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flafFunselon suAfedinguszasdiiolfiuusiassmaneinsaiviinaniicy wsmounsdeyaly
THlumsassnagrsnsausniivangadlufunsasnssussuunsssneiuaenslininenstidu q
Tudsriayasud TnenennsaiuTunmuiunafouresimimasus fumfounnsiau wa. 2553 fufeu
SuanAs WA, 2562 21Uy 120 A1 GATulduuayasendu 2 4n gadl 1 91uau 108 A1 deudifon
UNTIAL WA, 2553 BAURBUTUIIAL W.A. 2561 amTunsinwidkuuneInsadaeIsnsuendiulseney
wuumsgas UG euendlnuudvastnaine wazisileidunisanelou deyayadl 2 91w 12

AIWFLADUNNTIANDIADUSUINAL W.A. 2562 UL FAINSTUNISHUS I UL UAULLUYN NANITITENUTN



NITNITNEINIAITINUAALAAN® FenenTaifedTunisansloulneAIneINsaIA2eLN g5 LT URAN
ANUAaIALAd ouduy salladeilirtaega(MAPE Mean Absolute percentage Error) n1swennsalsae

ilafdunsaelen WIS IMINzaNunigaliedninia1 MAPE deeiign Ao 20.43 %

w3 Uusazany (2560), nswensalusunaiduseneuludminuasarssalagldinaianig
wensainnsaan uAseidunsnwUsinaduseieuludmiauasalssd Afuainaniiidisa
VSl uUsssuen YBIAUINNINIVAUTENIU NIANAIY NTUYAUTENIU WU 3 a0nil Lneld
wiallAnsneInsain1eadi warlSeufisuaunainndouvediinisneinsalsie 3 335 laud 35uen
drudszneu I liSeuretendluiuullsaluuiumesiuuan LagIsveuend-lauiud FeRa1san
MNAIANLARIALARBUNI @0 uaRY (Mean Square Error : MSE) Tne@nundoyatfunaniduseidiou
Fausd w.e. 2544-2558 iawernsaivTinasrunedoulull we. 2559 Gahanldiduteyalunis

RAFUNUTIUMGUSILUUNITNEINS A

nansiteasUnalassd rnnsAnviSsuifleuuutnensaitiinasiiuseifeuludmia
uAsanssd Afvananddimiuiaiunuusssua Yesgusanningivatseniu niAnas naw
gausenu ludwmdnuasaissa 31w 3 a0l aguralain 3amiiidevretendliuudeanuuiumes
wuuAas A MSE sitam Tuanail C2 d1edssuse i ales 2.unsaassd wazannd N.67 wsitniny
Srunsloonie o.quuas 2.ua5a2538 diuanid Cta widuaineg Yrumaidalasde o.a1a877 1.
UASENTIA A5vosuend Lauiud ikt MSE iian iWeiarsannmsay asiuiniimliizeuvesiond
Tuudsauuuiumesuvuna ulsimmnzaududoyaimaninusefownniian sosauniesves

UBNG LUNUE

151915 WiduAalnAana (2553), n1swensalusuaHuTeReuveanilan deninguay

v

aonfennNANEASIUAIARS T BNRUNNe N15IA8l

a v

mqﬂizaaﬁl,ﬂ'aﬁﬂmmsm?{aulmsuaﬂﬂ%mm
drruneifouvesanniandoninguazanifonianunsaneg Tuaiangtuoenidoanie way
\WisuiflsunuaaIninasuresisnsneInsalnieg via 3 33 leud Fuendiudszneu Fnsmensel
Yol wned wardinisneinsalvesuend-uiud dafiansanaindiadslesifudainunaiand oy

duysal (Mean Absolute Percent Error:MAPE) lag@nwiiudeyauTuiuudusioinaun sl w.e.

1
=< o

2539-2548 iangnsaiusunatidusedaulut w.a. 2549 Fainunlolunisnaisadisufisusianuu

2

NYINTAI WATYINNITNEINTUUSUIATNHUS R aUa1 T 2 U Ao T w.A.2550 way 2551



nan153deasulanail a1nn1sAnwidIsuiisuduuuneinsalivsinaindunerouvesanii
galleuineuazanionimnunslunianzfuesnideanile 31 26 an1il wui Fsuendiuuseney
9iAn MAPE sinfiandnuau 8 aandl AsduSeway 30.77 8n1swensalvesiumes Tia1 MAPE afian
duau 1 anndl Anduesas 3.85 uagdSnsnensalvesuend-launud Tir MAPE sfign S1uau 17
N oa & v N 2 VY ax 4 ¢ a ¢ & ad =
anil Anlduseway 65.38ulefasanlunmsin ssmuldinsnsnensalvesuend-luindduisnisn
winghudeyalunanicuseiieunIniian sesanfe Isuendiulsenau uarisnisneinsalvesiy

LMDS PUAIPU

Afan Galih Salmanskazaaie (2563), Visibility Forecasting Using Autoregressive Integrated

=Y

Moving Average (ARIMA) Models wu"?58‘533fﬂqmﬂszmﬁLﬁ'aﬁwmsJamwmmﬁéfmmiuaqLﬁul,‘w
gnamnssunslulight visibilitydeanwilanunsaneadiulutramiile fmie@ulud)dedinnudfy
wnlunuAuUaends YoyaduiusUgaunasuInaintang Nadim Batam Indonesia Airport Inglesi
WUUNISYINUIBARIMA W95 3lme$p,d,q Waumaaiingrid search maé’wéﬁﬁﬁqmaﬂp,d,qﬁlﬂuam%ﬂ

99490,1,2,3,4 A ARIMA(1,0,4) IMSE 0.00029

v nanily (2562), nMmaviunuutuglunsweinsaliteyaoynsuaFefILUUNEL ARIMA-
ANN wazmsinsizinisanass 1umadeientunsldizmsieszinisanaeslunsadadwuunas
wuuUlnlse Uy ARIMA fufwuunietneusyamiien iflieuniisuuunas ARIMA-ANN-REG
AU UGTUNSWEINTAANIFILUUNENTEINAILUY ARIMA AUALUULATDUI8USEAMTENLUU
KRy AiTeunisauuuRad ARIMA-ANN 13T Anwasiuseuiisuanuuiugwosdmennsald
132U ARIMA LaEfLUUNELSEMI ARIMA AutaSetneusyanyidios (ARIMA-ANN) 52576
WUURENSENINE ARIMA Aulasednelsyanniiisu lngendeion153iasignnisannsy (ARIMA-ANN-REG)
Tnefnwusudfieuisludusestayadnouasfountss fayasiaaslflunsfnuiuasianaingy
LUU ARIMA Suruiiedu 8 fuuy wazdeyaatetuldfinsindeyaateionun 6 gndeya lusuinalne
unldlumsiSeuiiou nan1sAnumuinduuunas ARIMA-ANN-REG Sanuusiudilunisweinsalgedign

NaYATayafUazYAToyadna0s 7998911 AB AILUU ARIMA-ANN d3ufiluu ARIMA fianuusdugily

NSNEINTRAR

P.T. Nastos wazAady (2554), Rain intensity forecast using Artificial Neural Networks in Athens,

Greece 11ATs T InaanensalUsuainely ibaduliadunsaetuiewsud n3e Insldsuwuu
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lassungUseamiiiey Artificial Neural Network lagdesnisivinadiAnade funiian A1eenanves
Usinaudmusaweuludndmeutromin Inglddeyadoundal 180audUn.A.1899-2099
HaN13338a3UAMUUATtificial Neural Networkanunsatunldlunisneinsalusunaunula

AautawduglneAflatiafstatistical significant p < 0.01 wagadiyngounsanamensailaiaansadu

afirveIUTIUR LA

Wanie M. Ridwan W& ¥ fA e 2563), Rainfall forecasting model using machine learning

methods: Case study Terengganu, Malaysia USunaiuineuiiMalaysiallnau1nsfen15UT 1591589

(%
[ a

Ao 9Adeiiaildnadouivonaismaneififiothuinensainisusuaiaslddoyaain Tasik
Kenyir, Terengganu Gﬁ’a;ﬂaLﬂuéﬁa;gaﬂémmﬁmmaﬁ'amﬂ1Oamﬁsauﬁuﬁﬁﬁaamsﬁﬂwﬂmst%’ Thiessen
polygonLﬁaﬁmuﬂmﬂfﬂwﬁﬂ Tnesauuudildfe Bayesian Linear Regression (BLR), Boosted Decision
Tree Regression(BDTR), Decision Forest Regression (DFR) and Neural Network Regression (NNR)
iedlndaiznnsauuuiie 1we nsaiuiinaniugae Autocorrelation Function (ACH)uudayalu
ofin 2 nsafUSinaiudgaauaaand sutudeyaluein e2islddanesfudsiulunis
wennsaiUTinuisufnyanfian dwsuisa1dunadnsiffiaafeBDTRAIgNtunefecross-validation
NAUDIR square (daily: 0.5525075, 0.8468193, 0.9739693;weekly: 0.8400668, 0.8825647, 0.989461;
10 days:0.8038288,0.8949389, 0.9607741, 0.9894429; and monthly: 0.9174191,0.6941756,
0.9939951, 0.9998085) @3 U337215u LogNormal normalization with BDTR and DFR linadwiai
ﬁlqmﬂvﬂﬁy daily error(LogNomal BDTR 90%):0.737978, weekly error{LogNormal BDTR 90%):0.7921,

10 days error(ZScore NNR 80%):0.61728, monthly error(LogNormal DFR 80%):0.7623

Yoo n lvegresas uavane (2563), MaranInsdndeniuuiidurasunouimeiugnas
amfunisnensaiuiinautiudaslasisussamiiiss msidediiagussasdifiofmunmadaiden
wuuuTsturest uRuAsMsTugn TN UN e N saiUS I e TAssT e ST L (ANN)
Tagende 3 ndnnis leud 1) nénnsdadwuiviugnssaliidudsasgiu (NGR) 2) nénnsdnideniuy
WADIAR (RWS) uag 3) nannisdndoniuuudsdy (TS) n1s3deutseanidu 2 du laun duwsnidy
nsimuFaLuUnensalaneldsnassioya 1100 deya vigh 1000 U wardwitaeadunisunih
wuunensaifildandrunsnanldneinsel Tududanidoyassanldlasvhmaudsdoyasendu 2 «n
Ao gan1sidoud uazganisvadeu Andudesay 77 way 23 Muddy antuinsuTesudioy

UsZANTAINATNYINTAITENINAILUUIATIV IS UTLANMLAIUA N UINITAALE DABUULIITUA UG U
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lassrgUszammiyisunlgn1sAndenuuuLiuees Wang et al. (2017) lagiarsandsz@nsainnig

wgnsalanAraIandouduysaliade (MAE) ArpaialAfiousesavduysaliadie (MAPE) 5In70961

a Lo

AnRLAReUNdsandiade (RMSE) uaznduuszavsimivua (R2) fMuuniitilulaswieuszamiien
un anududivsvesena anusiauwaziiemayluuung Tueen aztusn Anusiauwasiieng
asluuuanie 16 nsssimerosh NI 8INFFIER qmﬁgﬁmmﬁ@?ﬁqm LLazqmwQﬁmmﬁLaﬁﬁ uay
fuuseanidun Ui duvesnianandlulsundlne deyailldtuniieneiduteyaneggnaau
U 1100 Yeya
nansfennInUIsufisudsEAnsnmmeneinsaluinasiuresnanandlulsunelng
LeAALYANTA (93U ey Lazggvu) sevinsduuulasseUssamdisaiiiauinisAndeniuy
w et 0T UMDLATN TR LE NI TUNT BFILUY GA( ANN uarfauuuras Wang et al. (2017) Aldnns
frLdeniuuiRuvetuneuTENaUgNTIIMIBRLUL GA ANN Nan 53 douanadnlandn fuuy GA ANN
fiusyAvEnimnswensaiiniidauuy GA ANN vesnaania iiludaumesnisundunewdsnisiugnas
wnnmuaaimdnSusulasauoudswousasduieusesswinlnualulasseuszamidion 3n

v a

fagafimsuuaniminuazanueudsseusasduiouessuinsivunlvifia s gaunnd ety
Fefunmsdnidensuuudatuiifautuimisnisdadeniuuiy Fugamadouiiian MAE desfigelugg
WYY 0.36905 A1 MAPE Hauiiaalungiuiiiiy 0.05307 a1 RMSE tesfiantugguuiivitiu
0.47533 uag R2 :nTigmluggiauiniu 0.81509 uazganisnaaausien MAE tesfigeluggvuiiminiu
0.42410 fin MAPE tlosiignluggeuiminiy 0.08746 a1 RMSE tosiianlugguunaiiiu 0.53706 uay R2
unfigaluggeusindy 067987 sufleauisaunfauwuy GAC ANN lunennsaiusunauesnianans

Tudszmalnewgnmuganialaeg1aivsednsam

Lemuel Clark P. Velascoltazmaue (2562), Week-ahead Rainfall Forecasting Using Multilayer
Perceptron Neural Network $3seiinauenisinanisneinsaiUsuaiduaimii 1dUnmianda
wuUMultilayer Perceptron Neural Network ilaidunislsideyaunesdnsuazyanalufmununuu §oR
nssuflownnsaififnamnanuiunaniisu dadeyaiiionun129(e.a.2006-2018) 910 Davao Airport
Station TuPhilippines. ﬁwmuﬁagaﬁwm 4,415 records fwuudlinput 11 nodestaeidudayaluwdyy
#19998980 TWDINARIBE T UUTIN MY mm%uuazaqmmﬁ flhidden nodesnangjukUU wae
floutput 7 nodesuansnauasldUnia19mtN

HAN15ITE FIWUUMLPNNTIY Scaled Conjugate Gradient-Tangentuas Scaled
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Conjugate Gradient-Sigmoidl % Mean Absolute Error 0.01297 ,0.01388 Root Mean Square Error
0.01512, 0.01577 a5UlA91Scaled Conjugate Gradient-Tangentlinad s fing HAT8uUL171A3
wensalarmtduszesnanfidunindifiomuuszansnmvesnisnennsel e nusinaiauiud

1Y

wanetadenineades egslsinuainaideddygranaindaMLPNNa s saldinswensalls

Paul Dankwa ag Ay (2564), Analyzing and forecasting rainfall patterns in the Manga-
Bawku area, northeastern Ghana: Possible implication of climate change ﬂﬂuﬁﬁﬁlﬁﬁﬂmuauu’ﬂﬁu
waENEINTIULUUNIIINYBSHURINTA.A.2017-2035TneldHo3aT A.A.1976-2016 wasilufl Manga-
Bawku lu the Bawku Municipality mziusenidesinilovesGhana. IngldaauuuSimple seasonal
exponential smoothing ez ARIMA(0,1,1)

Had NS0 U T8laeldR LU USImple seasonal exponential smoothing tag ARIMA(0,1,1)
A1UEMU R-squared value of 0.698 , 0.669 Root-Mean-Square Error(RMSE) of 48.775, 50.717
kaz normalized Bayesian Information Criteria (BIC) of 7.800, 7.904 NagNSUBNDaANUMLNzENlyY
1514 U uuTime-series analysis 813l nunIngalntine plotagiiula 11 Simple seasonal
exponential smoothingllAMILUNIZANNINNTT VINNANITNYINTAUUONINUTUIUTZAUNITHN VD UAA

PoyaduudI919T919min
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Yo o {j a 61 ac W{] o v ac o
E‘!Qﬂ 1 iUu'Vi'Wlﬁu Q] ISLLNULYNI AILUU ‘q@‘l]@%a 0N1IINNA
< ‘ 7 p~ 5 ———7
19UdT wnadies, ARSS NAYVIENTIUNLT nenTadUSInauRu Wnsuendiulszneu Vsunaiheusieiiou MAPE Mean Absolute
Aiena, uag 1adinal A1 wngauluiu wuun1sans 35USUlR Vo aninyIsug Aaus percentage Error
o o o o
g LNEATATTY Seuendlnuudea LHOUNNTIAN W.A. 2553
28948 uaydoileidu fia SuNAN WA, 2562
nsanelou U 120 A1
1un uazgnnf an NIARANIEENYDY wensaiusueiy FviliSeuvasend Ynanhuluseidiou MSE Mean Square
NS gvndusieanudemen Wwwdeauuuiumes | Al ne. 2544-2558 Error
a1adlsiensinzlgniiy wuUAM waziSues Vo mInuATEITIA
vand-Launud
< ] _a ° a. 1 = °
15195 vflvialnaana syuunsvausemulad nensalUTIaE Y Wuendwlsznau Yiunauheusieiiou MAPE Mean Absolute
RIENG! FBnswensalvesiu FaueU WA 2539-2548 percentage Error
7 | O
W wardsnsweInsad | iensnsalusanaiy
YDIUDNT-LUAUA rendeulul w.a. 2549
Afan Galih Salman, Flight Visibility YUNEENNDINAG T ARIMA Grid search JoyasUdaunas MSE Mean Square
. &
Bayu Kanigoro NITUDILAULND Error
RLARVREEGRET
D qawﬁ% ANUEINTAN1NNT ‘l‘ﬁaqﬂimumgﬁa ARIMA ,ARIMA-ANN, Egg price (monthly) RMSE Root Mean
. 5 D 2008-2018,Import val
uwdedumagsna WeNIIATRBINT ARIMA-ANN-REG 1 as Square Error
(monthly) 2011-2017,Pork
price (monthly)2008-
2018, Instant noodle price
(montthly)2001-2015 HMPRO
stock price (daily)
2018,SIRI stock price (daily)
2018
P.T. Nastos, K.P. HansznuaNNGreen wennsaluSinauiely Artificial Neural %a;&aﬂ%mmﬁwﬂu Yna.e. MAE,MBE,RMSE
Moustris, .K. Larissi, House Effect Network 1899-2099
A.G. Paliatsos
Wanie M. Ridwan, Michelle AMFUSMITIANITBAU nensalUSINaLinely Bayesian Linear Regression YSunaueusigiuann MAE,RMSE RAE,RSE,R
Sapitang, Awatif Aziz, Khairul i:f’] (BLR), Boosted Decision Tree 10amﬂ1maiauﬁ’uﬁ Square
Faizal Kushiar, Ali Najah Regression(BDTR), Decision e p -
Ahmed, Ahmed El-Shafie Forest Regression (DFR) and EIQLHGJ MUY
Neural Network Regression
(NNR)
Lemuel Clark P. Velasco, wnuUfURn1ssulle wensaluSunauinely Multilayer Perceptron £..2006-2018 911 Davao MAE, RMSE
Ruth P. Serquifia, ] Airport Station TuPhilippines.
. erquina wnnseififinauian Neural Network port Station sUFhEippines
Mohammad Shahin A. Abdul R ¥ uudoyarisvan 4,415
Zamad, Bryan F. Juanico, USunaniisu records
Junneil C. Lomocso
Paul Dankwa, Eugene | msiUasuulasuesanIn nensaiuSuninely Simple seasonal Joyatlln.f.1976-2016 R square, RMSE, BIC

Cudjoe, Ebenezer Ebo
Yahans Amuah,
Raymond Webrah
Kazapoe, Edna

Pambour Agyemang

alienme

exponential smoothing

ez ARIMA

Y9 Manga-Bawku
Tu the Bawku

Municipality
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Plunsisou lesuannisdun waluseunnsuunizady wazdauanfeninusenaulusme USunuiinedy

Y q Y

aa o v A

AausiU 2012-2021 31w 10U NNTURIINENNEYe TayaafifdnuiuaTisou waratauseyInsan

o

nelouthud 2021 siufisdenaunanitussdunyilasuanndinauguneinz 34

3.2 1nesllanltlun1side
3.2.1 Microsoft Excel Idlumsdnawseudayaiiosny

3.2.2 Jupyter Notebook Python Tlun1sdisaa 1iasngst siliiunim wag a31esauuy

3.3 Sumpumasiiiuau

3.3.1. fmunasidenaulainnsinuase

Tunsfuaidassiialaidosnisvisunauthmsinsgideyaifisatuayumsuimsdanisi
YBINIASFUUNLEYS

3.3.2 M3IALATEUTBYA

3.3.2.1 wasdeyauuugeunuannszauludeyaexcel

3.3.2.2 in1siseuisssloyanmnmdunianmy

3.3.23 dnnsteyafialnenaunusednadeantdudluiufeaiu

33.2.4 damsdeyausinaniruiilivnzantunmsdniuuueynsuaiuas Hdoyanaus
Y2012 - 2020 Judeyaiseus deyatz021ludeyanaaeu

3.3.2.5 isndeyausnuieutifuteyaiiauilewnitifuy Linear Regression fuuuin
MniuAsudoyaiewdiu categorical feature wéwh one-hot encoding LlufuuLT 2 dusfauuy
gavnedindiuls year gonilsann correlation 52139 year AU rainfall amount ﬁﬁaﬂwﬁﬁaiﬂaﬁgﬂlm%

2012 - 2020 Wudeyaseus Toyat2021ludeyanadeu

Y Y
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3.3.3. mylnTgideyaidowi

yhmslenesitoyadosiuilensvgeudeyaduiinsugiivasyiond
Tngthdeyaugugiinlfinanmmhuuudeunuuanstoyaimss  uay  uiugiinwlundyusinge
Iawsoutoyadeyaiieidniuuy Tasazuisdoyad 2555 - 2023 4wy 9 T WuyadeyaiFoud uas 4
Toyad 2564 \Judayanadeu

3.3.4. MIFRNAMILUY

A Tnesvesiluy ARIMA 1donaindn AIC fitfeefigalaeilsivihlvinavinunedidndnay
durmnsilimesuas SARIMA 1Fenlneds Grid Search man RMSE fitfosiign waznsiUSeuiiisusuuy

4 2 yilpvihlaedendwuunten RMSE deeilgn
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W& ndiff 1 ¥ Augmented Dickey—Fuller test 1§A1 p-Values:2.5891136509222407e-17 &atfosnin
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Fadulden p,d,qdu 1,1,1 WewAmmsfmessanaifuuuARIMA 6RnAIC 1281.76 hunelng

FIWUUARIMA(L,1,1) nenuaviunewandlamunisiase Uil

A151991 4.8 WEAIAINANTITNEINTAIAINAINIIANBS ARIMA(L,1,1)

o U w.e(a.a) ANNENNTA]
UnIIAN 2564 (2021) 66.41
NUAWUS 2564 (2021) 83.12
JunAu 2564 (2021) 81.80
WweY 2564 (2021) 89.11
W wNIAN 2564 (2021) 89.42
lquieu 2564 (2021) 89.58
nInNIAL 2564 (2021) 89.61
damey 2564 (2021) 89.62
nugIgu 2564 (2021) 89.61
naAL 2564 (2021) 89.62
e wINGU 2564 (2021) 89.62
SuAL 2564 (2021) 89.62
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ARIMA(1, 1, 1) Predictions
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JUN 4.19 unuglinsanidunaninantsnensal ARIMA(L,1,1) Wisudeyayanadau

Mnuuniingidudiathranisinneiisuiumvesyanadeu aviulaidnuuiliamsaduiuali
yasUSunanaulaae Geldanunsailulsle aeuidamedeurmnnsiilwes lnesnuuunsnaasdlagly
38n19vn15Grid searchlu Python Iaelid1 p, d, g p =0-11,d =1, q = 0- 11 lanavesdiwuy

MUGrid Searchdsil Tngyiuuuagyitnisprint AIC eaniuanimie uagludunauanavinezl

ol o

W13 eSNLIAICTRNgRon Inekan1snaaedlaeldGrid SearchtuPython Programinglssiail

Attempting to fit ARIMA(0,1,0)
The AIC for ARIMA(0,1,0) is: 1321.5169620294027
Attempting to fit ARIMA(0,1,1)
The AIC for ARIMA(0,1,1) is: 1288.3450497672723
Attempting to fit ARIMA(0,1,2)
The AIC for ARIMA(0,1,2) is: 1282.2391337191602
Attempting to fit ARIMA(0,1,3)
The AIC for ARIMA(0,1,3) is: 1283.0539323581938
Attempting to fit ARIMA(0,1,4)



The AIC for ARIMA(0,1,4) is: 1276.5706066758905
Attempting to fit ARIMA(0,1,5)

The AIC for ARIMA(0,1,5) is: 1277.2105658647763
Attempting to fit ARIMA(0,1,6)

The AIC for ARIMA(0,1,6) is: 1273.4919778245005
Attempting to fit ARIMA(0,1,7)

The AIC for ARIMA(0,1,7) is: 1268.6036106575114
Attempting to fit ARIMA(0,1,8)

The AIC for ARIMA(0,1,8) is: 1274.5819569381908
Attempting to fit ARIMA(0,1,9)

The AIC for ARIMA(0,1,9) is: 1268.8065652501125
Attempting to fit ARIMA(0,1,10)

The AIC for ARIMA(0,1,10) is: 1268.8964998317952
Attempting to fit ARIMA(0,1,11)

The AIC for ARIMA(0,1,11) is: 1275.0038618888354
Attempting to fit ARIMA(1,1,0)

The AIC for ARIMA(1,1,0) is: 1311.1169378857223
Attempting to fit ARIMA(1,1,1)

The AIC for ARIMA(1,1,1) is: 1281.761336084939
Attempting to fit ARIMA(1,1,2)

The AIC for ARIMA(1,1,2) is: 1290.3761041406735
Attempting to fit ARIMA(1,1,3)

The AIC for ARIMA(1,1,3) is: 1276.6150073355539
Attempting to fit ARIMA(1,1,4)

The AIC for ARIMA(1,1,4) is: 1276.5095831479011
Attempting to fit ARIMA(1,1,5)

The AIC for ARIMA(1,1,5) is: 1278.4808734654555
Attempting to fit ARIMA(1,1,6)

The AIC for ARIMA(1,1,6) is: 1277.8903381774164
Attempting to fit ARIMA(1,1,7)
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The AIC for ARIMA(1,1,7) is: 1269.8934554381972
Attempting to fit ARIMA(1,1,8)

The AIC for ARIMA(1,1,8) is: 1273.764991214071
Attempting to fit ARIMA(1,1,9)

The AIC for ARIMA(1,1,9) is: 1269.720547395997
Attempting to fit ARIMA(1,1,10)

The AIC for ARIMA(1,1,10) is: 1270.4298567757658
Attempting to fit ARIMA(1,1,11)

The AIC for ARIMA(1,1,11) is: 1276.9533103666258
Attempting to fit ARIMA(2,1,0)

The AIC for ARIMA(2,1,0) is: 1308.504294492336
Attempting to fit ARIMA(2,1,1)

The AIC for ARIMA(2,1,1) is: 1283.5241022282717
Attempting to fit ARIMA(2,1,2)

The AIC for ARIMA(2,1,2) is: 1285.277011160108
Attempting to fit ARIMA(2,1,3)

The AIC for ARIMA(2,1,3) is: 1276.4242607896456
Attempting to fit ARIMA(2,1,4)

The AIC for ARIMA(2,1,4) is: 1273.1968183%265133
Attempting to fit ARIMA(2,1,5)

The AIC for ARIMA(2,1,5) is: 1273.8167784706725
Attempting to fit ARIMA(2,1,6)

The AIC for ARIMA(2,1,6) is: 1270.9358454830508
Attempting to fit ARIMA(2,1,7)

The AIC for ARIMA(2,1,7) is: 1271.738577868088
Attempting to fit ARIMA(2,1,8)

The AIC for ARIMA(2,1,8) is: 1274.1771321043277
Attempting to fit ARIMA(2,1,9)

The AIC for ARIMA(2,1,9) is: 1267.4293025503493
Attempting to fit ARIMA(2,1,10)
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The AIC for ARIMA(2,1,10) is: 1269.8319791439842
Attempting to fit ARIMA(2,1,11)

The AIC for ARIMA(2,1,11) is: 1258.218138999676
Attempting to fit ARIMA(3,1,0)

The AIC for ARIMA(3,1,0) is: 1298.6791030384088
Attempting to fit ARIMA(3,1,1)

The AIC for ARIMA(3,1,1) is: 1297.2511934712443
Attempting to fit ARIMA(3,1,2)

The AIC for ARIMA(3,1,2) is: 1297.7373511360736
Attempting to fit ARIMA(3,1,3)

The AIC for ARIMA(3,1,3) is: 1277.262775039878
Attempting to fit ARIMA(3,1,4)

The AIC for ARIMA(3,1,4) is: 1280.4898233842925
Attempting to fit ARIMA(3,1,5)

The AIC for ARIMA(3,1,5) is: 1276.3165232346632
Attempting to fit ARIMA(3,1,6)

The AIC for ARIMA(3,1,6) is: 1275.3281219191485
Attempting to fit ARIMA(3,1,7)

The AIC for ARIMA(3,1,7) is: 1273.144719591658
Attempting to fit ARIMA(3,1,8)

The AIC for ARIMA(3,1,8) is: 1270.2069027808614
Attempting to fit ARIMA(3,1,9)

The AIC for ARIMA(3,1,9) is: 1267.2189509825089
Attempting to fit ARIMA(3,1,10)

The AIC for ARIMA(3,1,10) is: 1266.5804163872622
Attempting to fit ARIMA(3,1,11)

The AIC for ARIMA(3,1,11) is: 1277.1739201608668
Attempting to fit ARIMA(4,1,0)

The AIC for ARIMA(4,1,0) is: 1297.7199596026073
Attempting to fit ARIMA(4,1,1)
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The AIC for ARIMA(4,1,1) is: 1298.802193073332
Attempting to fit ARIMA(4,1,2)

The AIC for ARIMA(4,1,2) is: 1283.1724400377764
Attempting to fit ARIMA(4,1,3)

The AIC for ARIMA(4,1,3) is: 1279.9482699362925
Attempting to fit ARIMA(4,1,4)

The AIC for ARIMA(4,1,4) is: 1272.26519419895
Attempting to fit ARIMA(4,1,5)

The AIC for ARIMA(4,1,5) is: 1275.2845080505865
Attempting to fit ARIMA(4,1,6)

The AIC for ARIMA(4,1,6) is: 1273.9256148153179
Attempting to fit ARIMA(4,1,7)

The AIC for ARIMA(4,1,7) is: 1273.6739624784261
Attempting to fit ARIMA(4,1,8)

The AIC for ARIMA(4,1,8) is: 1276.640665147118
Attempting to fit ARIMA(4,1,9)

The AIC for ARIMA(4,1,9) is: 1276.2627460816886
Attempting to fit ARIMA(4,1,10)

The AIC for ARIMA(4,1,10) is: 1278.0846678896544
Attempting to fit ARIMA(4,1,11)

The AIC for ARIMA(4,1,11) is: 1265.3649591411288
Attempting to fit ARIMA(5,1,0)

The AIC for ARIMA(5,1,0) is: 1296.665405536472
Attempting to fit ARIMA(5,1,1)

The AIC for ARIMA(5,1,1) is: 1267.588345464981
Attempting to fit ARIMA(5,1,2)

The AIC for ARIMA(5,1,2) is: 1260.2610691379866
Attempting to fit ARIMA(5,1,3)

The AIC for ARIMA(5,1,3) is: 1256.4378813592045
Attempting to fit ARIMA(5,1,4)
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The AIC for ARIMA(5,1,4) is: 1278.8633396438947
Attempting to fit ARIMA(5,1,5)

The AIC for ARIMA(5,1,5) is: 1278.822459022184
Attempting to fit ARIMA(5,1,6)

The AIC for ARIMA(5,1,6) is: 1274.6428004537968
Attempting to fit ARIMA(5,1,7)

The AIC for ARIMA(5,1,7) is: 1272.8714216493404
Attempting to fit ARIMA(5,1,8)

The AIC for ARIMA(5,1,8) is: 1269.8792321975748
Attempting to fit ARIMA(5,1,9)

The AIC for ARIMA(5,1,9) is: 1263.2142731989263
Attempting to fit ARIMA(5,1,10)

The AIC for ARIMA(5,1,10) is: 1263.6888372246722
Attempting to fit ARIMA(5,1,11)

The AIC for ARIMA(5,1,11) is: 1274.4675133382186
Attempting to fit ARIMA(6,1,0)

The AIC for ARIMA(6,1,0) is: 1293.7699532225124
Attempting to fit ARIMA(6,1,1)

The AIC for ARIMA(6,1,1) is: 1265.4888419135036
Attempting to fit ARIMA(6,1,2)

The AIC for ARIMA(6,1,2) is: 1265.5648256720765
Attempting to fit ARIMA(6,1,3)

The AIC for ARIMA(6,1,3) is: 1260.6069251777167
Attempting to fit ARIMA(6,1,4)

The AIC for ARIMA(6,1,4) is: 1260.5930978348288
Attempting to fit ARIMA(6,1,5)

The AIC for ARIMA(6,1,5) is: 1245.766694353816
Attempting to fit ARIMA(6,1,6)

The AIC for ARIMA(6,1,6) is: 1260.5906235243833
Attempting to fit ARIMA(6,1,7)
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The AIC for ARIMA(6,1,7) is: 1248.9121741879298
Attempting to fit ARIMA(6,1,8)

The AIC for ARIMA(6,1,8) is: 1250.1028949911536
Attempting to fit ARIMA(6,1,9)

The AIC for ARIMA(6,1,9) is: 1252.9949486483526
Attempting to fit ARIMA(6,1,10)

The AIC for ARIMA(6,1,10) is: 1251.1592822469895
Attempting to fit ARIMA(6,1,11)

The AIC for ARIMA(6,1,11) is: 1267.8996276952366
Attempting to fit ARIMA(7,1,0)

The AIC for ARIMA(7,1,0) is: 1293.6393947248127
Attempting to fit ARIMA(7,1,1)

The AIC for ARIMA(7,1,1) is: 1264.9222887106164
Attempting to fit ARIMA(7,1,2)

The AIC for ARIMA(7,1,2) is: 1265.8481138579566
Attempting to fit ARIMA(7,1,3)

The AIC for ARIMA(7,1,3) is: 1262.3589362702025
Attempting to fit ARIMA(7,1,4)

The AIC for ARIMA(7,1,4) is: 1276.4564907491708
Attempting to fit ARIMA(7,1,5)

The AIC for ARIMA(7,1,5) is: 1249.4747747383096
Attempting to fit ARIMA(7,1,6)

The AIC for ARIMA(7,1,6) is: 1266.1224635060992
Attempting to fit ARIMA(7,1,7)

The AIC for ARIMA(7,1,7) is: 1249.710122182248
Attempting to fit ARIMA(7,1,8)

The AIC for ARIMA(7,1,8) is: 1255.653396208471
Attempting to fit ARIMA(7,1,9)

The AIC for ARIMA(7,1,9) is: 1258.700748739139
Attempting to fit ARIMA(7,1,10)
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The AIC for ARIMA(7,1,10) is: 1264.77524581541
Attempting to fit ARIMA(7,1,11)

The AIC for ARIMA(7,1,11) is: 1254.5285999373393
Attempting to fit ARIMA(8,1,0)

The AIC for ARIMA(8,1,0) is: 1284.1756122900108
Attempting to fit ARIMA(8,1,1)

The AIC for ARIMA(8,1,1) is: 1261.0358095976574
Attempting to fit ARIMA(8,1,2)

The AIC for ARIMA(8,1,2) is: 1258.888380654084
Attempting to fit ARIMA(8,1,3)

The AIC for ARIMA(8,1,3) is: 1259.5559549265963
Attempting to fit ARIMA(8,1,4)

The AIC for ARIMA(8,1,4) is: 1251.3865953904735
Attempting to fit ARIMA(8,1,5)

The AIC for ARIMA(8,1,5) is: 1256.9436005749785
Attempting to fit ARIMA(8,1,6)

The AIC for ARIMA(8,1,6) is: 1264.2909189126192
Attempting to fit ARIMA(8,1,7)

The AIC for ARIMA(8,1,7) is: 1246.3637674473543
Attempting to fit ARIMA(8,1,8)

The AIC for ARIMA(8,1,8) is: 1252.212716421402
Attempting to fit ARIMA(8,1,9)

The AIC for ARIMA(8,1,9) is: 1247.4174518400484
Attempting to fit ARIMA(8,1,10)

The AIC for ARIMA(8,1,10) is: 1246.274209875865
Attempting to fit ARIMA(8,1,11)

The AIC for ARIMA(8,1,11) is: 1246.9053609611137
Attempting to fit ARIMA(9,1,0)

The AIC for ARIMA(9,1,0) is: 1285.5141208129644
Attempting to fit ARIMA(9,1,1)
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The AIC for ARIMA(9,1,1) is: 1263.0326310537969
Attempting to fit ARIMA(9,1,2)

The AIC for ARIMA(9,1,2) is: 1260.394516362694
Attempting to fit ARIMA(9,1,3)

The AIC for ARIMA(9,1,3) is: 1261.5753659493548
Attempting to fit ARIMA(9,1,4)

The AIC for ARIMA(9,1,4) is: 1264.7190274612713
Attempting to fit ARIMA(9,1,5)

The AIC for ARIMA(9,1,5) is: 1260.194559529104
Attempting to fit ARIMA(9,1,6)

The AIC for ARIMA(9,1,6) is: 1265.2823513061871
Attempting to fit ARIMA(9,1,7)

The AIC for ARIMA(9,1,7) is: 1250.0004413241363
Attempting to fit ARIMA(9,1,8)

The AIC for ARIMA(9,1,8) is: 1253.233851091048
Attempting to fit ARIMA(9,1,9)

The AIC for ARIMA(9,1,9) is: 1249.819115775872
Attempting to fit ARIMA(9,1,10)

The AIC for ARIMA(9,1,10) is: 1248.7635343818613
Attempting to fit ARIMA(9,1,11)

The AIC for ARIMA(9,1,11) is: 1254.7491206479237
Attempting to fit ARIMA(10,1,0)

The AIC for ARIMA(10,1,0) is: 1269.9575783195717
Attempting to fit ARIMA(10,1,1)

The AIC for ARIMA(10,1,1) is: 1251.5362535702923
Attempting to fit ARIMA(10,1,2)

The AIC for ARIMA(10,1,2) is: 1248.3961103736108
Attempting to fit ARIMA(10,1,3)

The AIC for ARIMA(10,1,3) is: 1261.6479681892433
Attempting to fit ARIMA(10,1,4)
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The AIC for ARIMA(10,1,4) is: 1251.2523073973414
Attempting to fit ARIMA(10,1,5)

The AIC for ARIMA(10,1,5) is: 1250.3053697242285
Attempting to fit ARIMA(10,1,6)

The AIC for ARIMA(10,1,6) is: 1241.8765247389535
Attempting to fit ARIMA(10,1,7)

The AIC for ARIMA(10,1,7) is: 1243.133839599327
Attempting to fit ARIMA(10,1,8)

The AIC for ARIMA(10,1,8) is: 1244.7064404159682
Attempting to fit ARIMA(10,1,9)

The AIC for ARIMA(10,1,9) is: 1243.8751977296893
Attempting to fit ARIMA(10,1,10)

The AIC for ARIMA(10,1,10) is: 1258.045696193779
Attempting to fit ARIMA(10,1,11)

The AIC for ARIMA(10,1,11) is: 1260.3929885123546
Attempting to fit ARIMA(11,1,0)

The AIC for ARIMA(11,1,0) is: 1257.6623990890544
Attempting to fit ARIMA(11,1,1)

The AIC for ARIMA(11,1,1) is: 1249.588195166604
Attempting to fit ARIMA(11,1,2)

The AIC for ARIMA(11,1,2) is: 1249.0704606706515
Attempting to fit ARIMA(11,1,3)

The AIC for ARIMA(11,1,3) is: 1250.6269731843347
Attempting to fit ARIMA(11,1,4)

The AIC for ARIMA(11,1,4) is: 1250.590058488372
Attempting to fit ARIMA(11,1,5)

The AIC for ARIMA(11,1,5) is: 1244.1529641782136
Attempting to fit ARIMA(11,1,6)

The AIC for ARIMA(11,1,6) is: 1244.0160976525312
Attempting to fit ARIMA(11,1,7)
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The AIC for ARIMA(11,1,7) is: 1245.6686924560602
Attempting to fit ARIMA(11,1,8)

The AIC for ARIMA(11,1,8) is: 1247.1795222030644
Attempting to fit ARIMA(11,1,9)

The AIC for ARIMA(11,1,9) is: 1244.816670856902
Attempting to fit ARIMA(11,1,10)

The AIC for ARIMA(11,1,10) is: 1243.9153223765531
Attempting to fit ARIMA(11,1,11)

The AIC for ARIMA(11,1,11) is: 1262.6872066759254

MODEL FINISHED!

Our model that minimizes AIC on the training data is the ARIMA(10,1,6).

This model has an AIC of 1241.8765247389535.
¢ MATigaRe 10,1,6 AIAICT 1241.88 A1 ARIMA(1,1,1)

9\']'5'1\1‘17‘ 4.9 LLﬁﬂ\‘lﬁl']WEJ']ﬂiﬂj ARIMA(10,1,6)
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oy U w.a(n.a) ANEINTEL
UnIIAN 2564 (2021) 51.24
NUNNUS 2564 (2021) 55.81
furpu 2564 (2021) 1.6
W8y 2564 (2021) 40.53
N WNIAN 2564 (2021) 205.59
Jguieu 2564 (2021) 127.63
nINNIAL 2564 (2021) 194.24
damey 2564 (2021) 104.46
Augey 2564 (2021) 241.66
AaAL 2564 (2021) 104.66
NWINYU 2564 (2021) 132.62
SunAw 2564 (2021) -26.33
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nansAuAduinauUsnnanduldauesiidndumfoau) Heillugis ARMA(LL1x) 8A1 AIC
AoudusdloguausudEuUATARnauISliiNITIA1 parameter A1 AIC Aian ANan1s

vhunelsifindnau anadndio ARIMA2,1,11) fif1 AIC 71 1258.21 gandn ARMIA10,1,6) iénties usilsid

ANYIUNETRNAU

mswﬁ 4.10 wanIAIWeIN5al ARIMA(2,1,11)

wWou U w.e(a.A) ANBINTEL

UnIIAN 2564 (2021) 22.32
NUAUS 2564 (2021) 139.67
1urAN 2564 (2021) 13.23
Wwgu 2564 (2021) 92.13
neuAIPN 2564 (2021) 124.94
iz 2564 (2021) 141.12
NINNIAL 2564 (2021) 103.01
derau 2564 (2021) 125.18
NugIu 2564 (2021) 142.48
nalmu 2564 (2021) 122.72
W wINIWU 2564 (2021) 97.31
SUAL 2564 (2021) 75.86
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ARIMA(2, 1, 11) Predictions

500
- Historical data
Actual
- Predicted by ARIMA
400
300 A )
200 N h
100 - L\ \J /\

| A U

2012 2013 - 2014 2015 2016 2017 2018 2019 . 20200 . 2021 2022

SUN 4.20 unugiinsidunaaInanIsneInsal ARIMA(2,1,11) isuyadayanagay

nnamiAdldnduuusuhlndyndeyanaaou SsButudenld ARMAR,1,11) Tunsiannsdeson
fuuulusARIMAse LU Tngthan ARIMA2,1,11) Tuvimsiaunsislusiuuy SARIMA flesanndeyaiinanm
Yy Seasonality anansadanadiuisguuuuiifinsadendaiuyn 12 9adeya Jafmugmnsiimes S =
12 TngluduiivdeasyiinisGrid searchlu Python Yneinuanisiiees 7 (o .d, 9P, D, Q, S) = (2,
1, 140, 1, 2), (0, 1, 2), (0, 1, 2, 12) vlemamsiimesindiasineldan RMSE (araldeniinintvnld

fiav Grid Search Nl wideymfinnasn@e run time figaunn)

The MSE for (2, 1, 11)x(0,0,0,12) is: 9036.015255304788
The MSE for (2, 1, 11)x(0,1,0,12) is: 6812.72766782843
The MSE for (2, 1, 11)x(0,2,0,12) is: 19763.710381888628
The MSE for (2, 1, 11)x(0,0,1,12) is: 7164.068133801019
The MSE for (2, 1, 11)x(0,1,1,12) is: 5136.067693637373
The MSE for (2, 1, 11)x(0,2,1,12) is: 7267.687762753708
The MSE for (2, 1, 11)x(0,0,2,12) is: 6764.510121924925
The MSE for (2, 1, 11)x(0,1,2,12) is: 2620.032283553594



The MSE for (2, 1, 11)x(0,2,2,12) is:
The MSE for (2, 1, 11)x(1,0,0,12) is:
The MSE for (2, 1, 11)x(1,1,0,12) is:
The MSE for (2, 1, 11)x(1,2,0,12) is:
The MSE for (2, 1, 11)x(1,0,1,12) is:
The MSE for (2, 1, 11)x(1,1,1,12) is:
The MSE for (2, 1, 11)x(1,2,1,12) is:
The MSE for (2, 1, 11)x(1,0,2,12) is:
The MSE for (2, 1, 11)x(1,1,2,12) is:
The MSE for (2, 1, 11)x(1,2,2,12) is:
The MSE for (2, 1, 11)x(2,0,0,12) is:
The MSE for (2, 1, 11)x(2,1,0,12) is:
The MSE for (2, 1, 11)x(2,2,0,12) is:
The MSE for (2, 1, 11)x(2,0,1,12) is:
The MSE for (2, 1, 11)x(2,1,1,12) is:
The MSE for (2, 1, 11)x(2,2,1,12) is:
The MSE for (2, 1, 11)x(2,0,2,12) is:
The MSE for (2, 1, 11)x(2,1,2,12) is:
The MSE for (2, 1, 11)x(2,2,2,12) is:

Our model that minimizes MSE on the training data is the SARIMA(O, 0, 2)x(0,1,2,12).

4951.720626188378
7200.744912948551
7716.279005354423
13007.429274737056
4509.808734250372
5271.823091901709
4933.6715724112455
4286.013279200125
4624.876958424484
6202.036384322856
6407.993659365329
6235.396701742707
10345.371766561893
3147.353866243928
4035.992955923713
6180.003320440302
5155.159255396298
4806.268748435231
5194.349447735963

This model has an MSE of 2620.032283553594.
This model has an RMSE of 51.18625092301246.
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Iénadns SARIMA(2,1,11),0,1,2,12) fin RMSE?L 51.19 1ilethendilsannnsiunsuanduusugiingidy

Weufudeyaganaaeu lanad



A151991 4.11 wansAwensal SARIMA(2,1,11),(0,1,2,12)
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oy U w.a(a.a) ANEINTEL
UnIIAN 2564 (2021) 17.07
NUAUS 2564 (2021) 36.01
funmu 2564 (2021) 14.44
LWwgu 2564 (2021) 77.80
WBNIAN 2564 (2021) 150.66
Jguieu 2564 (2021) 98.79
nInNN1AL 2564 (2021) 140.83
deay 2564 (2021) 130.17
Augnegy 2564 (2021) 300.04
nanmu 2564 (2021) 205.88
NEWINEU 2564 (2021) 103.20
SuAY 2564 (2021) 33.86

SARIMA(2, 1, 11) x (O, 1, 2, 12) Predictions

500

400 A

300 A

200

100 -

SUT 4.21 uwun

v

N

- historical data
Actual
- Predicted by SARIMA

W K

2012 2013 2014 2015
fnsiduuaninan1swensal SARIMA(2,1,11),(0,1,2,12) Wisuyadayanasou

Y

2019 2020 2021 2022
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SARIMA(2, 1, 11) x (O, 1, 2, 12) Predictions

Actual
- Predicted by SARIMA
300 A

250 4

200 1

150

100 -

2021-01 2021-03 2021-05 2021-07 2021-09 2021-11
JUN 4.22 unuglinsiduuaninaniswensal SARIMA(2,1,11),(0,1,2,12) Wisuyadeyanasgou

uanNalRNIENaNTIUeisuiuyatayanasauluununinsvidy

'
Ty a1 I

Amsiunglndifgsteyanaaeuninnitfmiluy ARIMA2,1,11) uiddldundeaisyishe diun
MuenNnAase lnganiglunsevduas o1avihlvinisnaunudawseutdiliiismesennudenis
YoeUsrrINTuNdts uagluginsaudih eriliinaniswseuuniuaudntu mnhduwuuily

19 AsinsieAUAaIALARBU 51.19 wURLUAS(RMSE)

ilems19aoun ARIMA(L1,1) aglinadwsianividolsl Sauhumeaoulngldds Grid Search Tng
Tdeula (o, d, P, D, Q, S) = (1, 1, (0, 1, 2), (0, 1, 2), (0, 1, 2, 12) 15ﬁ1w131ﬁmai‘ﬁﬁﬁqmﬁa
SARIMA(Z, 1, 12, 1, 2, 12) RMSE = 59.97



mswﬁ?‘i 4.12 wanaAwensal SARIMA(L, 1, 1)(2, 1, 2, 12)
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oy U w.a(a.a) ANEINTEL
UnIIAN 2564 (2021) 32.43
NUAUS 2564 (2021) 38.63
funmu 2564 (2021) 28.11
Wy 2564 (2021) 53.49
WeBNIAN 2564 (2021) 128.90
Jguieu 2564 (2021) 100.15
nInNNIAL 2564 (2021) 84.13
danau 2564 (2021) 89.23
Aueney 2564 (2021) 268.36
nanmu 2564 (2021) 184.88
WEWINYU 2564 (2021) 40.72
SunAw 2564 (2021) 9.78

[

Wedmansvinguanduikuiniduiisuiuteyaganageuliniuningsil

SARIMA(1, 1,1) x (2,1, 2, 12) Predictions

500
- historical data
Actual
- Predicted by SARIMA
400 1
300 + .
200 - N

o i
A VERURGE

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
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Ul 4.23 unugfinswiduuansuanisweinsal SARIMA(L 1, 1)(2, 1, 2, 12) isuyadeyannse
SARIMA(1, 1, 1) x (2, 1, 2, 12) Predictions

Actual
—— Predicted by SARIMA
300

250 A

200 A

150 A

100 A

2021-01 2021-03 2021-05 2021-07 2021-09 2021-11
JUN 4.24 unuglinsridunananan1swensal SARIMA(L, 1, 1)(2, 1, 2, 12) Wisuyadayanasgou

uanuanzludiuvasdiiug uasyarmasgau

dledloufu SARIMA,1,11),2,1,2,12) suvuiidmuidsstiosninlunsuimssmesouinunussnns
imzadilundveamslosiunmsviauaau  esnawhuedmifesnivedeyanaaoy  endlsfiuziom
nsevaunsdiAdenAuly fuuuidorailiiansiafuiniuausnduld Fsessildauldosdnlddne
lunsdaLay mﬂé’ﬁaqﬁmmLﬁulﬂawﬁﬂﬁq@ﬁﬁwﬁqmaqmeﬁﬂfwmmsﬁ’a wszannlaeluvenny

Wudty wWesdaduaanunanain RMSE whudutladelunisusmsaienan

4.2.2 MTIATIINITANDULTINYAN
3UNANLEAAIANUAUNUSTENINAWUTADU  hazAUTINUNADINTVNIUI8RAD USuuinnu

1 [d a
PV T UG UALUAT



variable = month
500 - °
o
400 -
§300~ < .'
o <o e}
£ 200 - 0.'."'
100 -
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JUN 4.25 uanspnuduRusiBaduszndtumou uaz Ysuiauiely

FUNAMNAMILALNUITWUNTUVIUS U UHULINTUED  SuuiouunTy wiaglsAniy e

dunmnauSunainaulumou 11, 12ua7 NUNLAUBENINEUBLI DU FILEAIDITIUILADUTNUINTY
Tailavuneds USunanhruiivduausliy
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variable = year
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JUN 4.26 uansauduRUSIBdusEndnel waz Usunanely

a Y S a ¥ v fu o a Y & o 1
AINLNUGUNTIN Scatter plot wandliiuIUldfinnudunusiudiuiuyusunaiiay 9ntudansIadeuin
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TainupnudniusiuvesiUsau

FWUU Linear Regression sauuuusn aidulnefiliiudeu Attribute Toliidu categorical
data 34laivh feature engineering One hot — encoding HadnsléAn r-square 7 0.08 RMSE 7 152.11
merrorpuinigs leiisuiurasiitosiiaad 0 uazanilaniiuszannis00

HIWUU Linear Regression fiufupniiewdiu Categorical data \fievifeature engineering One
hot — encoding lHfuUsieudianduo waz 1 wazihe®vin Standard Scaler léen r-square i 0.61
RMSE 71 105.26 36n3161uuu Linear Regression #ilkiiléivi1 Feature engineering

Mntusameaeusuuuiilild Attribute ‘year WnlU flesanusundiscatter plot 41edu sl
wanslidiudsmuduiusseninduarUSinaniru shuuuillien rsquare 7 0.62 RMSE 7 78.14

INFILUY Linear Regression AU A5V Feature Engineering %mmsamﬁﬂﬂ%’ﬂuﬁuwu
annddauuuiilivh Feature engineering ffpsannduusioudeninn e au3unm
thrluaziinaalufe uwisudstlaaunsnsh One — hot encoding ldidlesnnlutoyayemaaey
3o doyayasialy azlifidnUilu Feature Tusuuy vibidwuuldanunsaldouls usdvegdlsiniue

wUsUlTTunan swadmnuulunismeaeull wWesannnisiuladnuulasiulinadnsnnni
4.3 8AUS19NARILUU

A1519% 4.13 WENIN15EUSEUNYUAIRMSEURIAUU

Model | SARIMA SARIMA Linear Linear Regression | Linear Regression
(2,1,11)(2,1,12) | (1,1,1X(2,1,12) | Regression | with feature | with feature
engineering engineering  drop
year
RMSE 51.19 59.97 152.11 105.26 78.14

27 4 FUUULEHAENEIINFILUUSARIVA (2,1,11)(2,1,12) WHAMRMSERTIgRfo 51.19 Fawmangduns
ilulfifloatuayudoyaifionisdanisimesmadguiniian eghdlsfnumadns o1adslalauadnsia
flgn mnmariuUsfuBuiAedesiuUimad s wu Viinauaunn anutu ussan usu 919
ldFuuunsinseidanaeslinadwifinnii wie udnseiauuudunfiouduaiidasyi s

1% =

Aseungu fanuurialaaglinaansodnsls syadoyaiesdinaduegiunn andunalaanmsnediediy
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uni 5

A3UNaN15ILUATYDLEUBLUE

5.1 Ugymlumsvinuduadndass munszutun1svesinemanstaya wazn1suiuly

5.1.1 N15A9A0U U509 1IN15798 (Problem Statement)

= %

damihnsduaidasslirnuaulafontu mnuaansolunnihmansineinsdeyad 3ol
Tudssyndldivaniunmsaiase Falarumlgmludssmalneainunasineg Jelanuinnigddadnigee
waauth lifitwszdudnds sufddnvasadunme sudugmiiudlaldreudsen amassiiannm
weuuAluiaunfiuinegisdelies uianunsainsuauaaulildiuasuuannniin Jslsvhnsinsely
faftufl iouanuansiushmadueiidas: luide” malieneiteyafieatuayunsuimsinnisd
1931ATgULINIEATe” IMundunvalisnanuiesine inededluaneiudel
“medds ifusunefiinfianlulsemelng Wuneiivisnmeiisnneaise o 2Alawns wiids
vosdunonzaAts \Huvioudesausnuiliivinassntesndaieaniuilassey vilsune
nzdfnaunaui dssneududunainizdtadunziuilfldansadniuieuld  warsradu
voumeAdsliansatnifvlfidodinnndng$ifu aunmeenh Ussneusuinmeadadslaifidiussu
ﬁwiﬁﬂzymmimmLmawfﬁgﬂimﬁiﬂﬂL{‘Ju‘fj@MﬁiwajmaaﬂszmﬁauiuﬁuﬁLmzﬁ%’q fifoeftemntinannny
pnufissoenaien seudimemennsal Uinarduldlusiasduterdananasrilianansataeyilf
masgrenmeAdusioumiausuiotuanumanifianiniu eusamauifoudourosszauls”
WedNENed TndnIaeaa
ann Ueg e aY

28 N.A. 64 - 13 AN. 65

MHIINTUIETRAUTTAIALAEUOUNATRINTTYINNWITY  FelasusygnannuegnelunsvinisAuadi
dasy Ihbmmsauaidasy  “nsiesenideliioaiuayunIsuITsINNITUITeNIASTULINE AT

aunsarhuvidunuauaindasele
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5.1.2 maiudaya

TuduildeyaniogfiazidymiluFesmemismamevesdeya  dnlutoyadguninutiymé
msasiiudl wdlimuusssnsEmalunanansiu Swssfunaiivszenns inzdds duiluihauuul
TunsiuuuasuaueilduaAeutaun(-10uiAn) uar nsuUasdayasinnnszavunudoya
Digital 1finauazusanudsudnann wideyadanmunmiinisdadudulimutomile Jssensuunig
Tiausndewndstlam uazuumsnsudludesiuvesnuies

5.1.3 Msin3eudaya

dusumawdondeyaiiodnfinuuiaaesiuu(SARIMA,  Linear  Regression)  anaavisinu
\w3eaile Jupyter Notebook n1w Pythonlél

5.1.4 nMsuansliiiunin

nmiifanududounnniAuly  lianansoosunelieuluiiuidlalddomn  Sefeshms
UsudeulimnzandieliiilsannsofamuEessnldasuiu

5.1.5 fuuy

MnfuuuiassuuldfuuuivazauAesARMA  lasinyedeyadiaumnzausefuuy
11NNIINIFLInear Regression

5.1.6 M3tdaauuululy

Mnmsasiuiiierhnsds wey Tenuseroniay Teteasuiilididuuuasinuusiug,
uAlvy Fudeudios wivnnlilansaedueiiin veRBnmmhauvesiuuliiuitRnunesgdlals

AufURuNesTaglleie uwaslidhluld
5.2 agunamMAaziiaLuy

A1519% 5.1 LanINISHUSE U8 UATRMSEYD9AILUUY

Model | SARIMA SARIMA Linear Linear Regression | Linear Regression
(2,1,11)(2,1,12) | (1,1,1X2,1,12) | Regression | with feature | with feature
engineering engineering  drop

year

RMSE | 51.19 59.97 152.11 105.26 78.14
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ilesnyadoyaiidnuasdu timeseries il seasonality agnadmaul) MuvuimanzauIady
SARMA uff ARIMA asfuiuuuiilddmivdoyaiidu time-series wufu uilosandeyaynild
seasonality fuwuu ARIMA Fevhaoulalid TunisuSumsifiimesnuinnisyin Grid Search anunsam
W imesTilsie AIC Aifninnisgarnusugiinm Autocorrelation, Partial-Autocorrelation usiazl4fiaan
TUASIANNTERSUIUNTT o UNadNEINFILUU SARIMA Tiau1anain ARIMA(2,1,11) (et
d &ildemnnismeaeu Augmented Dickey-Fuller test) #ildannnszusums Grid Search uaz
ARIMA(L,1,1)  #ildannmsetuAiainusugiinm Autocorrelation, Partial-Autocorrelation @113
gl 2 wou widedldulounelunisuimsdnnissiediu Tas SARIMA (2,1,11)2,1,12) Tudmuves
A1 RMSE = 51.19 Aanunaaaieui seathse Tilunisudmsdanis
dmsufuuuonnesdomanud:  wadeyalivminzaniin  ifesanAttributertavan 1
categorical Attribute 3avi13l#A1 RMSE 1101 SARIMA model uanantussdangldaine rsquare

= 62 uJuadilyasnin
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Code Python #l¥dmsunishunindassil

#Import library

import numpy as np

import pandas as pd

import scipy.stats as stats

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.model selection import train_test split, cross val score
from sklearn.metrics import mean_squared_error, mean_absolute_error, make_scorer
from datetime import datetime

import math

# Importing regression libraries.

from sklearn.linear_model import LinearRegression, RidgeCV, LassoCV
from sklearn.pipeline import Pipeline

from sklearn.model_selection import GridSearchCV, RandomizedSearchCV, KFold

# ARIMA related library

from statsmodels.tsa.arima_model import ARIMA

from statsmodels.tsa.stattools import adfuller

from pmdarima import auto_arima

from statsmodels.graphics.tsaplots import plot_acf, plot pacf
from statsmodels.tsa.statespace.sarimax import SARIMAX
from statsmodels.tsa.api import SARIMAX, AutoReg

from statsmodels.tsa.arima.model import ARIMA

import warnings

warnings.filterwarnings("ignore")
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pd.set_option('display.max_rows', 500)

WUsgASERsiuYAnAaaU9:1 uazwanteanu i duwnugling Wiy
train_data = datal:int(0.9*(len(data)))]

test data = data[int(0.9*(len(data))):]

train_data = train_data['amount’]

test data = test data['amount’]

# Plot of Weekly Sales with respect to years in train and test.
train_data.plot(figsize=(20,8), title= 'Rainfall, fontsize=14, label = 'Historical data(train)’)
test data.plot(figsize=(20,8), title= 'Rainfall’, fontsize=14, label = 'Actual(test))
plt.legend()

plt.grid()

plt.show()

WHUAIAMLERIAUF TSI

features = ['year','month']

f = pd.melt(data, id vars=['amount, value vars=sorted(features))

g = sns.FacetGrid(f, col='variable', col wrap=2, sharex=False, sharey=False)
plt.xticks(rotation="vertical')

g = g.map(sns.regplot, 'value', 'amount’)

gfig.tight layout()

plt.show()

WNUDHANNEDS

f = pd.melt(data, id_vars=['amount, value vars=sorted(features))

g = sns.FacetGrid(f, col='variable', col wrap=3, sharex=False, sharey=False, size=4)
g = g.mapl(sns.boxplot, 'value', 'amount)

[plt.setp(ax.get xticklabels(), rotation=90) for ax in g.axes.flat]

gfig.tight layout()

plt.show()



NAFOUAT Augmented Dickey—Fuller test
result = adfuller(data['amount)
print(/ADF Statistic: {}.format(result[0]))
print('p-value: {}.format(result[1]))

Difference 1

#First difference

datal'amount_diff] = data['amount'].diff(1)
datal'amount_diff].plot(color = 'green’, figsize = (15,4))
plt.legend(['Rain amount (diff)'])

plt.title('Rain amount values (diff)")

adf res = adfuller(data['amount_diffl.dropna(), autolag = 'AIC)
print('p-Values:' + str(adf res[1]))

YANAFOUAINITILADITVDIAILUY ARIMA
# Starting AIC, p, and q.

best_aic = 99 * (10 ** 16)

best p=0

best g=0

# Use nested for loop to iterate over values of p and g.
for p in range(12):

for g in range(12):

# Insert try and except statements.

try:

# Fitting an ARIMA(p, 1, g) model.
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print(fAttempting to fit ARIMA({p},1,{9})")

# Instantiate ARIMA model.
arima = sm.tsa.arima.ARIMA(train_data, # endog = Y variable

order = (p,1,9)) # values of p, d, q

# Fit ARIMA model.

model = arima.fit()

# Print out AIC for ARIMA(p, 1, g) model.
print(fThe AIC for ARIMA({p},1,{g}) is: {model.aic})

# Is my current model's AIC better than our best aic?

if model.aic < best aic:

# If so, let's overwrite best aic, best p, and best_g.

best aic = model.aic

best p=p
best g=q
except:
pass
print()
print()

print('MODEL FINISHED!)
print(fOur model that minimizes AIC on the training data is the ARIMA({best p},1{best g}).)
print(fThis model has an AIC of {best _aic}.")

YANITHAASHUNTN TN U URAN TN SRlTBUTUYATRYANAaRY

#instantiate best model.
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model = sm.tsa.arima.ARIMA(endog = train_data, # endog = Y variable

order = (x,x,x))

# Fit ARIMA model.

arima = model.fit()

# Generate predictions based on test set.
#preds = model.predict(params = arima.params,
#start = test_data.index[0],
#end = test_data.index[-1])
preds = arima.forecast(steps=12, exog=None, alpha=0.05)
# Plot data.
plt.figure(figsize=(10,6))

# Plot training data.
plt.plot(train_data.index, train_data,

color = 'blue', label = 'Historical data’)
# Plot testing data.
plt.plot(test data.index, test data,

color = 'orange’, label = 'Actual’)

# Plot predicted test values.

plt.plot(test data.index, preds, color = 'green’, label = 'Predicted by ARIMA)

plt.title(label = 'ARIMA(X, x, x) Predictions', fontsize=16)
plt.legend()
plt.grid()
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LARNIATNEINT A

Instantiate best model.

model = sm.tsa.arima.ARIMA(endog = train_data, # endog = Y variable

order = (11,0,11))

# Fit ARIMA model.

arima = model.fit()

# Generate predictions based on test set.
#pred = model.predict(params = arima.params,
#start = test_data.index[0],
#end = test _data.index[-1])
preds = arima.forecast(steps=12, exog=None, alpha=0.05)

preds

Partial Autocorrelaion plot
plt.rcParams.update({'figure.figsize':(10,4)})

plot pacf(data['amount'].dropna(), method = 'ols',lags = 12)
df pacf = pacf(data['amount].dropna(), method = ‘ols)

Autocorrelation plot
plt.rcParams.update({'figure.figsize':(10,4)})
plot_acf(data[amount], fft = True,lags = 12)
df acf = acf(data['amount’], fft = True)

4n Grid Search MASARIMA
# Starting MSE and (P, D, Q).
mse = 99 * (10 ** 16)
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final P =0
final D =0
final Q =0

#The value of P,Q we found from the graph, but | would like to test again.
for P in range(3):
for Q in range(3):
for D in range(3):

# Instantiate SARIMA model.
model _sarima = sm.tsa.statespace.SARIMAX(train_data,
order = (2, 1, 11), #(p,d, g
seasonal_order = (P, D, Q, 12)) # (P, D, Q, S)

# Fit SARIMA model.

sarima = model_sarima fit(disp=0)

# Generate predictions based on training set.
# Start at time period 0 and end at 149.

preds_sarima = sarima.forecast(steps=12, exog=None, alpha=0.05)

# Evaluate predictions.
print(fThe MSE for (2, 1, 11x({P}L{DL{Q},12) is: {mean squared error(test data,

preds sarima)})

# Save for final report.

if mse > mean_squared error(test data, preds_sarima):
mse = mean_squared_error(test data, preds sarima)
final P =P
final D=D



final Q =Q

print(fOur model that minimizes MSE on the training
1Dx({final_P},{final_D},{final_Q},12).")

print(fThis model has an MSE of {mse}.)

print(fThis model has an RMSE of {mse**0.5}.")

wanwUnInTWlduNanInensaliieuyadeyanaaey
# Fit and visualize a SARIMA(0, 0, 2) x (2, 0, 0, 16) model.

model = statsmodels.tsa.api.SARIMAX(endog = train_data,
order = (2, 1, 11), #(p, d, g
seasonal_order = (0, 1,2, 12)) # (P, D, Q, S)

# Fit SARIMA model.
#model2 = sarima2.fit()

# Fit SARIMA model.

sarima = model fit(disp=0)

# Generate predictions based on training set.

# Start at time period 0 and end at 149.

preds_sarima = sarima.forecast(steps=12, exog=None, alpha=0.05)

# Evaluate predictions.

#print(lmean_squared_error(test data, preds_sarima))

# Plot data.

data

is

the SARIMA(2,
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plt.figure(figsize=(10,6))

plt.plot(train_data, color = 'blue, label = 'historical data)

plt.plot(test data, color = 'orange’, label = 'Actual’)

plt.plot(preds sarima2, color = 'green’, label = 'Predicted by SARIMA)
plt.title(label = 'SARIMA(2, 1, 11) x (0, 1, 2, 12) Predictions', fontsize=16)
plt.legend()

plt.grid()

plt.show();

unuINMuERscorrelatiosynIaduUIn1ee

data_map = data_re.drop('date’,1)

data_map2 = data_map.drop('amount_diff',1)

plt.figure(figsize = (5,5))

mask = np.triu(np.ones_like(data_map2.corr(), dtype = np.bool))

sns.heatmap(data_map2.corr(),annot = True, vmin = -1, vmax=1, mask = mask)

WIAMRMSERNAQLUULINear Regression

lr = LinearRegression()

(r.fit(X_train, y_train)

lr r2 = lr.score(X train, y_train)

lr r2 cv = cross val score(lr,X train, y train, cv=5).mean()

Ir_validate r2 = lr.score(X_test, y test)

lr rmse = np.abs(cross val scorelr, X_train, y_train,
scoring="neg_root_mean_squared_error')).mean()

r_rmse_test = np.abs(cross val score(lr, X test, y test,
scoring="neg_root_mean_squared_error')).mean()

print('Linear model R2\,lr r2)

print('Linear model R2 on unseen data’, lr r2 cv)

print('Linear model R2 on validation data',lr_validate r2)

print('Linear model RMSE',lr_rmse)
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print('Linear model RMSE validation data',lr_ rmse_test)

N13911 Normalization

ss = StandardScaler()
ss.fit(X_train)

X train_sc = ss.transform(X_train)

X test sc = ss.transform(X_test)
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