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The problem of air pollution'is a problem that is a global concern because it
is a problem that affects the economy and society in general. A special concern is
public health where air pollution has a dangerous effect that causes premature
death from factors relating to various serious diseases such as lung cancer, heart
disease, stroke etc. The air pollutant that this research is interested in is Particulate
Matter: PM with a diameter of less than 2.5 micrometers, known as PM2.5. Therefore,
real-time and early awareness of PM2.5 information is a very important key for the
management of PM2.5 problems.

This research presents a linear and nonlinear hybrid algorithm for modeling
the PM2.5 forecasting model. The PM2.5 data used in this research are the average
daily air quality measurement recorded from ground-based stations in the Rayong
province. As part of the data preparation process, a Temporal and Spatial Average
value: TSA technigue was used to handle the missing values problem. The
performance of the proposed hybrid model was compared against three standard
time series-models including Autoregressive Integrated Moving Average: ARIMA,
Artificial Neural Network: ANN, Long Short-Term Memory: LSTM, and Adaptive Neuro-
Fuzzy inference System: ANFIS. The assessment to consider the error in forecasting
are Mean Absolute Error: MAE, Mean Absolute Percentage Error: MAPE, Root Mean
Square Error: RMSE, Percentage Root Mean Square Error: %RMSE, and Coefficient of
Determination: R?. Finally, the performance of the hybrid model was improved

through the process of hyperparameter tunning with optimization techniques.
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1.1 anudAguaziiunvestyminiside

ﬂzgmuaﬁwwmmﬁLﬁu{]ﬁgwwﬁnﬂﬂismmhﬂﬁmmﬁﬁig wssdutlymitdana
nsznulagnseanunmTInvesUservulaening lnganzuaiivniseinaluwadedvgy
LazlunLlaenavngsy ndeyal a.A. 2016 asrnseundelan s1enuINUTEIIUIINILY
4.2 §rupuialandedinnoutedunisannd yninai enisenie (World Health
Organization [WHOJ, 2016) wazluuseimalngainnisalinasdildedinainnansenuues
UawN1991N1AYTEUN 50,000 AY (NSUAIUANNATY [AN], 2020) mimaﬁwwmmﬁﬁgﬂ
muualidudunseseuszrivusasfasdinisdissdsliun duazessuuiaén (Particulate
Matter: PM) finalolau (Ozone: O5), Aalulnsiaulaeenlan (Nitrogen Dioxide: NO,) fin%
Fawestapanlen (Sulfur Dioxide: SO,) karA1gA1sUBUNBUBN YA (Carbon Monoxide:
CO) neianzatsBiasuafivmionnia PM uansuafiviivihlanldnnuddnuazisaudle
wedSunsesesamenilussesdy uazsTezennTanUsiamuil

PM Aerjuazonsvuinidniiaesaglusimauazanansniingineniesuszuumaiy
mela Tngduazeosvunidnazuvadu 2 viia Ao Juazeeswuiadnd dvuaiduriiu
Audnansifosnividewiiu 10 luaseu Bonddu PM10 way duazessvunadniiduunidy
shugudnanstiosniviewiniu 2.5 luaseu Fendu PM2.5 TusmAduilaslianudidyi
du PM2.5 Fudurjuazeesvunadnidnusunsesnniloiudgssuumadumelaly
USinasnnifuinasgiuiivueiiaeds 25 me/m? sa 24 v, wuuseiilos ardwmanszny
Aeaunmuazneliialia wWu lsaneulin ssuunnamumelagneay dewasan1svinauued
Uon wazlsauztsalan 1Juay (Bals, Rajnoveanu, Tudorache, Motisan, & Oancea, 2021)
Tnefivszmalnedsioauandu PM2.5 donaond n.a. 2564 71 20.2 mg/m’ gndady
Ui%l,‘l/lﬂﬁﬁﬂﬁm’lwaﬂﬂﬁﬂgﬂLLEjﬁ’]ﬁUﬁ 45 gaslan (IQAIr, 2021, p. 9)

fattu nsdansiudigmvesu PM2.5 Fadudsisidudsdau S65nmsdanist
Dayyju PM2.5 fleg) 2 sedufte seduil 1 Adnduiudavesdu PM2.5 uazseiud 2 Aonns
yandesu PM2.5 ainTBmsdanstullymidu PM2.5 Tussdufl 2 du msudadeuBn

Au PM2.5 saufianiswennsaliu PM2.5 axamiluuiiasing 9 veadenludsdAgynezas



lussasulasuitaniunisalvedy PM2.5 981971uvia9ll WaganunsnIauaunIsaLiiy
Ranssuusziniufiolviaenades Jestunaznanidosdu PM2.5 16
‘Ui%LV]?TIVIEJﬁWJ’J‘EN’]Uﬁ%JUﬁ@“lﬁ@Uiuﬂ’liQLLaLL@SLLm‘U{]tZyJW]WNG?WJ’mmaﬁH AD ATU
MUANLATY AiANTENTINENINTETINALAYAIUINd DN NTuAUANNATivTaaITTa
maNudmuTaaauamoInIAnszegiisuna Tnsamisluandedynuaziamies
gPaNMNTIN WU Saviansavmuviuas YoviaiBedvl wasdminszees udu uenani
NIUAIVANNETYE @19 UUdmMSUTBNURATINAINTNEINTAIHAYDIA U I NE THaTIY
519 9 vesusazit uinaUszmalne Tagldlusunsusiassiide Weather Research and
Forecasting model coupled with Chemistry VsaiSuna 9 97 WRF-CHEM (F11nanuismiun
Ingnenansiazinaluladuisni [@mel, 2021) Wenadnsannsdrassnliiduteya
dmsuiinses UIsdans wasudadeuruaiivinaeniadisti dsnnsiassanuativ
MDINMANIUIUTUNTY WRF-CHEM 92aadldnsngnnsAuinuas seugia1useuianagesn
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geavnssu i duyedeyadmsunismeaeside nsddefnwiuazinuiiuudiastoynsy
nandmdunennsalauaiivneeinani snanIweINARIENTTUIUNSIT U YRAAT B el]
agsunsnanelugaemasn 10 Yrkiuun endregratu 91uideaes Dy, Li, Yang, and Horng
(2021) ¥L@UBLUUTIa8 Deep Air Quality Forecasting Framework: DAQFF 7 10 unns
YI197UT 1WA UTLRI19 One Dimensional Convolution Neural Network: 1D-CNN wag Bi-
directional Long Short-term Memory Network: Bi-LSTM wennsalA1d 14 PM2.5 90389
Inie Usemeiu navesanuideuuusiaes DAQFF Wwa‘wmmaﬂﬁmmLLaius]’wz;]qﬁmmm
AaALAAeL RMSE Wiy 8.20 dmsumsnennseluuunilitnsatdasmiin ¢iuiseass Chen
and Chiu (2021) WalnkUUINAATEEALAERUUDIBINIT TR A MTUNEINTalAA AN
pnAs1eTuresUsenalaniu lagldvoyasnn 16 uvs nan15ITenuIIwuuTIaes
Autoregressive model with Exogenous variables and Generalized Autoregressive
Conditional Heteroskedasticity errors: ARX-GARCH Iﬁmawmmaiﬁﬁ'q@ﬁ'mm Wil 1
86.38% UITLVDI Espinosa, Palma, Jiménez, Kaminska, Sciavicco, and Lucena-Sanchez
(2021) WSguisukarUseIuUsEansnmkuud1ass 1D-CNN, Recurrent Neural Network:
RNN, Random Forest: RF, Lasso Regression: Lasso e ¢ Support Vector Machines: SVM

lngnisasawuuinasazne1nsala NO, nilaiuarmin nglddeyavnaniilinnmnin



p1nAnIAfi uraniies Wrocaw Uszimelduau 19naan1sideuuusiass LSTM Tungu
ana371u RNN Wﬂizﬁw%mwxﬂ'amamiwmﬂiaﬂmm’maﬁqm @7U9U398999 Zhang, Li,
Lam, and Han (2020) ‘LTWLauaLL‘U‘UﬁTmmL‘%&Mi@ﬂﬁﬂﬁﬁ’mms’auﬁ’uiwdwﬁaﬂa‘%ﬁm CNN
fiu LSTM 158041 Deep-AR ﬁ’m%"uwEJ’miaiqmmwmmﬂimwmﬂifﬁmiuaﬂwﬁjﬁ 5 vl
nan1TIseuansliiuiuuusiass Deep-AR TUseavBnmaniuuudiaesiiiiu Baseline
Tngl#aimunainadou Mean Average Percentage Error (MAPE) 1vnAu 15.7 wag 27.1
dmiugadoyaiseusiazyndoyanaaa Uiy

dmsuamAdeiianuwuudiassdmiunensaliu PM vieneinsalanniwerniely
Uszwalnglurrmanedinuanilnuisefuiauls 1wu 11uidoves Kanabkaew (2013)
Wunwuud1aes Simple Linear Regress: LR wag Multiple Linear Regress: MLRIngltoya
9nALTiBn Aerosol Optical Depth: AOD %aﬁﬁmmLQWW&’I@;@G{J@@%’W"’J’@L%ﬂmilﬂum
Toyadmiuauide lasuvuiiass MLR TiUszansamaiaaruuinsia B2 0.77 uas
0.71 Y09y AY 0 an U PM2.5 uag PM10 m1ua1a U 91uT 38909 Tongprasert and
Ongsomwang (2022) WU UU3I1884 Geographically Weighted Regression: GWR Wag
Mixed-effect Model: MEM dnsumeinsaldy PM luiwailufingammuniuas waglondiud
wanilaslnguainianaineuuu lasldyadoyaannaniiioy AOD Han15ITenUdN
wuUsaes GWR Sanusnganiignsensiluldwensaliu Pm Mlundesuarusnides
d1TUUIT8V049 Srikamdee and Onpans (2019) WaWkazAnwLUTsusuUsEaNSAINW
WuUdNae9 Artificial Neural Network: ANN, LR wag Genetic Programming @1%5unennsad
ANAINBINIALLUT M AT sUsTInAlngluY 3 mTIua e 31N TE518971U9
LUU1884 LR Uag Genetic Programming 1¥in1snensalbuugedaniuy Aa AuAImeInIed
uagAnANeINALIR dAuusiugd 97.65% uag 78.70% muddu feggavineily
13§99 Wonesathan (2018) 1 un1swauiwuusiaslasedaeds Fuzzy i3en3n
Adaptive Neuro-Fuzzy Inference System: ANFIS @1uSune1nsalel 4 PM10 Tudanin
FodviuaziiuiilndiAes lagldtoyanseniosinguas Hotspots dmiuimuiuuudians
an1FITenUILUUIans ANFIS Trdszavsamnisneinsaidu PM10 fduuudiaosdu |
Aldiannnoumh
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aunsunandnduLaghidadudmiuneinsaliu PM2.5 damth luiiufignamnssudmia
2804 IneNaIHIUNTEUINNMSISEUFvRATeY lunssuiumawseudeya 1uideilidenly

a a v v v aa .
WAUANITIRNTDYAVDIYAUBYABUNIULIAINIYIT Temporal and Spatial Average Value



WeliiAnmuauysaigeanvesyateyaeynsunadmiviunldlunside msuseifiuuas
WisuisulsyAnBamuuudiasseynsunaiiviaus nuitedliimuuuusiaeseynsy
nanfeidounazivssansamiatuyateyaounsua liun wuudiasseynsuands
L Autoregressive Integrated Moving Average: ARIMA LLazLLUU"\‘]”IaEN’e)gﬂ‘mLﬁaﬂlﬂL%ﬂLﬁu

lunquusswuudnaasasadne taun ANN, LSTM uag ANFIS

o/ I3 a o
1.2 20UezaInraInIsIve
121 wednwikazWauidanasnudmsvasiswuuiiassaynsuatdniu
6 | 4 A= ! o v o

WgInsalelu PM2.5 d3antin Ndanuudugradagimuinuuiiasiaynsy
AHIUNTEUIUNISITEUIVDUATO

122 WwusuuinaeeynIunafaunsamauduiusiuudsdusas ligadu
aeluangdeyasunsuiaat lnglddanesiunandmsunauiwuudiaes
BUNTUIATENINBUUTIABIBYNTUIA LT AT UL T Ld

123 USUUTaUsEANT A NLUUTINE 10 UNTUNANANTULAND HIUNTEUIUNIS
Hyperparameter Tuning A 8L ALY ANTINY Optimizations i 814 La

o rdld a a o % 61 1 v
LLUUﬁnamaL}muLaaﬂmmﬂizammwgqmmuwmﬂiwgu PM2.5 a29%tun

1.3 YIULYAYDINITIVY

131 snAdeillideyatufinademetu (24 vu) vesrlu PM2.5 Atufindaudd
A.A. 2011 §i9 2022 “UENLLGiﬁZﬂmﬁﬁ’@@mﬂﬂwmmﬁﬂﬂﬂﬁuﬁjﬂizLﬂﬂ1M8 ol
Suledueansunuauuaiy n5ensamsneInssssufuazdaandoy
mmmm’sﬂwawﬁmﬂaﬁ URL http://airdthai.pcd.co.th/webV3/#/History

132 “Aduillddenldundeyadu PM2.5 snaniiiieanininennaniaiiy v
flufitarinsseos Ingfarsananzaniiing sa 30T Tudasd a.e. 2017
fa 2021 wwhmeATeiy

133 snAdbilfaundaneifiunausewing Sanesfiudaduiudanesfiuliidady
dnfumenuduiusngluvesanedeyasunsuam

134 a3esileiliinsideiiowamundanediiy warnsadanuudiaeseynsy
nanfithiaue sunszuIuMsousveaados liun
(1) TWsunsuman i ildiimnun: Python version 3.10.5 was Matlab version

R2022a



(2) Lﬂ%@ﬂﬁaimﬁwm: Kernel-based Virtual Machine, Jupyter Notebook,
e Visual Studio Code

(3) 1S psmaNRIABSIIYIE: CentOST x86_64, 32 CPU-Cores, 64 GByte of
RAM without GPU support

1.4 Uszlewiifianainazlésu
nuATeilMauemsRRLUU R seyn suadmMTUNeINSaRu PM2.5 dhamith
r;i’mmzmumiﬁﬂui%am%'aa Taglansnensauianarseezianlun1sas1aluuInass
YoYNINIDNITHALILUUTIAIHIUNIUSLATNIIa89@N TWe1N1A WRF-CHEM 8819110 Lag
UszAnSamwesuvudiasseynsunatuauildinaueiussans nwiiddoniswensaldu
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| a ax ¢ 1 a ! VPN vl a a a &
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AIPnIIINAzaNnsan iU nAlddmSUNITNeIN Tl PM2.5 viseansuaiivdu q Tuiiui
aula Mmegunsaivnnalaseie Intemet of Things: loT
waNNULUUIIRBIBUNTUIAINENT LIILEUD anunsamanuduiusdadusayl
a £ £ Y ' N = o 2/ ] Y v o/
Waduvesangteyasunsuantmuegnes Juilviaunsadiludszendldivyndeyasunsy
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USNALITIUNTTURAZINUILNN IV

a < 1% a 1% = a o v °o o
wafiwnsonadulymmiedudanadeudymuilaniilanlianudidey e
wayn s AllnansEnulnenweaunMYesUseuvy uardidanasiansinuIuazveny
A Ao i a v ™ 3 o
waleanilnasaiasugiaveslseing 31nnsseaudeyalul a.e. 2016 vededAnTaUIlY

TanWuINLUSEU T UESTINNDUILDUAITINNNANTENUVBILANYNIDINIAINUIUL 4.2 AIUAU
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Malan (World Health Organization [WHOJ, 2016) wagluusziwnalnadnisainnisalinasd

a A

FedinnouTesduaisaintaiuniseniaseUuseunn 50,000 Al Jadusieeuyeansy

e

MUANLATiY N3EImENINssIINTIALATAswIndesUszAlne TuT Am. 2020 (nsuAIUAL
uam [an], 2020) annansidedinneuissuasidunansznuainuafivniaeinia g
asdnsousielanliuanuasiad S1uau 43% aanlsaUangaiuiFesa (Chronic Obstructive
Pulmonary Disease) 29% LAnanlsauztsson (Lung Cancer) 25% 1inannlsAralaauinad
(Heart Disease) 24% \inainlsaviaanionauas (Stroke) wag 17% iaainmshndenmaiu
mgladruanaudsunau (Disease From Acute Lower Respiratory Infection) @nsuafi®vig
910l (Air Pollutants) fiesdnsounsielanlalyimudrdnisiuau 5 via 1éun 1) duavess
uALdN (Particulate Matter: PM) 2) Aelalau (05) 3) Arwasusutausnles (CO) 4) Anw
Tulasiaulaeanlas (NO,) wag 5) Aadawastneantyn (SO,) I@mm%%’&ﬁ;{qau%ﬁmi
uafiunieIniaduazesswunan Sauvandu 2 Ussian Ae Yszinnivilsiuazessuunel
A 2.5 Tuasau (PM2.5) uruiididurihugudnandiiu 2.5 luasou iinainatuloides
YBILIUNINUL VU090 UY N5 IS UIMIINITNEAT L1 dasiinainn1saLliueuees
Tseugnamngsy 39y PM2.5 aansadtlufegeanlutenls idunaliiAslsaluszuy
maduwnela uazlsavoning 4 daalilendenussansnmas wagUssnviiaesiuazens
yunlsiiAy 10 luaseu (PM10) Wuruivuiaduriugudnanslaiiiu 10 luaseu 1Anan
msulvgling 9 Tuiilas nsguaunisgeanyngsy Juatnnsnoadna dedsuansenuseguaimn
lignenndu PM2.5 esanidlemngladnluaunsaazaslussuumaiumelaneliinlsa
Freens 9 laluiu
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Yyanewe YeuannIuAIUANNENY (http:/airdthai.pcd.go.th/webV3/#/AQlInfo)
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AMATNEINIAUIUNGTN 923 101 - 200 tTuAMAINEINIAREISUTINANTENUADFUAIN LaTAT
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~ | 'y} a a ° o
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AQI = max_min (x - xmin) + imin

Xmax —Xmin
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PM, 5 PMy, (2 Cco NO, SO,
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128 24 Y. AdLUDY LRa8 8 YU. NBLUDY L1288 1 Y. Gi'e]L‘lJ’eN

0-25 i 0-25 0-50 0-35 0-4.4 0-60 0-100
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anedoyasynsuiian Fevihliuuudnasseunsunarauiussdnsaminasenisnensaiiy

PM2.5

v
2.1 VIUADUNIULIA

v =

Jauasunsutial WudeyanilafularAnudunusauEInial 1wy 7119 U ey

Y 9 Y

w3al 1wy Jeeziuliindeyaeynsunandudeyaiidusrnuelaemilvludindsydiu

W Feyanaravanning deyasenvieluusaslnsuna wie deyaanimeniasieu ilusu
(3 £ ! ¥ (3 v dy

aeAUTENaUYRItBYARUNITUIANAINTaLURNLA 4 BeRUsENBY Aall

1) wwaltlu (Trend Component) UL UUsTE281IV0I0UNTUIAT LUILELAINNSO

o & & < = A < =] 2/
wanagURuUTEEreiNdY (1Juuin) Wiesluuuszezeiianas ({Uuav) uasduwlldy
szyzenduansiidloaynsunandudeyaluguiuunsi (Stationary)

2) 13nsm3913930U (Cyclical Component) 1HugUuuuiitoyauaninisindoulnidu
wavaulusou q naendeyasunsune sseznavesigdnsdnlgeedaminnit 1 U uas
WAUDYIUUTLNNUDITINIWTONAINNTTUNAG ALY

3) 9n1a (Seasonal Component) WusUiuun1sldsunlamesdeyaiinasinng
PrgeMaLazaasanensalls Megrudu vanveleanIuiintuluggsounazanadluyls
AU viseRuazoRIrwIAEN PM fzlinnuviuduinnlutimiudsuazanadlugamii
A 1dugiu

4) aulaiun@ (Irregular Component) asausznaulinatalils nneaynsuiad

13 a My 1% oo | a ) | |

aeAUsEneunianm il dedrvestayaniianuliunfssidudnuasiuudy tngdiuuin
anuldun@vzifnnmanisaliliniedn wu wiuduln @insi vemnn1sainienisiles
Jusiu e1vazenanuliun@ludeyaeunsunanindaya asuniueni (White Noise) 9103y
d' Y (3 3 4 Q" 14 é;’ .
7 2.1 LanIanwznIINeIAUTENOUNY 4 UVBITYABUNTULIAN ATV UIINANNTT Sine
Wave lnguansgunsmuusliy nsmgania uaznsmaulidund audisu

Y 1% 3 3 = a

1oy adUnIuIa18139zUsenountasdUsenaulanesdUsenounils n3aunn

asRUsznoUTINAUAlE lnen1ssiuiuresesdusznauetoynsual awisasiuleasie

mimﬂm‘%ami@m AIAUNNSN (2-2) WAy (2-3) ANUAU

Ye=T+C+S+1 (2-2)
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Yy, =TXCXSXI (2-3)

9l y Ao aynsuan ¢ an ¢, T Juawunldy, € duaigdnsvionsey, S
Juegania, way I Ao Aanuliund

0 2000 4000 6000 8000 10000

2000 anoo 8000 BO0O.

Seasonal

0 2000 4000 6000 2000 100c0
Le-14-18750016667e-2

Residual

2000 4000 5000

Time in second

8000

JUN 2.1 uand99AUsENaUTeeloyaaunsuiIaIaIng Sine Wave

lef y Ao ounsunan ad 1aan ¢, T Judwuildy, € dudrigdnsvionsey, S
Jurgania, uway 1 fis Apnuliund

2.2 WUUINARUTNEHDR

wuiaessadd Wuedosdedesldifiensviunevidenensaldoyamuiuvans
nAsse mzluefnmeuiunesdiluiiussansanganioudagdu vinlvinisdinssuiunis
Boudveunedesnldiuyildoisliifulszansam wwudaesmeadalddmsunensal
TYADUNTUIAAAYAUNAYLUUTIADY YU LUUT1ABY Auto Regressive: AR, WUUTIG09

Moving Average: MA, LlUU31889 Auto Regressive Moving Average: ARMA, Laglhuua1and
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Auto Regressive Integrated Moving Average: ARIMA s’fiﬂuﬂfjmaaLLUUﬁTwangBaaﬁa dnd
LLUUT\]O’laENﬁﬁUizﬁ%%ﬂﬂWﬁﬁﬁﬂﬁi@ﬂﬂiWSﬂﬂiiﬁ%’@yjaaqﬂimL’Ja’la@LLUU"\T’m@Q@Hﬂi@JL’Ja’I
ARIMA
2.2.1 Autoregressive Integrated Moving Average: ARIMA

LUUTIa0e ARMA W uLuuIaesii saufusenine 3 nssuaunis Laun
A5¥UIUNST 1) Auto Regressive, AR 1 unuusiassfildaunisanuduiusidadulunis
wonsal lneldauaudAvestoyadoundsiiTonin Lag Time 9 sazfinnunadiofufy
WUUF1899 Multiple Regression wauud1899 AR fn1519@0 Lag Time tdudaudsyiiune

(Predictor Variable) faaunns (2-4)
Ve = Q1Yt—1 T QYo T A3V 3+ + ApYrp +C+ & (2-4)

109 y, Ao ToUa0UNIUIEAT TII87 ¢, V,_; TOUADUNINIANTDUNAS (Lag
Y 9 Y 9

Time) a1 t — i Wnedl i WAu 189 p, a; \JuArduussanduseddiumia i laed i

Wiy 1 84 p, ¢ \urasil waz e Ao fnUsduaainafow (White Noise) Mivaan t
NSLUIUNNST 2) Moving Average, MA LT UL uus1aesaun s adunay
6 1 Y v a ¥ 4 [ & v [ o 1
wensalrtlusuanlagldveyalusin (Toyadounds) misuiuiuwuudnass AR ue
WUUD1809 MA R15ANLEURUS IS UNIUAIAIINAALAR B UTBILAAE AT AIENATS
(2-5) unNFE19AUAY Moving Average Smoothing @atiutdnaes MA dlddmsunensalaily
auIARLLA Moving Average Smoothing ¥ nsunisanaziuwuiliuvestaya (Trend wag
Cycle) A9 UL 8573 AR AU MA W1 28AUazlaLUUTIae9 ARMA Feilmnuadtenuiu
LUUTI809 ARIMA LALUUT1889 ARIMA finszUun15lun19911 Differencing dusuuias

UOUADUNTULIANNULYIIN

Ve = P1&t-1 + P2Et—2 + B3tz + -+ ByEr—g tC+ & (2-5)

Tnedi y, Ao UL YNTULIAN fan t, g, fo AIAUANNLAG DU OUNAT
(Lag Time) fivian t — i Inedl i wiriu 1 8 q, B, Wurdudszansuszssumia i Inefl i
winfu 1 s g, ¢ Wueasil uag &,fo MuUsguaainiadou (White Noise) iaan ¢

N55UIUNTSA 3) 158077 Integrated, | WunszuIuA15YI Differencing w3e

a & | . A ) a & . v =
L3UNAU 9 31 Differ LWE]GU'Jﬂﬁ]@ﬂ’ﬁIULﬁaqma\ﬁlﬂrJqﬂJLUu Statlonary “U’e)dsuauua@‘léﬂim’m’l LN
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Wudeimuandnindrfgroensiduuuiiaoudeaifes1s AR wag MA Jsdunau Differ Tu
#7909 Integrated UILUUTIABY ARIMA Y11 ARIMA SiUseanEAmAnILUUTIa03 ARMA
v Aa &, . v I i v
PoyapunsuaNiauduy Stationary MineauIteyaeunsUIaNHzdod Al
(Trend) ldfiFgan1a (Seasonality) fisgAuvasnsmiAeut1amsil (Constant Level) wagdian
ANULUSUSIUAIN (Constant Variance) u%amm]zﬂﬁnléfdWﬁaaﬂaaqmmnmﬁﬁmwmﬂu
. 1 v a 12 v v Y a a I <) =
Stationary Yayatusuianazdesiaueaeiuiuteyaluefnlugavesninuiiasdu Jun
v A a ! v Aa 1 & .
2.2 yanansideyasunsuiaiiguigusninsdeyasuynsuiaifisininlu Stationary
waglilidu Stationary Imemananduy Stationary Y8IUBYADUNTULIAAUTONTIVARULANS
nslviAI pedlannead@ LU Box-Jenkins Method, Augmented Dickey—Fuller (ADF) Test,
Regression Method, Smoothing Technique #5819 75210519 La 3N 91587 b6t

WuLeany (Data Visualization)

80 T 700

70 600

50 400

40 300 |

30 1 200 +

20 - 100 v
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 1949 1951 1953 1955 1957 1959

1959 Month

(@ (b)

U 2.2 uansnsideyaeynsunaniiidy Stationary (a) Aufilaiiu Stationary (b)

niilanandisuaudu Stationary Testoyaeynsuvaiuiinuddgysanis
weNsainEdn Aluazdewihdoyasunsunaiilily Stationary lifinnadu Stationary
Taglutunou Integrated Vo3 UUINADY ARIMA agldinaila Differencing %3 Differ Lile
[ Yol ) . [y | v = | a
wlastayasynsunantvidaiudu Stationary laen1sviadwuilidy vie A1gania wedea
Differ Aon1smAndIuAsEINaeIAvesaedeya Inevgldaanu Lag Time ulusay
FIFNAIT (2-6) LU 01ADINITNALVINAILUILTLNIZADIN Lag-1 Differencing wazd1fo9ng

YIAAIANIR IAedNanue S ga 38R Lag-S Differencing JUT 2.3 wanans1vlvays
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BUNIUIANA N5 Differ it outasdayalidaudu Stationary Inen1svn Lag-1

Differencing Lileudneuwualii
!
Y=Yt~ Vi-s (2-6)

laedl y', YoyasunIuIaImaInisiii Differ suviaan t, y, Yoyasunsuiiai
FUVLLIAT E, WAE Y, TOLABUNTUIAIMAUMIAIAT ¢t — s 1Agl s Aip Order Y84N19YN

Differ 9tULlD5IUANNTUNDUYDILUUINEDI ARIMA aldauniseng (2-7)

Vi = A1Ye—1+ @Yz + A3z + -+ QpYep + P16
+ﬁ28t—2 + ﬁggt_g + .-+ .qut—q +c+ &t (2-7)

sboq

paoualayip
|euosess

Sﬁ%

5UN 2.3 uansnsvineunagnaanisvin Lag-1 Differencing

v a

éT’JLLUW%WWiWﬁma%ﬁ%maqwmimLLasﬁanﬂfﬁ”mumﬁaWLLUUﬁﬁam ARIMA 79
wsdwes p, d, waz qlaed p 9 duandiuansdatiuau Lag Time 7ildlud uves AR
#915041970 Partial Auto Correlation Function (PACF) d@2usiauis q azidudndiuwanadla
91UU Lag Time Gua\‘m'ﬁmnmmmLﬂﬁlauﬁliﬂﬂud’su%d MA %qazWQWimwﬁ]ﬂﬂ Auto
Correlation Function (ACF) uagfauusgavineddosiansande d idudaudsludiuves

Junou Integrated F9A1v09FIMUT d AzUIUBNNeN1SY Differencing talUastayaaunsy

nanlviinnuduy Stationary
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= % =
2.3 ﬂ']'iL'iﬂug?laﬂLﬂ'iaﬁ
= % 44' < A o 1% Ql' & v o v
NsSeuFveAATes WunszuIunsigadeyaiaula (Dataset) ludoyaindn I
szuupeniumesidiludoyadmiubeus eoasuwuudasmndinmansiiudanasiiud
Avue waglduuudasanlauilamlusuuuusig 9 Wy n153nngy, 31uun, uly vse
WYINTD! TORVBINTATIUUUTIADEITUNTLUIUNNSISEUTVRAATORD LUUTIADIALYNEAII
lngdnludfvuiiugiuvesdoya wazuuudaesansountamlavainvate ngldidaiaiu
Jaymladgynids sruvisuudiassdanudang uaunsizanunsadiuwuuiiaalanig

ANNANNTAVDINTTIEUSHUYATRYA

CLUSTERING
UNSUPERVISED /
LEARNING
MACHINE
CLASSIFICATION
LEARNING
SUPERVISED
LEARNING PREDICTION and
FORECASTING

SUT 2.4 UansUselanTeenIzuIuNsiseuiuedaTes

danesfiudmsunszuiunsieuivenases wiseendu 2 nqulvg 4 audnuae
= o Iy} ~ = = ° a v . . =
YINTILUS UansAsguin 2.4 fip wuudnisuuziinisiieus (Supervised Learning) &4azgn
Avuafkyusidmunely (Target Variable) ¥aueviin1sisous wazhuulddnisuugdingg
Seu3 (Unsupervised Learning) sawtseusnudayanavanlaglifinisseydudsidmung
Tne?l nszurunmsteuduuuiinsuugihmadeus wdungurewuudaesiiadaundieldlu
n133uundeya (Classification) v3awieviiunenateya (Prediction) @dunszuiunIsiseus;
wuulddnisuugdinisiseus asiludssendldiunisdnngudeya (Clustering) AU
wa 1 A v ) au A9 v ~ = % ~ °
AasauURvwlugatoyaiu 9 lneadded Wanuaulaiinssuiunisiseuiivuinmsiugih
a ¥
nsiseus
2.3.1 Artificial Neural Network: ANN
laseneUsvamiion [Wudanesiunyhaudsunuundnnisyinuresaues

6 41 6 o . a 14 . o
wywd Jeauevonyudiaiuansalunisandn (Recognize) 3eus (Learning) 31uun
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(Classify) n3aviung (Predict) inszauadvauysdnaulsdigadUssanvalgaueag
& A Y Py ¢ | ) P '

Lagin 9 wadUszamazweouseiu lnefdugaduszaimusasdiasll Nucleus Aogaiuay

AMsyuranYaaUseam wazdl Dendrites Li‘]uﬁa%’wﬁagaL%mﬁwzjaéﬂizam a1 Axon

[~4 Y] 1 1 3 S 14 LY L3 d‘ d‘ 1 £y '3

wluideiudyyaviedeyaluduvaduszamdu o laglausaiu Synapse vauwad

Usganuanenng

\ )V
~ Z( wo
o ———>@ synapse
axon from a neuron
\b WL
o~

cell body

f (Z w;T; + b)
Z w;x; +b :

output axon

activation
function

Synapse

(@ (b)
JUN 2.5 uanamsiUSeuiiey (a) wanuszamuesanesyed (U (b) waduszamiiey
(Agatonovic-Kustrin & Beresford, 2000)

dmiudaneTfiu ANN aziiulassinsvesnquiaaduszam (Neural) fian
\Weusiafiu Tne Neural uiazfaziSsuialiousadussamvesauosuyud JUR 2.5 uansns
Wisuiisuiwaduszamvesanssayudiu ANN Ingfigu 2.5 (b) uanandnnisvinaiues
Neural Node 989 ANN lagilvannisviinume Suteyadnda (Input) x; mqmﬁ’umﬁmﬁfﬂ
Usedndudeygia w; @A madnsunge Neural Node Lﬁammﬁwaﬁa;ﬂaﬁ%’uL%’ﬂmﬁy’wm
WEAUINAUAY Bias Uszdn Neural Node annifuuusndiléniu Activation Function vi3eisen
9981991 Transfer Function Lﬁaﬂ%’uﬁagmﬂu%aﬂaﬁqaaﬂ (Output) FeaLNIT (2-8) d1nTU
Activation Function ﬁiﬁf’ummﬁw lawn Siemoid Function, Linear Function, Tanh

Function %59 ReLU Function LTu@u

y = f(Q;x;w; + b) (2-8)

lAssas1avedlasevig ANN lngiugiuasaeslsenaume 3 9u fadl 1) Fusy
Toya (Input Layer) vint17 Sudeyaudrvesuaazdiuls Input 2) Yudruindays

[
(% (Y s

(Hidden Layer) laendutunvinszuiunisuseanana 3) unadws (Output Layer) vimneind
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SuHaEnS Rt 2 wiodmnandunadndgarine den1simuadinan Neural Node Tuus
az%uﬁ?u%uagjﬁumﬂﬁﬁmu Tnedpsilsfsnnuaenadosiuteyavideilym islvsanedfiu
ANN vhaulgiiuseansnndidign LLamﬁqgﬂﬁl 2.6

waNN3YUVDISaNe3Tin ANN azidunisyinunuudadeyaluds Neural
Node Tuusiagtunuuuninszane (Propagation) Fafinszurumsdeteyaninulassng 2 uuy
A9 WUU Feedforward Propagation tas Feedback Propagation 1aenszuaung
Feedforward Propagation azifunsdwazaumuaveseyallufianmirminegaiien
L#iNTEUIUNIT Feedback Propagation 91N 15A1UIMA1Y0Y oy alugesfiAnisAely
Trantuazéoundu Fausiaz Neural Node ansnsaiiAnvesdoyadioanndusnsiuaiuim
ﬁuﬁﬂﬁﬂﬂﬁlﬂﬂigﬁ’lLﬁuﬁmmﬂmLLazﬁW%aQ%@mﬂaﬂﬁL%’]VLG?T 19 Feedback Propagation &A1
blwaﬂmmﬁiﬂuiaﬂﬂﬂ Feedforward Propagation d@utofAwe4 Feedforward Propagation e
9¢fin13919u7159n71 Feedback Propagation @auanslaseasnsvedlasetne ANN sauda
NILUIUNINIULUY Feedforward Propagation hazhuu Feedback Propagation Iugﬂ‘ﬁ'
2.7 uonaNlATIUNY ANN %dﬁayjaﬁwL#TWLLUULLWi'mzmEJIU%NwﬂWLLé’aﬁ?u 1A39978 ANN
A 83HIN1995IADUAINUYNABIVDINTAIUIUNIUNTLUIUATT Back Propagation 1iaue
Tne Rumelhart 1ud) 1985 (Rumelhart, Hinton, & Williams, 1985) daifunszuiunisilelu
AsUuA Y AUsE S d udyauazAn Bias Usesn Neural Node Tnewu Gradient

Descent: GD Algorithm

Input Layer Hidden Layer(s) Output Layer

Back Propagation of Error

JUN 2.6 uandlasetneiiugiuves ANN
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Input Hidden Output Input Hidden Output
Layer Layer Layer Layer Layer Layer

(a) (b)

'E‘Uﬁ 2.7 LaAIN1391191UL UL (a) Feedforward Propagation Wag (b) Feedback Propagation

2.3.2 Adaptive Neuro-Fuzzy Inference System: ANFIS
I UseasAnanyed ANFIS Aan1359ue19eRAuas Fuzzy Inference System
U Neural Network 11521 u Ao n13ue1Usslevives Fuzzy Inference System 141
mmansalunsaiavgua (Rule) Wteldlunisdndula swuanfuauainsalunis
Soudieyndoya laelddanesviu Neural Network iitelsilanadnédmiunsanduladia
g dnn9vauves ANFIS azUseneusag 2 diufiddny daunsnie Fuzzy Inference

System: FIS wazdufigosie Artificial Neural Network: ANN

Y i nﬁ’u i

g () 0

AT ()

160 170 179180

(a) (b)

JUN 2.8 uanawauuu (a) Crisp Set wag (b) Fuzzy Set dwiusyyaugeesnu

Fuzzy Set Wuiwnvesdeyailaifinnuuvueu (nfinite-valued) gniausly
Y f.e. 1965 laeAans19158 LA. Zadeh (Zadeh, 1965) %aﬁmmaamﬂé’mﬁ’uﬂmmuu
fuguvesenuidusiunnnimdnnmsvesemuuudadulunsadinmans fdu Classical
Set #i3e Crisp Set Fadulvnvesdayafiianuuiuou drnlngjaziduteyauvy “a3ewvde
Wa” (Bi-valued) dnamdstlywiednsdng awnsald Crisp Set o5unele wu sndudaiun

3selid? Ineidmeuldu Bi-valued Ae a5esewa Wuiu dwdamndeddd Fuzzy Set
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Tunmsesuie asdulyminiinnulduuueuvesinou wu mmqaﬁumwwé ANANI1 AUN
fAugenaune 180 wu. Juld Lﬂuﬂuqq WAZAUNIIAIILEIRNINTT 180 Bal. NanuatduauLie
onlinannisves Crisp Set 95UNY LUATDIAUGIRDAUTIIAINGINIA 180 @y, YulU uasian
a’lj = d‘d o' 1 gj [ <3 a 1 1 1%
YDIAULAY ADAUNIAINEWIINTT 180 Tal. iavun usituauduase o1vaelilanunsand dla
1 al'd < dy = [ YY) q' [ 1 dy o Y a
Paundiaues 179 wu. Wueuiewmiisuduiuauias 150 9y, Tudnvagiull 91avilviin
nsanaulaliianain Fuzzy System Iaausisnisuilatymanvauzd Inglailsdduanidn
(Membership Function) msu'wa%mammLﬂuam%ﬂmmsﬁaga TngAvaIlanTuaNTnay
WWumuusaiadawes 0-1 IN3UT 2.8 6114 Crisp Set szyAuNas 179 gy, fuaAuiias 150
v & & a ) v o§ v ' 'z a v PP
w31, gniadunuiemilouiu uidild Fuzzy Set Tngnuilsiduaundn aglddnauniainugs
179 @5y, ﬁmi‘]muquwawﬁmmmgaﬁ 0.9 UarAIANULALEYT 0.1 druAunialwEs 150
[ =3 dy a0 QII a0 QQIJ d‘
3. %QmmLﬂmuw]ﬂmﬂzummmqw 0.0 tagdAImAULsIgnN 1.0
Fuzzy Inference System: FIS 9133z13andwludiodu 9 asseluil Fuzzy
Rule-based System, Fuzzy Associative Memories %38 Fuzzy Controller lag# FIS agl4
If-then Rules #3913 8ndnoe 1931 Fuzzy Condition Statement Tun15a@s19ns8uIUN1S
Andulaniunisuszananaiianssng (Inference) lnang (Rule) 9z Usznounds 2 @u fio
ca a [ N . ¢ al a )
WANISNTNLAANBY (Antecedent %58 Premise) WAy 1A N1TI 7 ALLAARNINUIATENAS
(Consequent) Wy IF x is A and y is B then zis C fip a1iAALUT x 10U “A” wagAen
U3 y 0 “B” 9zl Ansiauds z Wu “C” Taefidn A, B waz C iurmemnudnuson

90191 (Linguistic Values)

knowledge base
input . output
p - database rule base p

liN fuzzification defuzzification

interface interface

(crisp) ‘ —‘[ J’f (crisp)

decision-making unit

(fuzzy) (fuzzy)

gﬂﬁ 2.9 UanalATeas19ues Fuzzy Inference System: FIS (Jang, 1993)

laseainaves FIS uansdisgun 2.9 Feazdsznaulume 5 migivianusiuiy

fafl e Rule Base viwi7iiiungues If-then Rules viag Database Wugudeyadiviu
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Tdssyflafduaundnues Fuzzy Set fldlu Fuzzy Rule Tngludautiarldosdanudvasuyud
W inun wiae Decision-making Unit 1 uniaglunisdndulalasrunssuiunis
UseananaiBensing aunnues Fuzzy Rules wiiag Fuzzification Interface flutidivinnas
wlas Crisp Inputs lUiduAmisanugdnuien1mieniwn (Linguistic Values) waguiag
Defuzzification Interface Ld unszuaun1sgavinelunisudasaves Fuzzy Widu Crisp
Output Un@uailudiuwes Rule Base AU Database 9g51/UL38n31 Knowledge Base
mzmumﬂﬁm@mamq Fuzzy (Fuzzy Reasoning) 984 FIS tJunsyuiunis
Uszaanaldanssny ULl ug1ures Fuzzy If-then Rules Tnpaedl 4 nszuaunisdfy
Fastoluil 1) nszuaumsvhmsieudisuaues Input Values fuiledduaundn luduves
wmmsniiintunou Welwldaaruddnuiaamianiw (Linguistic Values) 2) AseUunTs
yhmsmueildanilaiduamndn Tneundazld nsaa (Multiplication) wielt1ifosgn
(Min) Lﬁaﬁmummﬁmﬁﬂﬁ’m%’uLwiazﬂg]suaa Fuzzy Rule 3) nszuiumsairammnisaiiiie
ANUNINNYVRIVBILAALNN VDI Fuzzy Rules e uag 4) nsrUIunsiinTsIne

YosmnnsainAnmuaedsiiolu Crisp Output Juneuilisani Defuzzification

premise part consequent part
A ﬁ r__ A
type 1 type 2 —typ?
17200 v 2 - Im = N n
A1 | 51 ! o1 [ c1
\ w1 wi / \ z1=ax+by+c
X ’ ] Y ’ z1 z) Y z'~
A2 Y B2 b t oz
f\ F wz wz‘ /\ Z2=px+qy+r
& ¥ » - w1 > i » — L
X Y z2 z z
x y 3
wegted max wegreed |
multiplication -~ & ~a’ — \ —
N9 4 ) ~ o

(or min) ]

w1'z1+w2'z2 L/—L wi1'z1+w2'z2
z= — zZ =
wi+w2 T o, wi+w2

z (centrold of area)

gﬂ‘ﬁ' 2.10 4aAINTEUIUMIIAVBNALTY Fuzzy (Jang, 1993)

dmsulssanveanssuIuMsIAmMeNaNI Fuzzy degmenu 3 Ussan (U

Y Y

#12.10) loun Type 1 fio Arvasmsiingua (Fuzzy Output) Wusedsvesminluudas

ngues Crisp Output IneTuadfumanuduvesininuazAmaansIInileiduaunin wag
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Handuaunnaziduuuy Monotonically Non-decreasing i Type 2 Ai® A18INITIN
WnHg (Fuzzy Output) %Wﬁﬂﬂa’mﬁuaﬂﬁuﬁ (Center of Area), Bisector of Area, Mean of
Maxima #38 Maximum 4situfiiAnainuasiuii fuaainetosgavesainnuduves
ﬁémﬁfmﬁsuﬁ’uﬁﬁ%’uam%mmLwiazﬂgsuaq Fuzzy Rule waz Type 3 @o 1unmsliugua
149 Fuzzy i naualng Takagi Wag Sugeno (Takagi and Sugeno, 1985) lagA1984n151A
WiaNa (Fuzzy Output) @18150N1MUALA@DILUUA ® Zero-order Wae Single-order
Potynomialimﬁlﬁj%ﬁmwu Zero-order Polynomial Anadnsaziduaasil (Singleton
Constant) wazdLduuuy Single-order Polynomial nadnsazifiuriadsvemadnsvous
azng Feldaunindadulunisdiuin dusuitsdduaindniiugiuildiu Fs daeuldud
Bell-shaped Membership Function, Gaussian Membership Function, Triangular
Membership Function wag Trapezoidal Membership Function Hudu

¥

Adaptive Nero-Fuzzy Inference System: ANFIS Hunvuiassiisieded

2

a

YBINTEUIUNSIIMANGYRY FIS 319inausauiuiu Artificial Neural Network: ANN &aditaf
lun1siFeusdoya waznunausnadaldlawn Jyh-Shing Roger Jan lul a.a. 1933 (Jang,
1993)

[y

lagUnAinisvinauves FIS aghesinnuiiuiuiudliesvignasdedddesd

ANN3IUNTTATINY B Fuzzy wasivuailsnduaunnilivansay deludiunsed ANFIS i

AUEIN150V89 ANN 11928 lUNISAMTUAAIUBIN LA UTUATUINTNUBILARZNONIUNTS

=

Seudnnyadeyaelvidanuwminzan uaglilaussansamlunisiuenateyanianis
° 1% Aaa
Tuundeyainfian

ANFIS azflauld FIS Tugduuud 3 (FIS Type 3) Fudunisld Fuzzy Ifthen
Rules LLasmﬂﬁ’mqwamq Fuzzy Y84 Takagi baig Sugeno Imauamﬁ’aaﬂ'wgﬂuuumm
Fuzzy If-then Rules 91u3u 2 ng) L adlaoadakds Input Av x AUy wazdidiwus Output

wiladfe z
Rule 1:If xis Ay and y is B;,Then f; = p1x + quy + 1y,

Rule 2:1f xis A, and y is B,,Then f, = p,x + @,y + 15

(% (%
a o

1A59a519%09 ANFIS agilvianun 5 Yunan 9 uanenegui 2.11 lngusasdus

U9 fanaluil



21

Layer 1 A1 Az B1 B2 } Fuzzification

\
w3
Layer3 Q @ >Fuzzy Reasoning
X X
Layer 4 y y
S
Layer S } Defuzzification

9

y
JUN 2.11 uandlaseasnaves ANFIS

& A I Y Ao o ! [ YY) & o a <) a N
Fuin 1 agilutuninisinusiunuiuilanduaundn (wanadusudmas)
lngagiieuadayaidn (Input) fuilsnduasndniiioilarmseaunisrnuidnvseanieniw

(Linguistic Values) wiptilusauduaniminusesilnualududaly wiudeaunisd (2-9)
0} = pa,(x) (2-9)

lne#l 0} Wurrdoyasen (Output) VaIrIfIwls x A1unUsil i Jerwia
1 & v a o ! & v a o :’1 d‘ d!
HUNIATUENTAUSEIN I UA du Ha; wueAtuanInUsE I rualuTUANTS

& z.:" g dy [ o Y A ' g Y =) !

Fuil 2 nalnualutudl (wanadugyisnaw) asyimtinsiuaminuiee
Anuuduvetaya Mnandinualagldnsan (Multiplication) tivalvilarnvdngiu w;

Seaun1si (2-10)

w; = gy, (x) X pg (y),i = 1,2 (2-10)

Tne? w; Wuanhminsiudsyiluundl | vestuiiaes
Fuil 3 Nnlrualuduil (wanadugdisnay) szviminnlunis Normalize @

iwinusedluunan w; Ju w, deaunisn (2-11)
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W,=—— i=1,2 (2-11)

witw,’

g o 2 o 4 % & o a o e a X
Ui 4 anuduguamaey) Wutuivihauieivdmvesavnnisaiiiagu
A8nae (Consequent) lagagyniniAuindeayasen (Output) HuaAdwinUszdlvun

AeaNNg (2-12)
0 =w, (pix +qy +1),i=1,2 (2-12)
[ A l pl qu | - )
Toe@ 0f 1Wuen Output vesuwRazngues Fuzzy Rules Tutuind, w, e
96’ Y o A . 3 a |
UmitinUszanlnuadinunis Normalize, wag {p;, q;, 7;} Wuwnvessiiwesiudiuves
RN TUNEVA

S A g & A oa | = 7 I ° v
YUN 5 Iusﬁuuf\]gllLWUQLLWVUQI%U@LW’]UU (LLaﬂQLUUEUUQﬂaﬂJ) LAENINRUIN

AwNaTInAhvinluusazngues Fuzzy Rules Tioanulunnaans fsaunisi (2-13)
0} =Xiwifi,i=1,2 (2-13)
laedl 07 JuAmadnsaaving (Output) vadlasetng ANFIS

. consequent parameters
premise parameters

w
S16 -

p

Sl

=l

~

gﬂmwﬁ 2.12 uanalaseasng ANFIS Type-3 (2 ayainitn, 3 #eiduaandn, 9 Fuzzy Rules)
(Jang, 1993)
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ANFIS 11n58UuN15138u509 ANN Hugadeyaluduil 1 uwaz 4 (wanuiy

= =

sUAmAs) Saduduiiinienssvhiuiteiduannn anduldhdusnuusvsanssuaunism
wmesfivanyan (Hyper-parameters) dlududu q fimde (2, 3 uay 5) Fadulvuail
wansaegUananazduias (auns) liiinswdsuulas ielifuamlddaaudedy
gﬂmwﬁ 2.12 Lﬁummamimaa%’wmiﬁﬁmuﬁq 5 Gz'?usum ANFIS Uszinndi 3 (Type 3) fiu
Foyaith (Input) Suauassiands x fu y uaziivilsiudsteyanadns (Output) Taesauds
Input usazfuUs azdl 3 flafduandn fufu awviildisuaungues Fuzzy Rules $1usu
Fravn 9 ng (3 enfiag 2)
2.3.3 Long Short-Term Memory: LSTM

1As9U18UsEa oy Long Short Term Memory (LSTM) Wntauslng
Hochreiter & Schmidhuber (1997) L“f]uimaﬁdwﬂizamLﬁ'augﬂLLUUMﬁ@ﬁﬁﬂmﬂizmama
fudeyadiu (Sequence Data) Ly Taganiw wsedayasunsuial Wusiy LSTM 1Ju
ImwhwizamLﬁﬂmﬁﬁmzﬂuﬂdmmmiﬁaquﬁTmﬁﬂ (Deep Learning) lmgsia LSTM gn

8 = o

o & i ~ ¢ i A
Wﬁuu’muwugﬂu“uaﬂmwWEJIJ‘JSaWILVIEJmLL‘UU RNN GENL‘LJuIﬂNGUWEJ‘VIMﬂWiuW LEJ’]“UEJ;QJ@"UWEJEJ?]

2.13 (b) vJu

= )

(Output) undualdsndutoyatind (nput) faguit 2.13 () Tasii U

Y Y

sUnanslasaingUszanifionvas RNN wuuniseen Liteldmuindeyadidu Jymimvanves
TasagngUsvarmiioy RNN e ldaunsadu Long-term Dependency ¥ ailunaaud@d

dfvesdoyadiu tasinlam Gradient Vanishing (Szandata, 2020) 3MNNTEUIUNT

o
[y

Backpropagation Aiflagainutu @91 Gradient Naginlulgsauiua Leaming Rate LiVe

a0

UFuusaanmiin (Weights) firidoesnn 9

(a) (b)

SUT 2.13 uans () SULUY RNN uag (b) Tasstng RNN Aldiudeyadnsu
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faifu LSTM Qﬂﬁ’mmmﬁ'auﬁﬁ@mmm RNN Tpgnsiinmiieainusiiiie
\Au Long-term Dependency 138011 Cell State %38 Memory State 8193gna12taa1 Cell
State Wudownen1sth Gradient Ald uenani LSTM Fagniauiuu 3 ndnnissuiu e
1) feyaunedoyamsaziimagndulsv 2) feuauisdeyaoisasiudeyauitou (Noise)
liaasuhanfinnsan uay 3) deyaurstoyamstinisvens (Scale) wiensos (Filter) Fauuafn

Y

AundnnTsEudna R ARNIseNLUY Foreet Gate (f), Input Gate (i) waz Output
Gate (0) mugiu e Gate Wiaanuuuuazd Activation Function Mnuney lag LSTM
1MSIFIURLAMUA Sigmoid Function faaunsil (2-14) ilusiarunudeyalviogluza [0,
1] fio dendu 0 e lifosdsatdueenly wazdrandu 1 Aazdunsdedeanly
gelnuanaly wazazdnisveneniensestayaludiuves input wazdIuYDe output Al
Tanh function #s@unIs5# (2-15) gﬂﬁ' 2.14 wanalduns1viUT g UL 8 usEnINe Sigmoid

Function iU Tanh Function

Sigmoid(x) = 1+i-x (2-14)
Tanh(x) = % (2-15)

—Sigmoid|
—Tanh |

JUT 2.14 uanans g uliigusendng Sigmoid Function fu Tanh Function

(Szandata, 2020)
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1N3UN 2.15 wandlasastangluniloniegegvedlaseineUssamiiey

LSTM uazilialassneUszamiion LSTM sieduidudidiu (Sequence) Liievinnuiiudeya

[J

a1eu awlanagun 2.16
he
A

cl 1 + N\,ﬂ X ,/) _— —>f\ /; T - - c(

>h(

(_; 7»,

[prousys |
prowss
[ wwe G
[ prousys |

U7 2.16 uanslassadnees LSTM

#1sanmsdsiudeyanelulassigussaniion LSTM aelinisianueg
3 @11 muUsTLANUeY Call Gate fail d1uiinile Forget Gate tudunauiazfiarsmniney
denfiunseiisdoyafioglumieainuimie Cell State masindulalutumneuiazaiununiu
Sigmoid Function tnglddoyavn he_y wae x, Wenaansiladu 0 vunefanmsideniiase
A v 1% U sav v & = - < A o w
dudoya C,_q waztmaanslaily 1 vangfsnsideniiuniedteya C,_, lnguandly

FULUUANNNT AENnT (2-16)
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fe = Sigmoid (W X [hy_q, x¢] + By) (2-16)

Tnefl £, AeAnadnsves Forget Gate, W AoAimiinues Forget Gate,
B, fiofn Bias ¥e4 Forget Gate, wag {h,_q, x,} AoAnangnsainount wagaAdayatng
187 t MUY

d1u7 a0 Input Gate 1T ud unoud Aarsandoyalud i azidulily
mirwaus e Cell State (Update) Tnedumeutiasiley 2 dunoudes duneudesiinis
ﬁamiﬁmuwﬂ’ayjaﬁ'% update 718 Sigmoid Function tagldayaundn h,_y Uaz x,
(@unIs7 2-17) seunieyaiiidn hy_y WAz x, 1WUW Tanh Function Lﬁaﬂ%’umsﬁaaﬂaiﬁ
oglura [-1, 1] (aunsil 2-18) Tutumeudesfiaesazifiunts update Toyalumiigaud

feaunsi (2-19)

i; = Sigmoid(W; X [ht_1,x:] + B;) (2-17)
C't = Tanh(We X [hi—1,x:]) + Bc (2-18)
Ce = (ft X Ce—1) + iy X C'p) (2-19)

Tnedi i, AoArdmsuinuanis Update Cell State, C, ABANUBIT YA
Unndwiu Update Cell State, €, AiaAmadnsyasn1s Update Toyaves Input Gate, Wae
{W,, W,, B;, B,} Aerimiinuazen Bias vos Input Gate AIUEIRAU

daufiau Output Gate Liud unaugavinefieRarsuindeyaiogly
midgAI1udn Cell State FzdiaSnasovayanennsal h, ¥3e y, n3ald lngazaA1uI0a1N

Ty tUndIBAMUTINNIUNITNTOINE Tanh Function Liteleagluya [-1, 1] aauriuen

VDY hyoq BT X4 IS Activated ¢ Sigmoid Function FaaunIsi (2-20) way (2-21)

o = Sigmoid (W, [hi_1, x¢] + By) (2-20)

ht = Ot X Tanh(Ct) (2-21)
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lnefl o, ApAINANTUNBNSHATRITRLAlUMIEAINTT dnadan1snensal
nioli, h, Aowany1nsal, uaz {W,,B,} AoA1uwniinuaza Bias U89 Output Gate
AUAIAU

1 =] q‘ % 1 % @ v a

wanNlAssUsEamiiey LSTM inasigiuauiilanailuuas Adading
Y1 lAsIU8UsEaIMT oY Gated Recurrent Unit (GRU) M111tAsesv8Ussa@ ey LSTM
WnsgulyUTulTelagn1339u Forget Gate U Input Gate W al¥in1s Update Yoyalu
$#1128A21037 Cell State NSLVLNEITUABULA &2 YINTHARAINUT UL DUVDILUUINADILAY

syozalunsuszanana (Chung, Gulcehre, Cho & Bengio, 2014)

2.4  Metaheuristic Algorithms

'
a0

Tuga9 10 U Misunn ladinswauuagiiaus Metaheuristic Algorithms 9112wl
Howni1 500 dane3viu (Rajwar, Deep, & Das, 2023) dusulduntynisusiu Optimization
Fa@1u1509mun Metaheuristic Algorithm pontdu 2 PAUSUY Ao EULLUUﬁI%ﬁQ Single-
solution based Metaheuristic ke U LUUT @09 Population based Metaheuristic La ¢
Single-solution based Metaheuristic aziun1svIwsaUsulse Solution dusurmauves
Payvuu Local Optimum $3a¢ 4 Solution fiktueuuazusiugn uiunsnsdlonaaziniaym
304 Local Optimum Trap @31 Population based Metaheuristic Wunismmseusuuss
Solution d@1usuAInaUveUyn1lunane Solution Wieunu (Parallel Process) t38n31
Global Optimum #s3atatnenidamuas Local Optimurn Trap 8901359 Solution Wud
Single-solution based Metaheuristic & Solution @15 UfIAaUveId gynI7t baann
Population based Metaheuristic 8133% 119 Solution ﬁaﬁqm waglyinarunulunisaum
Solution samdisle Computing Power ﬁqaﬁwrﬁuﬁu gﬂ‘ﬁ' 2.17 uansusztan Metaheuristic
Algorithms filenaaludnadiu andoyaldsadfinuinnuidudaulngazld Metaheuristic
Algorithms wuUU Population Based Metaheuristic Algorithms Tunisuddawn Tnedilasu
ANulleugagaAe 6ana3al Particle Swarm Optimization: PSO ag Genetic Algorithm:
GA

2.4.1 Genetic Algorithm: GA

Genetic Algorithm 38 sz1TouiBiBatugnssu udanesfiufigninelu
nauves Population Based Metaheuristic Algorithm wuu Evolutionary Algorithm wnieue

1ng John Holland Tud A.#. 1975 (Holland, 1975) @3 GA dnszuiuni1smiAtnouvealeym

a

AIURENNISANTRITLEUDE T30 nanfe STl wswintdurraunsasysonuay
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3 1w 6 o 1 [ & [ [ d’j
Asasiugaely Inenszuiun1snuredes GA aunsawuseanidy 3 Tunaunean Al
Juneuusn Wudunouvesnisimuauszrinstufide Solution Mvililamneuvestlyn
Junaufiaas iudunourwine Fitness vaausaz Solution e Solution Nazvirliila
° A I v . Aaa v P ]

mnavvealamaian winluuneull 1a Solution NANFAAINANABINITHED AdenEn
N3rUIUN1IUTes GA dldldfazyindunsuiianude n1svinszuIun1snIesiugnIsuy 39
Junszuiunisddaues GA fieg 3 nssurunisges liun nszuiunisdmdan (Selection)
NIEUIUNITHANTUS (Crossover) kagNIEUIUNNTNAILWUS (Mutation) FaM9a1unTEUIUNTT
gogilagtieuTulse Solution Tild Solution AlviAmeuvetUaymABsTy doaintulzdndy
Tdumouniaes uarasyhnuduissevsundnizilulumudeulwainisduganisinaui

AUA LALLEAINTZUIUNITYINGIUYDS GA Iugﬂﬁ 2.18

Metaheuristics
Y Y
Single-solution based Population based
Metaheuristics Metaheuristics
y y
Evolutionary Swarm-Intelligence
Algorithms Algorithms

gﬂﬁ 2.17 Usenwee Metaheuristic Algorithm (Katoch, Chauhan, & Kumar, 2021)

o A ~ ad a @ < a
nsruINNIAndenYasssliowlsiiaiugnssy WWunssuiunisideu
U593 38nqu Solution MnFuildsulnd Ingndnnisazidendssuinsndaunin
nandndenilafe Laen Solution 7 biAmeuveslymafian laeUseiiunu Fitness
Function d1w3useideuTBiganugnssuasiinssuiumMsAnaanmaels wiionlasuaudey
wardUsgAnsnmigaisnilae I5AnLARNLUY Roulette Wheel Selection 4n53UIUNNT
ARLABDNLUU Roulette Wheel Selection 2¢@9nAa9NNUNENNISARLADNNINEISUTIR AD 9

Y] Y] | I3 N = . ° | & A
afenaNYRIANNUNALUlUNSIERNUSEYINT Y30 Solution lpeAvruaAINNUNELTURY

= Y o A . < A a a
gnidenliiulse¥Ing w3e Solution MUANMULTILTIVRIUTEYINT USoUSEANS ANV



29

Solution N@11A® ﬁwiwmiﬁﬁmmwﬁ’ﬂmemﬁ%ﬁiamagmﬁaﬂqq ASINUY U
Usznnsiianuudawssdesfvziiloniagnidensn aunis (2-22) uaniauiiasiduvesnis
HonUsEINTHIUNTLUIUNNTARLEBAKU Roulette Wheel Selection Uaggui 2.19 uangy

WiguLAeandas Roulette TuASN1sARLARNLUU Roulette Wheel Selection

Pi = TJ,C—;: (2-22)

Ine?l p; Ao ArudnezdunisgnAndenvesusyyinsvse Solution i lny
N i AAdals 1 D9UIUUTEIINTYRINLA @ f; A9 AN Fitness U93UseInsHIe Solution i

TAeN § AAFILE 1 D991LIUUTEINNTNINUA way TF Asnasiuveda Fitness U99UsENs

Generate Initial Solution
(Population)

139 Solution 119¥UA

Calculate Fitness

Criteria
met ?

no

\
1
1
1
1
|
1
|
1
1
|
|
1
|

/

Select the best i
population to X
the next generation X

=

= X
S Crossover

< .
S v i

! Mutation

U7 2.18 hanINTLUIUNITINIU GA

€aNl
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nszuaunsHaunug 1unszuaunisdmivasisUssainssulugd vie
. | o A A I3 | a 1 %

Solution vyl 9 a1nn1sAmdenUszansfidaruudusslugwduliidu Parents dae
nszvIuNMsAnLden ntulig Parents anandunszusunisnauiugiandulssvinsgu
vl 158071 Offspring dmsunssuIun AU vesseliouiadanugnssuneuld lawn
Single Point Crossover, Double Point Crossover wag Uniform Crossover Iagfinsguiunig
NaNugUUU Single uaz Double Point Crossover agUsuaniivguIugainuulszs Ny
A Parents dwsunisuauiuglviiin Offspring lne? Single Wag Double Point Crossover ag
o 0 d‘ (Y o w U 1 (% 14 .
HF1IUAAAN 1 war 2 IAANINAIRY LansgUitegeandalagn13asIe Offspring ves
Single & Double Point Crossover vaatlaymiduiuu Binary Digit Tuguil 2.20 waz 2.21
Aud1RU @ Uniform Crossover asiuniswauiugsswineg Parents Liveliin Offspring
wuugy nande WWunisyudeniasluleuvesvesy Parents unasiniu Offspring dauuinas

Tdmatiansgudenwuuleumsegy (Tossing of a Coin)

-~ smallest fitness values

-

Selection
Point

-
-

largest fitness values

SUN 2.19 uanansAnianvessidsuTBiBeiugnssuiuy Roulette Wheel Selection
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Single-point Crossover

Parent, = (0, 1, 0, OI, 1,1,0,1) Offspring, = (0, 1,0, 0, 0, 0, 1, 0)

| Swap ||-

1
Parent, = (1,1,1,0,0,0, 1,0) Offspring, = (1,1,1,0,1,1,0,1)

E‘Uﬁ 2.20 ﬂizmumimamﬁuﬁ:uw Single-point Crossover U89 GA

Double-point Crossover

Parent, = (0,I 1,0,0,1,1,0,1) | Offspring, = (0, 1,1,0,0, 1,0, 1)

= (B ==
L]

I Swap e I 3
I
Parent,=(1,1,1,0, 0,0, 1, 0) Offspring, = (1, 1,0, 0, 1,0, 1, 0)

g‘ﬂﬁ 221 ﬂizmumiwamﬁuﬁ:mu Double-point Crossover U89 GA

Offspring Mutation

Offspring = (0,1, 0,0,1,1,0, 1)

Mutation ‘
Bit Flip

New Offspring =(0,1,0,0,1,0,0, 1)

JUT 2.22 N2UIUNSNATERUTVRY GA



32

[ 2 1< =% a a dy al J
nsgviun1snatenug iunssuiunimmiaiiiadulusssurflunisaiss
| o e A Ada < = a v Y ~ ad a o
Mg UeIdETIn Feazdloniaintosunn nszvaunmsnateiuglusslsuiBilaiugnssy
auidunisdsu Offspring Tiuansinsluann Parents Tnensgu Flip Taslulauves Offspring
WEAIRagUT 2.22
2.4.2 Particle Swarm Optimization: PSO

dane3fiulungu Swarm Intelligent L udana3fiudilasuussdunialaain
NOANTIUVRIFRINTaLUaIlUN1TMIUYEI0IMNT Badanasuniasuaulliealungy Swarm
Intelligent lauA Particle Swarm Optimization: PSO, Ant Colony Optimization: ACO, Salp
Swarm Algorithm: SSA, Grey Wolf Optimization: GWO 1Jusiu wagludrsnilanaissenanu
w1 ndeyanisadanuin PSO Wudane3fiunilasuaiuilungsan (Rajwar, Deep, & Das,
2023)

PSO 18 Search Algorithm #1ldd1w5um Solution ARTigaialildAmeay
v83Ugynn1 N9UUU Single Objective Uag Multi Objective Fsgniitiauslu U a.a. 1995 lag
Kennedy tag Eberhart (1995) #ann13¥191ua09 PSO laluianudnuiainwginssulunis

1 & a Ao ¢ 3 1 (5] [~ ~
WILNAI9INNTVDIUNUTBR UM ITNYIA Immamumzagmmmﬂugl}a LATLUBLIAN
wnatesnzeenmiuduguduiu lnengAnssunsmuratomnsaziidnvae fel fe
v ¢ [ o A I < 1 Aaa o [ Y a |
dolusagdifoglugaiveniasnuunase1msnangadmsuaies L3end7 Personal Best
38 Particle Best uazdniwaniifiazinisuanasudoyaszniniuluguiielilddeyaves
UGN TNATEAEMS U F9a2138n31 Global Best %38 Social Best aniudnviasan

a Ql' v o | ] A aa | a a W | &
gNYoLAR BUT UGNV ILNE 10117 AN AANIUENTNAVBIADIAIAINA1IAD
Personal Best Way Global Best iua1iu wansaun1snsiafisunivaslsdnilunismumas
215 F1a (2-23) way (2-24) Faduann1sveInsmANLS A auLazN1SURsuswmlly

é’ﬂLméammiﬁmeﬁmi AUAIAU

Vierr = W Xv5) + [C1 X1 X (Pbesti,t — xl-,t)]
+[c2 X 1y X (Gbestt - xl-,t)] (2-23)

Xit+1 = Xit+1 T Vigta (2-24)

o I

Tnedl v; AoAduLSAd aufives Particle i, x; AoMIWMLIUD Particle i,

Pbest; uay Gbest Aa iumianfafgaued Particle i LagdumiNANanvaviaga auasy
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1 d‘ o U U g L% = 1 1 1 o U U
, {w, ¢, ¢} AmpsndsuaUInUn, uay {r, rp} ABAENTENING [0, 1] @mTulIuseYs

=~ N .
N1ILAABUNYDY Particle

Generate Initial Solution
(Position of Particle)

Calculate Fitness

Criteria
met ?

no
./ - -~ . \-
| Find Pbest & Gbest !
I Z I
: _g \ |
i g Calculate Velocity !
= 1
- O Y :
'O :
1 £ Update Position using :
! Velocity !
\ !

JUN 2.23 UaRINIEUIUNSYINUN PSO

N3EUIUNTTVINAUVRY PSO Uanesieguin 2.24 lnguiatumaunisvinaruman 3
Jupeu feil Tumouusniiunisduasng Particle wagsunuauduves Particle 9nuudsly
L% g:’/ d‘ d‘ o ! . 1 . 5 dy ¥ . Qlldd‘
farunauNdoioAINAT Fitness Y0dusay Particle vnlutuneowuil 1o Solution NANIgA

b vy & ° Y v v o & a &
ANUAUABINTTLAT NISUYANTTUIUNITNINIUVDI PSO olilenagyinduneufianude n1s
YSUALNU LAz ANULS AR 0UN VDY Particle Swarm A1uaun1sh (2-23) wag (2-24) way
a ° | . ' a a < a A a

LARINISLUAEURILNLIUDY Particle WUBNSNWaVes Pbest;, Ghest, LagA1NuLSAARDUNLAL

284 Particle ﬁﬂgﬂﬁ' 2.23
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Influence of the swarm

v/ . ,‘ P
Vri 1/
\\ + /
N\ /
N / Influence of the
\ / particle memory
N / - )
AN 7 VI
i‘ 1 p
, Influence of the
X current velocity

SUT 2.24 uansnsindeudives Particle ¥8 PSO (Wang, Tan, & Liu, 2017)

v = =

2.5 11959 UIZaN NN

LUUTIa0IN1sTeusvatAIadlunguueIn1situswas nenTaldaya n1UTeIy
Uszansn I adunisinaunalnea auvuadnsaIna1Nwyiase (Frror) nsaedesiuy

U 6 1 | d‘ Y a . . o d‘ [ dll
YBINAANTADANNLINAII (Deviation) ANENNITY (2-25) LaghandN1TINAIMUARIALAADUYDY
wuudaesagludnuaraunsdunslanegun 2.25 lnefininsinussansamildazdu
wnsTansadanugiu Adeulann AnaneveInUAaInAGaUNIEIaae (Mean Square
Error: MSE) WaA<@9aunIsh (2-26) wag AINA19Y89ANARIALAR auFUY Sl (Mean

Absolute Error: MAE) WaRassaunisd (2-27)

Error = Actual Value — Predicted Value (2-25)
MSE = =37, (= x';)? (2-26)
MAE = % ?=1 |Xi — x’l-| (2-27)

1nedl x; Ao AIWYIaSSluaau? i uag x'; Ae Awesnsiungluaauil i @1 MSE
Wa¥ MAE NMY9LAS 89UN8UDIAIAINNAATIALAR BULAE MSE Tdn1dsaaslinua a1y

al | Y Yo ~ i ~ & v
ARRNLAR DY @31 MAE Iaamyiaﬂwmmmmﬂmmmaau LWi’wmﬂmma’mmaaumma;ﬂa

FAUAVLUUINADS 390a 111508 AT0IMUNELIAILIAULS $15199 2.3 LARIAI9819AIAIL
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AANALAR DUTDINAGNEIINNSUIYRBATILT 39909 MSE 1iiauiu MAE Ssdafvasnisld
WnsTAUITANS AN MSE 29zl LanInareInINuAaInLAd ouas 19T AL uLAE FELATT
annsaUszgndldauldazaanndt MAE Wedesiauiuaeuimes diudefives MAE Ae
LEAIAIANAAIALAA DUTI WTTa5 drunnazdenldlunissnsdanieadn dusuninsia
Uizﬁm%mwmmmmm?{auﬁﬁﬂﬂﬁmﬂizﬁm%mwLL‘UUfSwaaqmiL‘%Uuﬁﬁuauﬂ%a loun 510
figoswoiAinaiinuaaIned ufdsaes (Root Mean Square Error: RMSE) kae AInand

voulesidudanunanndauduysal (Mean Absolute Percentage Error: MAPE)

JUN 2.25 LARIANUARIALATOUYBIHAT HENEINTAIH WAL SLAUATS

A9 2.3 LAAIAIDEIIAIAINNARINLAZDYE MSE hay MAE

No. Actual Predicted Error Error? |Error|

1 10 15 -5 25 5

2 5 4 1 1 1

3 25 22 3 9 3

4 13 14 -1 1 1

5 10 12 2 4 2
44 12

33U

MSE =88 MAE =24
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2.5.1  WINSINAUAAIALAADUE RMSE
1719579ANAAIALARDU RMSE 1TUN151101 MSE 11annauaInainlAaoy

dA1uAuaINNISIaNSI@D9 IneunsnNaeuld MSE Lanansauns (2-28)

RMSE = \/%Z?ﬂ(xi — x'i)z (2-28)

1ne? x; Ao AIWNRSSlUARUN | tag x'; Ao Aresn1syiugluaaud i
2.5.2  wnsinAuAaIALAdaY MAPE
wmsinauAatmadean MAPE tdun1suie MAE uusuailieylugy
o e sk & A o8 v P | ] o
HasnsveNUoITUA Wevilrasmnuazitiladiglunisenuna Inglansnanns (2-29)

1 n |xi—x’l

MAPE = (*32, [2=1]) x 100 (2-29)
n Xi
1e? x; A9 ATIWNASIUAINUN | Laz x'; A9 Arvesn1sviwneluaaui i

2.6  9UILNNYITD9

Tuaae 10 IAe1untymia1ud winaoutdud e g aunlanansliauaula

Y

Tnglanzegredslymuaiivnisoinia Fadulgwindrdgannnsznsenunsuidsesng

wardenulaening nandndeniine JYudamiiinanssundensiaunveadiowasiina
TnenssoguanuesUsyrsu Kaujudsdnasaiddeisiaueiesfiodmiuldnensalan
NN INIAAINLN L‘ﬁa‘l%lﬁu%’auﬂaﬁluﬂ’ﬁu%mﬁmmmazuﬁfqLaauﬁiaﬂimwuﬁlé’%’u
NANIZNUDE VUG

Huang and Kuo (2018) sgua u PM2.5 1l ullaymifi inansznusessuuniaifu
mela uardahluglandu q wu lsavevdin lspusdsuen uaslsaiale Wudu fedudald
Yauewuuiisenin APNet Fudunuudiassiinauidienszuaunis Deep Learning lu
9113 5e1 1819 8anes iy Convolutional Neural Network: CNN u@® Long Short-Term
Memory: LSTM via1usaufiulunisasiawuuinaesdmsunensaliu PM2.5 aamt 1 9.
wazAnwguUSsuouUTzans A uud1aos APNet AULUUII889 Support Vector
Machine: SVM, Random Forest: RF, Decision Tree: DT, Multi-Layer Perceptron: MLP,

CNN, and LSTM 9133eillddayarlu PM2.5 vauilasinie Useimadu lnsidonlddoyanus
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T 2010 fi¢ 2014 wafildannisideuanddiifiuinuuusians CNN-LSTM (APNet) @131150
wensadu PM2.5 damih 1 vu. IeefigauloiSeuiiisuduuuudiass Baseline uuudias
APNet 19iA1 MAE, RMSE, Pearson Correlation Coefficient: R, g Index of Agreement: 1A
71 14.63, 24.22, 0.95 uay 0.97 AWIAIRY

N1TEves Qi, Wang, Song, Hu, Li, and Zhane (2018) Iéiiiausuuusiaasiisenin
the Deep Air Learning: DAL %x‘iLf]uLLUUﬁ?’la@ﬂUuﬁug’m%@Qm’iﬁﬂuiﬁﬁgﬂ Ingldganasiy
Autoencoder wuuF1a8d DAL 1 uuuugiassdi farnuainisalunisvi interpolation,
Prediction a Feature Analysis fufagananmennia sidedldldnszuiuns semi-

Supervised Learning 738 Neural Network 8ana37iy Ll 8v11n11511 Feature Y847 0ya

=

AMAMNDINIATI AU pulEIkUY Spatiotemporal Yadeyadmiunuideilalidaya

a

AN e NeLardeyagnduaingnsaniu Jadudeyavouilestinis Uszimadu annnans
Uszliluuaznaaauussansainuuudnags DAL wuindussaniamsenisnensalaanin
9INAANNTIIUUUNT A aE I IaIR NI UL 1AL US suTiBUS Y 9 WU Logistic
Regression: LR, Neural Network, Autoencoder, ARIMA ez RNN Wudu

Mao and Lee (2019) WlauauwaeWuILUUTIAIE T UNEINTHY PM2.5 839uih
1 Ju siaedaneiiiu Convolutional Neural Network: CNN tws1z6 338 lvaduiiugn CNN
a1u130ann Sequential Features T0sdoyasunsuaailad tnewdenl 24 Lag Time 1du
foyatinin Toyafiliidudoyanunnernaazieyagnieninerseiu S 77 annilia
Ya3UsEnAlAn Tl 91NNANT53ILUUUTIA0Y CNN @1usaneInsally PM2.5 a3anin 1 3u
Tnafinimnunataadsu (RMSE) 71 7.25 me/m? wazi IdedaliinlnuLiug Convolution
Layer ¥84 CNN §lUsz@nsamiialunisadn Sequential Features YDIYBYABUNTULIAN

Joharestani, Cao, Ni, Bashir, and Talebiesfandarani (2019) lavinn15@nw1fwUs
oINSl 7 dFeyd 31 UK U Random Forest: RF wa g Extreme Gradient Boosting:
XGBoost MntuhiuUsnensaifldluasuuuiresdmiune nsaliu PM2.5 #e Deep
Neural Network Tnglédeyananmenniadeyanaiiivunazdeyausuiivoavniies Tehran
Uspinadusny dmsunisdidunuiss fanuidedidunstanwaznaaeudssdnsain
wuudiaesitldinaue nansidonuiuuudiassivszansameonisweinsalu PM2.5
daquﬁﬁﬁqmmummi’m R? I1AU 0.81, MAE WInAU 9.93 pg/m?, and RMSE iy 13.58
ne/m> laeldoana3yiu XGboost Tun15vn Feature Selection Wagkan15338gINU8 NI
Gi’J’E]ﬂqua"\]’]ﬂfﬂ’]’JLﬁﬂmlﬂﬁﬂNﬁﬁ@ﬂi%ﬁ%%ﬂ’]‘i/\l‘ﬂ@ﬁLLUUﬁiWa@Qﬁ’I%%UQ’luci{]JEJﬁ Li, Xie, Ren, Guo,

Yang, and Xu (2020) laWauuuinaesdmsungInsallu PM2.5 839ni #1un15vinenu
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T UIENI1MUVUTI889 CNN Uae Attention-based Network LSTM: AC-LSTM Ingludqu
Y9ILUUTIADY CNN 2y nii7i Feature Extraction Ll oarn Feature TugUuuuves
Spatiotemporal 9Mntuldidrures AC-LSTM nennsainasiely Tnsnuidedlldgndeyardy
PM2.5 Inaniitinniaiiu 9 andlsusuyadoyagaiieniner Sududeyaveudios Taiyuan
Uszinedu wan1sidenuiuvuiassfitiauslviussdnsnmsenisnensaliu PM2.5
ﬁqmﬁam%mﬁﬂuﬁuLL‘UURTW@EN Baseline 11 Support Vector Regression: SVR, Random
Forest Regression: RFR, @y Multi-Layer Perceptron: MLP L0 us'u Taglwa a2y
AmALATDU MAE Lay RMSE ﬁwﬁqm 7l 8.98 uay 14.83 Auddu

Srijiranon and Eiamkanitchat (2018) usideildlddoyavesussimnelne fadu

¥ ¥ a

a = Y A Y e &
VDUAAUNTINDINTA LLASVDUARDFUYUINYININAIALAUD I@EJI@La@ﬂisﬁ(ﬂﬁ]LL‘LJiW’EJ’]ﬂimVlL‘UUﬁWi

v 9 U 99

a a

uafiwiie 5 %in wazdeyagndeuingl 6 ALUs sifeilfhiaueuuudandlasetie
Collective Neural Networks System @%sumuItNaneInNgal Lagyinnisanuunnanensel
Ju 91n1Af Yaunans uaze1nieide diue Max Function Tneraniswennsailu PM10 T
Usgansnmvesanugndeslunsnennsaliviniu 92.51% deiniuuudiassdiiu Baseline
0.18%

Wongsathan (2018) léfimsadeiilefinuidieuiiisuyssansnmuuudasseynsy
anauTitiaue Neural Network-ARIMA fUKUUSIa89 ANFIS wazwuus1andfieddu 1
Inglalddayanmunmeiniavesdmingednl Usenalne Wugadeyalunisdiiuanuide
NnHaMTITenUIMUUTaeseynsuna i LaueiUsEAvEamAniuuuaenUsuiiioy
9

U809 Amnuaylojaroen (2022) lata@auwu U189 Multivariate Linear

Regression @ m$ungnsalelu PM2.5 luiuil aamilevesuseinalue lagidonlddoya

1% " v '
ol ) v Y IS

AUAMEINIAIINAAIIANIANUNATeN JawnTadudual Jamina1une wasiminui viuds

Y
galalddoyanniiiieduasdeyaan luuing13uaIe HaaNATITenuILuuInaesntlaue
TiUszangnmiaisvensuseliuanmng 3 @il Hiuuinsinarduussansauediu R?
LAZAIAUARIALATEY RMSE iU 0.50 kag 56.21 mua1sy
115U HUINAUDLUUTIA0IBYNTUIAHANTENI LU UTIABIDUNTULIA LT
¥ o [ v = & o I <
WuwazkuuInaeseunsunabiledy Jaduiuuitaesseunsunarsuwuulnilaodunis

MUTNAUVBIUUUTIADIBYNTUIANTUEY ARIMA wazluuTtansaynsuailiidaduy

a

ANFIS ngldyndoyadu PM2.5 vesiminssees Useindlny uanwmnsiadSeuiisunuide

WEIVDY PIANSIN 2.4



a ~ = Ao A o Y o ¢ A
AT NN 2.4 ?I‘Q‘UL‘U‘JEJULVIEJUGW%]EJ‘V]LﬂEJTU’eNﬂ“LJmiWEJ’m‘JmSJaWHVI’Nmmﬁ

. NMARefiieates
N3ZUIUNITNINU

n % A9 X a %
yadayaimiwnldlunuise
TOYAAUNNDINA X X X X X X X X
Joyageiluuine X X X X X
Jayaniiiey (AOD) X X
Toyauszmealng X X X
wallauazdana3fiuiildluauise
Multivariate X X X X X X X X
Statistics Model X
Machine Learning X X
Deep Learning X X X X
Hybrid Model X X
anwazn1snensaluazitinung
Single Step X X X X X X X
Multiple Step X
PM X X X X X X
AQI X
TUTLEIAYDINUATY
Userlludseansnin X X X X X X X
LEUOLUIARTM X X X X
Uszendldiutoyaass X X X X _X.ooX X

U MAdeiAnTesUsznaUMY
N LNUUIIBYeY C. Huang and P. Kuo (2018)
Y LNUUITEVRS Z. Qi, et al (2018)
A LNUIIUILUDY Y. Mao and S. Lee (2019)
3 BNUMUIFLYY M. Z. Joharestani, et al (2019)
2 ULNUNUIIBYDY S. Li, et al (2020)

2 U389 K. Srijiranon and N. Eiamkanitchat (2018)



% INU9UIBUDY R. Wongsathan (2018)
% LNUIIUIIBUY T. Amnuaylojaroen (2022)
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A NUUIUIVY

a o

&
JTUIYU

nUsrasdiaziamLazU v ssuuudiaeadmiunensaliu PM2.5
aanith Tngldnszuiumsfouivennias lnsnaustasimuinuudiasseynsunains
sgrianuuasseynsnandudutazuuuitasseynsunaliiduduieliiuseansam
AansANNFuRusS LU adukas il sduvesaetayasunsuan uanandiauens
USUUTHUUTIA890UNTUIANAUNIUNTEUIUNIT Hyperparameters Tuning 613801591
Optimization Techniques l¢ilin Genetic Algorithm: GA wag Particle Swarm Optimization:
PSO gavhesuiunsUssidiulaziuioudioulszavsnnuuuiasseynsunatiitiauei
wuusiasteunsuanAeadu 9 1iuA wuudiasseynsuandadu Auto Regressive
Integrated Moving Average: ARIMA, kuudnaesaynsualiidadulunguussiuudiaes
1A59918 Artificial Neural Network: ANN, Long Short Term Memory: LSTM Wag Adaptive
Neuro-Fuzzy Inference System: ANFIS

nszuaunssdunuAfoutadu 3 funeundn Faguil 3.1 Fudunsouuunfnyes
N33y A9 1) %umaumim‘%swﬁmﬁa%’ﬂ (Data Preparation) 2) FupoumsRILLUUSa0s
(Modeling #58 Model Training) $3184n15USUUTIMUUTI@8S (Model Tuning) Wazanying
Futumeunsussiliunesiuiuiisulssansnmuuusiass (Model Evaluating %130 Model

Testing)

a o
3.1 N3ITUIUNITIY
7 =] v a v
3.1.1  Yumunsiateudayaide
TudunauilazilunsideyafvuUszinanaieliliyadeyasynsuian
wingaudem sl adelutunsunsimuiwuudiass ddutunsunsnisuteyaisy
1 a o W ~ A a v . A o
1 agiinszuiunsdfynszuIunmil Ae nsiindeya (Data Imputation) liedan sy
v a L. ° % 9 Ao ¢ a
vostayanv1nmely (Missing Values) vinlilagadayasunsuianifianuauysaliiniign
mAdeiilaidenldmaiianisiiuteyawuy Temporal and Spatial Average
Value: TSA ann1sAe 01983ar1A%a9 1 ¥3anian (1 u) aziiudeyalaeadevesdoya

owunt 3 939381 (Temporal Average Value) iain1s (3-1) wagndoyavndfus 2
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Hanaull wdudeyalagAaisnnaniiinnunmeinimdu « (Spatial Average Value)

Meglununaulaufeiu dsaunis (3-2)

Data Preparation

Collect and Select Data

Preprocess Data

(TSA)

Split Data into
Train set and Test set

Modeling

A

Proposed model

(ARIMA_ANFIS)|

*Hyperparameter Tuning

Comparative Models
(ARIMA, ANN, LSTM, ANFIS)

Evaluation

==

Rolling Window

Forecasting

Assessment Metrics
(MAE, RMSE, R?)

JUT 3.1 uananseuluIAnnsaiunuIde
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_1yda
Ytemporal =  Li=1Yt-i (3-1)
_1gs
Yspatial = ;Zj=1 Yj (3-2)

W87 Veemporal %8¢ Vspatiar ADVBLAHU PM2.5 Nigniitee3s Temporal
Average Value Way Spatial Average Value muawu du y,_; Aedayaru PM2.5 dounea

M3 Lag Time 91 i Uay y; Aetoyaru PM2.5 iannilinnuninenaaiuil j
yY: = (linear; + nonlinear;) + Noise; (3-3)

Tnedl y, o TOYADUNTUNIAT fivan ¢, linear, PGV R T ARG
oynTUIAN MIan ¢, nonlinear, mnuduiusliidaduresioyaoynsuia el ¢, uas
Noise, \(ufguvestoyaoynsaia Anan t (White Noise)

312 fumaUMIWAIILUUSIAY

Gﬁ’juGIEJUﬂ’liWGMu’]LLUU"\haENﬁJ"\]%LﬂUﬂWiWGMUWLLUUﬁ’]@ENE]HﬂiiJL?@’]ﬁ’m%JU
wennsaliu PM2.5 damth knunssuaunisfeuivonnios lnssnwiddeiviaueuuusiaes
BUNTUIANANTENINUUTIABIDUNTUIA T ARIMA Fadunvuiaeamnaadn vy
ffuuvuiasseynsuaabiiBudu ANFS Fudunvudiasdaseinods Fuzy My
ana3NUNAUTENI19 Neural Network: NN AU Fuzzy Inference System: FIS IaaLsun
WUUTIRBDIDUNTUNANENI Auto Regressive Integrated Moving Average Adaptive Neuro-
Fuzzy Inference System: ARIMA-ANFIS sz‘?"QLLUUf\]"Waaqaqﬂimnawam ARIMA-ANFIS i
diaueariinmuasnsamanuduiudidadulagliifaduresaedeyasynsuiiands
A0AARBINUBIAYIENBULTIANUALNUSYDIAERUNITUIAT (Zhang, 2003) kandfsaunIs (3-
3) o liuuudaeseynsuiamanitaueiusz@nSamifdenisnensaldu PM2.5
GPNYivg

NTEUIUNSEREMTUNRILILUUIIRDIBUNTHIAWEAN ARIMA-ANFIS 1189310
Ieyadoyaeynsuaniiu PM2.5 fiunszuiunsiamdsuyateyauds ssthyadeyaious
T EAiiem A e p, d, WAz q Fadumsfimesndniigesnunnounis
A v mesuUIaeIeyn e dudy ARIMA ndsaniuairsuudiasseynsy
LANTUFU ARIMA auaIn1s1dLees p, d, Lag g ﬁﬁmumw%’amﬁ’uwmmﬁﬁc@u PM2.5

1 ¥ 5 <) v o I a ¥ ¥ ¥
A NUAUN ﬁ]qﬂuuL‘LJ‘L!ﬂi%‘U'J‘L!ﬂ’]iWWUWLLU‘Uf\]Wﬁ@\‘i@HﬂiiJL’Jﬁ’]vLﬂJLGU\‘]Lﬁu ANFIS IG’IEJGLGU“QWEJEJH@
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SeuTAURANITNEINTAINY PM2.5 ¥83uuUTI1a090unsuIandady ARIMA lagnannis
MU IWAUTENIUUUTIADIDYNTUIAWTAAUY ARIMA AuwuuTIaat0ynIuLIa gy

ANFIS LLamﬁagUﬁ 3.2

R RN N
, .
h (1 /' Time Series Hybrid Model
i ~ |
: MODEL it :
Time series ' (\ 2 /' !
—4—0O—>» ARIMA i !
data ! residual MODEL !
| |
: ANFIS L V(t+])
1 ]
\ ‘/.

JUT 3.2 Uanedunoun S UIBHuUTIaR0UNTUIAINEL ARIMA-ANFIS

A1 UNSUTUUTIUUUTIRBI0U NTULIA WAL FLYIHIUNTEUIUAIT
Hyperparameter Tuning Ineld Optimization Techniques 5’mqﬂi$aﬂﬁ%qmiﬁﬂwﬁgumu
doil 1) ADINTUTUUTIUTEAVBANIUUTI0IUNTUNIANEN ARIMA-ANFIS Tritiusednsam
geand msuneInsalu PM2.5 a3t 2) iiatlostutlaymn Local Optimum Trap fisinae
Andunguueauuitasdlasay el Gradient Descent: GD dmiuiFousyndoyaniu
N35¥UIUNTT Backpropagation 41474y 7880 Optimization Techniques Tuna uva4
Metaheuristic Population-based Algorithms lakn GA way PSO E‘U'ﬁ' 3.3 WARITUADUNTS
WAUMUUT1RD90UNTUANEN ARIMA-ANFIS karn15UTuUssusednsamuuuinaesniy
Optimization Techniques

3.1.3  vadeuUsEanSnwLUuIIaeY

Tudunouiidut uneuaniievein1sive 1l el aznaaeuuazdszifiy

UsgdnSanuuudnasaunsuiainay ARIMA-ANFIS sion1snensaley PM2.5 899

va

fidelfdonyhmsUssdu wasSoudisulsyaviamuuudiasseynsuiainea Ao
funuuiiaeseynsuanie liun wudiasseynsunandadu ARIMA, Luudiasseynsy
naliadn ANN, wuudiasteynsunanbiidedu LSTM, waziuudnandaunsuiialliias
L& ANFIS HusnnsiaUsEans Ananuaaiaad oy Mean Absolute Error: MAE, Mean

Absolute Percentage Error: MAPE, Root Mean Square Error: RMSE, Percentage Root
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Mean Square Error: %RMSE wazandulszdnsnisdndula Coefficient of Determination:

R? LAAIFIANSIN 3.1

Collect Data

:

Select Data

I

Data
Imputation

I

Time Series
Dataset

Data Preparation

_________________________________________________

___________________________________________

Optimizing

Test Data Train Data
....... ; pdq) : W
...................... L ANFIS
Fuzzification :
ey _ N y
Production ., - Calculate the
/N A .| objective
Normalization function
..................... for each
...................... Solution
Defuzzification
Combining ]
..................... Hit
....................... Iteration
/Criteria
Performance ARIMA-ANFIS
Evaluation Model
A 4
End

Optimization
(GA, PSO)

Testing

U1 3.3 LanadunaunsHUILUUIa00UnNIUNANEN ARIMA-ANFIS
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M3 3.1 wesinuszdnSamuuudiaeseunsum

Matric Equation Note
e N -
n i1 i i
n
MAPE 100 | P — J’i|
n .
e~ )i

'
¥ a I

y; AOADNATTI NS §

Y

RMSE 1
_Z (y; — 91)? Vi fofnensed A i

n =1 —_ a o a
y ﬁ@ﬁ%@aﬂm@ﬂﬂ@yjaﬁ]iq
PRMSE 190 rmsE
y
2 n a N2
R | 2= =)
i —¥)?

e

guﬁ 3.4 uanIn1sNeINsalwuu Rolling Window (Chen & Chiu, 2021)

nsUssiiuuasnaaeulsEAnE ANYDILUUTIAB LA T AT
oynsunAmaNfitaueuazeynsuaNAIE M uIUTsuisuUsEANS AW 358160
unun1snaapulnsnIsneInsaliu PM2.5 wilsiuaremii Tnsnadeusiuanienunniuyn
Toyanaaousn 365 11 T93UUUUNMINGINTIVBILUUTIADIOYNTUNIAITNAFUA 2
wadia Rolling Window uanadsgudl 3.4 susurnandiniuunudeyatiudiuuudiaes

EJTéﬂ‘JNL'Ja"ILLag’NﬂaJJ?lLL@QLL‘V]uwaﬂ’]iWEﬂﬂ'ﬁiﬁ
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3.2 dayanlgluanuivy
Adeilladenlideyasunsuiiailu PM2.5 annaaidinamuninenianiafiuyes

UsEnAbng F9001aiN1553U50TAA5 8ULaztUANelagnNTUAIUALLATNY NTENTI

Y 9

[
=]

NINYINTFITUWARAAWUINGRYN Usemelng e llaulanyadeyasunsuiaidy PM2.5

[

& A =] < & A [y 14 o =
IUWU'VILGUG]LN@QQ@%’]‘MﬂiiNLW?W%LUULSUG]WUVWW]'Niﬁ‘U’]a 4 IWﬂjqﬂﬁqﬂQjLLagﬂJﬂ'ﬁLI’:hi%']\‘l

Aeadutgmuanwduiiiay §3Tedslddonyadayasunsuiadu PM2.5 9naa1iin

dil o L2 a o ng a =1 L% o = v
AMAINEINIANIATNUYDITINIATEEY AT IWuvTavnua 4 a0nil lnedlsiausedrannd Al
28T, 29T, 30T Uag 31T FR98g d1UNUaIs1TUgUINNUAINUAY, LsaneuadeLasy

fa o A

FUAMEIUALIUAINA, FTNNUNYATIINTATEERY, WazaudITonylsssens mudduuans

WHUTIYRIUsREAEnY AagUN 3.5

8
o .
\..;,\

\. A2s% \

Rayong
1 /\r;
} 4
\ 31T ‘N
./

I‘)—J/m !

L ol .‘; >
A s
\\1_| ot

o
o

nll d‘ :’1 o d’lj L Y
EU‘V] 3.5 LLﬁ@\‘iLLN‘LWIG]Qﬁﬂ’]u@@F’]ﬂJﬂWWE]']ﬂ']ﬂﬂ?ﬂWUiULWGHNV’J@i%EJ@Q

nyadoyanureteunsuatduy PM2.5 Jadudeyatuiinmdeseiuveslu PM2.5
Aaud U A.e. 2011 - 2022 Tagd3deidendeyapunsuniatdu PM2.5 lanizdianat a.a.
2017 - 2021 sausisdwdunan 5 ¥ iszdutisnaiyedeyafviiauauysaluinian

dwsunuideiliwisadeyasynsuiaidu PM2.5 sondu 2 diu Ao druvesadeya
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v v o [

dwsuseus lnadondriaidus U a.a. 2017 - 2020 wazdruiidesdugadeyadng

Y Y

¥

nageu Ao Yayadu PM2.5 Tul a.a. 2021 lneAeadudnsndissninedeyaiseuiuazdoya

Y
|

nAARUWNAY 4 sio 1 JUN 3.6 uanstayanuvaayadayaeunsuianiy PM2.5 dmsunuidy

[
a

U

A | B c D | _E F G H s |
1 Date 02T 05T 10T 1T 12T 59T 61T 03T 50T !
2| 17172021 27 20 2 25 22 20 25 24 25
3 1/2/2021 32 25 26 27 27 23 26 29 N
4 1/3/2021 46 37 33 41 40 38 29 LY 44
5 1/4/2021 39 31 32 36 38 36 28 46 41
6 1/5/2021 50 31 N 32 - 28 24 67 41
7 1/6/2021 57 32 36 36 39 32 25 85 36
8 1/7/2021 37 26 30 30 N 25 23 62 32
9 1/8/2021 26 21 24 23 24 21 20 26 25
10, 1/9/2021 23 19 13 20 22 18 18 19 20
11| 1/10/2021 30 27 20 25 26 25 22 35 27
12| 1/11/2021 35 27 20 31 29 28 23 37 32
13| 1/12/2021 33 26 19 29 28 26 22 36 AN
14| 1/13/2021 54 48 32 49 46 47 N 63 51
15| 1/14/2021 76 [l 40 68 64 69 42 99 "
16| 1/15/2021 83 83 56 79 7" 74 49 112 79

JUT 3.6 UaneRg NUDIYATRYARUYBIBUNTULIAEY PM2.5

33 asesdiafildlunuise

wisasloflilumidded Yssneuseansaursuazaonsiunag wil

331 nsesnanfiamesiaivie Tnellseazdansl
(1) wheUszalananad: Intel(R) Xeon(R) Silver 4314 CPU @ 2.40GHz (x2)
(2) ngANUIINEN: 64 GBytes
(3) wiwdmnudaya: 1 TBytes

3.2.1  szuudfuanisuazlusunsudszend Ussneumiey
(1) s¥UUUURNTS: CentOS 7.9.2009
(2) Waknsunredilawann: Python 3.10.5 wag Matlab R2022a
3)1a5 a9l o5 2ulun15WauI: Kerel-based Virtual Machine, Jupyter

Notebook, tag Visual Studio Code
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NINAEdULaZaAUIIUNE

1
av A

NI dunsTRLILUUT A0 YN TUNAWANTEHINLUUTIaD0YN TR TN
Aukuudnaeseunsua il aduieliiiaussdninmgegad msunensallu PM2.5
227t TnglEon UL UUTIABIDUNTULIANTAFUAIULUUTIABINNEDH Autoregressive
Integrated Moving Average: ARIMA d@3uluuinaasaynsunaliifadu suideldnaus
wuudnaedlunguueskuuaedaseitesvamiion 3 sUkuu taud 1) wuudtaedaseiig
Useamiieuu1nsgu Artificial Neural Network: ANN 2) wuuinaadlasesgigussamiiey
\58u31898n Long Short-Term Memory: LSTM Wag 3) Wuudnaadlasainauseanminena
e Adaptive Neuro-Fuzzy Inference System: ANFIS

au & oo I [ o a =
n1snaaelveduiinds un1siaiiuudaeteaunsuIailag) (Stand Alone) #
& a v s v = = - | a 3 %
Jueunsuadaduiasliidadu uasnaaeuilseuifiguivemeaminiivesiaslaseaing
1A9U18TMNNITANT AV UUTIADIDYNTIIANA LN AN Inua Lagldnszuiunis
Approximate Search wuu Trial and Error n157aaeslutuiidesvossuive Aon1THmul
LUUTIABIBUNTULIANANTENIMUUTIADI0UNTUNANTAFUAULUUTRDIYN T I BT
W Ingidentuuinastounsunaniusedninmlae :IugianveswuunastaunIuig
a 1% 1 a v S A 4 [ S @ v a a
Wedunagliiaduainnisveasddutunnis vasnuudunisveassUiuusauseaniam
wuudnaesaunsunatnaulagldinaia Global Optimization Midenlddanasfiulunguuas
Population based Metaheuristics La Wn' Genetic Algorithm: GA thag Particle Swarm
Optimization: PSO L8418 UTUAINITITLNBT V0 ILUUTIa0I0UNTUIA NAN LT LAANT
Wzauge Jezdwaliuuuiastounsuiiamaudanuwiugiasgasontsnensaliy

PM2.5 @29%t1

4.1  YoUARINSUNI5IY

[

(%
A v = 1

a v v Y AQ‘ 1) U a v
ﬁ’]‘Ll’Jf\]El‘ULﬁ@ﬂhﬁ‘ﬂ@ﬂﬁUumﬂﬂ%ﬂa’EJ“U@QIRJ“L! PM2.5 Lluus183u VBIADTUINAUNTIN

Y

[ (% '
Y 1 o ]

] 1o =) v [ v = = & ¥
9INIANIANY FNBEN AIUANIUTLY DLABLUDY JMIATTEDY TUddn1U 30T Bluynvaya

Y

WJureansumivauuaiy n5ensmsnegInssssuIfnazdwindon Uszimalng lng

ﬁ’lLﬁUﬂ’l‘Ji’JUi?M’fauﬁﬁﬂme A.A. 2011 9 A.A. 2022 wasewnswuvans1sauzuuiulee
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a v

YDINTUAIUALLATY NTENTHNTNYINITTTIUMARAzAWINGoN Useinalny dmTuaniel
Wenlddayasunsuyiandu PM2.5 daaansudd a.e. 2017 89 A.6. 2021 S3UNMUA 5 U

Tnsutsdoyadnuau ¢ U ldun U am. 2017 G a.a. 2020 Wudeyadmsugadeyaseus uaz
Joyadiufivdediuan 1 U fe U a.e. 2021 dnludoyadmsugatoyavaaeu lnefndu
gnsduTeay 80 dmsuynteyaiseuiiaziosar 20 dwiuadeyanadeu

4.1.1  msnssagatayadmiuniside

\Heannanuauysaivsennuseieweseyasynsuianludsd et

ganszdnanoUszdninmueswuudnasseunsuial Wnediulvgyndoyaeunsuiaiiiiv
ndoyadse (Real-world Data) Sinazddeyaliauysainievinrnuseiiondunaaindaym

< v =2 Y 1 ¢ v A A A a o o 1 o ¢
vaansiiutuiindeya Wi aunsalnsIadade viselinsUnassuudmiudentrzegunsal Wu
AU Sendoyanuingieludn Missing Value vniiniagsasn Missing Value Tudeyasunsy
nanevliauduiusdavesteyaraieululs dmTudeyaeunsuiaiiu PM2.5
g Yo au A 1 oo 9 v oo v o o v gy o
Aldivandeiiuiioiu yadeyanidenlddiuunmun 1,826 Taya wazivoyanlu
Missing Value 11w 117 Yoya Andusosas 6.40 vosdoyariesvun U7 4.1 wanansu
Tayafy PM2.5 vasannilinnnninenanIaiiy sva 30T lneldudunsuanstoyaluged

Ju Missing Values

PM5> 5 of 30T Station in Raw Data File

—— Observed
—— Missing

100

o0
e

o)
==

N
=)

PM; 5 (Ug/m3)

L J N | HH |
2%17 2018 2019 2020 2021
TIME (days)

JUT 4.1 uansnsmideya PM2.5 Naanilin 30T lngldudunsiansiis Missing Values

ainanludnediu Jggwnaes Missing Value fiogludeyasynsuaniuids

° o & 1 A aw [ P v Y A ¢ a o dy 14
an QJJLL@&R]’]L‘Uu@EJ’NEN‘VIﬁ@ﬂﬂﬂﬂ?iLW@Iﬁlﬂﬂ@%a@HﬂimL'Jﬁ’WliJﬂ'J']iJﬂiJUuim‘Vl?jﬂ Q’]U'Jﬁ]ﬂ‘lﬂfﬂ
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ﬁﬂ‘w’lLﬂ%ﬂULﬁSUﬂﬂiLau%gﬂ@Eﬁ% Mean, Median, Most-frequency, Last Observed Carry
Forward: LOCF, Wa¢ Temporal and Spatial Average Value: TSA Lﬁ@lﬁlﬁﬁmﬁagaauﬂiu
naeu PM2.5 fifianedeyafiauysaldmiudiiumsidetusely

n1snaaeu Yseilly uwaziuTeuingulszdniamismsinudeya lagiden
Foyaounsuaaidu PM2.5 Tul e, 2021 WWugateyannaey inszddoyansunaeniiod
Ingigadeyanaaauriin1sinaesliitin Missing Value ade3sn1sduiianlidan Missing
Value Aniufonay 20 vostoyaanun foyaoynsunaiu PM2.5 ¥ a.e. 2021 fdwauy
Toyastonun 365 Toya duiunsiideyadidu Missing Value $1uru 73 Foya uandnis

v

Wisuieuseninedayasunsunaidy PM2.5 vesyadeyanageuiiauysalivtayaaunsy

¥ aa

LAY PM2.5 19100419l Missing Value A43U 4.2 ndan1suuidentiudeyanisisnis

Y

b4

Mean, Median, Most-frequency, LOCF, k&g TSA auasiu dmiuisnisiiudeayanie TSA
MuAAIRILUS d warAdkys s Wi 3 Fadunisirunsiuiuiudounduaz sy
an1ifngaunimernanaiiuildsaufinnsandmsuiiudouadioanoly uasUsefi
ﬂﬁzﬁ%%m‘vﬂmaﬂwﬁmﬂfsmgﬂﬁawavﬁ’agaﬁLﬁumuﬁﬂmmmmm?{au Mean Square

Error: MSE

4,
’/«Pr
9,
.l",

365

v

JUN 4.2 uanaSeuiieudeya PM2.5 vest A.A. 2021 seninadeyanauysaliutoya

Y

=

97189971 Missing Value

a a ad a v

4.1.2  Wan13UsziuUIEANSANWYBIISAUYYA

Y

a

NAN1SUSLLAUUSEANS ANV BLANTIUE 31NNITNARBINUINITANTDY

o 0}
aa

mewatla TSA TiuseanSamanan lnedeianuaaiandon MSE 7 8.91 wagn1siiudaya

q
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shemaila LOCF liuszavsnmiiisosasn Tnsdiainrmnainiadeu MSE 9 16.09 dunns
Fndoyasmewmeiia Mean #uU Median lsiUszansawlndissriuiien MSE windu 29.07 way
30.96 suddu drunsifinteyasemaia Most-frequent TiUszansaimeifian dedien
ANAANALAA BU MSE 1Yy 49.46 LARIFIANSIST 4.1 dIuguil 4.3 uanansimiuma

WiguiiguAAnuAfInAiouraianNsiiNtayaniginailagig o

MINN 4.1 A1euAanaAGeu MSE veusiazinalianisiiudeya

fduil watlansiiudaya MSE
1 Mean 29.0737
2 Median 30.9616
3 Most-Frequency 49.4684
4 Last Observed Carry Forward 16.0958
5 Temporal and Spatial Average Value 8.9133

50 The Evaluate Result of Data Imputation: RAYONG's PM> 5 Dataset

40

30

MSE

20

10

0

MEAN MEDIAN FREQUENT LOCF TSA
SUT 4.3 nsmluianansmaunanadeu MSE veinsiiudayanisinailasiig o

Va v A

NI AUIIUIN L 9ndnwrn1sAd aul NS o sIUA BuLUaIUDY

Y
Toyapunsuamy PM2.5 fiddAeudnewn Invdnlnginisidsuwdasideyasgedi o vh

9

[V %

ImauduiusTsninsdeyanieginiuieneas Jwvihliisnisiudeyandsivteyalugiswian

IndvAssiuiudeyaidu Missing Value ag1awmaila LOCF uaz TSA SUszanSninganiinis
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Wudeyaniewmalinldeaineds Mean, Median, kag Most-Frequency JUTI 4.4 uanensm

TYABUNTULIAT PM2.5 uATym Missing Value H1udSiintayamemaiasing o audla

naaeuludnanu

a a g-’l dl d! - o
4.2 NaUILLAUUITLENTAINNIINAADIVUN AU - NRAUIUUIIADIDUNTULIA
a
LAE
mMsveaastuksnvesnduilunisiauituudiasteynsunauuladusazlid
¥ ¥ o d' o % 6 1 1 v A v o
AUAIBLUUTIA0UALIEMSUNINTAI Y PM2.5 83391110 Tagidoniauiiuudnasdaynsy
nandaduinduwuudnaenda@df ARMA wazwuuiiaeseynsunattiidadulunguves
wuuTIaeslAssteUssaiioy 3 Ussian lawn 1) wuudiasdlasaiiguingngiu ANN 2)
WUUTaealATIUneNsiseusidean LSTM uag 3) wuudnaedlasenewdis Fuzzy ANFIS
4.2.1  waUssiuUsEANSAMWLUUIIRR9BUNTULIAY ARIMA
LuUTIaseunIuaal ARIMA Wuluudaedlunguves Parametric Model
AU ADINITATIMUAAINITINLADTNANAYVDILUUTIABINDUNITAS NUUUTIADY B9
AN LB T @A YUILUUTIABIOUNTULIAT ARIMA Laun A1 p, d, kag qlaed
Amsiees p aztduimmuuamenvesaunis AR, Amnsndines q azidudiivuamen
Y99aUN1T MA, wazgavinarinisidwmes d tdudanivue Order d115un15%n Data
Differencing tielvgatoyasunsuiianagluguuuuras Stationary nandfie aevayasunsy
wanazliidevewnldudnay werAnnuwlsUTINIzRoutRInaana e taya
UNAKEINITMIAINISIENOS p, d, kaY g VBIHUUTIABIDYNTULIAT ARIMA
A YA oYABUNTULIAINIVINITIATIENIAI8NIIN Auto Correlation Function: ACF
AMTURNTANIAIMITITRDST p NNUIZEN WazMIANITITNT g TALNZAIBNITIATIZN
n319 Partial Auto Correlation Function: PACF gavi1ea 13186035 d agsadldinialie
N19ad @ 19U Augmented Dickey-Fuller test i onaaaua1uilu Stationary vesdoya
S a o 1 a 3 ~ [ o [y [
BUNTUIAT INUUNINTAUNAMUAAINIIITWES d ieLlun3sey Order dmSun1svil Data
Differencing
o  w av Ay ya Yy A A o w ] a 3 °
dmiuannded ladenldiaiasdiodmiun1smanlmesvesuudias
BUNTUNIAT ARIMA fe35anludiRannslaflandu “auto arima” veslausn3 “pmdarima”
Tun1w1 Python TnefiilsAtu “auto_arima” ax1435n15UsuAINIs 893 p, d, wag g fae
Greedy Algorithm wagdl Cost Function A®A1 Akaike Information Criterion (AIC) @1%5U

[ cs a ¢ d‘ A
LUULﬂmWﬂaUﬂqiLa@ﬂﬁ@WqﬁﬁlﬂJL(ﬂai P, d, LRE g V]Lﬂll']gallm?jﬁ



54

VSL 2EM ‘4007 WUSND34-ISOW ‘UBIPSI ‘UBSYY WIBAIRLIYERERIEYIELURLNA §ZWd HLBEIEURRERERNRUINBEMMLEY by WNE

(sep) INLL

[{Lgedia 1120 60170 Lo 130T SO 1T0T £0° 1202 1or1zoT

ondw yS -—— or
»
andwy JHOT -—— o
,/ A pma Ay TATASA VA8 Ghed i Sttt b ectmaus W A B A L Ay = AT ’
P Y, ] ail
¢ anduij yuanbaz % j i /.., f or
I i L iy ES ERUAT .
andw] UBIPIN  --—-— o
andwy uedpy - or
N - | g A
ST AT IV Ny e s e A VAR
Suissiy  —— (« \.\5 o

sonbruyoa I, uonemndw] \im HONOAV Y JO SUAd


Anupong Banjongkan
54


55

IINHANITNARBINUIIAIMITITLRBSTUNEaNTdAFMS UL UUTIa090UNTY
1981 ARIMA ld9ayary PM2.5 vesaaniliinnanine1nia sia 30T lngdenisidwes p,
d, uag q A8 2, 0, Wag 2 ANUAIRU UazdlaA Coefficient, Intercept, kaw Sigma ¢iaguil 4.5
LAPINANITAUMIAINITIAOFVDITATUY “auto_arima” LaAIRINITINN 4.2
A3deladnteyadu PM2.5 vasanniinamunine1niasia 30T 3Asigviny
dg} td 1 1 [’ a1 1 ¥ ¥ a1 QI QI 49:’ Q:’; A
Wesdunuinavesly PM2.5 azdargaludrmiualagasdaiisugadunusifon
a ISP A 1 I a d‘ ¥ ! v A
worANeuLAzilanasanluUangfoulnIALLazSNanailodgAHY WanRsgUR 4.6
d1ugUN 4.7 UanIN15 Decompose TaYABUNTULIAY Yaatayany PM2.5 9ngunuindeya

Laifiwwdlddy weiveiiganiailugrmiihudsasiaiy PM2.5 adduyn 9 U

MSNN 42 WAAINANITAUMIAINITINLADS p, d, kAT q VBILUUTIADIDYNTULIAN

ARIMA enuilanidi “auto_arima”

Performing Stepwise Search to Minimize AIC

ARIMA(p, d, q) Intercept AIC Time (Sec)
2,0, 2 / 9302.419 091
0,0,0 / 11222.283 0.02
1,0,0 / 9378.323 0.11
0,0,1 / 10118.006 0.16
0,0,0 13110.343 0.01
1,02 / 9342.923 0.28
2,0,1 / 9361.376 0.44
3,0,2 / 9303.619 1.16
2,0,3 / 9303.512 1.28
1,0,1 / 9369.685 0.17
1,0,3 / 9333.011 0.46
3,0,1 / 9307.775 1.11
3,0,3 / 9306.374 1.07
2,0,2 9310.245 0.26

nsnaaeauAudy Stationary vesgatayasynsuIady PM2.5 §3deld

\A3 0l “adfuller” annlausns “statsmodels.tsa.stattools” ¥o4n191 Python Lagla
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NASNEANNNTNAZDU F9%3 A1 ADF LAy -3.5284, P-Value 111U 0.0072, wag Critical
Values 71 1%, 5%, way 10% SAWinfu -3.4339, -2.8631, way -2.5676 mud1du Tneuand
ARIR59T 4.3 INHAATUVDINITNAABY Augmented Dickey Fuller Test wuindaya
aunsuIaIy PM2.5 vasaaniiinnmnineniasia 30T Sy Stationary Fedonndo
AUNISAINUAAINISITLABT VOILUUTIADIDUNTULIAT ARIMA (2, 0, 2) Alearnn1smn
mfiweiieiladdu “auto arima” e I d = 0 tunansindeyadiaudy Stationary

JeliidoeinnszuIuns Data Differencing

SARIMAX Results

Dep. Variable: PM2dot5 No. Observations: 1461
Model: ARIMA(2, 0, 2) Log Likelihood -4645.210
Date: Sat, 28 Jan 2023 AIC 9302.419
Time: 23:51:32 BIC 9334.141
Sample: 01-01-2017 HQIC 9314.252
- 12-31-2020
Covariance Type: opg
coef std err z P>|z| [0.025 0.975]
const 18.5561 3.454 5.373 0.000 11.787 25.325
ar.Ll 1.5535 0.034 45.987 0.000 1.487 1.620
ar.L2 -0.5594 0.032 -17.364 0.000 -0.623 -0.496
ma.Ll -0.6695 0.036 -18.408 0.000 -0.741 -0.598
ma.L2 -0.2312 0.022 -10.569 0.000 -0.274 -0.188
sigma2 33.7830 0.663 50.937 0.000 32.483 35.083
Ljung-Box (L1l) (Q): 0.01 Jarque-Bera (JB): 2767.57
Prob(Q): 0.92 Prob(JB): 0.00
Heteroskedasticity (H): 0.62 Skew: 0.96
Prob(H) (two-sided): 0.00 Kurtosis: 9.46

JUN 4.5 Uan9318azidenualuuINaedaunIing ARIMA(2, 0, 2)

AT 4.3 WAAINAENSYDY Augmented Dickey Fuller Test

No. Name Values
1 ADF 3.5284
2 P-Value 0.0072
3 Number of Lag 20
4 Number of Observations Used for ADF

Regression and Critical Values Calculation 180
5 Critical Values: 1% -3.4339
5% -2.8631
10% -2.5676

6 Stationary Yes
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PM3 5 in RAYONG during 2017-2021

7 —— Original
80 30-MA
%J 60
Fef I l
- |‘ | | q
? ’ L VL{;V'!UJ"M"‘WUWluh%’\ww-‘“ﬁklv‘ A wﬁ%‘mﬂ'gﬂv1|WUUWYALAWL,L ﬁw UM Ul\#k\?""‘hwﬂ#}u[‘l}ﬁ 'l
2%17 2018 2019 2020 2021

TIME
JUT 4.6 uanansmideyaeunsuiandy PM2.5 ¥asaantl 30T 49U A.A. 2017 - 2021

Decompose of RAYONG's PM> s Dataset

y Y —— ACTUAL
/\—\\//\‘/\M —
—— SEASONAL

A o —— RESIDUAL

8 8

B &

TIME
U 4.7 uansns1vl Decompose Yoyapunsuiasuy PM2.5 vasaanil 30T

Auto Correlation Function: ACF k@ g Partial Auto Correlation Function:
PACF n3l 1Huasesdlonldiinszianuduiusvestoyaaynsuian waglddmiufinnsan
AaNN19 AT p UAT g VBIMUUTIABIBYNTULIAT ARIMA JUANT 4.8 Lanins i ACF

wag PACF Joyaunsuiiansuy PM2.5v83an1iinnanImeniesia 30T
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Partial Autocorrelation

15
'

JUN 4.8 uang ACF uag PACF n91¥l vasdayasunsuiiadi PM2.5 vesannilinnunin

2INNATRE 30T

HAN1TINUTEANSAINAITWEINTAIE W PM2.5 839911 909uUUTIa8Ynsy
1187 ARIMA(2, 0, 2) s inandulsedns nsdndula R? waznguvosnsinaIny
aanmLaden dun MAE, MAPE, RMSE, bag %RMSE fugateyaiseus uazyndoyanadey
vosyatoyaoynTuady PM2.5 Idnadns el 1) wansindszansamvssgadoyaidous
1A R%, MAE, MAPE, RMSE, hag %RMSE Lyi1f'u 0.73, 3.90, 23.54, 5.81, Lag 31.76
AUE1RY 2) HansinUseansainvesyadeyannaaulviai R?, MAE, MAPE, RMSE, kag
9%RMSE WU 0.79, 3.66, 26.17, 5.42, uay 32.86 MUy JUT 4.9 wag 4.10 wansns 1w
HANIINEINTAUAR Y PM2.5 831ti1 AI8kUUTIae90unsutIan ARIMA(2, 0, 2) vesyntays
SgusuasYnteyanadoy AU

4.2.2  WaUTTluUsEANININLUUINAR@YNTULIAT ANN

d1rTun1IaILUUIIaete Un UL lidedu sguuudiasdlaseuieg
Usvamiionunnsgiu ANN dusuneinsaliu PM2.5 araniin §33elanmuinagyseiiiu
UseANS a1 uUINaeeunIuIaT ANN aleinaila Approximate Search wuu Trial and
Error Tnafwuaniinesveslasstredsvamidion s 1) #9159 1u9u Neural Node
Fausl 32 §3 256 Node Tasutafuyaresduau Neural Node #ail 32, 64, 128, uay 256
Nodes 2) f915an§1uIutuves Hidden Layer Faus 1 89 4 9 Inoudmaaeudsd 1, 2,
wa 4 fu dmsumstinualassdneUssaiisntesuuudiansoynsuna ANN azfia1san

M 2 dervuasiuiy FuilildyalaseeUssanniienveuuudiasseynsuaal ANN
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PM; 5 Forecasting in RAYONG of Trainset: ARIMA

D
S

—— Observed
e Predicted

(9]
(e

N
()

PM5 5 (ug/m3)
[\O) W
<R

017 2018 2019 2020
TIME (days)

JUN 4.9 NINUAAIHANTNEINTALEY PM2.5 831 AI8kUUT1A80UnTUiIaLdedu

ARIMA 09ynvayalseu;

PM3;, 5 Forecasting in RAYONG of Testset: ARIMA

—— Observed
——— Predicted

D
=

PM> 5 (ug/m3)
V) (98] N (9,3
(e} (@) (@) ()

[S—
(]

9an Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
2021
TIME (days)

JUN 4.10 NTLARIHANTITNENTAIY PM2.5 83t AIgkuuTIaeounsuiiaidady

ARIMA Y84yAtaianagey
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wfinnsanite 2 dormundansu SahlildyalasaneUssamiisnvosuuudasseynsy
e ANN dmunaaeudiuan 12 Tasens Tuguuuu “ANN x y” Tnedl x Aediuan Neural
Node uaz y Aasiuau Hidden Layer uanuwashéisal ANN 32 1, ANN 64 1, ANN_128 1,
ANN 256 1, ANN_16 2, ANN 32 2, ANN 64 2, ANN_128 2, ANN 8 4, ANN 16 4,
ANN_32 4, uag ANN 64 4 ﬁ’m%’mﬁmuwwmﬁLmai‘ﬁﬁ@w%’wqmwmLwiamwmﬁaaa
8UNIULIAT ANN Lanafan15197 4.4 ludauues Activation Function 484 Neural Node
rzﬁﬁ'mﬁaﬂw Rectified Linear Unit function: ReLU &a.{u Activation Function 7in5ea4e7

Lawwgﬁhmﬂﬁm%’uﬁ’lﬁaLﬁu%’@gaaaﬂmﬂ Neural Node

MINN 4.4 wansuIulneiUTuAlaveusaruUTIaeeLNTINAT ANN

Topology Parameter Topology Parameter

1-Hidden Layer
ANN 32 1 161 ANN 64 1 321
ANN 128 1 641 ANN_256 1 1,281

2-Hidden Layer
ANN 16 2 353 ANN_32 2 1,217
ANN 64 2 4,481 ANN 128 2 17,153

4-Hidden Layer
ANN 8 4 257 ANN 16 4 897
ANN 32 4 3,329 ANN_64 4 12,801

finnsanannaminmsEeuiveausiazuuudiasseynsunal ANN faguil 4.11
Tagfi fuuadinauseunisiTousi 1,000 59U wuduusiaedounsunal ANN 32 a 15
§n3n1sisoudAfian leodenaiuaaiaind ey MSE WAy 27.02 uagwanisuseiiiu
UsgAnEamuuudiastaynsuian ANN uiaglassieivesyadoyafouiuasgadaya
VAEDU K1uLMTIA R, MAE, MAPE, RMSE, Wag %RMSE fam1319fl 4.5 wuinuuusiaes
ounsunaT ANN_ 32 4 Wuuuudiaesdiliivssansnmlaesuiianiuyadoyaious dauna
n13UsElulssninmuuudiassounsuiial ANN AugadeyanageunuitLuuinass
AUNTULIAT ANN_32 2 ﬁmﬂizaw%mmmmmaﬁqm fofu nMsmuwar AU Usaed
oUNTULIAT ANN fifiAUszanSannlaesiudiigadvsunensaldu PM2.5 aaamtin o

LUUTIa990UNTHIAT ANN_ 32 2 Taglirussliudseananmriunnnsin R%, MAE, MAPE,
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RMSE, uag %RMSE fiuyadayaiseus &ai 0.77, 3.64, 21.99, 5.36, waw 29.31 AIUAIAU LAY
TaaUseiuusea@ns nnw 1 uu1nsTa R2, MAE, MAPE, RMSE, wae %RMSE fuyavaya
VaaeU fail 0.78, 3.78, 26.95, 5.65, uay 34.47 HIUAINU uaﬂmﬂiwmﬁaaqaqﬂmLam
ANN 32 2 slsiein Overfitting 1 9.09% uagldinandvsunisieuiuseann 19 wiit U7
4.12 uag 4.13 NINLAAINANISNEINTAE{Y PM2.5 839ntinal8luudnaatoynsuianbiids
U ANN_32_2 veeadayalieuiiasyntoyanadaou auas

d1usunisAuINAl Overfitting 9 M91500191NAUAIIALAROU RMSE 619

aunsh (a-1) (SAns i’]’uw%ﬂé"u, 2560: 73)

|IRMSE trqin—RMSEtest|
RMSEtrqin

Overfitting = x 100 (4-1)

1089 RMSE,; 4in 8% RMSE;pq WurAuAa1nAa W RMSE U89l uud1aed

auNTUIANINTEYIAUYRTaYaIs U LALYATRLANAZDY AIUAGY

PM; 5 Forecasting in RAYONG of Trainset: ANN 32 2

—— Observed
35 ; Y QW Predicted

PM, 5 (ug/m?3)
o

20
15
10
5 , -
Jan Jan Jan
2018 2019 2020
TIME (days)

JUN 4.11 nsniuanssan snensaliuy PM2.5 @i faguuudtaedeunsuianlaiiaduy

ANN_32_2 9p3yadayaligu;
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PM; 5 Forecasting in RAYONG of Testset: ANN 32 2

—— Observed
—j—— Predicted

N
S

AN
S

PM> 5 (ug/m3)
[\ (98
() (e}

[S—
S

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
2021
TIME (days)

JUN 4.13 n1vuanIHan I sweInsaiiy PM2.5 @it saguuudnasseynsuialidady

ANN_32_2 Yp3yavayanagau

4.2.3  WausEluUsEANSNINLUUIIRR@YNTULIAT LSTM

dmsun1IvaIuILUUTIaeeYnsuIabidadu seuuudiaadlaseuieg
UszannmifigunisiSousidedn LSTM dmsunensaleu PM2.5 daanidn §33elavmuiuag
UspilluUseavinmuudnastounsukian LSTM memaila Approximate Search wuu Trial
and Error Inermuswisnfimesvaslassieuszaniion fail 1) $1uau Neural Node Haus
16 &9 128 Tapuu a9 ugA18991uIU Neural Node #3116, 32, 64, waz 128 Nodes 2)
$runutuves Hidden Layer waud 1 89 4 T Insuvmaaeusss 1,2, ez 4 1 dmsung
fauplASINBYDILUUSIRDIOLNTINAT LSTM azfiansanie 2 dofmuasniu Sevilild
YALATIVIGUTEAMNEN VR UUTINBBYNTULIAT LSTM dmsunaaeudiuiu 12 laseune
Tusduuy “LSTM x_y” e x Aos1uau Neural Node uag y feduau Hidden Layer uan
wasleeadl LSTM 16 1, LSTM 32 1, LSTM 64 1, LSTM 128 1, LSTM 8 2, LSTM 16 2,
LSTM 32 2,LSTM 64 2,LSTM 4 4, LSTM 8 4, LSTM 16 4, uag LSTM 32 4 lpgsuiu
WinesTiFesUul A veLsar AT BLANITIn1T 4.6 dmTU Activation Function

2849 Neural Node r}ﬁ%’maaﬂﬁl‘ﬁ Rectified Linear Unit function: RelLU s?fﬂLf]u Activation

. a ' o [ o [ v
Function ‘vmaqL'mLawwmmﬂmmummLﬂusuaadaaaﬂmm Neural Node
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MINN 4.6 waAIIIWINMITEwesUTUAlATa A LUUTIaReYNTULIAT LSTM

Topology Parameter Topology Parameter

1-Hidden Layer
LSTM 16 1 1,169 LSTM 32 1 4,385
LSTM 64 1 16,9961 LSTM 128 1 66,689

2-Hidden Layer
LSTM 8 2 873 LSTM 16 2 3,281
LSTM 32 2 12,705 LSTM 64 2 49,985

4-Hidden Layer
LSTM 4 4 533 LSTM 8 4 1,961
LSTM 16 4 7,505 LSTM 32 4 29,345

fiansanannsansoudveudaziuudiassoynsuan LSTM Tnefi
ﬁmumﬁ’ﬂmuiaumiﬁsuiﬁ 1,000 59U WUIHUUTIE090UNTUIAT LSTM 32 2 1915957
M33ousifian lneflaenunainiadeu MSE Witdu 21.10 fsguil 4.14 wagnan1sUszidiu
UsgAvSnmuuudiassaynsue LSTM uiaglassderiavesgndoyaiousuasyndaya
VAADU K1uLMTIA R, MAE, MAPE, RMSE, WAz %RMSE #3319 4.7 nuituuudiass
oynsunal LSTM 32 2 1iunvudassitliduszansamadianlunninasindugadeya
Bouf wivnnfiansandauiuan Overfitting wuindfianiis 36.51% vivlviuuudiasseynsy
181 LSTM 32 2 lawnzausion1sunluleeu drunanisussiiiudss@nsainuuudiass
BUNTULIAT LSTM AUYAT DY ANAABUNUI IMUUTIA0I0UNTULIAT LSTM 4 4 T9ian
UsgAvBnmaiiagalunnunnsin wasuuudiaesounsuing LSTM 4 4§43l Overfitting 7
AR e9 8.53% LagfiilAnUssiiulsedns nuk1uunsTa RS MAE, MAPE, RMSE, Way

v
Y v A

%RMSE Auyadoyaifoud dsil 0.7853, 34781, 20.1383, 5.2168, Uay 28.5062 ANFIFY
uwagliAUseiliuUseAnsamE1unngin R%, MAE, MAPE, RMSE, uag %RMSE fuyadeya
VadeU Fad 0.7743, 3.8332, 25.2997, 5.6619, iay 34.3291 A1UA1AU gﬂﬁ 4.15 way 4.16
n3uaAIHan1TNeINTalu PM2.5 anniiinigiuudiatoynsuiiailigadu LSTM 4 4
YaIYATaLATIULATYATRANARDY MIUAIAU
4.2.4  wauszliuyssAninwLuuIRe@UnIULIaT ANFIS
mMsfaunviiasseynsualildadu ANFIS teldnensaliju PM2.5

aranth fIdelewmnuasUssiliudseanganuuudnasseynsuial ANFIS meme-
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PM3> s Forecasting in RAYONG of Trainset: LSTM 4 4

40
—— QObserved
35 ! | ,«' - Predicted
) It &
25 y
220 A
= \
~ 15 :
10 . g
5 ;
Jan Jan Jan
2018 2019 2020
TIME (days)

JUN 4.15 n19luanIHan I sweInsaliy PM2.5 @it saguuudiasseynsuialidady

LSTM_4_4 vayadouaiieus

PM3 5 Forecasting in RAYONG of Testset: LSTM 4 4
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- 40
E
on
230
N
S
= 20
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TIME (days)
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ilm Approximate Search LuU Trial and Error lagAnuan1s1inesvedlaTiinenifednis
Uuen asil 1) Suruaun@nilendu 199w 2, 3, wae 4 dedeyaidn Ingduiuaundn
Handuaznanadanuanvasseautoyat i luguwuuvesiillsnieniw (Linguistic Value)

[

Wiy IuENInaituwigU 2 wansseaudeyadndisu PM2.5 Tusuuuuiiiusmnienie
Ae {“seaudasndie”, “seAudunsie”’} 3e Sutuandnilanduwintu 3 wansseauteys
ey PM2.5 Tusduiuuiusvmnaniuw fe {“seaudasnsie”, “syaufimnudes”, sy
suns1e”} 1uAu way 2) vlinvesaundnilerdu laun Gaussian membership function
(gaussmf), Generalized bell-shaped membership function (gbellmf), Trapezoidal
membership function (trapmf), Wag Triangular membership function (trimf) #1135UN13
fvuamsfinosveauuuassounsuian ANFIS asfiorsuii 2 defmunsauiu Jeihld
Ieunuuresmsimuam iwosvesuuuitassoynsuan ANFIS 10U “ANFIS x y” Tned
x Aadunuaindnilsdtusedayarint uasviavesaudnilerdu Fauanuasldiomun 12
sULUU #afl ANFIS 2 GAUSSMF, ANFIS_2 GBELLMF, ANFIS 2 TRAPMF, ANFIS 2 TRIMF,
ANFIS 3 GAUSSMF,  ANFIS 3 GBELLMF,  ANFIS 3 TRAPMF,  ANFIS 3 TRIMF,
ANFIS 4 GAUSSMF, ANFIS 4 GBELLMF, ANFIS 4 TRAPMF, Lag ANFIS 4 TRIMF 1a e
FunumnsfineidecfuUsiATafied i Fuzzy Rule vasusazuuudaeioynsuim
ANFIS Wanafsn1s197l 4.8 wuudiasdeunsuaa ANFIS 198ane3iu Grid Partition lun1s
fmun Fuzzy Rule iugadoyasynsuiadu PM2.5 iesannifusaneifiufisessu Fuzzy
Inference System: FIS Tuguiuuvas Takagi-Sugeno Fadusdaves FIS Aldluwuusiaes
auNIIIaT ANFIS wagldnszuiumsiseusiuyadeyamiieuduuuudiaedasaiigdseam
\Wisy Ao Gradient Descent Algorithm
finsananninisisousvesudazuuuiiassoynsaaal ANFIS fagud
417 Tagd MyundIuIuseun15iTouT 7 1,000 59U WUIIMUUTIA0I81NTULIAT
ANFIS_4 TRAPMF T#dnsinisiSeusfifian Arnanuaainiadou MSE 1nfy 26.47 usan
N15NA15041A1 Overfitting 91nANT9MaRINANITUTEIHUUSZANT AN A1597 4.9 WU
LUUTIADIBUNTULIAT ANFIS 4 TRAPMF 015 Overfitting ﬂ”wqmszjyagguaﬁ'qqmn Ao
1,632.43% F9vbikUUT18090UNTUIAT ANFIS 4 TRAPMF laiimsngausionisurluldenu
dmunensally PM2.5 d1amth annwan1suseiudssanianiuuinasseunsuianliigs
\fu ANFIS Augadeyanaaay N1ul1Insin R%, MAE, MAPE, RMSE, wag %RMSE wuin
LUUTIA099YNTUIIAT ANFIS 2 GBELLMF lvia1uszdnsnmlassiudan uayidan

Overfitting LT 89 2.13% a8 LUUTIABIDYNTHLIAT ANFIS 2 GBELLMF Twa1Ussiiiy
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UseAnsninsinuamsia RS, MAE, MAPE, RMSE, waw %RMSE futadeyaiious fsil 0.74,
3.81, 22.96, 5.67, WAz 31.03 A1UAIAU dUAUYAT 0L ANAFDULUUTIABIBUNTULIAN
ANFIS 2 GBELLMF Ta1Usziduuszd@nsainwiuninsin R%, MAE, MAPE, RMSE, uay
%RMSE a1l 0.78, 3.81, 26.55, 5.55, Lag 33.69 AMUAIA U @115 UA 1 Overfitting Y84
LUUTIADIEYNTUIET ANFIS 2 GBELLMF SA Ny 2.13% daunailddmiunisisous
YOIUUUT1899 ANFIS 2 GBELLMF Useanad 23 Fui gﬂﬁ 4.18 way 4.19 nILAAINANIS
WeINTAHU PM2.5 829MTNA28UUUTI8098 1N 518 LY ANFIS 2 GBELLMF 483%n

ToyalTuusazyntoLanaay ANa1Y

MINN 4.8 wAAIIIWINNITWesUTUATITa Az LUUTIaRRUNTULIAN ANFIS

Topology Trainable Topology Trainable

2 Membership Functions

ANFIS 2 GAUSSMF 20 (with 8 rules) ANFIS 2 TRAPMF 56 (with 8 rules)

ANFIS 2 GBELLMF 26 (with 8 rules) ANFIS 2 TRIMF 26 (with 8 rules)

3 Membership Functions

ANFIS 3 GAUSSMFE 45 (with 27 rules) ~ ANFIS_3_TRAPMF 114 (with 27 rules)

ANFIS 3 GBELLMF 54 (with 27 rules) ANFIS 3 TRIMF 54 (with 27 rules)

4 Membership Functions

ANFIS 4 GAUSSMF 88 (with 64 rules)  ANFIS 4 TRAPMF 304 (with 64 rules)

ANFIS 4 GBELLMF 100 (with 64 rules) ANFIS 4 TRIMF 100 (with 64 rules)




71

ANIEL b SIHNY

HO0dd
0001 008 009 00t 00T 0

Joug ] ,,/

AWRIL ¥ SLANV

ANdVHL b SIHNY

HOOdd
0001 008 009 00%

4
Loy— \
ANAVAL ¥ SLINV

4NT7139D b SIHNY

HO0dd
0001 008 009 00F 00T 0
—

Jouguml) \

AWTTEED ¥ SIANV

4NSSNVYD b SIANY

HO0dd
0001 008 009 00t 00T 0

Joug uml

AWSSNVD + SLINV

SL'6T

08°6T

99T
89T
0T
TL
LT
9w

06T
$6T
00t
S0t

01t

z

EN)

2
Z
@

ANIEL € SHNY

HO0dd
0

0001 008 009 0F 00T 0

™\

\

Y

AWRIL € SLINV

ANdVHL € SIANY

HO0dd
009

0001 008 00t 00T 0

I R — /

AWTTEED € SLINV

4NT739D ¢ SIHNY

HOOdd
0001 008 009 00 00T 0

ANSSNVO € SLINV

4NSSNYD ¢ SIHNY

HO0dd
0

0001 008 009 0F 00T 0

Joug uer)

AWAVYL € SLINV

SIHNY LBLIEUREIERRLAEUIRBUTIENRLIELUMMLEUNSEN LT Y UWNE

o
rie
Tle
=
(3137
Lt
Sle

9l

4AIYL 2 SIHNY

HO0dd
0001 008 009 00v 00T 0

———F

FIT: QU] p—

JARIL T SLINV

ANdVHL Z SIANY

HJ0dd
0001 008 009 [

0F 00T 0

jong Ul

AWdVIL T SLANV

4NT139D Z SIHNY

HO0dd
0001 008 009 00t 00T 0

AWTTIE9 T SNV

4NSSNVYD Z SNV

HO0dd
0001 008 009 00t 00T 0

Joug uml

AWSSNVO T SLINV

07T
SETE
orce
sPTe g
0s7Te
SETE
09°TE

vTe

SN

9TET

E}

8TE


Anupong Banjongkan
71


72

bZ81°9T ¢120CT  T9¢hT ¢bce9l 0881 185¢'¢l 6IGH'GT 682¢8T  €le1'C  0C¢lbl  €59¢'8  2G6C’T  SUMIISAQ
ccey8e 1208'L¢  0CS6'ce  8ebObS  SL6DOT  6199°L¢  LbbSLe 9¢ll'6¢ 9969¢C <CLTG6D 681¢9¢ ¢/b8ee  ISWH%
0L£€9  LbeT9  L66G°S €5¢1'68 Le1eLT  660C°9 €619  pL.v'9  9IG5G 098918 1066'S  ©Z8S'S ISWH
600l 168¢'LC 99¢9'9C <LS89b 8L00C¢ 6.869C LllC)C <CL69LC 1£559C L08T6¢ <CvlcLC <CC1S9C IdVN
0Ty  9611H  8¢v8'e Gec1’01  L€09'S 8290V  1.CTv  611Ch  PSI8E ¢€¢8G0T  Obc0v  ¢1¢8¢ Ivin
¢L1.°0  €9¢L0 ¢6LL0 0¢6bS-  COTT'T-  682L°0  00€L0  9v0L'0  GC8L0 ¢L6'SY- blvl'0  908L°0 d

1SS 1S9l

GOC IVl €009°6b Lbbe'81 86'¢6CT 1CEGlc €1¢99¢ <CLU'8bT 886199 DS9vee 81L°.¢T L1288 66T LT  (S) dWIL
¢ev08'6Cc 601v°0¢ SIVO'le EPIT8C GSL96C Sbe6'6C 6L0¢6C 12166 81€01¢ €2L¢8C  0S0C°0¢ 09¢60¢  ISWH%
evab’'s  €999°G L1089 TSPTS  80¢b'S  ¢8LPS  GE9¢S  IbIY'S 069G €C6l'S LlCSS 11996 ISWH
061P'CC €86LCC ¢€9¢6'CC TC99TC ¢€l1¢cc 11v9¢C 10bCCC 0S18¢CC 0C96¢C G8S1°¢CC  Lb69Ce ¢068¢CC IdVN
8899'¢  G6bL'e  ¢818'¢  0L6DE  Tpbcoe  C91L¢  8919¢  leel'e  0G918'¢  9PSSC  bhbIl'e  LZ6L'¢ Ivin

€§9L°0  LSSL°0  vSbLO0  ZT6L0 ¢€/9L°0  ¢€9L0  T€LL0  9¢9L°0  9SbL'0  ¢€/8L0  06SL0  ZlvLO d
19S ujel]
1 ¢ 4 1% ¢ c 1% ¢ c v ¢ c
Asojodo |
JNIL dNdVYL dWNT11385 4ANSSNVYD

4N 4W# SIANV

SIANY r@gchwﬁww@@rwppj,\rrqm_\rmwwﬁpmma_\r@z 6v UBLELY


Anupong Banjongkan
72


73

PM; 5 Forecasting in RAYONG of Trainset: ANFIS 2 GBELLMF

o
=
2025 —— Observed
e Sy I VA" N S Predicted
=
~ 15
10
5 :
Jan Jan Jan
2018 2019 2020
TIME (days)

JUN 4.18 N3 19LaRIHANTNEINTAINY PM2.5 vt sagukuudiasseunsuialidady
ANFIS_2_GBELLMF veyntoyaiseus

PM3 5 Forecasting in RAYONG of Testset: ANFIS 2 GBELLMF
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—j—— Predicted
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E
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N
S
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TIME (days)

JUN 4.19 nvluanIHan sweInsaliy PM2.5 @it saguuudiasseynsuialidady
ANFIS 2 GBELLMF vasndoyannaey



74

4.2.5  WaWIHUHIBUUTEANSAINIUUTIA99YNTULIAAY?
INNITHAUILATUTETUUTEANT AINLUUTIADI0UNTULIAT LIl BN
o d‘d a a Qllddl ] % 61 o
LUUTIaRIRUNTUIAIITUsE NS iaNgadmsunensally PM2.5 9094 uudnasdaynsy
LAMAYINILUULTLEY (ARIMA) tazuwuulali@adu (ANN, LSTM, wag ANFIS) wunnwis1anes
VBLUUUTIARIDUNTUIA AN TUTEANT A NN anvassazuuTIaes Ao ARIMA2, 0, 2)

ANN_128 1, LSTM 16 4 uag ANFIS 2 GBELLMF

a = = a a ° a
M13°90 4.10 Gl’]iNL‘IJiEJ‘UL‘V]EJU‘UizaVISmWLLUU"\]’la@\‘laﬁéﬂiﬂJL’JmL@m

Model
Metric ARIMA ANN LSTM ANFIS
Train Set
R? 0.7329 0.7451 0.7351 0.7456
MAE 3.9074 3.8395 3.71923 3.8150
MAPE 23.5494 23.5489 21.7317 22.9620
RMSE 5.8133 5.6848 57951 5.6790
%RMSE 31.7681 31.0635 31.6664 31.0318
Time N/A 930.1931 5412.6155 26.0240
Test Set
R? 0.7931 0.7810 0.7738 0.7825
MAE 3.6687 3.8556 3.7754 3.8154
MAPE 26.1751 27.4962 25.1952 26.5537
RMSE 5.4206 55764 5.6674 55576
%RMSE 32.8660 33.8105 34.3625 33.6966
Overfitting 6.7551 0.4731 2.2034 2.1373

1M1 4.10 kARIHAN1TUTHEUUTEANT ANV UUTIA0BYNTULIAT

WadukarllidaduToudiouiu nuduwuuinassounsuailai@edy ANN wag LSTM T

¥

UszAnSanandmwuudiastounsuiian ARIMA waz ANFIS lunisussiliuiugatayaisous
drunan1sUszilulsEansamiuyadeyanadou wuuTaesaUNIUANTAHY ARIMA T4
Usz@nSnmanan uainuinden Overfitting gefianiguiu U7 4.20 waz 4.21 1Juns v

! = 6 1 J ¥ v a ¥ ¥ o
L‘lJiEJ‘ULVl‘EJ‘UNaWEﬂﬂiﬂJﬁ!‘U PM2.5 AWNNUNVBIYAVBUALIYUZUAZYAVDUAVIAEBY ATNAINU
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mnisEeatIadmiuNMteuilutuneunisaiaLuuaemuiuuIIaee Uy
Wagady ARIMA lidadldiatludint uiiuudnaotounsunantaudu ARIMA axiitadnin
A v a s ] A v ° =2 & W .

VNDITTYNIIILADT P, d, LAY q NBUNFINNLUUINADY FaluanuzYss Parametric Model
AIULUUT10990UN T LT AAWIEUKUUTIADY HANITNAFBUNUTIMUUTIAD0YNTY
wanlai@adu ANFIS Tdnandwiuissuiiesiian diunuudtassaynsuanbdidadu LSTM

T nassuiunnian TneAndu 200 Wi veswuusiasseunsuiadlaidadu ANFIS
Y 9 9q

PM3; 5 Forecasting in RAYONG of Trainset: Comparative Models

—— Observed

> } Jan ’ Jan ' Jan ’
2018 2019 2020
TIME (days)

JUN 4.20 ns1vlkUSeuligunangInTally PM2.5 63anthuediuuinaseunsuangady

wazll@aduiuyndeyaisous

43 waussfiudszAvinmnavaasstudises - WawuUSIaeteynTIe
NGEY
4.3.1  WawazUssiuuseaninmuuunaaaus
nsnaaestufiassesuidedumsimuuuudaosoynsuawuunay
gninadadunaslildadu lnan1sdiwuunaseynsuiIandady ARIMA ausaufuiu
LUUTI8098YNTNLIA LT E U ANFIS desmnuannmnaasstuiivisistiuuuiiaes

b4

sunsualil@adu ANFIS TiussdnSamlaemiuaniuuudnaeseunsuiailai@adu ANN

o

uay LSTM lngianizegnsdadlefinnsanisesvetiatlunisiseudvesuwuuiiaenluddy
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N1FUILUUTIDDUNTUIANTATY ARIMA UazhuuTIasaunsuLIan bl
o o ' v g ° DY o U Al v
W ANFIS anviausiududusuunasseunsunama ngldvdnvesnisdmadnsilan
L3 J a 17 = IS [ ¥ o/ v oA ¥
N1INYINTAVBIMUUTIADIDUNTULAWNTUHY ARIAM Faiadioudunislanuduiusidadu
v Y Y o v ° la v A a
Y838y aauNTUIAT) A ldidutayadiduuudnaeounsuiattlidadu ANFIS wieiiy
UsganSnmmaniswennsaldu PM2.5 aaenth adunisidsfennuduiusuuudaduias

Liadurastoyanunsuiia wanwnagui 4.22

PM3> 5 Forecasting in RAYONG of Testset: Comparative Models

—— Observed
—=- ARIMA

LSTM
——- ANFIS

[\ 48

~\‘ N
\ \
A VANDUVAN

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
2021

TIME (days)

JUN 4.21 pvliUSeuliigunang1nsally PM2.5 83anthvediuuinasseunsuangady

wazliBaduivyndeyanasdeu

N15MAa8IT UN A99 ANAFBUNTUINAUILUUIIABIBUNTULIANEY 3
sULUU fafl wuudl 1 ldwan1swennsalannuuuiiasteynsuaandadu ARIMA Wundsly
PoyariduuInaeeynsualiigady ANFIS wuud 2 IdAanuaaiaeiiou (Eror vise
Residual) 91nn1swennsalveswuudnasseynsuiandadu ARIMA unilsludoyaindn
WUUTIa0unsI Ll LdY ANFIS war wuudl 3 ldvisaestayafonanisne1nsaluas

a ¢ o a v & = o
ANUARIALARBUVBINANEINTAIANLUUTIABI0UNTUIANT AU ARIAM Tunildludeya

i huUIaoounsUnAT LB ANFIS
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M5 4.11  A519USEUNgUUSEANBANLUUTIARIDUNTULIA WAL ARIMA-ANFIS

ARIMA-ANFIS
Metric Typel Type2 Type3
(' Arima) (error) (Y’ arima + error)

Train Set
R? 0.7604 0.8078 0.8269
MAE 3.7330 3.4937 3.3720
MAPE 22.5967 22.4431 21.9067
RMSE 5.5107 4.9358 4.6846
%RMSE 30.1123 26.9709 25.5983
Learning (s) 41.8711 41.7565 92.0241

Test Set
R? 0.7601 0.8096 0.7740
MAE 3.9357 3.4483 3.5891
MAPE 26.3186 25.5670 25.5365
RMSE 5.8372 5.1995 5.6649
%RMSE 35.3921 31.5252 34.3473
Overfitting 5.9251 5.3414 20.9255

.............................................

Time Series Hybrid Model

MODEL

I
1
1
1
1

Time series !

1

i

i

!

. ARIMA i !

data ! residual $OBEL !
1 1

i i

1

ANFIS }—— Y’(t+1)

1

JUN 4.22 uandlaseainaveawuudnaesounsuIaHa

Fauuuiaesoynsunatndudunasliidadudunuuiununlysiuiuiie

MOULUUBUNTUIRNANIZLADNKUUTIADIBUYNTUIA AN TUTEANS A MATN ARk LT
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naaoutuiini HanNsALkarUsEiuUTEANEA A TNEINTallY PM2.5 a3t Yot
ANUIUUTIABIBYNTUNAHAN UANIFINIS197 4.11
HANTVAFOULUUTIADIOUN TR WANTEVINUUUTIRD0UN TN UAY
ARIMA funuudtassoynsunatliiBadu ANFIS wud1 uuudiaeseynsuanan UL 3
Tiuszansamamsunensaldu PM2.5 arsmihlugateyaiFousafianlunnuinsin us
WUTUUUTIaesRYN TN HANSULUUT 3 A Overfitting igaila 20.929% Bnviadldinanty
Fupoudsuaeiian fe 92.02 Tunft drunuudresseynsunamausUuuud 2 Iusyansam
Msnensaliu PM2.5 damih Tugndeyanaaeufiign uazéilen Overfitting Ailgaiuiu
duszernaluiunouniadouinuiuuuaeseynsunamauiuui 2 Waandmiudeus
Yoyadl 41.75 Fundt U 4.23 uananswiniaivudvesuuudasseynsunananluusas
sULUU dhuguil 4.24 uay 4.25 uananslIeuifiunaniswensalilu PM2.5 @anth v

wuudasseunsunamadluwiar sULUUTRIYadeyat Ui Lar YA tayannaay MNaIAY

ARIMA ANFIS TYPE-I
31.8

31.6
314

—— Train Error

m31.2

wn

= 31.0‘
30.8,
30.6/

304,

0 200 400 600 800 1000
EPOCH

(a)

29 —— Train Error
28
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MSE

26

25
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200 400 600 800 1000
EPOCH
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ARIMA ANFIS TYPE-3

—— Train Error

0 200 400 600 800 1000
EPOCH
(@)

SUN 4.23 uanansmn1siseusveaLuuinaessunsunamasl (a) wuui 1, (b) Wuui 2, uay

(0) wuufl 3

PM3; 5 Forecasting in RAYONG of Trainset: Comparative Models
—— Observed

5 ;
Jan Jan
2018 2019 2020
TIME (days)

JUN 4.24 nvlUSeuliigunanensally PM2.5 839t uediuuinaeseunsuianauiuyn

¥ a b4

ToyALIUS
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PM; 5 Forecasting in RAYONG of Testset: Comparative Models

—— Observed

N
S

N
S

PM> 5 (ug/m3)
(\O) (9%
(e} (e}

[S—
S

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
2021
TIME (days)

JUN 4.25 nvlUSeuliigunangnTaily PM2.5 83anthuetiuuineeseunsunamauiuyn

HGIEAT

4.3.2  UFUUTaUTEANSAMNLUUIINBIBUNTUIAINEY
LUU1A099YNTUIAWANLUUT 2 Ae thANANAaTIALAG BY (Error Wie
Residual) IMnHANTNENNTalvesuUUSIARseYNTUAB LAY ARIMA unidludeyaindn
LUUTIa89YNTULIAT b T Bd Y ANFIS 31UsuUsausednininaen 1801517 Global
Optimization Lﬁ@ﬂ%’uﬂqamwwﬂﬁmaﬁf Antecedent tkag Consequent dnsuaisei
\denld Metaheuristic Algorithm fduwuy Population Based laun GA uag PSO lagns

MUUAATINSIALMDIUBY GA Wag PSO Algorithm WaneiInisea 4.12

PITNN .12 LanIAIWNTIEea3u8s Global Optimization

GA PSO
Population Size 128, 256, 512, Swarm Size 128, 256, 512,
1024 1024
Selection Roulette Self-adjust 1
Crossover Two-point Social-adjust 1
Mutation Rate 0.1 Inertia Rate [0.1, 1.1]

Epoch 1000 Epoch 1000
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HaU Tl uUTEANTAINIINITNABDIUTUUTIAIMNITTNDS VD IMUUT IR
AUNTUIANEAN AIUNTEUIUNTT Global Optimization NUNIMUUTIABIOUNTULIRINAUT]
UseAnSaInnsneInsaliiy PM2.5 8wnth ATuUseann 7.58% tnemuineiuaunisi (4-
2) (sAns Junsnaw, 2560: 72) Wenageuiuyadeyanagaunsdaianiuliafldlutuneauy

= v X = ° A v a a 1Y 1Y) ax o
N358U3 Mg InefkuudnaetounsunamaNUSuUTIUsEAEA WY PSO dane3iy 7
AMUATIUIY Swarm WU 256 Tiseansninlagsiuaiantiuuinsin R%, MAE, MAPE,

Y v A

RMSE, iag %RMSE fuyatayaiseus aetl 0.79, 3.54, 22.64, 5.11, uag 27.94 a1uaeu

&

drufuyateyanaaeulviAUssiliudsed@niameiuninsin R?, MAE, MAPE, RMSE, uay
9%RMSE 31l 0.83, 3.38, 25.19, 4.80, uag 28.74 A1ua10U d1%5UAT Overfitting HALYNAY
4.08% drunanlddmsunsseuivesuuiaeeunsuanaunUTuUTsUsEanEameey
PSO 8ane39y NIfMMuUATINIU Swarm WU 256 Useanal 72 Wil wWIguiiguaenisnen
4.13 Uaggui 4.26 LanInINNISISYUSYBUUIIRBIRUNTUNAWANTNUSUUTINY GA Uay
v a = = £ Y ! = o J A
PSO danaiiy 91n3U0INTINAITT 8RS kanliliudn LN 1MUATUINYBIAINEY AB
Population wag Swarm 91131 256 A8y linan1susulsalssdnsnmuuudnasseynsy

waraneRzlilafafian WefmundnuauseunIsiseuin 1,000 seu

[Modelgeg—Modelijmy|

Speedup = x 100 (4-2)

Modelgtq

lag?l Modelgy Aouuudnaesounsunanauliulss Model;,, way Ao
WUUIIA098UNTUNANAINITUTUUS

JUN 4.27 uag 4.28 wanansiniuTeuiieunane1nsaliy PM2.5 aamiinvueg
LUUTI8098UNTUNAHANTUTUUTI9E GA kag PSO LagMnuaru1auedmnauwiniy 256

uyAvayalseuILAYATLaVIAFEU MM

a a L v

4.4  waussliuuszansnwnrswensaliu PM2.5 Tuguuuuaviian1aguunse

! 1 ! ! ! d‘QJ a A ! dl -d‘ ¥ 1
N15571891uA W PM2.5 dulvig) vdlsnunsuiaveunseniigauiieites 1
NsuAIUANLATY NuaAluningl visevigauaInasd1s World Air Quality Index Project
gysreauaIy PM2.5 10w ardadanugunss mssidunisdeanununeiivihlilssyvu
dWilalddnendinissrenuduaidaas dalu dmsunisseaulu PM2.5 mudeiaiy
JULTIREADLUTEULTIBUAE W PM2.5 11053930 lAH AT 19MARISEAUAINTULTIVDIAEY

PM2.5 damnsned 4.14
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PM3> s Forecasting in RAYONG of Trainset: Comparative Models

PM, 5 (ug/m?3)

ARIMA FISGA
ARIMA FISPSO

Jan Jan Jan
2018 2019 2020
TIME (days)

JUN 4.27 neiUSeuiieunaneInsalii PM2.5 §39ntivedhuuinaasaun suiaWaui

U5UU39078 Global Optimization fiuateyaseus

PM3> 5 Forecasting in RAYONG of Testset: Comparative Models

o8} B N
= S (e

PM> 5 (ug/m3)
(o)
(e»)

10

—— Observed
ARIMA FISGA
ARIMA FISPSO

Jan
2021

Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
TIME (days)

JUN 4.28 neiUSeuiigunaneInsalil PM2.5 §3antiuedhuuinaasaun suliaWaui

U5UU59978 Global Optimization fiuyateyanadey
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26U PM2.5 it AUNUNY
1 0-25 il AANDINARLN
2 26 - 37 K3%) ABANDINTAR
3 38 - 50 N ALY Urunang
4 51-90 GH Guilansgnusieauniw
5 > 91 TEoN ﬁmaﬂiwwiaqsumw

Dyanewme YeyalnnsuAIuANNaiy (http:/airdthai.pcd.go.th/webV3/#/AQlInfo)

PM2.5 Index Y2021 (365,)
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PM2.5 Forecast Index Y2021 (365,)
(1112122211122 443233334322111133333333
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JUN 4.29 uanstoyaaunsuiailuy PM2.5 Tusunuuveiytinnugumss

e e e

e e e

e e e e = e =

bbb b b e b ek

[ o T o B I ST ST ST

e el el e

nsUsTliuYsEAnS A mnIswensally PM2.5 daanth Tugiuudadanusuwnsaes

ATell azudasdoyanidu PM2.5 inensallailuaidaiinnnugunsemiunised 4.14

ndulIsuiisuiuaiasawesiu PM2.5 fudasdeyailuaidaiinanuguuss wuiu i

A duAIANNLLUS U IaNTNENT Al

Han1sUsEUIINNTUIMUUTIaeIRYnTUna NaNAUTUUTIUsEANS A Ne 1 PSO

dane3fiuunensaliy PM2.5 arminluyadayanaaey (vesdeyadu PM2.5 U a.e. 2021)



86

nsududviiauguese daugneiesedi 87.39% JUN 4.29 uanmanisulastoya

aunsuau PM2.5 Tl a.a. 2021 anndeyaridu PM2.5 udeyasuiszauainuguuss
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A3UNaN1TIBUATVaLEULUL

Jamuafiwnsemedutymidanudidy msizdmansznulagnsidonunn
Pinveaszrsulagning lngamzuanwniseindluwndeddvg wagwnilssgnamnisy
TngamzegneBadymdu PM2.5 Faianudunsesessuumaiumelavesuyuduazilu
awnliiinn1sdedinneuisduaisainlsndiens q wu lsauzslen lsaiiladuiman
a LY & A [ % % 3 (% 1 { Y | =
RyUnaY viTelsavaoniionaued LU A NMITUNSIUTeyaveds PM2.5 Wuuiuiaag

| v g.J/ I A ao w 1 a (Y [ | 1 a a v -lej@
LASLUUANIUN uuL‘LJuawa’m@m@mau3m5mﬂ’ﬁﬂuﬂmmBgu PM2.5 281983 41UIYUY
| o ° aa a a o  w P ] v v a %
INAUILUUINADINUUIZANTAINEIMTUNYINTANY PM2.5 9RUINIENTZUIUNITLIBUG
P941A5 09 Inen1sinauedanes Aunuulul fidunisnanseniedane3 AL UULT L&
Autoregressive Integrated Moving Average: ARIMA fiugane3fiuuwuuluitadu Adaptive
Neuro-Fuzzy Inference System: ANFIS Tagldndoyanagaudssvasasu PM2.5 39n3n

PH1dRN

g o ) a o
5.1 ﬂ?ﬂﬂ]ﬂﬂ@ﬂﬂqiﬂqLuuqu'ﬁ]ﬂ
a v g s | v A~ ° a so v qu
NuIgdfianuszasaagyivasivaselonuudtasmsadaaansdmiuly
wensalAEu PM2.5 aaant wietdeyadu PM2.5 annnaneinsalluldusylevdsienis
Sullawazaunudanislamidu PM2.5 deld Tnesddedlaimuiiuudiaeseynsunm
HANTENIMBUVTIADI0UNTUIANTUHY ARIMA AuuuudInaealdidsudu ANFIS Hu
= 2/ < Yo Aa a v < o v & o &
N3EUINNTSISEUITauAsa tnalaniiuaide [Wudiutuneunsl
1) AnwlgymuafivneeiniAuaziansznu leaanizegsdelynuaiuniseinia
MAnandu PM2.5 Haidudeyalulssmelng uagdnasae
2) USviriissaunssuimnestesiunsng1nsaltayaaunsuial lnganizagneds
TN SR ITRaiuNIINEINTAIY PM10 WAy PM2.5 63amth
3) ANYINTHAUILUUTIABIDUNTUIAHIUNTEUIUNITLTEUT VDAUAT BY A1Y
v a = ! v ! o a ¥ v v a = o
gane3fuwuuAg 9 lika wuudaeseunTUIaBLEUAIEdaNesN ARIMA wazuuuT1aes
aunsuIA i sdumedanasiiungulasaineUssamiien Ae Artificial Neural Network:

ANN, Long Short-Term Memory: LSTM, wag ANFIS
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4) 9ONLUUNITNARBULATTRIUILUUT IR YN T WAL T UNeINTally PM2.5
dramii fegadoya PM2.5 vasdavinszees niuUulTMUUIaeseunTInaHALAE
N15UTUA 1 Hyperparameter N 1uN15%1 Optimization »18 Metaheuristic Algorithm —
Genetic Algorithm: GA e Particle swarm optimization: PSO

5) naaeuUsEluyUsEANSAIMTDLUUTIABIBUNTUIANEL AI8UINTIAFUUTEEANS

ee

n1sendula (Coefficient of Determination: R?), 1nsTAAUAaIALAA BU Mean Absolute
Error: MAE, mm"j’@mwmmmﬂﬁ'au Mean Absolute Percentage Error: MAPE, 11101519
mmwmmmﬁau Root Mean Square Error: RMSE, LLazmmi’@mqmmmﬂ?ﬂlau Percentage
Root Mean Square Error: %RMSE uanani Seldtien Overfitting wazszazalutunoy

NSIYUIVBIUUTIABIBUNTUIAMRINTUITIUAEY

52  #3Unanisiag

N13ANYILATNAUILUUTIADIBUNTULIATHANTENIMUUTIADIDYNTUNIAWT LY
waglidadudmsunensaldu PM2.5 lngdauwsniduniswisudeyaoynsuaaiiy PM2.5
s‘zT'Nm"iﬁ‘i’sﬁylﬁﬁaﬂisﬁﬁmﬂﬁwﬁmga Missing Value Aaetnaila Temporal and Spatial
Average Value: TSA 31nran15Useiliudseansn1m nunluseaninmaniinisiiuteya
Missing Value shemafiansedia loun 1ndeyasedads (Mean) indeyafoaisegu
(Median) wagiintayaniuailey (Most-frequency) Tnelwuseansamininedaiesd
20.16 MSE

dmSUNINAIILUUTIA098YNSUIANAET - NUINAIMISTNES p, d, kag g R

a

VgAY8ILUUTIA090UNTUIA1 ARIMA g ARIMA(2, 0, 2) ddlunduuuuinastounsuviailyl
Badu nuanIvaaeanuLUUSaeseun sl Badu ANN, LSTM, kag ANFIS 7ilvia
UseiluuszAnBmATian Ao ANN 32 2, LSTM 4 4, uag ANFIS 2 GBELLMF pueddiu
Tnsfuuuiasseynsunatliduduiiivssdvsamlaosudian dmsuneinsaliu PM2.5
Ao ANFIS 2 GBELLMF laglawizetnsd sszansamadunainisifousdona wuudans
AUNTULIALULTNEY ANFIS 2 GBELLMF M nailuszduinilmindu srsanuuusiaes
ounsunalsiBadu ANN 32 2 wag LSTM 4 4 dsldnanluszduniiuasdlusdmiuizous
Toya MUAIAU
NSWAILILUUTIABIBUNTUNIANANAIBLUUTARIR YN SUIA TR uas LTy -
mu‘i%’aiﬁﬁﬁwmLLUUﬁTﬂamagﬂim’gamauﬁ’gULLUUﬁ?ﬂaaaauﬂim’;mL%Mé’u ARIMA(2, 0, 2)

AukuudnaatoynsuIatliidadu ANFIS 2 GBELLMF lngi3enwuudnassaynsuanaydl
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11 ARIMA-ANFIS 8a31nn15Us81uUsEansn1nnudn LuudnaeeeunsuiiaIngy ARIMA-
ANFIS 7l Residual annnaniswennsaiveseynsuiandadu ARIMA 1unidludeyadng
yospynsualiifadu ANFIS Iseansnmifian (uunil 4 agd1sdamueynsunaisay
ARIMA-ANFIS Wil 2) Taefluuudiasseynsuiaines ARIMA-ANFIS aziiussansamandi
wuSaeseynsunaAeIeEwesdign 4.08%

‘1/15&"\]1ﬂﬁgUQ’luaﬁ]uﬂﬁjlﬁU%UUiﬂﬂigaVl%ﬂ’]WLLUURT’]@ENEJHM@JLU@’]N&N ARIMA-ANFIS
HIUNTEUIUNIS Hyperparameter Optimization 9e8ana3fiyu GA kag PSO Nan1susuuse
UsgAvBammuninuuudnaeseynsunaing ARIMA-ANFIS fufuussiedane3iiu PSO Tt
UssAndnmifiudulneswiiiandl 7.85% uddesuansunanfildizousdoyaveuuudians
DUNTUNIRHAUNALNNG

dmsunistssdunagaiieresnuided unisussifiunasiunisweinsaidu
PM2.5 aetisngandaianugulss Sadunnsssaunaluguiuuin gLy sitiag
Yuliageuiisafuuafinniseinia sidlunagd19Useina anuanistsziiulsedniam
LUUTaeeeUNTUAWEL ARIMA-ANFIS (PSO) lunsnensaldviinnnugunsevesu PM2.5

st wuindlanugndedadei 87.39%

53  UJgynwazdaiauanuz

N1INRINILUUTIaRRUNTUNAd T UNEINTlTaYaa19n ANLENYTAIvRIYn
%’a;&aaymmnmﬁu'uﬁmméﬁﬁ'ﬁgmmaﬂizﬁm%mwmaqLLUUf\i’ﬂamaiémmLam GUVINGIVB
dnutiguidosanuldanysaivestoyafiitoya Missing Value Uszanafosas 6.4 uas
Missing Value ax1dugasinsofuy snduiiazdediaudidey Feanuisedldldisnsiu
Joyasniginaila TSA

LUUTIAEIOY NI NT Ld U ARIMA LT uLUUTIaeseYNTUIAMINAR AT 1
UsgAnBaings Linanswernsaliluiudladsnminuuudiasseynsunaidu 4 usfigases
13 09n15ld 9w 1T pearnid unuuTianaUszLan Parametric Model 7 ag# aarmun
Amsinesiidda 3 A1 ldun p, d, wae q ﬂﬂamimmﬁmmsammqui’lﬁt,m%
Aana Azfedldnszuiunsiasistayariu Auto Correlation Function: ACF uag Partial
Autocorrelation Function: PACF saufissiesiiasnziinnudu Stationary vesgedayaaynsy
na18nde dmsuanuidedldidenldisnsmainnsimes p, d, LAz g VILUUTIADY
9YNTUIAT ARIMA H Auto Function 4840191 Python Ssenaazdwmalilaildidmmisiimes

p, d, Uay q Nuinzauign usdwalitianuazainuazldiiaididuanusdu
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INHANTNYINTAIE Y PM2.5 63911 Y09 UUT1a090UNTUIAMEAN ARIMA-ANFIS

[y v

(PSO) Autpdeyanaaoy Tsiivaaian 1 T wuiwuudiasseynsuiatiitiauelinans
wensalfalutaengsu Fadutananiifidnuianasu PM2.5 duasdannuiuniules u
deuvudasseynsunafitiauewsinsaiu PM2.5 Tunthuds Faduriaaniivianosu
PM2.5 fengauarAeudisdiaiuiuniu ndunueiauaaiaedeuigeiu wandiistuin

v

LUUTIaBIIYNTLIAIHAN ARIMA-ANFIS (PSO) Saflgnfidiosuiulsiey Tnovnagideuusii
mnmislaemsifisdeyaouiieadesiuiaanm wu deyangnia vieteyaveudeu 1y
fu Snuuavanils Ae Waunuudiaoseynsuaisas ARIMA-ANFIS (PSO) deuuudiasd
Tnguuudiasseynsunanauivds dmiunensaliju PM2.5 Preifidngs @emiiuds) way
LuUTaeeYn T HALTaes dmdunennsaliiu PM2.5 PaeiiduTinasie (daamhei)
NuAnwITelueuanasfnyilazinszuiunsdmiunsnseutoyasun A

PM2.5 Aiusednsnmiiiovenenulinsaunudswmingu 9 vessuinalne
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1. WsunsudmSuRIuILUUTI8099YNINLIaT ARIMA d1usunensaliu

PM2.5 879%ti1 #8A19 Python

HAHBHHHHBH TR AR AR HE BEGIN ARIMA #H#H#H TG HAH TR HGHAH TG ARG
from IPython.display import display, HTML
display(HTML("<style>.container { width:90% limportant; }</style>"))

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt

plt.rcParams['font.family"] = "Times New Roman"

method = "ARIMA"
city = "RAYONG"
pm_type = "PM2dot5"

## Load dataset

working_path = "/home/anupong/works/2022-trimester-0265/thesis/"

file_ name = pm_type + " "+ city + " "+ method + " DATASET.csv"

data_path = working path + "dataset/" + pm_type + "/csv/use/" + city + "/" + method + "/"
pm_data = data_path + file_name

missing_values = ["'n/a", "na", "--", "null", "?"]

data = pd.read_csv(pm_data, na_values = missing values)

print("\nMissing values: \n", data.isnull().sum() + data.isna().sum()) #Check missing values

print("\\nData Size: ", len(data))

## Set time index to dataframe
data['Date"] = pd.date_range(start = "1/1/2017", periods = len(data), freq = "D")
data = data.set_index(["Date"])

data.columns = [pm_type]

## Plot to overview the dataset
pm_str = "PM" + r"S\mathrm{_{2.5}}$"
pm_mgpm3 = "PM" + r"S\mathrm{ {2.51$ " + r"S\mathrm{(\mu}$" + "¢/m" + r"S\mathrm{A{3})}s"
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plt.figure(figsize = (24, 12))

datalpm_typel.plot(label = "Original", linewidth = 2, color = "gray")
datalpm_typel.rollingtwindow = 30).mean().plot(label = "30-MA", linewidth = 3, color = "orange")
plt.title(pm_str + " in " + city + " during 2017-2021", fontsize = 48)
plt.legend(fontsize = 48)

plt.xlabel("TIME", fontsize = 48)

plt.ylabel(pm_mgpm3, fontsize = 48)

plt.xticks(fontsize = 48)

plt.yticks(fontsize = 48)

plt.ylim(0, 100)

plt.grid(True)

plt.show()

plt.savefigldata path + pm_type + " " + city + " DATASET.png", dpi = 300)

## Decompose the time-series data

from statsmodels.tsa.seasonal import seasonal_decompose

results = seasonal _decompose(datalpm_typel, model = "multiplicable", period = 365)
fig, axs = plt.subplots(4, sharex = True, sharey = False, figsize = (24, 12))

fig.suptitle("Decompose of " + city + "\'s " + pm_str + " Dataset", fontsize = 48)

axs[0].plot(datalpm_type], label = "ACTUAL", linewidth = 3, color = "black")
axs[0].grid(True)

axs[0].legend(fontsize = 24)

axs[1].plot(results.trend, label = "TREND", linewidth = 3, color = "green")
axs[1].grid(True)

axs[1].legend(fontsize = 24)

axs[2].plot(results.seasonal, label = "SEASONAL", linewidth = 3, color = "blue")
axs[2].grid(True)

axs[2].legend(fontsize = 24)

axs[3].plot(results.resid, label = "RESIDUAL", linewidth = 3, color = "red")
axs[3].grid(True)

axs[3].legend(fontsize = 24)

plt.xlabel("TIME", fontsize = 48)

plt.show()
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## Check stationary of the time-series data

from statsmodels.tsa.stattools import adfuller

def ad_test(dataset):
dftest = adfuller(dataset, autolag = "AIC")
print("1. ADF: ", dftest[0])
print("2. P-Value: ", dftest[1])
print("3. Number of Lag: ", dftest[2])
print("4. Number of Observations Used for ADF Regression and Critical \
Values Calculation: ", dftest[3])
print("5. Critical Values: ")

for key, val in dftest[4].items():

print("\t", key, ": ", val)

if(dftest[1] <= 0.05) & (dftest[4]["5%"] > dftest[0]):
print("\nThe data is Stationary :) ")

else:

print("\nThe data is Non-stationary :(")

ad_test(data[pm_type])

## Plot ACF and PACF graphs
from statsmodels.graphics.tsaplots import plot_acf, plot_pacf
import statsmodels.api as sm

import warnings

warnings.filterwarnings("ignore")

fig = plt.figure(figsize = (24, 12))

ax1 = fig.add_subplot(211)

fig = sm.graphics.tsa.plot_acf(datalpm_typel.dropna(), lags = 20, ax = ax1)
ax2 = fig.add_subplot(212)

fig = sm.graphics.tsa.plot_pacf(datalpm _typel.dropna(), lags = 20, ax = ax2)
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## Find a suitable arima model configuration

from pmdarima import auto_arima

# Split the dataset into train and test set

one_year_test = 365

train = data.iloc[:-(one_year test)]

test = data.iloc[-(one_year test):]

auto_fit = auto_arimal(train[pm_type], trace = True, parallel = False, stepwise = True, \
suppress_warnings = True)

print(auto_fit.summary())

## Create and train a ARIMA model

from statsmodels.tsa.arima.model import ARIMA

regex = "ARIMAX\(([0-9]+), ([0-9]+), ([0-91+)"

summary_string = str(auto_fit.summary())

param = re.findall(regex, summary_string)

p, d, g = int(param([0][0]) , int(param[0][1]) , int(param[0][2])
print"ARIMA: ", p, d, Q)

arima = ARIMA(train[pm_typel, order = (p, d, q))
model = arima.fit()

print(model.summary())

# Save train prediction
train["Predict"l = model.predict()
train.columns = ["Observe", "Predict"]

train["Predict'].to_csv(data_path + pm type +" "+ city + " " + method +\

" STD TRAIN_PRED.csv", encoding = "utf-8")

## Run the ARIMA model forecasting - Rolling Forecast
pred =[]
for i in range(len(test)):

to_train = data.iloc[:-(one_year test) + ()]

arima = ARIMA(to_train[pm_typel, order = (p, d, @)

model = arima.fit()
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pred.append(model.forecast()[0]) #single-step forecasting

test["Predict"] = pred
test.columns = ["Observe", "Predict"]

test["Predict"].to_csv(data_path + pm type + " "+ city + " " + method +\

" STD TEST PRED.csv", encoding = "utf-8")

## Evaluate and plot the results

from sklearn.metrics import mean_squared_error
from sklearn.metrics import mean_absolute_error
from sklearn.metrics import r2_score

from statistics import mean

from math import sqgrt

## Evaluation of train set
#MAPE function
def MAPE(y actual, y_predicted):
mape = np.mean(np.abs((y_actual - y_predicted) /'y _actual)) * 100

return mape

#9%RMSE function
def PRMSE(y_actual, rmse):
prmse = (rmse / np.mean(y_actual)) * 100

return prmse

#RA2

rsqure = r2_score(train["Observe'], train["Predict"])

H#MAE

mae = mean_absolute_error(train["Observe"], train["Predict"])
#MAPE

mape = MAPE(train["Observe"], train["Predict"])

#RMSE

rmse = sgrt(mean_squared_error(train["Observe"], train["Predict'))
#%RMSE

prmse = PRMSE(train["Observe"], rmse)
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#Save the metric results to csv file
result_path = working_path + "result/metrics/PM/" + pm_type

matrics = pd.DataFrame([pm_type + " " + city + " " + method + \

" STD TRAIN", rsqure, mae, mape, rmse, prmsel)
matrics.to_csv(result_path +"/" + pm_type +\

" STD EVALU RESULTS.csv', mode = "a", index = False, header = False)

#Show results

print("\nRA2 of train: ", rsqure)
print("MAE of train: ", mae)
print("MAPE of train: ", mape)
print("RMSE of train: ", rmse)
print("%RMSE of train: ", prmse)

## Evaluation of test set

#RA2

rsqure = r2_score(test["Observe"], test["Predict"])

H#MAE

mae = mean_absolute_error(test["Observe"], test["Predict"])
#MAPE

mape = MAPE(test['Observe"], test["Predict"])

#RMSE

rmse = sgrt(mean_squared_error(test["Observe'], test["Predict"]))
#%RMSE

prmse = PRMSE(test["Observe"], rmse)

#Save the metric results to csv file
result_path = working_path + "result/metrics/PM/" + pm_type

matrics = pd.DataFrame([pm_type + " " + city + " " + method + \

" STD _TEST", rsqure, mae, mape, rmse, prmse])
matrics.to_csv(result_path +"/" + pm_type +\

" STD EVALU RESULTS.csv', mode = "a", index = False, header = False)

#Show results
print("\nRA2 of test: ", rsqure)
print("MAE of test: ", mae)
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print("MAPE of test: ", mape)
print("RMSE of test: ", rmse)
print("%RMSE of test: ", prmse)

# Plot Train

plt.figure(figsize = (24, 12))

plt.title(pm_str + " Forecasting in " + city + " of Trainset: " + method, fontsize = 48)

train["Observe"].rolling(window = 30).mean().plot(label="Observed", linewidth = 3, color = "gray")

train["Predict"].rolling(window = 30).mean().plot(label="Predicted", linewidth = 3, \
color = "red", linestyle = "dashdot")

plt.xlabel("TIME (days)", fontsize = 48)

plt.ylabel(pm_mgpm3, fontsize = 48)

plt.xticks(fontsize = 48)

plt.yticks(fontsize = 48)

plt.ylim(0, 60)

plt.grid(True)

plt.legend(fontsize = 48)

# Plot Test
plt.figure(figsize = (24, 12))
plt.title(pm_str + " Forecasting in " + city + " of Testset: " + method, fontsize = 48)
#test["Observe"].plot(label = "Observed", linewidth = 3, color = "gray")
#test["Predict"].plot(label = "Predicted", linewidth = 3, color = "red", linestyle = "dashdot")
test["Observe"l.rolling(window = 7).mean().plot(label="Observed", linewidth = 3, color = "gray")
test["Predict"l.rolling(window = 7).mean().plot(label="Predicted", linewidth = 3,\
color = "red", linestyle = "dashdot")
plt.xlabel("TIME (days)", fontsize = 48)
plt.ylabel(pm_mgpm3, fontsize = 48)
plt.xticks(fontsize = 48)
plt.yticks(fontsize = 48)
plt.ylim(0, 60)
plt.grid(True)
plt.legend(fontsize = 48)
HAHHHHGHBH TG A AR HEH END ARIMA #H8HAHEHHGHAH TGRS
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2. TWsunsudmSunaIuILUUINN9UNTULIAT ANN dausuneInsaliuy

PM2.5 879%ti1 #8A19 Python

HAHHHHAHAEH TR A ARG HAH BEGIN ANN #H#HAHHGHAH TR HAH GG HAH TG HAH B HE
from IPython.display import display, HTML
display(HTML("<style>.container { width:90% limportant; }</style>"))

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt

plt.rcParams['font.family"] = "Times New Roman"

method = "ANN"
city = "RAYONG"
pm_type = "PM2dot5"

## Load dataset

working_path = "/home/anupong/works/2022-trimester-0265/thesis/"

file_ name = pm_type + " "+ city + " "+ method + " DATASET.csv"

data_path = working path + "dataset/" + pm_type + "/csv/use/" + city + "/" + method + "/"
pm_data = data_path + file_name

missing_values = ["'n/a", "na", "--", "null", "?"]

data = pd.read_csv(pm_data, na_values = missing values)

print("\nMissing values: \n", data.isnull().sum() + data.isna().sum()) #Check missing values

print("\\nData Size: ", len(data))

## Data preparation

# train test split

one_year_test = 365

train_observe = data.iloc[:-(one_year test)]

test_observe = data.iloc[-(one_year test):]

train_data = train_observe.to_numpy()
test data = test_observe.to_numpy()

train_data = train_data.reshape((len(train_data),))
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test data = test_data.reshape((len(test data),))

## Transform time-series data to supervised learning data

from keras.preprocessing.sequence import TimeseriesGenerator

n_predictor = 3
n_target = 1
generator = TimeseriesGenerator(train_data, train_data, \

length = n_predictor, batch_size = n_target)

## Create and train ANN model
from keras.models import Sequential
from keras.layers import Dense

from keras import optimizers as opt

from timeit import default_timer as timer

number_ann_node = 64

model_name = method + " " + str(humber_ann_node) + " 2

# define model

model = Sequential(name = model _name)

model.add(Dense(number_ann node, activation = "relu’, input_dim = n_predictor))
model.add(Dense(number_ann_node, activation = "relu"))

model.add(Dense(1))

model.compile(optimizer = opt.Adam(learning rate = 0.001, beta 1 = 0.9, beta 2 = 0.999), \

loss = "mse")

model.summary()

# fit model (learning process)

stime = timer()

model fit(generator, epochs = 1000, verbose = 0)
etime = timer()

print("Time to training is ", (etime - stime), " Seconds.")

loss_per_epoch = model.history.history["loss"]

plt.figure(figsize = (24, 12))
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plt.titte(model_name, fontsize = 48)

plt.plot(range(len(loss_per _epoch)), loss per epoch, label = "Train Error", linewidth = 3, \
color = "red")

plt.legend(fontsize = 48)

plt.xlabel("EPOCH", fontsize = 48)

plt.ylabel("MSE", fontsize = 48)

plt.xticks(fontsize = 48)

plt.yticks(fontsize = 48)

plt.grid(True)

## Forecasting of train-set

pred =[]

first_eval batch = train_datal:n_predictor]

current_batch = first_eval batch.reshape(l, n_predictor)

for i in range(len(train_observe) - n_predictor):
#get the prediction value for the first batch

current_pred = model.predict(current_batch)[0]

#append the prediction into the array
pred.append(current_pred)

actual = train_datali + n_predictor]

#use the prediction to update the batch and remove the first value

current_batch = np.append(current_batchl;, 1:1, [[actuall], axis = 1)

train = pd.DataFrame(pred, columns = ["Predict"])
train_observe = data.iloc[n_predictor:-(one_year test)]
train_observe.reset_index(drop = True, inplace = True)
train['Observe"] = train_observe

train = train.astype(float)

train["Predict'].to_csv(data_path + pm_type + " "+ city + " " + method +\

" STD TRAIN_PRED.csv", encoding = "utf-8")
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## Forecasting of test-set

pred =[]

#select last three values from train-set to be predictor for fist predection
first_eval batch = train_datal-n_predictor:]

current_batch = first_eval batch.reshape(l, n_predictor)

for i in range(len(test_observe)):
# get the prediction value for the first batch

current_pred = model.predict(current_batch)[0]

# append the prediction into the array
pred.append(current_pred)

actual = test_datall]

# use the prediction to update the batch and remove the first value

current_batch = np.append(current_batchl;, 1:1, [[actuall], axis = 1)

test = pd.DataFrame(pred, columns = ["Predict"])
test_observe.reset_index(drop = True, inplace = True)
test['Observe"] = test_observe

test = test.astype(float)

test["Predict"].to_csv(data_path + pm_type + " "+ city + " " + method + \

" STD TEST PRED.csv", encoding = "utf-8")

## Evaluate and plot the results

from sklearn.metrics import mean_squared_error
from sklearn.metrics import mean_absolute error
from sklearn.metrics import r2_score

from statistics import mean

from math import sqgrt
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## Evaluation of train set
#MAPE function
def MAPE(y actual, y_predicted):
mape = np.mean(np.abs((y_actual - y_predicted) / y_actual)) * 100

return mape

#%RMSE function
def PRMSE(y_actual, rmse):
prmse = (rmse / np.mean(y_actual)) * 100

return prmse

#RA2

rsqure = r2_score(train["Observe'], train["Predict"])

H#MAE

mae = mean_absolute_error(train["Observe"], train["Predict"])
#MAPE

mape = MAPE(train["Observe"], train["Predict"])

#RMSE

rmse = sgrt(mean_squared_error(train["Observe'], train["Predict"))
#%RMSE

prmse = PRMSE(train["Observe"], rmse)

#Save the metric results to csv file
result_path = working path + "result/metrics/PM/" + pm_type

matrics = pd.DataFrame([pm_type + " " + city + " " + method + \

" STD TRAIN", rsqure, mae, mape, rmse, prmsel)
matrics.to_csv(result_path + "/* + pm_type + \

" STD EVALU RESULTS.csv', mode = "a", index = False, header = False)

#Show results

print("\nRA2 of train: ", rsqure)
print("MAE of train: ", mae)
print("MAPE of train: ", mape)
print("RMSE of train: ", rmse)
print("%RMSE of train: ", prmse)
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## Evaluation of test set

#RA2

rsqure = r2_score(test["Observe"], test["Predict"])

H#MAE

mae = mean_absolute_error(test["Observe"], test["Predict")
#MAPE

mape = MAPE(test["Observe"], test["Predict"])

#RMSE

rmse = sgrt(mean_squared_error(test["Observe'], test["Predict"])
#%RMSE

prmse = PRMSE(test["Observe"], rmse)

#Save the metric results to csv file
result_path = working_path + "result/metrics/PM/" + pm_type

matrics = pd.DataFrame([pm_type + " " + city + " " + method + \

" STD TEST", rsqure, mae, mape, rmse, prmse])
matrics.to_csw(result_path +"/" + pm_type +\

" STD EVALU RESULTS.csv', mode = "a", index = False, header = False)

#Show results

print("\nRA2 of test: ", rsqure)
print("MAE of test: ", mae)
print("MAPE of test: ", mape)
print("RMSE of test: ", rmse)
print("%RMSE of test: ", prmse)

pm_str = "PM" + r"S\mathrm{_{2.5}}$"
pm_mgpm3 = "PM" + r"S\mathrm{ {2.51$ " + r"S\mathrm{(\mu}$" + "¢/m" + r"S\mathrm{A{3})}s"

## Set date to index in train
train['Date"] = pd.date range(start = "1/4/2017", periods = len(train), freq = "D")

train = train.set_index(["Date"])

# Plot Train
plt.figure(figsize = (24, 12))

plt.title(pm_str + " Forecasting in " + city + " of Trainset: " + model_name, fontsize = 48)
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train["Observe"].rolling(window = 30).mean().plot(label="Observed", linewidth = 3, color = "gray")
train["Predict"].rolling(window = 30).mean().plot(label="Predicted", linewidth = 3, \
color = "red", linestyle = "dashdot")
plt.xlabel("TIME (days)", fontsize = 48)
plt.ylabel(pm_mgpm3, fontsize = 48)
plt.xticks(fontsize = 48)
plt.yticks(fontsize = 48)
plt.grid(True)
plt.legend(fontsize = 48)

## Set date to index in test
test['Date"] = pd.date_range(start = "1/1/2021", periods = len(test), freq = "D")
test = test.set_index(["Date"])

# Plot Test
plt.figure(figsize = (24, 12))
plt.title(pm_str + " Forecasting in " + city + " of Testset: " + model_name , fontsize = 48)
test["Observe"l.rolling(window = 7).mean().plot(label="Observed", linewidth = 3, color = "gray")
test["Predict"].rolling(window = 7).mean().plot(label="Predicted", linewidth = 3, \
color = "red", linestyle = "dashdot")
plt.xlabel("TIME (days)", fontsize = 48)
plt.ylabel(pm_mgpm3, fontsize = 48)
plt.xticks(fontsize = 48)
plt.yticks(fontsize = 48)
plt.grid(True)
plt.legend(fontsize = 48)
HUHHHHHH T A RS END ANN HH#HHEHHH A
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3. TsunsudmSunaiuiuuuldnassaynIuia LSTM dmsuneinsaléu

PM2.5 879%ti1 #8A19 Python

HAHHHHAHBEH TG HAH R HAH R AR H A BEGIN LSTM HAHAHHGHAH AT HHHHGHAH TR HAH TG HE
from IPython.display import display, HTML
display(HTML("<style>.container { width:90% limportant; }</style>"))

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt

plt.rcParams['font.family"] = "Times New Roman"

method = "LSTM"
city = "RAYONG"
pm_type = "PM2dot5"

## Load dataset

working_path = "/home/anupong/works/2022-trimester-0265/thesis/"

file_ name = pm_type + " "+ city + " "+ method + " DATASET.csv"

data_path = working path + "dataset/" + pm_type + "/csv/use/" + city + "/" + method + "/"
pm_data = data_path + file_name

missing_values = ["'n/a", "na", "--", "null", "?"]

data = pd.read_csv(pm_data, na_values = missing values)

print("\nMissing values: \n", data.isnull().sum() + data.isna().sum()) #Check missing values

print("\\nData Size: ", len(data))

## Data preparation

# train test split

one_year_test = 365

train_observe = data.iloc[:-(one_year test)]
test_observe = data.iloc[-(one_year test):]
train_data = train_observe.to_numpy()

test data = test_observe.to_numpy()
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## Transform time-series data to supervised learning data

from keras.preprocessing.sequence import TimeseriesGenerator

# define genarator (Lag t-1, t-2, t-3)

n_predictor = 3

n_target = 1

generator = TimeseriesGenerator(train_data, train_data, length = n_predictor, \

batch size = n_target)

## Create and train LSTM model
from keras.models import Sequential
from keras.layers import Dense

from keras.layers import LSTM

from keras import optimizers as opt

from timeit import default_timer as timer

number_(stm node = 16

model_name = method + "_" + str(number_lstm_node) + "_4"

# define model
model = Sequential(name = model _name)
model.add(LSTM(number_stm node, activation =\

"relu", input_shape = (n_predictor, n_target), return_sequences = True))

model.add(LSTM(number_stm node, activation = "relu’, return_sequences = True))

model.add(LSTM(number_stm node, activation = "relu", return_sequences = True))

model.add(LSTM(number_stm node, activation = "relu"))

model.add(Dense(1))

model.compile(optimizer = opt.Adam(learning rate = 0.001, beta 1 = 0.9, beta 2 = 0.999), \
loss = "mse")

model.summary()

# fit model (learning process)

stime = timer()

model fit(generator, epochs = 1000, verbose = 0)
etime = timer()

print("Time to training is ", (etime - stime), " Seconds.")
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loss_per_epoch = model.history.history["loss"]

plt.figure(figsize = (24, 12))

plt.titte(model_name, fontsize = 48)

plt.plot(range(len(loss_per _epoch)), loss per epoch, label = "Train Error", linewidth = 3, \
color = "red")

plt.legend(fontsize = 48)

plt.xlabel("EPOCH", fontsize = 48)

plt.ylabel("MSE", fontsize = 48)

plt.xticks(fontsize = 48)

plt.yticks(fontsize = 48)

plt.grid(True)

## Forecasting of train-set

pred =[]

first_eval batch = train_datal:n_predictor]

current_batch = first_eval batch.reshape(l, n_predictor, n_target)

for i in range(len(train_observe) - n_predictor):
#get the prediction value for the first batch

current_pred = model.predict(current_batch)[0]

#append the prediction into the array
pred.append(current_pred)

actual = train_datali + n_predictor]

#use the prediction to update the batch and remove the first value

current_batch = np.append(current batch[;, 1:, :], [[actualll, axis = 1)

train = pd.DataFrame(pred, columns = ["Predict"])
train_observe = data.iloc[n_predictor:-(one_year test)]
train_observe.reset_index(drop = True, inplace = True)
train["Observe"] = train_observe

train = train.astype(float)

train["Predict'].to_csv(data_path + pm_type + " " + city + + method +\

" STD TRAIN_PRED.csv", encoding = "utf-8")
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## Forecasting of test-set

pred =[]

#select last three values from train-set to be predictor for fist predection
first_eval batch = train_datal-n_predictor:]

current_batch = first_eval batch.reshape(1, n_predictor, n_target)

for i in range(len(test_observe)):
# get the prediction value for the first batch

current_pred = model.predict(current_batch)[0]

# append the prediction into the array
pred.append(current_pred)

actual = test_datall]

# use the prediction to update the batch and remove the first value

current_batch = np.append(current_batchl;, 1:, 3], [[actualll, axis = 1)

test = pd.DataFrame(pred, columns = ["Predict"])
test_observe.reset_index(drop = True, inplace = True)
test['Observe"] = test_observe

test = test.astype(float)

test["Predict"].to_csv(data_path + pm_type + " "+ city + " " + method +\

" STD TEST PRED.csv", encoding = "utf-8")

## Evaluate and plot the results

from sklearn.metrics import mean_squared_error
from sklearn.metrics import mean_absolute error
from sklearn.metrics import r2_score

from statistics import mean

from math import sqgrt
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## Evaluation of train set
#MAPE function
def MAPE(y actual, y_predicted):
mape = np.mean(np.abs((y_actual - y_predicted) / y_actual)) * 100

return mape

#%RMSE function
def PRMSE(y_actual, rmse):
prmse = (rmse / np.mean(y_actual)) * 100
return prmse
#RA2
rsqure = r2_score(train["Observe'], train["Predict"])
H#MAE
mae = mean_absolute_error(train["Observe"], train["Predict"])
#MAPE
mape = MAPE(train["Observe"], train["Predict"])
#RMSE
rmse = sgrt(mean_squared_error(train["Observe], train["Predict']))
#%RMSE

prmse = PRMSE(train["Observe"], rmse)

#Save the metric results to csv file
result_path = working path + "result/metrics/PM/" + pm_type

matrics = pd.DataFrame([pm_type + " " + city + " " + method + \

" STD TRAIN", rsqure, mae, mape, rmse, prmsel)
matrics.to_csv(result_path + "/" + pm_type +\

" STD EVALU RESULTS.csv', mode = "a", index = False, header = False)

#Show results

print("\nRA2 of train: ", rsqure)
print("MAE of train: ", mae)
print("MAPE of train: ", mape)
print("RMSE of train: ", rmse)
print("%RMSE of train: ", prmse)
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## Evaluation of test set

#RA2

rsqure = r2_score(test["Observe"], test["Predict"])

H#MAE

mae = mean_absolute_error(test["Observe"], test["Predict")
#MAPE

mape = MAPE(test["Observe"], test["Predict"])

#RMSE

rmse = sgrt(mean_squared_error(test["Observe"], test["Predict"])
#%RMSE

prmse = PRMSE(test["Observe"], rmse)

#Save the metric results to csv file
result_path = working_path + "result/metrics/PM/" + pm_type

matrics = pd.DataFrame([pm_type + " " + city + " " + method + \

" STD TEST", rsqure, mae, mape, rmse, prmse])
matrics.to_csw(result_path +"/" + pm_type +\

" STD EVALU RESULTS.csv', mode = "a", index = False, header = False)

#Show results

print("\nRA2 of test: ", rsqure)
print("MAE of test: ", mae)
print("MAPE of test: ", mape)
print("RMSE of test: ", rmse)
print("%RMSE of test: ", prmse)

pm_str = "PM" + r"S\mathrm{_{2.5}}$"
pm_mgpm3 = "PM" + r"S\mathrm{ {2.51$ " + r"S\mathrm{(\mu}$" + "¢/m" + r"S\mathrm{A{3})}s"

## Set date to index in train
train['Date"] = pd.date range(start = "1/4/2017", periods = len(train), freq = "D")

train = train.set_index(["Date"])

# Plot Train
plt.figure(figsize = (24, 12))

plt.title(pm_str + " Forecasting in " + city + " of Trainset: " + model_name, fontsize = 48)
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train["Observe"].rolling(window = 30).mean().plot(label="Observed", linewidth = 3, color = "gray")

train["Predict"].rolling(window = 30).mean().plot(label="Predicted", linewidth = 3, \
color = "red", linestyle = "dashdot")

plt.xlabel("TIME (days)", fontsize = 48)

plt.ylabel(pm_mgpm3, fontsize = 48)

plt.xticks(fontsize = 48)

plt.yticks(fontsize = 48)

plt.grid(True)

plt.legend(fontsize = 48)

## Set date to index in test

test['Date"] = pd.date_range(start = "1/1/2021", periods = len(test), freq = "D")

test = test.set_index(["Date"])

# Plot Test
plt.figure(figsize = (24, 12))
plt.title(pm_str + " Forecasting in " + city + " of Testset: " + model_name , fontsize = 48)
test["Observe"l.rolling(window = 7).mean().plot(label="Observed", linewidth = 3, color = "gray")
test["Predict"].rolling(window = 7).mean().plot(label="Predicted", linewidth = 3, \
color = "red", linestyle = "dashdot")
plt.xlabel("TIME (days)", fontsize = 48)
plt.ylabel(pm_mgpm3, fontsize = 48)
plt.xticks(fontsize = 48)
plt.yticks(fontsize = 48)
plt.grid(True)
plt.legend(fontsize = 48)
HAHBHHAHAEH A ARG A H R HAH END LSTM HeH#H S HAH G HEH GRS
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4. WiunsudmSunmuInuuIassaynsue ANFIS dusuneinsalsu

PM2.5 829%11 #8191 Matlab uag Python

HHHHHHHHHH A AR BEGIN ANFIS HE##H### A HHH AT
%% MATLAB-PART %%
%% MODELING %%

clc; close all;

%% Load data from csv file into array
method = 'ANFIS'

city = 'RAYONG

pmType = 'PM2dot5',

numMF = 2;

inputMF = 'gaussmf’;

outputMF = 'constant;

topology = '2. GAUSSMF'

fileName = strcat(pmType, ' |, city, ', method, ' DATASET.csv);

dataPath = strcat('/home/anupong/works/2022-trimester-0265/thesis/dataset/', \
pmType, '/csv/use/, city, /', method, '/";

dataFile = strcat(dataPath, fileName)

rawData = readtable(dataFile, 'VariableNamingRule', ‘preserve);

dataset = table2array(rawData);

%% Split the dataset into train/test dataset
oneYearTest = 365;

numTrain = size(dataset, 1) - oneYearTest;
trainData = dataset(1:numTrain, :);

testData = dataset(humTrain + 1:end, :);

%% Create Sugino-FIS architechture

fisOption = genfisOptions(‘GridPartition");
fisOption.NumMembershipFunctions = numMF;
fisOption.InputMembershipFunctionType = inputMF;
fisOption.OutputMembershipFunctionType = outputMF;
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%fisOption = genfisOptions('SubtractiveClustering');

fis = genfis(trainData(;, 1:end - 1), trainData(;, end), fisOption)

%% Tune Sugino-FIS parameters with ANFIS

rmg(‘shuffle’);

epoch = 1000;

[in, out, rule] = getTunableSettings(fis)

tune = tunefisOptions('Method', 'anfis', 'OptimizationType', 'tuning', 'UseParallel’, false);

tune.MethodOptions.EpochNumber = epoch; %Default is 10.
tune.MethodOptions.ErrorGoal = 0.1; %Default is 0.
tune.MethodOptions.InitialStepSize = 0.01; %Default is 0.01.
tune.MethodOptions.StepSizelncreaseRate = 1.1, %Default is 1.1.
tune.MethodOptions.StepSizeDecreaseRate = 0.9; %Default is 0.9.
tune.MethodOptions.OptimizationMethod = 1; %Default is 1.
%tune.MethodOptions.ValidationData = [J; %Default is empty array.

%Display options

tune.MethodOptions.DisplayErrorValues = 1; %Default is 1.
tune.MethodOptions.DisplayStepSize = 1; %Default is 1.
tune.MethodOptions.DisplayFinalResults = 1; %Default is 1.

%% Capture the time of learning process
tStart = tic;
[myfis, summary] = tunefis(fis, [in; out], trainData(;, 1:end - 1), trainData(;, end), tune)

elabTime = toc(tStart)

%% Save the ANFIS model
modelFile = strcat(dataPath, pmType, ' ', city, ' ', method, ' ', topology, ' MODEL.mat);

save(modelFile);

%% EVALUATEING %%

clc; close all;

%% Load ANFIS model and all variales
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method = 'ANFIS'

city = 'RAYONG;
pmType = 'PM2dot5';
topology = '2_ GBELLMF'

fileName = strcat{(pmType, ' ', city, ', method, ' ', topology, ' MODEL.mat";

dataPath = strcat(’/home/anupong/works/2022-trimester-0265/thesis/dataset/', \
pmType, /csv/use/', city, /', method, /');

modelFile = strcat(dataPath, fileName)

load(modelFile);

%% Evaluate the ANFIS models
predictTrain = evalfis(myfis, trainData(;, 1:end - 1));
predictTest = evalfis(myfis, testData(;, 1:end - 1));

%% Calculate the assessment of prediction
%RN2
rsqureTrain = 1 - (sum((trainData(;, end) - predictTrain).A2) / \
sum((trainData(;, end) - mean(trainData(;, end))).A2));
rsqureTest = 1 - (sum((testData(;, end) - predictTest).A2) / \
sum((testData(;, end) - mean(testData(;, end))).A2));
%RMSE
rmseTrain = sgrtimmse(predictTrain, trainData(;, end)));
rmseTest = sgrt(immse(predictTest, testData(:, end)));
%PRMSE
prmseTrain = (100 / mean(trainData(;, end))) * rmseTrain;
prmseTest= (100 / mean(testData(;, end))) * rmseTest;
%MAE
maeTrain = mae((trainData(;, end) - predictTrain));
maeTest = mae((testData(;, end) - predictTest));
%MAPE
mapeTrain = mean(abs((trainData(;, end) - predictTrain) ./ trainData(;, end))) * 100;
mapeTest = mean(abs((testData(;, end) - predictTest) ./ testData(;, end))) * 100;

%% Keep results
learningTime = elabTime

trainResults = [rsqureTrain; maeTrain; mapeTrain; rmseTrain; prmseTrain]
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testResults = [rsqureTest; maeTest; mapeTest; rmseTest; prmseTest]

%% Save forecasted results to csv file
saveTrain = strcat(dataPath, pmType, ' ', city, ' ', method, ' ', topology, ' TRAIN.csv);
saveTest = strcat(dataPath, pmType, ' |, city, ' ', method, ' ', topology, ' TEST.csv);
savelLearning = strcat(dataPath, pmType, ' ', city, ' ', method, ' ', topology, ' LEARNING.csV');
saveTrainResults = strcat(dataPath, pmType, ' ', city, ' ', method, ' ', topology, \

' TRAIN_RESULTS.csv);
saveTestResults = strcat(dataPath, pmType, ' |, city, ' ', method, ' ', topology, \

' TEST RESULTS.csv');
savelLearningTime = strcat(dataPath, pmType, ' |, city, ' ', method, ' ', topology, \

" LEARNING_TIME.txt);

writematrix(predictTrain, saveTrain);

writematrix(predictTest, saveTest);
writematrix(summary.tuningOutputs.trainError, savel.earning);
writematrix(trainResults, saveTrainResults);
writematrix(testResults, saveTestResults);

writematrix(learningTime, savelLearningTime);

%% Save matlab workspace

resultsPath = strcat(’/home/anupong/works/2022-trimester-0265/thesis/result/matlab/PM/', \
pmType, /)

saveName = [datestr(now, 'yyyy-mmm-dd_HHMMSS)), ', pmType, ' |, city, "', \
method, ' ', topology, ' RESULTS.mat1;

strSave = append(resultsPath, saveName)

save(strSave);

## PYTHON-PART ##
from IPython.display import display, HTML
display(HTML("<style>.container { width:90% limportant; }</style>"))

import pandas as pd
import numpy as np

import matplotlib.pyplot as plt
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plt.rcParams['font.family"] = "Times New Roman"

method = "ANFIS"

city = "RAYONG"
pm_type = "PM2dot5"
topology = "2 _GBELLMF"

## Load dataset to show

working path = "/home/anupong/works/2022-trimester-0265/thesis/"

data_path = working path + "dataset/" + pm_type + "/csv/use/" + city + /" + method + "/"
file_ name = pm_type +" "+ city + " " + method + " DATASET.csv"

pm_data = data_path + file_name

missing_values = ['n/a", "na", "--", "null", "?"]

data = pd.read_csv(pm_data, na_values = missing values)

print("\nMissing values: \n", data.isnull().sum() + data.isna().sum()) #Check missing values

print("\nData Size: ", len(data))

## Create ANFIS and Training with the ANFIS in Matlab

import os

code_dir = "code/matlab/PM/"

+city + "

matlib_file = pm_type + + method +" " + topology + " MODEL.m"

run = "time matlab -nodisplay -nosplash -nodesktop -r"
cmd = run + " \"'run(\" + working_path + code dir + pm_type + "/" +\
city +"/" + matlib_file + "\); exit;\""

os.system(cmd)

## train test split and collect the result data
one_year_test = 365

train_observe = data.iloc[:-(one_year test)]
test_observe = data.iloc[-(one_year test):]

test_observe.reset_index(drop = True, inplace = True)

train = pd.DataFrame()
test = pd.DataFrame()

train["Observe"] = train_observe["t"]
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test['Observe'] = test_observe["t"]

model_name = method + " " + topology

+city + "

file_prefix = pm_type + + method + " " + topology

train_time = np.loadtxt(data_path + file_prefix + " LEARNING TIME.txt")

learning = pd.read_csv(data_path + file_prefix + " LEARNING.csv", header = None)
learning["MSE"] = pow(learning, 2)

learning.columns = ["RMSE", "MSE"]

train_pred = pd.read csv(data path + file_prefix + " TRAIN.csv', header = None)
test_pred = pd.read_csv(data_path + file_prefix + " TEST.csv', header = None)
train["Predict"] = train_pred

test["Predict"] = test_pred

## Plot learning graph

print("\nTime to training is ", train_time, " Seconds.")

# plot learning

plt.figure(figsize = (24, 12))

plt.titte(model_name, fontsize = 48)

plt.plot(range(len(learing)), learning["MSE"], label = "Train Error", linewidth = 3, color = "red")
plt.legend(fontsize = 48)

plt.xlabel("EPOCH", fontsize = 48)

plt.ylabel("MSE", fontsize = 48)

plt.xticks(fontsize = 48)

plt.yticks(fontsize = 48)

plt.grid(True)

## Evaluate and plot the results

from sklearn.metrics import mean_squared_error
from sklearn.metrics import mean_absolute_error
from sklearn.metrics import r2_score

from statistics import mean

from math import sqgrt

## Evaluation of train set

#MAPE function
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def MAPE(y actual, y_predicted):
mape = np.mean(np.abs((y_actual - y predicted) / y _actual)) * 100

return mape

#%RMSE function
def PRMSE(y_actual, rmse):
prmse = (rmse / np.mean(y actual)) * 100

return prmse

#RA2

rsqure = r2_score(train["Observe'], train["Predict"])

H#MAE

mae = mean_absolute_error(train["Observe"], train["Predict"])
#MAPE

mape = MAPE(train["Observe"], train["Predict"])

#RMSE

rmse = sgrt(mean_squared_error(train["Observe'], train["Predict")
#%RMSE

prmse = PRMSE(train["Observe"], rmse)

#Save the metric results to csv file
result_path = working path + "result/metrics/PM/" + pm_type

matrics = pd.DataFrame([pm_type + " " + city + " " + method + \

" STD TRAIN", rsqure, mae, mape, rmse, prmsel)
matrics.to_csw(result path +"/" + pm_type +\

" STD EVALU RESULTS.csv', mode = "a", index = False, header = False)

#Show results

print("\nRA2 of train: ", rsqure)
print("MAE of train: ", mae)
print("MAPE of train: ", mape)
print("RMSE of train: ", rmse)
print("%RMSE of train: ", prmse)

## Evaluation of test set

H#RA2
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rsqure = r2_score(test["Observe"], test["Predict"])

H#MAE

mae = mean_absolute_error(test["Observe"], test["Predict")
#MAPE

mape = MAPE(test["Observe"], test["Predict"])

#RMSE

rmse = sgrt(mean_squared_error(test["Observe'], test["Predict"]))
#%RMSE

prmse = PRMSE(test["Observe"], rmse)

#Save the metric results to csv file
result_path = working path + "result/metrics/PM/" + pm_type

matrics = pd.DataFrame([pm_type + " " + city + " " + method + \

" STD _TEST", rsqure, mae, mape, rmse, prmse])
matrics.to_csw(result_path +"/" + pm_type +\

" STD EVALU RESULTS.csv', mode = "a", index = False, header = False)

#Show results

print("\nRA2 of test: ", rsqure)
print("MAE of test: ", mae)
print("MAPE of test: ", mape)
print("RMSE of test: ", rmse)
print("%RMSE of test: ", prmse)

pm_str = "PM" + r"S\mathrm{_{2.5}}$"
pm_mgpm3 = "PM" + r"S\mathrm{ {2.51$ " + r"S\mathrm{(\mu}$" + "¢/m" + r"S\mathrm{A{3})}s"

## Set date to index in train
train['Date"] = pd.date range(start = "1/4/2017", periods = len(train), freq = "D")

train = train.set_index(["Date"])

# Plot Train

plt.figure(figsize = (24, 12))

plt.title(pm_str + " Forecasting in " + city + " of Trainset: " + model_name, fontsize = 48)
train["Observe"].rolling(window = 30).mean().plot(label = "Observed", linewidth = 3, color = "gray")

train["Predict"].rolling(window = 30).mean().plot(label = "Predicted", linewidth = 3, \
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color = "red", linestyle = "dashdot")
plt.xlabel("TIME (days)", fontsize = 48)
plt.ylabel(pm_mgpm3, fontsize = 48)
plt.xticks(fontsize = 48)
plt.yticks(fontsize = 48)
plt.grid(True)
plt.legend(fontsize = 48)

## Set date to index in test
test['Date"] = pd.date_range(start = "1/1/2021", periods = len(test), freq = "D")
test = test.set_index(["Date"])

# Plot Test
plt.figure(figsize = (24, 12))
plt.title(pm_str + " Forecasting in " + city + " of Testset: " + model _name , fontsize = 48)
test["Observe"l.rolling(window = 7).mean().plot(label = "Observed", linewidth = 3, color = "gray")
test["Predict"].rolling(window = 7).mean().plot(label = "Predicted", linewidth = 3, \
color = "red", linestyle = "dashdot")
plt.xlabel("TIME (days)", fontsize = 48)
plt.ylabel(pm_mgpm3, fontsize = 48)
plt.xticks(fontsize = 48)
plt.yticks(fontsize = 48)
plt.grid(True)
plt.legend(fontsize = 48)
HAHBHHAGHBEH R AR AR HAH END ANFIS H##HH#HEHHH A AT
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5. TWsunsudmsuuiulgannsiinasvasiuuinaad ARIMA_ANFIS d145U
wensallu PM2.5 829911 HIUNTEUIUAIT Optimization AQ8A187

Matlab

%% % %% % %% %% %% % % % %% %%%% %% GA-PART %% %% %% % % % %% %% % % % %% % %% %
%% MODELING %%

clc; close all;

%% Load data from csv file into array

opt = 'GA'
method = 'ARIMA_ANFIS'
city = 'RAYONG

pmType = 'PM2dot5,
numMF = 2;
inputMF = 'gbellmf’;

outputMF = 'constant;

fileName = strcat(pomType, ' |, city, ' ', method, ' RESID_DATASET.csv);

dataPath = strcat('/home/anupong/works/2022-trimester-0265/thesis/dataset/', \
pmType, '/csv/use/, city, /', method, '/";

dataFile = strcat(dataPath, fileName)

rawData = readtable(dataFile, 'VariableNamingRule', ‘preserve);

dataset = table2array(rawData);

%% Split the dataset into train/test dataset
oneYearTest = 365;

numTrain = size(dataset, 1) - oneYearTest;
trainData = dataset(1:numTrain, 3);

testData = dataset(humTrain + 1:end, :);

%% Create Sugino-FIS architechture

fisOption = genfisOptions(‘GridPartition");
fisOption.NumMembershipFunctions = numMF;
fisOption.InputMembershipFunctionType = inputMF;
fisOption.OutputMembershipFunctionType = outputMF;
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%fisOption = genfisOptions('SubtractiveClustering');

fis = genfis(trainData(;, 1:end - 1), trainData(:, end), fisOption)

%9%Tune Sugino-FIS parameters with GA.
numberOfWorkers = 32;
pool = parpool(numberOfWorkers);

mpiprofile on;

rmg(‘shuffle’);

epoch = 1000;

[in, out, rule] = getTunableSettings(fis)

tune = tunefisOptions('Method', 'ga’, 'OptimizationType', 'tuning', 'UseParallel’, true);
tune.MethodOptions.PopulationSize = 512%Default is 50 when nvars <= 5, 200 otherwise.
tune.MethodOptions.SelectionFcn = @selectionroulette;  9%Default is 'selectionstochunif'.
tune.MethodOptions.CrossoverFcn = @crossovertwopoint; 9%Default is 'crossoverscattered'.
muRate = 0.01; %Default is 0.01.

tune.MethodOptions.MutationFcn = {@mutationuniform, muRate};%Default is 'mutationgaussian'.

tune.MethodOptions.MaxGenerations = epoch; %Default is 100*nvars.
tune.MethodOptions.FitnessLimit = 0.1, %Default is -Inf.
%tune.MethodOptions.MaxStallGenerations = 20; %Default is 50.

%K-Fold Cross-Validation.

rng('default);

tune.KFoldValue = 0; %Default is 0.
tune.ValidationWindowsSize = 2; %Default is 5.
tune.ValidationTolerance = 0.05; %Default is 0.1, value in the range [0,1].

%% Capture the time of learning process
tStart = tic;
[myfis, summary] = tunefis(fis, [in; out], trainData(;, 1:end - 1), trainData(;, end), tune)

elabTime = toc(tStart)

%% Save the ANFIS model
filePrefix = strcat(pmType, ' ', city, ' ARIMA_FIS', opt);
modelFile = strcat(dataPath, filePrefix, ' MODEL.mat");
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save(modelFile);

%% EVALUATING %%

clc; close all;

%% Load ARIMA_ANFIS model and all variales

opt = 'GA'
method = 'ARIMA_ANFIS'
city = 'RAYONG

pmType = 'PM2dot5';

filePrefix = strcat(pmType, ' ', city, ' ARIMA_FIS', opt);

fileName = strcat(filePrefix, ' MODEL.mat");

dataPath = strcat(’/home/anupong/works/2022-trimester-0265/thesis/dataset/', \
pmType, /csv/use/', city, /', method, '/');

modelFile = strcat(dataPath, fileName)

load(modelFile);

%% Evaluate the ANFIS models
predictTrain = evalfis(myfis, trainData(;, 1:end - 1));
predictTest = evalfis(myfis, testData(;, 1:end - 1));

%% Calculate the assessment of prediction

%RN2

rsqureTrain = 1 - (sum((trainData(;, end) - predictTrain).A2) / \
sum((trainData(;, end) - mean(trainData(;, end))).A2));

rsqureTest = 1 - (sum((testData(;, end) - predictTest).A2) / \
sum((testData(:, end) - mean(testData(:, end))).A2));

%RMSE

rmseTrain = sgriimmse(predictTrain, trainData(;, end)));

rmseTest = sgrt(immse(predictTest, testData(;, end)));

%PRMSE

prmseTrain = (100 / mean(trainData(;, end))) * rmseTrain;

prmseTest= (100 / mean(testData(;, end))) * rmseTest;

%MAE

maeTrain = mae((trainData(;, end) - predictTrain));

maeTest = mae((testData(;, end) - predictTest));
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%MAPE
mapeTrain = mean(abs((trainData(;, end) - predictTrain) ./ trainData(;, end))) * 100;
mapeTest = mean(abs((testData(;, end) - predictTest) ./ testData(;, end))) * 100;

%% Keep results
learningTime = elabTime
trainResults = [rsqureTrain; maeTrain; mapeTrain; rmseTrain; prmseTrain]

testResults = [rsqureTest; maeTest; mapeTest; rmseTest; prmseTest]

%% Save forecasted results to csv file

saveTrain = strcat(dataPath, filePrefix, ' TRAIN_PRED.csv);

saveTest = strcat(dataPath, filePrefix, ' TEST PRED.csv);
%savelearning = strcat(dataPath, filePrefix, ' LEARNING.csv);
saveTrainResults = strcat(dataPath, filePrefix, ' TRAIN_ RESULTS.csv);
saveTestResults = strcat(dataPath, filePrefix, ' TEST RESULTS.csv');
savelLearningTime = strcat(dataPath, filePrefix, ' LEARNING TIME.txt);

writematrix(predictTrain, saveTrain);
writematrix(predictTest, saveTest);
Y%writematrix(summary.tuningOutputs.scores, savelearning);
writematrix(trainResults, saveTrainResults);
writematrix(testResults, saveTestResults);

writematrix(learningTime, savelearningTime);

%% Save matlab workspace

resultsPath = strcat(’/home/anupong/works/2022-trimester-0265/thesis/result/matlab/PM/', \
pmType, /%

saveName = [datestr(now, 'yyyy-mmm-dd HHMMSS"), -, filePrefix, ' RESULTS.mat'l;

strSave = append(resultsPath, saveName)

save(strSave);
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%% %96 %% %% %% % %% %% %% % %% %% PSO-PART %% %% % % % %% % % % % % %% %% % %% %
%% MODELING %%

clc; close all;

%% Load data from csv file into array

opt = 'PSO'
method = 'ARIMA_ANFIS'
city = 'RAYONG

pmType = 'PM2dot5',
numMF = 2;
inputMF = 'gbellmf’;

outputMF = 'constant;

fileName = strcat(pmType, ' ', city, ' ', method, ' RESID DATASET.csv);

dataPath = strcat(’/home/anupong/works/2022-trimester-0265/thesis/dataset/', \
pmType, /csv/use/', city, /', method, '/);

dataFile = strcat(dataPath, fileName)

rawData = readtable(dataFile, 'VariableNamingRule', 'preserve));

dataset = table2array(rawData);

%% Split the dataset into train/test dataset
oneYearTest = 365;

numTrain = size(dataset, 1) - oneYearTest;
trainData = dataset(1:numTrain, 3);

testData = dataset(humTrain + l:end, :);

%% Create Sugino-FIS architechture

fisOption = genfisOptions(‘GridPartition’);
fisOption.NumMembershipFunctions = numMF;
fisOption.InputMembershipFunctionType = inputMF;
fisOption.OutputMembershipFunctionType = outputMF;

%fisOption = genfisOptions(‘SubtractiveClustering');

fis = genfis(trainData(;, 1:end - 1), trainData(;, end), fisOption)
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%9%Tune Sugino-FIS parameters with PSO.
numberOfWorkers = 32;
pool = parpool(numberOfWorkers);

mpiprofile on;

rmg(‘shuffle’);

epoch = 1000;

[in, out, rule] = getTunableSettings(fis)

tune = tunefisOptions('Method', 'particleswarm’, 'OptimizationType', 'tuning’, 'UseParallel, true);
tune.MethodOptions.SwarmSize = 512 %Default is min(100,10*nvars),

%where nvars is the number of variables.

tune.MethodOptions.Maxlterations = epoch; %Default is 200*nvars.
tune.MethodOptions.ObjectivelLimit = 0.1; %Default is -Inf.
tune.MethodOptions.MaxStalllterations = 50; %Default is 20.

%K-Fold Cross-Validation.

rng('default);

tune.KFoldValue = 0; %Default is 0.
tune.ValidationWindowsSize = 2; %Default is 5.

tune.ValidationTolerance = 0.05; %Default is 0.1, value in the range [0,1].

%% Capture the time of learning process
tStart = tic;
[myfis, summary] = tunefis(fis, [in; out], trainData(;, 1:end - 1), trainData(;, end), tune)

elabTime = toc(tStart)

%% Save the ANFIS model
filePrefix = strcat(pmType, ' ', city, ' ARIMA_FIS', opt);
modelFile = strcat(dataPath, filePrefix, ' MODEL.mat");

save(modelFile);

%% EVALUATING %%

clc; close all;

%% Load ANFIS model and all variales
opt = 'PSO'
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method = 'ARIMA_ANFIS'

city = 'RAYONG;

pmType = 'PM2dot5,

filePrefix = strcat(pmType, ' ', city, ' ARIMA_FIS', opt);
fileName = strcat(filePrefix, ' MODEL.mat");

dataPath = strcat(’/home/anupong/works/2022-trimester-0265/thesis/dataset/', \
pmType, /csv/use/', city, /', method, /');

modelFile = strcat(dataPath, fileName)

load(modelFile);

%% Evaluate the ANFIS models
predictTrain = evalfis(myfis, trainData(;, 1:end - 1));
predictTest = evalfis(myfis, testData(;, 1:end - 1));

%% Calculate the assessment of prediction
%RN2
rsqureTrain = 1 - (sum((trainData(;, end) - predictTrain).A2) / \
sum((trainData(;, end) - mean(trainData(;, end))).A2));
rsqureTest = 1 - (sum((testData(;, end) - predictTest).A2) / \
sum((testData(;, end) - mean(testData(;, end))).A2));
%RMSE
rmseTrain = sgrtimmse(predictTrain, trainData(;, end)));
rmseTest = sgrt(immse(predictTest, testData(:, end)));
%PRMSE
prmseTrain = (100 / mean(trainData(;, end))) * rmseTrain;
prmseTest = (100 / mean(testData(;, end))) * rmseTest;
%MAE
maeTrain = mae((trainData(;, end) - predictTrain));
maeTest = mae((testData(;, end) - predictTest));
%MAPE
mapeTrain = mean(abs((trainData(;, end) - predictTrain) ./ trainData(;, end))) * 100;
mapeTest = mean(abs((testData(;, end) - predictTest) ./ testData(;, end))) * 100;

%% Keep results
learningTime = elabTime

trainResults = [rsqureTrain; maeTrain; mapeTrain; rmseTrain; prmseTrain]
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testResults = [rsqureTest; maeTest; mapeTest; rmseTest; prmseTest]

%% Save forecasted results to csv file

saveTrain = strcat(dataPath, filePrefix, ' TRAIN_PRED.csv);

saveTest = strcat(dataPath, filePrefix, ' TEST PRED.csv);
%savelearning = strcat(dataPath, filePrefix, ' LEARNING.csv);
saveTrainResults = strcat(dataPath, filePrefix, ' TRAIN_RESULTS.csv);
saveTestResults = strcat(dataPath, filePrefix, ' TEST RESULTS.csv);
savelLearningTime = strcat(dataPath, filePrefix, ' LEARNING TIME.txt);

writematrix(predictTrain, saveTrain);
writematrix(predictTest, saveTest);
Y%writematrix(summary.tuningOutputs.scores, savelearning);
writematrix(trainResults, saveTrainResults);
writematrix(testResults, saveTestResults);

writematrix(learningTime, savelearningTime);

%% Save matlab workspace

resultsPath = strcat(’/home/anupong/works/2022-trimester-0265/thesis/result/matlab/PM/', \

pmType, /')

saveName = [datestr(now, 'yyyy-mmm-dd _HHMMSS)), -, filePrefix, ' RESULTS.mat'l;

strSave = append(resultsPath, saveName)

save(strSave);
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ABSTRACT

The performance of High Performance Computing (HPC) is a crucial need as it is a highly power
consumption system. The performance of an HPC system depends on the success rate of the applications
processed. This means that the high success rate of processing, the high performance of the HPC system.
On the other hand, the low success rate of processing, the low performance of the HPC system. This
reflects the efficiently and inefficiently use of electric power to drive the HPC system. Therefore, the main
propose of this research is to analyze and predict the characteristics of the job that are most likely to be
a successful job in order to increase the job success rate of HPC systems. In this research, the researchers
have presented the data mining techniques through a Bayesian Network model incorporated with expert,
who have highly experiences in HPC area. The dataset used in this research is log data of a real-world HPC
system, which have been supported by NECTEC. The results of our experiments demonstrate that firstly,
the Bayesian network model, which restructured by HPC expertise perform the best accuracy for predicting
results (approximately 79%) evaluated by dividing the dataset into 70% for training and 30% for testing the
model. Secondly, the results from using the proposed model for analyzing and predicting the characteristics
of a job that is most likely to be the successful job on an HPC system are the job that using 4 — 8 CPUs,
using 1 — 4 GB of RAM, and selecting a SHORT queue. In other words, the job has to be a medium job and
using a short period of time for processing this job. The information obtained from this research will increase
the job success rate, which indicate to the higher efficiently use of electric power of the NECTEC HPC

system. This also reflect on the worthwhile power consumption for the system.

Keywords: Bayesian Network, Performance Evaluation, Log, NECTEC
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Abstract
Manually of log analysis is very difficult and inefficient. Especially, log of high
performance computing (HPC) system, that huge and complex associations of
parameter. Moreover, the process to make a decision respect on a HPC log dataset to
do something for improve the system efficiency is difficult as well. Sometime, it must
be use the expert consult. The efficiency of HPC system is depend on the job success
rate. Therefore, this research proposes a Bayesian network model to find suitable
characteristic of a job that run in NECTEC HPC system. While, we extend a propose
model to be a Bayesian decision network model to make a decision for improve the
system efficiency. We assumed the way to improve the system efficiency is hold the
event of HPC training for their users. The HPC training can help users to well
understand and cleanly about policy and structure of NECTEC HPC that affect to the
job success rate in a system. The experimental results show the performance of a
proposed model at 79% of accuracy. The best characteristic of a job is a medium job,
that uses 4 — 8 CPU, 1 — 4 GB of memory and run in SHORT queue. A Bayesian
decision network of propose model can make a decision when we assumed the
expected of system efficiency is “High”, “Medium”, and “Low” represent to the job
success rate at 70%, 50%, and 30% respectively.

Keywords: Bayesian Network, Decision Network, HPC, Log, NECTEC

1. Introduction
High Performance Computing (HPC) system is a system that compose of many
computes are connected via high speed of inter-connection network and working
together for increasing the computing power. HPC system has a middle-ware for
manage the resources of system that make it like a single system view (Zhang. et al.,
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2012: Uthayopas. et al., 1998). HPC system is difference to traditional computer
system, most of HPC system run on 24 x 7 to solved complex and big problems in
various fields such as weather forecast (Deconinck. et al., 2017), genome sequencing
(Ahmed. et al., 2015), high energy physics (O’Brien. et al., 2014), aerospace
engineering (Geo. et al., 2014) and so on.

The efficiency of the HPC systems can evaluate at two levels. The first level evaluates
by system capacity based on system utilization (Yang. et al., 2013), suppose a HPC
system has total of computing resources to service 10,000 CPU Hour per year but the
actual service is 9,000 CPU Hour per year. So, that mean this HPC system can service
90% of system capacity per year. On the other word, this HPC system has 90% of
system utilization per year. The efficiency of this level is responsible of operator or
administrator of the HPC system to keep availability and reliability of the system.
Second level evaluated by focus on the job success rate in the system (Yuan. et al,
2012). In the second level of efficiency is depend on users of the system. If users had
submitted a proper job to the HPC system, then job had a high chance of success. So,
the job success rate is a very important key of the HPC service (Etinski. et al., 2010)
because the HPC system has the high-power consumption. If the efficiency in second
level is low that mean the service of HPC system are wasteful. For example, HPC
system has 100% of system utilization but the job success rate in the system is 30%,
that mean this HPC system useless 70% of electricity. There are many ways to
improve the job success rate such as optimize the queue system, manage user’s
priority, hold the event of HPC training to make users to understand about policy and
system. This research focusing on the system efficiency in second level and assume
the way to improve the job success is hold the event of HPC training.

The National Electronic and Computer Technology Center (NECTEC) under the
Ministry of Science and Technology of Thailand is one of government sector at
provided HPC service through National e-Science Infrastructure Consortium Project.
NECTEC HPC system serves to government employees such as researcher, student
and users in computational area. This research was received the HPC log from ATOM
cluster computer of NECTEC. The ATOM cluster computer has 580 CPU cores and
record the HPC log since 2012. So, the HPC log has 389,765 records and 27
attributes.

As direct to analyze the HPC log dataset is difficult and inefficient since the log are
huge and complex associations of parameter. (Lin. et al., 2013). Sometime, it must be
use the expert consult. Log is a dataset that provided by system or software. It records
about information in production runtime. The log away used meaningless and short
messages to reduce the size of log file. Most of log analysis for investigate the root
cause of problems that give to an operator or administrator can fix the system
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(Zawawy. et al., 2010: Anamika. el al., 2015). There are many research (Sirbu. &
Babaoglu., 2015: Sheng. et al., 2017) analyzed the HPC log for predict the chance of
errors in the system. The research of (Yoon. et al., 2015) used statistic model to
analysis the HPC log about job error rate in the HPC system.

This research used data mining process through propose the Bayesian Network model
(Friedman. et al., 1997) to analyze the NECTEC HPC log dataset to find suitable
characteristic of a job. Moreover, we extend a propose model to a Bayesian decision
network to make a decision for improve the system efficiency. The objectives and
goals of this research is 1) Provide easy and fast mining model to analyze the real
HPC log dataset. 2) Extend a model to decision model to make a decision respect on a
dataset for improve the system efficiency. 3) Bring a propose model to be a typical
model for another HPC systems.

2. Methods
This research used datamining technique with Bayesian Network and Decision
Network for analyzed the NECTEC HPC log dataset to find suitable characteristic of
a job and show how to make a decision to improve the system efficiency. The
performance evaluation of the model, we used accuracy and ROC graph are
evaluators.
2.1 Bayesian Network
The Bayesian Network is one of high performance datamining model as well know
and widely used in many research areas such as medical science (Loghmanpour. et al.,
2016), environment (Varkey. et al., 2013), security (Shin. et al., 2015), and so no. The
Bayesian Network based on Bayes’ Theory that show in formula (1). The model had
represented in direct acyclic graph (DAG) and inference to the association of data via
conditional probability table (CPT) of nodes with Markov chains property (Markov
Blanket) to reduce the complexity and consumption time.

plelh)r(n)

P(hle) = =

(€]

where P(hle) is posterior, P(elh) is likelihood, P(h) is prior and P(e) is
probability of evidence.

2.2 Decision Network

The Decision Network sometime call Bayesian Decision Network or Influence
Diagrams. The Decision Network is an extension of Bayesian Network based on
decision theory. For the decision theory used the value of expected utility (EU) that
combine of utility theory and probability theory as shown in formula (2).
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EU(A) = X, U(0;]4) X P(0;|4) 2

where EU(A) is expected of the action A, U(0;|4) is utility function over every
possible outcome of action A, P(0;|A4) is a probability for each outcome that given
by action A.

The Decision Network has two new nodes is utility and decision node based on
Bayesian Network as shown in figure 1. The utility node is constraining utility
function to calculate a criterion of decision that depend on inference of Bayesian
Network. The function of decision node is decision respect on utility value.

Decision Node

Chance Node Chance Node

Chance Node
Bayesian Network
1

Fig. 1: Example of Bayesian Decision Network

2.3 Performance Evaluation

In this research we used two evaluators for evaluated the performance of propose
model. The evaluators are accuracy and Receiver Operating Characteristic (ROC) the
both calculated from confusion matrix (Caelen. et al., 2017) as shown in figure 2.

Actual Value

Positive Negative
Positive (A) (B)
Predicted Value i 1
Negative (©) (D)

Fig. 2: Confusion Matrix

As follow in figure 2. (A) is the data was predicted “True” according to the actual
value of data is “True” as call “True Positive”. (B) is the data was predicted “False”
but the actual value of data is “True” as call “False Negative”. (C) is the data was




153

predicted “True” but the actual value of data is “False” as call “False Positive”. (D) is
the data was predicted “False” according to the actual of data is “False” as call “True
Negative”.

2.3.1 Accuracy used for evaluating the model to predicted class of data. The
value of accuracy is between 0 — 1. So, the value is nearly 1 that mean the model is
high performance. If the value is nearly O that mean the model is low performance.

The formula (3) show accuracy calculation from values in the confusion matrix.

(4)+(D)

Accuracy = ——————
- (4)+(B)+(c)+(D)

3)

2.3.2 Receiver Operating Characteristic: ROC show the result in graph format,
where y axis represents the true positive divide by the total of data that actual value is
true as call “True Positive Rate: TPR”. The x axis represents the false positive divide
by the total of data that actual value is false as call “False Positive Rate: FPR”. For
calculate the TPR and FPR show in formula (4) and (5) respectively. Furthermore, it
easy to understand the performance of the model that can uses the area under curve
(AUC) of ROC graph. The value of AUC of ROC is between 0 — 1. So, the value
nearly 1 that mean the model is high performance. If the value is nearly 0.5 that mean
the model is low performance.

_ @
= (4)+(B) )
— D)
FFR = &%) ®
3. Experimental and Results
3.1 Tools

There are many software to modeling and learning with Bayesian Network such as
GeNle, Netica, Bayesian Lab, Hugin and AgenaRisk. In this research used GeNle
software version 2.2.2017.0 (32-bit academic) that developed by BAYESFUSION,
LLC company based on C++ language. This Bayesian software is well known and
free of charge for academic license.

3.2 Dataset

The Dataset was used in this research is the HPC log from NECTEC HPC system,
that start record in 2012. The size of dataset is 389,765 records with 27 attributes. In
this research selected 7 attributes and include 1 synthesis attribute based on expert
knowledge. The selected attributes as shown in tables 1.
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Table 1: Show the collected attributes from dataset

No. Name Description Type

1 | QUEUE_TYPE Type of queue in NECTEC HPC system. Original

2 | CPU_USAGE The number of CPU that job required. Original

3 | FINISH_STATUS The end state of job. Original
The computation time X number of CPU that job .

4 | CPU_TIME . Original
require.

5 | MEMORY_USAGE | The main memory usage of job. Original
The main memory usage of job includes with o

6 | VMEMORY_USAGE . . Original
environment of job.

7 | WALL_TIME The time of waiting in queue + computation time. | Original

QUEING_TIME The time of waiting in queue. Synthesis

3.3 Experiment

First, we pre-processed raw dataset for suitable to the GeNle software. After that we

selected a target dataset and used it to build the Bayesian network model. Next, adjust

the model by expert to reduce the complexity of model. We evaluated the

performance of both models. Finally, we can find the suitable characteristic of a job,

that run in NECTEC HPC system by inference of the propose model. Finally, we scale

a model to Bayesian Decision Network. The research workflow as shown in figure 3.

1. Data pre-processing
and selection

2. Bayesian network
modeling

»

3. Model adjusting

4. Performance

by expert evaluation
5. Data Analysis . 6. Bayesian decision

network

Fig. 3: The research workflow

3.3.1 Data pre-processing and selection. This process for prepared raw dataset

such as eliminate missing values and synthesis some attributes if necessary. We

selected the first quarter (Q1) of 2017 (January, February, March) from raw dataset
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and synthesized a “QUEING_TIME?” attribute to be a target dataset. The size of target
dataset is 4,039 records. The reason for selected Q1 of 2017 be a dataset because this
period is presently and highly work load in the system.

3.3.2 Bayesian network modeling. From previous process we got a dataset for
build the Bayesian network model. We interested 8 attributes QUEUE_TYPE,
FINISH_STATUS, CPU_USAGE, MEMORY_USAGE, VMEMORY_USAGE,
CPU_TIME, QUEING_TIME, and WALL_TIME. There are 6 attributes are
continuous values that cannot build the Bayesian network model. It must has
discretized the values before use. The table 2 show discretize values of 6 attributes.
After that, we used the dataset to build the Bayesian network model with Tree
Augmented Naive Bayes (TAN). So, this is the approximate algorithm that
appropriate to the datasets are size more than 1,000 records. In this research, we focus
on the “FINISH_STATUS?” attribute this represent to the job success rate.

Table 2: Show discretize values of 6 attributes

Attribute State (#CPU) Attribute State (GB) Attribute State (Hour)

1)0 Ho 10

2)1-4 2) X 2)1-3
QUEING_TIME,

3)4-8 MEMORY_USAGE. 3)1-4 3)3-6

CPU_USAGE CPU_TIME,

4)8-16 VMEMORY_USAGE 4)4-8 4)6-12
WALL_TIME

5)16-32 5)8-12 5)12-24

6)>32 6)> 12 6) >24

3.3.3 Model adjusting by expert. We used expert knowledge to adjust the model

from the previous process. We would like to reduce the complexity of model. While,

the performance of the model is increases. The figure 4 (a) is the Bayesian network

model before expert adjust, (b) is the Bayesian network model after expert adjust.

Table 3: Performance evaluation of both models

= . Accuracy AUC of ROC graph (Avg.)
ayesian
Y Train 100% | 10-fold Cross | Train 70% | Train 100% | 10-fold Cross | Train 70%
Network
Test 100% Validation Test 30% Test 100% Validation Test 30%
TAN 0.8274 0.8207 0.7764 0.9054 0.8941 0.8642
Expert 0.8344 0.8365 0.7879 0.9142 0.8917 0.8840

3.3.4 Performance evaluation. We evaluated the performance of both models

using two evaluators is accuracy and ROC. For the ROC used the value of AUC of the
graph. We set three manners is 1) train/test 100% of dataset, 2) 10-fold cross
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validation, and 3) train 70% and test 30% of dataset to evaluate the propose models.
The results as shown in table 3. The propose model by expert adjusted outperform the
propose model by TAN algorithm.

3.3.5 Data Analysis. This process used a Bayesian network model was adjusted
by expert to find the characteristics of a job that suitable for run in the NECTEC HPC
system. We used the dataset is Q1 of 2017 to be an input of the model. So, we used
manual sensitivity analysis by set the “FINISH_STATUS” is evident and set three
attributes “CPU_USAGE”, “MEMORY_USAGE”, “QUEUE_TYPE” are target. Then,
we interested the “FINISH STATUS” at success state are 0%, 43%, 80% and 100%.
The results show jobs likely to success rate 1) 0% that uses 1 — 4 CPU, 0 GB of
memory and run in LONG or MEDIUM queue. 2) 43% that uses 1 —4 CPU or 4 — 8
CPU, 0 — 1 GB of memory and run in SHORT or LONG queue. 3) 80% that uses 4 — 8
CPUor 1 —4 CPU, 1 —4 GB of memory and run in SHORT queue. 4) 100% that uses
4 -8 CPU, 1 — 4 GB of memory and run in SHORT queue. The results as shown in
table 4 and example manually sensitivity analysis on the propose model that show in
figure 5.

(a) (b)
Fig. 4: (a) Bayesian network by TAN algorithm, (b) Bayesian network by expert

Table 4: The results of characteristic of job respect on percentage of success rate

FINISH_STATUS Target Attributes
(Success state) CPU_USAGE MEMORY_USAGE QUEUE_TYPE
LONG (33%)
0% 1 -4 CPU (40%) 0 GB (42%)
MEDIUM (32%)
1 -4 CPU (35%) SHORT (36%)
43% 0—-1GB (65%)
4 -8 CPU (30%) LONG (30%)
4 -8 CPU (39%)
80% 1-4GB (63%) SHORT (42%)
1 -4 CPU (31%)
100% 4 -8 CPU (45%) 1 -4 GB (67%) SHORT (47%)
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3.3.6 Bayesian decision network. The final process in this research, we extended
the exiting Bayesian network model to Bayesian decision network model. This
process shows Bayesian decision network make a decision for improve the system
efficiency depend on utility function in utility node. In this research, the utility node
represents to the expected of system efficiency. We set the expected of system
efficiency to “High”, “Medium”, and “Low”, that are representing to the job success
rate at 70%, 50%, and 30% respectively. We assumed the way to improve the system
efficiency, that hold the event of HPC training on the decision node. The dataset is Q1
in 2017 of NECTEC HPC log. The Bayesian decision network make a decision
respect on “High”, “Medium”, and “Low” of expected of system efficiency. Figure 6
show the example of Bayesian decision network model when decision node defined
the expected of system efficiency to “Low”.

MEMORY_USAGE

Fig. 6: Decision network model when expected of system efficicecy is “Low”




158

3.4 Results

3.4.1 Bayesian network model had been adjusted by expert has highly
performance at 79% of accuracy when used train 70% and test 30% of dataset. The
best of characteristic of a job based on NECTEC HPC system that uses 4 — 8 CPU,
1 — 4 GB of memory and run in SHORT queue. While, the characteristic of a job must
be prevented uses 1 —4 CPU, of memory 0 GB and run in LONG or MEDIUM queue.

3.4.2 Bayesian decision network make a decision “Yes” on decision node when
set the expected of system efficiency on utility node is “High”, make a decision “Yes”
when set expected of system efficiency is “Medium”, and make a decision “No” when

set expected of system efficiency is “Low”. The results as shown in table 5.

Table 5: The results of Bayesian decision network

Utility Node Decision Node
Expected of Decision Values .
Make a Decision
efficiency Yes No
High 64.666662 -16.466666 Yes
Medium 5.6444399 -10.977777 Yes
Low -48.866671 -5.4888887 No

4. Conclusions

This research shows about mining in large and complex dataset with high
performance model. We propose a Bayesian network model to analyze the NECTEC
HPC log dataset. We find suitable characteristic of a job that likely high success when
run in the NECTEC HPC system, that is a medium job as uses 4 —8 CPU, 1 —4 GB of
memory and run in the SHORT queue. Moreover, we show how to extended a propose
model to be a Bayesian decision network to make a decision for improve the system
efficiency. When, we assumed to hold the event of HPC training that can improve the
system efficiency. The propose model can make a decision respect on a dataset when
we set expected of system efficiency to “High”, “Medium”, and “Low”.

This research can be typically of another HPC systems to uses Bayesian network and
Bayesian decision network for model, analysis, predict, and decision based on HPC
log dataset.
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Abstract—Analyze log file manually is an inefficient manner.
This is one challenge operation in High Performance Computing
(HPC) domain because HPC log file, or HPC-workload log, is huge
with a lot of parameters. However, the HPC-workload log contain
important information that can be useful in improving the HPC
performance. This research proposes classification of data mining
technique and descriptive analysis to analyze and predict the job
success in HPC system based on realistic HPC-workload dataset
from the National Electronic and Computer Center (NECTEC) of
Thailand. We adopted ble technique using the decision tree
classification methods: C5.0, Classification and Regression Tree
(CART), and Chi-square Automatic Interaction Detector
(CHAID). The dataset was separated into train set (70 %) and test
set (30%) for building and validating the model, respectively. The
hold out train-test method is the best evaluati h to prevent
the overfitting. The hold-out evaluation results showed that the
best performance was the ensemble model of C5.0 at 86.05% of
accuracy and the area under curve of Receiver Operating
Characteristic (ROC graph) as high as 0.934. However, the best
performance improvement is CHAID ble with the i d
5.25% of accuracy compared to the non-ensemble model.
Meanwhile, the results of descriptive analysis through Pearson
correlation coefficient and Web-graph of counting statistic showed
some interesting relation among variables. Mostly job success in
NECTEC HPC system had occurred in small (older) compute
nodes that used short queue type. The most important variables
affecting job success in the propose analysis models respective to
the NECTEC HPC-workload dataset are “CPU_USAGE",
“VMEMORY_USAGE", “EXECUTE_TIME”, and
“CPU_CONSUMPTION_TIME”.

Index Terms—Decision Tree Classifier; High Performance
Computing; Ensemble Model; Performance Evaluation.

I. INTRODUCTION

In the last decade, the computer technology is fast growing in
all dimensions, for example, the CPU technology, storage
technology and network technology. All of these have invoked
current applications be able to transfer, process, and storage
huge data causing the so called Big Data. So, research in the
field of Data science has become more and more important,
especially, in the part of Knowledge Discovery and Data
mining or the KDD domain. KDD can help data scientists to
handle the challenge of Big Data [1], that is to extract some
useful information and use them to improve daily operations in
each domain.

ISSN: 2180 - 1843 e-ISSN: 2289-8131

High Performance Computing (HPC) is one of the domain
that has the challenge of Big Data collective from the HPC log
or HPC-workload log from HPC scheduler. The big log file
contains many objects as well as complex variable relations.
Analyzing HPC-workload log is important [2] because it can
help discovering some useful information potentially applicable
to improve the system efficiency. Traditional analysis of the
HPC-workload log is manually done by system operator or
administrator. It is inefficient in that the success of the analysis
process depends on experience of person who is an
administrator of the HPC system. Furthermore, it takes more
time to analyzed HPC log file manually event by the
experienced administrator.

This research proposes a data mining technique through
classification methods to analyze the HPC-workload log. We
selected the common three decision tree (DT) methods that are
well known and widely used to be a base classifier of our
ensemble model. The most advantage of DT is the
comprehensible process to interpret the result [3]. This is
because DT uses rule-base or logic-base approach to analyze
the data like a human thinking. In our analysis, we used real
dataset from the National Electronic and Computer Technology
Center (NECTEC) of Thailand. This dataset is the HPC-
workload log of medium HPC system. NECTEC’s HPC system
has provided the computing resources to Thai researchers since
the mid-2012 until present.

The main objectives of this research are 1) to analyze the real
HPC-workload dataset through classification mining method,
2) to perform comparative performance evaluation of the three
DT classifiers: C5.0 [4-5], Classification and Regression Tree
(CART) [6], and Chi-square Automatic Interaction Detector
(CHAID) (7], and 3) to improve the decision tree classifiers
through ensemble model by boosting technique [8-10].

Next section is literature review. In section III, we explain
DT classification method and evaluator. Our dataset is shown
in section IV. Section V is experimental setting, results, and
discussion. The last section is conclusion of this research.

II. LITERATURE REVIEW
A. HPC Analysis
The  performance  of HPC system needs constantly

monitoring from the system administrator. Mostly, it can be
observed from log file, for example, from compute node log

Vol. X No. X 1
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file, storage log file, network equipment log file, or any
combination of log files. The log file records the events that
have occurred in the system in time series. So, some researcher
[11-13] proposed methods to analyze log file to find a root
cause problem of HPC performance. In [14], researcher
reviewed the classification models that had been applied for
analyzing the network traffic in HPC system. In our research,
we focus on analyzing the HPC performance based on HPC-
workload log. Such analysis can find the suitable characteristic
of a job, learn uses’ behavior, and find the appropriate
parameter configuration of queue in the HPC system [15-18].

B. Classification as Data Analysis Technique

Many researchers had applied classification models to
analyze and compare performance in many domains of datasets.
For example, in [19] the authors compared performance
between two groups of classification methods, nonlinear and
rule-base method, using facebook and tweeter datasets. In [20],
the authors studied and evaluated performance of C4.5 method
with imbalance dataset and also applied ensemble model to
improve the model performance. The work in [21] modified the
KNN method and compared performance with standard KNN
using K-fold cross-validation. In [22-24] authors performed
performance evaluation and compared classification models
between linear, non-linear and rule-base within the education
data mining domain. From literature review, we have find that
there is on research using classification model to analyze
performance of HPC system with realistic HPC-workload log
to find the characteristics of jobs that are likely to run
successfully in the HPC system.

1. CLASSIFICATION & ASSESSMENT

Classification is one of the mostly used data mining
technique to learn general patterns from data such that the
patterns can correctly classify future data with unknown class
label. It is a supervised learning algorithm. Common

ENSEMBLE MODEL

perezae
Predictions

Improvement

Figure 1: Concept of Ensemble Classification Model

A. Decision Tree Modeling

Decision tree modeling method is a manner to build classifier
from tree structure and making class decision with rulesets. For
this research, we used three popular DT methods including
C5.0, CART, and CHAID. C5.0 or See5 method is an
improvement of C4.5 method. C5.0 uses information gain value
in splitting process and supports splitting more than two
subgroups. CART method builds tree structure and ruleset with
the Gini coefficient value. CART supports only two splitting
subgroups. CHAID uses the Chi-square statistic value to split
data into subgroups and it supports more than two subgroups.

B. Tree Model Assessment

This research uses two evaluators to evaluate the
performance of the proposed models, that is, accuracy and
Receiver Operating Characteristic, or ROC graph. We choose
accuracy and ROC graph to be model evaluators because we
would like to observe the overall performance of the model as
well as the sensitivity and specificity of the models. So, both
evaluators are appropriate and can be calculated from confusion
matrix as shown in figure 2.

Positive Predicted gative P d
True Positive (TP)

Positive Class

classification algorithms can be separated into two phases: the
first phase is building the model structure via learning process,
and the last phase is using the model from the first phase to
predict the unseen dataset.

Classification techniques can be divided into three groups: 1)
linear classification such as logistic regression and linear
discriminate analysis, 2) nonlinear classification such as
support vector machine, artificial neural network and k-nearest
neighbor, and 3) rule-base or logic-base classification such as
decision tree. In this research, we are interested in rule-base
classification. We studied three DT methods, (C5.0, CART,
CHAID) to build predictive models and compare their
performances on classifying realistic HPC-workload dataset.
After that, we create ensemble models by boosting technique to
improve the model performance. The concept of ensemble
model is shown in figure 1.

(]

False Negative (FN)
False Positive (FP)

Negative Class True Negative (TN)

Figure 2: Confusion Matrix of a Two-class Problem

Accuracy is mostly use for observing the overall performance
of the model. Accuracy is a ratio of the number of objects that
model can predict correctly to the number of total objects as
shown in formula (1). The value of accuracy stays in the range
0 to 1. The value nearly 1 means that the model has high
accuracy performance, but if the value converging to 0 means
the model has poor predictive performance.

TP+TN

TP+FP+TN+FN m

Accuracy =

where: TP = Number of objects that the model predicts as
“True™ and real class is “True™.

TN = Number of objects that the model predicts as
“False™ and real class is “False™.

FP = Number of objects that the model predicts as
“True” but real class is “False™.

FN = Number of objects that the model predicts as
“False” but real class is “True”.
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True Positive Rate (TPR) = % @)
False Positive Rate (FPR) = % 3)

We also use value of area under curve of ROC graph (or
AUQC) to assess the performance of model at the specific class
of response variable. The ROC graph composes of True
Positive Rate (TPR) against False Positive Rate (FPR),
represented in y-axis and x-axis, respectively. TPR and FPR are
also calculated from confusion matrix, as shown in formula (2)
and (3), respectively. The value of AUC of ROC graph is in the
range 0 to 1 as well, where 0.5 is baseline of the ROC graph and
the value nearly 1 reflects high performance of the model. The
AUC lower than 0.5 means unacceptable performance of the
model. The figure 3 shows the structure of ROC graph.

ROC L 2

True Positive Rate (TPR)

False Positive Rate (FPR)

Figure 3: Structure of Receiver Operating Characteristic Graph
IV. HPC DATASET

This research uses realistic dataset from the PBS-scheduler
log file of HPC system called “HPC-Workload log™. This HPC
system is a medium cluster computer of NECTEC. It composes
of 580 CPU cores, 2.7 TByte of memory and 50 TByte of disk
storages. The NECTEC HPC has been providing and serving
computing power to researchers in Thailand since the mid-2012
until present. The data recorded in NECTEC HPC-workload log
contain 421,659 objects with 27 variables.

only recent records from the year 2017 (size is 17,081 objects)
and using only 10 variables as advised by the HPC expert
(shown in table 1). In this research, we focus on finish status of
jobs that run in the NECTEC HPC system. So, the response
variable of our model is “FINISH_STATUS"; other variables
are used as predictors.

Table 1
Variables in HPC-workload Dataset

Variable Name Scale Type
CPU_USAGE Number of CPU at job required Numeric
MEMORY_USAGE  Memory usage when job running Numeric
VMEMORY_USAGE Memory usage when job running + job's environment Numeric
CPU_CONSUMPTION  Computation time X numbr of CPU at job required Numeric
QUEUEING_TIME Time when job waiting in queue Numeric
EXECUTE_TIME Computation time Numeric
WALL_TIME Time when job waiting in queve + computation time Numeric
EXECUTE_HOST Compute node at job running Categorical
QUEUE_TYPE Queue type in HPC system Categorical
FINISH_STATUS Job's finish status (Success or Error) Binary

V. EXPERIMENTATION, RESULTS & DISCUSSION

A.  Experimentation

We setup experimentation of this research composing of four
phases as shown in figure 5. The first phase or initial state is
planning and literature review. Second phase is data collection
and data pre-processing to make appropriate for our
experiment. Third phase is experimental state. This research
uses descriptive analysis to explain a relation of each pairwise
of variables, and predictive analysis to predict class label of
objects. The descriptive analysis has been performed based on
the Pearson correlation coefficient and Web-graph of counting
statistic to show and explain a relation of each pairwise of
variables. The Pearson correlation coefficient is to be used on
quantitative variables, whereas, Web-graph is for qualitative
variables. In part of predictive analysis, we propose three DTs
to classify the HPC-workload dataset. The final phase is a
process of performance comparison of each DT model.

1. Initial State 2. Data State
Planning
Literature Review

Data Collection
Data Pre-processing

4

1 01/01/2017 00:37:22;E;92995 «nectec.or. th;user=c1280hd
group=p128 jobname=Zr-S-Ads queue=long ctime=1483099421 qtime=148
3099421 etime=1483099421 start=1483099422 owner=c1280
.nectec.or,th exec_host=sodium-0-0.ib/11+sodium-0-0.1b/10+sodium
~-0-0.1b/9+s0dium-0-0.ib/8 Resource_List.ncpus=1 Resource_List.need
nodes=1:ppn=4 Resource_List.nodect=1 Resource_List.nodes=1:ppn=4 R
esource_List.walltime=336:00:00 session=12466 end=1483205842 Exit_
status=0 resources_used.cput=116:10:54 resources_used.mem=1747740k
b resources_used.vmen=5130256kb resources_used.walltime=29:33:40
2 01/01/2017 11:13:47;Q. «nectec.or.th;queue=long
3 91/01/2017 11:13:48;5;93015 .nectec.or.th;user=c1290hg
gre 29 j Defect-TS2 q long ctime=1 qtim
©=1483244027 etime=1483244027 start=1483244028 owner=cli
.nectec.or.th exec_host=sodium-8-0.1ib/11+sodiun-8-0.1ib/10+s
odium-0-0.ib/9+sodium-8-08.1ib/8 Resource_List.ncpus=1 Resource_List
.neednodes=sodium-8-0.1ib:ppn=4 Resource_List.nodect=1 Resource_Lis
t.nodes=1:ppn=4 Resource List.walltime=336:00:00

Figure 4: Example of Record in Realistic HPC Workload Dataset

From raw dataset (figure 4), we pre-process data by selecting
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3. Experiments State 4. Comparison State
* Correlation and Web Graph *  Accuracy
* Decision Tree with Boosting * AUC of ROC

Figure 5: Research Workflow

The success or unsuccess jobs on the NECTEC HPC system
are the main focus of our analysis with data classification
techniques. So, the response variable of model in the learning
process is “FINISH_STATUS™ variable, while, others are
predictor variables. We split the HPC-workload dataset into two
data-subsets. The 70% of original dataset is to be a training data,
whereas, the remaining 30% data-subset is to be used as a test
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set. We are using a train set to build a classifier model and using
a test set to validate the model for the overfitting avoidance.

After that, we validate the results of performance comparison
among three DT classifiers by repeating the experiment with
four subsets. We divide the original dataset (HPC-workload
dataset of 2017) to quarter 1, quarter 2, quarter 3, and quarter 4
of 2017.

SR\ S )
c LN LR\ ARSI LR 2
“<_,y.0‘° o ,\3;0?:4 - co‘;s\\} Ot ,“\‘ e
0 T T g0 QR T g

CPU_USAGE 1 0.206 | 0.353 | 0.400 | 0.118 | 0.042 | 0.111
MEMORY_USAGE | 0.206 1 0.846 | 0.152 | -0,042 | 0.068 | 0.025

(SHORT_QUEUE state of “QUEUE_TYPE" variable). Job
unsuccess (error) occurred mostly on big compute nodes
installed in the new computer machine in the NECTEC HPC
system (BIG_NODE state of “EXECUTE_HOST” variable)
with long (LONG_QUEUE state of “QUEUE_TYPE” variable)
or medium (MEDIUM_QUEUE state of “QUEUE_TYPE”
variable) queue type.

Table 2
The Results of Performance Evaluation of C5.0, CART, and CHAID

VMEMORY_USAGE | 0353 | 0.846 1 0.289 | -0.077 | 0.128 | 0.048
CPU_CONSUMPTION [ 0.400 | 0.152 | 0.289 1 |-0021] 0.606 | 0.454
QUEUEING_TIME | 0.118 | -0.042 | -0.077 | -0.021 1 -0.034 | 0.635
EXECUTE_TIME | 0.042 | 0.068 | 0.128 | 0.606 |-0.034 1 0.750
WALL_TIME | 0.111 [ 0.025 | 0.048 | 0.454 | 0.635 | 0.750 [

Figure 6: Pearson Correlation Coefficient Matrix

@EXECUTE_HOST @FINISH_STATUS @ QUEUE_TYPE

SMALL_NODE
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Figure 7: Web-graph Showing Relations among Variables

B. Results

Figure 6 shows the relations of variables in the group of
quantitative variables through Pearson correlation coefficient.
The results show that “CPU_USAGE” variable has relation
with the “CPU_CONSUMPTION" and
“VMEMORY_USAGE" variables; “MEMORY_USAGE”
variable has strong relation with “VMEMORY_USAGE" and
“QUEUEING_TIME" variables; “EXECUTE_TIME™ has a
strong relation with “WALL_TIME” variable. These results of
Pearson correlation coefficient analysis are in accordance to the
common sense characteristics of most HPC systems. The Web-
graph results as shown in figure 7 show relation of variables in
group of qualitative variables by counting statistic between 20
to 5,000 times. It represents the facts that mostly job success
occurred on small compute nodes in the older computer
machine in the NECTEC HPC system (SMALL_NODE state
of “EXECUTE_HOST” variable) with short queue type

Classifiers Training Set Test Set
Standard _Boosts Standard i
G50 0.873 0.907 3.93% 0.840 0.860 2.42%
CART 0.775 0.819 5.64% 0.775 0.815 5.11%
CHAID 0.771 0.812 5.55% 0.758 0.798 5.25%
AUC of ROC
“Training Set “Test Set
Standard _ Boosting I ve Standard
C5.0 0.944 0.963 201% 0.909 0.934 2.75%
CART 0.817 0.872 6.73% 0.821 0.868  5.72%
CHAID 0.859 0.882 2.68% 0.850 0.872 2.59%

The performance comparison of the three-based models is
shown in table 2. We consider particularly at the result of test
set. The results of standard model, which is the single tree, show
that C5.0 outperforms others at 84% of accuracy and AUC of
ROC as high as 0.909. At the same time, accuracy of CART
and CHAID of standard model is 77.5% and 75.8%
respectively. We improve the model performance through
ensemble model with boosting technique. The results show that
C5.0 is again better than other models at 86% of accuracy,
whereas, accuracy of CART and CHAID is up to 81.5% and
79.8%, respectively. For, AUC of ROC graph of C5.0, CART
and CHAID are 0.934, 0.868 and 0.872, respectively. So, the
best of performance improvement is CHAID with the 5.25% of
accuracy increase compared to the standard model. The second
best improvement is CART with the accuracy increase at
5.11%. The last improvement is C5.0 with only 2.42% of
accuracy increase. While, the performance improvement in
terms of AUC of ROC graph of C5.0, CART and CHAID can
be improved up to 2.57%, 5.72% and 2.59% as compared to the
standard model, respectively. The performance improvement is
graphically shown in figure 8.

Accuracy AUCOfROC gt

c*o,

CART CHAID
Figure 8: Performance Comparison of the Standard Single Tree Models and
the Boosting Models

an

o7t

CART CHAID

Figure 9 shows predictor variable importance on predicting
the response variable (job success) of C5.0, CART, and
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CHAID. The results show that “CPU_USAGE",
“MEMORY_USAGE", “EXECUTE_TIME"” and
“CPU_CONSUMPTION_TIME" are the most importance
variables that may affect a job success in the NECTEC HPC
system with respect to the historical NECTEC HPC-workload
dataset.

ncute we

Cru conmmron. e

ng

a) C5.0
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b) CART

wEnoRY._usAce

eyt

ﬁUUI

¢) CHAID

Figure 9: The Predictor Importance Chart of DT Classifiers.

From the results, we can say that a classifier from C5.0
method is the best job success predictor. While, CART and
CHAID are in the second best group of predictors showing
almost the same performance based on NECTEC HPC-
workload dataset. Figure 10 shows validate results of test set
using four quarters data subsets of the year 2017. The maximum
accuracy of C5.0, CART, and CHAID in quarter 1 is 89.1%,
86.8%, and 86.6%, respectively. While the maximum AUC of
ROC is 0.948, 0.911, and 0.930, respectively. In quarter 2 of
2017, the maximum accuracy of C5.0, CART, and CHAID is at
88.6%, 85.6%, and 85.6%, respectively. While the maximum
AUC of ROC is 0.943, 0.898, and 0.903, respectively. In
quarter 3 of 2017, the maximum accuracy of C5.0, CART, and
CHAID is at 84.6%, 81.1%, and 81.2%, respectively. While the
maximum AUC of ROC is 0914, 0.878, and 0.878,
respectively. In quarter 4 of 2017, maximum accuracy of C5.0,
CART, and CHAID at 85.5%, 82.2%, and 82.1%, respectively.
While the maximum AUC of ROC is 0.930, 0.882, and 0.893,
respectively. From all results, C5.0 shows the best performance,
while CART and CHAID are pretty much the same
performance. The results of validation sub-set support our
conclusion.
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b) Sub-dataset at Quarter 2 of 2017
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¢) Sub-dataset at Quarter 3 of 2017
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d) Sub-dataset at Quarter 4 of 2017
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Figure 10: The Performance Comparison based on Test Set in each Quarter

C. Discussion

For descriptive analysis that uses Pearson correlation
coefficient and Web-graph of counting statistic to explain the
relation of quantitative and qualitative variables, respectively,
the result of Pearson correlation coefficient among variables in
the HPC-workload dataset is as expected with administrator’s
common sense. The result of Web-graph shows that mostly job
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success had occurred on older computer machines more
frequent than on the new computer machines. Perhaps this is
because users of NECTEC HPC system stilled familiar to
working with older computer machines or maybe the newly
installed computer machines had a problem. Web-graph of
counting statistic also shows that small job (using short queue
type) has more success rate than big job (using medium or long
queue type). The best performance of three proposed models is
C5.0 that outperforms others on both of standard and ensemble
models. The best of overall performance improvement after
applying boosting technique with 10 component models is
CHAID.

VI. CONCLUSION

This research studies classification model based on rule-base
method. We had selected three common used DT methods
including C5.0, CART, and CHAID. These DT methods were
trained to build model through the learning process based on
train set of HPC-workload dataset. Then, the model can predict
class label of object on unseen test set of HPC-workload. The
maximum accuracy performance of C5.0, CART, and CHAID
after using boosting technique is 86%, 81.5%, and 79.8%,
respectively. The maximum AUC of ROC graph of C5.0,
CART and CHAID is 0.934, 0.868, and 0.872, respectively.
The best improvement after using boosting technique of
ensemble model is CHAID. It improved 5.25% compared to the
standard model in terms of accuracy. The predictor variables
that show high impact to response variable in proposed DT
models are “CPU_USAGES”, “MEMORY_USAGAE",
“EXECUTE_TIME”, and “CPU_CONSUMPTION_TIME"
with respect to the NECTEC HPC-workload dataset.

Furthermore, this research uses descriptive analysis through
Pearson correlation coefficient to study relations among
qualitative variables of our HPC-workload dataset and using
Web-graph of counting statistic to observe the relations of
qualitative variables. The result shows that most success jobs
on NECTEC HPC system are run on small (older) compute
nodes with short queue type and most unsuccess (error) jobs are
run on big (new) compute nodes with medium or long queue
type.
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Multi-label Classification of High Performance
Computing Workload with Variable Transformation

Anupong Banjongkan, Watthana Pongsena, Ratiporn Chanklan, Nittaya Kerdprasop, and Kittisak
Kerdprasop

Abstract—High Performance Computing (HPC) log analysis
is an active research domain. The challenge is how to extract the
useful information from the HPC log file because the
information resulting from the analysis can be used as a new
knowledge to re-configure the HPC system for improving its
efficiency. The traditional manner of HPC log analysis is
considered inefficient in the sense that it is time-consuming and
requires specific knowledge and skills of system administrator.
In this research, we empirical study the application of machine
learning techniques to perform an HPC log analysis task. We
apply machine learning techniques that are different in their
learning schemes including C5.0, Support Vector Machine
(SVM), and Artificial Neuron Network (ANN) to analyze and
predict the job status on the HPC system. We also propose a
novel technique, which is called “Grouping & Combining”.
Grouping means reducing the class labels of the target variable.
Doing so the time-consuming for analyzing is reduced. Then,
the class labels of the target variable are combined with another
variable such that the efficiency of the interpretability could be
increased. The dataset used in our experiment is the real-world
data obtained from the HPC system of the National Electronics
and Computer Technology Center, or NECTEC, Thailand.
According to the experimental results, the C5.0 model has the
highest prediction accuracy at 88.74%. In contrast, the ANN
model shows the best robustness. In addition, the experimental
results show that the proposed Grouping & Combining
technique can be efficiently used for handling the multi-label
classification as it helps increasing the accuracy, consuming less
time, and improving interpretability of the learned model.

Index Terms—High performance computing workload, log
analysis, multi-label classification, performance evaluation.

I. INTRODUCTION

In the last decade, the computer technologies including
hardware, software, and data storage are rapidly growing.
Nowadays, the price of a computer is inverse with the
performance of the equipment. In other words, today we can
buy a cheaper computer equipment with higher performance
than in the past. For this reason, the high performance
computing (HPC) [1] or super computer is wildly used, and
the performance of HPC is scaling up very fast. However,
operating the HPC system is highly electricity consumption.
Therefore, many researchers pay attention to the issue of
improving performance of HPC [2]-[4].

The HPC log analysis is one effective way to remedy the
power consumption problem. In general, data in a log file is
the time series of the events that occur in the system.
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Currently, many researchers attempt to analyze the log,
particularly the HPC log. The results from HPC log analysis
may reveal characteristics of the system or uncover some
useful information that can be used to improve the efficiency
of the system. The traditional manner of the log analysis that
manually performed by a human is inefficient. It takes a lot of
time and requires the expert knowledge and high level of
skills. Therefore, many researchers apply the data mining
techniques for analyzing the log [5]-[7].

In this research, the data mining techniques are utilized to
develop a model based on the workload dataset for predicting
the job finish status of the HPC system. The job finish status
is an important information. It can be used to fine-tune the
system leading to the increase in the efficiency of the system.
For the comparative study of the classification method, we
select the three popular classifiers: C5.0 [8]-[10], support
vector machine (SVM) [11]-[13], and artificial neural
network (ANN) [14], [15]. The performance of the models is
evaluated and compared based on the HPC-workload dataset,
which is collected from the production HPC system of
National Electronics and Computer Technology Center of
Thailand (NECTEC). The log file is created by the PBS
scheduler software that recorded the job information such as
job wall time, job computation time, job finish status, and so
on. The dataset consists of approximately 421,459 records
with 27 variables. Besides performing log analysis with the
job finish status as a single main target, we also consider
enhancing ability of the model by applying the multi-label
classification technique.

Multi-label classification is one of the challenges to many
researchers in the machine learning (ML) domain [16]-[18].
The major difficulty is the multi-class value of the target
variable. It can affect the classification performance. Indeed,
the target variable of the dataset in this research contains a
high multi-class value. We thus propose a technique to
handle the problem of multi-label classification by
transforming the target variable. This technique is called
“Grouping & Combining”.

The contributions of this research are as follows.

1) We demonstrate empirically the efficiency on analyzing
the HPC-workload log file of the three famous ML
techniques including C5.0, SVM, and ANN.

2) We propose a novel technique that can be efficiently
used to handle high multi-label classification problem.

In the next section, we illustrate background knowledge
and the existing work, which are related to this research. In
Section III, we describe the classifier methods and the
proposed technique. The HPC-workload dataset is described
in Section IV. Section V demonstrates the experimentation.
The last two sections (VI and VII) are the experimental
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results and conclusions, respectively.

II. BACKGROUND AND RELATED WORKS

Log analysis is a popular research topic since the log file
contains much information about hardware or software which
is ordered in the time series fashion. Data mining is the
efficient technique for extracting useful information from the
log file. This research uses the data mining for conducting the
comparative study of the three classifiers that can be used for
analyzing and predicting the HPC-workload dataset. We
focus on high multi-label classification issue.

A. Log Analysis

Q. Cao et al. [19] uses machine learning techniques to
detect the abnormal sign from a cyber attack on web services.
The decision tree (DT) and hidden Markov model (HMM)
work together in this research. The dataset is collected from
the industry sector. It contains around 4.6M records. The
proposed method gives high accuracy (93.54%) for detecting
the abnormal sign from cyber attack.

The existing work in [20] concerns about the quality of
service (QoS). In order to keep high availability and
reliability of service, the maintenance operation is very
important. The problem is a high frequency of maintenance
operation that leads to a high cost. Meanwhile, low frequency
of maintenance operation is a risk. Therefore, this research
fine-tunes optimum of the frequency of the maintenance
operation. They use the classification-based ML technique to
predict the system failure based on the data log file.

B. High Performance Computing Log Analysis

The research in [21] uses HMM method with frequency
based strategy to focus only important log messages to
predict the job remaining time in the supercomputing system.
The maximum accuracy of the prediction is as high as 75%,
and the error on job remaining time prediction is less than
200 seconds.

Y. Liang et al. [22] use the tagged logs from the BlueGene
machine to discover the correlations between the fatal and
non-fatal events. Then, they use these correlations for
predicting the failures.

B. H. Park et al. [23] develop a framework for a deep
monitoring of the HPC system. The framework composes of
many tools, such as Cassandra (a highly scalable), the
NoSQL  distributed  database  (high  performance
column-oriented), and the Apache Spark (a real-time
distributed in-memory analytics engine). The root cause
analysis of the system failure is the focus of their research.

Yoo et al. [24] conduct a comparative study of
classification methods including DT, Random Forest, Naive
Bayes, and SVM with HPC-workload dataset from the
Genepool scientific cluster at NERSC. Their research aims to
find the patterns of unsuccessful job status. The result of the
comparative study shows that the Random Forest method is
the best with 99.8% accuracy, assessed with the 5-fold
cross-validation method.

Although the existing research has widely studied on the
log analysis, there is still a lack of research that applies the
machine learning technique with the HPC-workload dataset.
In addition, the existing research described in the literature

review attempt to address the binary-class labels where the
job status can be either success, or unsuccess. However, in
the real world, the job finish status of the HPC system can be
varied with miscellaneous multi-class values. Hence, the
previous research may not have the ability for defining or
expecting the root cause when the job finish status is in
unsuccess state. This is a gap that our research aims to
address.

III. METHODS

This research uses the classification data mining technique
to analyze and predict the job finish status in HPC-workload
dataset. The classification is a supervised machine learning
technique. There are so many algorithms available for the
classification task. Those algorithms can be separated into
three groups: 1) Linear, such as linear discriminant analysis
(LDA) method, 2) Non-linear, such as SVM and ANN, 3)
Rule-based or logic-based, such as DT. In this research, we
study the non-linear and rule-based classifiers using C5.0,
SVM, and ANN to conduct the comparative study.

In this work, we also propose a technique called “Grouping
& Combining” that can be used to handle the high multi-label
classification by transforming a single target variable to be a
group of variables. This research uses IBM SPSS
MODELER software for learning dataset and constructing
the models. The simulation software runs on the machine
with Intel Core-i5, CPU speed is 1.6 GHz and memory
capacity is 8 GB.

A. Variable Transformation

We propose a “Grouping & Combining” technique to
handle high multi-label classification as a main idea to
transform the target variable in order to improve the
prediction accuracy, and also to enhance the interpretability
of the result. The “Grouping & Combining” technique
composes of two steps described as follows.

The first step is called the grouping. This step reduces the
wide range of multi-class values of the target variable in
order to improve the prediction accuracy. We group the many
possible values of target variable into the binary-class where
the target class values consist of only “SUCCESS” and
“UNSUCCESS”. The advantage of this grouping is time
reduction. However, the interpretability of the final result is
also reduced. For example, if the model predicts the job finish
status as “UNSUCCESS”, we only know that the job is an
error. But the root cause of that error cannot be identified by
such result. Therefore, we have to perform the next step.

The second step is called the combining step. The
objective of this step is to improve both accuracy and
interpretability. The technique in this step is to create the new
target variable and its class labels by combining the class
labels of the original target variable with the class labels of
another predictor variable. There are various ways to select
the suitable predictor variable for the combination, such as
making a choice based on the knowledge of expert, selecting
from importance analysis of variables, or selecting from
some statistical analysis techniques such as correlation
coefficient analysis and factor component analysis (FCA). In
this research, we rely on the knowledge of expert to select a
predictor variable. Consequently, the “QUEUE_TPYE” is
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selected, then its values are combined with the values of the
target variable as demonstrated in Table 1.

TABLE I: CLASS VALUES OF TARGET VARIABLE AFTER APPLYING
“GROUPING & COMBINING” TECHNIQUE

Queue Type Finish Status New Target Variable
SUCCESS SHORT_SUCCESS
SHORT
UNSUCCESS SHORT_UNSUCCESS
SUCCESS MEDIUM_SUCCESS
MEDIUM
UNSUCCESS MEDIUM_UNSUCCESS
{BNG SUCCESS LONG_SUCCESS
UNSUCCESS LONG_UNSUCCESS
SUCCESS OTHER_SUCCESS
OTHER
UNSUCCESS OTHER_UNSUCCESS

B. Classification Techniques

C5.0 is a classifier in a group of rule-based or logic-based
machine learning method. It is inherited from the C4.5
algorithm. Thus, C5.0 has all functions of C4.5. Moreover, it
includes the new useful functions, such as boosting and
cost-sensitive tree. The C5.0 uses information-gain as a
criterion for splitting the tree branch. The advantage of the
C5.0 is that it works very well with a big dataset because the
nature of the algorithm uses less memory and it has high
tolerance against the missing values. However, the
disadvantages of this technique are that it supports only the
categorical target variable and it does not work well with high
multi-label classification.

Support vector machine (SVM) is an algorithm that builds
classifier by searching for an optimum plane that can separate
data with different class labels of target variable. The optimal
plane is found from the applying the proper kernel function to
transform data from the regular plane to the hyperplane. The
popular kernel function of SVM is linear, radial basis
function (RBF), polynomial and sigmoid. The original design
of SVM is for the binary-label classification. Currently, SVM
was developed to handle multi-  label classification. The
advantage of this method is that it can handle high multi-label
classification and outlier. Meanwhile, the drawback is that it
is difficult to fine-tune the appropriate parameters to achieve
the best performance of the SVM model. In this research, we
use the RBF kernel function and set the Gamma=1.0, C=3.

Artificial neural network (ANN) is developed from the
concept of a human brain functioning. Normally, the ANN is
composed of three main layers and it is called “Multilayer
Perceptron”. The first layer is the input layer. The second
layer is the hidden layer. The hidden layer may contain more
than one layer . The last layer is the output layer. The ANN
works by propagating data into the input layer through the
hidden layer. This process does multiply the input value with
the weight, then, plus with the bias value of the hidden layer.
The result is call ed “net value”. Next process bring s a net
value into a transfer function for computing the final result
which is the output. This research configure s multilayer
perceptron as one input layer with 9 nodes, one hidden layer
with 10 nodes, and one output layer with 1 node.

C. Quality Assessments

The accuracy is used to evaluate the performance of the
classifier. Accuracy can be calculated from the confusion
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matrix as showed in Fig. 1. Besides the accuracy, we also
consider another two important aspects of the performance
including time-consuming and interpretability.

Positive Predict Negative Predict
Positive Actual True Positive (TP) False Negative (FN)
Negative Actual False Positive (FP) True Negative (TN)

Fig. 1. Confusion matrix of a two-class problem.

Generally, the accuracy is used to evaluate the overall
predictive performance of the model. The accuracy is a ratio
of the number of objects that the model can predict correctly
divided by the number of totals objects as demonstrated in
equation (1). The value of accuracy stays in the range
between 0 and 1. The value nearly 1 means that the model has
high accuracy performance, while the value converges to 0
means that the model has poor predictive performance.

TP4TN
Accuracy = T (1)
where: 7P = Number of objects that the model predicts as
“True” and real class is “True”.
TN = Number of objects that the model predicts as “False”
and real class is “False”.
FP = Number of objects that the model predicts as “True”
but real class is “False”.
FN = Number of objects that the model predicts as “False”
but real class is “True”.

The time-consuming is the time that spends for building
the model and the time used in the predicting process. The
less value is defined as better performance. In the perspective
of interpretability, we define three levels including poor,
neutral, and good. The description of each interpretability
level is explained in Table II.

TABLE II: INTERPRETABILITY CRITERION
Level Description
Good  Receive the specific information, can track to the root cause
Receive the scope of information, can expect to the root
cause
Receive the general information, cannot track to the root
cause

Neutral

Poor

IV. HIGH PERFORMANCE COMPUTING DATASET

There are many log files in the HPC system since the
system consists of many hardware and software modules,
such as a log file of compute node, a log file of network
equipment, the HPC-workload log from scheduler software,
and others. This research pays attention to the job success rate
in the HPC system. Thus, the HPC-workload log is
appropriate to be a dataset for our experimentation.

A. Data Collection

The HPC-workload dataset in this research is collected
from the production HPC system of NECTEC. The name of
this HPC system is “Atom cluster computer™. It is a medium
size HPC system that has totally 580 CPUs, 2.7 terabytes of
memory, and 50 terabytes of disk storages. The Atom cluster
computer has provided high computing power for many
researchers in Thailand since 2012 to present. The total size
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of HPC-workload dataset is 421,659 records with 27
variables. Figure 2 shows the raw form of the HPC-workload
log. In the figure, only the three records of HPC-workload log
are illustrated.

1 01/01/2017 00:37:2 ] .nectec.or.th;user=c1280hd
group=p128 jobname=Zr-S-Ads queue=long ctime=1483099421 qtime=148
3099421 etime=1483099421 start=1483099422 owner=c1280
.nectec.or.th exec_host=sodium-8-0.1ib/11+sodium-@-0.1ib/10+sodium
-0-0.ib/9+sodium-0-0.1ib/8 Resource_List.ncpus=1 Resource_List.need
nodes=1:ppn=4 Resource_List.nodect=1 Resource_List.nodes=1:ppn=4 R
esource_List.walltime=336:00:00 session=12466 end=1483205842 Exit_
status=0 resources_used.cput=116:10:54 resources_used.mem=1747740k
b resources_used.vmem=5130256kb resources_used.walltime=29:33:40
147 .nectec.or.th;queue=long
393015 ~ .nectec.or.th;user=c1296hg
-Defect-TS2 queue=long ctime=1483244027 qtim
©=1483244027 etime=1483244027 start=1483244028 owner=c1290hg
.nectec.or.th exec_host=sodium-0-@8.ib/11+sodium-0-0.1ib/10+s
odium-0-0.ib/9+sodium-0-0.1ib/8 Resource_List.ncpus=1 Resource_List
sodium-0-0.ib:ppn=4 Resource_List.nodect=1 Resource_Lis
t.nodes=1:ppn=4 Resource_List.walltime=336:00:00

W~
w
S
=

Fig. 2. Example of record in realistic hpc workload dataset.

B. Data pre-Processing

Based on the raw data of the HPC-workload dataset, we
select only data records during the year 2017. The dataset
consists of 17,018 records. In addition, we select 9 variables
from 27 variables for experimentation in this research. These
selections follow the advice given by the knowledge expert
who is the administrator of this system. The selected data
attributes are 8 predictor variables and one target variable.
The target field contains the number which has 32 possible
values of exit code of job running in the system. Table III
shows the details of these 9 variables.

Then, we split the dataset into four subsets. Each subset
corresponds to each quarter of the year 2017. Therefore, the
sizes of the four subsets (called quarterl, quarter2, quarter3,
and quarter4) are 4,045, 5,007, 3,452 and 4,577 records,
respectively. This data separation is a simple way to
cross-check and validate the performance of the models.

TABLE III: DETAILS OF NINE VARIABLES IN THE DATASET

Feature Description Data Type
Queue Type Queue system type in HPC Categorical
Execute Host Compute node that job running Categorical
Finish Status Exit code when job ending Categorical
CPU Usage Number of CPU that job requires Numeric
Memory Usage Memory space that job requires Numeric
YJ]:;;':OW Memory space while job running Numeric
Queueing Time ~ Time when job waiting in a queue Numeric
Execute Time The computation time of job Numeric
CPU Time Computation time x Number of Nuiseric

CPU

V. EXPERIMENTATIONS

We repeatedly perform the same set of experimentation
steps on each of the four data-subsets. These steps are
graphically shown in Fig. 3. In addition, we generate the three
different scenarios:

1) “Raw” is a test case that target variable has not been
transformed. The number of possible class values are 32.

2) “Grouping” is a test case that the target variable has
been transformed by grouping the related class values into
one group. The number of possible class values are 2.

3) “Grouping & Combining” is a test case that target
variable has been transformed by combining related class
values into one group and also grouping the class value with
another predictor variable. The number of possible class
values are 8.

Then, each test case is used for building and testing the
performance of the models. In this process, we use 70% of
data to build three different classifiers based on the three ML
techniques including C5.0, SVM, and ANN. Then, the next
process is class labeling or predicting process using the rest
30% of data. We evaluate the performance of models by the
three measurements: the accuracy, time-consuming, and
interpretability. Finally, the results based on each test case are
analyzed.

Generate Test Case
(Tramsdorm Targes Varish)

i 1
' '
' '
Sl '

i it ' 0% | Classifir Modeling
' D Cltning ! forTrain | (C5.0,SVM, ANN)
1| variable Selection | 4
1 ' Splitting T
! ' Dataset into

'
: ' s [ i tan
H Generate four ' forTest | (ectmeek T
' Sub-dataset i erpreabilty)
' '

'

Fig. 3. The research workflow.

VI. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Experimental Results

The results on the first data subset, which is the Quarterl in
Table IV, show that the accuracy of C5.0 evaluated on the
“Grouping & Combining” test case shows the highest
accuracy performance at 88.74%. However, in the “Raw” test
case, C5.0 cannot make the rule set. For the “Grouping” test
case, the accuracy of C5.0 is 87.16%.

The SVM models yield the accuracy at 71.85%, 67.35%
and 74.88% in “Raw”, “Grouping” and “Grouping &
Combining” test case, respectively. For the ANN classifier,
the accuracy results are 77.49%, 75.91% and 80.26% in
“Raw”, “Grouping” and “Grouping & Combining” test case,
respectively.

The results of the second data subset, which is the Quarter
2 in Table IV, show that the accuracy of C5.0 with “Grouping
& Combining” test case is the best at 88.38%, while in “Raw”
test case, C5.0 also cannot make the rule set. For the
“Grouping” test case, the accuracy of C5.0 is 87.46%. SVM
perform poorly at 69.88%, 70.01% and 72.63% of accuracy
in the “Raw”, “Grouping” and “Grouping & Combining” test
case, respectively. For the ANN, the predicting accuracy is
77.08%, 73.16% and 76.05% accuracy in “Raw”, “Grouping”
and “Grouping & Combining” test case, respectively.

The results of the third data subset, which is the Quarter 3
in Table IV, show that the accuracy of C5.0 with “Grouping
& Combining™ test case is the best at 85.19%, while in the
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“Raw” test cast, C5.0 cannot make the rule set. For the
“Grouping” test case, the accuracy of C5.0 is 84.46%. The
SVM models predict with the accuracy at 65.99%, 66.27%
and 75.96% in “Raw”, “Grouping” and “Grouping &
Combining” test case, respectively. For the ANN, the
accuracy results are 72.94%, 71.75% and 79.52% in the
“Raw”, “Grouping” and “Grouping & Combining” test case,
respectively.

The results of the fourth data subset, which is the Quarter 4
in Table IV, show that the accuracy of C5.0 with the
“Grouping & Combining” test case is the best at 84.21%,
while in the “Raw” test cast, C5.0 also cannot make the rule
set. For the “Grouping” test case, the accuracy of C5.0 is
83.14%. The SVM models give the prediction accuracy
approximately 77.78%, 72.52% and 73.31% in the “Raw”,
“Grouping” and “Grouping & Combining” test case,
respectively. For the ANN, the results are 79.66%, 72.81%
and 74.03% of accuracy in the “Raw”, “Grouping” and
“Grouping & Combining” test case, respectively.

TABLE IV: ACCURACY OF THE MODELS ON EACH QUARTER

Target Variable Class Label Transformation

Classtliey Raw Grouping Grouping & Combining

QUARTER 1

C5.0 n/a 87.163% 88.748%

SVM 71.857% 67.353% 74.881%

ANN 77.493% 75911% 80.269%
QUARTER 2

C5.0 nfa 87.467% 88.386%

SVM 69.886% 70.013% 72.638%

ANN 77.088% 73.163% 76.051%
QUARTER 3

C5.0 n/a 84.461% 85.192%

SVM 65.998% 66.271% 75.961%

ANN 72.939% 71.755% 79.525%
QUARTER 4

C5.0 nfa 83.142% 84.218%

SVM 77.788% 66.271% 73.314%

ANN 79.659% 71.755% 74.032%

TABLE V: TIME-CONSUMING OF THE THREE CLASSIFIERS

Target Variable Class Label Transformation

Dataset (Size) Raw 2. ?:‘:I:l;:i:
Q1 (4,045) 14 Mins 49 Secs 8 Secs 8 Secs
Q2 (5,007) 15 Mins 5 Secs 9 Secs 11 Secs
Q3 (3.452) 15 Mins 23 Secs 6 Secs 7 Secs
Q4 (4,577) 14 Mins 39 Secs 7 Secs 7 Secs

TABLE VI: INTERPRETABILITY PERFORMANCE OF THE PROPOSED
TRANSFORMATION TECHNIQUES

Transformation Technique

Accuracy Time  Interpretability

Grouping & Combining Good Good Neutral
Grouping Good Good Poor
Raw Poor Neutral Good

Meanwhile, the time-consuming of the machine learning
process including the time for building the models and
predicting the results has been observed. The result shows
that the “Raw” test case takes longer time than the other test
cases. The average time-consuming is around 15 minutes.
For the “Grouping” and “Grouping & Combining” test cases,
the average time-consuming is around 9 seconds as shown in
Table V. The unit of dataset size is the number of records.

The interpretability of the results obtained from different
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kinds of models using various variable transformation
techniques is summarized and shown in Table VI. In terms of
all three criteria which are accuracy, time-consuming, and
interpretability, it can be noticed that the "Grouping &
Combining" transformation technique yields the best
performance.

B. Discussions

One of the main contributions of this research is the
proposal of a technique that provides classifiers the ability for
handling the multi-label classification task. This research is a
comparative study through the three classifiers which are
C5.0, SVM, and ANN based on the realistic HPC-workload
dataset. The result shows that C5.0 is the best classifiers in
the “Grouping” and “Grouping & Combining” test cases.
However, this classifier cannot return the result in the “Raw”
test case. This means that the C5.0 cannot be used to handle
the high multi-label classification data because the nature of
the C5.0 algorithm supports only binary-label classification.
Therefore, it is not suitable for the large dataset, which often
contains a complex rule set or a deep tree. However, the C5.0
performs very well in the normal or low multi-class test
cases.

For the non-linear classifiers including the SVM and ANN,
the ANN is better than the SVM in terms of the predicting
accuracy for all test cases. The performance of the SVM
model is increased when choosing the proper kernel function
and properly fine-tuning the gamma and C parameters
according to the dataset characteristics.

VII. CONCLUSIONS

This research demonstrates the technique based on the data
mining approach to analyze the HPC-workload dataset from
production HPC system of the NECTEC. The target variable
is the job finish status. It contains a wide range of multi-class
values. The terms multi-class means the target variable has
more than two values, and normally the values are much
more than two. In this research, we propose a novel variable
transformation technique called “Grouping & Combining”,
which can be effectively used for solving the high multi-label
classification problem. The experimental results show that
the proposed technique is sufficient to handle the high
multi-label classification as it performs good results in terms
of the predicting accuracy, time-consuming, and
interpretability of the model. Furthermore, the results of the
comparative study performed on different kinds of classifiers
including the C5.0, SVM, and ANN show that the C5.0
model is potentially to be the best classifier as it shows the
predicting accuracy as high as 88.74%. Meanwhile, the ANN
is a classifier that is more likely to be the most robustness
when considering from all kinds of test cases. For the future
work, we plan to scale the experimentation to cover more
classification methods and used other data domains.
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A Comparative Study of Learning Techniques with
Convolutional Neural Network Based on HPC-Workload
Dataset

Anupong Banjongkan, Watthana Pongsena, Nittaya Kerdprasop, and Kittisak Kerdprasop

Abstract—High-Performance Computing or HPC is a
computer system that has high computing power. The HPC
supports various p ional d i A huge t of
jobs from a large group of users prefer to complete their jobs in
this kind of system. Therefore, managing the jobs or job
scheduling is very important since it involves the overall system
efficiency. The analysis of an HPC-workload log file is a solution
to improve system efficiency. Because some information may
appear in the log file, this information can help the system
scheduler to make an appropriate decision for job scheduling in
the HPC system. This research proposed predictive models for

predicting the job status at the finishing state in the HPC system.

The model can be used as a tool for monitoring the jobs in the
HPC system. We develop and build the three models including
HPC-CNN, HPC-AlexNet, and HPC-VGG16 based on the two
different learning techniques, which comprise Initial and
Transfer Learning of Convolutional Neural Network based on
the HPC-work load dataset. Moreover, the three
state-of-the-art Machine Learning methods: Classification and
Regression Tree (CART), Artificial Neural Network (ANN),
and Support Vector Machine (SVM) are used as the baseline
models for performance comparison. The results show that the
model that performs the best predictive performance is the
proposed HPC-CNN model. It archives 76.48% accuracy of the
prediction followed with the CART model (75.60%), while the
SVM model performs lowest the accuracy at 66.80%.

Index Terms—Convolutional Neural network, machine
learning, transfer learning, high-performance computing,
HPC-workload log.

I. INTRODUCTION

The HPC systems provide computing power in many
computation domains [1]-[5]. The type of jobs, which are
computed on the HPC system is diverse since it combines
various computing domains from different users. Therefore,
the job management or job scheduling as called job scheduler
[6]-[8] is very important for the HPC system. The system
efficiency of the HPC system can be evaluated from the job
success rate in the system. In other words, the performance of
the scheduler affects the overall system efficiency of the HPC
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system. The efficiency of the system can be evaluated as the
power that the system consumes and the job success rate.
This means that the HPC system that has a high job success
rate indicating the high efficiency of the system. Whereas, the
low job success rate indicates the poor efficiency of the
system.

Job scheduler like a brain of the HPC system. It is a
middle-ware for receiving the job from users. Then, it sends
the job to appropriate computing resources with the best
strategy. In the job scheduling process, the scheduler records
all events that occur in the system with numeric or string to
the file as called the HPC-workload log file. This file can be
used as source information for a system administrator to
investigates or tracks the problems when problems occur in
the system. Moreover, the HPC-workload log file may
contain some hidden information that the administrator can
be used to improve the efficiency of the system. For the
traditional HPC-workload log analysis, an administrator
manually analyzes using basic statistical methods based on
their knowledge. Analyzing that data in this manner may be
inefficient since it takes a long time to process, event there is
no flexibility to be used for the generic model.

In the last decade, data mining techniques have been
widely applied in the log analysis domain [9]. This research
proposed the classifier models using Deep Learning with
different learning techniques of CNN based on the
HPC-workload dataset. The proposed models for predicting
the job status at the finishing state in the HPC system.
Meanwhile, the three state-of-the-art models of Machine
Learning including CART, ANN, and SVM are created based
on the same dataset that can be used as the baseline models.
This research uses the HPC-workload log file as a dataset.
The raw dataset contains 421,459 records. Each record
consists of 27 attributes. The dataset is collected from the
production of the HPC system named “Atom Computer
Cluster” of National Electronics and Computer Technology
Center (NECTEC) in Thailand. This HPC is operated under
the National e-Science Infrastructure Consortium project. It
provides the computing resources to support various
computational projects in Thailand since the middle of 2012.

The main objective of this research is (i) to propose the
developing and modeling classifier models using Deep
Learning with different learning techniques of the CNN
based on the HPC-workload dataset, (ii) to propose the
comparative study of the performance of the models based on
Deep Learning techniques and the models based on Machine
Learning techniques including CART, ANN and SVM, and
(iii) to demonstrate the advantages as well as disadvantages
of the proposed models based on the real-world dataset.
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In the next section, we illustrate the existing works that
relate to our research. Section III, the methodology and the
dataset are explained in this section. The experimentation of
this research is described in section IV. Section V illustrates
the results. Section VI and VII illustrate the discussion and
conclusion of this research, respectively.

II. LITERATURE REVIEW

The log file is a time series event-based record of the
systems or applications while the process is online. The
contents in a log file consist of many types of messages, such
as only text, only numeral, or the combination of text and
numeral. Analysis of the log file to extract useful information
that investigates the root cause of the problem in order to find
the suitable configuration of the system, the characteristic of
the user’s behavior, and etc. Currently, machine learning
techniques play an important role in the log analysis domain.
In this section, we describe the existing works that related to
the use of a machine learning technique in the log analysis.

A. Log Analysis using Machine Learning

The existing works in network log analysis, D. J. Arndt
and Zincir-Heywood [10] conduct a comparative study of the
three classifier models to classify binary-class problems of
encrypted network traffic (SSH encrypted or Non-SSH
encrypted). The models are built based on machine learning
methods, which include C4.5, K-means, and K-mean with
Multi-Objective Genetic Algorithm (MOGA). This research
shows C4.5 classifier archiving in overall performance.
Meanwhile, the K-mean with MOGA gives the highest
accuracy in some test cases as well as reduces time
complexity of K-mean. Bujlow et al. [11] propose a classifier
model with a decision tree method. The C5.0 method is
applied to create the model for classifying the seven types of
network traffic (Skype, FTP, P2P, Web, Web radio, Game,
and SSH). The dataset in this research is a real-world dataset
that is collected by their Volunteer-Based System. The result
shows that their classifier has a better performance than the
previous work. The performance in terms of accuracy of their
model is approximately 99.3 - 99.9%.

Cao and Qiao [12] develop an Abnormal Detection System
(ADS) for predicting the cyber-attack of the web (normal
access or abnormal access) through the two levels of machine
learning techniques. For the first level, they create three
classifiers: logistic regression, decision tree, and support
vector machine to label the data. For the second level, they
choose the dataset, which is labeled from the best model
according to the first level. Then, the classifier model is built
with the Hidden Markov Model (HMM) based on the chosen
dataset. The results in terms of performance comparison
show that the proposed model archives the highest accuracy
at 93.54%. The dataset is collected from the industrial.

Ertam and Kaya [13] conduct a comparative study of the
classifiers for classifying the package permission, which
composes of Allow, Deny, Drop and Reset-Both. The SVM
algorithm is applied to build the model with different kernel
functions including Linear, Polynomial, Radial Basis
Function (RBF) and Sigmoid function. The dataset is a
firewall log, which is taken from the firewall device of the

Firat University. The result shows that the SVM classifier
model using an RBF function overcomes other kernel
functions with the best F; score at 76.4%.

B. High-Performance Computing Log Analysis

Hsu and Feng [14] propose a prototype of power
awareness in the HPC system. The main objective of the
research is to help the HPC system to reduce power
consumption. This research uses the B-adaption Algorithm
with Dynamic Voltage and Frequency Scaling technology to
control the CPU workload in the system. Computer profiling
(Real-time log) is used as a dataset. For experimentation, the
model runs using benchmark applications. The result
demonstrates that the proposed method reduces the power
consumption of the HPC system around 20% for sequential
Benchmark test cases and 25% for the parallel benchmark
test case.

Taerat, et al. [15] conduct research using descriptive
analysis to explain the characteristics of the HPC system
based on system failures. The HPC log file of the IBM Blue
Gene/L system of Louisiana Tech University is used as a
dataset. The result shows in terms of the enumerated
information, such as the severity level of failures, time to
repair (TTR) or mean time to failures (MTTF). The
conclusion of the analysis assumes a time to repair (TTR) as
10 minutes. Then, the results suggest that the system has a
mean time to failure (MTTF) at 5.89 hours, or around 4 times
a day.

Pelaez et al. [16] develop a system failure detection
through the improvement of the clustering algorithm. The
proposed method so-called Decentralized Online Clustering
(DOC). The system is built based on a case study of the
Ranger supercomputer of the Texas Advanced Computing
Center. The result illustrates that the performance of the
system failure detection is not different compared to the
baseline. Meanwhile, the proposed model reduces
approximately 2% of the overall overhead (CPU, memory
and network bandwidth).

Klinkenberg et al. [17] propose a monitoring system for
predicting system failures for the HPC system of the RWTH
Aachen University. The first phase of the research uses a
descriptive statistic to identify the events through the
characteristics of the event. In the second phase, a
comparative study of classification methods: logistic
regression, decision tree, random forest, SVM, and
multilayers perceptron based on preprocessing data in the
first phase. The performance evaluation using 10-fold
cross-variation demonstrates that ~the proposed model
archives 98% precision and 91% recall.

Yoo, Sim, and Wu [18] conducta comparative study using
six methods of machine learning including decision tree,
random forest, logistic regression, and naive bayes to build
the classifier models for predicting the job unsuccess at
running state in the HPC system. The dataset is an
HPC-workload log file of Genepool Scientific Cluster
Computer of the NERSC. The result shows that the model

based on the random forest method outperforms other models.

The performance of the classifier archives 99.8% accuracy,
83.6% recall and 94.8% precision.
In conclusion, the literature review we mentioned above
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demonstrates that machine learning techniques are widely
applied in many log analysis domains, especially for HPC log
analysis. However, in this research, we proposed classifier
models using deep learning techniques with different
learning techniques of the convolutional neural network.

III.  RESEARCH METHODOLOGY

The classification technique is a technique in machine
learning. It is a supervised learning technique to classify or
predict binary or multi-label classification problems.
Currently, deep learning is a subset of machine learning that
becomes a popular technique in the artificial intelligent
domain. This research applies deep learning techniques with
the CNN method to develops classifier models for predicting
the job status at the finishing state in the HPC system.

A. Convolutional Neural Network

The Convolutional Neural Network (CNN) also known as
ConvNet is an algorithm, which uses the process of the neural
network. The architecture and process of neural networks
mimic the process of the human brain. Therefore, the
ConvNet is a popular algorithm in deep learning technique
that has been applied in many domains, such as the
self-driving car system [19], medical science [20], [21], and
environmental science [22].
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Fig. 1. The max pooling processes.

The architecture of the ConvNet composes of the input
layer (receive input data), the hidden layer (computational
process), and the output layer (classify or predict the result).
In a part of the hidden layer of the ConvNet, it is different
from the normal neural network. Therefore, it can be
separated into two main procedures. The first procedure is the
process of convolution to maintain the value with Rectified
Linear Unit (ReLU). The second procedure reduced features
using pooling techniques (select one feature in the region).
Then, the network re-processes the two procedures again
until finish convolution loop. Fig. 1 shows the example of the
max pooling technique.

‘ ® 00
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Fig. 2. Initial learning (a) and transfer learning (b).

There are two techniques to build a classifier model
through the ConvNet algorithm. The first technique is the
initial learning technique [23], [24]. This technique creates

all-new architecture as well as initial learning the data from
zero at the model learning state. The second technique is the
transfer learning technique [25], [26]. This technique uses the
pre-train network with fine-tune technique and modifies the
pre-train network according to the dataset. The transfer
learning technique reduces the model learning time in the
learning state. Generally, this technique suits for using with
the general image. Fig. 2 shows a comparison of the initial
learning and transfer learning techniques. In this research, we
use AlexNet and VGG16 as the pre-train network. Table 1
shows the characteristics of the pre-train network.

TABLE I: PROPERTY OF THE PRE-TRAIN NETWORK

Pre-train Layers Hyper Parameter Input Size
AlexNet 8 61M 227x227
VGG16 16 138M 224x224

B. The State-of-The-Art Machine Learning

Machine learning algorithms are divided into two groups
according to the learning process including supervised and
unsupervised learning. The supervised learning means the
target variable must be defined at the learning state while
unsupervised learning the target variable has not to be
defined at the learning state. Mostly, the algorithms that
propose classification and regression tasks are grouped as a
supervised learning technique. Meanwhile, the algorithms
that propose a clustering task are grouped as an unsupervised
learning technique. In this paper, we use the three
state-of-the-art machine learning algorithms including
Classification and Regression Tree (CART), Artificial
Neural Network (ANN), and Support Vector Machine (SVM)
building as the baseline models.

The CART is a tree based-algorithm [27]. The CART
algorithm supports the model for classification as well as a
regression task. In other words, this algorithm can be used
with the dataset that is a categorical and continuous type of
target variable. Therefore, the learning data to create the tree
structure rule of the CHART algorithm are the Gini index
value and variance reduction criterion for classification and
regression task, respectively.

Artificial Neural Network (ANN) [28] is an algorithm
developed from the motivation of the human brain works.
Typically, the ANN architecture composes of three parts
including the input layer, hidden layer, and an output layer.
The multilayer perceptron is a basis of ANN architecture (one
input layer, one hidden layer, and one output layer). The
process of the ANN algorithm sends the data into the input
layer, and then, propagates the data into the hidden layer. At
the same time, the input values are computed by multiplying
the weight including the bias values. The result is called “net
input”. Then, the activate function is taken to the net input.
Finally, the result is processed in the output layer for
classifying the data.

Positive Predict _Negative Predict
True Positive (TP) False Negative (FN)
Negative Actual | False Positive (FP) True Negative (TN)
Fig. 3. The confusion matrix of a two-class problem.

Positive Actual

Support Vector Machine (SVM) [29] is an algorithm that
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finds the appropriate line to separate the data in a hyperplane.
The line is defined from a mathematical function called
kernel function. The popular SVM kernel function is Linear,
Radial Basis Function, Polynomial, and Sigmoid. Previously,
the native SVM supports only binary-label classification
problems. Presently, modern SVM can be used to handle the
multi-label classification problem as well as increasing the
robustness to the outliner. However, finding the appropriate
kernel function of the SVM algorithm is a difficult task.

C. Assessments

To evaluate the performance of the models, we select the
four evaluators including accuracy, recall, precision, and
F-measure. All evaluators are computed from the confusion
matrix table. Fig. 3 illustrates the example of the confusion
matrix of a two-class problem.

The true positive (TP) is the number of the predicted value
is “True”, and the actual value is “True”. The false negative
(FN) is the number of the predicted value is “False”, while
the actual value is “True”. The false positive (FP) is the
number of the predicted value is “True”, while the actual
value is “False”. The true negative (TN) is the number of the
predicted value is “False”, and the actual value is “False™.

The accuracy (1) is an evaluator that assesses the overall
performance of the model. The recall (2) regards the model
performance based on the actual value point view.
Meanwhile, the precision (3) observe the model performance
base on the predicted value point of view. The F-measure or
F score (4) is a harmonic mean of precision and recall.

4 _ TP+TN )
CUracY = TP ¥ FP+TN +FN
&r
R L — )
Recall TP FN
o TP
Precision = TP+ EP 3)

£ =% Precision X Recall @)
=i Precision + Recall

01/01/2017 00:37:22;E;92995 .nectec.or.th;user=c1280hd
group=p128 jobname=Zr-S-Ads queue=long ctime=1483099421 qtime=148
3099421 etime=1483099421 start=1483099422 owner=c1280
.nectec.or.th exec_host=sodium-0-0.ib/11+sodium-0-0.1ib/10+sodium
~-0-0.ib/9+sodium-0-0.ib/8 Resource_List.ncpus=1 Resource_List.need
nodes=1:ppn=4 Resource_List.nodect=1 Resource_List.nodes=1:ppn=4 R
esource_List.walltime=336:00:00 session=12466 end=1483205842 Exit_
status=0 resources_used.cput=116:10:54 resources_used.mem=1747740k
b resources_used.vm 30256kb resources_used.walltime=29:33:40
01/01/2017 11:1 5 .nectec.or.th

composes of 580 computing elements, 2.7 TBytes of memory,
and 50 TBytes of the storage capacity. This system provides
free-computing resources for the research in Thailand since
mid-2012. The raw HPC-workload log file contains 421,659
records. Each record composes of 27 attributes. Fig. 4
illustrates the example of the raw data of the HPC-workload
log file.

In this research, we use MATLAB software version
R2018b to build the models through different learning
techniques of the CNN network. In addition, we use the IBM
SPSS Modeler 18.0 for creating the baseline classifier models
through the machine learning methods. Moreover, we use
Python 3.4 to handle the raw HPC-workload log in the data
preprocess state. All experimentation is run on the working
station computer (Intel Xeon Silver 4116 CPU, 2.10 GHz, 24
GB of memory without GPU).
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Fig. 5. The research workflow.

IV. EXPERIMENTATION

In this research, we divide the experimental process into
four main parts including data collection, data preprocessing,
experimentation, and analyzing the results. The data
collection process has already been described in section III.
The experimental results and discussions are presented in
sections V and VI, respectively. In this section, we describe
the data preprocessing and experimentation parts.

TABLE II: DETALLS OF ALL ATTRIBUTES IN THE DATASET

01/01/2017 11:1. 015 = .nectec.or.th;user=c129@hg
group=p129 j Defect-TS2 q long ctime=1 7 qtim
€=1483244027 etime=1483244027 start=1483244028 owner=c1290hg

«nectec.or.th exec_host=sodium-@-0.ib/11+sodium-8-0.ib/10+s
odium-9-9.ib/9+sodium-0-0.ib/8 Resource_List.ncpus=1 Resource_List
.neednodes=sodium-@-0.ib:ppn=4 Resource_List.nodect=1 Resource_Lis
t.nodes=1:ppn=4 Resource_List.walltime=336:00:00

Fig. 4. The example of some records in the raw HPC-workload log file.

D. Dataset and Tools

This research uses the dataset, which is collected from the
National Electronics and Computer Technology Center,
Thailand or NECTEC. The dataset is an HPC-workload log
from the PBS/Torque scheduler in a production computer
cluster called “Atom computer cluster”. Atom computer
cluster is a medium size HPC system in Thailand that

Attribute Description Type
Queue Type Queue type in HPC Categorical
Execute Host Compute node at job running Categorical
Limit Wall Time Time limit which depends on queue  Continuous

type
CPU Usage Number of CPU at the job requires Continuous
Memory Usage Memory space at job requires Continuous
VMemory Usage Memory space while job running Continuous
Queueing Time Time of job waiting in the queue Continuous
Wall Time Total time of job stay in HPC Continuous
Execute Time The computation time of the job Continuous
CPU Time Computation time x CPU Usage Continuous
Finish Status E(it code at job ending Catesorical

A. Data Preprocess

After the raw data is collected from the system, we prepare
the dataset through the data preprocessing process. This
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process makes a suitable dataset for the experimental process.
This dataset is a good quality one since, in the year 2016, the
HPC system has a little downtime (around 6%). Then, we
clean the data by eliminating outliers and missing values.
Next, we select 11 out of 27 attributes using expert
knowledge. There are 10 predictor variables including
“Queue Type”, “Execute Host”, “CPU Usage”, “Memory
Usage”, “VMemory Usage”, “Queueing Time”, “Execute
Time”, “CPU Time”, “Limit Wall Time”, and “Wall Time”.
The “Finish Status™ is a target variable in this research. The
target variable is a binary-class problem that composes of
“success” and “error” state. Table Il shows details of all
attributes in the dataset.

B. Classifiers Modelling

In this process, we use the HPC-workload dataset that is
already prepared according to the previous process. We
separate the experimentation into two phases. The first phase
according to the main objective (i) of this research that is to
model the classifier models for predicting the job status at the
finishing state of the HPC system. The models are built
through the different learning techniques of the CNN
network. The second phase according to the objective (ii) of
this research that builds the three baseline models through the
machine learning methods, which include CART, ANN, and
SVM.

Input Layer

Fig. 6. The HPC-CNN architecture.

In the first phase of the experiment, we propose the three
classifier models to predict the job status at the finishing state
of the HPC system based on the HPC-workload dataset. A
deep learning technique is used to build models. The
HPC-CCN is the proposed model, which is modeled through
the initial learning technique of the CNN network. The
network architecture and configuration of the HPC-CNN are
defined using expert knowledge as showed in Fig. 6. The
other two proposed models are HPC-AlexNet and
HPC-VGG16. These models are built using the transfer
learning technique of the CNN network. The AlexNet and
VGG16 are used as a pre-train network for HPC-AlexNet and
HPC-VGG16, respectively. In the transfer learning process,
we fine-tune the three layers of the output port of the pre-train
networks. As the input of the proposed models must be an
image, we perform an extra-process for transforming the
HPC-workload dataset into an image dataset. In this process,
the categorical value of the predictor variable is changed to
be a nominal value. Then, the numeric value in a dataset is
normalized to 0 - 255. At the end of this process, the
HPC-workload dataset is ready transformed into the image
data. The image data is created one by one from rows in the
HPC-workload dataset. We duplicate nine times of row to be

10x 10 pixels image data (Fig. 7). Fig. 8 shows an example of
the image data after the transformation process is done. The
color channel of the image data for the HPC-CNN model is 1
channel (grayscale), while the proposed models, which are
modeled from the pre-train network (HPC-AlexNet and
HPC-VGG16) are 3 channels (RGB). After the
HPC-workload image dataset is created, we randomly split
the dataset into 80% train-set and 20% test-set. The three
proposed models (HPC-CNN, HPC-AlexNet, and
HPC-VGG16) are built from the train-set with the same
configuration as shown in Table III. The accuracy, recall,
precision, and F-measure score are used to evaluate the
performance evaluation of the proposed models. Then, the
model, which perform the best performance is selected in
order to compare its performance with the baseline models.

1 2 3 4 5 6 7 8 9 ¥
103 |5|1B3[81| 0| 4|27 1|25|%

2| 3| 25| 13] 81| ( 7| 1| 25| %

3‘.. S 13 81| 0| 4|27 11|25 7%

:
:

Fig. 7. The example of a 2D array 10x 10 for creating the image data.

ERROR SUCCESS

Fig. 8. The example of grayscale image data with a label (x50).

TABLE I11: THE CONFIGURATION OF THE LEARNING PROCESS
Parameter Value
Optimizer sgdm
Mini Batch Size 100
Max Epochs 3
Initial Learning 0.1
Validation Frequency 10
Validation Patience Inf

In the second phase, we create the baseline models for our
comparative study with the proposed model. The three
machine learning methods including CART, ANN, and SVM
are used to build the baseline classifier models. We also

randomly split the dataset into 80% train-set and 20% test-set.

For the ANN configuration, it composes of one input layer
with 10 neural nodes, one hidden layer with 7 neural nodes,
and the output layer has 1 neural node. For SVM, the RBF
kernel function is applied with the Gamma = 0.1 and C = 3.

V. RESULTS
From the experimentation, the three CNN network models
HPC-CNN, HPC-AlexNet and HPC-VGGI16 that are the
classifier model, which are used to predict the job status at the
finishing state in the HPC system. The performance
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evaluation of the models illustrates that the HPC-CNN model
archives the highest accuracy at 73.55%. In a part of the two
models, which are built using the transfer learning technique,
HPC-AlexNet and HPC-VGG16 provide the accuracy of the
prediction at 57.35% and 42.65%, respectively. For the
performance in terms of recall, precision, and F-measure,
only HPC-CNN returns the results. The results are 59.69%
recall, 73.35% precision, and 65.79% F-measure score as
shown in Table IV. The model building time of the three
models shows that the HPC-CNN model takes less time of 5
minutes and 13 seconds while the HPC-VGG16 takes the
longest time at 11 hours (Table V). Fig. 9 shows the
confusion matrix of the HPC-CNN model.

TABLE IV: THE PERFORMANCE OF THE THREE PROPOSED MODELS

Model Learning Evaluators
Techniques  Accuracy  Recall  Precision F

HPC-CNN Initial 0735 059 0733 0.658
Learning

HPC-AlexNet  Tnsfer g 593 0 na na
Learning

HPC-VGGle  Iransfer 0426 0 n/a n/a
Learning

TABLE V: TIME CONSUMPTION AT THE LEARNING PROCESS

Model Time Consumption
HPC-CNN 5 min 13 sec
HPC-AlexNet 93 min 3 sec
HPC-VGG16 698 min 50 sec

We increase the epoch at the learning state of HPC-CNN
up to 18 epochs (Fig. 10). As a result, the accuracy of the
model increases up to 76.49%. Table VI illustrates the
performance of the HPC-CNN model compared with the
baseline models. The results show that the HPC-CNN model
(76.5% accuracy) outperforms the others as shown in Table
VL

TABLE VI: THE PERFORMANCE COMPARISON OF PROPOSED VS BASELINE

Machine Learning Accuracy
CART 0.754
ANN 0.729
SVM 0.668

Deep Learning Accuracy
HPC-CNN 0.765

VI. DISCUSSION

The result shows that the performance of the
HPC-AlexNet and HPC-VGG16 models are very poor as
they cannot return the results of recall, precision, and
F-measure. Based on this result, it could be concluded that
the models, which are built using the transfer learning
technique of CNN from the pre-train networks (AlexNet and
VGG16) are unsuitable for the HPC-workload dataset. This
could be because the network architecture of the pre-train
networks is inconsistent with the input data. In other words,
there are some unnecessary of the hidden layers
(convolutional part) since the HPC-workload is a low
dimensional dataset. This conclusion seems to be supported
by the result that the HPC-CNN network archives higher
accuracy than the HPC-AlexNet and HPC-VGG16. This is
possibly because it has only three hidden layers.

Confusion Matrix

o 1252 ass
LS 25.4% 92%
a
@
i+
success Lolh
§ = 17.2% 481%
-]
©
6 73.5%
40.4 16.1 26.5%
& &
Target Class

Fig. 9. The confusion matrix of the HPC-CNN model.

VII. CONCLUSION

This research proposed classifier models to predict the job
status at the finishing state of the HPC system based on the
HPC-workload dataset. The two learning techniques
including initial and transfer learning of the CNN network is
utilized to model the proposed models. The HPC-CNN
network uses the initial learning technique of the CNN
network. Meanwhile, HPC-AlexNet and HPC-VGG16 use
the transfer learning technique. The AlexNet and VGG16
network is used as the pre-train network. The performance
comparison of three proposed models demonstrates that the
HPC-CNN model archives the highest accuracy at 76.5%.
Moreover, this research is a comparative study of the
proposed model with the three state-of-the-art machine
learning methods including CART, ANN, and SVM. The
results show that the proposed HPC-CNN network
outperforms the others with 76.49% accuracy, while the
baseline models CART, ANN, and SVM provide the
accuracy of the prediction at 75.4%, 72.9%, and 66.8%,
respectively.

Accuracy (%)

o 500 1000 1500 2000 2500 3000 3500

.
) 500 To00 1500 2000 7500 3000 3500

Reration
Fig. 10. The progress status of the HPC-CNN model at the learning state with
18 epochs.

For the future work, we will apply a grid search or random
search to find the best CNN configurations based on the
HPC-workload dataset and increase the scale of the dataset in
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order to enhance the performance of the model.
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Abstract—In High-Performance Computing (HPC) system,
job failure is a major problem because it means the losses in
computation time, resources, and power. Job failure also
degrades significantly overall efficiency of the HPC system.
In this paper, we propose two sets of models to predict job
failure at two points of submission: job submit-state and job
start-state. The models can be used as guiding tools for
HPC-user to make efficient decision on managing their job
submisison on the HPC system. The tools are thus for
improving the efficiency of the HPC system at the job level.
In the evaluation stage, we conduct a comparative study in
order to compare performance of the job failure predictive
models developed based on the decision-tree induction
techniques including C5.0, Classification and Regression
Tree (CART), and Chi-square Automatic Interaction
Detector (CHAID). The datasets used for training and
testing the models are the two workload logs collected from
the HPC system at the National Electronics and Computer
Technology Center (NECTEC), Thailand, and the Los
Alamos National Laboratory (LANL), USA. To predict
failure at the job submit-state and at the job start-state, the
results show that the models built from C5.0 algorithm
provide the highest accuracy of prediction (around 85% for
the NECTEC dataset and 87% for the LANL dataset). The
experimental results regarding prediction at different job
states reveal that failure forecasting at the job start-state is
slightly more accurate than making prediction at the job
submit-state (accuracy improvement is around 1.45% for the
NECTEC dataset and 0.46% for the LANL dataset).
However, when considering both criteria of the performance
of the models and the overhead of job waiting time, job
failure predicti deling at the job suk tate provides
the best efficiency.

Index Terms—decision tree, high-performance computing,
job failure prediction, workload log

I.  INTRODUCTION

High-Performance Computing (HPC) is a computer
system that combines many computers working together
as a single system. Each of computer machines is referred
to as a computing node. To achieve a single system
characteristic, a group of computers communicate with

Manuscript received July 20, 2020; revised January 19, 2021.
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each other via the internal network system. The HPC
system has a special software named a scheduler to
prioritize and manage the jobs in the queue to
appropriately and efficiently be processed in the
computing nodes. The HPC system uses central storage to
guarantee correctness by making all computing nodes to
access the same data. The two important aspects of most
HPC systems are reliability and scalability.

To deliver reliable service, the HPC system operates
with the redundancy principle such that it can resist the
system failure. The second feature of HPC system, named
scalability, refers to the ability to expand the system
hardware to handle jobs that need extremely large number
of computing nodes. The fundamental idea of combining
many computers to work together as a single cluster makes
the HPC system naturally effective in expanding its
computing resources such that its computing power is
unlimited. Based on these two important features, HPC
systems are thus installed and operated in many
computational laboratories worldwide.

Most of the jobs processed in the HPC system are
related to advanced computational science and
engineering tasks [1]. These jobs have common
characteristics of high-memory consumption and complex
calculation, such as jobs from the astronomical computing
group, particle and high energy physics, the forecasting of
climate, and so on. Most HPC systems are established as
either the organization's computing resource center or
open to public as a computing service with hourly service
fees. Based on the vast areas of service, HPC systems must
be able to support a variety of tasks. Variety issue also
includes the different number of users, the variance of
computational domains, and the variety of computational
applications. To handle efficiently diverse tasks in the
HPC systems, there are three levels of efficiency to be
considered (as shown in Fig. 1).

The efficiency development at the system level is the
maintenance of computing resources to be able to work or
provide computational services at all time [2], [3]. At
scheduling level, the HPC system must manage the
submitted jobs as much as possible according to the full
capacity of computing resources [4], [5]. The last one is at
the job level which makes the jobs processed in the HPC
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system run through the finish-state with a high success rate
[6], [7]. For the efficiency development of the HPC system
at the system level and the scheduling level, it is the
responsibility of the system administrator. Meanwhile,
efficiency at the job level is the direct responsibility of
users of the HPC system.

Scheduling Level

Job Level

e

System Level

Figure 1. The level of efficiency development of the HPC system.

This research aims to improve the computing efficiency
of the HPC system at the job level. Unsuccessful
processing or job failure while processing in the HPC
system is the most important problem for users because
most jobs submitted to the HPC system is a large and
complex job requiring long processing time and high
usage of computing resources. If the job processing fails at
running state, that means the waste of time, computing
resources, and electrical power [8]. This research proposes
a job failure predictive model while the job is processing at
the job submit-state and the job start-state in the HPC
system. The model can be further developed as a guiding
tool for the HPC-users in a soft recommendation system or
as a notifier in a monitoring system. We expect that such
tool would be very useful for many HPC-users. For
example, it is a decision-making helper for new users who
lack experience of setting parameters while submitting a
job to be processed in the HPC system, or it can issue
notification when an error occurs by providing some
helpful message for users to correctly handle the erroneous
situation.

Machine Learning (ML) technique was used to create
the job failure predictive model to predict a job failure
while processing in the HPC system. We select three
Decision Tree (DT) algorithms: C5.0, Classification and
Regression Tree (CART), and Chi-square Automatic
Interaction Detector (CHAID) to create the models based
on the workload logs or job logs of the HPC systems. The
first dataset is a workload log from the National
Electronics and Computer Technology Center (NECTEC),
Thailand. The second dataset belongs to the HPC system
at the Los Alamos National Laboratory (LANL), USA,
which is publicly available at the Parallel Workloads
Archive [9].

The contributions of this research are as follows.

e This research proposes a framework to improve the
computing efficiency of the HPC system at the job
level by creating the model to predict job failure

© 2021 J. Adv. Inf. Technol.

while the job is processed in the HPC system. The
model can help users to submits a job to the HPC
system in an effective way.

e We evaluate and compare the performance of
several models to find the best one. The predictive
tree-based models were created by using the
algorithms C5.0, CART, and CHAID trained on the
workload logs of the HPC systems.

e We perform a comparative study to assess model's
performance at the job submit-state and the job
start-state to find a suitable position to create the
job failure predictive model.

The rest of this research is organized as follows. Section
IT presents a literature review. Section III describes theory
and algorithms used in this research. Section IV explains
details of the dataset, experimentation setting and results.
Sections V and VI are discussion and conclusion,
respectively.

II. LITERATURE REVIEW

The improve in computing efficiency of the HPC
system can be done at 3 levels: the system level, the
scheduling level, and the job level. Many research works
propose the development of computing efficiency of the
HPC system at the system level by preventing system from
failure using analytical method to find patterns of system
defects. Such patterns are in a form of a predictive model
to forecast system failure in advance.

In 2006, Schroeder and Gibson [10] proposed the idea
to investigate the root causes of the problem that occur on
the HPC system with the objective to estimate the Mean
Time Between Failure (MTBF) and Mean Time to Repair
(MTTR). They used static tools to analyze the defect. The
dataset used in their research was collected from 20 HPC
systems at the Los Alamos National Laboratory, USA.
The analysis results showed that the number of faults in
the HPC system in one year was in a very wide range from
20 times to 1,000 times and defects mostly occurred in the
large HPC system.

In 2016, Chuah er al. [11] also studied patterns of
defects or system failure on the HPC system called Ranger
Supercomputer. They introduced the CRUMEL
(Correlating Resource Usage data and MEssage Logs)
framework, which used data analysis principles based on
correlation relationships between the system log and the
workload dataset. The data from two sources were
connected via timestamp. They reported the results that the
CRUMEL tool could identify the pattern of defects. Their
framework could also show the relationship of fault events
on the system.

In 2007, Liang et al. [12] analyzed a system log of the
IBM BlueGene/L system to predict system failures. The
dataset was recorded in a period of 142 days. They tested
and compared the efficiency of the models for predicting
the system failure of the HPC system. The models were
created by Rule-based Method, Support Vector Machine
(SVM) and k-Nearest Neighbors (kNN). The results
showed that the best performance in terms of time
complexity and accuracy was from the model of the kNN
algorithm.
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In the same year, Gujrati et al. [13] also used
Rule-based Method and statistical tools to create models to
predict abnormal events in the IBM Blue Gene/L system.
Their tools consisted of three processes: event processing,
based prediction, and the Meta-learning prediction. The
dataset was collected from the system log of two IBM
Blue Gene/L systems. They reported that experimental
results provided by the proposed tool could increase
performance of system failures prediction by up to 3 times
compared to their previous research.

In 2018, Soysal et al. [14] proposed a method to predict
how long the job is to be processed in the HPC system
(called wall-time). Their modeling method was based on
the automated machine learning using 15 algorithms
trained with the workload dataset of the HPC system that
was collected from the Parallel Workloads Archive. The
results showed that the models built from automated
machine learning apprpach provided better performance
than human predictions up to 7 times.

In 2012, Zhang et al. [15] proposed a descriptive
analysis method using statistical tools and clustering
algorithm to analyze the workload log data of the HPC
system with the objective to find a suitable form of
resource usage for the jobs to be processed in the HPC
system. Their analysis scheme also employed information
obtained from the experiment to create a tool for
suggesting job submission to the system, called a
knowledge-based recommendation system. The system is
for users who lack experience in submitting job to the HPC
system. Users were satisfied with the system that showed
accuracy as high as 64.2%.

In 2012, Yuan ez al. [16] studied the nature of a job that
had not been successfully processed in the HPC system.
They used statistical method to analyze the workload log
dataset of the HPC system. The data were collected from
10 public datasets compiled from 8 HPC systems. The
results showed that the unsuccessful jobs had much effect
toward the overall efficiency of the HPC system in terms
of service quality as well as wasted computation time.

From the literature review, we found that researchers
focused on developing methods to improve the computing
efficiency of the HPC system at two levels: the system
level and the job level. The majority of research work
concerned improvement the computing efficiency of the
HPC system at the system level. Some researchers
performed log analysis at the system level to find the root
cause of the problems in the HPC system. Many recent
works aimed at creating the predictive model to forecast
the system failure of the HPC system. The predictive
model was created by using statistical tools and machine
learning techniques. There was some research work
aiming at improving the computing efficiency of the HPC
system at the job level by trying to find the appropriate
form of requesting computing resources for the job to be
processed in the HPC system. However, there are some
existing limitations such as the model could not be applied
to the real world HPC system because the model was built
from the jobs at the finish-state and such state is not so
useful for applying the model to the actual situation that
job finish-state has not been reached yet. Therefore, we
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propose a new study framework by performing a
comparative study of the job failure predictive model
where jobs are at the submit-state and the start-state.

III. BACKGROUND THEORY AND ALGORITHMS

A. The Job State in the HPC System

The job state is the various statuses of job that has been
processed through the HPC system (as shown in Fig. 2).
There are three possible states; the first one is the state at
which the job has been sent or submitted to the HPC
system (called job submit-state), the second state is the
state at which the job begins to be processed on the HPC
system (called job start-state), and the last one is the state
at which the job is processed completly and successfully
(called job finish-state).

‘Wall Time
A
N
Wait Time Run Time
AL A
(4 Ba B
: : : Time
Submit Start Finish
{13 (2} (3}

Figure 2. The three job states in the HPC system.

The time period from the job submit-state to the job
start-state is called the wait-time. During this time, the job
is waiting for its processing in the queue system. The next
period from the job start-state to the job finish-stae, which
is the end of job processing in the HPC system, is called
the run-time or execute-time of the job. The whole
duration of the job in the HPC system is called the
wall-time (as in equation 1). It is a time frame from the
point that users submitting their job until they receive the
result.

Wall Time = Wait Time + Run Time (1)

We are interested in evaluating and comparing the
performance of models to predict job failure while
processing in the HPC system. We analysis job failure
where the job is at the submit-state and the start-state with
the main purpose of finding the most efficient model. The
job failure predictive model can help the HPC-user
making good decision on submitting job with the most
efficient configuration of job processing in the HPC
system. In some cases, if users know in advance at the
submit-state that the job to be sent to the HPC system is
likely to fail, they can avoid the useless computation and
not to lose the job wall-time. Also, in the situation of the
job that is in the start-state, the model can help users
saving time for job processing (job run-time).

B. Decision Tree

Usually, the purpose of analyzing data from log files
[17], [18] whether it is system log, network log, or
workload log data, is to find the cause of problems (root
cause) or to find defect that causes suboptimal
performance of the system. Such analysis has be done
regularly using the manual style that requires the
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knowledge of experts to make decision about which part of
data should be used, which analysis tool should be
employed, and how to interpret the analysis results. So, it
can be seen that it is an inefficient method of data analysis
because it takes a long time for getting the correct result
and it is limited by experience of the expert. Therefore, in
this research we propose to use machine learning
technique to create a model to predict job failure while
processing in the HPC system. Machine learning
technique is more efficient than manual analysis because it
works in an automatic way; thus, limitations in time and
expertise of the human analyst are eliminated.

This research adopts the decision tree algorithm as a
modeling method to predict job failures while processing
in the HPC system. The advantagees of a decision tree
algorithm are that it has a simple work process, accuracy
of the model is high, and the model is easy for
interpretation, which is especially useful for root cause
analysis. The decision tree model can classify or predict
the target attribute with the logic-based concept, which is
like the reasoning generally made by humans [19]. The
structure of the decision tree is in the form of an
upside-down tree (as illustrated in Fig. 3). The top node of
the decision tree is the root node which is the node that has
only the branching out lines. The node that has both the
input output lines is called the internal node. The node at
the end of the tree structure, in which there are only the
input lines, is the leaf node. The leaf node is responsible
for showing the final result of the classification or
prediction of the decision tree model.

Internal
Node

branching criteria for decision tree construction of the
CART algorithm is the Gini index value, whereas in
prediction, CART uses variance reduction value. The
CHAID algorithm [23], [24] works like CART, but it has
the advantage of being able to support branching of
decision trees in more than two subgroups. It uses the
statistical criteria based on the chi-square value for
branching.

C. Assessment

This research generates job failure models based on
three different algorithms. Performance of the obtained
models are to be evaluated and compared using the four
assessment matrices: accuracy, recall, precision, and F,
score. The computation of each assessment metric can be
done by observing values from a confusion matrix.
Structure of confusion matrix is shown in Table I, while
computation of various assesments are summarized in
Table II.

TABLE 1. THE CONFUSION MATRIX OF BINARY LABEL CLASSIFICATION

Predict as Negative
False Negative (FN)
True Negative (TN)

Predict as Positive
True Positive (TP)
False Positive (FP)

Actual Positive
Actual Negative

True Positive (TP) = The number of data that their
actual class is “true” and the model predicts correctly as
“true”.

False Negative (FN) = The number of data that their
actual class is “true”, but the model predicted incorrectly
as “false”.

False Positive (FP) = The number of data that their
actual class is “false”, but the model predicted incorrectly
as “true”.

True Negative (TN) = The number of data that their
actual class is “false”” and the model predicts correctly as
“false”.

TABLE II. THE MODEL ASSESSMENT METRICS

| Leaf Node

I Leaf Node

Leaf Node |

Leaf Node |

Figure 3. The decision tree structure.

This research builds the tree-based model to predict job
failure while processing in the HPC system using three
algorithms: C5.0, CART, and CHAID. The reasons for
choosing theses three algorithms are due to their efficiency
and successful application in many domains.

C5.0 algorithm [20], [21] was developed from the C4.5
algorithm. The main extension from the previous version
is that C5.0 algorithm has some new features such as
Boosting and Cost-sensitive tree. The C5.0 algorithm uses
the node splitting criteria from calculating a value called
Information Gain. One prominent advantage of C5.0
algorithm is its robustness against missing values in the
dataset. The C5.0 algorithm only supports the categorical
target variables. While, the CART algorithm [21], [22] is
an outstanding algorithm that be able to support both data
classification and data prediction as the target data can be
either categorical or continuous. For classification,
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No. Metric Name Formla
1 B ciiac TP+ TN
ousey TFTFP Y INTEN
TP
2 Recall P
isi TP
3 Precision A
4 F, score Recall x Precision

Recall + Precision

Accuracy is an assessment metric that considers the
overall classification accuracy (for both “true” and “false”
classes) of the model. It may not be a good metric is the
dataset is imbalance in that number of data in one class
significantly outnumbers data in other class. For such
imbalance cases, we can use other assessment metrics such
as recall (or sensitivity), precision, and F, score for a
specific class of interest (which is normally called a
positive class). The recall is used to evaluate the model
performance from a perspective of the power to predict
correctly as much as possible the data from the class of
interest. While precision is the assessment of the model
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from the aspect of correctness that a good model should
not incorrectly predict data in negative class (those that are
out of interest) to be a positive class. The F,; score is the
harmonic mean of the values from recall and precision.
The range of these values are from 0 to 1. The value 1 is
the most desirable measurement.

IV. EXPERIMENTATION AND RESULTS

A. Dataset

The data used in this research are the workload log or
job log of the HPC system. It is the result of recording the
activity related to the jobs processed on the HPC system,
which are recorded by the scheduler. The dataset used in
this research is the HPC-workload logs from two HPC
systems. The first one is the public dataset obtained from
the Parallel Workloads Archive which is the workload log
of the large cluster computers of the Los Alamos National
Laboratory (LANL) in the United States. The cluster
computers consist of the Origin 2000 computers, a total of
2,048 nodes and use the LSF Scheduler. The dataset of
LANL contains the data from December 1999 to April
2000, with a data size of 122,233 elements. The second
dataset is a workload log of a small cluster computer that
has approximately 500 processing units of the X86_64
computer. This cluster computer belongs to the National
Electronic and Computer Technology Center (NECTEC)
of Thailand. This dataset was recorded by PBS/Torque
scheduler with a total data size of 87,046 elements.

-
-

Number of Job

NECTEC LANL

Figure 4. Histogram of the job success (blue) and error (red) in the
dataset.

Fig. 4 shows the proportion between number of job
completed with success and those completed with error
status in the two datasets. The job success per job failure of
the LANL dataset is around 76.5% to 23.5%. This dataset
shows imbalance between the majority class of job success
and the minority class of job failure. The NECTEC dataset
has proportion between job success and job failure at 58%
to 42%. The amount of data in the two classes are quite
balance.

The first step prior to the modeling process is the
attribute selection. This step corresponds to the main aim
of this research to model HPC log at the job submit-state
and job start-state. For creating a model to predict
success/failure of a job at the job submit-state, we selcet
three attributes to be used as predictors to predict the target
value of job status as either success or failure. The three
predictor attributes are “User ID”, “CPU Request” and
“Queue Type”. This selection is based on the real situation
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that they are basic information that users need to specify
before submitting the job into the HPC system. To create a
model to predict at the job start-state the final job status,
we additional attribute from the workload log regarding a
job being processed on the HPC system. Therefore, on
modeling at the job start-state, four attributes are used as
predictors to predict success/failure of a job. These
predictor attributes are “User ID”, “CPU Request”,
“Queue Type” and “Wait Time”. The target attribute for
both job at submit-state and job at start-state modeling is
“Finished Status”. Summary of data attributes is presented
in Table IIL.

The meaning of each attribute is as follows. “User ID”
is the unique id of HPC-user. “CPU Request” is the
number of processor elements that the user requires to use
for the job. “Queue Type” is the queue system in the HPC
system, which relates to the limitation of job run time.
“Wait Time” is the period of a job waiting in the queue.
“Finished Status” is the job status at the job finish-state.

TABLE III. THE ATTRIBUTES USED IN THIS RESEARCH

ko) Anribup ?x Job Anrihulc» at Job Data Type Attribute
Submit-state Start-state Type

1 User ID User ID Nominal  Predictor

2 CPU Request CPU Request Numeric  Predictor

3 Queue Type Queue Type Nominal  Predictor

4 n/a Wait Time Numeric  Predictor
S Finished Status  Finished Status Binary Target

B. Experimentation

The experimentation steps in this research are shown in
Fig. 5. The data collection is the procedure for collecting
the HPC-workload logs from data sources. After that, it is
the data pre-processing step. At this step, the data cleaning
was performed on the HPC-workload log from NECTEC.
Data cleaning is unnecessary for the LANL dataset as it is
already in the Standard Workload Format (SWF). After
that, we split randomly the cleased data into three
sub-datasets of each HPC-workload log. Each sub-dataset
consists of 1,000 elements with five attributes: “User ID”,
“CPU Request”, “Queue Type”, “Wait Time”, and
“Finished Status”. This research sets the target attribute to
be “Finished Status”. There are two distinct values in the
target attribute representing the job status (either success
or error) after the completion of HPC processing. The
reason to use different sub-dataset to create the model
because we would like to observe the model robustness
when the dataset is changed.

The next steps are modeling and evaluating
performance of each model on predicting final status of the
job while it is at the processing stage in the HPC system.
The three decision tree learning algorithms (C5.0, CART,
and CHAID) are applied to create the job failure predictive
model. In this experiment, we use 70% of the dataset to
create the model, while the remaining 30% is for testing
the model's performance. The last step of our
experimentation is the part of model evaluation and
comparison. The total scenarioes to test the model are 32
cases (2 workload log x 3 sub-datasets x 3 DT algorithms x
2 states of the job).
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&
S
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N " at Job Start State

Figure 5. The research workflow.

C. Results

The modeling evaluation results for the models built
from the NECTEC dataset where the jobs are at the
submit-state are as follows. The results of the job failure
predictive model of C5.0 algorithm show the average
accuracy, average recall, average precision, and average F,
score at 0.8435, 0.8399, 0.8984, and 0.8670, respectively,
with the variance of the F, score at 0.65¢-3. The results of
the job failure predictive model of the CART algorithm
show the average accuracy, average recall, average
precision, and average F, score at 0.8234, 0.8218, 0.8870,
and 0.8526, respectively, with the variance of the F, score
at 0.26e-3. Lastly, the results of the job failure predictive
model of the CHAID algorithm show the average accuracy,
average recall, average precision, and average F; score at
0.8100, 0.8078, 0.8728, and 0.8388, respectively, with the
variance of the F; score at 0.011e-3.

The modeling results for the case of building predictive
models with the NECTEC dataset while the jobs are at the
start state are as follows, The results of the job failure
predictive model of C5.0 algorithm show the average
accuracy, average recall, average precision, and average F,
score at 0.8580, 0.8924, 0.8734, and 0.8817, respectively,
with the variance of the F, score at 0.33e-3. Next, the
results of the job failure predictive model of the CART
algorithm show the average accuracy, average recall,
average precision, and average F, score at 0.8381, 0.8604,
0.8771, and 0.8686, respectively, with the variance of the
F, score at 0.25e-3. Lastly, the results of the job failure
predictive model of the CHAID algorithm show the
average accuracy, average recall, average precision, and
average F, score at 0.8153, 0.8697, 0.8237, and 0.8446,
respectively, with the variance of the F, score at 0.88e-3.
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Figure 6. Performance of models built from the NECTEC dataset at
different HPC processing stages.

The performances of models built from the C5.0, CART,
and CHAID algorithms using the NECTEC dataset are
demonstrated in Fig. 6. The models built from jobs at
submit-state and jobs at start-state are shown in the upper
and lower graphs, respectively.

The results of the experiment using the LANL dataset at
the job submit state show that the job failure predictive
model of C5.0 algorithm having the average accuracy,
average recall, average precision, and average F, score at
0.8654, 0.8230, 0.7298, and 0.7734, respectively, with the
variance of the F, score at 0.69¢-3. The results of the job
failure predictive model of the CART algorithm show the
average accuracy, average recall, average precision, and
average F, score at 0.7893, 0.7876, 0.5151, and 0.6010,
respectively, with the variance of the F, score at0.061e-3.
Lastly, the results of the job failure predictive model of the
CHAID algorithm show the average accuracy, average
recall, average precision, and average F; score at 0.8390,
0.8096, 0.6551, and 0.7166, respectively, with the
variance of the F, score at 0.022¢-3.

The results of the experiment in the case of LANL
dataset at the job start state are as follows. The job failure
predictive model of C5.0 algorithm shows the average
accuracy, average recall, average precision, and average F,
score at 0.8700, 0.8422, 0.7227, and 0.7777, respectively,
with the variance of the F1 score at 0.87e-3. The results of
the job failure predictive model of the CART algorithm
show the average accuracy, average recall, average
precision, and average F, score at 0.7861, 0.8171, 0.4796,
and 0.5712, respectively, with the variance of the F, score
at 0.0189. Lastly, the results of the job failure predictive
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model of the CHAID algorithm show the average accuracy,
average recall, average precision, and average F, score at
0.8345, 0.8332, 0.6282, and 0.6955, respectively, with the
variance of the F, score at 0.094e-3.

The performance comparison of the predictive models
of C5.0, CART, CHAID algorithms built from the LANL
dataset are shown in Fig. 7. The upper graph correspomds
to models built from jobs at submit-state, whereas the
lower graph shows performance of models built from jobs
at start-state.

[e— Recst Frechien [r—

(a) job submit-state

Wl

(b) job start-state

Figure 7. Performance of models built from the LANL dataset at different
HPC processing stages.

V. DISCUSSION

The overall performance of all the predictive models to
forecast job failure when processing in the HPC system
gives the average accuracy of the model not less than 78%.
The performance of the predictive model of the C5.0
algorithm is better than the predictive model of other
algorithms in almost every test case. The C5.0 achieves the
best average accuracy of 85.8% and 87% for the NECTEC
and the LANL datasets, respectively. While, the predictive
model of CART shows the lowest performance with
83.81% and 78.93% of average accuracy for the NECTEC
dataset and the LANL dataset, respectively.

The models to predict job failure while processing in the
HPC system built from decision tree algorithms can give
high accuracy in every test case of the two HPC-workload
datasets. But, the precision value of the model is quite low
in the test case of the LANL dataset. The reason for this is
that the LANL dataset has a high imbalance ratio between
majority and minority classes. The low accuracy is from
the predictive models built with the DT algorithms being
unable to predict correctly the minority class.

The results regarding the performances of the predictive
models at two different job states are the case of NECTEC
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workload log (Table IV) and LANL workload log (Table
V) show that the predictive model being built while jobs
are at start-state can predict the job failure at the end of the
HPC processing slightly better than the model built from
the jobs at job submit-state. This is because at the
start-state there exist more useful information than while
the jobs are at the submit-state. However, the predictive
model to job failure prediction in the HPC system at job
submit-state shows the best efficiency when considering
the performance of the model together with the overhead
of job waiting time. In both datasets, there are jobs waiting
in the queue of the HPC system more than 80%.

TABLE IV. PERFORMANCE OF THE BEST PREDICTIVE MODEL (C5.0)
BUILT FROM NECTEC WORKLOAD-LOG AT DIFFERENT STAGES: JOB
SUBMIT-STATE VS JOB START-STATE

NECTEC Accuracy Recall Precision F, Score
(avg) (avg) (avg) (avg)

Submit-state 0.8435 0.8339 0.8984 0.8670
Start-state 0.8580 0.8924 0.8771 0.8817

TABLE V. PERFORMANCE OF THE BEST PREDICTIVE MODEL (C5.0)
BUILT FROM LANL WORKLOAD-LOG AT DIFFERENT STAGES: JOB
SUBMIT-STATE VS JOB START-STATE

LANL Accuracy Recall Precision F, Score
(ave) (ave) (avg) (avg)
Submit-state 0.8654 0.8230 0.7298 0.7734

Start-state 0.8700 0.8422 0.7227 0.7777

VI. CONCLUSION

This research proposed the predictive modeling
framework to create a model for forecasting job failure
while processing in the HPC system. The model was
created through the machine learning technique using
three decision tree algorithms: C5.0, CART, and CHAID.
The obtained model can be applied to help users make an
efficient justification while their job is running in the HPC
system. The datasets used in this work are the two
HPC-workload logs that were collected from the operation
of the HPC systems at NECTEC, Thailand, and LANL,
USA. The results of the comparative study regarding the
model performance show that the job failure predictive
model built by the C5.0 algorithm has the best
performance with an average accuracy of 85.8% and 87%
using NECTEC dataset and LANL dataset, respectively.
The C5.0 model also has robustness on data instability.

In the part of the comparative study when models are
built at different job states, we found that performance of
the model built from jobs while those jobs were at the
start-state shows better accuracy than the model built from
jobs running at the job submit-state. This finding is agree
upon the two datasets. However, when considering the
model accuracy with the tradeoff regarding the overhead
of waiting time, we suggest that the position of the job at
submit-state is more suitable to be applied for creating the
job failure predictive model than the position of the job at
start-state.
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Abstract—Air pollution is one of the harmful problems
that the world has focused on and needs to be solved
urgently because air pollution has a direct impact on
humans leading to premature death caused by various
diseases such as asthma inflammatory respiratory
disease, lung cancer, and so on. The air pollutants,
especially tiny particulate matter (PM), are currently
receiving attention because they are a major problem in
many large and populated cities around the world. This
paper proposed a time-series model for forecasting
PM:s in advance through a machine learning process
with a linear and non-linear hybrid algorithm. A hybrid
algorithm that brings together the capabilities of
autoregressive integrated moving average (ARIMA)
and the adaptive-neuro fuzzy inference system (ANFIS)
is used to find the linear and nonlinear correlation of
the PM2s time-series data. The proposed model is called
ARIMA-FIS which uses the gradient descent (GD)
method in the learning process. The dataset used in this
research is the daily recorded of PM:.s values in Rayong
province, which is the industrial city in Thailand. The
results showed that the ARIMA-FIS model had the best
performance in forecasting PMazs in advance with the
least error at 3.46 of mean absolute error (MAE) and
5.11 of root mean square error (RMSE). The proposed
model gave the percentage of RMSE almost 3% better
than the other dard ti ies model:

Keywords- ANFIS; Hybrid Model; PM:.s; Time-series.

I.  INTRODUCTION

Air pollution is one of the environmental problems
that the world pays attention, because air pollution has
a direct impact on public health. It also affects the
development and expansion of urban that has great
impact on the country's economy. The report from the
World Health Organization (WHO) in 2016 sated that
4.2 million people around the world died prematurely
from the effects of air pollution [1]. Thailand is ranked
45" among the countries with the worst air quality [2].
It is estimated that in Thailand there will be
approximately 50,000 premature deaths from air
pollution per year [3]. Air pollution is estimated to be
the cause of lung diseases for as much as 43% and the
major cause of stroke for almost 24%. [4]. There are
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five types of air pollutants that the WHO has focused
on including particulate matter (PM), ozone (Os),
nitrogen dioxide (NO:), carbon monoxide (CO), and
sulfur dioxide (SO;). The air quality levels, or air
quality index (AQI) are measured from the values of
these five air pollutants [5], The severity of air quality
is represented by color, i.e., air quality is in the blue
and green range are 0-25 and 26-50, respectively. The
blue and green ranges are the air quality that is safe
for living things. The air quality in yellow range is 51-
90, which indicates that air quality is bad and
beginning to affect living things. The air quality in the
range 101-200 and more than 200, which are
represented by orange and red color, respectively, are
the poor air quality not suitable for living.

This paper focuses on air pollution, especially
PMas, which is a problem that Thailand and countries
with large cities around the world are needed to fix
urgently. The ability to analyze data in real time and
the ability to forecast PMays values in advance with
accuracy is essential to combating air pollution
problems. This research presents a tool for forecast
PM,s in advance, with a mathematical model
developed through a machine learning (ML) process
with a hybrid algorithm that able to capture the linear
and non-linear correlation of time-series data [6]. The
correlation components of the time-series data are
shown as in equation (1).

¥1= (Yiinear + Ynon-tinear) + White Noise (1)

Where vy is the time-series data, Yjincar a0d Ynon-lincar
represent the linear and non-linear correlation patterns
of the time-series data respectively. The white noise is
non-pattern correlation of time-series data.

Over the past decade, the topic of research related
to air quality forecasting, especially the forecast of
PMzs, has drawn a lot of attention from many
researchers. The development of tools for forecasting
air quality with machine learning and deep learning
techniques contribute many interesting research work
as follows.
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C.-J. Huang and P.-H. Kuo [7] presents a model
called APNet, a model developed with the deep
learning technique. The deep learning network that
used in their research are convolutional neural
network (CNN) and LSTM. They are used to model
PM 5 data in Beijing city, China. The proposed model
(APNet) got high performance with forecasting PM» 5
in an hour ahead when compared with other baseline
models. R. Wongsathan [8] presented a time-series
model to forecast PMjo in Chiang Mai, Thailand. He
used machine learning technique with ANFIS
algorithm to build the forecasting model. The hotspots
and meteorology data (wind speed, temperature,
pressure) were used in his research. The result shown
that the proposed model has the best performance in
comparison with the other existing models at MAE
and RMSE 5.8 and 7.3, respectively. S. Du et al. [9]
presented a model to forecast PMys using deep
learning with a combination of algorithms including
one-dimensional CNN (1D-CNNs) and bi-directional
LSTM (Bi-LSTM) which are called the deep air
quality forecasting framework (DAQFF). The DAQFF
can be used for single-step and multi-step forecasting.
The data used in their research are Beijing air quality
dataset from UCI machine learning repository and
Urban air quality dataset from the Urban Air Project
of Microsoft research. The results showed that the
DAQFF model achieved the best performance in both
single-step and multi-step for PM» s forecasting of the
two datasets when compare with standard model
(SVR, LSTM, GRU, RNN, and CNN).

J. Amanollahi and S. Ausati [10] studied and
developed linear, non-linear and hybrid models for
forecasting the PM,s in Tehran city, Iran. The
meteorological data were used in their research. The
results showed that the best performance model was
the ANFIS model, which had the efficiency of the
train process with the measurement of R?, RMSE, and
MAE at 0.99, 0.47, and 0.1305, respectively. The
efficiency of the test process showed R?, RMSE, and
MAE at 0.82, 3.29, and 2.16, respectively. S. Jeya and
L. Sankari [11] developed PM;s forecasting model
using Bi-LSTM algorithm. The dataset used in their
research is PMzs data from ground base station and
the meteorological data of Beijing, China. The data
are collected from UCI repository. They selected the
data in duration of 1 January 2010 to 31 December
2014 for building the model. The Bi-LSTM model
achieved high performance with RMSE of 9.86, MAE
of 7.53, and MAPE of 0.16, which is the efficiency of
one hour ahead of PM, 5 forecasting.

C. Guo, et al. [12] proposed the forecasting model
to predict PMy 5 in an hour ahead. Their research used
the ensemble technique with RNN, LSTM, and GRU
algorithms. They extracted the important predictor
variables with the Pearson correlation coefficient. The
dataset is the PMas of three ground base stations with
the meteorological data of Shanghai city, China. The
result shown that the wind direction is most effect to
the PMas as well as the proposed model outperform
other baseline models with MAE of 6.19 and MAPE
of 16.20%. H. Xie, et al. [13] proposed the PMzs
forecasting model of Wuxi city, China. The proposed
model was developed from the deep learning with two

algorithms, CNN to extract the feature of data and
GRU for predictive model. Their research used AQI
and meteorological data. The results showed that the
model CNN-GRU yield the best performance at
accuracy (computed from 100 - MAPE) 76.90% and
70.05% when tested in January and May dataset,
respectively. R. Janarthanan, et al. [14] developed
PM:s forecasting model with combination algorithm
using Support Vector Regression (SVR) and LSTM.
At the data pre-processing step, the Grey Level Co-
occurrence Matrix (GLCM) algorithm was used to
prepare the dataset. The dataset is the air quality data
collected from National Air Monitoring Program
(NAMP), India. The results showed that the proposed
model performed the best in comparison with previous
studies, with RMSE of 10.9.

E. Isaev, et al. [15] presented a machine learning
model for forecasting air pollution in Bishkek city,
Kyrgyzstan at the time scale of one hour in advance.
A comparative study of model performance using
random forest (RF), extreme gradient boost
(XGboost), artificial neuron network (ANN), K-
nearest neighbors (KNN), decision tree (DT), lasso
regression (LaR), and linear regression (LR). The data
used in their research were air quality and
meteorological data collected from the
Kyrgyzhydromet. The results showed that the air
pollution forecasting model developed with the RF
algorithm outperform other models at RMSE of 28.

The main objectives of this research are the same
as those mentioned above. We want to develop a
highly efficient time-series model for forecasting air
quality in advance. This research focuses on the PM, .
It is like [8] and [10], who developed a model based
on the ANFIS algorithm. However, this research
presents a model for forecasting PM, 5 in advance with
different methods and datasets. We apply [9] in the
data preparation concept to our research. This research
developed a time-series model for forecasting PMzs
through a machine learning with a hybrid algorithm.
We combine the advantage of the ARIMA statistical
time-series model with the Hybrid non-linear ANFIS
algorithm, which is able to capture the correlation of
linear and nonlinear time-series data. This research
uses PM,;s from Rayong province, Thailand as data
for modeling and comparative study of efficiency with
other standard time-series models. This research has
three main contributions:

® Proposing a highly efficient time-series
model with new techniques. It uses a
machine learning with a hybrid algorithm
between the ARIMA statistical time-
series model and the non-linear ANFIS
algorithm.

*  Appling the temporal and spatial average
value (TSA) method to fill in the missing
data in the dataset.

e Performing comparative study of the
proposed time-series model with the
standard time-series models including
ARIMA, ANFIS, and LSTM.
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The rest of the paper is organized as follows.
Section II describes the ARIMA statistical time-series
model and the ANFIS algorithm. Section III outlines
the data preparation and research process. Section IV
is the results of the research experimentation. The last
section discusses the conclusion of the research.

II.  METHODOLOGY

A. Autoregressive Integrated Moving Average

The Autoregressive Integrated Moving Average
(ARIMA) is a statistical model that combines three
processes [16], [17]. The first process is auto
regressive or AR, which is a model that uses linear
equations to forecast future values. The AR model
uses relation of the data in time-series as called lag
time to build the forecasting model. The equation of
AR looks like a multiple regression (MR) model but
the AR model is based on the lag time of the data,
where the amount of lag time is determined by the
partial auto correlation function (PACF) graph. The
second part of ARIMA is a moving average (MA).
The MA is a linear equation model that predicts future
values using past data. It is the same as the AR model,
but the MA model considers a linear correlation
through individual time intervals. The number of
terms is determined by the auto correlation function
(ACF) dependent on the current and past error terms.
So, when AR and MA are combined, the equation (2)
is the equation of the ARMA model.

) q
Ve = Z“i}’m‘ e Zﬁifz—i tete (@)
=

i=1

Where, y: is a time-series data at time t. & is error
terms at time i, i is in the range of 1 to q. Bi is the
coefficient at the time i, i is ranging from 1 to q. c isa
constant value, and & is a white noise of time-series
data.

The last part of ARIMA is Integrated, represent by
i. This part transforms the time-series data to
stationary via the differencing time-series process or
differ. The equation (3) shows the example of the
single order differ process. The stationary means that
this time-series data must have no trend, no seasonal,
has a relatively constant level of graph and has a
constant variance. It can be said that the future data
must be similar to the data in the past, in terms of
probability.

Ye=Ye— Vi1 3)

Where, y' is the transformed data at time t, y; is
the time-series data at time t, and y;., is the time-series
data at one lag time.

B. Adaptive Nero-Fuzzy Inference System

Adaptive Nero-Fuzzy Inference System (ANFIS)
is a model that takes the advantages of the fuzzy
inference system (FIS) with the artificial neural

network (ANN), which combines the benefit of fuzzy
reasoning with capacity of learning data. The person
who proposed this technique was Jyh-Shing Roger
Jang in 1933 [18]. ANFIS prefers to use of FIS type-3,
which is the Takagi and Sugeno's fuzzy reasoning by
the fuzzy If-Then rules. For example, given that the
inputs are x and y and output is z, the fuzzy If-Then
rules can be shown below.

Rule 1: If x is A and y is By, Then fi=pix + quy + 11,
Rule 2: If x is Az and y is B, Then f>=pox + quy + 2,

LAYERY LAVER2 LAYERS LAYERS LAVERS

Figure 1. The ANFIS structure.

The structure of ANFIS has five main layers as
shown in Figure 1. Each layer performs the following
functions: the first layer is the layer that interacts with
member functions. It compares the input values with
member functions to transform them into linguistic
values, and then combines them into the node weights
in the next layer of the network. The second layer
consists of nodes to combine the weight values. It uses
multiplication to obtain the total weight. The third
layer is used to normalize the node’s weight. The
fourth layer is a layer that deals with the consequent
part of the fuzzy rules. The last is the fifth layer,
which has only one node. This layer is responsible for
calculating the sum of each output in the fourth layer.
Then, the output in this layer is a result of ANFIS.

C. Assessment

To evaluate the efficiency of a time-series model
for forecasting PM>s in advance, this research selects
three evaluation metrics including root mean square
error (RMSE), mean absolute error (MAE), and
percentage of root mean square error (%RMSE) to
evaluate the performance of the models. The
equations of these metrics are shown in Table I.

TABLE L. MODEL PERFORMANCE EVALUATION METRIC.

Matric Equation Note

x is observed value.

&
MAE D=
" x' is predicted value.

n is the number of sample data.
' X is an average value of sample

RMSE J Dlxi=xp? | data.
n

[

%RMSE | 12 1 (e - xp?
"=
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III.  DATA AND EXPERIMENTATION

A. Dataset

This research used the PMys data from ground
base air quality measurement stations. It locates in
Rayong province, Thailand. There are four stations
(28T, 29T, 30T and 31T) in the area. The PMy;s data
were prepared and provided by the Pollution Control
Department, Ministry of Natural Resources and
Environment of Thailand.

At the preliminary exploratory step, we found that
the PMas in Rayong province were high during late
January until early May. This is shown in Figure 2,
which is the data from the 30T ground base air quality
measurement station.

300

ST
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00 2012 M3 2014 2015 216 2017 208 2019 20M  20m
TIME (Years)

PM, , (ugn’y
2 ¥ 8
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Figure 2. The PM, s in Rayong province at station 30T(mid-2011 to

This research selected the PMys data from 30T
ground base air quality measurement station as a base
dataset. We used the data in duration of 2012 to 2021
because they are the most complete. The temporal and
spatial average value (TSA) data imputation technique
[19] was used to handle the missing values. As shown
in the equations (4) and (5), the spatial average value
is used when the data is missing more than one period
in a row, otherwise the temporal average value is to be
considered.

d
1
Yeemp = azyl-i 4)
i=1
s
1
Yspar = S:Z)Q 5)
=

Where, yiemp and yspa are the PMa 5 values that are
imputed with the temporal average value and spatial
average value method, respectively. yi.i is the PMas
value at lag time i, yj is the PM2 5 value at ground base
air quality measurement station j. d is the number of
day’s lag time as well as s is the number of ground
base air quality measurement stations that are to be
accounted.

We compare the efficiency of the TSA data
imputation method with other techniques including
the use of mean value and median value imputation
techniques. The 2021 of PM, s data were simulated to
lost 20% of the total data by random method. The
TSA data imputation method was found to be the most
effective. The error measurement with RMSE metric
is 2.25, while the data imputation using the mean and

the median techniques for data imputation, the RMSE
is 6.20 and 5.78, respectively. The comparison of the
PM,s data after using the data imputation process
through all three techniques is shown in Figure 3.
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Figure 3. Comparison of PM, s in 2021 after using TSA, Mean, and
Median imputation methods.

B. Experimentation

This research aims to develop a highly efficient
time-series model for forecasting PM. s in advance by
introducing a new technique through machine learning
with a hybrid algorithm between ARIMA statistical
model and non-linear ANFIS algorithm. The proposed
model gains benefit from the optimization of the
correlation of linear and non-linear of time-series data.
Moreover, this research studies and performs
comparison with three groups of standard models
including the ARIMA model representing the
statistical method, the ANFIS model representing the
machine learning method, and the LSTM model
representing the deep learning method. The research
workflow is shown in Figure 4 and the parameter
settings are listed in Table II.

TABLE I1. THE CONFIGURATION OF THE STANDAND MODELS.
ARIMA ANFIS LSTM
A 4 . subtractive

library | auto_arima | genfis Blstering node 128

P p/ step size 1.1 Jfunction | ReLU
. gradient o

d 1 learning & ent optimizer | adam
q 2 epoch 1000 epoch 100

by UniNet. Di

The research process is divided into three parts,
where the first part deals with the data collection for
modeling and experimentation. In this research, the
PM»s data were collected from the website of the
Pollution Control Department, Ministry of Natural
Resources and Environment, Thailand. We select the
data of Rayong province, Thailand, with records of
PM: 5 from 2012 to 2021 (10 years) and clean it with
the TSA technique to impute missing values. After
that, the dataset is divided into two parts. The first part
is for learning, using the data from 2012 to 2020.
Second part is the data for testing, which is the data in
2012. The second part of the research workflow is the
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process of developing a time-series model for
forecasting PM. s in advance.

This research presents a time-series model for
forecasting PM s, known as ARIMA-FIS, which is a
hybrid algorithm between ARIMA with ANFIS.

Preparation

Testing

Figure 4. The research workflow.

The ARIMA-FIS works with two sub-processes.
Initially, the ARIMA model has been used to forecast
the PMy s value, and the forecasting result is used as
one of the inputs of the ANFIS model as shown in
Figure 5.

Yo MODEL \
DATA NS | i
2
4 &
Uy mopeL. | /2 &
"% | ARIMA

Figure 5. The ARIMA-FIS topology.

At the same time, the ARIMA, ANFIS and LSTM
time-series models are created in this work. They
represent a group of various kinds of techniques:
statistical models, machine learning model, and deep
learning model (the configuration of standard models
is shown in Table II). These techniques are to be used
as a base model for comparing predictive performance
with the proposed ARIMA-FIS time-series model.

The final part of the research is the model
evaluation and comparison process. We are using the
test dataset for forecasting the PMz s a day in advance.
It will be tested for 365 days (year 2021). The testing
process using the rolling window technique [20]. We
perform test and evaluation on all models, including

those presented with ARIMA-FIS and standard
models (ARIMA, ANFIS, and LSTM).

IV. RESULTS

We are using PM; 5 from 2012 to 2020, accounting
for 90% of the total data, as model training data. The
remaining 10% is used as test data, which are PMzsin
2021. The proposed time-series model for forecasting
PM.5 is ARIMA-FIS. It shows (in Table IIT) the best
performance compared to other three standard time-
series models (ARIMA, ANFIS and LSTM). The
ARIMA-FIS time-series model shows performance
score with the MAE, RMSE, and %RMSE metrics of
3.46, 5.11, and 30.99, respectively. While the results
of the three standard time-series models are as
follows, the ARIMA model gives the MAE, RMSE,
and %RMSE metrics of 3.69, 549 and 33.31,
respectively. The ANFIS model produces the MAE,
RMSE, and %RMSE metrics of 3.74, 5.47, and 33.61,
respectively. Finally, the LSTM model yields the
MAE, RMSE, and %RMSE metrics of 4.03, 5.54, and
33.62, respectively. The performance comparison is
also graphically shown in Figure 6.

TABLE II1. RESULTS OF MODEL EVALUATION ON
FORCASTING PM; 5 IN THE YEAR 2021.

NO. Model MAE RMSE | %RMSE
1 ARIMA 3.69 5.49 3331
2 ANFIS 3.74 5.47 33.18
3 LSTM 4.03 5.54 33.61
4 ARIMA-FIS 346 5.1 3099

Although the forecasting performance of the
ARIMA-FIS model is better than the other standard
time-series models, the difference of forecasting
results in terms of errors is not too much. The time
consumption (Table IV) of the proposed and three
standard time-series models at the training (learning)
process is significant. It can be seen that ARIMA-FIS
takes the learning time less than LSTM and quite
comparable to the ANFIS model.

TABLE IV, THE TIME CONSUMPTIONS OF TRAINING PROCESS.
NO. Model Learning Time Consumption (Sec.)

1 ARIMA None training process

2 ANFIS 63.28

3 LSTM 918.51

£ ARIMA-FIS 71.03

V. CONCLUSION

This research proposed a high-performance time-
series model for forecasting PMys for a day in
advance using a machine learning process that
combines the ARIMA statistical model with a hybrid
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non-linear ANFIS model as called the ARIMA-FIS.
We used the real-world data as the dataset, which is a
daily record of PMys values in Rayong province,
Thailand. The results showed that the ARIMA-FIS
time-series model was effective in correlating both
linear and nonlinear time-series data. This makes it
highly accurate in forecasting PMs in advance. It

ataset to cover other provin in Thailand.
gave the best performance over MAE, RMSE, and datas 0: COXCL: QUISE  DEONINCES d
%RMSE metrics based on performance comparisons
70 —
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Figure 6. The PM, 5 forecast results of the ARIMA-FIS model compare with the observed values.
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Abstract: Renewable energy has been a hot topic recently, especially wind power which has grown
considerably in the past decade. The forecast of wind speed in advance is important information for wind
power plant management. In this paper, a high-efficiency time series model for forecasting wind speed day-
ahead is proposed, developed from the nonlinear hybrid model called Adaptive Neuro-Fuzzy Inference
System (ANFIS). It brings together the advantages of fuzzy and neural network learning. In addition, a
comparative study was done with Autoregressive Integrated Moving Average (ARIMA) and other nonlinear
time series models including Artificial Neural Network (ANN) and Long Short-Term Memory (LSTM) models.
The realistic data from the meteorological data of Chaiyaphum province, Thailand were used in this research.
The dataset was split into learning and testing data in the ratio of 75% and 25%, respectively. The result
shows that the forecasting performance of the ANFIS model was comparable to the ARIMA model. Both
models achieve high accuracy than other neural network models. The proposed model achieves high
efficiency at 22.89 MAPE and 0.41 of R2 Interestingly, the ANFIS model has a learning time faster than ANN
and LSTM models by at least 100 times.

Key words: ANFIS, fuzzy, neural network, renewable energy, time series

1. Introduction

Due to the shortage of main energy resources like petroleum, the price of fuel energy has risen as well as
the often control through resource-rich countries in the Middle East. Alternative energy sources with
unlimited supply called renewable energy such as wind power, solar radiation, and sea wave power have been
receiving continuous attention over the past decade, especially wind power. The growth of wind power plants
or wind turbine farms is widespread in each country around the world.

According to [1] reported, in 2021 there is a growth in wind power plants worldwide. It has a total
electricity generation capacity of 874 Gigawatt, 13% more than the previous year. The total electricity
capacity from wind power plants worldwide in 2022 is expected to reach 955 Gigawatt. Forecasting
information in advance is an important part of management and planning. It makes maximized efficiency in
managing wind power plants such as planning for the installation of the new wind turbine node and planning
for maintenance. The hardware-based wind speed forecasting tools known as physical models have
limitations in the setup process and forecasting accuracy [2-3] because the nature of wind speed is random
and chaotic. The wind speed records are time series data, which means the value of wind speed depends on
time. It says today's value depends on past values. As explained in [4], the components of time series can be
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defined in terms of correlation of the time series data as shown in Eq. (1)

Yy = Linear; + Nonlinear, + e; 1)

where y, is the actual time series value, Linear, is linear correlation part, Nonlinear; is nonlinear correlation
part, and e; is the error part. So, many researchers have developed tools for forecasting wind speed through
machine learning with various time series modeling techniques.

The models developed through a neural network proposed by [5] were time series model to be used for
forecasting wind energy with ANN technique using feed-forward back-propagation networks with Radial
Basis Function (RBF), and Adaptive Linear Element networks were tested with wind data from two sources
in the state of North Dakota, USA. Such research found that the time series model RBF neural networks
performed well on the site Kulm dataset. The backpropagation network performed well on the site Hann
dataset. The research work of [6] presented the improvement of ANN time series models for wind power
forecasting based on an optimization technique. Two methods, namely ANN-LM (Levenberg Marquardt) and
ANN-PSO (Particle Swarm Optimization) were tested on the collected wind datasets from the IST-University
of Lisbon automatic weather station. The multivariate data (wind speed, temperature, humidity, and pressure)
were processed in their research. The results showed that the ANN-LM model achieved the best forecasting
results. In papers [7-9] the authors used the hybrid technique via a statistical ARIMA model working with
the neural network (ANN) model. The results of those work reported that the hybrid models can achieve high
accuracy in wind speed forecasting. The statistical model studied by [10] performed well in forecasting long-
term wind speed in the Zhangye area with ES-ARMA and ES-GARCH (Generalized Autoregressive Conditional
Heteroskedasticity) models, in which ES is Eliminating the Seasonal technique. The results of that research
showed that the ES-GARCH time series model gave better long-term wind energy forecasting efficiency than
ES-ARMA, with ES-GARCH giving the lowest MAE of 0.30 of the winter data and ES-ARMA also providing the
lowest MAE of 0.34 for the winter dataset. The work proposed in [11] also used a hybrid nonlinear model
with optimization techniques including the PSO, Genetic Algorithm (GA), and Differential Evolution (DE) to
forecast the wind speed of different locations in Malaysia. The overall result showed that the proposed
method with PSO and GA outperformed ANFIS standalone and ANFIS-DE. The work of [12] used the regional
atmospheric modeling system (RAMS) to simulate 168-h low-level wind forecasts over some areas of
Thailand. The results showed good forecasting but consume much computing power.

This research proposed the nonlinear hybrid time series model for forecasting wind speed. Machine
learning technique with the ANFIS algorithm is the key to this research sharing the same research scheme as
adopted in [11]. However, this research uses a different architecture and fuzzy rule base creation method.
Especially, this research focuses on the dataset of Thailand. The comparative study with other time series
models are also presented in this research.

The rest of the paper is organized as follows: section2 presents the methods used in the research. The
dataset, experiment setup, and testing technique were discussed in section3. The last two sections (4 and 5)
are discussing the experimental results and concluding the research, respectively.

2. Methodology
2.1. ARIMA-linear time aeries model

ARIMA is a statistical model developed from the auto-regressive (AR) and moving average (MA) models by
adjusting the time series data to stationary. The letter I (Integrate) in the ARIMA model was used for
processing the data with the differencing technique. This time series model is parametric. The values of
parameters p, d, and q are shown in Eq. (2). The order of an ARIMA model can be determined by using the
Autocorrelation Function (ACF) and the Partial Autocorrelation Function (PACF), proposed by Box and
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Jenkins [13].

—yP q
Ve = i1 AiYe-i + Xj=q Bjee—j + & (2)
where q; is ith autoregressive parameter, f; is jth moving average parameter, and €, is the error at time t.

2.2.  ANN-nonlinear time series model

ANN is a basic neural network with the concept of imitating the working process of the human brain to
apply to learn information through the machine learning process. The basic ANN is called a Multi-layer
Perceptron (MLP), which uses the back-propagation process to learn the data, presented by Rumelhart in
1985 [14]. Fig. 1 shows the simple structure of MLP such that there are three layers of the network structure.
The first layer is the input layer, which is responsible for receiving input data. The second layer is the hidden
layer, which is the data processing layer that can be modified to contain more than one layer. Finally, is an
output layer where each neural node of the hidden and output layer will be processed through Eq. (3).

yi = faW; + B (3)

where y;, x;, W;, B;, and f() are the output, input, weight, bias, and activation function of neural node i,
respectively.

Input Layer Hidden Layer(s) Output Layer

L: Back Prop ion of Error

Fig. 1. The multilayer perceptron topology.

2.3. LSTM-nonlinear deep learning model

LSTM is a deep learning neural network improved from the recurrent neural network (RNN). It was
proposed by S. Hochreiter and J. Schmidhuber in 1997 [15]. The LSTM was developed to have the ability to
memorize and selectively forget some correlations of a time series. Such ability enables the LSTM to capture
important patterns of long-term correlation.

An important mechanism that makes LSTM work well with time series data is the “cell state” instead of
symbol C in Fig. 2, which is an important part of finding long-term patterns. Due to the complexity of the
LSTM structure, it requires high computing power and takes a lot of time to learn the data.
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Fig. 2. Show the component inside the LSTM neural node.

2.4. ANFIS-nonlinear hybrid time series model
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I mn } Fuzzification
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Fig. 3. The adaptive neuro-fuzzy inference system topology.

ANFIS is a nonlinear hybrid model that is a combination of neural networks and fuzzy inference systems
proposed by J. S. R. Jang [16]. The advantages of fuzzy inference systems are that they can interpret
information by mapping input space to output space through the fuzzy if-then rule as illustrated in Egs. (4)
and (5). The ANFIS takes less time in its learning process than other network models. Moreover, ANFIS brings
the capabilities of the neural network to the learning process, making ANFIS robust to the uncertainty of data.

Fig. 3 shows the working process of the ANFIS model that is composed of five layers. ANFIS can learn from
data like a general neural network. It uses back-propagation to calculate the error to optimize parameters.
The parameter after the “If” condition is called the antecedent parameters (a, b, and c) which are parameters
of the membership function, and the parameter after “Then” is called the consequence parameters (p, q, and
r) which are the parameters of the output equation.

If xis Ayand y is By,Then f; = pyx + q1y + 1y, (4)
If xis Ay and y is By, Then f, = pyx +q,y + 13 (5)
For the fuzzy If-then rules generation process [17], three algorithms can be used including Fuzzy C-mean
Clustering (FCM), Grid Partitioning (GP), and Subtractive Clustering (SC).

2.5. Model assessment

Performance evaluation of the time series model for this research adopts five measurement metrics: MAE,
MAPE, RMSE, %RMSE, and R? [18]. If y, is the observed value at a time t and y; is the forecasted value at the
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same time ¢, then the error (e.) of forecasting is defined as Eq. (6). The Mean Absolute Error (MAE) can be
calculated as shown in Eq. (7). The Mean Absolute Percentage Error (MAPE) can be computed as in Eq. (8).
The Root Mean Square Error (RMSE) computation is shown in Eq. (9). The Percentage of Root Mean Square
Error (%RMSE) can also be computed as in Eq. (10). These four metrics assess errors of forecasting. The
coefficient of determination (R%) as shown in Eq. (11) is used to compare the performance of the time series

models.

International Journal of Smart Grid and Clean Energy

3. Experimentation

3.1.

This research uses the meteorological data collected from the open data of the Thailand Meteorological
Department. This is a realistic data recorded from the weather ground-base station, which is located in
Chaiyaphum province, Thailand. Chaiyaphum is the area that has large private wind turbine farms. This
research uses only wind speed data, which are recorded as the average daily wind speed. We used the data
from the years 2017-2020 by selecting the data from 2017-2019 for learning and the rest in the year 2020

Dataset
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for model testing. Fig. 4 shows the wind speed data of Chaiyaphum, used in this research.

Fig. 4. Wind speed of CHAIYAPHUM site during 2017-2020 (raw and 30 days moving average values
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3.2. Research workflow

The research process is shown in Fig. 5. Firstly, it is the data preparation phase to perform data collection
to extract meteorological data of the Chaiyaphum weather station. The second step is to select only the wind
speed feature from 2017 to 2020. The Last Observation Carried Forward (LOCF) data imputation technique
[19] has been used to complete the dataset. Finally, the dataset has been split into 75% for model training
and 25% for testing. That is using data from 2017 to 2019 as a training set, while data in the year 2020 are
used as a test set.

The next step of the research workflow is model building. This research develops a highly efficient time
series model for forecasting wind speed. This research presents model development through machine
learning techniques using the nonlinear hybrid model ANFIS algorithm. The univariate technique has been
used. ANFIS time series modeling determines the input using the lag times of the wind speed time series data.
We use lag time at y+.1, yt-2, and yr.3, which are predictors and y': is the output. While the number and type of
membership along with the fuzzy rule define via the subtractive clustering algorithm.

After that, ARIMA, ANN, and LSTM time series modeling have been constructed as a model for performance
comparison against the proposed time series model. The ARIMA model is a statistical model which is known
as parametric modeling in the sense that it requires three parameter variables including p, d, and q. This
research uses the “auto_arima” function in the "pmdarma" library of python to find the p, d, and q values
automatically, where the values of the parameters in the ARIMA model are p = 2,d = 0, and q = 1. For the time
series modeling of the neural networks group (ANN and LSTM), this research defines the structure of the
ANN and LSTM based on the performance of the computer used to execute the models as well as using a trial-
and-error manner to decide the suitable neural network structure for this research. The structure of the time
series model of the ANN is that there are three inputs (y:1, yt2, yt3) with two hidden layers, each layer with
128 neural nodes, and one output node (y’t). The LSTM structure is defined to have the same three inputs as
well as one output as the ANN model, and the number of LSTM neural nodes is 128.

Optimizing the non-parametric parameter values of the ANN and LSTM models is done through the back-
propagation process with a gradient descent algorithm. The activation function of neural nodes of both
models is the Rectified Linear Unit (ReLU) function.

Data Preparation

Collect and Select Data

Preprocess Data
(LOCF)

Split Data into
Train set and Test set

= =

Modeling
Proposed model
(ANFIS)
Comparative Model:
(ARIMA, ANN, LSTM)
Evaluation

Rolling Window
Forecasting[ ™ Assessment Metrics
(MAE, MAPE, RMSE,
%RMSE, R?

Fig. 5. The research workflow.
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The final step of the research is a process to test the efficiency of the nonlinear hybrid model. The unseen
data (test set) has been used with the sliding windows technique [20] to feed the input of the model. Five
metrics (namely MAE, MAPE, RMSE, %RMSE, and R?) have been used to evaluate the forecasting performance
of the time series model. The comparative time series models (ARIMA, ANN, and LSTM) have been evaluated
with the same procedure as the proposed model.

4. Results and Discussion
4.1. Theresults

The assessment of developing a time series model for forecasting wind speed in Chaiyaphum Province,
Thailand, is the performance evaluation of the proposed time series nonlinear hybrid model: ANFIS against
other three time series model: ARIMA, ANN, and LSTM based on five measurement metrics. Table 1 shows
the results of model evaluation assessed with the training dataset. The results show that the ARIMA model
yields MAE, MAPE, RMSE, %RMSE, and R? efficiency of 1.06, 18.76, 1.40, 22.67, and 0.42, respectively. While
the time series model of ANN gives the forecasting performance as follows: MAE = 1.02, MAPE = 17.81, RMSE
=1.34, %RMSE = 21.77, and R? = 0.46. The forecasting performance of LSTM is MAE = 0.88, MAPE = 15.71,
RMSE = 1.16, %RMSE = 18.82, and R? = 0.60. Lastly, the results of the proposed ANFIS model return the MAE,
MAPE, RMSE, %RMSE, and R2 values as 1.0477, 18.5201, 1.3791, 22.3598, and 0.4359, respectively.

Table 1. The forecasting performance of the trainset

MAE MAPE RMSE %RMSE R-Square
ARIMA 1.0668 18.7673 1.4006 22.6709 0.4228
ANN 1.0206 17.8113 1.3428 21.7704 0.4653
LSTM 0.8860 15.7191 1.16092 18.8212 0.6003
ANFIS 1.0477 18.5201 13791 22.3598 0.4359

The results of performance evaluation on the test dataset (Table 2) are that the ARIMA model shows MAE,
MAPE, RMSE, %RMSE, and R? efficiency of 1.14, 22.43, 1.55, 27.80, and 0.41, respectively. While the time
series model of ANN gives the set of results performance MAE = 1.19, MAPE = 23.54, RMSE = 1.59, %RMSE =
28.56, and R? = 0.37. The LSTM model gives the set of results performance as MAE = 1.37, MAPE = 28.04,
RMSE = 2.02, %RMSE = 36.14, and R2 = 0.008. Lastly, the results of the proposed ANFIS model return the MAE,
MAPE, RMSE, %RMSE, and R? values as 1.15, 22.89, 1.55, 27.81, and 0.41, respectively.

Table 2. The forecasting performance of the test set

MAE MAPE RMSE %RMSE R-Square
ARIMA 1.1463 224311 1.5561 27.8098 0.4119
ANN 1.1904 23.5462 1.5981 28.5605 0.3797
LSTM 1.3790 28.0452 2.0202 36.1047 0.0088
ANFIS 1.1516 22.8986 1.5566 27.8182 04115

4.2. Discussion

From the performance testing results of wind speed forecasting of the proposed ANFIS time series model
and other three comparative models. We found that the proposed ANFIS model shows its forecasting
efficiency comparable to the statistical ARIMA time series model, and more efficient than both neural network
models (ANN and LSTM). The proposed ANFIS model shows robustness to uncertain data better than the
ARIMA model. This is because the ARIMA model needs to define the parameters p, d, and q appropriately
before running the model.

The results show that the forecast within the training set (seen data) of the model in the neural network
group performs better than the statistical model. While performing with the test set (unseen data), the neural
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network models show lower forecasting performance than the statistical time series model, which means the
neural network models tend to be over-fitting. This can be obviously seen in the LSTM model that its
coefficient of determination value of 0.0088 in the unseen data.

To consider in the aspect of the learning process of the proposed nonlinear hybrid model (ANFIS), and the
comparative model in the neural network group. The result in Table 3 shows that the proposed model has a
learning efficiency of about 100 times faster than other neural network models because of the less complex

neural structure of ANFIS. Fig. 6 shows the learning performance of the ANFIS model and comparative models.

The ANFIS model achieves stable learning error because the ANFIS has initialized hyperparameters through
the fuzzy rule that is built on subtractive clustering algorithm in the fuzzy reasoning process. The forecasting
of four models compared to the actual observed values is graphically shown in Fig. 7.

Table 3. The number of tuning parameters and time consumption of the neural time series model

Time Consumption

Number of Parameters Number of Neural Nodes
(Seconds)
ANN 17,153 256 1106.2978
LSTM 66,689 128 1901.3514
20 with
ANFIS 2 fuzzy rules 22 9.4320
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(c) ANFIS

—— Train Error

Fig. 6. The graphs showing training errors of (a) ANN, (b) LSTM, and (c) ANFIS.
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Fig. 7. The results of wind speed forecasting day ahead of the test set.

5. Conclusion

This research presents a time series model for forecasting wind speed using machine learning with the
nonlinear hybrid algorithm (ANFIS). The meteorological data used the experimentation are the open data
available from the Thai Meteorological Department. The dataset is partitioned into a training set and a test
setataratio of 75% and 25%, respectively. For performance comparison, ARIMA statistical time series model
and ANN and LSTM neural network models have also been developed to compare against the proposed ANFIS
model.

For efficiency evaluation of the time series model proposed in this research, the assessment has been done
in two aspects. First, the efficiency of forecasting is estimated from MAE, MAPE, RMSE %RMSE, and R2. Then,
the structure and the learning speed of the models are considered to reflect the complexity of the model. The
results of the model performance evaluation reveal that the proposed ANFIS time series model is slightly
better than the neural network model (ANN and LSTM) and the accuracy in wind speed forecasting of ANFIS
is similar to the ARIMA model. Efficiency in terms of model building time of ANFIS is the best among neural
network models, with at least 100 times better learning speed when measured in seconds.

The results of performance comparisons in this research show that the proposed nonlinear hybrid time
series model performs well for wind speed forecasting. It is useful for wind power plants. Our future work is
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the improvement of the ANFIS model based on the hyper-parameter tuning of the nonparametric model using
global optimization techniques.
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