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Abstract

This study aims to compare the performance of SARIMA, LSTM, and hybrid models
in forecasting daily maximum temperature in Bangkok during 2021-2026. The time series
data were divided into training and testing sets. Model performance was evaluated using
MAE, RMSE, and MAPE. The results indicate that LSTM achieved the lowest forecasting
errors (MAE = 1.405, RMSE = 1.699, MAPE = 4.093% ), while the hybrid model did not
outperform the individual models. The findings suggest that the dataset exhibits nonlinear
characteristics, making deep learning approaches more suitable. The 30-day ahead forecast
shows an average temperature range of 33-34°C with relatively narrow uncertainty bounds.
The study highlights the importance of selecting forecasting models based on data
structure rather than assuming hybrid superiority
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Daily Maximum Temperature - Bangkok (2021-2026)
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Foracast vs Actual - Test Period (Jan 2025 - Jan 2026)

SARIMA | MAE=1.734 RMSE=2.108 MAPE=4.99%
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Actual vs Predicted Temperature (Test Set)
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Daily imum Temperature Forecast - Next 30 Days

J —— Historical Data (180 days)
: Forecast (30 days}
ﬂ =w++ Forecast Start

/\/\ ] A J‘ . : Uncertainty {£1.5°C)
H [ ‘ ” }I/ IV \
g V\ ‘”\. |
\

U“

36

v
v
E
B I |
§
g
g
k]

28

2025-08 2025-09 2025-10 202511 2025-12 2026-01 20;64]2 2026-03
= : .
AN 5 Daily Maximum Temperature Forecast — Next 30 Days

wansweInsalnudt wunldugumadl ludianariinansaifidadsusyana 33-34
ssmwaidoa Tnofivasmnalinviuoutssana +1.5 ssmwaldoa Jseglunseuiidndauarlyl
Unngnisiasundasdalassaisogisdundu uansdaaiiosnmvesuuudaedunisuszgndld
FaiRnssvezay

2AUs8Na

Nan1TITeuansliuInuuTnass LSTM SUszdnsamaaindiuuudiaes SARIMA uay
WUURRIHEANNEIU (SARIMA-LSTM) Iumiwmﬂizﬁqmmﬁqaqmwilmmﬂqamwwmm ialu
fuAtALAAIALAADULATAIINENINTA TunsRnnuANNURIUYeTeyaLasHadnEFIna )
annsaesureldandnvazvestoyagamailuwndesiianuiudeu uazilassailiiFady
(Nonlinear) @sl#3udnswaaintadenatssu wu Ysingnisalinnzanuieuluiies (Urban
Heat Island) wagmsiasundasaningiionnie dewalviuusiasadeafiniotns SARIMA Garfu
mMseutsmudiiusidadu enaliannsadusuuuudeyalsesnsudiu luvasiiuuudiaes
LSTM Bafulassineyszamiisnuuudduina awnsadsudamnuduiusssoroniuasguuuy
Alidaduldesnaiiussansam Ssanunsaazieunginssuvesd syaldusiugrnnnii Tasiame
Turefideyaiinnuiuniugs uagdviunuudiaossaunay (SARIMA-LSTM) Alsdanunsali
HAGNSANIMUUTIARY LSTM 91afinaindednin Tunisuenssdusenauidadunayliidaduves
Yoya GeeonvviliiAnnisgydoarsaumauisdrulunszuiunisadisuuusiaes dawalsian
Anapdeuivaeliannsoazvieulasiainsvesteyalsognstaiau

uenanil wuureomamaililumised Wuiemidduwuamanssuwuuiiaes
Tngodoauudgn Yt = Lt + Nt ogndlsfinny Seduummaduiianansofauifin@als wu n1ss
WuUEU MmN (Weighted Hybrid Model) Tuguuuu Yt = wilt + w2Nt & arfiuunditiniin
dravth viiensdoufiminuuudalusiFluseninansiinuuusiaes 1wy wwiAames Gradient
Boosting dse1athenfinuszansawlunisnensalldluuiensd

nan133deiaenndostunua@a No Free Lunch Theorem Feszyinldiuvudiandle

sa

nannsalinadnsafgalunnaniunisal N1518enlYLUUTIABIT9AITHINTUIINGN YLD

9
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Toyadlsednwludfyy lnsamglunstideyasunsunanianuliidadugs Fawuudiaey
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Fadnenadienumnzaninnniuvuieendedfuuusai ludesnsussandly nanTIail
anansnihluldaduayumsnaunusundsny msuimsiamsanuidssanaduniufou way
nsatuayunsiaduladalevisluandesmualnalfesnsdussaniam venindmsdnui
Failhdiudawuamadunisiauinuusiassluswian wu msfiasiudsaieuen (Exogenous
Variables) LLazmiﬂ’@umLLuuai’ﬂaamamawuiugULLUUﬁ%’U%’aumﬂ%u ioLfinanuwiug1ves
NSNEINTA]

1. anududounaslaniairaddiduvasdayagiionneaiias widlummauiuuuiaes
SARIMA 9gfimnumnzaneg1ed siudeyasynsunandiiguuvuggmasiaus (Hyndman &
Athanasopoulos, 2018) uitayagauuaiisieiu luadisswwinlngegniunnumuas sy
dvwanniladenieusnuuunviandudeu wu Usingmsalinmezarmideuluilos (Urban Heat
Island) wagnansznUIINNISUABULasanwATiona Jademaridmalite yadauiuny
geiaziialaseairadslididu (Nonlinear Pattern) agneidadAty lassngussarnifisuiuy
LSTM Begnesnuuusnliandianudusiussyoronuavaianudnuasfidudoulsfini Ssasviou
watnvesgumnilfisiusiniuuuasadsadfuuudai

2. fasrinvasuuuTIaeINaNna1Y (Hybrid Model) TuuSundeyagamail nsdld
LUUTIRBINANNATY SARIMA-LSTM lafamnsaliuadnsiidniuvudiasauien uaziiaraiiy
AINALARBUAINTY LSTM anansneduneiBmaudldainauns v, = L, + N, ol

o Haymsgandeansauma (information Loss): Toyagamgiigaiienaliilassadig
Faduiiuendeenindaiauiiose msaduld SARIMA ieadnesAuszneudadu (L) sonly
rou e ligadnvardfguismsvestoyagnindeu dwalirnainiadeu (Residuals
vi30 N ivaamdony Liflsuuuuidaiuwely LSTM anwnsaiSeusldogisiiussansam

o Jyymnnsufuainadioya (Data Scaling): n1su1AAAIALARDY (Residuals) il
unsatsuanuazauTougagus Tvhnsusuaina (Normalization) Wnsiiileteutdng LSTM 819
llassneldaunsadurun (Magnitude) vosanuiunIudiuiadeldduindunisly LSTM
Foudandeyaaumninudouis

fatty mansAinwluadedTatuayudoaueiiin madenlduvusaesmensal laims
foguuanigudmguiiituuuiasmaunmuazininauely winsfiansaundadulalness
90 "dnvaglasadisloyaiausydny (Empirical Data Structure)' iWuwiiladdey

Jolauauue

1. msfauuuuiaeudamulslaeiiudandseSueneuen 1wy AuTuduTsTTe
USunauly Wiienfinannuwiugrvesniswennsal

2. msUszdiumaResUewUUsIa0R335 Time Series Cross-Validation Liiafudu
auaansalunsldnulutiananfiuananeiu
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