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Abstract

In analyzing and assessing the impacts of hydro-climatic
disasters, such as floods and droughts, hydrological models
require high-resolution data to accurately simulate possible
scenarios. However, the insufficient data resolution limits
analysis and forecasting. Therefore, this study aims to apply the
artificial intelligence technology to improve the resolution of
rainfall data at the sub-basin scale. The climate variables from
the European Centre for Medium-Range Weather Forecasts
(ECMWF) and measured rainfall data from the Thai
Meteorological Department's monitoring stations in the Chi River
Basin would be downscaled by using the Recurrent Neural
Network (RNN) model which is developed to learn and analyze
the relationship between climate variables and measured
rainfall data. Moreover, from the model training and testing
results during 1995-2024, it was found that the developed
model can accurately estimate rainfall, especially during the
rainy season, which is a period of high weather variability. From
model testing results indicated the range of R was 0.77 to 0.93
and the RMSE was 2.4 to 5.8 mm. This knowledge can be applied
to support water management policy formulation and disaster

risk reduction in various areas

Keywords: Rainfall prediction, Bias-Correction, Artificial
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Rainfall station (TMD) ©
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984 LSTM A fmunsonnanlasstnsuszamiiouuuueynsuna
(Recurrent Neural Network: RNN) Imaﬁugmué”a RNN gnaantuy
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(European Centre for Medium-Range Weather Forecasts: ECMWF)
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Topgetmau Inasesiu 850 hPa (Useaa 1,500 winsanniialan) 1l
%ummﬂﬁﬁﬁu,amﬁqaumqm Aty wagnsendavesennie @
544U 500 hPa (Uszanas 5,500 was) Wusuussernassdunansifld
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n1snesfivaelu [6)

Azl 1 fuusnaanmgie1nia ERAS (ECMWF 2568)
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Specific humidity q AUz kg kg-1
Relative humidity r RS %
U-component of wind osAUsENOUANTA

u m s-1
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psrUsznevanirmile-1d [m s-1
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V-component of wind

Vertical velocity w TSRS Pa s-1
Divergence d ANTUHNTZAE VDI s-1

Vorticity (relative) vo MsvwIELTIS s-1

Potential vorticity pv ﬁ'ﬂﬁﬂﬁm{mu K'm2 kg-1 s-1
Geopotential z fndIlewamudea m2 s-2
Fraction of cloud cover  [tcc  |dadunisunaguyediusl |Dimensionless
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3U17i 2 A5¥UIUNN5YN9TUT8N Bidirectional LSTM (BI-LSTM)

Specific cloud liquid water Ysunanhveavadlume
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content [SYREZ ]
Specific rain water content |crwe | USinasinuanizada kg kg-1
Ozone mass mixing ratio |03 dndunanvosialoloy  |kg kg-1
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features) fazviounansznuvesrruluefin Amsadifdanan loun
Aadsdounds (moving average) wazAedpa T mnLUUEng
Tnuuidea (exponential moving average) 4 a7l LuuTIa0s
aunsaideudunliulutasdunasdaen venanddildingsu
yurndayalagldilsridu StandardScaler Wsanamidssuuvas
Avduvstsiegluainafimunzausenisisoudvedlaswiioussam
\Wie

Tassadrsvesuuudnaedlunuidoiidentd Bidirectional LSTM
(BI-LSTM) iileliuuusaesansnsaFouiiutoyannitsaosiiang
AvanefnlugUagu (forward pass) uwazainswiandeunduluds
8l (backward pass) Tuddunafedtu Faediudnoninlunis
Ussifiuvsunuasanuduiusiidudeuludeyadananldfs ey
Taoamzlunsdlfitademagiiennalinnsiudeuuiasuuy nonlinear
WAz nonstationary GT’faLﬂumsLLU?{suLLUaaﬁ%uagjf"fuﬁwﬁum'awﬁw
wagdeniunuuliudad
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wstayaoeniBuaesdiu ¥ud yndoyadmsuiindoust we. 2538-
2561 way gadeyadmiunaaoudaus® e 2562-2567 Tudhsndau
80:20 IﬂEJmsLL‘U‘nsﬁa;ga‘[,ué’wzuwflﬂummﬁammﬁﬁumm (time-
based split) %&mezﬁuﬁagauuu time series LieaNaINTASNY
ardumanisalkazlasaasendudunusidaian (temporal

dependency) fiffoglufayaiduls (11} deundeyaainyn ERAS 1¢

gty
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aanflnsiadagnivualiidu Jeyaidinune (Target) dmsunis
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Overfitting n3an1sfikvuTIaeassuivayal nuniiuluaugayde

ANuatNisalun1sviuedeyalual nafeuuudnassaziaiiy
1o v v = 1 o v A o Yo v
winghgaiudeyarn willnnuuiugnieedethluldiudeyanaaeu
(7] nervuameuleliganisindeanuaaiaedou (Validation
loss) Lifinsanasindetudunan 15 epoch Fegredasiunisin
luwmauniull wazanszeziianlunisuszuiana Fan1suiuniean
ANUAIAAFRY LN WkuUTaesdinumsgauiutoyauldl uag
Prewiulszansamlunisanvuedulununguees lneseaziden

Aol 9 v = =
Fp93onNsUTuRAMLAAIAAADULEAIlLAISISN 2

157199 2 FudsyananalunisuSuninuaamasuYesLuusiass RNN

fuszanana veld Hartunsezeu
Bidirectional LSTM 128 tanh
Bidirectional LSTM 64 tanh
Bidirectional LSTM 32 tanh

Fully Connected (Dense) 64 RelLU

Fully Connected (Dense) 32 RelLU
Output Layer 1 Linear

FupougaiieidunszviunmaaousuuTIans Tasvinng
mamsaiUTinahussfunngadeyanaaey Tngluuudansd
WunsEnuazUiuuinuaAaInedeuLds nMsvadeuLuUdiaes
AsBUAUTNsTETIARaT e 2562 e 2567 Tnsnaiildgniian
Wisuiisuiudeyauunaruanandngain $1uau 23 usie da
Munsesusiazanfuandliluguil 1

dnfvanillurts 23 wisitldlumaiuieudoui 1duneinnis
Smdonanilmmatausinaniuluiifeeglufiuiifiasouaquauuiihd
Faudusiaunouvuiuineustsvesqu i olinisussidiu
WUUT1ABIANN IRV DUAIIVAINTNAI8T N YR NS AN
awituillfogsnsounqy Tnefinnsaniislunivesnisnszioieiiug
uazawaNysaivestayadeuvddlurisnaniifng

4.3 TiaTIevinanismnnsaiusunallu

TumsimsgsnansaanisaiuTunaelu Tausyifiudseansamw
Y0euvUTIaetiensld el d Taausienns Idun Root Mean
Square Error (RMSE) wag Coefficient of Determination (R?) qmﬁ'ﬂs
fofn Nash-Sutcliffe Efficiency (NSE) Sadusaiifildlun1siasiz
wazUsziunanuuliugvesLuuIaedduiugnnine lnglany

Ao o o

luviunveanisdnaesasneinsalusinadunddnvuziudoya

aunIuIa [8] dwandluaunis 1 2 uag 3 mud1du

Root Mean Square Error (RMSE):

RMSE = \/{%zgﬁl}(m —0i)2} (1)

Coefficient of Determination (R2):
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{n} —p2
Re = 1 - 2O r) @
{2, 0i- 0)2}
(i=1}(0i
Nash-Sutcliffe Efficiency (NSE):
{n} 2
()
NSE = 1- % 3)
{zi,, 010 2}
el
Pi - Afiuusasinanisal
Oi = miidunanisel
n o = $woudeyariomn
G - Auadsvestoyadannmsal
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AARARELAN
R? 00 -1.00 1NN 0.9 MuEaRNIN
NSE -00 19 1.00 11071 0.9 NN
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Bidirectional LSTM (Bi-LSTM)

mifnuuusiaes Early stopping
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5. WaN1sANE

nan1sUssduUsEans nnsielugaeiiviinisiinuasnaaey
wuvasadieusuudanugniestuluiuiiguinfuansiinisad 4
way JUT 4 TasanmswSouifisunanisainnisaiuiuasiuse ui
lanuuudaesiudeyarunsiadn wuin Tug 297 vinasiln
LUUSa09 Aaudl e, 2538-2561 A R? waz NSE dAdaus 0.69
{4 0.94 FauansliiiuiwuusiassausanansaiUSinamus e Tu
Iluseauddeiunnluvansand lnsanzaoiiiden Rz wiiiu 0.94
Idunannil 353201, 353301, 379401, 388401 waz 405301 Fedud

A1 RMSE #1071 3 dlafians uwansisnnuulugrvesiuuinaasiigs

WAbUUNSEaNT WY 409301, 431401 wag 407301 HA1 R2 finin
0.75 uagdlA1 RMSE aglutig 5-7 fiadiuns Feazvioutiadedninves
o a v a ada o

wuudnaedlunianiseussusuunisiiaduluunsdadinisanmin
pgnsdunduvseladadiiaue

Tugmvageuiuudtaes wudidle R2 aglutag 0.77 69 0.93
waw RMSE agsewing 2.41 §s 5.82 fadiuns lnsaniiiuandliiiu
. o A s a ¢ a v A
Fuuudasafivszdnsanlunisaanisalusunarulaiduage

loun @anil 379401 (R2= 0.91, RMSE= 2.41 3131.), 388401 (R2= 0.93,

=

RMSE= 2.90 ua1.) Way 387401 (R2= 0.93, RMSE= 2.88 w3l.) ¥9aa1)
Ao oA ° = ¢ YR ,
wianilduihuntsiwuuiaesinanisaanisalegluszAusvslugia
vean1stnuaznadey Lunisuansdiiiudiuuudiassaiuns
Ysziduanuduiusidaiarsendnsdiudsmsaning deiniaiu

Usnauannnisnsiainldegnelivssdnsamn

= L oAaw Yy ~ o a @ ° v
15199 4 AdedinlaainnslisufisuliinarusigTuanuuuiiaesiu

Joyadunanisal
Train Test
Station
Rainfall R? RMSE NSE R? RMSE NSE
(mm) (mm)
353201 0.94 2.60 0.94 0.93 3.07 0.93
353301 0.94 2.36 0.94 091 3.20 091
356201 0.93 3.41 0.93 0.92 3.05 0.92
379201 0.93 3.34 0.93 0.92 3.02 0.92
379401 0.94 2.16 0.94 0.91 241 091
379402 0.86 3.86 0.86 0.85 4.95 0.85
381201 0.84 4.27 0.84 0.83 4.71 0.83
381301 0.81 4.59 0.81 0.80 4.88 0.80
387401 0.83 a.77 0.83 0.93 2.88 0.93
388401 0.94 297 0.94 0.93 290 0.93
403201 0.77 4.87 0.77 0.82 4.59 0.82
405201 0.77 5.72 0.77 0.92 3.14 0.92
405301 0.94 295 0.94 0.93 3.19 0.93
409301 0.69 7.11 0.69 0.81 5.82 0.81
426201 0.81 4.32 0.81 0.93 2.80 0.93
426401 0.80 4.43 0.80 0.80 5.11 0.80
431201 0.83 4.03 0.83 0.80 4.84 0.80
431301 0.89 3.10 0.89 0.86 3.10 0.86
431401 0.69 5.07 0.69 0.77 5.01 0.77
354201 0.87 4.17 0.87 0.90 3.31 0.90
356301 0.86 4.47 0.86 0.90 3.81 0.90
407301 0.75 6.31 0.75 0.88 4.78 0.88
407501 0.92 3.70 0.92 0.91 4.64 091
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