
the models. As a result, LSTM gave the most accurate water
forecasting results in all cases of the time scale and water
flow volume dimensions; monthly, daily and hourly scales
for the time scale dimension, and low, intermediate and high
for water flow volume dimensions.

Zachary C. Herbert, Zeeshan Asghar, and Carlos A.
Oroza [12] studied long-term reservoir inflow forecasts:
optimizing water use and water management using deep
learning. The study applied Snow Water Equivalent (SWE)
and reservoir time-series data inflow during April-July
period between 1990 — 2020 of the Upper Stillwater
Reservoir, Utah in the USA. The investigators improved the
optimal parameters between LSTM and Convolutional
Neural Network (CNN) techniques wusing Seasonal
Autoregressive Integrated Moving Average (SARIMA)
statistical techniques to optimize the efficiency of LSTM and
CNN techniques. The accurate result disclose a simple
LSTM-LSTM was the best performing model.

From the review, it was found that the forecast of the
amount of water inflow into the dam bringing the
surrounding weather information, will increase the accuracy
of forecasting. From the review of literature, it was found
that the forecast of the amount of water inflow into the dam
will increase the accuracy performance when considering
factors that are surrounding weather information. From the
context of Bang Lang Dam, Yala province, which is a
multipurpose dam located in the monsoon area therefore the
relevant factors include rainfall, atmospheric pressure,
humidity and temperature of the various rainfall and weather
measurement stations to create a model using the ANN
technique and measure the performance with the most
efficient of accuracy values.

III. DATA PREPARATION

This study collected water inflow volumes at Bang Lang
dam, Yala province, include rainfall, atmospheric pressure,
humidity and temperature data factors from 4 weather
measurement stations in the Pattani River Basin above the
Bang Lang dam from the Royal Irrigation Department,
Ministry of Agriculture and Cooperatives and  the
Department of Water Resources, The Ministry of Water
Resources and Environment used daily data from January 1,
2012 to December 31, 2020. The feature data are as follow:

+ Daily Water inflow to Bang Lang Dam
* Daily rainfall

« Daily average temperature

* Daily average air pressure

* Daily average relative humidity

TABLE I. SUMMARY OF FEATURES CONSIDERED IN ANALYSIS

Feature Name Description

Inflow Inflow water to Bang Lang Dam [10°m’]

Inflow_1d Inflow water to Bang Lang Dam in one day
before [10° m®]

Inflow_2d Inflow water to Bang Lang Dam in two day
before [10° m’]

Rain Rainfall in a day [mm]

Rain_ld Rainfall in one day before [mm]

Rain_2d Rainfall in two day before [mm]

Hum Relative humidity [%RH]

Press Barometric pressure [hPA]

Temp Temperature [°C]

TABLE 1 presents the features of the dataset that is
considered for analysis. All data was collected from selected
stations by located in the upper part of Pattani River Basin
which is the watershed of Bang Lang dam as shown in Fig.
1, which received data from 4 stations as shown in TABLE
1L

TABLEII. WEATHER STATIONS IN THE UPPER PATTANI RIVER BASIN
Latitude,
Station list Location longitude
BLD1 Banglang Dam, Banang-sata | 6.1608816,
District, Yala Province 101.2752384
BTGH Tambon ~ Yarom,  Betong | 5.775768,
District, Yala Province 101.0924864
STHO31 Ban Wang Sai, Than-To | 6.0092804,
District, Yala Province 101.2680512
VLGE35 Ban Muang, Betong Disrict, | 5.9237996,
Yala Province 101.125984

All collected data total 5,112 records between January 1,
2012 to December 31, 2020 with 22 Attributes. Convert
hourly data to find the average of the day, manage the
missing value and fill by mean. Then analyzing with H20
deep learning and adjust epochs for stable values.

IV. MODEL DESCRIPTIONS AND PERFORMANCE

The objectives of this study were to analyze the factors
affecting the inflow of water in the dam in order to create
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and test a model for forecasting water inflow in Bang Lang

Dam.

A. H20 Deep Learning (Feedforword Neural Network)
H20 Deep Learning developed base on multi-layer feed-

forward artificial neural network for predictive modeling as

Fig. 2. Model can contain many hidden layers. A

feedforward neural network (ANN) is also known as a deep

neural network (DNN) or multi-layer perceptron (MLP)
Model [13].

Input Layer

Hidden Layer

Output Layer

Fig. 2. Diagram of the 1120 deep leaming network.

B. Comparison of the Accuracy

After creating the model then run the forecast to find a
suitable model and compare it with the actual value. Next,
compare the accuracy of each individual model based on the
value of Root Mean Square Error (RMSE), correlation
coefficient (U) and The Mean Absolute Percentage Error
(MAPE),

1) Root Mean Square Error : RMSE

RMSE is a value that shows the discrepancy between the
estimated values from the model and the actual data values.
If the RMSE is near zero, it means that the model has small
discrepancies and can be used as a suitable representation of
the real data. There 1s an equation as follows:

1 =
RMSE= [-F&L,(¥; —¥)?

where Y. is predicted data
Y, is actual data
2)  The correlation coefficient : CC : R
CC 1s the relationship of two variables, for example, what

is the relationship between X and Y, with a range of -1 to 1,
the meaning of the number is

-1.00 to -0.70
inverse)

-0.69t0 -0.31 : Weak Negative

-0.30 to 030 : No correlation (two variables are not
correlated)

0.31 to 0.69 : Weak Positive

0.70 to 1.00 : Strong Positive (two variables have values
together).

: Strong Negative (two variables are

C. Performance

Optimizing the model in the experiment is done by
fetching the prepared data by splitting the training dataset
and test dataset with a ratio of 70:30. Using a deep learning
H20 set hidden layer model at L1 and L2 50 layers, we ran
the Epochs setup test and measured the performance to
determine the best Epochs with RMSE. The results obtained
at Epochs 14 were valid. The best RMSE and correlation is
shown in Fig. 3.

sooen

Tig. 3. RMSE and correlation of training model

V. RESULT AND DISCUSSION

The model was obtained from the previous steps. As
shown in Fig. 3, RMSE and Correlation stabilized after
epochs =10, epochs 20 was chosen for the H20 deep
learning model. Forecasts of the test data were 5112 records,
of which the experiments measured MAE: 1300, RMSE:
3.111, R% 0.767, R: 0.876, and when plotting the result as a
graph. will be as shown in Fig. 4-6.

Pttt Acliben

Fig. 4. Scauer plotting ol predicted inllow vs actual inllow
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Fig. 5. Predicted inflow vs actual inflow (2007-2014)

Fig. 6. Predicted inflow vs actual inflow (2014-2020)

VI. CONCLUSION

The forccasting of water inflow of Bang Lang Dam by
applying the H20 Deep Leaming model (ANN). which
includes the dataset from many stations involved rainfall,
atmospheric pressurce, humidity. and temperature factors. The
model can forccast the amount of water that will flow into
the dam. leading to the planning of water efficiency
management. The results of the experiment were
satisfactory: RMSE was 3.111 and correlation (R) was 0.876,
which was equal to square correlation (R?) was 0.767. Lian
et al. |14] indicated that if greater than 0.75 is a good
prediction. Which after this the rescarcher will use the results
of the experiment to create a dashboard system showing the
forecast of water inflow in Bang Lang Dam.
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