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ABSTRACT

The surveillance and reports on accidents for the current traffic management are
carried out by viewing and inspecting CCTV footage. This method is slow to detect
incidents and requires a lot of manpower. Since nowadays communication technology and
social media play a role in reporting such incidents, this research has been conducted to
investigate accidents of interest from text messages reported on social media in Thai. There
is currently no research or platform that supports this type of work clearly.

This research presented the development of a neuron network memory-learning
model to solve the problem of incidence pattern classification and incidence severity
identification from social media messages in Thai. Using deep learning models, such as
MLP, CNN, Bi-LSTM, and LSTM+CNN, the study was designed and divided into three
experimental patterns. This included examining patterns to identify traffic incidents that
may be reported as general news or traffic reporting; examining patterns to indicate the
type of incidents, such as traffic accidents, disasters, damaged roads, or others other than
those mentioned; and examining patterns to specify the severity levels of the incidents,
such as normal, intermediate, traffic lane blocking, or immovable. The experiments
demonstrated the capability of CNN+LSTM learning models with the best incidence
detection result at 93.44 %. The CNN model gave the best result in identifying a pattern
of incidence at 85.29 %, and the LSTM model was best able to determine the severity

levels of the incidence at 88.53 %.

Keywords : Neuron Network, Deep Learning, Twitter, Incident, Social Media
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1.5.1.2 M3sruniduazAnnsastayamunulunisiseuiuaznaaey

Fonsideiinederadmanisvestesmeenugtinsaiasasmaun
HuiiFeuosud fiduduidunisfiurvmuteyasunulunisiSeud (Training Dataset)
Lagn13nAaeU (Test Dataset) lnen13iiarsauusuudoyanuny (Sampling Space)
nndeyadonruminiamndel Gsausadnnmiadedonumudedidandemunin
Fomuafuszernamityimenisiugndaldnuauiedagiudmiunniydnanmsigniden
lnga1ulIudoyaiiwnu (Cochran, 1963) aymuualiAinudeduindu 95 %
defuanmsuiunuiaiakaginuimuaseuinyinadeyaiiasdesdaiuain
Say@memsiisusadudatls Tngagdosdafvluseninssiuiinasnanfeatunnnd

1.5.2 AszuIunsuusAanUselea (Word Segmentation)
nssudeyatnansanyinmesaziinadnslusuuuuyssloansongudeliles

elunnihluidngnszsuiunsdsudvienszurunmsinaulaazdesdiiiunisutsd (Word)
9nUszloamaiia (Conditional Random Field: CRF) CRF Algorithm §1wat 11 Afianunse

a

J =~ [y 1% = a J = & A aa a v ' [y
G]EJLU@QF]UIG]QNE‘}@I 1%39638N31 Gram 66\‘1L‘lJ‘lJL‘I/Iﬂ'L!ﬂ“I/IlI‘Ui%ﬁV]ﬁﬂWWLL@%F’]’J’]ﬂJgﬂG]ENQQ FIUAU



adadarnun wlneninsen1sasunsy (gudmaluladdidnnsednduazaeufiones
WY, 2565) WaENINTIAdRUARIAANTISINAUNAUIYNTY (SNedadineaniy, 2565)
153 N3¥UIUNTIANTEUTOLARAZNTININSSEUSLTIEN
1.5.3.1 N15IANGUNTIIENULUURURANITAIITIRsiUMANSAIUNG
Tuidesfunszuiunsitedosanunsaszyaniunisaiveanisseu
auRnsallainnissenudeyadinarudunissenueiinisalnienissenudeyatiies
7ialuBu 9 wielal (Chen et al, 2019) adludumeunisiafiudeyadosdinsduiinanus
1e3tayani1senuIndumngnisaluszanla dwanduniss 1.1 Wnglunismagsu
Hoefiasunsznineadugndedlunisuenueyszninedeyaiiientesiunisasias
(Traffic Relevant) wadeyatnansmluilsiReiuasas (Traffic Irelevant)

M1319 1.1 N1538UN15ingUAn15ais1as

914999 ANUNUNY AND5UNY

0 | mImenuinly Yoyatnarsiiluiliineafuasas nie
wansNen1sas1esiliidueqdu wWu 41
YT 1dUNUTDIANT WI9N1TT QYIIUITIY
Anssuiiaunieluiiuil viensmeaugn
wnn1salgURnisaldeends Wudu

1 meneruiAsderiunseses | degantsmenuiiieadestunisasasiy
ynedansnenusnMsiaTesiidaiaty
 BuIATIY 7 Vi3 ensud saenunisnd Augn
msdemsmmmsalluiui iy

1.5.3.2 msidanguidiuuresaURnigel
ﬂﬁi’]ﬂmuaﬂ’amiajf\m%mnumaLmdqﬁﬁ%ﬁiﬂLLUUﬂWiLLfﬁammmiaﬁ
finananane WeAnwmumunuideniium fidees mmsmmmiiwmuaummimmq 0
mﬂaumamivmmaﬂmmmmwLﬂmul@ 3 JUuUv (Agarwal and Toshniwal, 2019) ‘mu
iWielvnsidudeyainunseunquaeguuuunseany §3seimualisuuuuil 0 wihfy
mansalldanunsassyguuuulddaiau dslunssuiumsiieuiarlithdeyadinanidig
nsEUIUNITSEYS Ineilsazdennauandlunisng 1.2




M1319 1.2 JUkUUvesgURnisel

sULUY AUNNNY A1a5u"Y

0 | Wansasey oUAmsalfilsifinsssysuuule

1 | gUAwgn1sal (incident) wamsallaiflsUszasd AnoliiAnnsinuang
3951951t 9szEnamils 19U savy saide
v Awosmnyan sy

2 199157 (Potholes) 73RS INANSEUADNS519TUUR 95195
Al duldesufudsungingsuvie
AMEY WU viguuLau vie mlatutes
asiilomssiunuigssnu Wudy

3 anmasas (Traffic) wiRN150d5189uYTIUT195 Wunisuans

nszuaIRITdsHaduiloswensdasyAUATI
JuuswesgUanisal wakiladunisszy
winn1salfdenaliiian1sdsuulams
nsanesluiiuiivinudangn

1.5.3.3 M3InTEAUANUTULTIVBIRURN1TD]

Tunsfnun3de Jeauninugumse 3 58U AUNLUININISANYITTY

a

Mrunn (Zunic et al., 2016; Mulyana et al., 2015) Filunisiiudeya dIdeiwualifisesiv
0 winFufivey Tunsallilanansasyysdiuuauguuseds dauanslunis 1.3

M99 1.3 S¥AUANTULTIWRRURNT TRl

AU AUNLY AB5UY
0 | Wanwsasey gUfAinsalithifinnssryauguusvdeguuuy
mMsAamgidaiau dldanunsoimunsedu
auuusilutunsuAvrusdeyals
1 sEauUN gUfinsalffinnuguussinuaylidssanseny
(Normal Traffic / Weak Traffic) | #@sin nnn393133
2 JEAUNAN gUANsalfflarmguussluszdunans lagd
(Heavy Traffic / Medium Traffic) | NanseNUsan1595135 1-2 999957135 NI 0aiWa
WAAN13YEaafIeINTEladsT1as
3 seiulnfutoasviongats | gtRmaniiifienusuusduseiugs Gomneds

(Standstill Traffic / Traffic Jam)

N13UANUNNYDIDIN1AT NI0AINANTENY
msasashuiiuiegluseiuve il




1.5.4 NzUIUNSHENLEENISITEUSLEN

Junszurunsivimiifudeyadiusznevdszloatdeyaiinglassine
UszanniflsuifiennaAineu (Output) n3zuIumsvinnuveslassiisUszaniiiouaiansn
nadnsidaugniosiiuanssiuldogmanuassuuun felmugndeulugaziuey
fusduvulassadenielulasssyssamiiionveisnisitoudidedn detlagtiuiivarnuane
sUnuudslunsidefiiuaniinsiiauenanisiu3suifisuussansamnisianuves
Tassa¥eiuansnaiu 3 5ULUY (Chen et al, 2019) Taggidosudunismaassfusuuuy
lassasielasevnguszarmiiisy 4 sUnuy Amualineaassivlasaiis (Structure) wag
W ined (Parameten) flusnsnafusauanslunig 1.4

M1519 1.4 sduvulassaialassiguszanmiisnnieluveanisiseusigean

AU MALA

1 MLP (Multilayer Perceptron: MLP)

CNN (Convolution Neural Network: CNN)

2
3 LSTM (Long Short-Term Memory: LSTM)
4 LSTM + CNN

1.6 Uszlomiiaindnazlésu

1.6.1 awnsamutunannesun1sliuinisdeyad1iansgiinisalasnasnisun
wuuas1sauglunniisnuandunsfnwild 9n3UuuUn1ITIUTINgURnITain1sasas
ysunlusiuiingammuasandeyaninnesisnaBeusiiedn

162 Ussrmuvderfuteyarnaisgtinisianasmaunlumsiiuiingaunmumniuas
ansasutioyatnansldedunnduasidedeld iutesmemsudassnduiustemmadion

163 MIANwANN LN TIMNUNUATIANAIIUATBIAINNITAUNLUUNTEINY
FnasvanideinisiiiuiiliindymnisuesaavauesUssyivunaraianisuuds n3dl
AngUAnisalasasmauniidumisle q Tunitud

164 mhenumaigiieitesauisaandldironisasmu vieannsaliuiasy
msasusuUszanalusudunauunsiannssuununsdeyatassnugtinaiases
maunfifianuerdeutilutiogiuld




1.7 HeuAnwi

1.7.1 gifinmeal vanefls nnvmnsaififetusasdnansenudenissas lnewanisal
fananlideadumnnisaifiietuuuinaseasiniu Ssoramuefangnisaisng q ety
Tuiuiiusnadrafedassey wavdsansznudenisasasiuiiuiidradeda o wu sl
savu wansalsalde wnnsaidsesnnvau wnnsainuenaiu viemanisaliuten
U1395n81R395195 1udu

1.7.2 Fodsnuseulatl manefs unanrlesunisliuimsuanseyaludnumynsudaty
auieulunazanudusiusuuulassiigiiuniotionisdearsdumesidnlusduuy
Auneundiedy wieluunswoundndu wu viswes wydn wie Suamsunsy Wudu

1.7.3 n3Boufidedn vanefs BasisuvusnluifAandnsmhauwuulassmieuszsam
yp3uyue (Neural Network: NN) nunumanssusndeusiufiu (Layer) ielilenuanasaly
Msusnue (Classify) 16 daduismanilwesinsnaiFeus

1.8 AdAgy
lasengUszarmiien (Neuron Network) N15138U3L3980 (Deep Learning) ninines
(Twitter) gUin15al (Incident) Hodanuvaulatl (Social Media)



uni 2

' [
=) 174

WUAAANO BN NNYIVBILALNITNUNIUITIUNTTY

MsAnwenansuaruATeAITes elfnssiusudoyauasnsiesesinalile
Farmounuanuigiunuite luuniazndniuuAnvemguiiiisidestumuive
Fuszneuluse dedenueaulall nsduundenin uazlasaneuszamiiion uaziiiaue
nansAnwInuINITIUnsNiiieates emddgiiiAeates fal nsnsadugiRnisal
(Incident Detection) Aedanueeulatl warn3Fousidedn Wevman1sAnuiidefnuan
Dunumnanisinunisnsidesely

a ad & v
2.1 BUIAANE WS NIV
Tums@nyITeuuImemssIvs g Unn1sain1saTasMeUn U UNTImMnavNUAT 370
v a san = YA = Y oA = = I3 v & o A v %
ToyanInmesIsn1siseusiiedn deuinisAnwiiitesdruiiugiuiiieides Useneulusie
dodanueaulau ienmuisssuundliuinisludagdu nisldnusenugdinisal Bnnsee
Uszanu Wudu n1sduunteniy wislinisdnyiideansahdennunioseazidennd
ANWULLUUNIYI5T5UYIR (Natural Language) NlAa1nn1351891ugUAnIsaluudedeny
poulall uarNISEUITIEN N33 hazRENUEETURUUNITTIBUgURNTaINEAIY
wanuaeardutou Inelisvavidundall
2.1.1 Hodenusaulail

A o ¢ = A& aa o 4 & a = a wa [ .

dodspunoulau vaned FeRdvianilunsesdislunisufuinisniedenu (Social
Tool) wielddeansszniniuluaiaiennsdsau (Social Network) Hiumaiulsiuaglusunsy
Uszgnduudeln 9 Adinsdeudeiuduwmediie Inawulidldvinduddwasuasdsuans
fid37u (Collaborative) a8 19a3 1336 Tun1swaniliemaUuLes (User-Generate Content: UGC)
TugUvesdeya N uazides Nsliussinmvesiedenuesulaviivasviin Yusgiuanuayvoins
Wl

2111 uwasvlosudedsrseaulat (Social Media Platform)

NTINUNGFNTTUL UTInAduAIvauazdedeaueaulaives Global Digital
Report 489 We Are Social 1z Hootsuite Lwanwasua1un1suinisinnisaodsnuooulail
o v a v aa o 1% Y = = aag v & o &
ehrdeyauavnginssumslinuaivavesiaunilan U 2564 inmswansadia Wiiuinlagoull
ffldounsainnwinalanuinde 5.27 Wuduau Amdudadiu 67 % vesssyinsvidan
finnuglifiedodiugu 2.3 % ludfinumn Wity 117 aueu Inedagtuiglidumesidny
Taninnnin 4.80 suauau Andu 61 % vesusznnslanvisviun (Datareportal, 2020)
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mmawmimfmwauaswmuﬂum The Flight 19 Agency mmmaaﬂmamasﬂm’m
LLwamWaﬁuaaamuaaulawaﬂﬂuaaﬂulﬁna avwﬂmmummummuaummmmammemmu
Fsawdl 6 umamesmaniilundeuszneuludae wedn Suanisunsy vMawes gnyd Annen
waglar] munansdsaUssiiu dedeuiiuiau 2563 (TWF Agency, 2020)

Total
Reach

Major
Age
Group

Female /
Male %

Total
! Reach

Major
Age
Group

Female /
Male %

Total
Reach

Major
Age
Group

Female /
Male %

Total
Reach

Major
Age
Group

| Female/

Male %

Total
el 6.55M

Major
16-24
el 05 34

Female /

el 51/49

Total
Reach

Major
Age
Group

Female /
Male %

- = — gill* A
AN 2.1 MsIRdusumNteunsiinuvesdedsndesulauluusemdlne (TWF Agency, 2020)

2.1.1.2 vinwes

Mawas Ao uinisnsettvdirusaulatussnlulasuden lnelidnyuznis
Tusnsludnvaznisinaddeyaluguuuuvdenvuiaan fumdleududliuinisuuuuden
7l nevinwosgniesudleoutiuiau aa. 2006 ansgeuini ddluilagiuasdsuuuy
nsliusnsduansnin 2.1 veidlunsliuinisveminmes ssuvdedsrueouladfnanas
finsuusesrusznaudryUsznaulume
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o vin (Tweet) iunmsussnedeyarnansiaglifimadfuiemvandens
7 ailtueg fuglieudivestn avdednueaulall Jagtunimnosinin
Srununsvinseaddldlaiiu 280 frdns

o 1o (D) Wumssrsdmienniageuniseteladlaense Wy ‘@username
yzdadumsensdefiadadldnuleddng

[ [

& = =~ ° o ¢ i v g &
L4 bFULLNIN (Hashtag) A8 NITLVUUANRIUNRNA UANW # EAITNIVUNNYUUN

Y o

wssuiinagsilridrursandudidumls dmdudeyaiinduveaussuiin
defAuyszifiuveansinadiiduaiioudddey Jsusvudindreligldau
drgussiuddalunslimeuldiedy
2.1.2 ms3uundandnu (Text Classification)
nsduunderumsenisusndanyseloatiionisiiudunseuiunsSouda
YA ?z'}a%l,‘fluﬁiﬁﬂiu%aﬁuaamsﬂismamamwmﬁmwa (Natural Language Processing:
NLP) fie nilaluanviwesingimansmouiiames MiAeafuilyyussivguaznvimans
Aawfiames (Computational Linguistics) sumansfAnwnisafunmsiliaeufiwmesaiunsa
Aoanslimeunwivesuywd wazilieoufiamesidlan wuyudundu free1a W Sii
Google Assistant Wae Alexa Judu
2.1.3 assingUszamiiien
lnssngdszamifien AenszurumsAnnamisadiamansisiasnisiamn
sUsuumMshaiuguveslesseUszaminnmeesanedaslaseneusramiiondind
Seuinisinaurudeyadleg1dlunisiseus (Training Dataset) lilnednlud@ laglides
TUsunsuvME B MUANYLNATI N SYINULUURNERY
2131 Tasaiazesrusznau (Structure and Component)
IasaadanazesduszneuvadlassineUssamifion BuduiviieUszinanados
%a%gﬂﬁaﬂdw Tup (Node) Inglumdumununisinasss nwalzn1svauvesas nsasdgay
sewidluaidederulusUuuulrsaiefaruniadenlomesssuusram Inslasaiienugi
voslassingUszamifisuazutsd uneunsUsztanaly 4 dau Usenouludae duindndoya
(Input Layer) utszuiananiely (Hidden Layen) Fumadns Output Layer) way funns
AvNBRaEWS (Prediction) TnefseaxBendall
1) uindrdeyadi fe doyauid Gedaya X, usarlunwirfufumures
Feature Mithdeyanih vievanefsnedutivesdoya Wy anunisal anmeimea seva et
MNIN595795 LU

1 '
v A

2) Sulszananame Yuniidiuyssinanasgngluwazanunsadlauinnin
wilety FaluusaztuaviivilgUsvananaisendn Neuron Mvihwtnsuteyainluavesaiges
AeuvmimninUssaana Ineldilandudadu (Linear Function) Saufuddwiin w vesaya



12

Tupaniawesnouvtiusazd eduammadng Z uaztidnguonadisilsddu (Activation
Function) sfiviannviane5Uuy LW Sigmoid, Tanh vide RELU s

3) Funadns Aetuiiuszananausafinilesiduimmaantureunii Joya
Mnlunvonawesiountdi a, aufvamdn W2 unadns Z dmsuniseiuan
Tuweafinilerdu 1wy Sigmoid Function ¥waidu a? Wemsudrgtunoumsaanisaiviune
Haansealy

0) Fumsmaviunenadns \Wunmhrednsilianueaiinileiduses
Furadwsindadula (Decision Function) ileszynadndanielusuuuuieuldlusnunzasin
0 w38 1 dmsumsihluldnusialy

Input Layer Hidden Layer Output Layer Prediction

— ypn:’d

A 2.2 TassasaazasrusenauvedlassneUssatniien @anee NnAusIns, 2563)

2.1.32 MsSyUSIBEn
Tuilvgulaswedszamifisnsuunisdeudiddin Ussauanudisa Tuinumsidn
AMABNAIADS N33 NFLMA UaznsUsratanan1vnyed Larlununsseuiuagdiuun
fiviannuane Sefinsiaudssgndfldliianuuiugnniuedwiaidies Swiondimethyuuuy
msBeuditdnnlflunsiuundeyamssenugiinisaiasasmeunumAsnsguuuudu o
1) Insengussamiieuuuiseusidedn (Deep Neural Network: DNN)
TasadsUszamifiondmiunisidoudidadnitugiu (Min et al, 2016)
AldFnwiRefulaseUszamiioniiensGousiBsdn liuansguuuuvedasaneussamiion
91U 3 JUuuuUsEnaulue wuuwediUasouvatsdy (Multilayer Perceptron: MLP)
LUULATaYI8UUIAALT (Deep Belief Network: DBN) wagwuusaidn51¥a (Stacked Auto-
Encoder: SAE) #4lastadaadotnonuudis q anunsalddenin 2.2 sUnuUvedlaTIvng
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Usvanmisumaniusznoulude daunistudndeyanieiu dulunsiuntulssinang
aelusunistundennnnin uazdrunadng (Output) a@ﬁwwﬁﬁu’u Tnsusazdunnnes
maamuauwmuaﬂﬂmmmﬂ% (Matrix) umuﬂwﬂ%mmLLUssuaqmaiuamJiuLwaasmﬂu
nasasimiin mﬂuumuﬂqmulummu (Nonlinear Function) mauawﬂﬂmmu Y
#HaAdu Sigmoid, #eAdu Hyperbolic Tangent Tanh %39 HeATuULTeLEU Rectified m%gﬂ
THlumsdumnednduestulssinananislu Taendnnisvinuesis 3 Uuuvasiiiiugiu
miﬁmfuLLazﬂszmumiﬁ’muﬁugwmﬁuLﬁmﬁ’u WAILAUUANFIITENTIG MLP, SAE
uaz DBN fla mspenuuututszanananglumiiy

Hidden hy ha hg Input Output

Qutput

Encoder Descoder

(1) MLP Network () DBN Network (A) SAE Network
AN 2.3 1a5998UsEamiguuuuNITieusideEn (Wang et al., 2019)

MLP vi3e lasstneUszamifiennuunmsseuiiddnguuuumesidunseou
nanetu Feiheuuulassedssaifleaiivszananaluides q fediegretosanuty
(nistuiing wilsduniely wisdunadng) lnsudarlunzdoudoludsluaimunnas
Fualy Ardmdnuessiudslutunieluazgnuiuaieldnssuiunisnsgaisdoundy
(Back Propagation: BP) 91natidefieiusmudn MLP Suuilidunislinadwsaimdetshuay
foyalumaBeudunidiemesodwutuimuavedlassadneiu «

Tailassaiansetneuas nszuIun13NsUSUAITeY DBN Wag SAE q¢
uananaiy MLP Tnsdunadnsazifaudsngludmiunmsuiuaidosiu udulsiianuse
UuidsulduuuladiomiaiFeus fadwanevasmsfumeaiminEuduianeauyanis
dmdvardudunadnsdu fudsluaweidaindnargnuudsuiaefdruuud
MN13IMUN VITEAANTAIRINNTEBUS é’qﬁ?ugﬂLmesVTWmué’mdnaflmsﬂt‘daaamﬁmu
Hoyatllumsizousadld

Tuduvaanisvhauuuy DBN Hu fvualiivusduiaise fusuuuy
84 RBM (Restricted Boltzmann Machines: RBM) sUsznauluse Tassnedszaniion
aosdu Tasdfivisasdumadeulssssvhaaweiduidduawe ftudnluidsu
Tusfidfesnitasmudidu Tnedeusoiinglassinsussamifiendiuiassiiduninaises
auung InsduilaeseiisiuuluslumsefiiudullauAugatuimiesuadng sUuuy
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Tassafsdananiigauszasd eandefianainiionsaziinanlunaundnnelulidesiian
Tudnwauznisinindeyagnszuauns Encode wag Decode iilonsaseoniatsesuadmssiely

Tusuidenarsanudiiiuanuanslyiiiunisuszendld DBN Tuauddn
A (Hinton et al, 2012), M33uanides (Lee et al, 2009) kagnainlan1wsITuIR
(Sarikaya et al., 2014), 115391905 (Maria et al., 2016), nM1sUusANIN (Theis et al., 2017)
wazwnledfle (Song et al., 2018) uay RBM gnldlunisandilunin (Teh et al., 2000) uay
msfundeyaludedsaussulatl (Wang and Li, 2016) Fsazdunaléindaideduunnni
1h DL snusggndldluauiimannvanslel

2) lnseineuszanviieauupeul g du

Tassheuszamuuunaulgduiduiiinanawdisalumsudedunis
FIUUNNINYBY ImageNet (Krizhevsky et al., 2012) uaznrendagnirunldedisuniviane
lumsdanuiavaiale (Karpathy et al., 2014) msﬁaﬁ’ﬂmuﬂﬁaﬂmLLazﬂsw‘h (Wang et al.,
2018) wazn15s1uunyUsslen (Kim, 2014) sULUUYDY CNN 13uanaeuligdulatses
Failimqusvasdlunisisguuuuddguesdeyadmiunisiseud Tnonseuiunsazuszney
Udhe Fansesdnuanedufignldifiefiunuanysaivesteyauaznisilsudvostoya
suatiulugteyaiidsuuuundomiildnumndetu Tnefnsowusasadutuazegluguiuy
yosminduazluusasmindasiimusedviumisiasudadddmiunistous Tnons
ouligiuazanvunvestoyaduatufnsesifivuawiniuinediua wagnadnéfignauan
Wluwissnefiuauming msidensihlusuuuuientuiuarosiuiifoyaduatuluusa
Sud

| v

lngnadnsveweninilenduluawasnauligiuazgnaudidgnssuiunis

'
[y a

wadaalees lnedlinguszasdlunissiudeyauazannistideu nglussiunaduaesasyi

v oa

mssunnlusiuuiinfuuiiuiivuesessmindanaweineulgiuiiegountmis
drdutu mayadslasmaidondrgeanuuiiuiiveumanisfintsan viemadenldauadeves
Atavmalureuniiuil awgnSendidadeyads Wy sdiiiunnsdualasmanads
Ageanduwnmamsldauiiduidesianiutagdy

sy mtussriseoulhgtuae funs oA naL e SaLa NN I0G]
Inaneesudieatrilassdglsvamiioufifidniudeyatioudiinsounauuazannifiome
aananslunin 2.4 lngaarlnenssuves CNN 3gUsznauluaie Aauligduialeeiuas
yadaaweinnnii 1 4u SfuawesdnnunnlulasmisUszamifisanuy CNN agvili
Tonagefiazannsnnmadunadnsiidesnisld Tumandusunsidenldfuussiuauannd
o19AansUSuA LU sTldmunzau lguiy dslagialunisyiaunuy CNN e
rouligiuiawe s uaumnm 2 dudly
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Input Image

|

Convolution Pooling Convolution Pooling  Fully Connected

A 2.4 aandngnssuvedlasaneUszamiiisuiuuneuligdu (Wang et al., 2019)

Tuhefiganisdugdnuuzvuinidnainats q wnindinesiuauas
weniinflaiduazgnivualitidnounudeyatewifiiawefidelodlasseUsramiion
(Fully Connected) Ingiawasiiazgnldludunougaiirovesiassne CNN tieldadramadns
puduifesnislunsildnudely

3) TnsstneyUszamiflenuuuang, (Recurrent Neural Network: RNN)

Tasstneuszamuuviun Wulesshelssamidionifinfsoonuuuagng
Fuangludnwasnsldnuiudeyanuuiediu wasgninludssendldaueganinewing
WU N15331AmA (Graves and Jaitly, 2014) n1suuan1w (Sutskever et al., 2014) N15a319
oAU (Sutskever et al, 2011) kagn15WIA1IUsTEIEUTENOUIALD (Gao et al., 2017)
Fauandlunm 2.5 aglulassairanuy RN agivmienudingluiidonlouaganiuns
wuuUsEInananudoyadunpnudIiy daagiiussansanlunisiSouiiiionisuidaymigs
Tnganuaunsalunsugsenieaduredunmuasiowinaitistuldlnenss

agelsfinuguiuu RNN Te5unisiamlilassasenigluluaiiuuuy
ATusEEYI Ry IEIEAU AuAIINEananaTlukanFoud Tasdsuuutlassaians
heunelu daanslunin 2.6 (0) uag JULUUlAT9ET8luLUU GRU FOuanasiann 2.6 (1)

(0] Op—1 Ot Of 41

Unfold . ' 3 - -
W SR v AR v G W,

U U U U
i Tg—1 It Ti+1

AN 2.5 1ASIN8USLAMAgULUUSLADSLSUR
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A 2.6 sULuUlunnsluvedlaTngUsEa gL UUSIABsITUA

2.2 MINUNIUITIUNTIY

221 muRaNsYayaITRTvUInlve

Slotoyavuslvgfimaiiulaie Petabytes uazGusuinggaiimaluladszuunisdeans
fugILUY 4G AsouAguTalanuaEF U eTE UL 56 Wiomaduau1nddl (Smart City)

<3
[

wugUuuuld W eAdeiuandiiiunisldnudnsolni E-Bike) lulszmadumdaldsu
audiendusgrann iflesandsrgn Usevdn uazdanudngundessigs dammnzdmiugld
Tumidlesfifiussmnamuiuiu uifesay 30 - 60 vesg iRmafiind uuuresuudanvnuian
Fnsoulviiiuarlu 1 5y ildnseulniingnalueiededs 70 du w iWeaiular Wenzhou)
Syunaldfedgunsaideansiilindsusiidnselrifuasdounsalfuiduanniidoanseing
deldifutesmanisinausafignalue Tnefdeldiannszuniinngiuasiassnmandeya
fldnszuuiutaunilsdfulumsimszsinginssuvesild madiAnnunusuas
msAnwMsaouresdnselngia Tneld Mapbox APl (Jia et al., 2016)

n13Usrulanadeyavuinluglul 2016 Hu 16duide wnanvosy (Platform)
19458 UUTATIENTANINTITAsUNTIRsauUlagldinalulagnisdniudeyawuunszaiy
(Distributed Storage) wagknAANITUTEUIANALUUVUIU (Parallel Computing) Fa9hn1s
Fansihdamunginssuveaddud msiruaniugyesnsITaniielinssideyadidy
Adulszlend msldinafianisuszmanatuurunsiinguandn (Clusters) Haelviszuy
povausdlfifrtunarfiduniviofinssideyadiuiuuin muAdeldssuugiudeya
¥83 Flume uag Hive wagld Apache Spark Tun15as1anauauninnsussuianauuuvLIu
(Peng et al., 2016)
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TngnsAnyidoifsrfudnyusianzveanisindsuivesyldenlassiedygyu
Tnséwit 4G TaefisAdonanninlutiagtulina (Mode) maindeufivesifld anunsamlsan
CDR (Call Detail Records: CDR) %38 WiFi iuvdn @535nsues COR agldvhanilalupasigld
AMaInINIsInsAnd viedeteniin nien1slddnnruain Wik delala
dohlidladmgfnssulumaedeuiivesldnuadode Cellulan lutsinaiuiivuelg
¢ Fafuluamitedidnvmiuunndnwesdnuuzienizlunisadoudifldandayanis
1AT8Y8 4G AU COR waz 3G lagn15UssananatayaruInlng 3ne3eYiy 4G 1u1n 6 TB
vuTUsunT1 Hadoop damadnsveanuidefiudeyaainiadedis 46 annsoveniadeya
fiavidennin COR way 3G (Sun et al,, 2016)

Tuvueilnwide (ai et al, 2016) dnauanisiauwnannesunsussinanateys
vu1alng (Platform Big Data) @11 5UN159519593a38% (Smart Traffic) lang@n
n13UseynaldaIneu nsuteyadsIasuIvinguluuTIaes (Visualization) waziasesile
d1m5UAATI89IAN9 9 3NUITENEITR9NUIUITITBIRT B NN LA U19ARIINS

< 3 d' £ ¥ o v Y
wnuduunanesuniswenleadeya (Integrated Platform) laglavinnsnegeuiudeya
M395195v09UnRe Usemedu Tunisuszananadeyavuinlglaldisnis A* Algorithm

Cui et al. (2016) lfU3uUssaIuITZUU DRIVE Net Fsgniimuilag STAR Lab (US)
1ng DRIVE Net AnlA38U18Use A UNALASLAAINAYBIOUULUUAIYA (Digital Roadway
Interactive Visualization and Evaluation Network) wuuseulatidsliuinisdoyaiisaiu
M159519590sAUUAN q FeuuTuugsldgniauiilaiduiianeinainisidunia (Travel
Time) andoyanatsuviasiisn (Multi-Source) anmnsnuansnadoyaldvainvateguuuuiy
Tnevrdeyannn doyavudaunavy feyadldsadnseusuduaziisensa dayasin Car2go
Foyaannsunasdeyailaime (Sharing) uazdeyadu uwihnisiinszsideyaiiieairady
WUUTIRBILAETFUUMTIATIENUaYS (Data Analysis)

Nandury and Begum (2016) lafinw135n1355uiladunisdnnisiunisussuiana
doyauualvg nszuvanasluanindinarrinsfuiieduuiadeyasualvyiilésy
910 gunsal M¥uiuargunsaidumesidniunnassnds (ntemet of Thing: IoT) f1a 9
naneduhideiivime TuvasdiisnsuagarudssansnmlunissesiunsUssananadoya
aunlng vesandnenssuszuudilidaeu aandnenssa SWIFT Qﬂaamwmﬁa%’@mi
nMadeusesening ?qmaq%waam (Smart Object) qﬂma}mmamm (Smart Device) W@y
FEUUBIYRA9 (Smart System) TnoenAdeilldvnauonimaassianiinenssy SWIFT
wmagauldiunsusrananateyarunlngvestayaisnas Wy N15IAANNUILILYY
aNMN1525193 kazn1ImuaNdygalnasas nmsdanisiiensa szuuImMNG LALNS
MFIVADUNANBIMNEIUN ALY
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Tl a.a. 2012 Sguraldaniulailled "unanesudeyauuuila” wazatuayuli
Usgrmuiidnhululsveassasuazinmunnalusdavesisua TaslunisAnuided
dauen1snusndeyaiilianewesiguiadionameiululéniu 2 uia ied1519
ANUFURUSVRINITTIENUAIEAIUNALL B9 LLazqﬁ’am&;uuﬁamuuﬁﬁm%m%a wioldnns
Anseinuduius uazasnaoumuduiusvesiiuyslugadeyarisansd lunaniside
WU Mq:uu'a‘uuauuLLazé’zgaunculmﬁmﬁlﬁLﬂuizwﬁ?u Lﬂuﬂ@mﬁﬁmismmumnﬁqm 2
19m3 Mndeyamemunaidiond 1999 Tudleanimeiu nan1sinseidlifivicnguleuy
auufisenulasussrsu Sanuduiusedsitddyiuiunugtimguuiosnuuiiiety
WsiAnNvguUsnazMInsEUINNUWBsauY Feanusaasuliintoyavesaeaiunaidiesd]
mudey wazanansaldiiennnisaluunlthuazanngsineg vesgifinmasiasle (Lin and
Tseng, 2017)

mMsBeTeidoyaidumaiusarewiing 1ad vuddednauenisasisunannesunis
udigIaurwuUTINANY Feldvayavinnisuseutanavy Hadoop wavimalulagnis
Uszananauvuruurun g luinannesunisuudedanioy dnisiauenisesnwuu luga
laidu lasssmameia uazdane3Su SGD FudletinUsziianasiududeyasowind lny
wnanlouAINA1IEATIENTRYAINEUNINTAUN VBT anueIaUamSelAuINIg
warilagas unannesuldiannsndnasmineinsveanindliegafiusednsan uazyae
) a ¢ v & adaa v Y .
STUIATUNIT N ULAE AT IS IE UM UANBNTAINADIN15g4ld (Xie and Luo, 2017)

Zhang et al. (2017) thiauedanasii Safe Drive Wienosudaieuddudsasudiile
AevnRaunfvazduisneusd Tasdsdsangunsaliwueesang 9 Tusa sndreg ety sou
i3eafiuANIEY mruEafulNnsEiULatY MIUIALUUNETUL WithiUssananain
samagaydenisaunuvseli nadnsieonsnfinmusiug 83 % stiumuneds fidiadna
wiug1gendn daneiuLuy Rule Based

Tud A 2017 nsuvstusaduisaumnauilafuaudsuludiesdaaies Tasany
pgBaszuuativayuiivislignérannsadumsnsuiindouldanldadoeniedu andy
Sunagvganmaiinuanudesnisvesgldauluiiud dnluusueundieduiiarsafade
lugaudnouduuivueundinduiiowaniudsudoya feluaideiFainaue UMAP Gady
uwnanslasudmiunusndeyaiidalildnuuuduueundinduinuudneudmailfods
fast uavanunIIuenuersULUUNgANTsuMsTUTTwilessing 4 1 Wil UMAP figniiiaue
fingusrasdlamzasssznng dawiinis UMAP agvihmthiidsdeyaanunanmesunisues
souvuiFealvyl wavdruiiaesasimiinfivssinanadoya Wefsdeyatugaieaiuguuuunis
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LY

TuduarngAnssuvesld soteyaiieganunanosunsuvisn Ussnoulsne Teyausy
fuaziianis s?fq%’azdmfgnLﬁuiﬂud'autﬁu%’agaﬁwﬂmq (Data Lake) 91ndoyaisiiunuas
thuviinselunievds TagliluganmsinssifidiosenisesniuuuazUsuiuasusuuuy
vunsiiAnuuesdlesgiu Medoyaszeria 50 Ju Weszydnuasiadunauasduiiug
v99n1917 uaztilefvuadnuwasddovesgnalunsliuinng Fusuandrsfunadenty
Msvudsansisuy nadndazlideyaldsdnifeatusuuunisduiuazanudenisianiy
Faduusglovidmiviniafaiiossaaies uasiigadaudululiveswuimivens
(Ciociola et al., 2017)

nsvudduindulynmdnidmwalifiinauuedaveinisasasiuiles uaznis
Udesuafislutuusssinmaluidiemaiweslsy fufunsianudilagiuoumaiunisd
laifisunuuiiniusuvesssuunmsvudndsiiufivesnsoudsdudliatudy ldfsusazdis
USuUgeUszAnB nmaesssuuruddudringy wiastasantymanuuesnuein1saas
Tuidedlddhe sideiinsnngideyasegunsalszyfmumessaussn (On-Board Unit:
0BU) ilelilumsAnmumsindouedudlunngiuiawad Tagisnsiuiausanuns
fnndanofideiuiinunnurunuuudiedeya OBU svazian 30 Tu Adaiulfluwnanledy
Foyavualng) iothdeyadsndnudsznanalnsdanesiiunsinnguiiiessydeyaidadn
aretayalauidl 4 d1u Usenaunie Yoyaniadl Tayanuuniesn Joyalnfsdunn
guavnITuuTaad-uaunisy tagtayanuulniusouuend e thunUseidiu
LsszimmeaLLam{]mmﬂmLLaammuLaummwammﬁlmﬂmmmdﬂ (Buroni et al., 2018)

n1sldaussuuMsiaTeiveyavuinngdmiunisiessideyanisiagaisse
windlwdlesdagesn dnfunmsueufisuunanosudmsunisiuinsenitg Amazon
Athena, Serverless Microservices Iui‘ULL‘U‘U SQOL %58 NoSql fiae) Hadoop thag Spark
Tngldimadiansusuudauaznisiiudszansamitvanuais L‘INEJLLﬂﬂiU‘VT’m’li’JLﬂi%‘WUEJﬂJaV]
faundunn aunmdeya wazanududeulunisiuia medeyasauindvesieesn
Fausd .. 2009 §9 2017 lemsauaunsineansiansariunsuduld saumsiSen
uAinduan1uifu a3y uaganuiids vunasinsgIuTidualiiAuAenisiAung
aeluunit Tnedgnfunardsnisluaisilamns AdosUszanananisifuniauinnii
1.2 udruads Tneld Amazon EMR w8eu Spark Insnan1snadeunissiuniesie
nsUszINaNaUIZIONAN 9 wazlUSeuisulszansnan AR anunsaTunsAug
18 35 % (Kaplunovich and Yesha, 2018)
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MsAAAzILAMAIINITITRsULau T udamiivimelussuurudedanios uas
sumuaulafiuinniy nufifleganiluaazddwnadeyanansaduaruiiildsunn
Fuwesnatnanimasas viegunsaifnausiunisiinadsl funenuwinue Jaiisiua
fovaulsifismadenshluuszgndldnudoyn sealdielunmsinduazingeinunii
SR FIEN19naduanmanIsiuUAiionsafuanudhiliidisme Tnsams
Soiowmandu wu gifmganas lneunanul tiauenisUiuUsniseaaziuan
Y9IN15IT1ATUUINY Iaenssaudayan1snsrsduanusuuuidudiiudeya 'n1snsaadu”
wuulminnuvasiinnduueniniiosnady wu feyaninanludeaiiie vie Joyaidunis
NNUNLTALTaaNeSuAlUININNTIRT Bensasuuudassteyaanyadeyaiunnietu
fufinududeugs sadsarubivdusuvesiuniswesdeyaniiuazideni nwii
AguIASevRsAaduIBnIsTudeyaludeniny uazanuunndtsvesdeya ieufdymn
Fanann siseitavemsuisninsziauianduluuasuaasLuy TEGPAM (Topic-
Enhanced Gaussian Process Aggregation Model: TEGPAM) %ﬂé]jaﬂ%ja%a 3 p9AUsENDU
Usznaume lumanisuendiuns Tueaiidenisfudadeya waglumanszuiunisinidideu
aifinsiudsdoyn Tnsdeyaiigninseitulnidviliddoyaussanininuintunis
foyaidu lusuranaudded aziin1sii1 GP-based ua Distributive GP anlfausanfuns
Uszanana Lilefiazyilinisyiunedanuudugiunniu wieusuaunsausedulduuy
Sealngd (Lin et al., 2018)

58UV ITS (Intelligent Transport System: ITS) Tuusemasuinsludagiulyiaiuise
UImsdnnisszuvanasidognsiivszansam Wesandnwarnsdud unuuuy wazanw
Aswandouveslszimaduiotdu iannsauiunannodu IS Iuﬂigmﬁﬁﬁgmwwaz
Tassadreiugudunisasasiduiesgunldonldlaensdld suidediuauenaifu
foyanariinmesidnungnsirasvesymeduisdayanie ieflazthdoyatuniaun
seuu TS agludssne lngldmadianisusmsdanisdeyaruinlug) (Big Data Analytics)
deuidgmanuwedalunissias %éfmﬁmiﬂ%’U%%'mii’]’mv‘hmﬁaﬁa%aﬁmmzaﬁfﬂﬁ
dmSugnunnugiifidduanudfey deudsuuniifimungausen1sudnssanisases

o A

WArIEUN1ASTiNgItes Tunslddeyanisseudmumianuy GPS waznsinszviveya

e
[

nsunseua g lunslgnussuuiogaiiuse@nsnim (Balamurugan et al., 2018)

]
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nsAnwunaluladdumesitdnsunnassnaslunisinssuudanisnundniuasnsn
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Faannoinszheanavesdtuindndussseseguueiunivue el 2 Wimsnewdn

[
v A

HneszerenfediuUsansnmuessrundnnis vimsiiufiaonsa Wivaneszerdud
Pl dusalinailuniamilaensadesaslaenisniiivensafimuzay lunuited
TialulaBdumesidnfunnasmwddunimmsaaeuiiuil sseznaimssonsaitaiieuas
ynsiesgimituiitonsauinulng q leszuuiaulaghifedunisdedoyalsoy
lidsesdoyafigunsningadu Fefeyariemunangnadludauidisuuuaatin (Cloud
Server) @yun1sitATzviveyalaidanty Hadoop LATNITARTUINLHUT (Map Reduce)
WipuIIIUUU Cluster Computer (Nguyen et al., 2018)

Ren et al. (2019) i un1saneIn1sienmalulagdudeatsu (Block Chain)
wszandldidugudnandlunisiiv viedwiadeya lussuu ITS uagldgunsaidumesidniy

aa o & ¢ 1y} A v o P ~ ) e v ¢
nnassndsinnalugunsalnsradumuiians o lnelainiswseuiiguiussuunldmudnans
Toyaiduuiirguvunarin warldeanuuunsdsloyassnitseuninuzsiluiuusening
A1TNAEnse (Peer-to-Peer) Ialunsandamadauaanwulunisnszaieansnisdeasuas
ARy ielignunmvugyieusiniule Teglddaawuniseygndiuussaanadiuna

Yang and Zhu (2019) fifiumMsAnwLALIANLANTAlUNMTINTUIAINTHUN S
Tudrsvesnuunuudanguluwanrosulidoyaasias Insvisaeadanufiuindeya
MsUsEInaRadeyaruIn g asasainsansHane uNa UM BN Shuz 1 IsuAUamnanashindn
lpogafivszaniam Ingldisnsiinseiiiain1siaun1eannsuseianadayavuinlvg
WUY Dynamic Prediction kUULIA1334 (Real Time) NaaauiulAsiad19veeszuunsIvaey
mMy95957 nelulad RFD tag warldinatianiswaunautoya (Fusion Data) lngnansvaeaeu
Tuwvuassuandiifiuiisnsmiilidanugniesnniy uazanunsoudlatgmanasinde
wawlnsasasadesniy

Zhu et al. (2019) tiausaudnwideiferiumsdimnassurinneinisuszaana
Toyavuingluszuunisvuddaaios Ineaud5aidelaesuieiuseiinnudunes
é’ﬂwmsLawwmaqﬁgqLwﬂiuiaﬁmiﬂizmama%’ayjaﬁummimyjLLaz TS Tneszuuwlsudsniild
Tumsdudumsiiaseinisuszssnanadeyasualngflu Ims Bnslumsiiudoya desile
Tun15ATIERNe I5N153ATIBIRATINEINITIATIERRURMANITITIVTUNY 890U Y
NSUTEUIUNITAUATDIFIVUTDIAUY NITUTHUIT 1 IUNULAEIANITTSUUVUEIAT T
N3 UNUNTSAUN A IUUARBRAADATUNITINHLUIFITNY)
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222 mansmsumsneualtinaiuudedeueaula

Chung et al. (2013) duauonisandnenssalunsuszananadeyaiiieriunisasas
YAl Luunsztedeyaduiuinkuuiunsal (Massive Real-time) Tudnwaiz NoSQL
Tagld Hadoop wag HBase MutiiAusIVTINLATIIATIEATYa et Tayafnann
Usgnouluaig PeMS (Performance Measurement System: PeMS) U09%UI89 1UN19MA
uadvlesidle 1Wudeyaaingunsaingadusummuzuuuvaainmiledti (Loop Detector)
fildogyanangs (Speed) nszuaasias (Flow) wazdeyadnsianumuiusiy (Occupancy)
ez TASAS (Traffic Accident Surveillance and Analysis System: TASAS) Lﬁuﬁﬁja;&aijuuaz
e AnwaELATAINLTULSY Suus MU REITes ignsiusiudeunds 10 T vunn 1
T8 wdnviassuansaauinazidunisiingdiinisal aananudasenineanusidn
(Upstream) wagw1ean (Downstream) ImauﬂwwzﬂiwmmL%ﬁiumimwé’uwwm 5 mph
vowhs 2 fievna leldnrvaeunualiuniningifinisaidely Tnevinmamaaeututeyatis
dvdunuu 880N Spunanlaside ansgoliEn

Zhang (2015) 11@ue3sN1SNAUNAIUIEIIS LDA (Latent Dirichlet Allocation: LDA)
watiansidenAman (Topic) lundudennuvsentiede uaz Document Clustering maila
nsdanduddiiouansifvddylusuuuudemuuelug-dn iensadunsudavndd
‘Lummmas Imaﬂawumﬂmmmmmaamﬂmmaa 200 S1uAN kazdn1sMIndanIy
\wasfuaz 500 Srunindetu lay 3 demuusniiaznuneinisiamgUszneulfe
Vehicle, Driver uag Tow wagadiuiiaesiivanefsaniunisalazidudinii Call, Check, Assist
way Push Ingnageuiidesdueniiia (Seattle) Fensudamnazdsaiinisudsnsounqu
Usganas 600 was ndinmn Bsluuinasindniinumunudugenisssymndensegnin
TndfuiufiAnimelnesnis DBSCAN Algorithm

Georgiou et al. (2015) tiauenissausiumaiieaivasasisluiuiinaulouasd
Yopuiliieates 19y “This Traffic’ W30 “On My Way” 11dnnguaiugianansenin
Usunaunslddedanesulailuudazdanian (Socal Volume) wiatundiasisiusuia
5195UNU LAgvin1sneaetUssuliausenIneUsuinas1asiunAassa93an (Traffic
Volume) wazU3uaunislidedenueeulailuusasdianaivesauutie California Freeway
405 BsUsanaudeyaiiannundioadafunaziiauduiudidadu Inedinsdangusnsdiu
senineviunaasaslundastrniainasUsuanislddedenusoulatlundazdisian
Tuuragrraaan Tmet3enin Shift-Based Model ya111500532I0@N 1N25195 AR 1818
asuiiosas
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Tunriulssmedulndidednmsfaumsnenuwmnranvanedesm faemsiawn
uinsteyaseulatdrviuninegrssinsilidldnididnaieudeyaliasudiunou
msAurns FdumAtetihauenslidoyarinnointvdulaiide susnduagieumne
foanuanuinmes diuniesiiofiadeuagdumiiizandy Twitter APl MntuFsadneagy
Aefumsitm deyaagUanunsauiugsEansnmiunauas sy avsualunisiuteya
Aenfuaninnisases dslumAdednarmulgwiludulassadweminmes nindilid
Tnssadauarguuuuiiudda dliondensussanatoyaneufiunes lumauddagmmani
uéasulneldnsuszinaniwisssund FBmstienesinnuduiug uazammneieuiuuss
Tnssadavesd uazmsueniianesissleaielyiansoduunanmnisanasisvesusslen
Ipeghadivsedvisnn (Aziz et al., 2015)

Zhang et al. (2018) diauensldinsnaiseusideanlunisns19aeugUimn235195310
foyadodsnueeulat ldvinnsnsaasuidenininuinnii 1 fuafilussesiian 19
Tuiufideadies Uszneulusie nedlidenewnile uasliesn madendddyanuselen
Apriori Algorithm waziiing ML iemdneudely dsnsmaassaziuouiiiousening
75113 DBN, LMTS, SVMs uag sLDA Imamamﬁ‘wmaaaﬁ]zLLamﬂﬁLﬁu’jWﬂ'ﬁLﬁ@ﬂﬁ’]ﬁ'}ﬁ@ﬁﬁa@j
Tuninfiieadesivgtfvnimfiumsnisnsinduedtimeasasinsnadousidedin wuu DBN
wansaaTvasuningtinisalldgndesds 80 % wioumsssyiiuiiniafngtifinisalld

Neuhold et al. (2018) thuausmsifudoyauunisudmiumsuimsdanisamasiu
Juogifusumisnisiiaksgunsaingrataanimasnassnlusii uazszuuamsdeuanImaTas
ndeq Wiy augdfounauswumislunislidedsanseulavifuuvdsdoyaifiaia
lng ASFINAG H5URAYBUNITANUIANNNAIUYDIUTENADDANTY WAUITEUULAAITRYA
mnudadeynszegniailamnslulsdazdianavesiu mlrgiulasunsuteyatnas
anunisellaesinsaluguuunsned TneWawiliausasiusiumesuigmanisalain
wlednuag RSS (Really Simple Syndication: RSS) vesannilingoaan3suasy1intisdenumn
Adufidey Anunisnsestenuiieitesiiluuselovinazyszananaiifudoya
1595195 wazthauedududnualfwmaninasassonudiadouudunaduva i

Jin and Liu (2018) ¥iausnisiideyasndedsaussulaufiinisnanimionsany
gunsafluiogtuddauiiuindy v ldamisoaanuuunlduvesnisifngiivauas
wgnsaifisuuouuty 9 ldegemni lunuitedensifelfiiauednvuzvosom
sadenududeuresnislinannisvesnisvinvilestaya (Data Mining) WU Spatio-
Temporal TumsiwsgvimnisiingURmansemnnisalang 9 vuiesnuy
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éhaaﬁ’ammuuﬁmauuﬁﬁmﬁuﬂ"ﬂﬂ amavaﬁ’ammﬁLﬁwsﬁuiuLLﬁiavmmmiaﬁuﬁumﬂ
‘{j%w%aﬁmaaummmmwawﬂm iy Snwairvesanuandoulunaitu NOAnTNT3
T anmernie LLavﬂﬁmsmwnauau q filsiuvuey nadwsmsAngTRmgUUYiDUULY
idugunuudadu (Linear) frdusosiinsgideyannauduiusseninadeyanansdu
dethanldanaudssnininegtimauuriesauilusunan Tasnuitediiiauonisihdeya
nsudegUAmgiiiunn suszinanagimiaznsianuanylaglfiaiesdonisi
wilesdoya Wendeyaiaruisaviiuisamavesnsiingiamald nadnsainniside
wansliiiiuinisnsiviauoamsonnadeuuayiemanisaiveseiRnsaifituus iy
flaziAntuld Tnonstinsieidnuasuazauduiusvesdoya feuuiAnueanissey
wgnsaikunguausoulat Meiludumeunisnusmdeyafiisitestugtfmaiiuia
1ngldng sruviliaueiuliismeiuniodoya uanmaiianisussananadoyasuialg
fumnzaudmsunisdrsadeyag g Tneld Hadoop iedamsnanyatameuuiiesauy
uazasaaeuLnliifiaziingiAnisallusuian (Abdallaoui et al., 2018)

Chen et al. (2018) YLausnisnmanisaldrfyitisatesiunisasasandedsny
goulatl Sina Weibo Jaduunasvlesululasudervasusenaiu lngldmadia Bag of Word
Model Tunsmendrdny awnduthundisudunusinguieteudnlaseneyussamiiey
LaznAaean1slY CNN, LSTM uagidan1skansendna CNN wag LSTM lumsiseuidndnuue
Auagimnssl WeldlunsAumingnnsainiasas

Yamazaki (2019) Yauani1siasiznin1siingUaingaindeyaianeniasy (Open
Data) Ao Yeyaansisaurniaigiianunsamounsle vesdeadans (Nigata) Ussinadiiu
Fetoyaiiiuussloviludmszitdamnisiingtfinisaldnanannsaduundu doyanis
WensaleNA ToyaatfmnnisalvesgUiitvnssnine N mugivgunIviug (Vehicle to
Vehicle: V2V) wargURUATENINYAARNUEIUNIMUE (Human to Vehicle: H2V) uay
gtAmguuulifignsdismdudoyanmuuumlusivesduenliung MNNANITUATIZY
ﬁnﬂﬁuamammmmm'mwvLLamﬂm‘wmﬂmaLwﬂwlmmiﬂ/\hmﬁ]ia siingifnisal V2V winads
Awnaueniiliasos
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NSWAILIFULUUNISTAUTINLaETwUNaUAnTal
(Incident Detection and Classification Development)
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70.00 B e e )

N == UHANEA
60.00

50.00

40.00

30.00 N 4_._._./_.

20,00 —t—t——? —

10.00

0.00

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

AN 3.12 PIIUAAIRAENENSWENUTTANTANUNRTIAR
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A1519 3.4 NP UIIUIUATNLNARDNITHENUTLLNNVDITDAINL

$rusudit | uwdaieugndes | udufoufin | udadousioiun | aanugndas | mrwRawan
l¥ns29d0u (Yonay) (Yonw) (Fomr) (%) (%)
1 314 97 411 76.40 23.60
2 368 110 478 76.99 23.01
3 394 110 504 78.17 21.83
4 414 114 528 78.41 21.59
5 432 116 548 78.83 21.17
6 446 133 579 77.03 22.97
7 447 141 588 76.02 23.98
8 456 145 601 75.87 24.13
9 462 157 619 74.64 25.36
10 ae7 165 632 73.89 26.11
11 469 166 635 73.86 26.14
12 470 168 638 73.67 26.33
13 470 170 640 73.44 26.56
14 473 176 649 72.88 27.12
15 ara 189 663 71.49 28.51
16 480 191 671 71.54 28.46
17 480 191 671 71.54 28.46
18 483 215 698 69.20 30.80
19 489 297 786 62.21 37.79
20 490 297 787 62.26 37.74

3.2.6 N3TUIUMITATINGULUUNISISBUSLASEN (Deep Learning Model)

A5 UUITEUILLITUNLAUDLNYINUNITINBNITTILUNU SELANVDIVDAINUINNED
derneaulatninmes §131n91W33e619 9 Tulide1nseuIun1INIAIUMISEUTENN
° v 9 aa & @ ac a Y a = o )
111911n15UssNNaRaTaAuUsEnaulunie 35 MPL FILUUITNITLIYUILTIANAINTUNIT
Uszanatennuilleanndennuiuiuvfeyaneglusuivunsnszaewuuliilugdaduiadu
Fnsiwmunzanlunisiumaasulsyananalues19m azlunuideluaseiilauiienisnng
Uszulawals CNN Watdunisnaasunadnsnindueanduisnianududoutuunsn

Y} A ad o A aa & & ad ~ ° ) P
SEAU WardNISUILINAaaUAeds LSTM fududsnsiwmunsaudinsunisussaianadaniny

aMsAlasuaudenudusgraunluvuziiilenin LSTM WunsuseuianasAinistiiien

o a

AAianNauntAINIEiaIsanuIUsEaIanas I linsiiasan 1 dagduinanuwduen

N

U WU RINADINITNTIVAMUNNIEVDIAIN “YuU” AuIDe “Savunu” Alulaniain “ovu
WA2” LSTM 2£UANRauntn@mem1In “sa” d1fiasauIauyinbins1uaNununeuadnin “su”
Jufe “saru” FudumANEIRUIULNSINITITIATUULDY
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dosnnlunisussnananisFoudidedn dusidudestinisadieyalusunsuiieriinis
nageuliFenitluna nanfe lumasziuisuiaiioudladduivinaunuddadegniou
msfineiiinluuaglfuadnsoonunangaaviioaunisfieglulinnatuies fesazdenlu
msassuazveaeulunansfuunUssnvluuiagisnisdiseasden fil

3.2.6.1 MPL

MLP 1uisnsiivausesenuiannneswunseuiidulassadiilidudowiiosnnd
FuReadeuiionsufinmesusraranaiiniswmuniivuiniuvinliaruaiusalunis
Usznawaiiunndstusenndslafimsiauimeswdnseulifunnnit 1 u wiolunans 9
Fu (Multiple Layer) giilolranansauszananaldusiuddedu wazldvner MLP unldlunis
Uszinanatiiesuundseiamesdorunsyuiumsiisaselld

AsiIuANTImes esinauemveslseloafifesnisnageuiiniiuen 45
éﬁ’qﬂ?uﬁqﬁmumiﬁwwmﬁLmaii‘miﬁwfh%ayjaﬂu 45 waziiielllilunainnisadsaundniiu
musdunagliifinnisusvananaiianain (Overfit) Ssfoainflaiduguanduiuandni

v
% v v [

a13laignlden (Dropout) 1 0.2 WlUluwsastunastuaamenadndilu 2 Weoswinilunis
Fuundu 2 Ussin siuviadu 8 9u



model = tf.keras.Sequential([

tf.keras.layers.Dense(450,

input_shape=(45,),activation="'relu'),

tf.keras.layers.Dropout(0.2),
tf.keras.layers.Dense(250, activation='relu’,),
tf.keras.layers.Dropout(0.2),
tf.keras.layers.Dense(100, activation='relu',),

tf.keras. layers.Dropout(0.
tf.keras.layers.Dense(50,
tf.keras.layers.Dropout(@.
tf.keras. layers.Dense(20,
tf.keras.layers.Dropout(@.
tf.keras.layers.Dense(10,
tf.keras.layers.Dropout(0.

2),
activation='relu',),
-2
activation='relu',),
2),
activation='relu',),
y 2 B2

tf.keras.layers.Dense(5, activation='relu’',),
tf.keras. layers.Dropout(0.2),
tf.keras.layers.Dense(2, activation='softmax'),

1)

Model: "sequential"

Layer (type) Output Shape Param #
dense (Den:Z;___ K (None, 450)__ - 20700
dropout (Dropout) (None, 450) 0
dense 1 (Dense) (None, 250) 112750
dropout_1 (Dropout) (None, 250) 0
dense_2 (Dense) (None, 100) 25100
dropout_2 (Dropout) (None, 100) 0
dense_ 3 (Dense) (None, 50) 5050
dropout_3 (Dropout) (None, 50) 0
dense_4 (Dense) (None, 20) 1020
dropout_4 (Dropout) (None, 20) 0
dense_5 (Dense) (None, 10) 210
dropout_5 (Dropout) (None, 10) 0
dense_6 (Dense) (None, 5) 55
dropout_6 (Dropout) (None, 5) 0
dense_7 (Dense) (None, 2) 12

Trainable params: 164,897
Non-trainable params: 0

AN 3.13 MsRFULUUNMTSEUETaENLUY MLP
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3.2.6.2 CNN

CNN 1HugUuuuresitnislassineuszamiisnussianvilaifinnsesnuuunszuiuns
(Algorithms) ttelifanunsnsesiuyadaay i@ CNN sonuuuLileyiaufunsUseslana
sUnmslnguiia3audafonisutasand RGB eenuiduyadaiay 0-255 udIauhmadautn
Taiaa CNN WiaUseanana fadumin CNN saﬂ%’uﬂﬁﬂizmawagﬂmwﬁwaaé]’aLasuu,ﬁa
Tuiea CNN azanunsnsesiunmsyszananatemnuiiuasdudiasudduiunssuiuns
thedu Aensudastemnuliduyadiavdeasiidnuusadefuls MLP us CNN asfinsiiia
Fuvosneuligiunasyadadian

# Created Embedding (Input) Layer (max_words) --> Convolutional Layer
model.add (Embedding(vocab_size, embedding_dims, input_length=maxlen))
model.add(Dropout(0.2)) # masks various input values

# Create the convolutional layer

model.add(ConvlD(filters, kernel_size,padding='valid', activation='relu'|))
# Create the pooling layer

model.add(GlobalMaxPoolinglD())

# Create the fully connected layer

model.add(Dense(hidden_dims))

model.add(Dropout(0.2))

model.add (Activation('relu'))

# Create the output layer (num_classes)

model.add(Dense(2))

model.add(Activation('softmax'))

Model: "sequential_1"

Layer (type) Qutput Shape Param #
embedding_I-;E;;;;;;;;; (None, 45,72) 9306 -
dropout (Dropout) (None, 45, 2) [/

convld (ConvilD) (None, 41, 250) 2750
global_max_poolingld (Global (None, 250) 0

dense (Dense) (None, 150) 37650
dropout_1 (Dropout) (None, 150) (/]
activation (Activation) (None, 15@) 0

dense_1 (Dense) (None, 2) 302
activation_1 (Activation) (None, 2) 0

Total params: 50,008
Trainable params: 50,008
Non-trainable params: ©

A 3.14 MtaugULuUNMTSeUigaEnuUY CNN
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3.2.6.3 LSTM

LsTM 10uAsnnsiildsuanuflondmiunisussunanateniunienisussyana
awsssuviiesandunsliinedaignitmunseseninain RNN dsdianulaaiuluizes
nsUsznadeyafiuddiuiian (Time Series) nanafe LSTM azanunsaansidiikiusnli
Tuddutunountlfilueuanasdoadululumdlalduunds RNN

LSTM Idgnitamtusuussussansnmlviatu TasdideSends Bidirectional LSTM e
Bi-LSTM 2g@111503n911@1a1n Memory Cell ‘17;13@ Forward waz Backward ¢ Tunausfi LSTM
aga13nandldid Backward leg1aies uazd1miviuidedliinie B-LSTM 11
Uszsnanadonnuiioduundseinnvesgtinisailngluduusnidunsadsduissinana
aeilu ieldunadng lug Bi-LSTM Faaziimsfimesduansuruamndniionalsignldamudn
WPLannIsassandniiuanudusezlininnisuszananaianainveanisinsu d1msu
fuspunudufiagunisudsssimifielieanundusnougarie

model = tf.keras.Sequential([
tf.keras. layers.Embedding(vocab_size, embedding_dim),
tf.keras.layers.Bidirectional(tf.keras.layers.LSTM(
embedding_dim,dropout=0.2,
recurrent_dropout=0.2)),
tf.keras. layers.Dense(embedding_dim, input_shape=(2,),
activation='relu'),
tf.keras. layers.Dense(2, activation='softmax')
1)

model.compile(loss='categorical_crossentropy', optimizer='adam',
metrics=['accuracy'])

Model: "sequential_2"

Layer (type) Output Shape Param #
embedding_1 (Embedding) (None, None, 64) 297792
bidirectional_2 (Bidirection (None, 128) 66048
dense_4 (Dense) (None, 64) 8256
dense_5 (Dense) (None, 2) 130

Total params: 372,226
Trainable params: 372,226
Non-trainable params: @

A 3.15 M3 gULUUNSISEusIgaEALUY LSTM
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3.2.7 NSEUIUNEASIRERULAEIUNgURN1Sal (Incident Detection and Classification)

defuiiunsadilunanssuungtfinisaiiui Seviosdeanduluninideyaidy
gnszurunismsulasiyadoya (Dataset) MwIoulidadglumalaslumaazinnismsy
Favoatlaridu fit) wisfimeifwieluil

- x fetarnuiifesnmsinsy

-y AeMInaUYEIURAIN (Label)

- batch size fip Msfwesdmusryiunguteyaiililunismuuiazseu

~ epochs fedunuseuiildlunismsuluna

- validation data Aegndeyaiielilumaiinisusuguamseyateyaiiienisnsiaaey

AMBUVBINNTYINUNY

wazdlolumarhnismsusuasunudiuauseuiiserlinssuumssonnfonisiiluea
filsumaaeuivyadeya (Dataset) Mwdenilidmsunismaasudaduyndoyaiilsifertesiu
$1urn 1,010 Foarw Tneluinaiiamisnduunuszianvesglinisalldunfianieluina
BI-LSTM ansnsadnuunligneesit 957 demnamde 94.75 %

3.3 NFTUIUNTITNRIUN

TudIuveInT2UIUNTTAILINITT LN UsstnnaasgUinisallauieiaIesloni 9
dungaglunsimunliinandussuugiudoya Postgresql Fadulusunsudmiudnnis
gudayadmiunisiiudeyauardnyin Label deuihlldanuse uaziieninuagainlunisi
Label dlaimunszuudnnisdeya Django Framework Fuluszuudanisgiudeyaiiam

| & o A o a ¢ @ w Ay v 4 o ¢
aguuNuUFIUNIY1 Python Tnedayaniiundmsizniuiludeyailaandedeauesulal
NINMDINL AP ieNTIWaUARlANsaSenTayaluudnluilflaLazlaueuaToile
AnFUdnN1TarUTzuIaNanN1¥15330YR (NLP) 19191UUun191 Python Aa PyThaiNLP
A A o o A o | A o«

wazinasllananlunsimuInislusunsuaIwl Python vitaueguulATedile Anaconda
Jupytor laeiilausi3 (Library) wagad1msunisiaiunnuniediunsiseuiidadn laden
laus13 Keras Mivieueguuunaniesy Tensorflow wagldnuilaidunuainlaussing q
vuknannesy Sckit learn TunisaiuarmAIn1sUszutanalunisadlad1anssn
Tngsuazduaumayszuuilnsolull

3.3.1 Twitter API

a ca a Yo o Y o v = % a A A a [ .

MinmesinmsiUalidnimuannsadifisdeyanmsninldainiasasdenisendy Twitter
APl #slaidafedradunismsuazslalrdnimuildaunnnuat 2006 lnsnosdu (version)
wsnidalgdsnune Twitter APl vi Tud 2012 waglud 2020 ninwmoslalada Twitter API
nestuagnfe Twitter APl v2 Balunesdutiagiu dwsunestutegiuiinsiiunuandd
Mg 9 Waitedanisnisindeetdnimun Tnedinsuvadu 3 seusdl
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® sziuNIRIgIU (Standard) dususzauinasgruduseauusngaaglidniimun

Wl AP Iwmungd@nsunisisuaunisiaunusenaulumensalfineng 39
WgdmIUNSISEUIYSedaeu

FEAUNUITENIIVING (Academic Research) dU3UTEAUNUITENIGIVINNG
tiniduannsald Twitter APl e andladenuniounaununidomed
asrsauzuaglusuianaziinisdadendnifefiduuimislunmsateassdnio
Ufuuseszuunng 9 uayldaisuniesfloniomuuzinieliiiodenis
AdunulusEAunuITenIinns

seiugIna Business) thiannifndsaisassdgsnauy Twitter AP lafinnsiia

Wusiinsnnsgsiauazdeyagnandnanludeya APl 1

ludruvomiisiudniaun (Developer portal) #n15UsuusegUuuulniiiiondu
iwseslleliiniauiaiusnasialasinig (Project) wazansunsaifsdmatuayuldandiu
N153An15U8NN19 JULUUYBINITITENTaYAIN Twitter APl @1115av1lAlaenIsI2Y

Teautdunve Project Nignasnstiunielu Portal Ysenauluse

'
a6 A

APl Key A Adiilon1saugsbidndameunanduiiasialilu Portal

API Key Secret fie AGLNBUIUBNITARNIULALNITOYIANITIN DB UNGLATUN
a513l3lu Portal

Access Token fAia Intautiionansdalgydvouinvoswaunamdunadielily
Portal waztglunisidntalyiviawmesla

v A ¥

Access Token Secret A SHARUVDIMALLNDLAANIDIUUTVDNHINVDILDUNA AT UN

>

as9lilu Portal wazdaglunsidntelgdninmes

Bearer Token AalntAUNT I8 1AL UNALATUAIUITONSIVADUAIVDSDULNDNNT
as1deuanseulasnnaluseau OAUth2.0

Sefiunsifieadu Key d o gadesndrazldfuteyanismeunduinain AP Tag
fnwausERuInIsI (Standard) azanunsaiFendeniwls 300 adste 15 wift dends
waUnainduiiaiisliuazannsniendonanuvdald 500,000 alwiaidiou Tnsdoyadildan
APl agiiguuunidiu JSON Fsteyaiildumsznoulufiedures Object fignussqdeyanisnin
vosfldaudithandluemide f created at vanefls Jufl Weu U vasderuiignwin id

g aloAresdaninuil full_text vianedis domnuvianunfignnin entities. hashtags

BT UIALNNUBIIAT user.screen_name el TaUnyTTlwadnInd
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dmiunissendeyaainninmesonludfla ldlusunsuniw Python dmsunisiaun
Tngliinenlausi3 Tweepy tesrueamazaantunmsiaulasiidddunisiendoya
310 Twitter APl Aaflafidu “tweepy.Cursor()” waginisdanisifwmesidesnisie
“api.user_timeline” nefaszinniifesnisteyannuiamesdmivnuideadsifons
Timeline va3gfldudounds dosnAon1sfitaes “screen name” munofsdogeuildes
Yoy tweet mode mnedssuuuulunsdondoyalidariiu “extended” Aonisanl
Sundeyauniavan uazanunsasasiuiudenuiidesnisFonluudazsoudonisien
Handu “item()”

_json={
‘created_at': 'Wed Mar @3 14: 27: @06 +0000 2021°',
'id': 1367119345948614658,
‘id_str': '1367119345948614658',
"full_text': '21.26u. n.awmsld s mnmmu*—e]‘iﬁnﬁ]{ vinupgminTsaweuns  toudnasd #51897u35135 #50fa #FMIL',
'truncated': False,
'display_text_range': [
a,
106
1,
‘entities': {
'hashtags': [
{

'text': 'sqweuasies’,

1,

}r

‘user': {
'screen_name': 'fm9ltrafficpro’,
'location': '",

‘description': 'a&naqfiingdnairasuazalnulasais\naan. 91 L5714 le 1644 TnaWdviaUszina aapn 24 dalas’,

N 3.16 T1wazBeataa JSON fldan Twitter API

screen_name = jsl@@radio
1434142955095445520
None
= auduiiannisininis W\snusiv_mﬂuiwmmznm\qunﬂ"\aLﬁmlm uIALiy 2 Au

https://t.co/D32h2RNnuf #3S100 https://t.co/nmXt1Rwlv9
Jun = 2021-09-04 20:15:00

AN 3.17 HadnSN15ISENYayARIN Twitter APl Tweepy

messages = "‘auduiloimssmnia isousmathudusmeaaasulndufivve ady 2 o
textCut = word_tokenize(messages,engine="'newmm')
print(textCut)

1 | Tal 1 1 1 1 1 I o 1 1 1 1=
[ o', 01 W, Csoussyn , Tu o,

LI 1 1 1 1 I= 1 1 ] o 1
-, = 1 )4 ’ WAy -

I' I2I,

AN 3.18 NARNEN1TARAY PyThaiNLP
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3.3.2 Token

Feldtennuanninmesudadsliaunsaideyauldlfidesandenusinaiy
Ustloanwilnessiuiielfannsathimiigosnisunimseildsndudouvsslonsanun
Huelaglwneuilaus3idulowmuyesa (Open Source) dwiutelvanunsaimuiszuy
sina 9 nenlameutiu pythainlp Wusnlausivesnwlweuiinmulnsaulnedulauss
ffiaruaiunsalunisuuiusyloanisiesnundudindiefulausis NLTK (Natural
Language Toolkit: NLTK) #aus pythainlp Sulduwendiiiduniwilnedsuenaindae
mMwlveuds pythainlp §aliAnuanunsadu 9 Snu nsnsafidzna MTlesesiaves
fmaliensel nsisearmulng dmsueniaseilddneriteitunisdamuntielunisuts
UsylempontudiAeilandu “word tokenize(stringengine)” waziinis1fmesfe string
wefstenuiifen1sfnd way engine munets 3814 umsRa Inefinadns il

3.3.3 Python

mwitelUsunsudmdunudsednenim Python wnduntwmdnlunisiauwn Fudu
mmﬁlé’%’ummﬁamﬁuaeﬁwﬁﬂiumiﬁmmL?imﬁ"umﬁLﬂﬁﬂzﬁ%agaﬂu’aﬁaﬁlamw‘ﬂﬁ
ansavihaulaegrsazmnuasiulomumesyaunsaldaulaegdasy dwmsunsiusunsy
AW Python tlemsvhausumsiinsizsideyalafinsimuiuuunaniess Anaconda
ﬁm%aﬁaﬁm%’umsﬂ'wmmué’mmﬁmmzﬁ%a;ﬂammna waznidludufie Jupyter
Notebook duduedesiiendnlumsimunnuiseil Inedeives Jupyter Notebook fefinis
Aamalausnanig q fignduulindenlidnezilu Numpy, Pandas, Keras, Tensorflow,
Scikit-lern, Matplotlib wag Seaborn %aﬂula‘uiﬁwé’ﬂﬁiﬁi’ﬂumu‘imiwﬁ%%a uazdenon
Usgn13984 Jupyter Notebook Aamsvhsudisimsutssamadusunsueenidudau Tngaxil
M3wUansyhaueenani iesuudazdiuaglifinansenuivaiudy q uwdfulsvie
Waﬁﬁuﬁgﬂﬁsﬂmﬂ%ﬂm%dmmmL‘%ﬂﬂﬁi’fmdaulﬁ

3.3.4 Neuron Network Tools
A A A o Y] = Y oa e v o A A aad P
Lﬁi@\‘]llEJVIU’]SJWI“(TLU?]’WWGLJUWﬂ’ﬁLi&IUiL?Nﬁﬂl@u%@ﬂmi@ﬂm@%m“ﬁ@ﬁ’l Keras #atUu

(2

a v oA

WnIesilaNaguulisulsa Tensorflow 8nl Yafve Keras Avaursaldanulaazain
d' I d' o Y v ) a gj a v % Yo a o [y
Weowandu APl Avilvidniaunfasslusunsuuas Import laus sdunldanulaiud dmsu
awv & M v o 'z Y =~ v ' ~ fu A
NuITeaTallad e landuved Keras unldauiiinas1sluna tnawnazlunaasdnandun
wansnatuly dmsuluma MLP agiiflendundrdyie “Dense()” daduilsidulunisasraa
LWBSLATINITINLADT ADNAGNSNHBDINTT LLALYDSTUUAIDDNUN TIUTIANUNTALANNIN YU NTU
M3PIUANKANS LA Ineillaseasiaflendu fail “Dense(250, activation="elu')” Lagd1miunIs
a519luwna CNN agfidandulunisas1alunaaosfandy Ao “ConviD)” hae
“GlobalMaxPooling1D()” @wsuluna Bi-LSTM agla#lendu “Bidirectional(LSTM()”
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N32UIUNITNAEDU (Testing Process)

4.1 dUNRFIU
mvageulsEansnmueIn1snsvaeugUansaldnluiindnailinnayadeyamsy
Huiieusesudlaeluwaiiadduinusznoulufe 3 luaafe luinaienisutngudomi
gUAnsaiuastommsznduiusinly lumaifiowdsnguussinvvesguAnmeal uazluaaiilo
wsnguszfuamusuusvasgiRnmnl Ineluaafignasidusiulilddeyayadeilunsmsy
Frfudlosiaanufnnaneidliliandayadmiumveaeugaifiordu lsasvhnmeaouyn
foyatseifunusmanmsinadludedsaussuladvinmges (Twitter) Ingazfoninirtoyad
lé’sjwu%umaum%awﬁ’aaﬂa (Data Preparation) §aUszneuludenisuisselenseniud (Word
tokenization) n15n583A17 lai @ en1580n (Data filten) n151UA suAduiaay (Text to
sequences) kagiAnAueUsEloaliwingu (Padding Sequences) ué’qmﬂﬁfuﬁﬁagaﬁlﬁmu
nszuuMInTdeududuindenuninaidugiinsalaswielineu lnenadnsawsals
wad 2 UsstanAetemmuildsumstuduindumg msalgtinsalatuasdomnuiilums
Ussmduiusiiluvdelifudennugiinisel snduazsiidemiuussamgtinisalidng
nsgnuMInTaseUUTzavesgtRmsaimsdnngulssinnese Rnsaidsdliu 6 Ussiom lng
fyudunsludnuazioturedusuuuudermminAsududduinay euwsuavlddisa
withgnszuaunsiiiensnunadnsnisaraaey TneslsUuuunmsnenuiosazaugniesos
Formmuitdandul uarluwnsdentufensindeyaifisatuiidinssuiunaunguamusuuss
Fafifu 3 Uszam Wleudssunmlsidisaasdng nszuaunsilessnunadnsnisnsivaey Tnodl
sluuumssBnudosazaLgniasesdoruiidangulsiuiioatu fuandunm 4.1

IANFNARFULT

o

¢

ARNS

HANTTAILUA

ATRdUgUANIal

&

ahs &
E.I'IJﬂﬂ"ITEI.I

ayun

s

(]

innguiszamuns
guAn13al

JanuatAnIsalneaNUNI525195

AW 4.1 TURBUMINTNAFDUATUUTINKG 3 TUNDU
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4.2 NMIINATBUYDYA

421 nszurumsiusIuswdoya

fumpumsdamieuteyalasdinmsidornuanndedsemesulaivinmesidnmeny
Foyaierivanmasasiduvdnlasusznoulude @jsiooradio Fudutnininmesvesiil
PNgIINIINMITBNUMsEeIngdesldianfiududusesnmsnenu i ndeday
ooulmiuailifRnnunit 3 Sl ddldou eTafic 1197 Hulyvinmesfiegnelinismua
99099 sfUN5152957135 (Un. 02) Fadumirenuessivnsilsuaugiamunin 2 nily
Uy Bl @fm9ttrafficpro Wudnninwmesvemulsnuswnisfe anndingivinddun
193 @, FM91 egmelinsguavesnasisiadieans diinaussaumisRdsuougRnony
i 2 Eruddldon Iednsideyadus il 5 nuaius 2564 Se3ufl 23 funeu 2564 3
Sufinluguuuulnddeya Excel niouvisdnihmnangvowusasdomudmihiinsumavans
U553191A15¢ UE AIUANLALA 15937195 (CCB a1mnsedfs) $1uau 2 Ay Faduyaainsidl
Uszaunsaluazimnuidenngluns Aansesuasiinszideya Msinnsasasuazineuns
Toyaanasdueted

4.22 nszUIUMIUUNYadayaltEusILATIAtaU

yndaya (Dataset) mﬂsmmmmﬂaamaaulaummmaﬂmmmssumamauamamm
1A 3,400 Tonu L.Lawmmumiamﬂamma‘ummmmﬂm JuguRnisainfeunyuen
UszlanmsifngtAnisaluarszymrmsuusaduiiGouies dedoyadmiunsmaulunauas
mnaeulnaailuvany q nuidelatiniuieyssendumesmmlnsasdodimauusniuagg
Faruszinsyateyadmiumawmsunazyadeyadmiunsvaaeuddinsiidiunisudsdoya
sondu 70 % mawamamuhmmumﬁmsu Wag 30 % vasteyadmiummedey Toluson
ﬁuawa:uammumimauuuavummvwamaaﬂl:dusuammﬂwmauwuﬁmlml,mac—mumi
wniRnsaluagludernunmsudseiinsalazuieenduiennuussnvmsingUinisaluay
HudonnussyATNTULE AR 4.1 1N 4.2

$M1319 4.1 %@%amﬁﬂ’]i%@ﬁ@Uﬂ’ﬁ@i'ﬂﬁ]ﬂ@U

. Y danudmiunsiteud YBANNEMSUNTVAGFDU
o veRe U dadau (%) MU dadau (%)
HannaUszrdunusinaly 1,183 70 507 30
2 JannumMsudsuAn1Tal 1,197 70 503 30
21 | msiaguuuugiamsal
-lianunsoseyldl 29 240 12 2.40
- MSTIUTUENTNATIAS 272 22.75 117 22.75
-gURWR SLde/50%U 778 64.97 333 64.97
- NeRUR 3 0.23 1 0.23




47

o Y dannudmiunsieu YBANNEMSUNTVNFDU
o veye U dadu (%) U dadau (%)
- Unouu Youauw/neas 99 8.25 a2 8.25
Buq 17 140 7 140
22 | MITBUANLTULSS
- lannsaszyla 414 34.56 177 34.56
- laifimansznu 8 0.64 3 0.64
- fluansenuidnios 734 61.29 314 61.29
_Unfagesasnas a2 351 18 3.51
1200
1000
800
600
400 07 | 513

200 lﬁ
2912 31 2 177 83 4218
0 —— 1.1 ﬁl — — -
. ) )
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8 &8 o SRS AR
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r{\n} < r\\'@ o QD‘\"
W P
m ferrudwivnisdeni g feanudviunaveaoy
I I ¥ U wa L4
AN 4.2 ﬂ'ﬁLLU\‘Iﬂa‘llsqWUE];JuaLLﬁ%ﬂqiﬂqﬁgﬂqﬁl@]']‘UQQ@qU@ N3t
'l‘ — N
—- e
twitter L“ ﬂ

Type Incident

NAFBUNIITZUAATULIY

AN 4.3 TURBUNMSNISNAFBULBTUUTINKG 3 TUNDU
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4.3 ?U%UUua$%UWﬂuﬂqTﬂﬂﬁaU

TumsvnaeuuazUssdiunaasimualiiiddusulumediiunis S 3 dureu Useney
U SunsunemaseulumadmsumssuunUssanestenu shmtiilunsmageuen
gnfemedumalumsiuunyssinmvestiornuiilfinandedsnuseulatiminmes elraunsn
wenlfidudormuszaduiusiluvdedutemnug iinisal duneunismeaeulunaiiio
TuunlszavveuingUinisal smthiduuntssemtemiinutunsunsuendennaiialy
wardornugUinmsalinudlaeazyhnsmegeunusssamluwaieueneandu 6 Ussamly
ATTIREY wardunaun s ILuNATINTULTEs TRNSal vt SuunAuTuLIITe
guAnsainndemnuiiiulisanouniwisasdlunauidngnimaaeugaineiieszymiu
suusslaefianusunss 4 seivdeyliifiomisinaiiesyymiugunsesterugiinisl
Aawandlunn 4.3

431 tuseummaseUTMuNUsIATTesdaaa

Tupsusuunussanvestionu Buanihdeyaildannsnuraderurninpedin
riunsruaunsAng 4 delvindemdunisiawisudoyaneunmeaeulneduiiunistuneu
Usznaulufe nsuendn nsnsesditlsifianuesn nsidsudidusaauuudiy wagms
Fumuerdomy nniudaiignssuiummeseuluduseuiasiiiunsindeanuiingoy
dmfumsvaaeuitiglumaduuntsznvdaduliaausn TnefingUszasdlunssuundennu
serinsermnssndiudynluvdaidudornunsudegiinisal duandunm aa

432 YursumsvadaUTMUNYsAMYasgTRmanl

ﬁm%’uﬁu’umaumsmaam'ﬁﬁwLLuﬂUssmmmqﬁammhwfhLﬁumiL“fJué’wﬁuﬁaaqﬁﬂmﬂ
msduunUsziandenin Tasdomnuitanmeaeuiduderuglinisalilariiunisuen
Ussvdonnusnnnsudstemudminfiuda feu Seimsdawdeudeyanounimaaoy
Tnenmsiiuddudsfierudsluddunaiesuundssangtinisl lutumeudaesiiums
NAFUANNYNABIYBINITUENUSTIANUBe URNSA tnedl Tnguszadlunisasumnauvas
JernugUinsallianunsavenyssunnvesnsiiagUinsallalaeUssnvuesgUfnisalvangy
Foyafiumaaouiuldiutunsunssuunyaainsflidessaduiieutes Tnedvidu 6
Usmnvdseninsahideruumeaeulaviui dauandunin 4.5

In [10]: currect = accuracy_score(y_true, y_pred, normalize=False)
persen = accuracy_score(y_true, y_pred)*100
print('4uudaarnunaaay ', count_test,' damanu')
print('wassulagndaas ', currect,' ¥sminn’')
print('vassulagndnvinuaz %.2f' %persen)

Iuudaaunagay 1010 9aanu
nasaulagndas 957 daminu
nasavlagndavsasar 94.75

NN 4.4 JURDUMTVAFBUNTIMUNUSEAVTBAIN
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4.3.3UABUNM IVIAFBUNTTEYAIUTUL TS
TudunauUNITNAADULSZANENINYDINITTLUANUTULSITNTEUIUNSABLIB LATA1Y

9 9

MNImees Fuduiefunszuiumsdeuniiflisiiendennuussiangtinisaivindy
wldlunsmeaeuiFunszuiunsiagirdennuiiiiunisuenuseiamaiianduiiunig
drunIoudoya (Preprocess) udrisindanufiiuiunounisudeyaundigluna
denaaauaugniestadlung dwiuiupeuiiiunmeaeulnaifiossyainuguunss
Fsilegns 4 Usziam

In [19]: df_selectrd_test

Out[19]:

tweet detail

0 #na347 2npanjaninBgee N1595193ADAD Ua... 1.1

1 10:30 #a1iGiwe #ouusaganien anuendzles.. 3.1

2 10:35 #mifne #nepnszeausIvEaIums 9n lasad... 3.1

3 sofialuges quuin 101 winwnAsfieendun.. 12

4 a.mmpideady duusmdr s Tuntia 2. 5.4
498 14.264. 0.871AW17 2187 3jarmin uBNaIansa... 1.2
499 14,55u. wiundnii ugwid Il o.mwiau (UNUA... 33
500 gaud I de Ifidune 1458 u. oumlasias.. 5.4
501 15.30u. yaiisaan | a.Aalwgny amillve.. 3.1
502 "sanTamaTIUAYN" uisdsadung... 15.40 u... 3.1

503 rows x 2 columns

In [26]: persen = (scorex10@)/len(result_test)
print('dauludamriunasay ', len(result_test),' 4sm2u')
print('vwesaulagndas ',score,’ 4amA27u’')
print(‘'vasauldgnaneinsas %.2f' %persen)

o 1 L
UINTAAANAEEY 503 YaAdw
nasaulagnane 392 4aAlw
nasavulagnanssanas 77.93

N 4.5 TuppUNSNAFUMITHUNUsTnVIveRQURANTal
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4.4 nsussliudszansnn

441 nsiangudayanageu

ielimsmaaeuiianuwiudwazindetio mavaassaginsulsteyasonidu 2 @
dwfuiileaiadudoyadmiuious 70 % uazdoyadmiunaasu 30 % (70/30) Fadu
Snsdufiomngauiesn vnidernudmiueudinntusuuisesagrhoul At ey
(90/10) ustagnliveyanaaeutieaiiuluauliamnsoigaunaliegtuudn lumanduiumnas
YoyadmiunsiBeusidu (60/40) axviliuvusiasianuusiudrsaaduiu §33ule
WS HUWEUAMIIUENINNSUU U BN SIS U UALVIFR ULARERTIAIWS1 4.2

tweet severity

0 #1a347 2120NiIMNIBLEHET NIFITIITARBIAT UA... 0
1 10:30 #a1ifive #Fauwiganiwn Mnuensyles... 2
2 10:35 #g1iGve #NIEnsEAUTINAIU 310 Todas... 2
3 sofialuzas gzu9n 101 minunazRazniu n.. 0
4 . aeadisendy tausnid o Tun e 2 1. 3
498 14.264. 0.a1AW912 27187 Hani uanaIans... 0
499 1455u.u1uniﬂﬁuﬂuﬂ!!ﬂAnW%muﬁynuﬁﬂ". 2
500 gaud ! idee ldidung 14.58 u. oumlsuas... 0
501 15.30u. q@disnda | o.dadwany sjanilum... 2
502 "soinsalaadeuiy” wundsaduna.. 15.40 u... 3

503 rows x 2 columns

In [16]: currect = accuracy_score(y_true, y_pred, normalize=False)
persen = accuracy_score(y_true, y_pred)*100
print('{uludaaramasay ', len(labelTest),' damanu')
print('wadaulagndas ', currect,' daman')

print('naasylagnaassnsas %.2f' %persen)

X = by
UUTAANNNAFIY 503 UpAa1u
nadaulagnday 442 damaw
nagaulagnaaeianas 87.87

N 4.6 TURDUMINARBUNTTFUANNTULTY lunsnaaeukasdufingg

AN519 4.2 WUTHUMIBUANULL UEEI DI NNSHU ST B AR N9

dndu WUUT 1 | wuudl 2 | wuufi 3 | wuufi 4 | wuudi 5 | wuudi 6
anMstommiseus 50 60 70 80 90 95
RIEMNNAEDU 50 40 30 20 10 5
ANLLIUEN (%) 81.00 81.34 81.87 80.30 83.93 85.71
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s steyaseniiugng 90:10 wag 95:5 Tanuusiudgausbifimnuuidefio
deswndermmumaaeuiivesiulualiianunsadusunuvesdomuiimunald vinnsvnaeu
semslusnTuAT Python Feansnsaldaulaus Keras fimsliusnisetuu Tensorflow
Tnedinsruiunisianualensisonldflsundmsuiaazluana 1wy lunanie3s LSTM 9
Bonldeuiletus Bidirectional() wdads wisifiwes LsTM T luilsiudieSonldany

4.42 mMMadauUsEansnmA8381s K-Fold

yEanmsuusansiiveding q vedunaiielnioudmiunsGoudifieaiislineg
JuflFeusosuda ilelinsdoufansmidoyaiiinianssaesanGeuidulinssuiumsie
mautangudoyasendundueen (k-Fold) warthngudoyades SunasuiuluumviediFonis
“msnpasuiuulyd (Cross Validation)” ilevnAnadsvesszavsnmusduinadisinunseus
Tnglumsvnaestilduingudoyasenidu 10 ndunie k=10 lnslunsutsngudoyaasiimsdy
AluusianguiiolllifiAnfidfusagimmaaoulsavs amuesniaGeusvedunadiuau
10 50 TneusiazseuiinsaduduasliiimmdungunSeuiuasnaaouliingudmsunis
Feu3 70 % wavlayadmsunsvegeu 30 %

443 nsIANULiLeIvesITNs
MIIAANNWINEINITNTINTUMT e MUNgURNITAl Azaninsaiansanlaan 2 wisawes
Usznauludae DR (Detection Rate: DR) iunmsiafianugndesweinisasiadugifinisel 4
| & s 2 & ° Yo - D 2.2 I wa ¢l
mheuesidud annsadnlacaunsn (1) g Py feduusiwesgifinisalinsiany
Ineisnsninaaeu wae D fednuiuaswesufinisalvmueniilunmesaey
D?i

DR = — x 100
3 (1

TuraziRennunsinaNukluglud na nwaEABNSUSLEIUTATINTHI AR DUNRANAIA AD
FAR (False Alarm Rate) Suingnisiaduadesifusd ansnsariunldasannisn @) ne Nr

Ao amamuduouRana1n wax Ne fednnuglfinisalnmueandlunsvesaey

Nr
FAR = + x 100 )

Ny
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NaN15gmasNaIULl (Results)

5.1 N1SNAFBUNISATIAIUNISIANGURNITA]

511 MPL

lun1snaaeunsTuNNIsfingUANIT0iIsn1s MPL Mvualiisnisisvasidenlunis
nagoufiiiusAvEnmilvanzaudensuidamniign fall Suutulssinananigluinty 5
Hu ardnludiduiu ¢ duusniisiuu 450 Tuasod ity suuuuilsiduBadusarlubuil 5 39
Huduaeinedsnau 2 lundieliaenndesivinundudoyaiisosnisus fyduuuiteidudy
aNALUNG (Softmax) l¥Ueyalunismagey 1,010 Teya lnelinan1siiauiwasusuuss
Uszavdamasuandlunin 5.1 unadwsainauilanain (Loss) waznn 5.2 iunadwinig
ATMILILE (Accuracy) Hadluntsnaaeufudeyasss 35013 MPL Tnefianuudugilunis
M3393 UM AR URNITlvINY 59.41 % wazilnadnslunsnsindunisiingiAnisaliianain
Wiy 40.59 %

51.2 CNN

TunsvegeunIsTUNNITANgUANISAIITNS CNN Avualiisnisiineasidenlunis
yadeuTiivszAvs amilunzausomsuddamiian fall Suaudulsziananisluwiiiu 5
Hu ardrluwiazdduiudsnau 65 Tusluhduiuun svuiiaoadutures aouligiuawes
fi5wlun 250 Tun sULUUiTuBadu s uauButuremadawesidualun 250 Tun
waztuiiduassindsiuaulun 150 Tuauay 2 Tuanwddy Tasdinanisdouduasusulss
UsravSamdsuandlunm 53 JunadnsapuRananauaznm 5.4 Wunadnsvnaauwiug
fatllumsageututeyasss 38ms NN Tnefianuusiugilunsmsadunafiagtimeniviniy
92.57 % wawdlkaanslunInTadun1siingURnsalianaawiniy 7.43 %

513 LSTM

TunsnageuNITuNUsennueUan1salisnis LSTM mvualvisnsiliseasidunlu
mMavegeunilUsEdvsamimanzausensundaymiga fail Suutudssinananigluwiniy
4 gy au@ntuudazardutulutuusndduou 45 lweddudunaos@adutures BHLSTM &
Funuluandu 90 Tua wasiinilenduduandnuiuaundniionalaignlday 20 % luudasdu lu
o v & A a o o sy A 2/ a & ] P 1) v 6
arutunawddnnulundiua 50 lup suwuuilnduaduuasdidutuiesinAndunadng
way 2 luamuaau tnefinanisiseuiiasUsulissavsnmasandlunin 5.5 Wunadndan
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AYIRANAIALAZAN 5.6 Wunadnsnsanuwiug iallunsmeaeuiudeyassa 35015 LSTM
Inefnnuwiudlun1snTadunsiing UAMIalmaiy 94.75 % waziinaanslun1snsiaduns
\AngURMsalHanaIamiiy 5.25 %

5.1.4 LSTM+CNN

TunsnaauMsTUUNUTENYeIR URN15aIIaN1S LSTMHCNN fwineliisnisinisyineu
oy Tngmssumnsidimesain ONN Alfaneeulgduaesuaziiuing LSTM ialsesuas
dnAladenuadndmavinueietusendiuand dmsunsdmnniimesidingluea Tneisnsd
thiauetiazdamuuansnenn3sns ONN uay LSTM eunthil luduusnfetussanananislu
i 32 &ty (Dimension) TudruvesreulgFuiawesasd 250 Tun uasthuadwsaadng LSTM
e Tnsszywmiwosiduu 32 ddutu wioutmuaduansuauaundniteralignldan
7l 20 % lwawwefanieazuradnsoonliudmeulnedunadng lnsasimunnadnsiiu 2
dnfudenun1snsiadugdiinisal lnelinansSeusiaruSuueussdnsnmaanandunin
5.6 \Junadnsniaauiug ﬁaﬁiumimaauﬁ’u%’a%aﬁﬂ 15113 LSTM+CNN Taeiiadny
L uglun1InsITuNIsing URNITalmAAY 94.06 % wazlnadnslun1snsiadunisiie
guinsaiiemaIawiiY 5.94 %

100, loss
val_loss

80
60
40

A

0

o 50 100 150 200

epochs

A 5.1 MIURANaIAMSSEUMITUUNNEAR UANTaITSNNT MPL
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— acc
val_acc

epochs

AN 5.2 ensusiugrean1siieusnsikunmsiing URnsalisnis MPL

0.7
—— loss

— val_loss
0.6

0.5]
0.4

0.3

0.2

0 20 40 60 80 100 120 140 160 180

epochs

AW 5.3 MARANAIANISITEUINNIIILUNNTAAR URNMIAlIENS CNN

acc

val_acc
0.95

0.9

0.85

0.8

0.75

0.7

0.65

0.6l

0 20 40 60 80 100 120 140 160 180
epochs

AW 5.4 anuusiugiveinsiieuimsiuunmsing UAnsalisns CNN
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— loss
0.6 —— val_loss

0.5
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0.2
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epochs

AW 5.5 MIuRANaIANsSEuNMIIUNNEAng TRl LSTM

acc
val_acc
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epochs

AW 5.6 AuiudveIMTseuinITuunNEAng UAN5038mMs LSTM

—acc
0.9 —val_acc

0.8
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0.5
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epochs

AW 5.7 Anuusiudveinsieunsiuunnsiing UAn15eii5ms LSTM+CNN
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o wa 4 . ofo .

5.2 mMagaunsunlssianvaguanisal (Incident Classification)

521 MPL

Tunmsmeaasumsuunysannvegliinisalisns MPL muusliisnsiseasiBenltuns
nageuNilUsEAvE A MAMIzaudonsuAUayvniign Aell Sudududssuiananigluwindu 5
Fu gunFnludiutu 4 Funsnildnuiu 450 Tuadedauty sukuuilsidudadunaglutun 5
Fudutugavinelidunu 4 luadielaenndesivdnnungudeyafidensuuasznm wasiiy
Handuguaniruruaudniienaldgnldau 20 % luwdastuioantamnisasisaungniiu
AnuIndunazliifianisussuianaiianatn wazllovinnmansuluealafinisiaieidu

= % A a L o o w a o oS A
ngANITL8U3 (Early Stop) WIBAIAIUNANAINEITY F1TUVIYANUINMAFDUUN Y 503
Tayadaludeyaindudomnugfinisalvinuu lnefinan1sssuduazusuuyssz@nsam
Aauandlunn 5.8 WunadnsAnnuiananuaznm 5.9 Wunadnsnieanuuiug Naillu
U ¥ a aa a ! o o a va 4 1 U

nsveEeUiutayaTse 18ms MPL lngdlanuuwudilummsindumaing Uansalvinnu 67.20 %
wardlkadnslunsngadun1singURnsaliananaminfiy 32.80 %

522 CNN

TunsnasuMsTuUNUsEanYea Uin1salians CNN fmualiisnsiseasdunlunis
nedeUNIUsEAVEMvngausian skt Aell uutulssinananigluwingu 5 du
au@nluusazanutu Tamau 45 lua ludwiutuusn dviungeadutuvesreulintuawes
fis1ulue 250 Tua sUkuuilidudadulutunamduturemadawesisnanlug 250 lu

g A ¥ oo o w A o = v N
wartunauazvnddwaulun 150 luaway 4 Tuanud1au wasilovinisiseuslumalaiinsiiiy
Handuievganisisews e rnuranaingy tnedlnansseuiiasuiulsasedvsnmes

[ s 5/ 1 a < v 1 o & X
wanslunn 5.10 WunaansAmNuRanaIkazn1n 5.11 luradnsvnemnuulug Neilluns
U ¥ a aa = 1 o U a va L4 1 L%

nagouUiutayadte 35Ms CNN TaetlanusiudlumnsiadumsiingUansalviniu 85.88 %
wariinaanslunsnsndumsineUansalianaiawinnu 14.12 %

523 LSTM

Tunsnaaaun1sIwunUszinneeiAnisalisnig LSTM Muualiismsisvasiden
Tummeaeuiisiuszans mndimnzassensudtdymige Fail Suduuszanananiely
Tudunsniidwnu a5 Tundrdudufiassdaduduves BLSTM Sdwouluavisdu 90 Tun wasdiy
lsrduguandiuauaninitenalaignldou 20 % luusastu ludduduiauiduouluss oy
50 Tun sUkUUilsiFudaduseriidutuiionuaduadwiuas 2 Tuanuidy uandloviims
Fousluaaldimafuiliduionganiafeud deraufiowaingity TasfiansFouiuay
USulgsusgdvsnmauandunn 5.12 Wunadwseruianainuasnin 5.13 unadnsms
Arsingn sstllumamageufudoyasss 33ms LSTM Tasfianuusiuglunissaduniaie
guRnsalviniu 87.87 % uariinaanslunsnsndunmaingUinsaliianainmiiny 12.13 %
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524 LSTM+CNN

TumsnegeunsIUUNUssnUasURn1salisn1s LSTM+CNN Amualiisnisiinisyinau
oy Tngmseumnsidisesain ONN Alfneeulgduawesuaziudng LSTM 1alsesuas
drAnladenuadndmavinueietusenduand dmsunsdmnmimesidingluea Tneisnsd
thiauetiazdiamuuandnenn3sns ONN sy LSTM reunthil luduusnfetulssanananielu
i 32 diutu luduvesrouligiuiawesasd 250 Tun uasnimadnidudng LSTM awes e
ssymafwesiindu 32 Sdutu nfeutmusduansuiuaindnitendlignldeud 20 %
Tuawesaniearmumadnseendummeulnetunadns szt munnadndidu 5 dms
Fomuilflunisduundszinnetinisel TnednamaFeudiaruiuussussavsnimsuans
Tunw 5.14 Gunadnsnenuuiug failunsmaaouiudoyasss 38013 LSTMECNN laed
ANULiUEUNINTIRTUNISAR URNTLWINAY 84.58 % wazlinadwslun13nsiadun1sia
guRNsaliAnaIAwINAY 15.42 %

loss
val_loss

o
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AW 5.8 MRANAIANISE LI MITLUNUTHNNYDRURNNTAIENS MPL

— acc
val_acc
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AW 5.9 Mg veimsiteuinmsiuunyssanveURmIalisnis MPL



— loss

val_loss
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AN 5.10 ANURANAIANNSSEUINIIUNUsTnVvase URnT5ad35n1s CNN

0.95 —acc
val_acc

0.9
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epochs

AW 5.11 AsusiugeIn1siEeus MITLUNUsHnnYegURn15aiI5N1s CNN

1.2 —— loss
—— val_loss
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epochs

AW 5.12 AIRANAIANISIS U MITMUNUsnnvedgUin1salisnis LSTM
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0.85 — acc
— val_acc

0.8

0.65
0.6

0.55

epochs

AW 5.13 AusiugveIn1siteus MITwunUszinnveURn1salisns LSTM

—acc
0.9 —val_acc
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AW 5.14 eswsiugreIn1siEeus MITwunUsennvesgUin1salisn1s LSTM+CNN
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5.3 N1INAFIUNITIZUANTULTIV9QURNTTA! (Incident Impact)

53.1 MPL

Tunmegeaun1ssEyANUTULTeRURnIsalitnis MPL Mvualiisnisiineasisen
Tunmsvageufiiussansnmilvnzausensuitiomiian el Swauduuszanananisly
Wiy 5 du anndnluddudu 4 dunsniswau 450 Tuaseddudu suuuuilsddudaduay
Tududt 5 Saduduaminedsnn 6 lundleliaenndestuiaundudeyaidiosnuisssny
wazdiuiledduduandruiuamndniienalignldeu 20 % luudasduiioantgmnisadis
aundnifuarwudndunazliinnisuszananaianain wazilevhnmamsulinealddinsidis
laftuiiovgansdoud deranufiananegstu dwiudeyaiithimaseuiivisdu 503 Toya
Fadutoyafifuternugtineniviidy TnednansGouiuassulssssaviamiuandy
am 5.15 iunadndAnnnufiananauaza 5,16 Hunadndvnsanausiug edlunmaaoy
fudeyadte 38n13 MPL InedanuwiudilunisnsiadumsingUinisalvindu 44.14 % uaz
Tradnslunsnsandunisiinguinisaliianainwintu 55.86 %

532 CNN

TUN1INAFBUNIITEYANNTULITIVBIRUANITRIITNT CNN Anualnisnisisivasiden
Tummaaeuiisiuszavs nmmilunzausensuidymiige feil Suduuszanananiely
fid1uau 45 Tualugrduduusn Swuiiaeaduiuresneulgduaesisiuiulun 250 lun
sUsuuilsidudsduluduitamduturesnyaid wawesfisuoulun 250 Tun uazduiiduasind
Fruaulun 150 Tuauag 6 Tupsuddy uavilovhnisBeusluealddnsdfinilsiduiiiongn
madons deAenulanaegtu TnefinanmaSouduasUsuusssyansamduandunin
517 Wunadndrnarufianainuaznin 518 iunadninisnuusiug ssilunmageuiy
Taya939 35013 CNN TngdlauwiuglunisnsiadunisiingUinisalivaiu 93.24 % uazdl
HaaNS UM INTRTUM iR UAMsSaliAaIAWINY 6.76 %

533 LSTM

TunsnaaeuMITTYANINTULSRRUANTAIIEN1T LSTM Mvualnisnisineasidenlu
mMsveaeURTiUsEAvE nmilmnzassensuidamian fetl Snututszanananiely Tudy
usnfidau 250 Tunddutuiiasdaduduves BLLSTM S5 uauluaisdu 100 Tun uasdiy
lsrduguandiuauamninienalaignldon 20 % Tuuiastu ludwuiuilauisuouluad oy
50 Tun sUsuUilsitudaduuasiidutuiioruaduadnduas 6 Tuanuiiy uasidioviims
Fousluaaldimafisiliduionganiafeu deraafiawaingtu TaefiamaFouiuay
USulgsusgdvsnmauandlunm 5.19 Wunadwseruianaiauasn1n 5.20 unaansma
Arsiugn ssillumavageuiudoyasss 33ms LSTM nsfianuusiuglunisnsaduniaie
guRnTalvIiY 77.92 % uaziinaanslunsnsndumaingUinisaliianainminnu 22.08 %
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53.4 LSTM + CNN

TUN15NAAUNNTIFYAIUTULTIVDQURNITAITTNT LSTMHCNN Mvualiisn1sings
yhauswiu Tasmssiumnsifinesain NN Aldnaeulgiuaeesuazingig LSTM iaies
wazinAuladensadnsnisvinefeduroniuund dmiumsdmaiivesidgluea lne
FEnsivnavetagiiannuunnd1aainisnig N waz LSTM Aouwdnil ludunsndedy
Uszanawaneluil 32 druiu ludnmesmeuligiuawosasd 250 Tun uasimadnsaadng
LSTM taneas Tneszynsifiwesidndy 32 rdfutu wioufmuaduandnauandniienaliign
THauit 20 % luaiwosanieasrunadnsoondusneulaedunadng Tevetmuanadnsidu
3 Tup dmsudeniuadnususss nellkamsseuiwasusulsassavgandauandlunn 5.21
Dusadwdveenusiug failunsmaaoutudeyatie 35ms LSTM+ONN Tnedianausiugily
N1597193UNSfingURNsalmMAfY 82.25 % wariinadnslunisnsiadumsiingUfnisel
Rawaawiniu 11.70 %
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AW 5.15 ANIRANAIANISITEU NTTEYANNT ULV URN150IIT NS MPL

—— ace
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AN 5.16 ANUINEITBINTEEUITNITIZYANNTULT WO URNTITNNT MPL
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val_loss

0.5

0 2 4 6 8 10
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AN 5.17 ANAURANAIANISSEUINTTEYANNTULIIVDIURNIIAIITNT CNN

acc

0.9 val_acc

0.8
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epochs

AW 5.18 AW iUEYBINISIT U M TTEYANNT UL URNT0IIENNT CNN

— loss
— val_loss
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©

epochs

AN 5.19 ANURANAIANITIEUINTIZYANNTULTWRURNTAITEMS LSTM
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val_acc

0.8

0.75

0.65
0.6
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epochs

AN 5.20 ANAULINEIVBINTIEUIMITHYANNTULTWRRURNITITENNT LSTM

—acc
—val acc
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AN 5.21 ANHUIUENIRINTS LI NTIEUANNTULT R URNSAIIBNNT LSTM+CNN
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anUstewa (Discussion)

TumsnageuraazanunsatufinraiiievhmsTeuiioulszavsamvsaguuuunsiuun
nquuiazUsznysenauluaag MLP, CNN, BLSTM Tunisdnuundsenngd@nisal 9auun
Ussnw saiimssryeuuusadielimauieengnifesesmsvihnundmnmaFeudiddn
YowsarsvuuNar lsvhmavnaeuuuitugudem s nvinwesTnedmiumssuundeenums
AagUAnisalvennudui 1,010 YoAw wavly 1,010 Fomnuidenuiidudonny
gUAnn3al 503 FemmuitethimareuAUFULUUM TS MUNUSHAMLALTULUUMSTEYANLSS
TnenadwsineaeulsinandyifiunmsmAsguuuunmsmeaeulunadiliain CNN fanadedam
AmgndesTigaiiaed 93.53 % uivindangiimssuunmaifngiinisalazdiuitguuuums
FuunmsifngtRnisaifisidios 2 nguainluina CNN+LSTM Sanugndesiigsiigniie 94.06 %
ol Lﬁasﬁ’a;ﬂaﬁaﬁmaumjmﬁﬁaﬁwLLuﬂuﬂﬂ%u (Multi Class) Aonssuuniszinniifidruam 5 g
Toyauaznssrymmsuusiil 3 ngudoya wwdungiiunadndvoduinadilsiann CNN azsils
finin eglsmumaiinysyavsimwesnnuuiudrannsavlilasnsdndlisiaramne
oonuazmsLiist ey aliamangatuiigalunngudeyayyiluisiugilunsduun
nquvastiorufanntufens 6.1

AIUBYANANTITNAABUNIINTINABURUANTTAIITNITAI 9 @1NTANARINTIUTE UL UAN
rnsgndeaIimslunisnsivaeugiAnisaldnuaesing q Awansdunin 6.1 S3uiun1suans
AANLEANAIALAINAIN 6.2 elunan1InegeUIENUIINTUS BUMEUAIANYNABIURYIS NS
TunsnsivaeugUFniIsalanwawsng 9 19 3 3ULUU JULUY CNN+LSTM agdladnuannsalunis
° a wa ¢ v A an P v
FuunmMaingURn1sal LagmsssyauuLsalaanan wagdsnis CNN wag MPL laugnses
anaInuaIny TuraeiRediudsnig CNN danuaiunsalunisiuundsennlafngauas
78M13 BILSTM U MPL A a0 neiedanassnnua i uiuaeiu

15 6.1 YeyaraN1IVAAEUNINTIRARURURNITIIBNISAN 9

DR FAR
N3AsREUaUANTIAl CNN+ CNN+

' MLP | CNN | LSTM MLP | CNN | LSTM
LSTM LSTM
nmstuunnsiingUAnisel | 67.75 | 91.47 | 93.53 | 94.06 | 32.25 | 853 | 647 | 594
n3uunUsELAN 58.90 | 85.29 | 84.65 | 84.58 | 41.10 | 14.71 | 1535 | 15.42
MNITEYANUTULSS 70.10 | 88.04 | 88.53 | 86.26 | 29.90 | 11.96 | 11.47 | 13.74
Auade (%) 65.58 | 88.27 | 88.90 | 88.30 | 34.42 | 11.73 | 11.10 | 11.70
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sUlUULUUNGERY Fouaiug Stop Word Marge Data | U3uujeeasds
dsenm 87.40 88.35 88.41 89.20
LST™M
ANUFULTY 90.07 90.50 90.78 90.87
NN Uszlam 84.70 85.05 87.22 87.89
ANUFULTY 91.42 91.76 91.56 91.02
LP Uszlam 54.34 56.56 58.12 57.44
ANUFULSY 70.54 71.89 72.45 75.37
Uszlam 85.99 86.25 86.89 87.20
CNN+LSTM
AMUFULIY 86.26 87.28 88.20 91.85
m Incident Detection m Incident Categories = Incident Severity

70.1
70 67.75

I | I
MLP

91.47

84.65 5833

LSTM

85.20 88.04

93.53
CNN

94.06

I 8458 8

0
CNN+LSTM

6.26

A 6.1 malSeuiisuAAugndeeiinisiunmnsvasugUinmsal

m Incident Detection ® Incident Categories = Incident Severity

45

411
40
35 35
3 29.9
25
20
15
1

0

MLP

wnm o

8.53

14.71 15.35
i 11.47

I B I
CNN LSTM

15.42

13.74

- II

CNN+LSTM

MW 6.2 NLUTEuTiBUATANNRANaIAYeIENsluN1sRTIRER UgURNI0l
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d@gUna (Conclusion)

7.1 d@gUna

MsnnIavImnNMsainseTesULdednuseuladvinmesunamiosu Tnsnsnsiaduann
Foruignninsiuauan sy Twitter AP Tuswided asdidunsmunuteyadoni
é’hasm(?ﬁﬂa'nlﬁaﬁwmmwaauL.LazizqgﬂLLUUW%’@;J?W&J@%L@&W]'N 9 I@&J;:Jﬁﬁmwm%amzﬂu
NM39AN1595193 SAUIENsdmsuwsaudeyadie n1snses n1sdiad warnsudasindu
fiay euthidgnszuiunsiSeudiBedn sedemuandedinuesulay lnemsmurndoya
msUszmevesinmes duludedsruseulandilisummiendudusviu fimsdwietiansly
sUuvufeR A Hw APl fisesfunisinuuuudaluif@ iomeiienuifoitesnisnms
nyadugtimsaluudedsauesulayl wishetem uuunimesiegog1mmema azdumsen
Tunsnsaviddond Lﬁ&lﬁ%@ﬂﬁgaﬁﬂﬂf\]agm’lﬁlﬂ AT Anhauen U msiRedeiy
Yomuiidesnsduni Misadeanisnsrndugd@nisal uuisn1s TF-IDF, Word2Vec uay
Markov Chain fenszuaumsvineundn 4 suseu samsvnassuansifiuruanunsalums
Usztnananmadumaiingiinisalvesismsiviaue wuindiiiamnuisidostunsiie
gUAnsaluaziiseAnsamanuuiugilunsasiadudeniunisulsguanisalluguuy
AlngAe 5 AINAIINA 20 Busuksn Inediauulugvedseuuminu 85.80 % 18nsn1s
M39INU (DR) WU 78.83 % Uagdnsnsudamauiiana1n (FAR) winiu 21.17 %

lnglun1s3denisduuniugnisalasusenaulunie 35015 MLP, CNN, BHLSTM uae
CNN+LSTM TagldmsiTeuiiiaudanugniesweis 4 38013 dwsunsnsranimgnisal
NN395193 N1338YUTEN NV UANITAl N1T58UANUTULIIVOIANITAIUL Twitter n1¥1lng
InemansveassasuaadbiivicnmstaussuUnTRsumMsing UAnsel aansafiansandentd
sULUUTEMsdmTuMInTIaduwasienier JULUUYDstayasne 4 laegailusedniamlaens
Uszananadamfiusyningisns Tagn1sBouiiuu CNN+LSTM Aiflnadnélunismsradumsiia
gUAnsallddan somnuuiugy (OR) Wiy 94.06 % Laznsudadouruiianain (FAR)
winifu 5.94 % Tuvauzfinnsszyguiuuvesg Untsallngisnis CNN seysuuuuliafiaeds de
AU UE (DR) AU 85.29 % uazn1sHIARBUANURANAIN (FAR) WU 14.71 % waznis
srysERUAINTUUTwRs TANSal Ine3Sn1s BHLSTM szyanuguusslidigaia saoaany
wiugh (DR) Wiy 88.53 % Warmsuiufauanuianain (FAR) Wity 11.47 %

faiinadi§resnuitednani wandiiiufuumansiaunssuunsadue ifinisel
SuunguiuuresgtAnsaiiinty uarssduanuuuswesgUAmsal ainnsvindemnud
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wistusnuunanrlesudedsauoaulatide Twitter ilofiunsmauwnunsamunsiedegunsal
ATITUANINAT195 (Traffic Sensor) ¥39NADIUTEUIANANIN (Image Processing Camera) die
manstumsnliAng tRmsaisnlusifluiviifiedlusssvhms Gasdunisamusuyssana
mmumnmavmaammﬂwmawamawummaswsmwmmmmwuw NFUNNUMIUAT Laenns
psduternumaudavngtifnsallumiadediiauenssuiumsutsianussleaildzumn
uazasavAtanzfieglunduiianinurezdudilvideyanisudanaingt@nisaiuay
neazBeaveavnnisal nmetiansnnadeuaiRvesiluzuLuy Word Cloud ileiudil
doudrgnszuaunsindulaves nszurumsUszananaild Suanguuuumaieudiddn uuy
NALNATUI A USENINGI5MS CNN, LSTM way CNN+LSTM fananisvageu dadumaiauay
TBnswaunanlvldmiunsasnduternunmwinglunsudansuasieniezsuluunising
guinsal dwsumsthluiannuasusuldlussuusnlud@luemnansialule

7.2 WUINNNITANYILAZWAILNGD

nsanuITeluenan NsidenguuuuTedisMIseuiidandmiumslineiuazienuyy
an1unisal JULUY wazanuguuse Bifisnslaazansavilffigadunnteuluiifosnis
Aaey uAkIdedeudenldsuuuuredisnseuiitsniwndsiuluiionsudlutlymms
yhnuauagtym TugUuuuuennisUsznanansisusiaguiuueyauazanunisaity 4
Fsnswdsuutasunaiouly annsndsasrenadnsmsianulsinnanandull Welknsdnw
WeoddnhlandnuAteldausisuasiaguienailuiauildnuluowan §3feems
ynaeuiUToyaIINUMAsTIN wasvia et eaEnTuRed s AT ldR a1 Ao
S udesilfinndduiely

fatlmAdeithiauenamsatumafngfnisaiuaemsuungULUULEEA L TULIITEY
gUEinsalsensUszinanadayateninu (Content) Afimsusiiunin Tuvazfinisusiiy
Fandn anwnsauuulidniw (mage) w3onmiadaulna (Video) dsfoyauuusananaunse
nldlunsnsasuswiuiunsesvaeuntenula lnenisussendldnisiseusigedn
WUU CNN imnsausens s
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wrun1sU U TgU s lovdtanntye

(Commercialization Plan)

8.1 sUuuudAasiun1snegsia (Business Model)

TunsAnuidenuided Himusrasddomsfinmoonuuunssuiunsussnanadeya
awlnglussuuninmesifioduundermmnisudsg UAnsaivuauy dwdumsdadonnny
fsnanrelinduidmiinfiniefidwinisnnsmsuiouimsianisasasdely edunis
naunuMsRnssgUnsainsraiaanimasesvidendemaniumamsnififsvesuasveuniiuiilu
sy Tnensruauntsiigneenuuuazgnitaund uoglusuuuuiukeundindu viaies
witnefiideldanliuinms wasvhmsdmenslfEmsuuufviuimsldaussuuuuuned
(Yearly Subscription) w5eumsansnsdildanuindeussddmhenusely

Database Event -~ | [ {777 Twitter Account
i 3
{ Deep Learning Model Twitter Account
4
| Twitter API-(Text Streaming)| .| <~ = Twitter Account
Web Server Twitter Account
! Cloud Server Social Media Platform (Twitter)
Internet
i . i
Client (Computer) Client (Computer)
Web Application Web Application
Fy Fy
Login (Authentication) Login (Authentication)
User (Department of Highway) User (Expressway Authority of Thailand)

MW 8.1 daUnenITNTEUULAYMIALIUNMITNNGGSNT
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srUUNsUINISAINE ) %Qﬂﬁ’mm%ﬂugmwuL"‘JULL@UWEWB’u yhausAugads
RIEATnshauluRasanatvuaissiteliuInsien1w Python Faazuszneuly
Frensvhanudidy 3 funou nsruaumaidonlssdeyatonuminyinmedsinu Twitter AP
vimtwuuidomds (Background Process) LaﬁauﬁLﬁmﬁwﬁﬁﬂmuﬁq%’ammﬁgﬂﬁﬂwﬁ
\ihgszuudnnsesuuudnlusi® nszurumsuendszloadud (Text Classification) Lot
gnsrvaunamsnasuminduddeglunguiiuingludssleauiannegues q wieli
dielddumiinutlowdnszuiunisuenueslnsausna (Machine Classify) Tngszuunis
Boufidadn Tuguuuusing q muiildunindenlfuazusuussansamauiiuszavsnmgean
Aauanslunn 8.2

lunsliusnisgadasiduimsssuusiunuinigdinisalantemiminmesonluld
w azlavedldau (Usen) wisldlunstududinudilduinig dwandunin 8.3 H1unis
[N [ a o 9 = ' Y a v o = v
gnldusnisunivkeUnaadulud URL Asvuuuddnglvusmsngiwmunssuvannsdeul)

Qe

=

i

dmsudunisasrraevaninisdildnunasrouniuiiinuis nudieanisfunsiuway
M3I3@0U YTlsEUUAINAINgNITALITY dadiuaiunsasessulunissiuniudeyadnians
N15357135levanuilulsemdalne wilunuidedasdmuaveulunnissivsiudeyaanizly

© aNd

E a A o va o a P a v I o
watuingavmuvnuaskazUsuamaiiemvualidusinadeyaiideswseuianasgluseaud
anunsaUseananaazliusnishe

Twitter » er AP e o catio f ' » Report
Deep Lea g

Platform Development

Manual Accuracy Machine

Measurement Classification

Experiment Result

AN 8.2 NIEUIUNITMUINITLUUTIVTIU Mg URNSaiaNTminwes Srluds

Classification
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ydsangliasiinig Login iildnuszuvanmieemsnsiaaeudn ssuuazuansdoya
semstonrmiiiunsruIuMInTIdumg ssitanun Hedeanufidunisussniadn
Usgndufusily uaznsudamggoinissl defldauaunsonsieaey lnensinnsedls
uanssamzensiiiugiRneaiviniuld Tnewmnnsaifidugtinmsniasdneandongiuuy
wazAuguusIvesgAnsaluutludmrine wiesliiidmihiviinistudunanisnsiaseuin
Fomminenudu wmmsaigtAmsaiasmiels WeiutuiindeualidmiunmsiannGous
Ialuewpnuazdumsiunusd afieu

& Tyitter Incident x 4 v N o &

& C {} @ 9d51-61-90-209-123.ap.ngrokio/incident twitter/user 2 % B 0§ :

2 8.3 NnTaauavEMsIltulnen1ssvy User Name

%
i

(N

AN 8.4 NMITENULPNUTEIUNINTINAOUNIHTINTU URNT0]
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Tudrugaviedldnuszannsagtoyaasunanisinauld Andssuansdoyaasy
(Dashboard) ngagUszneulusmensmdeya 2 nswl lnens i 1 Asuansoyanudrevesnm
7 8.5 puAnIIWILTaYamMANMIAINM IR UIINYaIWT U 9 ffimadeulos el
WupuRgtouazaedeulmussunasiisnvesteya uaznsinil 2 fuansdoyasuy
voanil 8.5 adumsuansaguszrindnnuderunsudsdeoyatnasialuifieuiudiuou
Formmumaudanmgtinsniimunvemndesmemntad

AIETTUUNUNYNITAUTUgNAARTULIATR LY gLai o (Virtual Private Server: VPS)
Weuvangiay IP Luu Public IP g ldusnsaeuenanansasenldnussuulalaenise1eds
(% | 1 @ 4 = 1 a ¢ & Y a
PUNYLAVAINAINIUIVUITIBS (Web Browser) UUSzUUAS U8B umasiinlaviud taedl
AnsaNTR Aauandlunisng 8.1

AW 8.5 MITgnuaTUIRudeAUias Yo m AT I N1TE]

M54 8.1 AnanURveuATeivY VPS dwiumsindsszuuiegiuins

aau 318113 easdYn
1| wheUszaiana (CPU) 8 Core 2.6 GHz
2 | weAnudnd1ses (RAM) 32 Gbyte
3 | wieAuavan (Disk) 700 Gbyte (SSD)
a4 auEanmsdeans Bandwidth) Domestic 1 Gbps / International 200 Mbps
5 | syuudUsms (Operating System) | Microsoft Window Server 2019 (STD)
6 | :1uleya (Database System) MySQL
7 Au@suines (Web Server) IS
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8.2 wruMslduszlovivananingiluigegsna (Business Plan)
8.2.1 WUHUNALNS
fifumsimhszuunulumsnnadugtAamsaimaun lusuuuuduueundindui
fesonslinu warldaudssnalumsamudising msdaddasmsamuresnadsuuuiba
semsedumaiulavesdoyaludedsausoulay srudunsruumsaniduiansailugiuuy
spuude vunsiatedndiauuy G2G Aumiesruniaisiiiendes muuleuiensatuayu
gfamuuIAnssuveAulve

822 W
1) ansnsaiaunuasalszuummuiiviiinusalasanadudermiumsudang
gUAmIlsaluiA dwiummmsaififgdesiunsudseyasasmaunls
2) aunsavaunuNITauMIAaRsgUnsaiuarsruuuildlunaiiiae Yavde
RamumggtRnmsaifidnisamuiisysanaiiaild Trenmsldssuunuiignianntuanemiade
dlugtuuumsintiofainesruunussminninds
3) annsaliudnnssruvnldegiseidosinonisiuaiizednwissuunuain

A lTUSNMSsEUUY MauvsuUsEnansauinssnweUn salsEuUNUANiYags

8.23 msmumuiienisidusslewd

defirrsnrmumunslivssleviansuumuiigniauiuaneidel wwaunm
sudumsdaviusunsliusslondls 3 ssey dall

8231 sznzau WunsdiiunanseiuasdaaduliiouuUamsamumesslf
fenudlanazveaedd WeGudulazTeudiounadndidesyans amiuyadiasmu Wi
anuAuAnfu s mneglugs 1 - 2 usniidaliuimsssuvny

8.2.3.2 sveznand Wumsiannusulgsdszansnmszuu Tudaana 3 - 5 Udaun
Tnefitauszuudesdinindenlownddldnustrmarnnatsuazaseunquunnd u diolv
ymhsrugldnulddudeyned waseuaquiuiiinniian

8.23.3 szavem Wumsamdunmdlugiamaaimsiidunuianssalassmsiing
meeharialethitiosnit 5 3 FeeudutimaissuvannsavinalsiogedlesuarSnlusale
othsgndieauandetiold fldnussuvanansaandurulasnsnuguddeya uasdwiiiiuims
Famsadivdeiissguivssamunansegussluiuiidunanaaiiels

824 unumsldnuagiededy
meszuvnuiidussuunuiidesnfoua eyadunisainmsudaelaed ldoun

o/ (% s

Fat AL T UVDITEUUNUATAUNUS AUALU T 9D AUTIAEY wazAuTuiialunsi
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[ I

ToYaY1IETINUTEV VUL I auuvS ofUsEauwmn laenss Astudldaussuursenisnudu

Y
[ ¥

Hatadwosssuudesdimsussenduiusislovififintuiloainssuauasanumszmingng
demy Usznauiunsliyyiudnsulegnisueussiavsaiesivnsdmsugddwsdluguiuy
613 9 wu Judidammigndesnniiaalulidu Wufulamfedanadaiian Wusu Welhan
anusasletumauszrwuidudeyadumegadBudely

8.3 MIUATIVINANDULNUNILATEFANENS
malereianouwumMaATsgmansluidedasdiunnnmsagufuamuisudioy
sewimadonldimaluladfiflutiog iy Aumsasmusilduimeanssuufignianntu fams
Uszilufanamazusznaulusemsfiansan 2 dw e dwiinds Wududupdunsianiuas
Fawdenlasadeiugiulunislifuimsssuy doldlumsdssiudunusanisliuing uay
dufiaes Wudrunstssduiuamulasinsnunseuiuamisnisiauuasfassssunly
Haqtu Wisuifsuiunmsamuidilduinessuuamuiignifmunty Tnefidoyauazeasdon
o
Rl

M3 8.2 MeavdanuUN IRV LarInwSs sulaswEs 1eugulunsiusMssyuusal

a9y 578013 faviiiy | U | Y | Yar15u

1 é’uvgﬂumsamuﬂ%’jﬁuiﬂ (CAPEC) 1,320,000

1.1 | AUAIARLAZE8NLUUTEUU (SA) 60,000 | 6 o 360,000
(1 AU AUAE 60,000 UM Y1N91U 8 ¥3l.)

1.2 | AvnsisunUFudsasyuu (Programmer) 80,000 | 6 oy 960,000
(2 AU AUAE 40,000 UM ¥1N91U 8 3l.)

2 | suuaniiue (OPEQ) 227,190
21 | Awanlgusmsneuiamesiaiang (VPS) 3,000 | 12 o 32,400
22 | AAvAvSSTUUUATRNS (OS) 900 | 12 | ifeu 10,800
23 | audnstelawuiu (Domain Name) 390 | 1 T 390
24 | dndvavgudeya (DBMS: MySQL) S U -
25 | ArdvEnsIu@snnges (Web Server: IIS) -1 ¥ -
26 | Awdwihiithgsnwszuy 15000 | 12 | ey 180,000

sadmineszuu WA 1 (1) + () | 1,547,190 | 1.5 Wwin | 2,320,785
sasmingludi 1 s | 2,320,785 | 7 % | 2,483,240
sethgssnenludi 2 Wudulu | 227,190 | 1.5 | wih 340,785
smﬁwﬁmﬁluﬂﬁ 25ne | 340,785 | 7 % 364,640
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1579 8.3 NS BuiuMsamusEiisAnnsgUnsaluuudniun s ldssuuanulnl

o o quuszana ()
aAU 18115 ~ -
STUUULAY STUUULLELD
1| susmdunulasans seegnig 20 na. * 15,555,232 2,483,240
2 | suhgsSnw (whedetanneldane 5 U) 1,306,639 364,640

wnewn  * 9199 dAsNsTatedaden1ass (ulsnusunsawALvuEs) MieuRedidsudsvann 2564
* Ysp UUUTBNUNUEINTEIY ICT AlE318U1395n 7 9R91A1avin 7 %, 8 %, 9 % sialan
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ABSTRACT

Surveillance and accident reports for current traffic management. Surveil-
lance by monitoring the situation by using CCTV. This detecting method
need to many operators to observe real time. At present communication
technology and social media participate in report traffic incidents. Also,
the accident was report by people who were facing the accident. Therefore,
we decide to create software to investigate accidents from text reported via
social media in Thai language. At present, there is no research or work
platform that clearly supports this form of work. Many countries use anal-
ysis technology to detect the information from Twitter to report incident
notification with verification on different languages. The purpose of this
research is “to develop the deep learning technology and to solve the prob-
lem of classifying incidence patterns and identifying severity of incidents
from social media in Thai’s massage.” For collect incident data and report-
ing incidents externally from a single reporting platform. Using the deep
learning model MLP, CNN, Bi-LSTM, and LSTM+CNN. We can iden-
tify the twitter message as general news or traffic reporting. The traffic
conditions such as traffic information, accidents, disasters, damaged roads,
or other than those mentioned above. And the incidence severity level
was identified as normal, lane-blocking or lane-closure. The examination
demonstrated the capability of CNN+4LSTM learning with the best results
in incidence detection and incidence patterns at 93.44%, and CNN results
in image identification. The incidence model was best at 85.29%, respec-
tively, and the LSTM method best rated the severity of the incidence,
reaching 88.53%.
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1. INTRODUCTION

Reporting of road traffic incidences by relevant
agencies at present, each responsible agency has dif-
ferent methods for detecting incidences including de-
tecting the occurrence of the incident by surveillance
of the traffic control room staff through CCTV. By
relying on the display of random images or lap times
of image showing in each camera on the highway or
automatic Image Processing and decided by the pro-
cessor chip on the surveillance CCTV or central com-
puter processing by image processing software or de-
tecting the occurrence of an incident with a sensor
type detector such as Microwave Radar by taking
traffic changes data to calculate the incidence fore-
cast, etc. All of the technologies mentioned are those

that require investment and the installation of a large
number of related tools and equipments. As the tech-
nology of mobile devices or smartphones is developing
by leaps and bounds, it plays a role in many areas.
On the daily life of the people who use more roads in-
cluding notifying news via social media channels on
various platforms. Twitter is one of the most popular
social media platforms and supports the development
of programs to bring information to use, including
being able to detect incidents by processing tweets.
Notify the news immediately.

In the past research on solving the problem of au-
tomatic incidence detection with a large amount of
data, beginning with a 2017 study by Bo-Huei Lin,
Shu-Fen Tseng [1] analyzed data that the government
allows the public to participate in collecting data by

L2The authors are with Faculty of Engineering, Rajamangala University of Technology Phra Nakhon, E-mail:
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informing them via hotline to report on problems en-
countered on the way to compare with road accidents
by the results in the same year’s large-scale. Comput-
ing research, Lin Cao [2| presented a big data plat-
form to collect data for public traffic services. In
the matter of informing the bus time calling a taxi
and providing real-time traffic information. There is
also mixed research by Jianhua Xie and Jiahui Luo
|3] present data collection and analysis route waiting
area for passengers, time interval and the number of
taxis in the city to develop a smart traffic system with
the government. On the other hand, there are differ-
ent types of traffic research for example: Mingming
Zhang [4] introduces the SafeDrive algorithm to alert
motorists in the event of a malfunction while driv-
ing. By referring to various sensor devices in the car,
for example machine rpm and speed, speed and action
angles on the road sudden braking to process whether
the car is losing control or not. The result is 83% ac-
curate, which means have higher accuracy Rule Based
Algorithm at the end of the year, Alessandro Cioci-
ola [5] presented a car sharing platform, UMAP, to
compare each company’s data. What types of people
have the characteristics of choosing a car rental com-
pany? distance and time analysis, pickup point and
destination.

In 2018, by Giovanni Buroni et al. [6], a study
of transport routes coupled with the time of trucks
for bringing in a new management process improve-
ment to reduce transportation costs and pollution
problems and to help solving the problem of traffic
in the city. This article was collected and tested in
the Brussels capital region. Belgium, the same year,
by Alex Kaplunovich and Yelena Yesha |7] collecting
data from taxis in New York City from the beginning
of the pickup at the station during the day that the
driving style parking in any area. Time of start-up
and distance from parking until returning the car at
the station to analyze the pollution of taxis in New
York City. This year, there are various researches
in applying big data to transportation work such as
the research of Lu Lin [8] improves road traffic speed
predictions by fusing traditional speed detection data
with new data types. By bringing data from many
aspects to create more efficiency of the data in the
future, this research will include GP-based and Dis-
tributive GP. In order to make the predictions more
accurate along with being able to assess in real time
meanwhile, a case study of research for large-scale
Intelligent Transport System (ITS) is presented by S
Appavu [9]. It is a presentation of the unique model
of ITS in India. Due to the driving style, road layout
and environmental conditions of India. The ITS Plat-
form in developed countries cannot be used directly.
The publisher therefore has to collect and analyze the
traffic characteristics of India with real data. In order
to use this information to develop ITS systems in the
country, another example of research in bringing in-

ternet of things (IoT) to help manage by Sang Nguyen
[10] the researchers studied IoT technology to create
a parking management system that they believe will
reduce the time drivers need to be in vehicles with
two main goals. The long-term goal is to optimize
the management system. Manage parking spaces the
short-term goal is help drivers spend less time finding
parking spaces by finding suitable parking spaces. In
this research, The IoT technology is provided to mon-
itor the area. The duration of parking throughout the
city and analysis of nearby parking spaces. The sys-
tem works without sending a lot of data. Does not
back up the data detected by the device. All the data
from the cloud server is sent to the cloud server. The
analytics uses Hadoop and Map Reduce and is ready
to run on the cluster computer.

In the year 2019, Qilei Ren [11] studied the appli-
cation of Block Chain technology as the center of stor-
age or forwarding data in an ITS and using IoT de-
vices installed as a detection device in various places.
It has been compared with a cloud server data center-
based system and directly designed peer-to-peer data
transmission between vehicles. There is research to
solve traffic problems by Yang Zhao-xia and ZHU
Ming-hua [12] researched and developed the ability
to estimate Travel Time in a flexible range of roads
in the Traffic Information Platform. They both com-
mented that Big Data traffic can effectively provide
feedback or suggest a solution to traffic congestion.
Using Travel Time analysis method from Big Data in
dynamic prediction in real time tested on traffic mon-
itoring system structure using RFID tag technology
and using fusion data. The test results in the model
show that the new method used is more accurate and
can solve traffic congestion problems and make traf-
fic smoother. Meanwhile, Li Zhu [13] presented a
research study exploring Big Data analytics systems
in the intelligent transportation system. The survey
describes the history of the unique characteristics of
both Big Data technologies and the ITS, a frame-
work used to perform Big Data analysis in ITS results
analysis tool. Methods for analyzing results include
analysis of road traffic accidents. Road mobility esti-
mation, administration, planning and management of
the public transport system. Personal travel planning
as well as maintenance planning.

Currently, the research trend of new technology de-
vice which is IoT has a priority to develop the Auto
detect incident system. In addition, the research the
study about analyses data from any interested group
with detect incident from social media messages in
2016, by Peerapon Vateekul et al. [14]. The au-
thor presents the method to get people feeling and
emotion from Thai Tweeter message by using Deep
Learning Method with Short Term Memory (LSTM)
model and Dynamic Convolutional Neural Network
(DCNN) model then compare with other method such
as Naive Bayes and SVM. The result indicate that
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these two methods were get more high accuracy espe-
cially DCNN with 75.35%. Besides, Supon Klaithin
et al. [15] present categorize message Thai Twitter
by naive Bayes classifiers which is the one of machine
learning for categorize detail of event and summary
data with separate Tweet for two group that is In-
formation of Road with average correction 88.42%
and Classification with average correction 76.40%. In
2020, Tanatorn Tanantong et al. [16] present method
for get keyword from Thai message in Twitter with N-
gram technique for classified the word that does not
in dictionary and increase accuracy of partial word
in Twitter by using message regarding to Thai uni-
versity for classify keyword and trend analysis. The
result indicates that they got 70% accuracy.

On the other hand, in a group of researches to solve
such problems. Modern methods based on technol-
ogy, such as pseudo-neural network methods or deep
learning, have been introduced into the analysis and
processing by Zhenhua Zhang [17]. In 2018, it pre-
sented the use of Machine Learning to detect traffic
accidents from social media data. More than 1 million
tweets were reviewed in one year in two cities: North-
ern Virginia and New York by selecting key words
from sentences with Apriori Algorithm and importing
them into ML for further answers. The experiment
compares DBN, LMTS, SVMs, and sLDA methods
with identifying the area of incidence or according to
research by Robert Neuhold [18] said data collection
on expressways for traffic management depends on
the installation of automatic traffic and traffic moni-
toring systems with cameras only. The research team
presented guidelines for using social media as an addi-
tional source of information by ASFINAG, the Aus-
trian expressway transport authority. Developed a
system to display the average speed of each kilometer
at different times of the day. This allows the driver
to quickly get information on the situation in a color
chart. It has evolved to be able to collect event de-
scriptions from Facebook and RSS of Austrian ra-
dio stations and popular newspaper news which is fil-
tered through useful relevant messages and processed
into traffic data and presented as a color symbol for
traffic conditions or average speed on the route at
that time. Meanwhile, Fang Jin[19] said: More infor-
mation from social media that has been mentioned
or reported on the current incidence. This makes
it possible to detect the tendency of accidents and
incidents on the road. quickly In this paper, the re-
search team presents the nature of the problem as well
as the complexity of applying Spatio-Temporal Data
Mining principles. To analyze accidents or incidents
on the road Hasna El Alaoui [20] said road accidents
are still common. Safety has become a major con-
cern problem. There are many factors that explain
a traffic accident such as the nature of the environ-
ment at that time, behavior, weather conditions and
other complex factors that are uncertain. The out-

come of road accidents is not linear. Therefore, it is
imperative to explore the relationship between data
from many aspects to reduce the risk. The research
team has used the data of past accident reports come
pre-process and classification by using Data Mining
tools to find information that can predict the cause
of the accident. The results obtained can validate
the data and can help predict new events in the fu-
ture with similar data. The goal of this research is to
analyze the data and select the most accurate data
obtained for validation by analyzing the nature and
relationships of the data. The research team proposes
a decision system for analyzing traffic accident data
to extract information related to road risk preven-
tion and also introduces the concept of crowdsourc-
ing. In the process of collecting additional accident-
related information from road users the proposed sys-
tem uses data mining methods and big data tech-
niques suitable for surveying accident data and uses
Hadoop to categorize road accidents and determine
what is causing the problem. Until now research on
social gathering data is ongoing and it is a replace-
ment tool for traditional technologies such as Tat-
suya Yamazaki [21] that presents Open Data Acci-
dent analysis. Publicly available public information
of the city of Niigata, Japan which useful information
in the analysis of such incidence problems can be clas-
sified as weather forecast information, event statistics
of vehicle-to-vehicle accidents (V2V) and Human-to-
Vehicle accidents (H2V) and accidents without par-
ties together with panoramic images of red light inter-
sections from the analysis results of all the informa-
tion mentioned will show that traffic junctions with-
out traffic lights are more V2V incidence than junc-
tions with traffic lights, ultimately Yuanyuan Chen
[22]. Presenting traffic-related milestones from Sina
Weibo social media, China’s Microblogging Platform,
using the Bag of Word Model technique to find key-
words. Chinese is compared to English for input into
the neural network (NN) and to experiment with the
use of Convolutional Neural Networks (CNN), Long
Short-term Memory (LSTM), and a combination of
CNN and LSTM methods to learn to recognize words
and events to be used to number and find traffic in-
cidents.

2. DATA PREPARATION

Data preparation to create practice and test data
sets consisted of 3 models: a model for grouping in-
cident messages and general publicity messages, a
model to categorize the types of incidences and a
model to classify the severity of the incidence. The
model that was created used the same set of data for
training, so to limit errors the same test data set was
used. It will test the actual data set collected from
social media posts on Twitter. The data must be im-
ported through the Data Preparation process which
consists of dividing sentences into words, filtering un-
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wanted words out, changing words into numbers and
adding equal sentence lengths. that has come to make
labels of text in the next step. The process step of
this method was shown in Fig.1

‘ Twitter data ‘
|

Pythai NLP

L 2

Stop word copus
‘ Text fitter

Convert list of word
to array format
I

Keras

Create word index
Convert text to
integer
Padding sequences to
maximum length

Fig.1: Data Preparation Process.

Fig.1 shown the Tweet message was separated to
each word with remove word by Stop word method,
text filter and convert to array format then increase
the word length by using maximum word length

2.1 Identifying Traffic Incidents

Steps to classify messages it starts with taking the
information gathered from Twitter messages through
various processes in order to prepare the data be-
fore the test by carrying out the process of extract-
ing words. filtering out words converting words to
numbers in sequence and increasing the length of the
text then enters the testing process. In this step, the
test-ready text is passed into the classification model,
which is the first model. Its purpose is to classify the
message between a general press release or an incident
notification message.

2.2 Identifying Patterns of Incidence

For the incidence classification testing procedure,
it is performed second after the text classification.
The text to be tested is an incidence message that
has been categorized from the message division of the

staff. Therefore, pre-test data is prepared by storing
it in the tolerance variable and passing it on to the
model to classify the incidence. At this stage, a test
for the accuracy of the incidence classification is car-
ried out. The objective is to summarize the answers
to the incidence messages to be able to tell the type
of incidence by the incidence type of the test data
group that has passed the professional personnel clas-
sification process. There are total five types, so the
message can be tested immediately.

2.3 Identifying the Severity of the Incident

In the process of testing the violence isolation when
receiving a message from Twitter. As in the previ-
ous process, the incident-only message was used in
the test, the process was initiated by the operator-
classified message used for pre-processing. Then the
text that has gone through the data preparation pro-
cess is brought into the model to test the validity of
the model. For this step, the model is tested to iden-
tify three types of profound severity.

2.4 Converting Words into Numbers

Neural network behavior is the process of import-
ing a set of numbers to calculate mathematical calcu-
lations according to each learning method. All words
from a data set with word indexing process. It is
generated by word frequency by giving word indexes
in order of repetition of that word. For example, as
shown in table 1.

Table 1: Word Index.

Index Word
1 usn

gURme

T0fn

3197

18U
N159519%
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=3
2
=

<
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>
z

2.5 Incident of “Stop word”

Word that always used in many sentences but it
does not. mean in the main clause. However, some
repeated word was the key word of the clause. Many
research of NLP was encounter on this issue that is
“the, a, an” word for English and, “uas. #u. 7, %" Word
for Thai. These words were called “Stop word”. For
the preparation data Stop word was cleaned for get
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the main clause to decrease complexity of learning
simulation.

In this research used Stop word list of “pythainlp”
which is Thai language. The main concept was clean-
ing Stop word that is in pythainlp from sentence. e.g.
“15.56 f&u Aty woz udr 3w 93es a3 7 will clean Stop word
to “15.56 #afu i asws qni” which is remain the mean-
ingful of sentence. After cleaning Stop word, the Co-
pus will decrease 7% of total word.

2.6 Data Augmentation

The detect word and sentence of incident tweet in
Twitter was clarified to 5 types and, several of inci-
dent was clarified in 3 types. For compare number
of messages, indicate some type was a majority and
minority that shown in Fig 2 and Fig 3 respectively.
The imbalance data of classification could decrease
the data reliability in training simulation. To solve
this problem, we recommend the Data Augmentation
to add and separate imbalance data that shown in pic
x (b) and pic x (b)
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Fig.2: Multi-Layer Perceptron Model.
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Fig.3: Multi-Layer Perceptron Model.

3. MODEL CONFIGURATION INCIDENT
DETECTION WITH IN DEEP LEARN-
ING METHODS

3.1 Deep Learning Process with MLP
Method

ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY, Vol.16, No.3, September 2022

Multi-Layer Perceptron (MLP) is a method devel-
oped from perceptron which is a simple structure be-
cause it has a single layer. Later, when computing
has evolved more and more, the ability to process has
been developed later. Perceptron to have more than
one layer or as multiple layers to be able to process
more precisely and have adopted MLP in processing
to classify the following types of process messages.

Parameterization is length of the sentence to be
tested is 45 words long. Therefore, the input param-
eter is set to 45 and in order not to overfit the model,
it has to add a dropout function of 0.2 to the number
of layers equal to 5 layers, the first 4 node members
of the hierarchy have 450 nodes per node hierarchy.
Linear function format and in the fifth layer, the last
layer has each layer and the last layer output is 2 for
specifying the traffic incidence, output is 5 for speci-
fying the pattern of functions. Incidence and output
are 3 for determining the severity of the incidence to
match the number of data segments to be divided It
has a function format as the Softmax.

% —.D—Q
% —C1—Q
L= 1—O
% —[]—=0
%~ 1—Q)
X; —-‘:[—.Og

=

cl
-

Twitter

% .10

Encoder Hidden Layer
Input Layer 450 node
Dropout 0.2

Output Layer

Fig.4: Multi-Layer Perceptron Model.

3.2 Deep Learning Process with CNN
Method

Convolution Neural Network (CNN) is a form of
neural network method, a type of process design al-
gorithms in order to be able to support a set of num-
bers. CNNs were originally designed to work with
image processing, which is actually converting RGB
color values to a set of numbers 0-255 and then taking
the set of numbers into the CNN model for processing.
Therefore, if a CNN supports processing numerically
converted images, then the CNN model can support
processing numerically converted text as well as above
is converts a message into a series of numbers, which
is similar to the MLP method, but CNN adds layers of
Convolution and Pooling to filter words by 4654 x45
dimension of filter (n x d) with n is number of word in
corpus and d is the length of filter that same with di-
mension of characterize the text to bring the result to
the last layer and output it as result Number of layers
equal to 5 layers, members in each node number 45
nodes in the first hierarchy. The second is the class
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of the convolutional layer has 250 nodes, the Linear
Function format is the third pooling layer, 250 nodes,
and the fourth and fifth layers have 2. The output is
5 nodes for specifying the pattern of incidence, and
the output is 3 nodes for indicating the severity of
the incidence, respectively.

input Filter Maxpooling output

o
) e
)]

Emdedding layer | [ Convolution layer | [ Pooling layer

Fig.5: Convolution Neural Network Model.

3.3 Bi-LSTM Deep Learning Process

Long/Short Term Memory, or LSTM, is a popular
method for text processing or natural language auc-
tions because it employs a technique developed from
Recurrent Neural. Networks: RNN, which is unique
in that its time series, that is, LSTMs are able to
remember past words in a previous hierarchy longer
than RNNs in the future.

The LSTM has been developed further. Bidirec-
tional LSTM, unlike Bi-LSTM, can recognize both
forward and backward memory cells, whereas LSTM
can recognize only backward and for this research,
Bi-LSTM is used to process messages to classify the
type of incidence. The first layer is to create an Em-
bedding Layer as an output to Bi-LSTM, which has
dropout parameters to reduce the overfit of Trends for
the next level is the class that summarizes the classi-
fication to come out as a final answer. The number of
layers is equal to 4 layers, each member of the node
in the first layer has 45 nodes of the second hierarchy
which is the layer of Bidirectional LSTM has a total
of 90 nodes and adds 20% dropout functionality to
each layer. In the third hierarchy there are 50 nodes.
Linear Function layout and four nodes to sum values
as result and 2 nodes for incidence identification, out-
put 5 nodes for incidence pattern identification, and
output to 3 nodes for incidence severity level identi-
fication number.

Input  Emdedding

Bidirectional LSTM Output

Fig.6: Bi-LSTM Model.

3.4 Bi-LSTM Deep Learning Process

Past research has been processed by combining
CNN and LSTM. By passing parameters from the
CNN obtained from the convolution layer and im-
porting them into the LSTM layer and deciding the
prediction results with the Softmax layer for passing
the parameters to the model. The method presented
here differs from the previous CNN and LSTM meth-
ods. The first layer is an embedding layer with 32
dimensions. Convolution layer has 250 nodes and the
result is sent to the LSTM layer by specifying pa-
rameters. Enter a 32 dimension with a dropout set
to 20%. In the final layer, the results are aggregated
into responses by a dense layer. Output is set to 2
for incident detection messages, output to 5 for inci-
dent classification messages, and output to 3 nodes
for severity messages.

Emdedding layer Comvolutionlayer  gidirectional LSTM Output

q = (s (s (]
n |
op w:wrln

Fig.7: Hybrid ONN-LSTM Model.

4. EXPERIMENT
4.1 Assumption and Test cases

The experiment starts with data mining from
Twitter account that relate to traffic report which
are @js100radio, @Traffic_ 1197 and @fm91trafficpro.
The total data is 3363 messages from 5 February
2021 to 23 March 2021 then we classified data to 3
type which is “Incident identification” with consist of
Normal message and Traffic message, “Accident case”
with consist of Traffic, Incident, Disaster, Potholes
and Other and “Severity identification” with consist
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of Normal, Heavy and Standstill. We select Train-
Test split by 70:30 for machine learning which is the
best ratio of our raw data that does not overfitting
with high of train data that shown in Table 2.

Table 2: Comparison of DR with different ratio.

Ratio 1 2 3 4 5 6
Learning Ratio 50 60 70 80 90 95
Testing Ratio 50 40 30 20 10 5

DR (%) 81.00 | 81.34 | 81.87 | 80.30 | 83.93 | 85.71

The table 2 indicate that the ratio 90:10 and 95:5
is high accuracy, but it does not reflect the whole
message due to the less test data.

The experiment was setting by using Python with
Keras library in Tensorflow that processes to call
function for each model for example, modeling with
LSTM method by send LSTM parameter to Bidirec-
tional() function.

4.2 Performance Testing by K-Fold Method

After adjusting the parameters of the model to
make it ready for learning to model it. In order for
learning to bring distributed data to learn, the pro-
cess is to divide the data into subgroups (k-fold) and
bring the subgroups then come back and forth, also
known as “Cross validation” to find the mean of the ef-
ficiency of the learned model, in this experiment, the
data groups were divided into 10 groups, or k=10.
In each group, the values were randomly assigned to
avoid possible differences. Tterated and tested the
model’s learning performance for 10 cycles, with each
alternating cycle having a learning group picked up
and tested, with 70% learning group and 30% testing
data. With result in table 2 so, we select that ratio
for separate data.

4.3 Accuracy Measurement

To measure accuracy of incident detection, it can
be considered with two parameter which is DR (De-
tection Rate) that for measure correction of incident
detection (%). The calculation was shown in equa-
tion (1) with D,, is number of incidents that detect
by this method and D; is number of incidents of this
experiment.

Dn
DR = =— x 100 1
=3 W
In addition, the measure accuracy is FAR (%)
(False Alarm Rate). The equation was shown in equa-
tion (2) with Ny is number of messages that false alert
and N, is number of incidents in this experiment.
Ny

FAR =+ x100 @)

5. RESULTS
5.1 Results of the identification of traffic inci-
dents

Required to use the data in the test, 1010 data that
have already passed the data preparation process.

MLP in the MPL incidence classification test. In
the test with real data, the incidence detection ac-
curacy was 67.75% and the incidence detection error
was 32.25%.

CNN in the CNN method incidence classification
test, the incidence detection accuracy was 91.47% and
the incidence detection error was 8.58%.

Bi-LSTM in the LSTM method incidence classifi-
cation test with an incidence detection accuracy of
93.53% and an incidence detection result of 6.47%.

CNN-+LSTM in the combining CNN method and
LSTM method incidence classification test with an
incidence detection accuracy of 94.06% and an inci-
dence detection result of 5.94%.
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Fig.8: Incident Detection Accuracy of LSTM.
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Fig.9: Incident  Detection  Accuracy  of
CNN+LSTM.

5.2 Categories of incidents

For the data tested, there were 503 data, which
were only incidence text data.

MLP in the MPL method incidence classification
test. In the test with real data, the incidence de-
tection accuracy was 58.90% and the error incidence
detection result was 41.10%.

CNN in the CNN incidence classification test. In
the test with real data, the incidence detection ac-
curacy was 85.29% and the error incidence detection
result was 14.71%.
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Bi-LSTM in the Bi-LSTM method incidence clas-
sification test. The incidence detection accuracy was
84.65% and the incidence detection accuracy was
15.35%.

CNN+LSTM in the combining CNN method and
LSTM method incidence classification test. The in-
cidence detection accuracy was 84.58% and the inci-
dence detection accuracy was 15.42%.
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Fig.10: Incident Classification Accuracy of CNN.
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CNN-+LSTM.
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5.3 Incident Severity Determination Results

For the data tested, there were 503 data, which
were only incidence text data.

MLP in the MPL method incidence determination
test. The MPL method has an incidence severity ac-
curacy of 44.14% and the error was 55.86%.

CNN in the CNN method incidence determination
test. The CNN method has an incidence severity ac-
curacy of 93.24% and the error was 6.76%.

Bi-LSTM in the incidence severity determination
test the Bi-LSTM method, with an incidence severity
accuracy of 77.92% and the error rate was 22.08%.

CNN-+LSTM in the incidence severity determina-
tion test the CNN-+LSTM method, with an incidence
severity accuracy of 86.25% and an incidence severity
outcome the error rate was 11.70%.
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Fig.12: Incident Severity Asccuracy of CNN.

5.4 Analyze the results of the experiment

In the test, results can be recorded to compare
the effectiveness of each classification model includ-
ing MLP, CNN, Bi-LSTM in incidence classification
and severity identification to determine their valid-
ity. Of the work after deep learning of each system
and a text-based test from Twitter for the classifi-
cation of 1,010 m ges, incidence n ges and in
1,010 there were 503 incidence messages to be tested
against classification and strength-identification pat-
terns. The results of the tests showed the overall
picture: the CNN-derived model test pattern had the
highest average accuracy rate of 93.53%. However,
when observed in the incidence classification, the in-
cidence classification model of only two groups from
the CNN-LSTM model had the highest accuracy of
94.06%. Need to Multi Class is a classification with
5 data groups and specifying severity with 3 data
groups. It can be seen that the model results ob-
tained from CNN are better, as detailed in the table
3

However, we can use Data Augmentation to in-
crease accuracy by remove no meaning word and
adding to balance message. The result will show in
Table 4.

Table 3: DR and FAR of Deep Learning Method.

DR FAR
oy 1 | ONNT = nf | CNNT
| _i‘u _(.\_,\_ fsm_ 18TM »,\ILP CNN | LSTM | Feryy
Detection | 67.75 | 9147 | 93.53 | 94.06 || 3225 | 853 | 647 | 594
Categories | 58.9 | 8529 | 84.65 | S1.58 1.1 [1471 | 1535 | 1542
[Severity | 70.1 | 85.04 [T8853°| 86.26_| 20.9 | 11.96 | 1147 | 13.74
{77 AVG | 65.58 | 88.27 | 88.90" | 8§8.30 | 3442 | 1173 | 1L10 | 1L70

| Activity

Table 4: Increase Efficiency of Learning Simula-
tion.

NI SW | MD | SWMD
LSTM | Patterns | 87.40 | 88.35 | 88.41 89.20
Severity | 90.07 | 90.50 | 90.78 | 90.87
CNN | Patterns | 84.70 | 85.05 | 87.22 | 87.89
Severity | 91.42 | 91.76 | 91.56 | 91.02
MLP | Patterns | 54.34 | 56.56 | 58.12 57.44
Severity | 70.54 | 71.89 | 72.45 75.37
CNN+ | Patterns | 85.99 | 86.25 | 86.89 | 87.20
LSTM | Severity | 86.26 | 87.28 | 88.20 91.85
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As the data of the incidence verification test data,
the various methods can be shown to compare the ac-
curacy of the methods in the incidence examination
of various characteristics as shown in Fig.13, together
with the visual representation of the error values in
Fig.14. In the test results, it was found that by com-
paring the validity values of the three different inci-
dence detection methods, the Bi-LSTM model was
able to classify the occurrence of incidence. And the
best identification of violence and the CNN and MPL
methods have decreased accuracy respectively. At the
same time, the CNN method has the best classifica-
tion capability, the Bi-LSTM and MPL methods are
respectively decreasing in accuracy.
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Fig.14: False Alarm Rate Comparative.

6. CONCLUSIONS

Traffic incident detection on Twitter social media
platform by detecting from a large number of tweets
via the Twitter API in this research the sample text
will be collected for review and detailed formatting.
By people who have expertise in traffic management
along with methods for preparing data with word fil-
tering, word wrapping, and word-to-numeric conver-
sion before being introduced into the deep learning
process. It includes MLP, CNN, and Bi-LSTM and
CNN+LSTM methods, using a three-method validity
comparison for traffic incident detection, Identifying

the type of incidence and identifying the severity of
incidents on Twitter in Thai.

The research will show that the development of an
incidence detection system. It is possible to choose
a method for detecting and discriminating various
forms of data effectively by co-processing between
methods. By learning CNN+LSTM with the best
incidence detection results with DR 94.06%, FAR
5.94%, while the CNN model of incidence was best
identified by with DR 85.29%, FAR 14.71% and Bi-
LSTM that well process on this pattern is the best for
severity of the incident was identified by DR 88.53%
and FAR 11.47%.

The experiment results indicate that for each
method of deep learning was proper with different
issues of incident detection therefore, the selection
method for solve the problem should be considera-
tion for work processing to find solution.
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ABSTRACT

Nowadays, the rate of road incidents is continuously increasing as a result
of the elevated capability of vehicle acceleration that increases the risk of
driver’s mistakes. Such road incidents directly impact the flow of traffic
in an area and affect the economy directly and indirectly. These incidents
also have an impact on society and the environment. Incident monitoring
and detection in Thailand is currently done by the responsible authority
through CCTV and traffic flow data from traffic flow measurement. Both
monitoring and detection have high operation costs. Online communica-
tion, on the other hand, has seen significant growth in the present day
resulting in a fast growth of online social media use for various character-
istic of communication, replacing telephone calls.

This article will present forms of incident detection from social media posts
that have been data-mined from Twitter with an autonomous API designed
to screen for messages related to incident detection. But there are an enor-
mous number of messages on Twitter. It will be difficult to detect only
content that is relevant or of interest. Therefore, this research presents a
collection of search terms that are related to incidence detection for the
TF-IDF, Word2Vec, and Markov Chain methods. This incident detection
method consists of 4 steps. The experiment demonstrated the ability of
the proposed method to detect incidents in Thai language with a detection
rate of 81.71%, and a false alarm rate of 10.85%, based on the top 5 ranked
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1. INTRODUCTION

Previous literature reviews related to incident
management by traffic information analysis to deter-
mine the location or site of incident, indicates that
most of the research focuses on application of various
existing traffic information formats. The practice of
such research started back in 2016 due to the rise of
big data to the Petabyte-level, combined with global
4G infrastructure development at the same time along
with 5G pioneering projects moving toward the fully
functional Smart City concept. One of the research
projects showed the rising popularity of E-bike usage
in China due to its accessibility, low running cost,
flexibility, and mobility, making it suitable for densely
populated cities. However, 30 to 60 percent of road
incidents involve E-bikes. Approximately 70 E-bikes
were stolen on a daily basis in Wenzhou, so the gov-

ernment had to install low-energy transmitters on E-
bikes that work with stations to track the stolen ve-
hicles. Xiaoxia Jia, Peng Cheng, and Jiming Chen [1]
developed an analysis and visualization system that
aims for E-bike monitoring, mobility analysis in a web
application framework, user behavior analysis, speed
monitoring, and E-bike movement using the Mapbox
API. At the same time, Wei Peng et al. [2] researched
platforms for traffic management using distributed
storage and parallel computing to monitor drivers’
behaviors and interpret traffic status for relevant in-
formation. Parallel computing and clustering helped
improve responsiveness in search and analysis of the
large amount of data. The parallel computing clus-
ters utilized Flume and Hive’s database system and
Apache Spark, similar to some other research. Wei-
jian Sun et al. [3] researched specific mobility charac-
teristies of 4G cellular network users and stated that

L2The authors are with Faculty of Engineering, Rajamangala University of Technology Phra Nakhon, Thailand, E-mail:

Korn.p@rmutp.ac.th and Natworapol.b@rmutp.ac.th
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at present, the mobility of users could be tracked from
call detail records (CDR) or Wi-Fi while the users
make calls or text messaging or use the Wi-Fi tracking
function. However, it does not allow the researcher to
access or understand the mobility of large-scale cellu-
lar network users, so the research aimed to specifically
study the difference in mobility data obtained from
a 4G network compared to those from CDR and 3G
networks through processing of 6 Terabytes (TB) of
big data from a 4G network. The result produced
was more detailed than data obtained from CDR and
3G networks in similar research. Xiaoxia Wang and
Zhangiang Li [4] compiled visualization and analy-
sis tools developed from previous research on smart
traffic systems into an integrated platform and tested
them with traffic data of Beijing, China, for assess-
ing capability of big data processing. The test used
the A* Algorithm for analysis. Moreover, research
regarding traffic data was also developed into other
uses by Zhiyng Cui et al. [5]. They improved the
DRIVE Net developed by STAR Lab (US), an online
digital roadway interactive visualization and evalua-
tion network that provided data about traffic infor-
mation on various roads. The improvement included
“multi-sourced travel time analysis” with capability
to display results in more formats. Mass transit data,
motorcycle drivers’ data, parking lot data, data from
Car2go, shared data from various sources, and other
data was collected, analyzed, and visualized through
data analysis within the same year. Satyannarayana
Nandury and Beneyaz Begum [6] investigated traf-
fic system data handling in smart cities. They stated
that handling big data from instruments, sensors, and
various IoTs was becoming a challenge as the over-
all architecture of the system remained unclear. The
SWIFT architecture was designed to serve as a con-
nection between smart objects, smart devices, and
smart systems. The research presented an experi-
ment where the SWIFT architecture was tested with
a large collection of traffic information data to deter-
mine various parameters such as traffic density, traffic
signalling, parking management, navigation, and ve-
hicle pollution monitoring.

On the other hand, other research about utilizing
social media to navigate traffic information big data
started back in 2013. Duckwon Chung et al. [7] pre-
sented an architecture used in massive real-time traf-
fic information big data distributed complex event
processing (CEP). The processing used a NoSQL
database utilizing Hadoop and HBase to collect and
analyze data from the California Highway Commis-
sion. The assessed data came from the performance
measurement system (PeMS), collected from loop de-
tectors, including speed, flow, occupancy, and from
the TASAS (traffic accident surveillance and analysis
system) which provided the coordinated date, time,
characteristics, severity, and number of vehicles in-
volved in incidents during the past 10 years. The 1

TB of data was used to summarize the probability
of occurrence according to the upstream and down-
stream velocities, divided into intervals of 5 mph.
The probability would then be tested in predicting
future occurrence in I-880N highway, California. In
the following year, the same process was repeated in
Korea by In Jung Lee [8]. In 2015, Shen Zhan et
al. [9] presented a methodology that combines La-
tent Dirichlet Allocation (LDA) with topic wording
in text strings and document clustering to visualize
the significance of each specific word of varying sizes
to categorize incident reports in Twitter. Currently,
there are approximately 200 million active users of
Twitter and about 500 daily tweets. The first 3 words
that would imply than an incident occurred were “ve-
hicle”, “driver”, and “tow”. The second words that
would imply the situations were “call”, “check”, “as-
sist”, and “push”. This research was tested in Seattle
with DBSCAN algorithm, and the reports covered
an area within a radius of approximately 600 meters
from the site of incident. Tt was also found that the
denser the area is, the closer the reports would be
related to the site of incident. Theodore Georgiou
et al. [10] summarized a collection of tweets related
to traffic in areas of interest that contained relevant
keywords such as “this traffic” or “on my way” in a
time-based grouping called “Social Volume”. The so-
cial volume was then compared to the actual traffic
volume of California freeway I-405 and it was found
that the interpretation was similar and contained a
linear relationship. The ratio between traffic volume
and social volume was grouped based on time pe-
riod in a model called the “shift-based model” that
allowed the traffic status to be measured with lower
investment. Mochamad Vicky et al. [11] presented a
design and development of natural language process-
ing for Indonesian to distinguish words and interpret
texts from Twitter with a tool called Twitter APL
This was an important origin to the trend of design
and development of incident detection from social me-
dia without installation or investment in additional
instruments to obtain optimal benefit out of the sig-
nificantly expanded social reporting volume.

2. DEFINITION AND CLUSTERING OF
DATA

2.1 Clustering of News and Incident Reports

As a prerequisite, the data must be categorized and
clustered into 2 groups: news reports and incident re-
ports [12]. The process of data collection must also
include the status of the report to indicate whether
it falls into either of the clusters as described in Ta-
ble 1. The test must also account for the accuracy in
distinguishing between news and incident data.
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Table 1: Traffic Relevance Determination.

Index | Interpretation
0 News Report

Description
General updates that are not
relevant to traffic or are
outdated such as public
statements of organizations,
local activity announcement,
or posts about old incidents.
1 Incident Report | Reports about traffic-
relevant incidents that are
current or reports about
resolution of such incidents.

tional 0™ level for an unidentifiable level of severity.
A further description is given in Table 3.

Table 3: Severity of Occurrences.

Index | Interpretation Description

0 Uncategorized | Occurrences without
severity level or without
clear event descriptions,
making them unable to be
categorized in the data
collection process.

2.2 Clustering of Occurrences

Reports from different sources usually have differ-
ent formats. From past research, it was found that
the researcher could categorize the reports into 3 clus-
ters [13]. In this study, the author has defined refer-
ence “0” as undefined incidents to be excluded from
the learning process. A further description is pro-
vided in Table 2.

Table 2: Categories of Occurrences.

Description
Occurrences unable to be
categorized.

Traffic volume or flow
reports that affect severity
clustering but do not
describe the cause of the
traffic volume or flow
observed.

Undesired events
resulting in temporary
obstruction such as car
crashes, breakdowns, or
fallen objects.

Natural occurrences that
slow down or obstruct
traffic flow such as

floods, fallen timber, or
mudslides.

Occurrences that affect
road surfaces requiring
the drivers to adapt or
decelerate such as holes
and maintenance
blockage.

Other Other occurrences that
could not be otherwise be
categorized such as
demonstrations, building
collapses, and roadside fires.

Index | Interpretation
0 Undefined

1 Traffic

2 Incident

3 Disaster

4 Potholes

o

2.3 Clustering of Severity

This study categorizes occurrences into 3 levels ac-
cording to other past research [14-15] with an addi-

1 Normal Low severity occurrences
with no effect on traffic.
Occurrences with
moderate severity that
affect 1-2 traffic lanes or
cause traffic flow
slowdown.

Occurrences with high
severity that result in total
blockage or an area
locked in a standstill.

2 Intermediate

3 Lane closure

3. INCIDENT DETECTION PROCESS
FROM THAI LANGUAGE

The incident detection process from Thai language
utilizes natural language processing like that which
has already used in various languages around the
world, but adapted for use with Thai language. There
are multiple instances of NLP research for Thai lan-
guage and more research being conducted contin-
uously. Thai language is considered a continuous
script without spaces or sentence terminators. Data
is mined from messages on the Twitter platform. One
of the ubiquitously used methods is to create a vocab-
ulary from the frequency of words related to traffic.
It was expected that there would be a large number of
words involved and that a relevance checking method
would be needed.

3.1 Message Collection and Recording

Data is collected from the Twitter accounts that
regularly and mainly report about traffic situations
such as @js100radio (an online extension from radio
traffic reports with over 3 million followers), @Traf-
fic_1197 (a twitter account under supervision of a
traffic police department with over 20,000 followers),
and @fm91trafficpro (a twitter account of the com-
munications police department with over 2 million
followers). The data was collected during the period
from 5 February 2021 to 23 March 2021 with Twit-
ter’s support by letting the developer access tweets
through tools using the Twitter API. The data was re-
ceived in the form of JSON-Objects comprising 3,400
messages. The data was then clustered according
to each message’s nature using features such as rele-
vance, categories, and degree of severity.
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The messages for processing were analyze by ex-
perts working on traffic surveillance in Thai gover-
nance such as Inter - City Motorway Division, De-
partment of Highways (DOH), and Expressway Au-
thority of Thailand (EXAT). To see how messages
were categorized, the message groups before starting
processing are show in Table 4. Table 4 shows the
example message in first column, traffic relevance de-
termination in R column, categories of occurrences in
C column, and severity of occurrences in S column,
respectively.

Table 4: Ezample Grouping of Messag
M R|C

16:52 i Fand enmstusiadiios ynegdulugann | 0 | 0 [ 0
HADNITUDARTGARTY 90% HITITINsHWAlne #FM91

w

13.56 “pyasoianu’ .vvaledu Heveon Waudeasa | 1 1 1
indoudafh aumnUIuRIIeT "Mevuu® tinmadies
won faudialasiidn #5100u93193 #FM91

18.04 nuuususwwﬁm\ﬁnﬁmq aumdatu sansruy 1 2 2
wuy soifsdnaypna dommaiou udhe fdwiiud

10:35 unimouuamanin thngesumalng 1 312
22,50 ouuTWBUNs veen Hemsetm wdwwng # | 1 | 4 | 3

WAy wanunsaisaliiin £0a

n1s95esilsvienn udand sabildiauarulud swdh
MIVTIVT YEA0iI // #FMI1 #310aNAT195

01:18 wdag@Amsganganniy auvaiu adwauadows | 1 510

AusoMeIwNsinTae 8 Au / #FM91

3.2 Word Tokenization Process

The raw data could not be used instantly be-
cause it existed in long continuous sentences. In or-
der for the machine to be able to analyze the data,
it needed to be tokenized. The word tokenization
was done by a Python open-source library called
PyThaiNLP which worked similarly to the natural
language toolkit (NLTK), but the PyThaiNLP could
be used for Thai language. Apart from tokenization,
PyThaiNLP could also complete other tasks such as
word correction, word categorization, and ordering.
This research mainly utilizes the tokenization func-
tion or “word _ tokenize(string.engine)”. The parame-
ters are “string” (the data to be tokenized), and “en-
gine” (the method to be used in tokenization). A
sample result is show in Figure 1.

>> message « “aufuiisnadninis vsousmnduiuinenesruladadivees vindu 2 au”
>> textCut = word_tokenize(message,engine='newmm’)

‘i souse B, e i nene, v, Tnd,
o)

Fig.1: Word Tokenization by PyThaiNLP.

3.3 Text Filtering Process

A string consists of various letters and symbols
that do not affect the processing such as ‘f’, “ /7, and
various URLs. Such components are not needed in
NLP and must be filtered out. This research uses
regular expression search on the filtered text. It can
be seen from Figure 2 that only text that included
numbers 0-9 and Thai letters of n-8 and e-« remained.
The third section is a grouping of word cloud and
term frequency.

ao.wugiavaniAnely o Ancdaladn 19 sngquawraidioan o1 1! dauagioodasaa
uminInAaniIaY #FM91 #dauAniiius #anidaTadn #dquaviaiilvunn #1ain19

[an’ W', e, T, 0, tmmiat, ‘amide’, 'Tada’,
b, 19 gua’, ‘¥, udown', Y, g
', deun ‘wawminan’, ‘aeoniaen’, Y,

1t idwat, #, thadat, ‘Taiat, 'Y, e,

L, Tadet, f197]

. v,
‘dua’, '¥aa’, "ifiswn’,
10.00 nigauivn 479 W19 TEA Ve 3
aans Dnin An Aaougs 18 sewaw naaa
5 119 3.7, i ATund ge ndvan 16
WU MIRIIeTRAER I0RR

Aaund g nduao W sewu dw
n andin 10.00 nagaaAiwn e A
W S aaps Dndn An mrmge 16 ax

Fig.2: Text Filtering for Pre-processing.

3.4 Term Frequency Determination

Term frequency determination was used to find
the most frequently used words. This research fo-
cuses on word combinations that imply road inci-
dents. 70% of the data was sampled to determine
the term frequency related to the aspects of inter-
est. Table 3 shows the data clusters with words and
their relevance. Table 4 shows the data clusters with
words indicating categories of the occurrences. Ta-
ble 5 shows the data clusters with words indicating
degree of severity of each occurrence.

Table 5: Word Relevance.

No News Report Incident Report
Word Count Word Count
1 uay 465 uen 986
2 ain 436 S0RAR 831
3 L) 328 gURMR 830
4 100 255 NITI 646
5 M3 244 N 614
6 w0 234 95793 597
7 9N 218 WY 531
8 am 203 Lzu) 529
9 Ul 202 103 526
10 100 197 wdouin 493
11 i 194 W 479
12. 2564 179 fu 477
13 Huit 179 arnu 476
14 n 178 i 379
15 ondalml 177 un 361
16 wou 177 08N 355
17 m 168 Au 321
18 uih 161 N 289
19 i 158 i 288
20 w0 156 iy 285
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Table 6: Word Categories (3 of 5 Categories). vl "“’““nna,W,ﬂf]iq]S’]QS
(137 nivag,, U m
NG Traffic Incident Disaster wo bl ﬂ’] gUDNNIY
Word | Count | Word | Count | Word | Count |“g'[v(
1 uon 335 | qvfmg | 830 L) 4 » ﬂ‘j U 'Y fiadu
2 WNI 229 usn 589 . 4 W Ry
3 e | 216 309R 580 | wwiw 3 Py [} a m ? E
4 3080 215 | s | 545 ™ 3 ‘
S [ v [ 165 | wn | 540 | wy 2 ) 1 45 i mr] ¢
6 A 147 L) 524 dwa 2 no s 1400 u’] " ALy
7 BN 143 RN} 478 viou 2 5 ,] V] rg gJ 1 i
8 | ww | 140 | fu | 466 | mwm| 2 u 1N U 3 L’g m
9 | of | 130 | ® | 431 | dm | 2 o YOIV V1929 vt
10 avau 125 | waowh | 430 12 2 h '
11 ann 118 i 316 | wn 2 Fig.5: Word Cloud of Disaster Categories.
12 n 93 A 291 aon 2
13 | vheum 91 u 284 145 - -
14 T 79 N3 274 h 2
15 un 78 | wwm | 267 te 2 Table 7: Severity levels of words.
16 | awenim 73 un 251 o] 2
17 | wevm 68 fiou 231 o 2 No Traffic Incident Disaster
18 n 66 o] 225 m 2 Word | Count | Word | Count | Word | Count
19 12 55 ) 220 | toms 2 1 uon 335 | auFwm | 830 i 4
20 | mevws | 54 mew | 218 nn 2 2 W 229 wn 589 L 4
3 | vwou [ 216 | odn | 580 | iwim 3
4 S0AR 215 | mwvwes | 545 L] 3
5 wwih 165 L] 540 gy 2
= . N v 6 o] 147 Eee) 524 i 2
16178 F g = 7 | woon | 143 | i | 478 | ew | 2
2 8 Vi 140 i 466 | nmavws 2
o 2 m ﬂ 9 [ o | 130 | % | 431 | d&w | 2
: a2 ﬁ| 10 | s | 125 | wiowh | 430 W 2
8 yole 11 wnn 118 #u 316 mn 2
12 in 93 avvu 291 aon 2
Glj f] L6(J ’1 13 | sihwum 91 ffu 284 145 2
R 14 [ dw [ 79 | wm [ 274 | & 2
8L ! § 15 e 78 swu | 267 thy 2
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Fig.3: Word Cloud of Traffic Categories.
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Fig.8: Word Cloud of Lane Closure Level.

3.5 Term Weight Determination

Term weight determination was used to group
words by word weight to find semantic representa-
tions of text by converting the word or text of interest
to a mathematical form, such as a vector of words in
text. Using the word2vec techniques, similar vectors
mean that the words have similar meanings. For ex-
ample, accident, parking, and traffic jam have similar
vector values, as shown in Figure 9.

T
o
[ P
v iy fro—
.
ot gty n
g, M,
sk L) n-m'h' e, W
o e Waromenn |
v ot er il o
8 il ™ e “mr
I e s, "
e war B "
R e

Fig.9: Word Vector Technical.

3.6 Term Probabilities Determination

Term probability determination was used to find
the probabilities of link words with the Markov Chain

method. The Markov Chain method finds the prob-
ability of the next word by matching the next word
using the previous word. Which can be described
as S = {5,5,53,...,5,} where S is probability of
continuous group word and S, is sequence word as
shown in Figure 10. This will find the number of
most frequently used words from Table 8 showing the
number of most frequently used words.

- o
U, 'a9e’, 'oueT, ‘aeww, ‘v, wrasia]

[qUAvMR, 'Y, 'ATIR’, ‘MBan’, 1ad, MY, 'sonTeuy!, ')

[qumg, ‘wwaluy, ‘v, Uinsew', dnayana’, 'Useg', ‘B0, '93193)

Fig.10: Match to Find the Probability of the Next
Word.

Table 8: Severity levels of words.

S Si S, S3 Frequently
vinn L) wanin o) 3
" i npen - 2
wm N - 1

URMR v yvalsy 2
Tenn oy 1
YU oY 1

TN Hw 1

ety e - 1
i 1hrwoy 1
ey Fuyera 1
g T 1
T e

3.7 The Process for Selecting the Best Search
Terms

The process of determining the best search words
uses the best word test results to detect incidence and
to distinguish patterns. To choose the best word, this
research compares the grouping of words using three
different methods. That consist of the method as be-
low.

The TF-IDF method can generate the best pos-
sible event to detection term in 6 formats consist
of traffic relevant, traffic incident, disaster, potholes,
ete.,

The Word2Vec method can generate the best
severity level of an incident. consists of Normal and
Lane Closure.

The Markov Chain method can generate the best
severity level of an incident for one pattern is Inter-
mediate.

The best terms are selected for further use in the
process of detecting and distinguishing incidence pat-
terns as detailed in Table 9.
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Table 9: Word Detection Technique Comparison.
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tection group of relevant occurrences, categories of
occurrences, and severity of occurrences. To find the
I ge group that is proper for detecting an incident

. Word Detection Technique (%
Detection Group |—rp> o faver | Markov (Ch)ajn
News 85.50 85.20 80.34
Traffic 52.80 52.40 51.00
Incident 72.16 72.00 71.12
Disaster 88.82 87.53 54.53
Potholes 82.10 75.54 44.85
Etc. 57.05 55.96 54.67
Normal 55.80 61.43 48.90
Intermediate 67.00 64.21 68.00
Lane Closure 52.40 53.47 50.54

4. EXPERIMENT
4.1 Hypothesis

The term frequency is tested to determine the op-
timum word number to be used in Thai language for
data clustering according to the data type. This ex-
periment uses 70% of the data for term frequency
determination and the remaining 30% of the data for
testing. Twenty words from each cluster are then used
to generate the processes for word search. The experi-
ment is divided into 3 levels: 1. Determining whether
a keyword exists in the string; 2. Keyword selection
from 1 to 20 keywords per set. All keywords must
be used in a completed round of test; and 3. Key-
word selection from 1 to 20 keywords per set to de-
termine condition that provide the most accuracy in
each round of test. The accuracy ranges from 10 to
100 percent. The test is done in 3 clusters. Cluster
1 is used to determine the relevance of occurrences.
Cluster 2 is used for categorization of occurrences.
Cluster 3 is used to determine the degree of severity
for occurrences.

4.2 Performance Benchmark

In this experiment, the performance of each
method is evaluated by using two parameters which
come from the Detection Rate (DR) that measures
correction of incident detection. The calculation is
shown in equation (1), and the corresponding False
Alarm Rate (FAR) is shown in equation (2). D, is
number of incidents detected by this method, Dy is
the number of incidents of this experiment and, N; is
the number of incidents in this experiment.

D'n

DR = D, % 100 (1)
J

FAR= Y %100 @)
Dy

4.3 Results

The test is done in 3 clusters where cluster 1 is the
determination of the relevance of occurrences. Us-
ing the three test methods, Table 9 shows the de-

with a condition, the test collects groups of messages
of 20 words for each detection. For the detection pro-
cess, it does not need to test with all words. To de-
tect and categorize incidents into a message group,
this research tests by increasing word every testing
round starting with 1 word until 20 words are used in
the last testing round. Each test uses the main three
methods which are the “some keywords method” (de-
tect the message with 1 word in sentences), “all key-
words method” (detect the message with all word in
sentence), and “ratio keywords method” (detect the
message with word ratio in sentence such as 50% de-
tection in 10 target word in sentence that means 5
words should be detected in this sentence). The eval-
uation in this research considers all three methods for
indicating the highest performance processing auto
detection.

Result (%)

1.2 345678 91011121314151617 181920
1 Word

Fig.11:
words).

Incident Detection Result (Some Key-

Result (%)
3

123 4567 8 91011121314151617181920
‘Word

Fig.12: Incident Detection Result (All Keywords).
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&

12345678 91011121314151617181920
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Fig.13: Incident Detection Result (50% Ratio).

Cluster 2 is the categorization of occurrences based
n 5 main characteristics. The incident detection re-
sults from searches where at least 1 term is present
are displayed in Figure 11. The number of keywords
that result in the most accurate output is 5 as demon-
strated in Figure 14. Figures 15-17 show that the op-
timum term frequency is 5. Figure 18 shows that in-
cident detection results from searches where all terms
must be present are significantly less accurate. The
traffic status report accuracy is optimal at 3 keywords
without the ability to detect or categorize the text
string. Figure 19 displays the result of detection with
ratio. The optimal result comes from 3 search terms
at the ratio of 30%, as show in Figure 20.

123 4567 8 91011121314151617 1819 20

‘Word
Fig.14:  Categories: Traffic Report (Some Key-
words).
100
% DR “=-FAR
80
70
- 60
§so
3w
- 30
20
0 ;7
0 ¢
1 234567 8 9 101121314151617 1819 20
‘Word
Fig.15: Categories: Incident Report (Some Key-

words).

Result (%)

1234567 8 91011121314151617181920
Word

Fig.16:
words).

Categories: Disaster Report (Some Key-

—
1234567 89 1011121314151617181920
Word

Fig.17:
words).

Categories: Potholes Report (Some Key-

i i8-8

g

Result (%)
&

30

1234567 89 1011121314151617181920
Word

Fig.18: Categories: Etc (Some Keywords).
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Fig.19: Incident Categories (All Keywords).
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100
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Fig.20: Incident Categories (30% Ratio Keywords).

Cluster 3 is the result of the detection of text
strings that indicate the severity of occurrences, di-
vided into 3 degrees. Figure 21 shows the result of
detection of occurrences that do not impact the traf-
fic with the optimum of 5 keywords. Figure 22 shows
the result of detection of occurrences that moderately
impact the traffic with the optimum of 5 keywords.
Figure 23 shows the result of detection of occurrences
that result in total blockage of traffic with the opti-
mum of 5 keywords. Figure 24 shows that the opti-
mum for searches where all terms must be present is
also 5 keywords. From the test, the optimal result
comes from 8 search terms at the ratio of 30%. as
shown in Figure 25.

10 —e=DR e FAR

123 45678 91011121314151617181920
Word

Fig.21:
words).

Incident Severity: Normal (Some Key-

~-DR +-FAR

12345678 91011121314151617181920
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Fig.22:  Incident Severity: Intermediate (Some
Keywords).
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Fig.23: Incident Severity: Lane Closure (Some
Keywords).
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Fig.24: Incident Severity (All Keywords).
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Fig.25: Incident Severity (30% Ratio Keywords).

Table 10: Incident Classification Results.

Amount of Incident Classification (%)
Word Categories DR (%) | FAR (%)
! Traffic Relevant 10.34 74.13
Traffic 43.54 1.79
Incident 99.80 33.33
Disaster 4.37 75.56
Potholes 1.19 16.67
5 Traffic Relevant 18.09 76.36
Traffic 56.06 31.39
Incident 55.47 99.12
Disaster 7.95 86.89
Potholes 62.62 97.78
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Table 11: Incident Detection Results.

Amount of Incident Detection Event
Word DR (%) FAR (%)

1 39.96 9.46

2 63.02 6.49

3 71.57 7.46

4 76.34 8.57

5 81.71 10.85

Table 12: Incident Severity Results.

Incident Severity
Categories An{(\)g:l(tl of DR (%) | FAR (%)

Normal 1 99.55 99.55

2 100.00 99.59

3 100.00 99.60

4 99.21 99.60

5 97.65 99.61

Intermediate 1 15.57 53.36
2 43.10 45.81

3 58.92 45.00

4 66.52 39.06

5 75.06 36.74

Lane Closure 1 26.56 64.10
2 22.78 85.32

3 17.78 91.96

4 11.94 94.74

5 8.44 95.12

Table 13: First Five Words for Incident Detection.

Detection Group Word

Traffic Relevant | uen | sofin | quig | meomes |
Traffic uon | vees | vmem 069 nidh
Incident quiem | wen sofe | pmwes | on
Disaster 4 n U ) Yy
Potholes Roi) Un usn e | ndh
Etc. P 4 | e | dum wn
Normal quiwm | uh ™m a v
Intermediate aURw | soda wn | mwews [ 9w
Lane Closure U Rl usn TRV

4.4 Analysis of the Results

In the experiment, the 20 most frequent words
were taken from a grouping process using various
methods. Each method was fed a specified group of
words, and produced a specified pattern incidence,
a classification of incidence patterns, and the sever-
ity of the incident most accurate was employed to
test the efficiency of detecting and distinguishing dif-
ferent types of incidence patterns. This experiment
confirmed that the messages received from Twitter
as incident messages can be used to determine kinds
of event and how severity. This is done by checking
whether the message contains words that come from
a given word group or not. It starts with a test on the

condition that if there is only one word in the text, it
is considered an event or event pattern according to
that word grouping. And then gradually the words
checked increases to 2 and 3 words until all words are
processed. The test results are shown in Figures 11
to 25. The test results show the effectiveness of the
method. Using a wide variety of different number of
words. In Tables 10 to 12, from the above test re-
sults it can be concluded that using five words from
a group of words ranked by frequency can best iden-
tify and distinguish the patterns and severity of the
incidences, as shown in Table 13.

5. CONCLUSION

This research proposes incident detection through
the method searching text messages from Twitter so-
cial media by selecting the words used in the search
based on word frequencies, using TF-IDF, Word2Vec,
and Markov Chain methods. This gives appropriate
word groups to find and distinguish events to lead to
incidence detection. Using four processes that consist
of: 1. Data collection and clustering; 2. Data prepa-
ration by filters; 3. Compilation and ordering of key-
words related to incidents; and 4. Determination of
the appropriate number of search terms for incident
detection through social media posts. The search re-
sults can be used for analysis and determination of
road incidents. The method determines whether they
are relevant or not, are of what category (such as traf-
fic slowdown, incidents, disasters, and potholes), and
how severe they are based on 3 degrees of severity:
normal, intermediate, and lane closure. The determi-
nation could be done by determining the frequency
of keywords and grouping them in Word Clouds to-
gether with comparison of the ratio of appearing key-
words. The most accurate setting will result in anal-
ysis that can be used to report incidents through a
single reporting platform to the public.

The results from the experiment show that the pro-
posed method can use the collected key terms to de-
tect and categorize the terms with a DR of 81.71%
and a FAR of 10.85%. This research contributes to
the development of natural language processing, es-
pecially in regard to road incidents and traffic condi-
tions. It will serve as an important steppingstone for
future research that might need to use word clouds for
language processing. Fast and effective data mining
about road incidents on Twitter will help reduce time
for data preparation and analysis for future research.
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