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dansgaliniuasnguuszinaglsy wansyudmsulszmalnednuasuidouasssuy
mw%’uqﬁ’ﬁmmﬁmwswiﬁaﬂa'né’aﬁaduﬂuﬁaﬂmLLasLﬁuémﬁﬂfjuﬁ'ﬂ%é’smaé’ﬂu
Jaanssuasasidviantsineieaindulildlunasdimatuladfend1annusegnaldly
Uszina Tnglungl fuRdeganifinernmsnsivisaniwmsasasaygnitansanifudeyaie
Fyramuunarlidewias (Discrete-time - signal) Hunadaniemiimnssilssnana
dyanuuas Yy szdes ssdulsslovisgrananlunisdadoyaniaesnasunionis
UsznanaionisudianiugvasanivenasuwininuuilaulnivseinUnfieensls uag
Srennsasuundnuasp g iRnsaiTiRatul

Pnmsfnwenideitaiauelu/ ) dslsniiatedanassulunsnsiadukazsuun
SnunevesanInaTasiRaUng (Andmaties) uanslnss e 1.1 Tnglideyaidganiaun
ﬁugmmmmsﬁmm‘?aaaﬁ (Statistical)

{ya}. Temporal microscopic vatiatles
{r'ak Upst microscopic varisbl
¥ ): Downstream microscopic varables

{Eto), 9y }: Statisties €y, Covariance matrix for
for temporat change spatial change detsclion
detaction
Anomatly
Classification
o1

& 3
Anomaly/f/)etedian i Emmm

i Docompostl

Ag: Smallest

{n): Alerms
times of Spatial

T1.
fn changes

Alarms times of
Temporal
changes

Y

Anomaly Detection  Anomaly Classification Outcome
Outcome wy: Transient Anomalies /
Anomaly / No Anomaly tncident Precursors

dl o/ acp o/ ° LY o ado
U7 1.1 Sanesulumsanisdunashuundnunzvasanimasasiilaundineuslu (1]



ﬁnﬂgﬂﬁ 1.1 wandauRe9ane3sdlun1n 19 ULaZ I UNE N BUEYDIHNNITIRT
fiReundTiiiauely [1] %wzmﬁamﬁLﬂ3wzﬁﬂwsLU§'auLLanaa‘ﬁayjaL%w‘f%mﬁa—l,%qr;a']
(Spatiotemporal) luguuvuvssuuudansmuvnuiueaud (Bayesian theorem) ludnweuz
AsaruLUaIAIALLUTUSIY (Variance)  d13un13ns2aduaiuiaung (Anomalies
detection) Faaeininsideutrsdudeulasiamdmiumniluszgndldauiuunatais
(Real-time) .

Tunuisefindedulainsiwmaianedutygssavgunlddunalandnlunis
psrafugtiimanifiaaundldgninauslu [2-7] FaflanAdelu [2-3] thlaswedszamiion
(Artificial neural network: ANN) sldlunmsasiadunisiingiinisalniensnes uideyams
asassuunndndufiazdesgminnldlunssuiumsaey (Training) veslassneyssam
Wy wldndsefivnauely (@ Madniswlasamdafiuviisunldsiudulaseng
Usgamifiealunsnsiaduuasduunauanisnn1aeas

Mean STD STD, STD
inter-vehicle | relative Inter-agrival Vnter-degarturse
Spacing speod . fime fime

FEATURE
EXTRACTION

Raconstructad Signals:
y(re)

; ] FEATURE

CLASSIFICATION

Raw Deceision Oultpiif:
{011]! 02”}

L oBisati ANOMALY
Afarm Times
of Anomalfes

,
— T AMOMALY
[ { G l«-———— CLASSIFICATION

»
Transient Anomaly ./
fncident Precursors

JUT 1.2 danestuluniserdularduundnuazesanmanasiiaunifiiiauslu [4]

93Ut 1.2 ansunufwesdanasialumsasiaduuarduundnuaresdnnasas
fReunAfiiwauely [4] ssfuldinalavdnvesdanessuesldlaswreyssamiioalneil
fofreamnsadoudaninguiuuvesdygald (Pattern recognition) usniideidedalsl
annsaesungliilaswiessannidisniinsdnduladeldldundeinevetials vl



sl [5] Winavesanessuililunsasadugtinisainsesasuuiiuguesssuy
ayINUATINEARULASE (Fuzzy Inference System: FIS) unumslilassiredsvamiten B3
annsadnduladielilfndineudmiudeyaiiirurauadeld Tnanunsauananiaii
pssnsaguaTeuldiudeyamenasléfiogud 1.3

+Norma: O Abnormal

VERY LARGE

LARGE

YEDIUN

SHALL

(g 86 90 100 110 120

speed change /(&)

SHALL™ MEDIUE LARGE

U7 1.3 ahnssnzaquies e ldiudeyanisenasiiduaus |y 5]

23U 1.3 Wmmimssnzaguaseuldiudeyavisasesitinaaly (5] sudiuléid
dnwarvosdoyaundilagansanlaaanivesaiuuafy, (Normal) Aufiaund
(Abnormal) & wafiiifeyaursdiuddeuiuiuegmbindsmnamlde in Wethnssne
aguaTedeaztrglumsdedulaneldnainlaiuiuovye sieya Taeldndnnsidouuuuds
auRnvesyud liahilulduasafayinlissuudamidume Jusslumssndulaite
asIvduuarUsvenadntwasiasly ueneindadeidauenountiiu (671 Aldhszuy
syanuasineaguaieinlilunisasiaduanmesasiunifaunidne uilunsidenld
$ruruvessauUseesiiimaldfussluiiinasedssans nmeasssuuie Tnsnuided
Wnauelu [5] Iddenldiudsmaamasiludunmditau-d iy ilvissuuiianududeuly
nsUstnanauinndt seiulueuidefilihauetiuasenddeiiauenouniilu [6-7 as
Wsuusmaasasiluduymiies 2 diidy wesauifeiiiiausildinuisesanain
miideihhdeuniilu [6-71 Tasududsunalavdnvesssuudassuvavanunsaioudan
Snuaszvestona (Learning form data) vlWasuuannsaususals suielffinsusgndld
msudasnidaiiiuniig (Discrete wavelet transform: DWT) wniaslumsainamudnees
iwuvasdieya (Feature extraction) eenaindeyaduatiudsdimuiuriuvesdoyastinn
(Fluctuation) waztasandaeyaisunau (De-noising) Mugluinnfudyg uduadulign
vuaueliluenans (8-91 Fslumathmsulasaddafiumbesnlifussuuithauoandu
syuuanadularduungiRnisallulamunmdalaglifinsduassindu (Synthesis) e



Y

anmadudeuesssuuiiasanndunudeyaanatezansainauidel (4] fiRarsandeyai
gnulaslidafumbeuaginnisdaaneideyandulieglulanmnan

fefunmAteiiejuiuluinniauessuuienatuuassuungiinisainimsas -
vutssauuegedrluiRiienisuimsdanisdmiumhsnuiiisdeduanilugnisudly
ioussmniamnisesesiintumuiiosnglulssmalagianiznsunmwumuas 113
mm%’umﬂﬁﬂqﬁamizﬁuuﬁamuﬂﬁasmﬁuvhqﬁﬁ]z‘tiwv‘iﬂﬁ'l,a’a’mﬁﬂﬁLLawﬂ’Jamuﬁ
Rerfasannsavimsinnisuazaniunisedadgmiiinduldogiaifiganouiinis
gifnsalfinaneziilugiguinianasinde Tngszuuiidnauslunuddeildnaia
masullggussivg (Artificial  Intelligence) ‘uadszuuaqmumiﬂzﬂqmLﬂ‘?auug’lu
Taseneususild (Adaptive Neuro Fuzzy Inference System: ANFIS) saufiumatianienu
msUseulanadgyad (Signal processing) Aanasudaanvidaiiuming (Discrete Wavelet
Transform: DWT) Tun1stsuenaniiasasiiuniuasdnmaznasiiiauni dmsumssiuun
giRnsalmeaaserinsahdnvagdyninlesdayamenismAlsgaus1eds (Threshold)
wazsuunanvuryeeUAnsaMuU Lane blocking I 3-wUUfe-1 Lane blocking, 2 Lane
blocking ag 3 Lane blocking

1.2 I99UszadAvaIN1IANeT

1) YIEuowin o ankULEEAS 9IS YIRSV ULAZAILUNgURAN SAIN 199519 THUY
SaluiPfiaaniadalutszgnaldsnulinsysmsdanisasnesidlunuuiniass
Smdurthsnuineades Weldlunisnuu wilssazusam Jgmndiinain
gUEmsmimaasesasthlugligmnisasnasindn

2) efinuiazihanudiatamsnunisusyinanadagralagldnisudacanida
Wumhedethsatnionanansussutavesteyalyiusingeeniniazy uan
fyausuniuandgyainiuatule

3) ieAnuilasiiiudimadrmenuiiyanussiviunlilunsesnuuunazadis
syuuRTIiUaN eSS ANty

4) @nw138n15lun1sduunaURNAs VN SIS Luudalul@anle38n19m1enns
Uszanaradiyg s iunumsiaTsianeasdnainuetays

1.3 UBULIANIUIY

WleUsuananmasasiund/Aaund uazduundnuwnzgiinisalniesiasuuu Lane
blocking Iﬂﬂi‘ﬁlﬁgﬁayjm%ﬁﬁ;amﬂ (Microscopic  Traffic Variables) uwasdayallisunnna
(Macroscopic Traffic Variables) wIafiSenindunuunay (Hybrid Micro-Macro Analysis)
Inedeyadsnaliinananlusuniudtasmesiuiamnguasas Aimsun Fadofvosnnsld
foyariagamadudeyaiitimulivesdnsimsifsundas (Sensitivity) g vildaunsaus
venanmasasiRaUnldesmnaziurihiideufininnufiaundsie aznelfifaligm
N1593195ARTR LLazﬁﬁaﬁmaﬁaga@qwmﬂﬁaL‘T;Jusﬁ'a;gaﬁlé’mmﬂﬂ'ﬁmaa%’uﬁmwmﬂ*ma
uaymsULuUYesIneud duagldlulinszismiudeyafganalaedeyansiasdned



sxgnudasavidniumae Tagenfelassadnanisuvasmeyaiinsasdayin (Filter bank)
waawﬁ‘vﬂmuanuﬁlﬂmmau’[ﬁﬂumimuanamwmwswﬂﬂm/mﬂﬂnm TgldszuvayanunIsny
ﬂﬁmﬂiauu%’miﬂi\i‘lﬂFJ‘lJiUG\’Jlﬂ’Jﬁﬂ’liLﬁEN‘U’NN’Iﬂ Lilendnwnefiung (Normal) LLau
mmJﬂm (Abnormal) ¥8sanNasIaSTAATY LLauiuUU"ﬂu‘Vﬂﬂ'ﬁ‘i}’]LLUﬂﬁﬂUm“ﬂla\‘l’e}UﬁlﬂﬁmV}
ARt uday Tagldndnasiarsundneusdygyimveitayadian1InIAITEAUE198 9
(Threshold)

1.4 519a2139AVRINEUNUS

Ineniinusilduaiomesnidu 5 undeiu fe
undt 1 namisanuduinvesnuideuazanudfguesdgm TagussasAveanisfinm
yaulwnnuiTouaseavidenvesine1inug
wnfl 2 ndmfmdnnisuasngquiitisrtesiuimnsstasms nannsuaznguilunisuuas
Adaduving saudmdpmsuagnguiiieadostuiyavisividgridunldly
Ineniinusaduil
unit 3 namBdnmslumsesniuussuThdue e ling Saifsesutefedunaunis
vhaowiiduduanansruunslunsiagamdadimudituadninldididnnsinaule
memaiamenuia1usivg el naueiUssans n mlunasyheuanty
39ldvnmseenuuudsnsidsdnsnninldnusaniumeianisiaulyg s ivg el
rugnadluntsandulareeszuy wanaEdsMITiundnynirgURnIT sy Uansa
n3dulel
unil 4 na"nﬁﬁNa‘ummimaauszwﬁﬁwLauaéhﬂ%'auva'«aswiﬁlﬁmﬂiﬂil,l,ﬂsmi"laaa
madAmnssueses SBanssTusssiuafienFs oo iuemadefigninausu
[5-7] Faanansouseidudssansameesssuulaefazand18niinsnisdugifinisalves
s%UU (Detection Rate<DR) uazAlnaBraiNasImnaauniansIadugdansalld (Mean
Time to Detection: MTTD) Wasd a1t sanueInissuunguanIsalneasngg
undi 5 ﬂ&h@ﬁﬁ’f@ﬁ@ﬂn‘famsuaﬁwmﬁwué HAN1SINEaULBITEU T I UouazLUINSlY
nIRRILIZUURDLY
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dwuunilarnandmdnniswasnguiiierdasiuimnssuenassmieiuisii
JenuwegUinisalniiesasuasndnn1sdansgianisaiasnas Tusunsuildlunnsdass
an1w wanasuazmguilunisulasaidaitunioe wasvdnnsquffitieadestu
Sy szusdagminnliluineinusaduil

2.1 %#anNI5sNEINUIAINTIUAINRG

Tudeilazesusiadnunsdeyaarassimmn-(Macroscopic traffic variable) waz
foyaiegania (Microscopic-traffic  variable) dguvasiudsazasaneg sambeiuys
sl dudeyaduwilvituszuuitnausuasiouvesguinisaiasiasiundnnstu
JansgUiin15alasas

2.1.1 dayadnasilunnan (Macroscopic traffic variable)

WUUT189BEMN1A (Macroscopic -models)| gnuitawela Lighthill uag Whitham
(9] vauetulull ae. 1955 Gadnwnzmileuiunuuirasnisinavesveavias (Fluid flow
model) Ingaumspyiusiiifazinisesutsnsinavasnse uaasias (Traffic flow) Aade
mudve IR anTiAsauATew Ui s i lutnamdinue (Space mean
speed) uazAR LML (Density). wanmntudtendbannIveIniseyinvaslvaes
NSPUEDTIas  Benannliin “dhuanvessrunanusiidnluluusagdiuresauuIzviniud
genunaangNIes At mua”. T lunmadamansannsouanslideaunisvas
AwseLias (Continuity equation) il

ap(x,t) | 9q(x,t) _
+ =3¢

2.1
ot ox @y

e p(x,7) Ao ArumLusInuuusaziau (Density per lane) MR x WawlIan ¢
q(x,t) A NITUAITITVBSOUULARLIaU (Traffic flow per lane) AU X Wazian ¢

WaE  C = NMIWAMNT9INITZLARSIATIINNNGIN - N1TADBNYDINTLLEDIIITINNNNAN
AMUENYBINUUUS uTaUle

2

4 ¢ =0 WaluiivisnisivadnuaznislvasanvanseaasIasannnieain

INANUEURUS g =vp aauazglen



q(x,t) = v(x,t) p(x,t) (2.2)

Tne v(x,0) az3eniianuiiivessineiuiomaiiaseuasestieauuiiatsanly
AT EAUATI UL X WasaT ¢ wazuenanNtudEnnIaLaneAINENR LSRN
auduRuSManaTnrssauEnazaIvunwLulAs el

vx,)=f [p(x,t)] : (2.3)

wuudasdumaiaaginisitasanisivavesnsvuassnastudnuzidunguioy
Haviea (@niAnvesNamanivoslva) LLazaguuﬁugwumaaammiagﬁ’uéﬂlaqmmﬁaLfiaa
(Differential equation of continuity) Fauduiertureamnsiwes 3 M Ao
1. nszuas1as (TrafficFlow, ¢q)

2. ASI(Spéed, v)

3. AMUNUILULY (Density, o)

dndviniteiiduausdlndenldiutsniaasasiifudoyadammna Jsnde
aaga (Speed) TaeagldiBurnnigvasninansa (Mean speed) lagiJuriaasaanuiives
gruNvLETATaUATE N NaULTRA I N AN MLR

2.1.2 Yayavsrandsganin-(Microscopic traffic variable)

BUUEBATIIANA (Mlcroscoplc modets) azdaesanullunwaing (Dynamlcs) UDY
LLGIEI”N‘UU‘UEJ’]UWW%H”HJWS’]EJLG]EJ’JG] Iaglsuudgny “Car-Following” 12] Iiauetuy
wuudnaasteganialugansng Faldaanus (Acceleratlon) ‘Uaamuwmuvmuwwmmai
2d5¢ (Independent ', parameter) dwSuainshsindeuRivese U vy ‘Vl\‘i‘UL‘Wi'lu’J’]
mmmlfduwwmLmaiwgﬂmuqaﬂ,mamwmuwmus (Driver-controlled” parameter) %
a'lmsaLmumimauauawaqp:{%’us?iﬁﬁsia SEULYNTENI eI MU A(Space headways) Ta

Tunaman iz nanin TS e U MU LA a2 A o ﬁgﬂwmﬂﬂammms
WinufiSeveadfiud, « dluguilaiduss

va(x,t+r)=f[ (1), Av, (x,1), (1 t)] (2.4)

Tng v (x,0) = ANUSWRWIUN MUY o TEUMIR X wagan ¢
Av,(x,t) = ANUEBIEUNIIUE o NEURNS (Relative) Aug UM MLEAUABUNT

a—1 ffunUe x waznan ¢ lee

Av (x,t) =v,(x,1) = v, (x,1) (2.5)



5,(x,f) = SrEpMeBsuwmuE o Aduvie x wagan ¢ Yellenlay
s (x, ) =x, (x,8) —x,(x,1) (2.6)

o x, Wusuws (Position) vesenuwmuz o uag x,_, sJuuviiwesenunue
funeuvtih a—1 widmiudnsinsvzassia (Deceleration rate) vzgnanuliiluilaidy
W93 Av, (x,f) [NBI0E1AL FD

=, (x,t +7) = f[Av,(x,0)] (2.7)

lumsiesilfuuusasadgaardsusianasaianniy Tainmiausluas
“Optimal velocity” Tnefifiaam337 “arsiginnilan (Collision-free) flemummuzanunse
asly (Maintain) neliaTaiuuiyednsesgwdn” Asldinannisifiunisinaresasnas
(msmenslvaresesnasianiign) Agnannunlasaunis

q(x;1) =v(x,1) p(x,1) (2.8)

89 p(xf) AB AIBIMUNLLLINEW@I195 | satuaslernEs wix ) vinsanlng
AuSgeaadiuilriduvesTses e Iunvug o) [emhnsanmaioserving
Yosgun LI Ala s BSTD TR U W iANInA

Bando et al (1995) Ifinwananisrviualiag “Optimal velocity” 4lévinnas
wm'szmL’Jmmimmﬂgmawmmw (7) wagnastdlunisaegun g e laq fu
mqmsaaaamaamuwmuuuuﬂ LwamummsmuuﬂmmwLia‘aaamuwmuvmn
arduitusvesauSauagaimuL fignasauuRgiuiiia Manauausiese Uiz
gnuaslnsufisemesiivd z susolanaduilsfumsssreyingsgineum el

v, (ot +a)=V]s, (x,0)] (2.9)
B Vs, (x,0)] Wuiladdurnuiigegauay © asgnauudiniiitdesndt 1 uidl lng

nInsraneveseynsumaes (Taylor's series) wagyNIsAAWaNT 2 wazvauves High-
order YRALNITAUULTRUaTOLanalaL Ty

v, (x,0)+v,(x,0)T= V[Sa (x,t)] (2.10)

Jaguaunslui agldimnuswaseunmie o fe



v (x.0) = (2.11)

V [sa (x,t)] -v,(x,1)
T

& . . . < = o
vuituguwes Numerical simulation vaerusaveseunmuzign duduileidu
484 Space headway 1ngl49011a931935930UazN15H158U71 Boundary conditions (Bando
et al. 1995) Jaldtinaue Empirical equation dM3UAINSIVEIUNIMULGIEARD:

Vs, (x.0)] = tanh[s, (x,r)— 2] - tanh(-2) (2.12)

= e A A d‘ 1 ‘/ ' L2 Aﬂ.
ﬂ']iﬂﬁlﬂﬂﬂﬂﬁmzﬂ'ﬁlﬂaau‘ﬂﬂaqU?ﬂﬂquﬂﬂaUaQN153WU§ﬂLW\a3ﬂUV|'J\1@E‘J:‘lUﬂ53LLa
3957193 Misaluseugania (Microscopic descriptors) W 9¢l4913114 (Headway) %13® Inter-

2.1.3 deny
UAN1T0IATS Fuagrinlv
seAuAMuUanselung FOTAANIIT 139N A7 @i soide guRme
0 éqmaaussvgnmnwa . o amuﬂfg’@% ¢ ANTTUUIFITNYINN
199 BaElTEAUAINTULTIFANT oan b vdyas AYI1N13957195 WU

gUfvaTuLss saussananadin vioTAndummesiiauulnanis suvihldansedunis
Tusnis mi%’mmsqiﬁxmsiﬁ%wﬂuﬂizmﬂ“l.vmé’aﬁmaﬁumauﬁlﬁaugmﬁﬁa‘mmmmq
Uftafidunnsgudvhlinisdansgifinissiand iaumasssmidwansenusogldnia
enfegraduiiivansdisamsaasaeaidouuasnuanugaamnssy wanslddsgui 2.2
Wilinunamsessdiunamaidesnmaiedeudevildein

S 2 = 2 o 1Y £ P =2 O 1 Y o v & v £%
nanstiluenansianulidmsumsldanuienisdnwivingu leygnlmhluldusslesimunism

ludnsallagsau Snvivhudlvidawdasilon wazsesedadadivesenarsynasainisinluly
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JUN 2.2, s aldeuuas iU TmaBag 11N )

NNV 2.2 gl sadsvuazinmpanlgsamnia laegUAmgsIna 1Iinve 3
Fom1e919slutdida s g dntiulea i sseirlaun 1 Ui bided didmiii
Uﬁﬂ’ﬁmuaﬁ’wmumn‘Lumié?qnﬂ&Jmmaxﬂmuﬁuaau LR GHER TN R NECRRRRER
Wil e v T8 SnthsdTasanu et sanuiilyidssaen dilvinmsagsudrooan
ndesases laei¥dihuiazldolils 30w lunaabdssiadee B ldhldaaluns
Jan1sgUAn e 3193 AOUIREAA-YY 015 959U UA WA BIIILR A 1V s 33 lur Lt
Andaagnann felfidenngmdEenRnursegRe datu dnongen degldunupzyusy
Fraifes Fadupsiuilatabiae eauantsaae Mz TN Fle SN Us T 305 A1
MIITISNAUFERWINFLS THaa4 L TUBEAIE Lﬁaaﬂuaﬂsxwuﬁama%ﬁﬂ%ﬂﬁﬁaaﬁam

dusunapansiunisiang saUa a3 0esaes UsgnsUngRenssusa g L'ﬁmmﬂmi
funsummisnig gt ulasdrs Unsrvunsen B idainn ndldaas mﬂuummmu
ATIvdaUANgNF NI TR ST NP IR Adenupan i) sdaualdiuasdanisiie
Busidiumsnovausaimingaiianiy MFIINTUABIR U TS B lUNFauty Tianns
wdstaunglininazdiie Teaags dan SikAnae hisipamsanasluiiuiivazuding
Hrafssnluimsiansenesvamesa e TTidamaradoudoviondesiuiiin
waduansldfagud 2.3 Mansdudunsdinanazdesdandnaudasasiouasainy
agenmuiislimssnasnaufuganmunalisiige anaudBaiivgingURmaedu
16idn
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JUN 2.3 vianmsdanasgUintselasnes

TneluusiazdunouvgsmstansgiRnisaiyasansnesunslwdad

1) M33unsaumeg (Detection) msmumaﬁwﬂwmwﬁaq ﬁLf“{aﬁaﬂé’%’wmmq
Fanguszaummniodnuiumaintesmieg enftei Anmneatinsdiianiduras
Mg NMUgLaulnsAnRaduTs gl 920080IM52901993195 CCTV
(Closed Circuit Television Camera) 9anurasnsIadumntis dalusiinde sofUsseaumn s
waluladiugy onsaudsaevhuezdstoyaluduniassmsuuduneg

2) mansIwEeULMY (Verification) METaIRMNATUNT ML dritaududasyin
nmsnsaaaeuwg plsuRsiluRome, seAUANTuLS Fieuaiunaduias
HLdeTIn

3) n1sABUAUBY (Response) - AUEATUANYINTIIITNBUANDIDEILANZAUAIY
dnwnuznaene TnetulduevenInayaue R wevatoiagnsInswasiivszdnsnm
AnTEEEIATLAIATAgURNSIETI 05 LR TN 19Tt PIgmaeUsvaunliusonis
$wuavanlamaiiasiingURvndou

4) m3udsrlvinngliniaivotorist information) ATudsTIKALLEVIE N SaKIS
dvanetemne Wy Ingnszaimdss-thedemausvivanuls (WWS) malnsdwidefiouas
Buwadidn dlinaedadldfuimansaumimeessesezniufuganwuni

5) msdamsiliawe (Site management) nsdansgiAnisailag uFuiiAameg
Tinquszasdiiteliiulaingusvaufeviedlivnaiinnutasnds annansenusonisnsnas
UtuiiingtAnisal erunmuzanansalsiuanuiiamglduasiieanlonianiaifin
gURmsnidn uidsaafundngrulinseaeuseluldReguil 2.4 Snsdnsasens theiieuuas
semsadiotustradusedeu
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6) M3inmsas s irafficmanagement) frsdamisenasustadiiiiinmegiaunse
Fndesmaunsdanllglifiamgendeadimingu Fimiiasasiaaotiiyensadmiu
VL RIGIERRE fEonm TR s apARn AT RN AN UR T sURdTiaas LU
Ms¥ANTITIRgIUSRERnaTTRBE AN Y AT \ TSI

dwisunisiiagne et RSN E RIS I 19 BUATR W S & wnsnvin
mMssaesanumstiuayguRnane N A U9 aula Dus it lnukidatanapyivanm
2519595 SeaidEilshlsdasidraegndiraraaioyes Aisuin/dntdlunasSadesanin
51250199 1ngdzlananisekuvindogn i

2.2 TUSUN3UAIIIaR IR UAEINGTUIFI0T (Aimsun)

Tusunsusradam diu nng sl sias Amsun siain Tag J-Barcéte uhy ) L. Ferrer 1
the Polytechnic UniVersity SF Catalunys Wilissddstiath Jagditiniinnsioiilocuas
gualu@anisanlag TSS \Jrapspoit Simulation Systems, ‘Aimsun L‘TJumLﬂ%aaﬁam?ﬂu
MIINUHUNNTVUAINTI a0 IN RTINS ENURaN TR N15aFEaeTivayan139519TUaYA M
#8am5M9n1599193 9 Aimsun L JuTUSENs e TIRON sy Insaygaliinnsiiiuda
dutszneuldegdlisifnsuau sedauiivhnmsudslae TSS wasdniimunlnegldgely
anunsoviimsudluiaiunundnuedlusunsuuazyinisuiuussmisansavesialusunsu
Ifnileusuiinsgyinlae TSS

Tnsauddeidldilusunsusransimngsuasas Aimsun inldlunissrassannesas
an [5] Galusunsuannsadiassaniwnisasashuasetisauuldvatsguuuy wu ouuly
509 M (Freeways)  M1avas (Highways)  auuIaWIY wazauuiiinssaufiuyes
PRURIILTRRTMY uazsTUVannIauLIentiaveseunuziaziudlalaongiinssuves
EIUNIVILENING AU Tunfeteauutiuszgniassegisraiiemasatisnatlunshasuuy
Tngg1adafunuudtanamginssuvesgduinalsuuy (wuusIaesnisiAdouiiniuiuy
wuyaeamsuasut IR Myusiaesnseaniutoiny) Isunsudnaednmnisy
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93195 Aimsun {A1uEnIalun1a8anTsiingURivegN13aIn1993195a111 503188358 UY
muaunsaTeslaarseuuiilinudifyiussuvsudiasisugnisldiaiosiions
1535199 Wy g ailnasnes 1w3ewnsiadu theufudsudonu (VWMS - Variable
Message Siens) iusiu msuszdiunansenuiiiivedaindeuiiinannsudesuantizuay
msldndanu mslineaziBeavemadnsludeaia wu sasinsivaninunda szeznaily
MU Wusu

TUSUATNTIRDIMNAIUIAINTIUATIAT Aimsun A1UN1T0T1IANINATIVILTINNAIA
(Macroscopic traffic variable) wazifiagania (Microscopic traffic variable) Fawadndiile
nnsTiassanmessaziudeyanisads lnemidianisvitauredusuniudiasd
MIFLIMINTINIT193 Aimsun uanslddasui 2.5

g‘d*?'i 2.5 vy r{é@{] 9 9) mgg& imsun
%

- ~9
2.3 nsudasanan (Wa %%Waq

nsuUaaavidn (Wavelet Transfor UNSLUIUNMINRAEAAARSITN T
'lumsaﬁu1a‘[ﬂsqaswwaasuuuammmw\huﬂaumaammmmwwwmaqé’mzymms'mﬁ'u
Lﬂuamzymmm ImaamzymawwumuLﬂusﬂﬂautanqmsaﬂ'n “Lylén” ‘IN'\IULUUS‘U?’I&U‘VIJJ
mMIswdsuulategeseiiies (Oscillatory) Ltauwmmaaﬂaumaﬂaqaﬂuaamaﬂms'z oy
§1JLL‘uuazyq;'lmwaaL'Jwtamuu%ugﬂu:uuma‘| mgﬂw 2.6

S a = Yo w v - = LY ' ) v v v
nansiiiluenansianubidwsunisidanuienisiinyvingu ldeygaliilulddssleviaunism

Lidnsallagnsdu dnnainudlvidaudasilon uagdesdsdadiadvasenarsynasainisiiluly
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08

[T
04

02|

o L
02 02 02

P S —
0 0 100 W 200 20 2 xW 10 200 X0 €0 50 60 700 80 S0 1000 1500 200 2500 X00 3500 400

Haar Daubechies Symlet

0 200 0 @0 600 W00 1200 00 0 500 1000 1500 2000 | 2@ 3000 360 "o 05 1 1.5 2 25 3

Coiflets Biorthogonal Discrete\meyer

gﬂﬁ 2,6 AnwaEUaIa N aMIMAR L UUAI
miLLUammémaaé’zysywm%LLam”LugU‘uaamaiwe"ﬁymﬂmaaﬁmzﬂaummﬁﬁ’w (Low
frequency) LLaza\iﬁU‘isﬂaummﬁq& (High frequency) lusesushneg lnessiimduysyans
LviEaluesrUsgnaun uiuiags vy Raidlunsestnedaala senisudatanidnde
Mldlasosuneilsiduiduiliddusiuiidaiidenda nndsul (Mother Wavelet) 1ngil
é’ngzym‘ﬁlﬁmﬂmsLLUammﬁmzLﬁmmﬂmiﬂ%’uama (Scale s a)M3oN1sUaMINITEANITONA

Qs

fvssavidauidules drunsideusiumil (Transtation| or Shifting ; b) agifiunisuans

[J ]

FIUULLNLLIEN WeazaauTnlReuaunisveswdn sl

1 t—b
Y (t)=—¢[—] (2.13)
¥ Wrtakd
ite Bt Fe Hertuvesinidauififinnsufuaina

a fo windwedvesnsudvaina (Scaling)
b Ap wIimesNITaauRILALs (Shifting)

dethdywrale uriunssviunsudasnidaiuSeuimiiounsuandgygratuli
ganudsgUvasmdauaiinisusuananassuvdiiuansreiuly Jeguuuuresnisudagan
o @ & ' [ a < oA .
1an Teevlutuanunsaudsesnlaily 2 wuu Aenmsuvasavidauuusdeaiiiad (Continuous
Wavelet Transform) uwaznisulasndidauuuidumiing (Discrete Wavelet Transform
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dwunAdeiiiiaueiifidenldiimaulasdnfumhendisananuiuaiuvess
LUIN9R9199

Tunsudasridauuuifiumiae (Discrete Wavelet Transform: DWT) azifumsuuas
nildngunuunisiiidnuasmsiinmedletuunsuuuunsufuanatasasideudums
Tugnwaziiugae Wideiiosiu Ssmsulasvidmdumbeiitiauslussuviagldisns
AATRYaRInsasdygn (Filter bank  analysis) 9g¥insuendgya s uLUUNYAGT
nsesdyan oonidu 2 du Aedrwiideudsfudniiauigs Tngasldfinsosminud
#rU (Lowpass Filter) dmsuksnesdusnaudiufininuiisn (Approximation coefficient)
LLa:‘l%’céT'Jnsammuﬁqachu (Highpass ~ Filter) é’w%’uLwnaaﬁﬂsznaumfmﬁqﬂ (Detail
coefficient) Iﬂaé'cgzyﬁmﬁlﬁmﬁ'uasshuﬁmﬁejmaa (Down Sampling) #e 2 Jaawvile
wadwsannsiessianaseiamils delassaiisuesypdinsesdyaas uandldfgui 2.7

Detail coeff.

Detail coeff.

Lowpass downsample

Detail coeff.
cb3

Approximation coeff.
cA3

JU 2.7 laseasnueyadansasdaniaviasamag

anunsaisenlassaswyadnrsulatanidndnenziinilassasesulivuuninia
(Dyadic Tree Structure).#eg#1-2.8 idmsnasudasamidnuuuissmiialasandelasase
AINAN

S

o

cAl cD1

/N

cA2 cD2

/N

cA3 cD3

5U7 2.8 Mautasaidawuuiiimbelagedelaswasdiuliiiuunine 3 sgdu
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Wanmualn
cDn fe Andulszivsvesdyguesrusznauninuiad (Detail Coefficients)
cAn Ao AdNUITAVEIRIdYYIMBIAUTTNBUAILAM (Approximation

Coefficients)
n  #9 A1sEAUANNaLDunTIRT AT IUILAL Saud 1,2, 00

fofiveamsudasamidndiiieiidieiu 3 Ussmsndnigniiansaniiterunldauly
R
1. MmIfnuanvuzIiureItayasani (Feature extraction)
2. andygusuniuas (De-noising) duagyilviAudurIuYBItaYaanAsRIdINa I
nszviumssndulalaessuveyuaIsazaguAIovugulas s Ususaladiaw

She

<
i

QNABINNEIAUY
3. fvanduuveweyE vl uaan s lvMTszinadaudsgzuualame sl
AudnyuzLetedInIsLaRIGRR U pfigmiinluU s BgRldaustu Data

compression

2.4 STUUBYNIUAITINZARALATY (Fuzzy Inference System: FIS)
2.4.1 umﬁﬂﬁugﬂmﬁ'mﬁuszwaqmumsnzﬂqmrﬁa

SEUUDYHNURS SN ARNIATE, (Ruzzy) | Inferdtice \S9steny) Wioms sneuwdiied (Fuzzy
logic) LfJumﬁﬁﬂuuuwﬁﬂuu‘uuwaaﬁuﬁi')’mmﬁwuﬂnﬂ;zyqﬁssavﬁﬁa Artificial
Intelligence (A 34 #ililleSe larsadlinmisdnaulannaliflfaatiliutuongostoya
uazldmanuveeigindTs nsEuIN IS A IIRn IS U ETBNLY 8 rSsas wuBHe s v
AAYNIINTINZUYUIAMT (Boolean lodie) lneasiinisredesludruvadengiidse (Partial
true) lner1ANIRIRE BT 95 N5 (COmpletelys tud) AuiiadCophpletely false)
dunssnenansiinesiidules v isuinhitagdin2-o

-

CompleteliTrue Completely True

Partial True
Completely False

Completely False

wt 3 <t -
yauasn Ha¥aodn

JUT 2.9 A33NZUUUIZANY (Boolean logic) Aunssnzuuuied (Fuzzy logic)

AN duied (Fuzziness) f%a138n31 af1a1us (Multivalance) @siiafiaanduy
auNTANINATI 2 AN wazwenaanuluaug (Bivalance) Niianuiduauidniiies 2 A1 Wed
wwn (Fuzzy set) Wuin3esdionadarmansidens “anuliuiueuy (Uncertainty)” @aman



» -
diinvoduAna NIZIBNINAIAIANIEIN ;

v

fvuadn aufigaudeauiiiimiinuinnda 75 Alansu reufiumeiarlvnaiiauiifimin
74.50 Alansu hjé‘fmL'fJuﬂu‘*?i5’;uﬁ)za%'wml,azﬁmuﬂgﬂLLUU (Modeling) vesanwazAwll
wiusuiifumuergueie Anulines sfnnunadeyauisdiu Inengquiveiledian
velvanwuzaumINeRLUs (Linguistic) 11nnI1UsHNe (Quantitative) U94AILUT WU AT
vAuMINeYes “auiienn”  azliannsadenumarudiuinssiusasseyduniiaden
(Identical) @ w¥uAuiigau wre n. aldiaumneves “audau”  mnedsauiifiimdn
annn 70 Alandy wie v. Wenumneinduauiitidhmiinunnd 75 Alandu Fuliaesay
6h<1u.amammwmamaaﬁﬁmuﬁé’au‘lmEJLU%'EJULﬂammxlmguuawaaé’aLaamuﬁmﬁﬂmawu
Tumevhaulugmesuuugiuaes Binary sense) wlduaiiu 19 v3e uswiiuinyaaaildy
auduthwiiniauas 75 Alansu wariwudiHyanaiiazihinn 75 Alandu uivinfiarsan
nnguauiifiiwidniads 90 Alandy yaraiiiarlidaeglunduauiidou uandliiiuitanu
SbildidnvazanibiviveuyvdiRanmsaneiigwalizq.Uozuansdaguuuudnuae
nsnsaevaslym

$Uii 2.10 WHumadelsituiwiindlunsgrativediymvibeiiiiesdutos
udsfiuueu (Certhidty) Trvdomrodsiiimivauiadsznevsmdamulitiyeuiiidnuuy
wuvdu uazaililuuetiian v idied usneglies Geilinmindoady 40 wse
Yoymdruanniioadasioii sdaailsremi i dnatian iy EmauAn se sy
wan

3Uﬁ 240 AailiwmrenUncertainty)

Hlegazainaidnandnmansulianasniiunauesauliuiuouresssuy 1
Werdestumnufnauidnvesuyed Wenansanaiuusznousiieg Tuaruiliviueuiiie
fmuaieulvlunisdndula (Decision making) Tasendeignvesninuliifuaudn (Set
membership)

24.2  mMUszgnAldUYeITEUUBUNIUATINSAGNLATY

Usznaude 4 Sunoundndall

1) Fuzzification #ie duflutasdeyasin Crisp  input i vuavuInveflediin
(Fuzzy set) v3ofigonindushudsniw (Linguistic)

2) Rule evaluation A d@ruwaanisimuaisnisauey sldndidsrmglugiuvy
yosyatayaiiiiunguesniuw (Linguistic rule)

- |

1238761
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3) Aggregation of the rule outputs A nszuruMslunIATIvaDUTEIIRTT LAY
wielilunsfeammana Wuwileunalndmdumununisldaruilunsuiladaym

4) Defuzzification A® dauﬁuﬂaﬁagamﬂﬂﬁﬁm (Fuzzy set) Mdufudsnianiu
T Crisp output

Tnemseyuusaeszuuiled (Fuzzy inference) Aflusldfa

® Mamdami-style

Tneunidauunnesdinailedin1sves Mamdani TumsoyanuassngaauLAde o
11T 1995 Professor Ebranim Mamdani 21nuwiinedeasuney aieszuunisoyuula
Fuafousn Fahlumuauadesinslothuasiiod Taginldfmusmsiiinedsineg wu
fleddnuaznguesiivianusraunmsivesplasasinslethuas o

BNRIBE1AY 2 Bunn Liawinm uazdsznauluaiy 3 ag

Rule: 1 Rule: 1

IF X is.A3 IF project, funding-is.adequate
OR y is-B1 OR project staffing is.small
THEN zisC1 THEN ' risk is-low

Rule: 2 Rule: 2

IF Xis A2 IF project funding is marginal
AND y(is B2 AND | project_staffineis large
THEN zis C2 THEN_ risk is high

Rule: 3 Rule: 3

IF x.is.Al IF project_funding is.inadequate
THEN zisC3 THEN  risk is high

R x, y wag z (project funding, project=staffing Was risk) AofLUTInTIEn
(Linguistic variable) @ Al, A2 uag A3 (adequate, marginal Wag inadequate) A §7
LLUivmmmﬁﬁmummnﬁm%l,%m‘uaq%’aga x (project funding) d@w3u Bl uaz B2 (small
ua large) fio Mudsnunuiidvusanfledidnvesdoya v (project staffing) wazludau
984 C1, C2 wag C3 (low, normal wag high) @ FuUsnenenirmuaaniledidnves
Toya z (risk) TnglasiasnefugiuresnisoyuunsIneAquIASoLUY Mamdani-style §1w3y
fegretneduuanddiiesui 2.1
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Crisp input Crisp input
[ 7

\X/- yi
Y Fuzzification
1
Al
0.5 -
0.2
% xi X
Hu=41=0.5 Hy=s81 = 0.1
Hx=42= 0.2 fuy=82 = 0.7

{
ot - R
0.1 3 - : 1 -
0 Z ﬁw 0 4
zis C1 (0.1 (0.2) ; zis C3 (0.5 —Qt
a — %o
Defuzzi
|
4] zi Z
Crisp output
z1

a v & = .
JUN 2.11 1AS9a59NUEIUYBINTTOLINUATINYAGULATOLUY Mamdani-style [10]

&z = v o Y v - = LY ' v o v %% Y
nansiiluenanshanulidmsumsldanuienisdnwivingu lieygelmhluldusylesiaunisn

Lidnsallagnau dnvivhudilvidaudasilon uavdesesdedadivaaenarsynasaninisiluly
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® Sugeno-style
d1mSUN1TOYNIULUY Mandani-style  HaaN§IABIQARIUINLUUATITNY
gaeudana (Centre of gravity) FeagiinududeuluntsAaiuinuazldnatunisAuinuiu

T
2
o

AIUTEUUBYNTULUY Sugeno-style 2¥@1ABANTATWIMIUY Singleton aglflunsman
HenduanrBnveangmuainy ﬁm%ﬁ‘émiﬁgﬂﬁwLauaﬁuﬂ%"’miﬂim Michio  Sugeno
(Zadah of Japan) Tull 1985 [10] S8 UUBYINUATINEAGUIATOLUL Sugeno-style AziimIm
A ERUARANTUUY Mamdanisstyle TAgAIUUANAN989MUY Sugeno dedin1siuAsuuyas
wzaruvengitefuaglainmsdenlditeddunmendnaansvasiuusdunmanldunuied
i Benefiyuuuuroang il

(F X is A
OR yis B
THEN Z s f(x,y)

F9 %, y uagz Mefudsmeniw dw A uaz B Aolledidnvesdoyax uaz y log
F(x,y) fa Heandumsndinemans dedausnnagiiely zero-order Sugeno fuzzy model 11
Uszgnaldnungasiled aatl

IF X isA
OR yisB
THEN Zis k

Tawen k| fuaaedt lunsdideasnsiildanudagnguailadasuda nanfena
YaaanduanTn (Membership function) %gmmuﬁamwiu?{m (Singletan spikes) wans
"Lé’fﬁ’qiuﬁ 2.12 4anINIEUINNTVOLTYUEUNIUAIINTATULATEAMTU zero-order Sugeno
fuzzy model Lmawmsmwia‘uLwanuuuaummmu Mamdani a# Sugeno zulan
1ﬁmiLLau°uumaumimsmmuumﬁmmaﬂaanuamamulmm fuiteuiannzngilyinadng
HuuraiReluiBnmseyanuiusuging Wity

Im&Jiﬂiaa%aﬁ”ugmmaamsaqmuminsﬂquLﬂ%aLLUU Sugeno-style AENNITOUEAAS
Igiwagui 2.12
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Crisp input
X1

Fuzzification

b5

i
'
1

\y ! ’
£/ TTITON

S /i

AN L A

/L A [~ Lo | IFY
\ [T o
3
A 6f rule ‘éongeguents
o
b
~ RN 7
R > \ 0.1
0 K1 Z S 0 k3 Z%¥ Bk 2 k3 Z
zis k1 (0.1) 0.2) k3 (0.5) Y,
Defuzzification
L | |
0 z1 Z
Y

Crisp output
z1

o v & =
JUM 2.12 TAS9a3NNLEIUYBINITEIUATINARULATELUU Sugeno-style [10]

. PN Y o Y] Y] B = & ! Y o ] ¢ v Y
wnanstluenansnanulidmsunisldnumenistnwivinuu leygslmiluldusslemisnunisen

lidnsdilagiadu dnvivnuiilvidaulasient wagdesdnadadadvesenasynasaninisialuly
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2.5 TassveUszamiiey (Artificial Neural Network: ANN)

TaseeusvamifieamSefiSendiuin Artificial Neural Networks (ANN) funuusnaas
wuunidluurusresnuidemadudyanuseivivie Artifical Intelligence (A) Taviinis
$19919InNuTesTadUsramiuause sy wiuslulassigveueadussamly
a:uawaaquéﬂ%aﬁ%umaumsﬁmuﬁ%’u%auﬂdnmﬂ winsziulasstneyszamifieusiss
anunsoiesanlduselandldasdunuduinenisaenfnneswazianssulaeialy
Iﬂiaszha‘dixmwLﬂuwﬁqiuLwﬂﬁﬂmaqmw‘hmﬁm%’auﬂa (Data mining) Aslumania
ANAFERS dUSUUITLIANAETAUmMARIEN1TATUIMLUUABUILATUTER (Connectionist)
dladransmaiauredlasuinsveusadUssaluaussyed deinguszasdiasaiis
Lﬂ‘%aqﬁa%aﬁmmmmm’lumsL‘%&Juﬁmiﬁmﬁ'}gﬂLLUU(Pattern recognition) WANITA3I
Al (Knowledge extraction) WulnfuARINaNIN AT luAsIB Ry LS

wnAnBuduresvaiaillgumannisanuilaseigliifanan (Bioelectric network)
Tugned Fauseneudie waduseam wis "Hasou’(Neurons)  Uae ‘yaUszauUsEam”
(Synapses) wnazwaalssamysznovsmglarslunissunssuadszan Sonin aulasi”
(Dendrite) FufudtmwmuasUallumadenssuaszamidonii Wonvou (Axon) dudu
wileutoinnuandad lwadumaridaugreufaseniuiiadidefinisnasfudedai
MeusnviienszRusHETaAMEAY nazlalsTa ity s inulasidngiindeadeaz dush
dnduindeansysudanau devisld fnssualssamisiwe Tuadpafsnseduwadou 1
m'alﬂw'mwmLLaﬂsvamJaaﬁu‘luauawmwwéﬁ"mzﬂiznauwé"saL%aéUssam Yssaha 10"
i Tnefiwaduszarnil asimadonloseludnsadUssampus Badseaal 100
LLazL’Jmﬁh’ﬂummaﬂLﬂﬁﬂuﬁay’aszwﬁwmaéﬂizmwﬁv’u%a@uwﬁﬂ 10° Aurd Tnens
vhaumes waddssanvlumue g vetuszddnvg MRl ararU U uiugEndas
(Highly parallel processing) Asvinlviuywdausavinnassensiasansmiudyesiiacld
melunanitedifiud

Soma. Synapse Axon _
Dendrites -~ >

Dendrites
/
Synapse

JUN 2.13 dulsznauvadanlseavuesyyd

Feiinisedwlnglutegiudiunsifuinlasehsuszamifieniilasairsunnsisenn
Tassingluanes wiRdunilouausslundfiinlasstngyssamifisuAonsrunguuuuyuny
YaamhelTsaIanaLoe wazmsdeuseilifudiuddyivilifnad Ueygvedasie e
finsanuuaudauesiivualvginilaserelssamifieusgrann sunasaduszamdd

N
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v

mnududsunimbegosvadlaeine sgrslsiantifidfyvecauss 1wy msiSeuidng
mmmgmﬁaaﬁuaEiﬂadwaé";aiﬂia‘zi'mﬂizamﬁ
wWhunevdnveinmsutenlasetreyssamiisuunlglunusiuidainssuuasinginns

ﬂauﬁfaLma%ﬁ?uﬁamiﬁ'wmﬂszmumiﬁau%ﬁ’maqLﬂ%@qé’fﬂi%%ﬁﬁanﬁ’uiﬁ Machine
Learning TWilsg@vSawgs msthlasereussamiienunidnuuiady 2 Funeundn o
Sunaunsilnda (Training) wIBL3eu3 (Learning) wasdunounIINAFeU (Testing) n3oldeu
334 (working) Tneludumeunesnis Training thusannsaudseenldidh 2 ndumidn e

1. m‘iL%EJuiLLUUﬁﬂgaau (Supervised Learning Algorithm)

2. ﬂﬂiL%'EJu‘gLLUUIﬂﬁﬂgaau (Unsupervised Learning Algorithm)

dmsvanilnenssuvedlasineyssamidinasiinmdoulsasadusvamiisnsiuay
wiladdetudulasweUssamdisutnsasarsadoiitswuulafldondifiveviun
dafia wiegslsinnulunielgiiudunadensisuivedasiwisyseamisiguinaggn
senuuuinlildnuldfudnnilngnssilesshelssamiieniidnvasanizmiady &
aontlnenssulaseingusvamiisnimuin Wasiidneaendng fe fnsinwaduszainiiioy
Hutue (Layer) %uﬁ%’u*ﬁ'm&al,%ﬁaﬂh ‘ffu%uww (input " tayer) Fuinanrarnouves
Tnsetne Fondy Fueinm (Qutput layer) | dauiuitiidaulunastigrnassginanasy
meluSeni funans (Widdle layer) wSotudou (Hidden  layer) TulastasyUssamiiey
onailldvansdu Imaamﬂm&m'i'iwuaﬂma‘thwwmmﬁaaﬂ,maﬁ"ﬂﬂ%mmﬂﬁﬁagﬂﬁ 2.14

Input signals
Output signals

Input layer Middle layer Outputlayer

U7 2.14 garlnenssuredlassingyszamidieulaenily

AU N IAMIBAYA U TS MUARLYaRTLWARIUNUN N IARIFUT 2.15
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Input signals ~ Weights Output signals

INVUNIIT A MEUFENIN

“Activation functie

(2.15)

o 6 (GoninA1sEAue1eds (Threshold) wae ¥ Aetevivwiilaainiiaseu

&3 “Activation function” sanantaziseniniendudniiu (Signum function) 3o
" . v & < a v a 5 1% . . .
Sign  function muuﬂzmminuamummwmmswmwaaﬂ'ssmwﬁ'l*u “Sign  activation
function” leigiail

Y= sign[i xw, — 0] (2.16)

i=1

wnansiwenasianulidwsunisldauiionsfnwvintu ldeuygnliiluldusslesidunisd

lidnsdilagiadu dnvievnuiilvidaulasient wagdesdnadadadivesenasynasaninisinluly
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LY

Activation Function Aileulduananadl

Step function Sign function Sigmoid function Linear function
Y Y4 Y4 Y1
+l +1l— +1 —/-—— +1
o X O 0 x 0 x
-1 — g 1+ ~i
ystep = 1, |f Xz0 y sien = +1, If X220 y sigmoid — 1 ylinear — X
0,ifX<0 -1, TX<0 14+ e¥

3‘1]‘171 2.16-Activation Functions 8 aayseaIy

woulutaal 1958 wisad Tomuuuanst (Frank, Rosenblatt) Iéitausdane3suil
madoud Ineduisasitaudesrshgdmsvlaseeyssamisuiidoniiwesidwnsey
(Perceptron) Faiilassadsfindeadstuiuusasudindaaey (McCulloch) wagiind (Pitts)
Tunisiludszgndlddunsundgmasaumadiunisand  sULu (Pattern  recognition)
uenniilsirnuuanAlifgatdang s snslaiaueieesgingawutinUsgamues
Taswielfedsgnaeaians (TuAsaninsafindeulassdienunseadeuiuagldanuld) ns
Svufvadlasmnslufimamdudonwasduldendaluih usnanntiudlduandianedn
weRnsTuveessULIBdlas @ Tdnmsniseuiainteiawaaugsiiedls Ingazannsauds
ganidulassralsdamieiiiugnisig (Single-layer perceptron) uazlpsawiolszam
Wenuuumanetu (Multi-layer. perceptron)

& ] u' = 1 (=) < 1 .
°uumaumm‘umuwuiﬁaﬂmwwﬂszammamwuwuwma (Single-layer

perceptron)

Step 1: Initialization
ARUAAILMTNENAY (Weight initial) w,, W, ., w,

n

LAYATEAUAINEY (Threshold)

6 Ttieuugu (Random) Tuane [-0.5, 0.5]

Step 2: Activation
Wnsunssvumshelaensihdayaduwm x,(p),x, (p),-..x, (p) wagle Wiy

a

wWnisne (Desired output) ¥,(p) N WAISAIUINKIANLEIMNNIT (Actual output) 9

58U p =1 laglauniseall
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Y(p) =step[ixi(p)wi(p)—9} (2.17)

lng n AeduiuvesBunmuas “Step” wanedslild Step activation function

Step 3: Weight Training
YMNSUSUANUNMLNUBILATIUNEAIFUNTS

w(p+1) =w,(p)+Aw,(p) (2.18)

lngen Aw,(p) AeAniwdniingresliuisey. p uwasawnsafiazmeldlaongd

Fendngueac (Delta rule) gl

Aw (p)=axx(p)xe(p) (2.19)

2

1 o Fenddnsinsiens (Leaming rate)-uavasiailuaamifidusuinuesd

9/

WlesnIn 1/diu e(p) FzEenindudanufianals (Eror signal) anaisavaenlasiail

e(p)=Y,(p)=¥(p) (2.20)

o ¥,(p) Aeenvimmitmang (Desired output) uaz ¥(p)-Aorensivmasy (Actual

output)

Step 4: [teration
MNISRLIIUIBU p - [UEn - mnuunaulUvinludunaui 2 Lasyinnszuiunis
VinuAgaunseiasyuUINganT1wgLd (Convergence)

dwiulassieUssamifienuuunatetu (Mat-Gyer perceptron) lagazaduisil
WsSeuiiuuwnsioundu (Back propagation) s'ﬁansxmumsﬁaui%ﬁﬁ”’aLLUm’Jau%'aga
Tthawtih (Feedforward pass) wazuuutloudeyadioundu (Backward pass) a@snsauans
Tnseadaldwagud 2.17
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Input Hidden Output
layer layer layer

JUT 2.17 TassadrseBentsisousuuyuns
3 \\\V//

U
YUABUFINS U USTTUATIUIYS %
Ve By = = Q' =

3 g 0 ..—.-.-—-«.‘,‘,.

nnuA @ R ANR: hﬁ 7
M e RGN o

R I ANNAY,

(2.21)
Ty F, Aodnuiudny
Step2: Activation
Tun1s5unsEUIUNITINGTR S189EL3UINNTU YA

dunnuaziovinnidwing (Desired outputs) y,,(p), Yy, (P)s--- Ya, (p) MR WINNON

tWimiiuvia3e (Actual output) vasihseuludusou (Hidden layer) faf
y,(p) =sigmoid[2xi(p)x w,,(p)-aj] (2.22)
i=1

Ty n Feduudunnvesiiiseu j lududeu

v

:.’l o o - a 5 H v
PNUUAUIUNNBIMINNTIUATA (Actual output) vesihiseulududeu dail

& < Q‘I v o Y} v = = O | ¥ o v Y v
wnansiiluenarsianulidmsumsldanuienisfinwvinuu leygalnhlulduselesimunism

lidnsdilagiiadu Snviavnuiilvanulasilon wagdednadadadivesenarsynasaninisiiluly
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Y, (p) = sigmoid {Z X (P)xw,(p)— 6’,,} (2.23)

j=1

Tog m Aesnnuduwnvesiiiseu k ludwievinm (Output layer)

Step3: Weight Training
vinnsufuAanmiinlunszuiunisunsdaunduveslasetnedeudeyadoundy

(Backward pass) lngazfinnsanAnnufianaasiuiuiseueing

(1) FundmnummRawaansisuidmiuiseulutueinn (Output layer)

5. =7, (p)x[1- 3. (D)]%xer(D) (2.24)

e 8,(p) Ao AmanuRanaanTReuidmivinTey &

¥, (p) Fo o Winnvasiiasewk fseu p

wae e, (p) =y, (p)=yp)
NTUA LA NN LA NSUSUA WM NS I

Aw () =Xy (p)x8,(p) (2.25)

[

wagyhmsuSueminaTa seue W innaall
Wy (p+h= W (p)+ ijk (p) : (2.26)

(2) FumeauRawARLNs RBLIiEsUDase Ul ud s (Hidden layer)
, :
8,(p)=y,(p)x[1=¥,(P) [x D 6,(p)x w,, (p) (2.27)
k=1

o 3,(p) Ao manuiawaansRguwidmiviisey

y,(p) A oiynvesiaseu j fiseu p
NUANNUIIATIMTNNIEAainsUSUAE NS

Aw,(p) =axx,(p)xd,(p) (2.28)
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WaLINNISUSUATN VLN AT SOUT UL DURAL
w(p+1)=w;(p)+Aw,(p) (2.29)

Step4 : Iteration
Mnsigdusey p Wen 1 andunauluvhludumeud 2 wagviinssuiuns
WA 19U SERAAMNRANAIRaLNTI AU L

2.6 FTUURYNTUATINEARAAsBUUgUlasadngUSudald (Adaptive Neuro

Fuzzy Inference System: ANFIS)

TLUUBYUIUATINEARUIATRUUIUIATeYsUsTla.(Adaptive  Neuro  Fuzzy
Inference System: ANFIS) tltimATianatya1uszhvg (Artificial Intelligence: Al) jULUY
wils FudusuuuumsiisiusuiutssssuuayunsInzaauais(Fuzzy  Inference
System: FIS) uaglasduieUszamiiey (Artificial Nearal Network) Taefinsianuiite e
FenvesnsnznauiafevielnssiaUssamidtsniuaslimutsaudlotyiangunsesdld
sgraulassngamiienasiinuandilunsBeus (Leaming) Mhimansneiuiedsms
unmesdaiidnaulals Wpnefinssnzaguinsoaundalimgraiiouivuaasdndulaves
wywd SadunsBauildndayauasinuauiivesnsldnudiaosvenisdeduladeng
YBIATINTAGULATE. WissULABIATINEAquIATaiast Tiauansalunadausnglay
SalwiRndayarishiauiisauivsaliiodnunsussdeyaiintaiasuulas asiiuléng
fodiniatulusruteyummssnenaaioaslasitieusyamniies VilvilgAnAY [13] 1
wailanszuiunsmaiulanUssiuguildeausiuiu narefussuulszausases
(Hybrid Intelligent \System: HiS) YuAfesyUlaMnypssnzAgaadauLglast1sUsuR
16 e ANFIS  wdnnasvinuvasssuveanuaunssazeauniatugwlassteUsuily &
Taseadauandlisagun 248

Layerd Layer2 Layer 3 Layer 4 x1 x2 ~lLayer5 Layer8
- AL = 1 \
ax \

Nl

YYY
N
7
[~

X2 ey

- 4

N B2

JUN 2.18 anUnenssuvesseuuayinunsIngrauiaIauugulasnausudala
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NUN 2.18 uanalassaiavesszuvsuinunsIngrquasauugulasedeufuiila
= < o Ve a 1 a 1 = v 0o w a =
wio ANFIS Zerhmualiid 2 unn lnewsiazdunmuieanduiledianlife dmiuduwni 1
wisieTwneandu 4 uay 4, duduwnd 2 wisilefianseniu B wer B, Falaswaing

YDITTUUBLNIUATINZAGUIATOAING1IYNBBAKUUNIUUNUFINYEY Sugeno Fuzzy Model
Tngdinsivuang (Rules) Yusnlugduuy fall

If x, is 4
And x, is 4,

And x, is 4,
Then y:f(xl,xz,...,xm)

) (Y a . ) &
0y x,x,,...,x, Wuiuwlstugntias 4, 4,,. .., 4, {uiladide
filandu y Wueeai sssensiwuuszuudnliul“zero-order \Sugeno  fuzzy
model” updHeidy y 1Suanmslududui 1, (First-order) FafuanmsBaduaziSonia
“First-order Sugeno fuzzy' model” laBguiuuiNnIgIuTesT¥ ULauINuASINEARUIATaUY
gulassnguiuimlantnauely 4 suuguuuuide

BN AR S AR 25 T e ) (2.30)

mom

waraninsanuilasiaiseanldiu e’ wiees mugliuuredasthelssamiieuwuutou
toyalutmih (Feed-forward neural network) fefigasupenuiieg9naluil

dauuAgUuuUssUUgRIssuUIuNIunsIngnantasovugulassuteUsuialan
Usznaumie 2 Bunn A x, Uarx, TusasduwnUsznausie2 Hedigauwaszd 1 winm

Ae y e illunsaiessuvazdsznovlussngdwaurisdu 4.ng i

If x, is 4 If x, is A4,

And x, is B, And x, is B,

Then y=f =k, +k,x +k,x, Then y = f, =k, +ky %, +kypx,
If x, is 4, if x, is 4

And x, is B And x, is B,

Then y = f; =k, +kyx, +ky,x, Then y=f, =k, +k,x +k,x,
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lae ko, k,uazk, Junadnsvssnisafinesdimiungde®l i (Consequent

parameters of rule i)

[

Famaihnuluusiaziawefuanslanadl
(1) Layer 1: Input Layer
Wunsduiunsvestoyadunnaeusniidnaniieruluduases 2 dswaunisi 2.31

O =x (2.31)

Tog i W Index voathsaun i

(2) Layer 2: Fuzzification Layer

dutumsnfimefuednraudsiladion (Fuzzy/ set) dmsudagadunmiignieulsiiy
seuu  leedunmsmidafled (Fuzzification) - anndegaduwn-(x) dumieilsdduaiandy
auwn 1, (%) SaEnAsT 2.32

R =p, ) (2.32)

A ¢ or a o -
e y? uileiduaindnues 4, eeiledduarnuifiuain®n s, (9 u Jang’s model

Jausileeazldilanduseenainnionisenia “Bell ‘activation function” @ainnunlaea
aunsealyil

@ L (1)1 i (2.33)
1 4 (y: == ai ]
ci

Ty a,b,u8z ¢, Wumsifiwmasildaauauyansnati(@enter) A11unie (Width)

uazAmNTY (Slope) vesienduszdinimua

(3) Layer 3: Rule Layer

A wamAIANasIviseqisendn Firng strength vesngluusiaziiiseulny

1Y
<4 o &

Hugrunadwsflsanduiizifinaindasiiunisnnginenans (Operator) “Product” wend
1gintatl |

yO =T+ (2.34)
Jj=1
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gnfMeEadumMIMATBLeVinnvesdu Rule layer dwsungluiivseust 1 (I1)) 2gléa
3 2 2
yl()zyl()xyg)zlu1 (2.35)

Tne 1 38R Firing strength #i3aA1AA34 (Truth value) waangdedl 1

(4) Layer 4: Normalization Layer
Tuatgestiaziuihfisudeyadunmamniiiseunmualy Rule layer antduvinnig
AMUIINAUONDALATAN Firing strength

YNFAIDE 1LY

T A =1L (2.37)
Pty + T My
(5) Layer 5: Defuzzification Layer
o t 4 A o U (2 i 'ol e r v d'
YMUVIATUITUNAANITONRIN LN (Weighted ' consequent. value) aBIngUsvn
fivun Tnedinsuae@unm x;sx; dildlumsduangiuee

5O =1 [kNZ 5 j} (2.38)

(6) Layer 6: Summation Neuron
Wunsymevinnvianuadildainiaseuly Defuzzification Layer tiead1aa1vivm
VvuATaITsULaYNIUATINEAgUASaUUgUlATneUTuRla y

2m

Z @ (2.39)

dmusruveyinuaTIngaguadauugulasisuiuilfasGouiifteivunng @e
msURuAn k& sineg) wazvhnsususiledduaandn (Membership function) dsnalnnns
SeudvesszuvennumsInsaguiaIovugulasstneuFudle (ANFIS Training Algorithm)
aylin1ssyusvesdaneituwyuneu (Hybrid Learmning Algorithm) fiusznaudienisusyinn
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Adsanetiosgn (Least-squares estimator) wagisnmsmannsideun (Gradient descent
method) fiauuutioudeyaludremdn (Feedforward pass) (wadwsuasenimiinazgn
fvslagldmaussnusidiaesiosan) unzuuutioudeyadoundu (Backward pass) 9
Tuduvosnsioudeyadoundulivssyndlddans3Bunisunsnszarguuudeundy (Back-

propagation algorithm)

[flosansyuueyanuluy Sugeno-style fildillowinn y uilaiduilady (Linear

function) fetiuanadidmuadniuaindnssmisiwesuazyatoyanldifou; P (nput-
output pattern) azansadsuaumadududiui P aunis luveuveswadwidmsu

ywsfedldad
f=y2
Feennsadeuleglusuuvissuminglide
Ya =Ak

lng y, Wu Pxi dwsunnwesvesawwniivine (Desired cutput)

7))
yd§2)
o] yd%p)
_ydéP)_
A fownsnduun Px n(lm)
a0 OxO® - AOxOE0 0,0

B2 m@x2) - mQx,02) - EQ) A2)x2)

m(p) m(px(p) - wmpx,(p) - L{P) AP)x(p)

_II’_LI(P) IL_I‘I(P)xl(P) /'—ll(P)xm(P) ot :Zzn(P) ﬁn(P)xn(P)
war ke vnwesaun n(l+m)x1 vswadninslivedilinsiud

k =[k10 ku k12 .-k kzo k21 kzz "'k2m“‘k110 knl kn2“'knm]T

1m

(2.40)

(2.41)

(2.42)

A (Dx, )]
#Dx, 1)

# (Dx,, (1)

#(1)x,, (1) |

(2.43)
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lagunfAudduIuyaaunis P lunszuiunisseuiiuinadidruiuradnsues
W53 n(l+m) Mszuvaunisiiansalaesdiuinaun1suinainguiusmlingiuan
(Over-determined ~ problem) a@1unsauntdaymnilagldidyladuiisa (Pseudo-inverse
technique) feaumsf 2.34

kK'=(ATA)'ATy, (2.44)

dlenasniveanglagnainetuazannsamMulnneestadns y wazivuannmes
ARaNaTn e lofe

e=Y,-y (2.45)

ANTUDANDITUNITUNINTZRILUUABUNGU{Back-propagation “algorithm) 4z
dnnldlunssuiuntsleudayadiounau (Backward | pass) —sagw15ndmasneuntingy
swanlaenggnld (Chain rule)

dlefinnsdweradminiomcpsdiiersandviundlanasiined a ves Bell

[
-1

activation function Tuilateu 4, szlanggniasisil

fl

£)
Y
Al
v

Aaz—aa—E=— OE % ay a(ﬂ'j;)X%X a/l, XaﬂAI (246)

Oa <\ 0a &y OGut) O oMy Of, (o

T o A BATTMTITEUS (Leaming rate) Uag E Pigrrmufianaindwisuienvinmues
JTUUBLNUATINYARUIATOVLgUlATI e U Tusata

1 1
E=—¢&"=—(y,-y) 2.47
clinicy (Ya-) (2.47)
Forfuagly
Aa=—a(y, —y)-D)fx PO P # | Oky (2.48)
i Ky Oa
%38
- O
Aa=a(y, - y) (1 1) x L O = (2.49)

Al
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(2.50)

(2.51) -

dy I dl Y o U 14 dl = 1 gj 1 Y o ¥ € Y ¥
wnanstiluenasianulidmsunisidnuienisfinwivintu ldeygnlriluldusslemisunisen

ludnsdllagrsau Snvivhudilvidawdasilom uavdesgedadadivedenarsnasaninisuiluly



UNN 3

N199BALUULAZAITATUIN

quwf'f%na’nﬁq%’aga5uvgwﬁﬁ1m’h’fﬁ’mzwLLazﬁmiaaﬂLLUUixUUﬁﬁ'}Laua%qﬁﬁa
FUUATIITULAEIILUNgURN TN NATIAsUWIBdauueEesnludd Tnsldinalianiaiiunis
Ussinanadeysyial (Signal processing) AAan1sulatividnifumiag (Discrete Wavelet
Transform: DWT) wagiunatianeiulganuseaug (Artificial intelligence) wnldlunis
dadulatelildundadmey dnfutavenaninasasfiund (Normal)  uasfiaund
(Abnormal)  TaufisszuuazaanInsuundnumzgiRnisaimeasasiiaatuld Tassuun
panu 3 wuude 1 Lane blocking, 2 Lane_blocking ua 3 Lane blocking Falunsude
ANUTLALANYNILYBIAN NI ATzt g i uas s uiiieades
ﬁ’mﬁﬂu%ﬁ’liﬁﬁ)ﬂﬂ’ﬁuazﬁﬂLﬁﬁﬂﬁiﬂlﬁlﬂ{]mﬂ’]ﬁﬁﬂ‘ﬁulﬁaﬂﬁﬂL%iﬁ@ﬂﬁauﬁﬂﬁiqﬂ’aﬂﬁﬁﬁ
mnaanihilglymnnstsasiiadn

k4 o ¥ s
3.1 dayaiigildiuszuu

Tunmsidenldteyadunnaasszuueylidoyansay ssldanalysunsusiasanieinu
AMnssuasnag Aimsun [11] Wnedesaiignihailaludeyadumwmliiussuumiiaueaz iy

b

AAnuELRis (Mean speed (luvthevey kivh)) baseiDdautsnmigiuadiatlurned

saudmaudnnluiuanuidueStd inter-arrival time (umbeved s)) Inglushdot
IdnamtansimundnuugaeianinisasiasanuugesgURnasalniindu

3.1.1 Yoyaanlusunsadiaeamenindnanssuasaas Aimsun
Teyadunnvgssruuminausazannsosonwu ulsiel

1) AMVUASNYZIRIANINTIRS Fsdetleonadannaildelu 5] Tag
AMUUALATAIUE1I9R90UN500.  1URs Snumzavuudunieitausoniafeinuunieng
(Freeway) 3 49493195

2)  ManusuadugEavionnuideEse (Free flow speed) 105 kmvh uagidl
AINTZUENTTIMaY0995135 (Traffic flow) 3,000 veh/h Tegwinsnanisyinauvadusunsy
12843MINTINITIAT Aimsun wanslanaguil 3.1



37

_ i TP 103
Ao
4 ﬂ‘ﬂ Traffic States
- state car: 00:00 02:10
5 _——‘ @ Traffic Demands
- Traffic Demand 199
d-- DATA ANALYSIS
L@@ View Styles
@ (¢ View Modes
. -z Real Data Sets
E INFRASTRUCTURE
! !ﬂ {z# Road Types

| @ [F Lane Types
& SCRIPTS

= SCENARIOS

6 _ﬁ» W Dynamic Scenario 201
= TRAFFIC MANAGEMENT

7 —f.; i Traffic Conditions

w
2] 2
& e 3
-l 4
s B
& 6
- 7
JUN 3.1 miheig 95 Aimsun
3) lewed au ' YR Alannualy
Falarmundny mauum i . PIDLIGRG )RR PRI
8z (Free flo peeaf B DtuaRAN3UnuLi
asnavuluvan P
N PR
a0
g \3 55, e
\ L ; i =
1IN p AL L% 3"
[ A FEEEFL L ™) E
RoadT‘ a3 j L}f
gmﬂm 105, ;6 ) § vehfh i
gd'gs‘an(ez 1: i t—-_ istance : i - ‘ sec.
i On Ramp: SN Sl 10 |kmh

N s
% o

- Sec ﬂnedgﬂ-f - Third
I Basene w'&"“

Volume Delay Fi

;’ Update Graph

1,000

S R T
200 400 600 800 1,000
Section Volume (vehicles)

1 meters . [¥] Calculate Intermediates

Length: 500.064 meters preper:antaoe 0.00 %

JUN 3.2 Mﬁwhwmmsé'faﬂ"lé'nvmwamuu

] N ¥ o [ ¥ = = "3 1 Y o v ) 6 Y 1%
wnansiiluenarsianulidmsumsldanuienisfinwiwinuu leygalnhlulduselesimunism

lidnsdilagiiadu dnviavnuiilvdnulasilent wagdasdnadadadvesenarsynasaniinisualuly
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@ A d‘ < v
4) adnyniiglauuvaneiay 3 Tuzun 3.1 18on Number of lanes -> 3 agld
TIUIUYDIIT195VBIRUUAUN LA UA LY

a - 4 a ¥ v v a < o v
5) aanlensau winelav 2 lugui 3.1 wefarududadasandeudiir-een
nauu laginns 2 aandnuglauumneias 3

6) AANUNELAY 4 11431]17; 3.1 @en Traffic state -> State car

'@ T:afﬁr Qtnk 197 Ilan'm' state car; 00:00 02:10

Name ,state car: 00:00 02:10 % ExternalId: | !

7Input Flow ; Turning Info | Parameters i Attributes 2

v

: e ‘& , L 8
o Wy e ¢ o "NI

D ST (E*..ira—-- AERL
I AY) e o il 3 w
ﬁQ &5 ' AAK"‘*K‘ u

oé \\U\‘\" 1]
NFUT m@han'n 1144 ..,,'

7)) adnmneay 5 lugdi
laminsinadisgun 3.4

wnansiluenarsianulidgusunisldnuiionsfinwmintu ldeugaliiluldusslosisunisd

Lidnsallagnsau Snvivhudilvidauwdasilon wazdesdadadivesenarsynasaminisinluld



® Traffic Demand: 199, Name: Traffic Demand 199

s
- Y

Main | Surorary

Name: |Traffic Demand 199 iExternal JGH ‘ - o ’

Type: Et_at_e_s_;ﬁ Condigurations: i )

Initial Time: 12:00:00 AM Duration: uz:ln:ooﬁ Set Time. 3 IFactor: {100 | %

12:00:00 AM llZ:lS:OOAM |12:30:00AM l12:45:00M Il:OO:mAM [
! ! i ! 1 ! i i 1 i 1 \

; Add Demand Item ?De!etr: Cemand e

Demard Item

Irdtial Time: é!,‘:‘:DU:t}U AW Duration: %:30:033:@43

39

FUN 3a-wipiepayiaeeq Traffiedemand

NNFUN 3.4 mianikaiged Traffic, demand’ fanuaiansufiuvasyianan
¥ a ° P i . . ¥ ' - P a
NaanazllunsTaeeT@n1wesd SR et s amiaslvsaun miTnsa sy iowaa o udi

AUYINIANRE

- d < . ., -
8) ARpvIELAY T IUUN 3.1 (fean Jraffic manasement: - | raffic condition
wanmun Raulvreinasiig Indident 108 At i 1es.2 ncdent Wisi 12 unil

AUATTIN 3.1

o 4 a W ¢
AT NN-3:1 Naul‘tl'llaﬂﬂ’ﬁmﬂgvmﬂ’l‘im [5]

adafiAn ST SEEENII83005 ) AsarBuin Franaiiia
guRn1Ial s gn) | e URerses(m) T g URneal () 4 9URnnsal (5)

1 150 30 360 360

2 150 30 1080 360

3 150 30 1800 360

q 270 30 2520 360

5 270 30 3240 360

6 270 30 3960 360

7 270 30 4680 360

8 340 30 5400 360

9 340 30 6120 360

10 340 30 6840 360
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- X , . ) 4 o
9) AINKUBLAY 6 ‘l‘ugﬂ‘n 3.1 1@®n Scenarios -> Dynamic scenario 201 tWavi
° v o v ) ) o
NNFAADIANINATIRT uasuuwn“uay’aaegm‘ﬁ'ay,a Microsoft Access P9gUN 3.5

Name: Dynamic Scenati

{ Main | Outpt | Aimsun API © Variables | Strategies & Condtions |

e
General | Detais |

where - P

: e
leev iAccess ﬁ; Database: | /Documents and Settingsjyeast/My Documents/sim12.mdb

5]

{ GifDocuments énd Settings{ysastiNy Doamen:s(suniz.m

Detection: [¥] Activate  [¥] Keep In Memory [¥] Store Interval
Statistics: [¥] Activate [] KeepInMemory [¥] Store Interval 0:00:30 f-2

Path Assignment: [¥] keep InMemory [] Store  fie:

Path Statistics: Activate Keep InMemory [ ] Store  (Uses Path Assignment File)
Path Past Costs: [ ] Activate

10.1820201873773.
9.65542053222656  106.969627380371
D 11.8434725952148 101.584367380957

789,

19.3891971588135
A TR
| 49.5263470214244  15.7276840209961

o P o < v )
U 3.6 Yeyangniuiinasguteya Microsoft Access
] N Y o [ ¥ = = "3 1 Y o v 6 Y 1%
wnansiiluenarsianulidmsumsldanuienisfinwivinuu leygalmnhlulduselesimunism

lidnsdilagiiadu dnviavnuiilvdnulasiient wagfasdnadadadvesenarsynasaniinisualuly



a1

ﬁm%mmﬁé’aﬁgﬂﬁmuaiu [6-7] wazszuuithiaueiezdonldfudsmaases 2
Aldanivsunsusassaniwases daide Uoyaldwumina (Macroscopic Traffic Variables)
IadenldArainuiads (Mean speed)  Uazdayaiiegania (Microscopic  Traffic
Variables) Ifidenldandsiuunasgumesnaisewinamaidnia (Standard deviation of
inter-arrival  time) %ﬂ%’aﬁ%aﬂmﬂ‘ﬁ'agaL%\‘if\;amﬂ (Microscopic Traffic Variables) 1{u
sﬁauvaﬁﬁmmh*uaaé’mwﬂ'ﬁmﬁlamwaq (Sensitivity) g4 viilaunsatsuananIwastasd
Anundliegnsiniuasiuvineiineuiinnuiinunidieg wzneliiadgmnisesnasinda
uazdedvesioyailumaia (Macroscopic Traffic Variables) Aaidudoyaiiléunainnis
anadusasInsivauasnsisuuauuressnaus

Felunsdraeanmasasenlusunsusiananaduimngsuesas Aimsun 7a4
uieinauelu (6-7) 99v1N59100980M23133989 UANSAILUL 1 Lane blocking, 2
Lane blocking wa¢ 3 Lane blocking %ﬂul,wiasﬂ%ng“lﬁ#’fmgal,mﬁvgm 260 samples (Tu#in
foyayng 30 Gunil Mazegiam 7,800 3unil) Wavedinmsailrazuuuazgniing 8 ads
aunsauansinvzdayadmiuginisaiuuy 1 Lane blocking lewss Uil 3.7

110

105
; :
100F-1¢-f-f-f - 4-+0 - -1t
951-
90}~
85[-

80

Mean speed: km/n

Std inter-arrival time: s

75

701---

H ; ) : H ] | : H ; ! | i |
5 ! | ! : ! ) H 0 i ; i ] H ) ]

0 1000 2000 3000 4000 5000~ 6000 7000 8000 0 1060 2000 3000 4000 5000 G600 7000 8000
Time:rs Time: s

n) AuSKAeY o) A deauuiasgIuegansErinamsidnga
= LY v o Y Q9 LY @ L3 .
JU7 3.7 dnvagdeynimiunlifiusyuudmsvgdanasaluuy-Lane blocking

Tunsfraesanimasasmalusunsiiaeamieniuicanssiasias Aimsun 1849135
ﬁﬂ'}Laua‘f:aa“ﬁwmif\i’waaaamwaswsmmaﬁ'ﬁm'miu:uu T"Lane blocking, 2 Lane blocking
uaz 3 Lane blocking QNIULLGIﬁ«ﬂSGﬁ]ﬂWU@ﬁJﬁLQ'WI‘W‘VI 260 samples (Uuwnsuamawnq 30
1 Tdszeziian 7,800 am‘w) wazgUAnIsniumasLuUY ﬂﬂ‘Vl']"ZI’] 16 n%a
Tnelunisdrassaninasiasves 8 adausn a]vmmimmmaaLwaimﬂusuaummLsam
(Training) ‘lwﬂusvwaumumsiﬂ zAqUIATOUUgIUlATwIgUSURLA daunisenastaniu
9510580 8 Adelvde ﬂu‘l‘mﬂumauaﬂmmaau (Testing) muummm’;umauamuuﬂﬂLﬂu
auwﬂmuaxwwuuauawwm 12,480 samples mmsmmmaﬂwmumama%mwuiw
dunldfiussuudmiugt@nisaliuu 1 Lane blocking lﬂmgﬁ‘w 3.8
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4=‘ L v - llef o Vo o L e € .
U 3.8 dnwnzdayayaiseuznuunldiuszuudmiugiinisaluuy 1 Lane blocking
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klng cs) [UN13LAN
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) ﬂaumsggﬂn Y1 ¥9999199
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blocking iy
m‘lwaﬂwmu‘uauaw

guFAnisal 1y gl
Falun1sdnassan
uidnwurgURNITlLUY

o o v
gIUNMUETAR DU 9T TieDs 1“1@@@@1111\1&1'2\;’%
lﬁﬂzﬁmmﬁumwaﬁagaaqu

3.1.2.2 uuU 2 Lane blocking

319 LaLyeIvIN
a
A5195N189N191LA

dnvauzgURn1saiuu 2 Lane blocking axifintuly 2 19933793 Feguiit 3.10

g‘uﬁ 3.10 @nM931935UUV 2 lane-blocking

mngﬂﬁ 3.10 WAAIANWMZANINTIIATUUU 2 Lane  blocking Fansdlunisiiin
-quAnnsnl iy gURwaeauN velimsteumuiatiu Wi TnslinsUnauw 2 99993095

Lidnsallagnsdu dnnainudlvidaudasilon uagdesdsdadadvasenarsynasainisiiluly
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alunissransanmasasiléinnssiassdaelatesasasie 2 Feamneesasiadieuas 2
F9aM19951959997  Flerunvusiadeuidnunasiivemndunisvaundnldiies 1
LDINIVTNVT v‘h‘lﬁﬁnwmzﬁay’aﬁlﬁﬂg&ﬂ'ﬁmmL%’JLQ?{EJ (Mean speed) 9038IUNNULZANAY
saiiulddauazandoauuinnsgiureanatssnitamsidiia (Standard  deviation of
inter-arrival time) fifistuagnaitulddnfeduiuiardnuurvosdeyaidadauiuniuey
19 mezé’qﬁmuwmusm%‘auﬁmwﬁawswsﬁlﬁlﬁgﬂﬂﬂﬁgulﬂlﬁﬁw

3.1.2.3 wuU 3 Lane blocking

wa

dnwargURn1sniuuy 3 Lane blocking 9zfintiulu 3 48495193 Aaguil 3.11

gﬂﬁ 311 #AIWAFIATHUY 3 Aane-blocking

mﬂgﬂffi 3. U MansanwiganIngFNaau L 3 | lkanel . blocking Fagsilunisiiin
gUAnsal 1y gifinguashliu Daouutiosortniaiasdusu Thofinaslaouuia 3 19
25195 T9lun IR TnegAn N IBSALAITNATE B0 AL Untiaass 1 I%e-3 Tatniesnnitn viild
grunueiipdeuniduadg g wmiddunianaundnts Mltdavustayailén
madaade (Mean speed) 1838 Tunanlsanaeanniiuldanas ALUosULaNe 351189
nansrwinen1singa (Stafidard devidtion/of inter-arival dime) finadioe fiuladade
WUy SueunvuETiadeRid PRSI NARR IR T et

3.2 wann1sesnkUUBasanNHiNAulaEs N IResTULTITLEWD
o v o v o Ye o o Ao v o a %Y
dwmsuiiden 3,1\ ldfeSueiiwadaganarasiinld duteyaddnlviiuszuy
Feluideifazdnauendn199ea L uUTEUUATITI VLA WERIUANATAIN199 515U UL
gnludAndnauelunuideil

3.2.1 33UUATIRIVANNAT1D5NAAUNALAE Tl HTsUUaYINUATINEARHULATD

ﬁw%’uﬁa‘ﬁaﬁ"ﬁ]sa%ma?%msaamwuﬂmmnﬂsz%ﬁﬁgﬂLﬁaﬂ‘lﬂﬁtﬂunalnwﬁnmaa
syuuitotaglunsinaule dezndnisudidauerouniily (6-7] Tnenalandniidenld
ABIYUUBUNIUATINEAQUIATD (Fuzzy Inference System: FIS) wiefiSenfuiniledasin
(Fuzzy logic) dwiuszuusyununssnzaquaiessiiuniesdiengislunmsindulanels
auliiuiueurasdoyauaslindnvauaiindronisideunuuisaudniidudeuveyud
Lﬁaamnfﬁagaﬁ]swsﬁmww‘i’umumaﬁagaagjmn inlvideyaidnuugliniveudsendenis
FaaulauazszuuiinaustiudeanisuivenanimasiasinUniviefnunindels lngag
mmmu,amLquE&'wadsswlﬁﬁagﬂﬁ 3.12
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N samples of “mean speed”

L et 1
]

i 900600 || 06009 !

R I 1\ Crisp input #1 frmm e )

t 1

Proposed 1 6606060 i Final Decision
Input data streamivg | ToTUEEEE 0 TmmmmmmmRmOT »
.. Crisp output
Crisp input #2 FIS rsp ouip normal or abnormal

"= ======-- LN ket 1
1
]

N samples of “std. inter arrival-time”

UM 3.12 svuupsiaduanimanasiifinundlaeldszuveunnunssnsaguae

MU 3.12 uansssuune fuanmEasiaanPlaglssuuoyusIngAguiATe
inldifunalavdnlunsinduledielilanndsdiney levsuenaamasasiiuni/Aaund vh
Thssuveyuunssnsaquiad e fusiaslunisindulaiia uadesnnszuvoyununsane
aguaelilansaseuiinndeyaldfdiufeddl@svmlumstmunmwsiimesaneg
Feluhszuuaynussnsaguiateriliouiusde phnssonuuuilsddunmauuamnan
(Membership function) wayAguesila® (Fuzzy rule) TaganinsaRairanlasindayals

dwiuniseannuuilsiduainuliusunBn (Membership function)
Tunseenuvuilsfduannluaninanideyaumaenuuunseate (Scatter plot)
wievmsllaTganunstela lnguaninisndanuuunssieveatinisaliiuy 1 Lane

blocking, 2 Lane blocking iag 5 Lane blocking Aaguil 3:13, 3.14 tag 3,15 pudney

1 Lane blocking

120 : .
) : - Normal
y : G Abnormal
100 Lot T R 4
§ F S . U =7 - W R N e e o O ]
= o0 ¢
§ (o]
Be 60 frnmmmrmmmemm s frmmrem e .
=
S
=
QO b m e e e e e —
S — U — T — -
0% ! i
0 5 10 15

Std inter arrival-time: s

UM 3.13 miwﬁamLLUUﬂ'izmsﬁuaqqﬁamiiﬁLLuu 1 Lane blocking
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2 Lane blocking

120 1 ! e ! ! '
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: ! ! : : : < Abnormal
e e e e
B e e
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% 1 1 ' . h
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B - R e e
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AR ' T G ' ' H
20| BLRL Oy o ik RS SRS SR B—
¥l ; oo 24 o
ob i i 1 i i i
¢} 20 40 60 80 100 120 140

Std inter arrival-time: s

U9 3.14 MINAALUUNTZIEUIGURNISHUTY 2 Lane blocking

3 Lane blocking

120 T H
100 _____________________________ PSR - - LY - G-F -8 ] .- . - —
*
§ 30' ............................................................................... -]
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8 60 bbb e +
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S| N BT D AT e (A <
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0 1 | I
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Std inter arrival-time: s

U 3.15 nswdenuuunszanevedguiAnIalinuy 3 Lane blocking

mniﬂ‘m 3.13, 3.14 wag 3.15 a]ummsawmiw‘uauaLwaLmewmﬁmmumm
Lﬂuauwﬂ‘umauw (Input Membership function) FeluemATeifldRarsandunm 2 Suwm
frampudaLads (Mean speed) LLavmL‘U&NLuummﬁmummnaﬂumm“maaummamw
wrluiufiauuiisvue (Std. inter-arrival time) Tulamaaian (Time domain)

nnsRiasawUIIAAIE s (Mean speed) msudsdiswesilanduainy
LUuam’lﬂlﬂ‘uaﬁauww (Input membership function) panu 3 Hadidn Ao (Small Medium
Large} LLavmmsqwummmumaqmaﬂummumaaummawmmluwumuuwmmm (Std.
inter-arrival _time) m'iLmemeaﬂsuummLiJuam%ﬂ‘uaaauww (Input . membership
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function) senidu 4 e Ao {Small Medium Large Very-large} uasusariladidinaziog

Ld
=%

ﬁmsLﬁaﬂiﬁﬁqﬁﬁummu"]uam%ﬂiﬂ&J%‘uuagjﬁwﬁagaﬁgu‘] Fadlogyaneuia 1wy efdu
i (Triangle function) Harfduainasuaiany (Trapezoid function) erdu@nuesd
(Sigmoid function) Harduind@eu (Gaussian function) [Wusiu Toeluideillaidently
Asffununduaminfugudivdsuatmy Wewinnisimvuaszduauduaudn
(Degree of membership function) maﬂﬁaﬁsi'fu?imﬁammqmﬁsﬁﬁhaéﬁaij 0 uay 1 1oy
sefinnufuandnvesdmouiiuiuaulfeguansdr deilsdduaufuaudnvesdumn
(Input membership function) mmiaaaﬂLLUUIﬁﬁé’ﬂwmziﬁé’quﬁ 3.16

~
<
g
= .
§ +  Normal
X < Abnormal
& i
=
3
S
\ W
R
N
+ F
1
200 250
Std. inter arrival time | (s)

U7l 3.16 dleriduauuainBnuesunm (Input membershig:function)

Feazledeidumatmidiuamn®n (Membership™ function) _48dA1Anui5atade
(Mean speed) fiail

small medium large

Degree of membership

mean speed (km/h)
-

0 f f f I [ | [ I | I [ | v
10 20 30 40 50 60 70 80 90 100 10 120

U 3.17 feifumnuuaindnvesiainuiiiaie (Mean speed)

93U 3.17 Herdurruuanndnuesraniaede Fauvadu 3 dedidn fs

1) Small de1agluzae [0 0 15 40]
2) Medium denaglutg [35 45 60.75]



Degree of membership

vaanaluvuzisasudmaud i luiuiauuiinug (Std. inter-arrival time) #iail

niedium large

3) Large difnagluaia [65 90 120 120]

at

wazazlafanduninuduaudin (Membership function) veddtlegUuIIAIZY

very large

>
>

I T I T I T I T T T
o 40 50 60 70 %0 90 100 10 120 130 0 150 160 170 180 190

[ I
240 250

std inter arzival-time (s)

U 3.18 #aiduanuiluandnvesrindesvuinasguveanailuvugisogudidadian

TuRuNauunA MU (Std.inter-arrival time)

o w v - o =t 1 g o od A
ﬂ']aﬂL‘U'uJ'ﬂuwu‘V]ﬂuuvquUﬂ Patuadu-4 'W‘U‘UWW] 1213]

1) Small dA1eglug1a (0.0 3 5]

2) Medium denagluiy [3.712 16]

3) /Large Timagluyas [13 17:23 27]

4) Very large fifnagluy79.[22 28 250 250]

U7 3.18 ilsiduraifuauadnvesanbonvuinassauvesnatluvasisngud

Tudrureneinmillaaanssuyeyuuasnzaguie3sasduiuy Mamdani A nadws

fldazgnAnnniiienyarudag (Center/of Gravity: COG) dstiumaiduninaiumninves
Lmﬁww (Output membership” function) JvaansauUseaniiy 2 Hedige da (Normal

Abnormal} ot

normal abnormal

% of incident
»

0 | | I | I [ I [ { r
10 20 30 40 50 60 70 80 90 100

Degree of membership

gﬂﬁ 3.19 W\‘lﬁ%'um’mLﬂuam%ﬂ%\‘umﬁwﬂ (Output membership function)

9nguR 3.19 HedFurruduandnueaeing Fauvadu 2 feTidn fe

1) Normal fifAnagluya4 [0 0 60 80]
2) Abnormal df1eglutas [75 80 100 100]

asuniseanuuunnuasied (Fuzzy rules)

Tunseenuuunguesie@aunsauandlafmisn 3.2
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M15799 3.2 AuasHed (Fuzzy rules) vasssuuminaualu [6]

Mean Speed
Small Medium large
Std. inter arrival time
Small Abnormal Abnormal Normal
Medium Abnormal Abnormal Abnormal
Large Abnormal Abnormal Abnormal
Very-large ‘Abnormal Normal Abnormal

Falumsivuadnnuagediad (Fuzzy rule) %uagjﬁ’umiﬁwumﬁwmuﬁﬁ%ﬁm
vesauinvosdunmusasduin Seasliiviaiu s Tnedl mAesauiuiledidnvead
AdaLade (Mean /Speed) waz u Aosaurufledidavesandeuuiinsgiuveaatiy
vuzTsnsusmdadauluiuiiouuiisaie (St inter-armival time) dmsuaideiniuaue
Tu [6] annsatiinnguesiledlévmin 12 ng fepasiai 3.2

3.2.2 SPUUASARIVENIWATIsTRa UG LagldisuuaiINesINEAR AT aLaZISNT
\deetheinn

Tuide 3.2.1 finanundulfasunefivitnise anuuussuunsa9dUuanIna s e
AnunAlagldszuusyuunsinzaguinie Falumdatareiuigtmininsguyiaus
AenamanidTiuisnisidednsmnn (Mejority voting) lanunudldas3Un3.20

N samples of “mean speed”

Crisp input #l

!

|

1

1

1

\E

i

1

:

1

i

1

)

:

1

|

|

1

|

|

A

e
2
2
L]
2]

Final Decision

]
RIS g ey B N »
. »
\ Crisp input #2 - Crisp output

Mayjority
Voting

normal or abnormal

A

N samples of “std. inter arrival-time”

U 3.20 szuuasnduanmasasiiinunlagldszuveyanunsinzaguase
wagdonsidesdnannn

dasuitnandsdrannazgnihunfiansuiefinussaniamlunisnsiadu
gURnsalvasszuulifinrugnissnndaiusazldinailumansiaduguinisaiifes das
annsesnnmeenuniuadasnisnsaiugtAniscivesssuundefiTundi Detection
Rate (DR) uazANadsvemaTIunafiszuUasnTanadugiAmsalldvieidonit Mean
Time to Detection (MTTD) Tnsagnanidluiadagaievssuni
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o ad k7

n 9 1 jori i
aw do i v v a % = a
ﬁ]’lm’lu’lﬁlwu%auaﬂauwmmu [6] 1ﬂ@aﬂLLUU'J%ﬂ'ﬁLa‘EN°U'NNWﬂ FIVTWINIUN

foyalasiinisidouvesmisiindunuuuienuioniiundt Blocking window #ifiuuIe

o

#ie1e 5 samples wag 7 samples 49351589z lvinadnsnneliefidesdnaunnvesfineu

melurunavangg du Fawansladagui 3.21

1
'
1
1
&)

e L.
o e
1 O vyl Normal zone
Normal zone | @ ) @ @
(@ : |
Lo : | @ j—De
: 0. ! i O
f o] %0
o455 o ST
vy ) O ] Abnormal zone
o : ! i
Abnormal zone | /& #£--: O |
. O l—=Po0
i O} e
' O 4 ~eu
~e § U 9
| 0P
| Q=i
N. Blocking window 217¢ 5.8amples 2. Blocking window, ¥Un@~# samples

‘g'dﬁ 3.21Blockingwindow ¥1n-5 sampléstlay 7 samples

INFUN 3124, WansionTsideadafianduBlockingavindow vua s samples wag 7
samples dzuiuladnrgangiigashilgianimnqnuestiona Insradnsfliatnhanamunn 5
o & v haho = v ey v F
samples 11U usoMRTBWTY 3 TU SHASHAANI T L0230 W9 UIR 7 samples
Suduseadidmeudu 4 T vastmevingagiue

va e«

Lwiﬂszﬂy’mﬁaLﬁmhé’mﬂmimnﬁ‘]’uqummsm (DR) TuwnzfiAiadsveanasmiiaii
sEuvasensnduguinisalls (MTTD) fienlndidsatuszuuiiviavelu [6] wazld
LUé‘lsJuLnJammﬁnﬁﬂﬁé‘ié’aﬁ’wmdaaaﬂiﬂaﬁnwﬂﬁﬂmsﬂszmamaﬁ’iynunm (Signal
processing) dafifon1suuaanidnfiunuie (Discrete Wavelet Transform: DWT) #afi

Wausly [7] Tngaznandeluiitedaly
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3.2.3 JEUUATITUANINATIATHRAUNALaeldn1swU At nEARLANNUIELAZ TS UL
UNUATINAGULATBTINAUTIN T F e d19311n

luhdeiaredueisruuaneduanmerasiaunilagldnsuasonidadiy
mhBiagsEayIuATINE AU e anAUIE e sthanniigninauslu [7] Taog3deld
fasegannauiiauslu [6] ieiiuddnnimrnadugianised (OR) eswindoya
M19951959¢AUAUNINBgNN (Fluctuation) ﬁ%é’]’a%ﬂﬁwLauaizuuﬁiﬁﬂmwaqnWlﬁmﬁm
mheutelunsandeygiasuniu (De-nosing) kaztivanituiuvedaya (Reduce data)
Tngazaunsouanaunuialdsgui 3.22

]
»eo 0@ !
[N SRS, o e — 1

'_‘_—'»DWT ? :@®®...®@: . )
Crisp input #1 f ¢ L. Final Decision
y i e i aetaiete ! Majori
' data streaniing FIS N jority
Cri. tput i
» DWT - o il Voting normal or abnormal

__________________________ i

i i Crisp input #2
)ee 00 ! 90000 |

1y 4

N saroples of “std. inter amrival-time”

JUT1 3.22 szuusduan e esfiiaUndlaeldnsulasnianiitniag
WAZIZUUBLINLUATINEARLLASDTINAUIBNSIEE N

NNgUdl 3.22 Fetudnseuunaaduanmes s sinauaRlatldnasudasavidn
Wumiisuay sy uUayTIRTINgARTiATe AU N s ds s austy 71 Fady
guuithmsudasdidaiumnenldfidoyaasesiiiiuieoyasunmuasisanisudasi
Iganmsiansandeyalulauuinids Wavelet, domain) lneldldduasgidayandu
(Synthesis) iluudunnlifunalnudntunisiniulaffessvueaungintagunase Lite
anAududouvesTr UL dasitmanuisely (o] ARasandeyaignuuasvidndiumie
wagyhnsdaaseteyanauleglulaniim

damiuniseanuuunisulasinidniiunuiae (Discrete  Wavelet Transform:
bDwT)

Tunswvasidaiumieafenndielunsainaudnvasruvedeya (Feature
extraction) aaﬂmﬂ%’agaﬁuaﬁ’u%nﬁmmc‘i’umu*‘uaﬁm&awjum (Fluctuation) wazdizan
Famusunau (De-noising)  zUuianfudayaaiuatiu Tngldnsiesizduuugadn
nissdyand (Filter bank  analysis) 9¥vin1suendgyguduLuUIINYARINTIdY QY
panlu 2 du ﬁaa’auﬁﬁmmﬁﬁﬁudquﬁﬁmmﬁqa Tneaglddnsesaudsriu (Low
Pass Filter) dwiuusnasiussneudiufininuiinn (Approximation coefficient) wagldi
nsesAudiges (High Pass Filter) dwiunenasdusznaumiige (Detail coefficient)
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Tnedygrafilautuszriiudnsiguas (Down Sampling) My 2 Faagyilvinadnsainnig
Tinyzanaesmil Jelaswadveaiinsesdygnuantlafiguin 3.23

Highpass downsample

Detail coeff.
cD1

Detail coeff.

Lowpass cD2

Detail coeff.
cD3

Approximation coeff.
cA3

gﬂﬁ 3.23 15983 NVBARINSOdRIN (Filter bank analysis)

dnsunnidnuy (Mother wavetet) MAontdazluilut “Daubechies-2” %38 “db2”
uandlaragun 3.24

L L ' t ' 1 '
100 200 300 400 500 600 700 800

V91324 idRiivda Daubechies-2

2ngUTl 3.24 Lvldmuinie Daubechies-2 @uiualnzetafidnuifiianldlunis
wlasaidntfumiag LﬁawWﬂluﬁmamwNamiLLanaa%’mﬂaé‘iuwmﬁu’q 2 @9
Approximation  coefficient g03A1AIALEIadE (Mean speed) Wag  Approximation
coefficient sndssuuunsguvesiailuvasiisnsuimdadwilufuiiauuitive (std,
inter-arrival  time) LiWlAnusofia Daubechies-2 e db2  TvrwauUdgavasdnyay
(Amplitude) #igs wandlviifiuldinnstndaualin do2 wnldfiussuuezaelunisis
AudnuzIAuYotoya (Feature extraction) wazaunsanwidnidudunuvedyyin
(Represent) dwsudayadunnle

nagsziuvasmsuladdidentdmsulanduwuu 1 s2du (1-level analysis) iissan
q*m‘ié’faﬁlﬁﬁmiw%’agalunWLﬁmIﬂuLqumama (Foudananidauuy 1 sefu nszuIung
gu (Sampling rate) vastayadunn aeldnafistuan 30 Junit 1 60 undl s sample)
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6‘8@mﬂi’fssé’umaamsuﬂaaﬁqﬁu%ﬁqmas{anaﬂumimmﬁ’uqﬁ’ﬁmiiﬁ ALAUTOLARY
Tassadwssgasinsesdyanuuy 1 seiu laRagui 3.25

L L
OWpass downsamplcf, Approximation coeff.

- cAl

Lo D

S——= Highpass downsample

cD1
Detail coeff.

JUT 3.25 Taseaivesypiinsasdya nuuy 1 seeu

mmﬂw 3.25 ﬁwmulmﬂﬂ‘idaﬁwawmmﬂiaaammmﬂmﬂmmu 1 szeu (1-
level analysns) smwaﬂ'\mﬂaqL’JWmmmwmaw‘lamnmnsmm’mam (Low-pass filter) lae
FrnseamuBRIEY (Low Pass Fitter) MemteaenadasiuiaiBawd (Mother wavelet)
i do2 Siesdudelau (Transfer function) Aie

H,, /p(2)==0129440.22417740/83652~ +0:48302"" (3.1)

KazzgNTEUIUAYSEL (Down-sampling) . ae), 2 fannstYaslaagnieadn
“Approximation coefficient”! gstusuissgritiidudeyatiuwliiussuveuininsang
mauiesouLgilasgUTuild LLauwamiu,ﬂaaL’JwLamw"l,mmﬂm'miaam'mziqa (High-pass
fitter) Tnefansaspiafgeiiu-(High. Pass Fitter) Tldauideandaifiumifioul (Mother
wavelet) M db2 ftititunieleu (Transfer function) A

H,, o(2)==0.4380+0/83657" - 0.2241z 7 ~0.12942 (3.2)

uagiiiogn (Down-sampline) §e 2 manswlasiildasgnidenin “Detail

coefficient” usluduvesrn Detait.Cosfficient; 9xgauerimdudygaasuniuvesdoya R
srlaigniiluiansan

LmLuaqmﬂiuuuaumumsmﬂamLﬂsaluam'lialﬁauimﬂmaualmmmamauaauwm
fnswasunlasiedinsuwasdoyalneglulawunmida (Wavelet domain) Fadndusios
Tfdeamglumsimuadmisifimedagg In Feazdasiniseanuuuitenduauniy
43130 (Membership function) waznguesilad (Fuzzy rule) Wlanuwngauiuanvae
doyadunm

dmdunrseanuuuieiduadiudugun@n (Membership function)
Tunseenuuuitenduanuduaandn s‘ﬁﬂumu%’aﬁlﬁﬁmﬁmﬁuw 2 Buwwd
Ao Approximation coefficient ﬂaﬂﬂ’lﬂ’nm’iuaaﬂ (Mean speed) wae Approximation
coefficient mwmmummsﬁ'\uﬁuaaL’Jaﬂummmsﬂaummam‘umﬂuwumuuwmwuﬂ (Std.
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inter-arrival  time) 399zRansanlulamunvidn (Wavelet domain) lnense laglald
duaswvdayandu (Synthesis)

mﬂmiﬁﬁ]'ﬁm'l‘il’au”awuﬁ’l Approximation  coefficient gaeA1AISIRde
(Mean  speed) a13uistaeasilenduanuiluaniBnaasduny (nput  membership
function) anliu 3 He@da A {Small Medium Large} wag Approximation coefficient
yosridsavumnaspuresatiurasisasud hdadaluiuiiouuitdmun Std. inter-
arrival time) AIsuUarrvesitanduAuuaunBnussduny (Input membership function)
sondiu ¢ #e@ida fie {Small Medium Large Very-large} uazusasiafidnazidonldilaidu
arunfuandnifugudivauenany (Trapezoid function) Fansesnuuuazwmiloufuiide
3.2.1 fildnanuineunii Tnselafaiduninunduaindn (Membership function) ¥
Approximation coefficientvasrnniiads (Mean speed) il

small medium large

Approx. Coeff. of mean speed

0 I | | I T I [ [ I I { I | I I I d
10 20 30 40 50 60 70 80 90 100 Tlo 120 130 140 150 160

Degree of membership

SUTl 3.26 feridunnauasntinves Approximation cosfficient YosAMIT LAY

9NN 3.26 fanduAatiuandnues Approximation coefficient YDA
lade Javaiu 3 #eTidn flo

1) Smalt #ir1egluya, [0 0.70:110]
2) Medium fimegluaag [80.95:120 135]
3) Large flenggluaaa[120 140 160 160]

wazazlafenduanuduaundn (Membership “function)” 9849 Approximation
coefficient vasAndoauuninsguyssalbvnsisasuafdadwiluiunouunimun
(Std. inter-arrival time) sl

A

= smallmedium large very-large

=R

Z

L

2

=

L

=

S

1)

W

o Approx. Coeff. of std inter-arrival time

Y)

L

= >
0 l | I I

10 20 30 40
U 3.27 flsidupuluann@nves Approximation coefficient vasdnigauunnsgu
as A luvENsasunmasd s luNunauunivMus



54

9ngUTl 3.27 Warddumnunduaun@nues Approximation coefficient vaeALTELUY
WmsgIuTeInanturasfisasusiaadunluiufiouuiicvun Jauvadu 4 He@ide fe

1) Small fregluye [0 0 3 5.5]

2) Medium fidneglugas [3.5 5.5 8 10.5]
3) Large UA10glutaa [8 10 12 14]

4) Very large fifnagludaa [12 15 40 40]

TudhuresewiyillfanszuveyuunssnyaguiaTeazifuuuy Mamdani Ae wadws
fildasgnaniianangudiag (Center of Gravity: COG) fatiuflaifuauduandnues
\@wiwm (Output membership function)-azerlinzaittesndu 2 fwdidn fe {(Normal
Abnormal} il

normal abnormal

Degree of membership

% of incident
"

0 T | ! | I I [ | ] X
10 20 30 40 50 60 70 80 90 100

U7 3.28 landurnaifuanBnuesa vinn (Output membership function)
FmsunsulasnwianaNmae

93Ul 3.28 Meaduaanunuauad@nuesoning Jaudalu 2-letien fe

1) Normaldianagliaag [0°0.60-80]
2) Abnormal deragluyas (7580, 100 100]

dmiun1sesnuuunYasiled (Fuzzy rules)

Tumsesnuuunguasiledangnsnuanslannisn 33

A1317 3.3 NUeHa® (Fuzzy rules) vasssuuiinauslu [7]

Mean Speed
Small Medium large
Std. inter arrival time
Small Abnormal Abnormal Normal
Medium Abnormal Abnormal Abnormal
Large Abnormal Abnormat Abnormal
Very-large Abnormal Normal Abnormal
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o

o o a d‘ ° d’, 4 1 9 l’; o
dmsunddendauslu [7] dawnsaimvusnguesiedlavavan 12 ng Amnsa

o ac

n 9919 Maijority v
MNNITEIEuenauntily [7] leanwuuisnsidesneunn J93snansan
ToyalneBnisideuveamihiradunuuudenuieiiianii Blocking window (dulienfiu
awv 4o A 1% a < < ' a o %
nuideniauelu [6] usiilasnndeyanignnisuuadanidaiiunilgaziiduiudeyaanas

lrlunistansauidenldvuianiingnavesisnisidustnaunnd msussuuiine awdenly

[ | o

uanthaafiflvun 3 samples uay 5 samples #935n15iazlinadnsinoilofidusdng

[

° v b A 1Y) a a o = [ a
wnvesraeuneluraniiienee duiguiisaduanuidemiiauelu [6] Fauanslanagun

329

. N
; ;-—-—)0 " ' Normal zone
' 1 . W

Normal zone ;‘—“—’;—1,: . @ '____"
AR T b
(R B e s
WS
= O’ Y
W NG i — Q
| €7 : QP

Abnormal zone LA Y

Nl = 1o Abnormal zone
N0 ey =4-34
ge-n-s 1 OF §
e v ol
' o4 o
el im0 1 G
Lo ® | =P 0

f. Blocking windew®1a 3\samples U.-Blockins windowsna 5 samples

gﬂﬁ 3.29'8Blocking window UM 3 samplesitae. 5 samples

mﬂgﬂﬁ 3.29 UARYIBNSLATINAINIUY Blocking window U@ 3 samples wag 5
samples azwiulsimadnsilsazlillduanmnynvesioya Inenadwsildanniiieun 3
samples  sndudosdidmeuiiu 2 lu 3 waznadnsaldanuiiaiswuin 5 samples
Sududosifmeudy 3 u 5 vesuunanthendug

dwiusruveyanuassngaquiaialilatnsaeuiuazusudmandeyald vinlaan
ihlulfnussasdeddfidoamalunsimusdmsfinedingg inszasiudidedals
Wimuesansyuulneidenldsruueyinuassngaquiaiavugulasstneusudliviansen
1 ANFIS inlfifunalnvdnvesszuuunussuueynuassnsaquia’e Jwazannsadousia
Uiusnndeyals (Leaming from data) ninnislunisesnuuuazlananisluitednly
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3.2.4 sguunsRduanwasesiiiaunflagldnisudasaviafuniosuazszuy
auIUATINEAgUIATaULUTUlATIUeUuRlATmnUIBdsetaeun

luhdsilazasunefessuuanaivanmesesianilagldnisuasomidaiy
ML ITUUBYNUATINERUIATBUNE LRSI e USUmLATIufuTEmMsdeatnann 1y
ansnsnuansuLiInTaesssUlf U 3,32 uesuuiithiaueiildgnitanndesansn
anemiddely [7] TnessuuihiaueidslfiFenldssuvapnunssnzaquuadouugiulasadie
UsuildvIeniondn ANFIS anltifunalavdnussssuuunuszuusyanunssnsaguee o
gganunsaiieuiiazUsuiianteyald (Leaming from data) laglunisvitauvesssuy
suinumssnzaguessuugulassdeliusildzdusuuuunmsvhausiuiuresszuuaysu
miiﬂsﬂqmﬂ%a (Fuzzy Inference-Systern: FIS) Lazinseauszamiiieu (Artificial Neural
Network) dmfunisviauifiedetrufisaveinisnsaquaioniataseUssamisatue
Taaunsaudlelgyuuamzuitegeld egnudulassinegdsaiminedaglinuandalunig
3ous (Leaning) flianusaedungfiantsliinvasdsiivnaulsle luvagiinssnzaquiaie
annsalivauailideutuunisiadilovasyed WasvuuTemsInsAguIAeleiliannsa
UiuildilodnunsvosdoyadinsnEeuas spviuldnddesniniulussuveyuy
nssneAquIATBlaglnssIBUsEa BN datunns Seudiuvsas (Hybrid)

N samples of “mean speed”

)
630009 !
SO SV . 1 2 A4l :
————» DWT =g P :®®®...®o: . .-
Crisp input#1 : ! ey Final Decision
t data streaming ANFIS lZrmmoo-rimeer Majority
Crisp output Voting
_____________ S DWT > normal or abnormal
" 1 Crisp input #2
20000 :: ®o00 00 |
[N ]

N samples of “std. inter arrival-time”

U7 3.30 sruuandvanInasTiRaUnflasldnnsudaavidnfuviisuagssuy
BUIURTINE AR DV ILTATIE TSRS wAUTE N sdeatann

9In3UT 3.30 eI NIsIUTesIEULITsNRUIndeyadunasssuuidus
duuszavsvesdeyariniuiinie (Mean speed) wasArduussdnsvestoyaridesiuy
UATFIUVRAIATTINININT5INES (Std.  of inter-arrival time) Tulpuimuvesaniédn
(Wavelet domain) FeArdudsznsiilafrenansuuasvesamidaiuniieaggniin
o <) 9/ a 9 e P ] s 1% .
fasaniudeyadunmliiussuveyuunssnsaquiassuuglasadieuiudld (Adaptive

Neuro Fuzzy Inference System: ANFIS) zausnesniuulangl
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d11SUN139NLUUILUUBUNIUASINZARMASaUUs1UlAsSneUSuAqla (Adaptive

Neuro Fuzzy Inference System: ANFIS
TunsyuumshauresssuusyuasIneagueseuugulasweuTudlnag

1 a ¥ o ° =
LL'U\'iﬂ'ﬁW'ﬂ'ﬁﬂJ'l‘lﬂL‘Uu 2 I‘Vmﬂﬂ'ﬁVHQWUQ'E]

1. Tnuavein1sinia (Training mode)
Tulnuansiniansgurunsiauaziuwuuesilad (Offline) lagnisaing
WUUSRBIBIsTUVBYNNUATInzAqIAs suugulasadneU udldazdeaiininifouiain
v . a o v 0 v § v 0 v 1% Y] a <
foya (Learning from data) fidugadeyadwivliuuudasdatouiuasdivamsiines
feq Wdmununsauiuinuuedeyaiu douiluldiuass dmeihanlulnuans

Hnvinuanaladegun 3.31

Mean speed —»"DWT > +
> ()« Target
Std. inter arrival-time ——» DWT o

/ Error signal

A 4

g‘ﬂ*ﬁ 3.31 masmaululvuanisinva (Training mode)

91030 3.31 agifiuimisvienlulvaminiorlddeyaduwn2 §3 ks
wasaidnsuniasndn Tnelunszvaunmsiniaimelissusanisanotaussiuanvae
‘?J'asgla‘ua\‘iqﬁam‘im‘lﬁﬁd 3 gunuy A9.1 - Lane-blocking,”2 Lane blocking /Wag 3 Lane
blocking inswasthuredadlidayanmunysegifniseifs 3 suuuy feliszuuiFeuiuat
Uil dunuudassihgauiuinuazdeyaiian

aziuldiasn15USuivesssuuifenisusulassastevesiladduaindn
(Membership function) uagng) (Rule) FoidatiranuSuaudnfidenldlunifedendy
sUdnwaelerdudimasunnavy (Trapezoid-membership function) \lasannistvue

LY <) - . . ¢ o o = a1 1
sEAuALUNaNTTN (Degree of membership function) vesHendudivasuaamyaziiniey
537319 0 uae 1 Ingrsinnuiuaninvesineuiiniueuldegralsruanilansgun 3.34

Degree of membership
function

a b ¢ d

‘gﬂﬁ 3.32 ﬁqﬁ%u?imﬁ'&mmwg (Trapezoid membership function)
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Tne@suduaunislansaunisi 3.3

0, (x<a)or (x>d)
x—a
b—a anSb (33)
m®=1 b<x<c
d—x c<x<d
ld—c’

Ty g, () Dugdnwasilaiduaivieuamy

Tumsusuffenisidouiut@esisdnes {a,b,c,d} votusazHlaTidn
Taglunisiiluldaunszuiunisilndaasisudaindeyaidudunmlifussuy
nssurun1sUfuffesuSuamaTiinesane Tundinadnsiliansuueyuunssns
aquiAIauugulasarsUsuR iU B Uiessuasdeya welvszuulfiFeudain
Foyaorldilaiduaundnged |

dnSuilefduainiBuania@n (Membership — function), \, 289 Approximation

coefficient 983n17M5aRAE (Mean-speed) uaaslimuiui. 3/33

small medium large

Degree of membership

Approx. Coeff. of mean sy

0 I [ [ [ I I I | | [ I { I I T I i
10 20 30 40 50 60 70 80 90 1007 110 120 130 140 150 160

U7l 3.33 Heiduanunduamndnues Approximation coefficient 1a3rAm ARy
fansuss Ul ANFIS Wunalhvdn

9nguRl 3.33 Windumaaunduain@nase Approximation coefficient oA
AnusuRde dwsuszuuld ANFIS [Wunalovdndawdady 3 Hefida Ae

1) Small fifinaglugae [0 0 19.94 61.23]

2) Medium fenaglutie [14.78 50.91 96.51 130.90]

3) Large fimaglute [97.37 126.60 150.70 150.70]

wazaglafaidunnuduaindn (Membership function) 484 Approximation
coefficient °ua<1ﬂ'wL‘f'ja\‘il,uummgﬂummL’JaﬂummsﬁsﬂauﬁﬁﬁqLiﬁuﬂu'ﬁuﬁauuﬁﬁmuﬂ
(Std. inter-arrival time) dufuszuuiildd ANAS WWunalnudn il
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h .
small medium large very-large

»

Std. inter arrival-time —»| DWT »

I I T I i 1 | I I I I I I [ I I I I I I
10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200

I
210

I
220

Approx. Coeff. of std inter-arrival time

U7 3.34 aiduauduaun@inues Approximation coefficient UBeAITEMUNIRNTEIY
YaanatluvuENsasudAd Nl uRuRauuniue dwsuszuuiid ANFIS Wunalnudn

NFUT 3.34 Wadduaruduau@nues Approximation coefficient YDA
LUENLuummsmwuamaﬂummmmaummaaLmuﬂuwumuuwmwum mmusu‘uuﬁl‘u
ANFIS iunalavdnGaadu 4 fetida fe

1) Small fimaelug3s [0 0 6.86 46.45]
2) Medium ifnaglusiie {4:22 41,17 86.03-120.30]
3) Largediragluaag [74.15 116:40 165.20:196.90]
4) Very \arge-Sinaglugay [165.20 196.90 220.60 220:60]
e szuyedtiussInAasiaiouugula T s USualaamunsayfuilndy
wuustaeadiminganigauds uuudraasdildaggnilvldendulyunnisirny (Working

mode) faly

2. TnuaYsIn1INIeIY (Working mode)
dmdulilmansviraeglduuusiassdildanintavesnisiniaa-ldou Tae
nszurunsau dusuveeulad (Online) Bsuutdraessananiasyindiniaiioudu
STUUBNUAINE AR AT NS0 AR LR UR 3.35

Mean speed —»"DWT ——»

» OQuitput

gih‘?i 3.35 nsvinaululnuenisvineu (Working mode)

= YV a

903U 3.35 mevhanilulmansyhau Tnessuuiihauessideyaduynidun 2
Suww Aifieves  Approximation  coefficient gasausnaionas  Approximation
coefficient ‘uam"]LﬁmL‘uummgﬂumaqnaﬂwmzﬁsaauﬁﬁwé’aLﬁﬁmﬂuﬁuﬁauuﬁﬁmum
Tifuuuudassiildaninuaasmsiiniadaimiedeudussuueynunssnzaquiese
wazvmhiflunsindulaiomdnourestoyadunniiiiun Tnedneuiildannszuiums

° ' i a A a a Y v o v
Wqﬂquaa‘ﬂgU\iUE]ﬂaﬂ'lwai']"ﬂiﬁﬂﬂm (Normal) nIaNaAUNE (Abnormal) "{l"lﬂuumaaWﬁVI‘lﬂ

>
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nsyuvayaunsInzaquiasevugulasseusudtldasihlldiuisandesdiaenn
(Majority voting) Lﬁ'aﬁfaEJL‘*T\iummgmﬁawawzwiumsmm%’uqﬁammi wazazgniily
Fansarlunisduundnuaenegiiinisa
wirnAiaunsyuulRauasolunsutuenan masasiun@ (Normal) uay
Aaund (Abnormal) TeagnaiiusednSaimudn syuudeladiauenszurunislunisdiwun,

LY

dnunzvesgiinmsal Jweveduendnmsvhauldluiidedaly

3.2.1 szuuasIdunazdmungiAnisainiasasuuudaludd Tngldnisuvauan -
AadumilsuazsruuayuuasInsagaaiavugulasitteUudaldsaudu
ABmsdeedtann

Tuhdetiazeduneisszuupsreduiazdungifinsaimnasasuuudnlul@ lng
- nnsuvasvidafumihouagssuuoyununisneaauinisvugulasadieufumlaTuiy
Wnsideirann wandleneguin 3.36

DWT of “mean speed” - ® 1 Lane blocking
P Classification
N samples of “mean speed” Method

Lad

- @ 2 Lane blocking
® 3 Lane blocking

A

Abnorinal Trig. Final Decision

|-
>

DWT [ » %3 pre Ael
Crisp input #1 ANFIS ol Majori ty

Voting

Crisp output

DWT Crisp input #é

normal or abnormal

Mes of “std. inter arrival-time”

DWT of “std. inter arrival-tine”.

E‘U 336 ‘Vi’ﬁﬂﬂ'13‘1’1’1\‘1'11419]EJ?’JN”U?NSWU‘U‘%UUW?WQULLﬁu*’\]’]LLuﬂaUﬁﬂ’ﬁm‘V]’NﬂiT\]i

suviiiauedmniunisasadusazduungiinnselnowsadsiuudnludfuanald
Fagudt 3.36 TnglumsasivdunazShunagUinisain1astas (Jraffic incident) vossyuuas
SunnsUszananadygralasldarswasavidafaniisazldseuveyuiunsans
ﬂailLﬂii)UiJ%'mIﬂix‘i“lﬂﬁJﬂi‘UGl’ﬂﬂﬂﬁJﬂ‘Uﬂ’]ﬂ‘li’)ﬁﬂ”liLﬂﬂﬂ%ﬂﬂﬂﬂﬂlﬂﬂ’]iﬂ@ﬁﬂiﬁ]L‘WE]‘U\‘I‘U%]ﬂ
anwasasiunivieRnUnRarsEULT uUndnuzTesgTRnTIaimssasiietu e
SrUUATI9dUANINeTRSTIRAUAR (Abnormal) Tasdnwaizvesgl@nisaldwunldesndu 3
WUU AB 1 Lane blocking, 2 Lane blocking ag 3 Lane blocking Tumsihluldnussude
szuuLﬁqamuzLLazé’ﬂwmwmamwaswwuﬁamuulﬁﬁuvmﬁ%mav‘i’l’[,ﬁl,ﬁmﬁwﬁuaz
mhenuiideeensauimsiamsuazsniiunsudatymitiatuldetaiign

dvidunsesnuuuisnisiiLundnuzvatatnnisal (Classification)

IUﬂ'ﬁ‘\]'ILLUﬂaﬂUmusU@\‘]@UG]ﬂ"liﬂJ malﬂuaﬁmaﬂwmvmaaaummsaﬂ'g 3 LL‘U'U F]E)
WUy 1 Lane blocking, 2 Lane blocking taz 3 Lane blocking maummimmﬂm“umma“
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wuvavdmaidnunzvesdeyassnesitunlfiludunnvesssuy viflissuuiiiaue
aunsasuunguiRnmsainintulauandlanagun 3.37

DWT of “mean speed”

making

A

Final Decision 1 Lane blocking or
2 Lane blocking or

3 Lane blocking

—__F > Decis.ion __l

Mean speed —> m—l—v
ANFIS [—»

Std. inter arrival-time —» Voting
. DWT of “std. inter arrival-time”
- |

JUT 3.37 maduundnunigyedgiinisal

Majority

normal or abnormal

=n

Tngnsyurumsiumsdluundnvasvesgifnspiagansaudenisinule
sanlu 2 Tuney fie

1. JumpuretmsmA1sEhius1eds (Offine phase)
dusttunaupeInsmATERUSNBazinss v UMMz uueela
(Offline) Tnelunnssuundnuaizvasgunnsalaslifoyaauymiiiuiaveinisiasaidn
Wumhedafifeuuniga (Magnitude) waaduwnity 2 uaglinagwsildaansyuuauu
nssnzaquassuugulasTteUsuR N dudeyaluntss datevililind whwednil
wangaildlunsdpdulad mfunissiuundnvasyoseting el

2. duneutpinasilUlgeu (Online phase)
dusutuneuvosnrsiluleny Faffen13uIweIASERUSNIB9RINTUROUY

[l
=

YR smAtsERuagiiagtninldlunissaaula iwemmuadvuteulalunisduundnue

<

wpegUFRNTaINg 3 WiuAe 1 Lane blocking:2'Lane blocking wag'3 Lane blocking

3.3 Aon1sUsdiuU s ansa wapessuy

AwSuitnsussifiulssaninmweesssuuims lnsvaeuauuiuglunsasadu
gUAnsalvessruvagldnisfiwes 2 fa faedufie A1 DR (Detection Rate) uazA1 MTTD
(Mean Time to Detect) @saganansaruaildasi

3.3.1 A1U2K1A1 DR (Detection Rate)

A1DR Ao Ardnsnnisastadugtinnsalvesszuy Insdaduesidudluns
M5293VANTINAT1ASUUVUNR (Normal) @n1nwas1asiuuRaun® (Abnormal) HaganNINATIDT
THIRUAANNNTOAILIULAAIENNTTN 3.4, 3.5 WA 3.6
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%DR (Normal) = F1uIUYIBIaNINaTITNUNFRa I sansIdUle

: > (3.4)
AUIUSINVBIANINISIATNUNAV VA
%DR (Abnormal) = $1UIUTBENMNITIATIRAUARNAsansITUlR (3.5)

FTUIUTIVDIENTNATNIATARAUN ATV

)R (Total) =
NAUYIENNATRFIUNAREINTanTdUld)+(Ewiuvesan masasiRaundnaw1sans1duls)  xio0 (3.6)
(FUUTILVDIENINDTIATNUNANINA)+ (F1UIUTIUUBIANNATIRTARAUNRVIIVIUA)

3.3.2 AMUIuKRIA1 MTD (Mean-Time to Detection)
A1 MTTD /A6 AleagvadtaTIlnaIfissulaNtsansaasuananasnasuuuun
(Normal) @ wa5195uuvRnUna (Abnormal) | asan nas1asvmuee annsasuaailds
aunsii 3.7, 3.8 fas 3.9

MTTD (Nofmal) 2 IaifidansansiasvgnImas1asnunale

— (3.7)
FUNUTINYBIENINATIVTNYNRY I
MTTD. (Abnormal) = Hafiainsnns1auanIwas asnnednile (3.8)
FUIUTILVDIEN NI TRRAUNAVIVIUA
(Total) = :
(11a7ENN IR TINTUANTNATITRUAR L)+ (128 MEANI130R593 AN NS 1IIINAAUNA LA) (3.9)

(FNMUUIINVDIENINATIATAUNRN LA+ (F1UIUTIVTBIEANDTIITNRAUAANIVILRA)
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Nan1sNAaadLazanuIenNa

quwﬁwna"n5ma°ua\m'i'imaamzuuﬁﬁ'iLauaﬁqEisfi’agaais'iﬁiiﬁlé'mﬂiﬂmnsu
FIADINAIUIAINTTUITIDT 'i'mﬁﬁiﬂs'isﬁiiazﬂsmﬁumaL‘ﬁaLU%HULﬁaUﬁumuﬁé’f&iﬁgn
Wauealy [6-7] FeanunsaUseiduuszansnmvesseuulaeRansanA1dnsin1sngiadu
gun13nlvesseuy (Detection Rate: DR) LazARABYeINATILIAIANLNTARTIATY
gURn130ile (Mean Time to Detection: MTTD)

a.1 Hayainiwnldiuszuy

dmduamiadsfigninauslu el wagsTUTTmauatandenldiulmennas 2 #
Aldnnlusunsisiaesanmisns fineteyaliegania (Microscopic Traffic Variables) 1#
Fenldmanusiade (Mean speed) tagvayadisumsia (Macroscopic Traffic Variables)
Idenldandesuiuinsguneansswinnasdngs (Standard deviation of inter-arrival
time) Setorvoshislidayaidgania (Vicoscopic Traffic Variables) Wudeyafifiamils
yae8nIIN1sAguMES (Sensitivity) G Wldanmsatonanmasresiaaunildatis
TIM5uaY wuvmvmauwmmwmﬂﬂmwm ggneliinlayminisasiasindna wazlanved
Yeyaullaunnn (Viacroscopic Traffic Variables) Aotuteyailldnanmsnsnfudasns
IS R gy pe e

Felun1ssiaesanmasnasanlusunsudiasinn i y3AanssuasIas Aimsun ved
ideiinaualuls-71 winissasianwastasredg URnasouU 1 Lane blocking, 2
Lane blocking wag 3 Lane btocking Sﬁﬂuw{azﬂ%ﬂfﬂﬂﬁ%y]aL@’W‘W\i‘i/i 260 samples (Tu#in
foyanns 30 ¥ lo5zeziaan 7,800 Tuad) LazgiRnIsaiusiagauuaggiingt 8 afq
anunsouansdnvazdeyadmiugiinisniiuud Lane blocking, 2 Lang blocking uag 3
Lane blocking Iﬁﬁ'ﬂ‘gﬂﬁ 44, 4.2 wag 4.3 aua1au

Mean speed: km/h

Std inter-arrival time: s

i H H : ' H
H H H H | H H H H H { H |
65 I 1 : I H H i 0 ! I ! : i i :
0 1000 2000 3000 4000 S000 6000 7000 8000 Y0 1000 2000 3000 4000 5000 6000 7000 8000
Time: s Time: s

n) Anusalade %) ANTEIULINATEIUTEIIATTENIRMINTS

Uit 4.1 drwasdeyemhinldfussuuiminauedwiugifinisaluuy 1 Lane blocking
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s

L

l00 10‘00 2(!‘00 30‘00 40:00 50‘00 60’00 70:00 8000 00 [0oo 20‘00 3000 40‘00 50‘00 60‘00 70‘00 8000
Time: s Time: s
n) Anmsuade 7)) ANLTEAUUINATFINTBIIATENINNITEEN

JUT 4.2 dnvaedeyaiiunldivsguvninauedmivgiinnsaliu 2 Lane blocking

300 T T T T T T T
| . . . |

120 T T T T T T T
‘ ‘ ' ' ‘ i
‘

MR, |
oLt m o N 7 L
b 1 : ) ! 7 3 : i H :
3 IR 1 i 5 : : '
Lo VR | g el it
R RN L 2 2 A OB SR L 1 2 i S
Sl ] ; . G Tn, \ i O
sl b - R o \EA 1 -~
ARREHER| RVHYA p w1 = J L[
[ 1000 2000 3000, 4000 - 50000 6000 7000 8000 0 1000 2000 3000 4000 50000 6000 7000 3000
Time: s Timne: s
[ o T § 4 =g
1), AT Iaae %) AN DEUUINATIUTD LI TENINNITI0A

] 9

JUT 4.3 dnuasdegaitianldfuszuuninanedmivgiinisaliug 3 Lane blocking

d1ulun1391809@AINAINTINNLYTUNTUTIRDIMUNAIUIATINITHATIIT Aimsun ¥Bd
mdfeiithiaueidmiusnuniliss tuayanuassneagitrdouugiilasweuumldazi
IS1aBtEAMAT ST A AUMAT Rrauslu- 57T Lagg URn saluras UL sgnYinen
8 afa TngagvinmsmeaneduiielfifiudoyayaiSous (Training  hfuszuveyuuasIng
aquafeuuglasieuuiils wasdinesanmesesiulaidn 8 afsdstayaiildannns
$1809@NIMNTTI9TI 8 ASS s¢ld Judeyayaneaeu (Testing) ﬁqﬁuasﬁé’wuqu%’auﬂaﬁ%
ﬁﬁ"l:dLﬂuﬁuwﬂﬁﬁuszwﬁﬁwLauaﬁg\‘mm 12,480 samples

4.2 Wavan1sUanIvaaIfNLIe
dmfunanisulatandaduniisvesssuuiiduauedladenldiavidaus (Mother
wavelet) LU “Daubechies-2” wagmsulasavidaiuniieazgniiasein 1 sedu (1

level analysis)
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dladayaBunnia 2 FefifleArnnaniaaedy (Mean speed) wasAndesuuinsgu

Y8IIa1Izndnensidiiie (Standard deviation of inter-arrival time) gnudatiavlidiniau

wiheeglddyauvadunnis 2 Tulawunids (Wavelet domain) TaganinsauanItants

wlatavidsdumievesdoyatsiasuuy 1 Lane blocking, 2 Lane blocking uag 3 Lane

blocking l#isgul 4.4, 4.5 uag 4.6

Original data of mean speed
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U7l 4.4 dnvazdeganlimnmsulasaiidnnumiedmsugiinnsaluuy 1 itane blocking

Original data of mean speed
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) ANMUBLUUIIATFIUYBIIAITENTNNILLEN

U7 4.5 dnwardeyaiilinnisulasinidaduniedmiugufinisaliu 2 Lane blocking
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Original data of mean speed b Original data of std inter arrival-time
< 150 T T T . { g 300 : . . : .
3 : : : : : 3 200 { : :
L] R S e . S 200~ ompees e ememme e
& : : : ¥ 1o0b---d---}- : L]
s SOft-1 A J - er- g 100r A } }j
3 : : : ; = : it :
s, ,,EJ,EJ!,; S S I N L ab
0 50 100 150 200 250 300 E 0 50 100 150 200 250 300
& No. of data points , No. of data points
S0 . . 50 - — 3 300 . - 200 -
: : a : ! 2 : : :
gloo r AL = ! ! § 200 |- f-p e e oo 2 100}---- t - ]]
i i I ' : S : : = } :
g ( J Ju" ;g O“T‘lh Whi: T § toor-t- i[\"f] ...... § 0 l”]i llv’v-'x‘er
g 10150 T H 1 =t b iR 1
L i e LA R e T RS S —
s P 3 P Z P 3 P
‘%-1000 50 0o 150 % 50 100 150 &'1000 50 100 150 2% 50 100 150
No. of data points Ne. of data points < No. of data points No. of data points
< = o« ' ¥ e
) AULIILRAY ) FﬂL‘UENLUUQJ'IGIiiTU‘U@\'iL'lﬁ']'i%ﬁﬁﬂﬂﬂ']'ﬁlfmﬂﬂ

JUM 4.6 nwaizdeyanlinnnsudasiai@anunbedmsugtiinisaliuu 3 Lane blocking

slefinsandnuaisfeyauemanisiasesduymiv 2 assilfdnuusdoyaiia
furuanaasSulvesdeyaanasiwils asnsudanarhdndiimisasiaenisi
AENusLAUYBNTYaa NI (Feature - extraction) uavandmig1asuniuay (De-noising)
wadsnalvinszusunsdagula

4.3 wan1sidSeuiieuRsnamislyaausehvg (Artificial Intelligence)
4.3.1 sTUURULTUNTINEARNLATE, (Fuzzy Inference System:.FIS)
4.3.1.1 53UUAsITVARWATIRITIRNY ARlael FSsUNDtIUA TRz AqUIAT OlAE
WNEELINIIN
n5W3 Ut puretssUUATIISUaAMmas e TiiNal nilagldss uusyuunssne

PRLLATBNA IS NS N luwsiasn1sRsRTugURnISava 3 wyU Lanedl

A1919% 4.1 DR Wag MTTD 981 Lane blocking lngldautanteng 5 samples 909530
BUNUATINEARULATE

Window size: No. of Total Time to | MTTD
can detect | DR (%) .
5 samples detection Detection (s) (s)
Normal 231 217 93.93 14400 62.33
Abnormal 185 147 79.54 11760 63.57
Overall 416 364 87.50 26160 62.88

NN 4.1 Tudruresnadnsviavun (Overall) U89 1 Lane blocking d15usyu
Mminauely [6] awnsansiaduglnisallagliAndnsinisneiadu (DR) = 87.50% uae
ARATEATINNASTILANTaRTIdUg URNT el (MTTD) Uszanad 1 wnil Wiefiansan
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139 T133UANINTITAUNR (Normal) agnuindlmdnsinisasiadu (OR) gefie 93.33%
Turaugiinisasaduanmasasiinund (Abnormal) dm3ugiRnisaluuu 1 Lane blocking
2zlASmIn1Ins1adu (OR) = 79.54% FeluarmdusswesgdAnisaluvy 1 Lane
blocking 2ziin15UAAUY 1 UDINNDTIDT vildeumvusfirdeudidninasivemduns
vaunanld 2 dam995193 vlfnsasreduanmasasiinundilienniimsnsadu
ANTNAT1ITUNR

a15797 4.2 DR waz MTTD 284 1 Lane blocking Tnglduunantieng 7 samples asswuy

AUNTUNTINTARILATE
Window size: No. of Total Time to | MTTD
. can detect | DR (%) )
7 samples detection Detection (s) (s)
Normal 178 170 95.50 18300 102.80
Abnormal 118 95 80.50 11790 99.91
Overall 296 265 89.52 30090 101.65

ANATT 42 wanslidiuidletmnnindaafisnduen 5 samplesiudiu 7 samples
WUANERTIN19AT298 T OR) a8 Raaviaaw ogadlsmnlups g esaunaniieng
vlkaiedsuninasiuirafissuvannsansiadugtansel (MTTD) g ulssana 40
Junit faslunisiluidnussadesivisanlunsdendrunanthdisiivansay

nadwsHaNIvessuLttausly (6 lumsasadugifinasaliuy 2 Lane blocking
asuanslddamnsnedl 4.3 wasansnei 4.4 dmsuruaantnags 5 samples g 7 samples
ANEIRY

A131991 4.3 DR Wag MITD v03 2 Lane blocking Taglduuinniingis 5 samples ¥83953UU
BULUATINLAGILATY

Window size: No.of Total Time to | MTTD
can detect> | DR\(%) )
5 samples detection Detection (s) (s)
Normal 224 184 82.14 11910 63.16
Abnormal 192 188 97.91 13080 68.12
Overall 416 372 89.42 24990 60.07

A1519%1 4.4 DR waz MTTD ¥84 2 Lane blocking taglduunantieng 7 samples va33zuuy

BUINUATINEARULATE
Window size: No. of Total Time to | MTTD
. can detect | DR (%) ]
7 samples detection Detection (s) (s)
Normal 168 141 83.92 14880 88.57
Abnormal 128 125 97.65 13230 103.35
Overall 296 . 266 89.86 28110 94.96
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NINTI97 4.3 wazeIsNT 4.4 sdiuitssuuiduausly [6) agldmsnsinisasiadu
(DR) figs (Uszanu 98%) dwfumsaaduaniwastasiiauni (Abnormal) vesgiifinisaiiuy
2 Lane blocking dlumsthluldauassasiituliingtRnnsaiuuy 2 Lane blocking 9xiin1s
Unauu 2 40995195 Wlferummueiitamenisvaundntes suilunisnsiaduanin
957957RAUNR (Abnormal) azaninsansraduldieuazradnifildfaslimsnsinisasiady
(DR) ﬁqqﬁamﬁuﬁ’u

uagnadnivasszuuiinauslu [6] lun1snmaduginisailuy 3 Lane blocking a¢
WanglFFan5199 4.5 wara15efl 4.6 dwurunanifig 5 samples  wae 7 samples
AIUANY

15747t 4.5 DR uaz MTTD 484 3 Lane blocking tagldauaanidisng 5 samples vesszuy

BUINUATINEARIULATD |
Window size: No. of Total Time to | MTTD
] can detect’ | DR (%) )
5 samples detection Detection (s) (s)
Normal 224 176 78.57 11880 53.03
Abnormal 192 176 91.67 12000 | 62.50
Overall 416 352 84.61 23880 57.40

A1514% 4.6 DR Uaz MTTD 999 3 Lane blocking Ingldauinntiagis 7 samples wa352UU
BUNUANTINARULATE

Window size: No. of Total Time to | MTTD
) can detect | DR«(%)
7 samples detection Detection (s) (s)
Normal 168 127 76.00 13350 79.46
Abnormal 128 120 93.75 12690 99.14
Overall 296 247 83.45 26040 87.97

NANTNT 4.5 ez 4.6-AdiliAensnasesIaey (OR) fige dmsunsnsaadu
anmaasiiaUnd (Abnormal) Wedunsldauassglifinisaluuy 3 Lane blocking 2¥a
auy 3 deavnaesasviilisuwinuglifivemasaslunisvauvnuasideanmasas
fdadrgannzundfegldssoznamiafieliounmusiadeusannngeis Sohlknns
ax19duUanINITIISLULRAUNR (Abnormal) fin1sasieduRiawaimidniies

szwiuldiindeyavnasiirnwliuviusunasinuaquaisvesdeyasginnyilinsun
szuvayInuAsIngAguiaTanfinnsaiiedadulaliidindsdneuvesssuvazilden
Fofusyuuiivauely [7] fegldnandslumdedallfhmaiameiumaseuadygyin
(Signal processing) Arenisuuaswidadumnuae (Discrete Wavelet Transform: DWT) 11

slunsainaudnuuziiureslaya (Feature extraction) asnandeyanuatudeliaiy
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fusnuesdoyasgiunn (Fluctuation) wazdisandeyayiasuniu (De-noising) MUzduinn

fudyanasuatuneuihududeyadunliifussuuesyinuasinenquiae

4.3.1.2 ssuuaTIvduanmasasinsunilagldnsulairidafumbewaysyuy
ayInuUATINAqULATETINAILISME N ‘
Tuhdeilasuanimanisilisuiievressruuasinduamnasasinaunilagldnns
wasamdadumhsuagssuveyniunssnsaquiniesanduisnisidesiranaluudaznig
nsreduginsaina 3 wuu L
wadwsvasszuutuauely [7] lunmsasiadugiAnisaluuy 1 Lane blocking asuans
1§59l 4.7 wasm1eil 4.8 dvSurunaniieng 3 samples wag 5 samples anusdu

A1599% 4.7 DR wag MTTD ve4.tLane blocking Imelduuanmineg 3 samples 48955UU
ayuunsInzAguAsaTlipTsutat ity

Window size: No. of Total Time to | MTTD
i can detect | DR (%) \
3 samples detection Detection (s) (s)
Normal 184 147 79.89 11280 61.30
Abnormal 160 146 91.25 13320 83.25
Overall 344 293 85.17 24600 71.51

A15719% 4.8 DR Wag MTTD 999 1 Lane blocking Inglguunniisig 5 samples 98453Uy
ayunsInERguiRsefilimsilasndnifumie

Window size: No. of Teotal Time to MTTD
. can detect | DR (%) .
5 samples détection Detection (s) (s)
Normal 114 108 94.73 16320 143.16
Abnormal 94 91 96.80 14760 157.02
Overall 208 199 95.67 31080 149.42

Anensd 4.7 ludiurewadwsavsia (Overal) was 1 Lane blocking dwdusyuy
fiiauslu [7] aunsanmedugiinisellagliddasnisnsiadu OR) = 85.17% uas
AdgvemaTIInaRsTuUaNsansIsdugiAnisel (MTTD) = 7151 Fundl wazanansn
7 4.8 ssnwunidlevunanisnefivuinifintuain 3 samples 1 5 samples AN
75795 (OR) vasmadndianun (Overall) asifindudiu 95.67% feAiadevanasiuaidi
SEUUANTansI9TURURN1Sel (MTTD) = 149.42 il

sevradnsvesszuuithiauslu [7] lumsnsiaduadtiniseiiuu 2 Lane blocking
azuandldfanseit 4.9 uazased 4.10 dwmduruianiieng 3 samples wag 5 samples
AUEIGU
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A15149 4.9 DR wag MTTD v84 2 Lane blocking laglduuiantigig 3 samples 98953UU
ayIuasInzAguLAseldMIwataifadiumioe

Window size: No. of Total Time to | MTTD
) can detect | DR (%) .
3 samples detection ~ Detection (s) (s)
Normal 184 162 88.04 10200 55.43
Abnormal 160 131 81.88 12600 7875
Overall 344 293 85.17 22800 66.27

@15197 4.10 DR way MTTD @4 2 Lane blocking Tagldaunantimig 5 samples v84
sEUUBINUATSNEARILATaTIldNTLUaINEAdNmMUY

Window size: No. of Total Time to | MTTD
can detect | DR (%) )
5 samples detection : Detection (s) (s)
Normal 123 120 97.56 19200 156.09
Abnormal 85 64 75.29 10200 120.00
Overall 208 199 88.46 29400 141.35

ARSI 4.9 Lasaasaen 4:10 aziuladaanizadnsinisnsaadu. (DR) w9an

25735UnE (Normal)

WALDY dIURIDNSINTASIATU (DR) Ye9an1nas1937HAUNR

(Abnormal) fidhdnas LsnaanElaesa (Overall) Tegsuuisalfednsanisnsaadu (OR) 7
qﬁmﬁaﬁumwﬁwmuﬁﬁu Treisauann 85.17% 1T 88.46% LavAnnagvedHaTINmm
Aszuvaninsonnasugtamanile (MTTD) dwsuymaniiang 3-samples uag 5 samples
WU 66.27 U9 Wag '141.35 Ui ey

dwiunadnduessguuiintaustu 7] umsnsisdugUiniseiiuy/3/Lane blocking
aeuanslifons197l 6. 11 Lasn1s19 4,12 dawSutuiantineing 3 samples uag 5 samples
ANEGU

@15197 4.11 DR uaz MTTD ve¢ 3 Lane-blocking~Tagldauiantigny 3 samples 89
syuUayNIUAsINTAgUIASaTldMIwUataidaiumiag

Window size: No. of Total Time to | MTTD
can detect | DR (%) .
3 samples detection Detection (s) (s)
Normal 184 148 80.43 13260 12.07
Abnormal 160 160 100.00 14400 90.00
Overall 344 308 89.53 27660 80.41
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A1519% 4.12 DR uag MTTD %84 3 Lane blocking Iaglduuiantingns 5 samples ¥4
syuUByIuAsTINEAaURSeldMIulanidadiiumiag

Window size: No. of Total Time to | MTTD
i can detect | DR (%)
5 samples detection Detection (s) (s)
Normal 110 100 90.91 17340 157.63
Abnormal 98 98 100.00 16320 166.53
Overall 208 198 95.19 33660 161.83

NANSNT 4.1 uazANseR 4.12 sunemtsnediiniuan 3 samples 1 5
samples A97M3I1N1595993U (DR) Y9IM3ATITUENMATIRTAUNR (Normal) azifiuduidiu
90.91% warASnIIN5ATI9TU (OR) 18IN13ATIITUANMNATIRTARAUNR (Abnormal) o
A3n9nns93UlE 100% FuadniloesTil Overal) aslifFrdnsnnisnsaadu (OR) sty
1M 89.53% 10U 95.19% fHeAadsrotaTIdianiissuuaunsansatugUinisalld
(MTTD) = 161.83 Fu¥

WwilunsnMTTUEn 1259819y UL TeifeRII T ASRIINITATaTy (OR) Ay
%uagﬁ’umiaammuﬂqﬁ%’uam%ﬂ (Membership | function) -uaznnuasilad (Fuzzy rule)
Fafunsusuaiilerdtiantn Inmngadabaimsusifamasatuuiaindeals (Leaming
from data) aganuisaifigisasin1sngady (OR) lasesldnanafidunsihivuueyuunssns
aquieSuugulasseUsusall (ANRIS) infivisaniunalandntinussudluhdednld

4.3.2 szUvRyIUATINzAgInAsauNgIulasdaeuTuRala (ANFIS)

FmsusTUURSIATUAN TR ST TR AR RsTdA s It s AR st uAZ ST UL
syanunsngaguinTevugulasueyuilsaniuIsnisdedhann Fagmsnsnsnady
(DR) uazAadevasnaTlnaissuuainsins193ugtinasel (MTT0) fturmsiimes
detsvenyszanEnndessduldmIunTns2adugiRnsnivs 3 ol

adwivossruuINaladvSunnImsIadugtAnasaituy L ane blocking vuA
e 3 samples wagruAwdRag 5 samples muﬁﬁﬁ’ugﬂﬁuauaﬁamiwﬁ 4.13 uay
Adl 4.14

A15147 4.13 DR way MTTD 284 1 Lane blocking Tnglduuaniiisng 3 samples vassguy

syunssnzaguLAseuugUlasai1eUTuRale (ANFIS)

Window size: No. of Total Time to | MTTD
can detect DR (%) .
3 samples detection Detection (s) (s)
Normal 184 184 100.00 15840 86.09
Abnormal 160 152 95.00 14400 90.00
Overall 344 336 97.67 30240 87.91
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A15799 4.14 DR uaz MTTD 8¢ 1 Lane blocking Iagld autauniineing 5 samples veq
FTUVAYINUATINTAgUIATaUNLLATITEU U LA (ANFIS)

Window size: No. of Total Time to | MTTD
. can detect DR (%) .
5 samples detection Detection (s) (s)
Normal 112 112 100.00 16320 145.72
Abnormal 96 96 100.00 15360 160.00
Overall 208 208 100.00 31680 152.30

NATST 4.13 LERIrSnI1NIATI9TU (OR) uazALABETeINaTINNATITEUY
ansansiadugliinisal (MTTD) ﬂaaaummmuw 1 Lane blocking filduunavtidng 3
samples AglA8R5I1N15619235U (DR) vavawiiy 97.67% wagliirnaivemaiunai
FEUVANNTARTIITUGURNTAL (MTTD) WU 87.91 Tuwi laelunsnadt 4.14 uansAsaa
n15157933U (DR) LLasﬁhLaﬁamawaimL'Jawﬁiswmmmmaa%’uqﬁ’ﬁmigﬁ (MTTD w89
gifnsaiuy 1 Lane blocking Mvuinniisie 5~ samples lasA18ag1n1snsaadu (OR)
Windwdy 100% Lﬁawmmawﬁwmﬁsuumlmgﬁﬁu druAtiafevedNasanfiseuy
anunsensIadugURinsal (MTTD) Winfiv 15230 Fud

dunadndrsssguuminaadvsynsn T Ugliiniselluy 2-Lane  blocking
PUIANTNAN 3 samples LazIUIAnTIRIa 5 samples mmﬁwé’fvgnﬁwmuaé’amiwﬁ 4.15
WagANTNT 416

a1519f1 4.15 DRay MTTD 2103 2 Lane blocking Iaala aunamigag 3 samples 184
SPUUBLIUAIINARUIASBUUT WA TEUnEU Sus LA (ANFIS)

Window size: No. of TotalTime'to | MTTD
i can detect DRA%) )
3 samples detection Detection (s) (s)
Normal 184 184 100.00 15840 86.09
Abnormal 16Q 160 100.00 10560 66.00
Overall 344 344 100.00 26400 76.74

A151991 4.16 DR Wag MTTD 84 2 Lane blocking lagld aunantiising 5 samples ¥84
syYUUIYINUATSNEAaULATaULTULATIN U TURLE (ANFIS)

Window size: No. of Total Time to | MTTD
can detect DR (%) )
5 samples detection Detection (s) (s)
Normat 96 96 100.00 14400 150.00
Abnormat 112 112 100.00 17280 154.29
Overall 208 208 100.00 31680 152.31

NA15199 4.15 uag 4.16 LEAIANEATINITATIFIU (DR) LagARREYDINATINIEAN
fisyuuanansansiadugiAnisal (MTTD) vesguRniseinuy 2 Lane blocking azlvr18nsn
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N15953930 (OR) 10u 100% isluwunamtieing 3 samples uay YuIAneng 5 samples
durafsyaamaiunafissuuansonsadugtinisal (MTTD) agldevintu 76.74
U uag 152.31 3undl awanau

uaznadnsvassyuuiiiayedmiunisnsiadugiAnisaiuu 3 Lane  blocking
YUINUIEI 3 samples WaZAIUIANEIA 5 samples mmﬁwﬁ’ugnﬁnauaﬁ’amsnﬁ 4.17
LAEANS19 4.18

A15199 4.17 DR waz MTTD 284 3 Lane blocking lagldvuianiingng 3 samples vesszuy
AUNUATINEARUIATEUUFIULATINEUSUMILA (ANFIS)

Window size: No. of Total Time to | MTTD
can detect | DR (%) )
3 samples detection Detection (s) (s)
Normal 184 184 100.00 15840 86.09
Abnormal 160 160 100.00 14400 90.00
Overall 344 344 100:00 30240 87.91

A1519% 4.18 DR /az MTTD 983 3 Lane blocking Tngldvuanminmng 5 \samples w84
TEUVBLINUATINEATILATOUNT Il e U usale (ANFIS)

Window size: No. of Total Time to
] can detect | DR(%) . MTTD (s)
5 samples detection Detection (s)
Normal 112 112 100.00 16320 145.71
Abnormal 96 96 100.00 14400 150.00
Overall 208 208 100.00 30720 147.69

NN, 7 WEE 4.18 UaniendnsInTsnsaasy (DR) uazAaagveHaTInand
sruvaNsansI9duglianisal (MTTD) vesgURnIsaiuuy 3 Laner blocking aglandms
nsnT9du OR) WHu 1009-s1alw vuaaniingis 3 samples WAy AuIMniE1g 5 samples
dauAedsvemasINIassivaITan 0 TRnasal (MTTD) 2ziiduriniu 87.91
i uag 147.69 Funil muEnsu

flefinnsanssuunsaduanmarasiinunilasldnisuasadidmfumieuas
TEUUaYNIUATINZAgUIASaULulaTunelTumlasiuduisnisdestrsunnazidiuladn
szuvamnsansfuglinisallaeghausiugwasiinaugnsies

4.4 NﬁﬂqitiﬁﬂUwa\ﬂ‘i:"UUﬁﬁqLﬁua
Tudwindedaresuisiaaniauisuifisuresssuuihinaueiussuuidausly [5]

Tneszuuiminauslunuide (6] Adoszuuasiaduanmasasiifaunilaeldszuvoyuy

assnzAquiAieuaysyuLiiauslunudde [7] AResvuunsasduanimasesiiiaunilaeld

nsuUasidainmbsuagssuusuinuasinzagaale  saiessuuasauanmasesi
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Aeundlaglinsulasinidadiumbeuazssuvayanunssneaquinseuugulassiieususa

19 Fanan15iUSeuieuarfiansanfemsnsinisnsiasu (OR) LarAladev8dwasIumant

FUUENIN50RT333UgURnIsel (MTTD) Taeazaunsauanslafanisni 4.19

A151991 4.19 n1silSyunaansUeassuUNL AU

0w o e « DR MTTD
FEUUAMIUATIAUIUANITEY
: (%) (s)

1 Lane blocking
- szuuihiiausluaAdel (ANFIS with DWT), vuiaveieng 5 samples 100.00 | 152.30
- szuuiihiauslunudse [7] (FIS with DWD),-vunemiiagng 5 samples 95.67 | 149.42
- szuuihausluawAde [6] (FISwithout DWT), suaumiiee?samples | 89.52 | 101.65

2 Lane blocking
- spuuiiiausluanAdei (ANFIS with DWD), wwravsieig s samples 100.00 | 86.09
- syuuiitauelusiise 7 (RIS with DWT);” Aunvii1sing 5 samples 88.46 | 141.35
- syuuiitiauelendie (6] (FIS without DWT), wunavitheing 7 samples | 89.86 | 94.96

3 Lane blocking
- syuuiithiauelund3Sul (ANFIS with DWT), sunsmineia 3 samples 100.00 | 87.91
- sswﬁﬁnauﬂumuﬁ%’a [71°(FIS with DWT), wtuauniasi1s 5 samples 95.19 | 161.83
- seuuidiaueluauide 6] (FIS without DWI), aunauiisng s samples | 84.61 | 57.40
suuiivnausly [5] 91.00 | 132.00

AT 4.19 uansnsSsuilsRaEnsTasszuu e lunuiTeduazszuudl
thiawerieuniily 571 TaeradwdivhunSoudioulunadwsinfigaluudasgianisal
HleRsanaddeitiauslagldssuveyuuasnerquiadoifivsodhadensdivldinge
dSsuieuivnuideiitiauelu 51 asliddnmnisnsadu OR) Alndifssty ud
feAgvemaTIInATTTUUAIITanTIdugRnsal (MTTD) asldnantiesndn

seanszuuiiuaueldimunlaofiunsulasmidndumhentsiiueugndedly
nMsms19duginisel WeRansandnynzvesetinaniuuy 1 Lane blocking uae 3 Lane
blocking aziuliirszuuiivnaustunuidy [7] axlvsnsinisasiadu OR) Airninssuud
tnaweluendde 6] fawzdnwausgi@nisaluv 2 Lane blocking AliATlniAsafufy
szuuihiausluauise [6] AruAedsvemanunanfissuuannsonnaugtinisal
(MTTD) aldarlumsmsreduatinseifivtuilssnninisudasanidadamizsuldly
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sruuuagnalavdnildlunmsnmedugtinsalffessuveyinuassngaainade Fudududes
Tiidermnlunsimuaeilaiduaundn (Membership function) uagnnuasied (Fuzzy
rule) FulmiiteWifienumnzauiudnasvestoyaiiimasuuadly

Mniuszuuiinauelunuideidlfissuveyuunssnsaguiaiouugiulasetie
Usumalsnlfidunalondnunmussuuoyununssnsaquiaie yhlvinadnslaneliasnsnng
#5933 (DR) ﬁﬁﬁqm‘lunﬂﬂ] nsdivslunsdiues 1 Lane blocking, 2 Lane blocking uas 3
lane blocking uenniinalamdnililuszuudsifesruveyununssneaguuaouugiu
Iﬂiﬂhyﬂ%’ué’ﬂﬁﬁmmiﬂL‘%'auiﬁlqﬂ‘ﬁ'ayjalﬁ (Learning from data) fiaudusitafiduaunin
(Membership function) wagnguesiled (Fuzzy rule) dmiuaauuuiiassfivnzasiian
anaseluldauasale

4.5 HAYDINITIWUNUANITAININATITT

Tumssuundnuazassgtinisel dddtendnuusvesgiamgsily 3 wuu Ae wuu 1
Lane blocking, 2 Lané blocking ag-3 Lane blocking Fraswsvasssuuiiausdmiu
mMInssuundnvazdsagtinistiinauslFfiEsei 4.20

A1319% 4.20 AsTwtndnyEneIalRNTAILUY 1 Lane blocking U998 UUBIINUATINY
AaLASBUUWIATEUTURILA (ANFIS)

smasaunad ﬁqt?ffugaqfﬁmizﬁ ﬁi’ﬁmum?qqﬁ’ﬁjﬁ;ﬁﬁ LU@%L%uﬁmajqﬁamfzﬁﬁ
Idnvunenn, | awnsediunleignsies ansaduunle
1 41.00 41.00 100.00
2 42:00 42.00 100.00
3 42.00 42.00 v 100.00
4 38.00 38.00 100.00
5 44:00 44.00 100.00
6 38.00 38.00 . 100.00
7 44.00 44.00 100.00
8 42.00 42.00 100.00
U 331.00 331.00 100.00

mnmawﬁ 4.20 msduundnuarvesmiinisaiiuy 1 Lane blocking ausiulddnain
NENSNAFBUIA 8 ﬂsﬁzwmmsmﬂLLunaﬂwm“aummsmeU 1 Lane blocking "Lmnﬂmad
Im8LﬂamﬁummaummammaqmmmLLuﬂlmLaaawmrm 100% waznadnivnszuui
mLauammumuuﬂaﬂwmwmqummimmu 2 Lane blocking duausldfansed 4.21
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A19°9% 4.21 N1sTMUNSNYNEYeRURNITalLUY 2 Lane blocking Y842 UUBYNIUATING

rauLAzaUUgIlATTnaUFula (ANFIS)

syl ai"ni'almgqqfﬁmmi ﬁﬁmumaqqﬁ’ﬁjﬁiﬁﬁ LU@%L%uﬁ‘uajqﬁamymiﬁ
WAeTunwun | ansediunlagneies annsaduunle
1 45.00 45.00 100.00
2 46.00 46.00 100.00
3 48.00 47.00 97.92
4 48.00 46.00 95.83
5 49.00 49.00 100.00
6 49.00 48.00 97.96 -
7 46.00 46.00 100.00
8 48.00 47.00 97.92

AT 4.21 Assilundnwaizusiginnsaliuy 2 tane blocking auiiuldinen

Han1IVIAEEUTY 8 AStTEUVARNsHLUNSILgURnIsaltuy 2 Lane blocking lAgndas

TngiofidudvadgUansalilannsasatunlfodewiinu 97.92% wagkadnsvaeszuui

Yuaued mSuduundnvazaogiRnmsal Wy 3 Lane blocking thiauslaismnsnad 4.22

A151991 4.22. MSTRUNENENEYRIRURNITEILUL 3 Lane blocking U845z UUDUIUATINY

ARLAEULgIUlATIUNa UTURIA (ANFIS)

smaeuaii ai'wzagmgqqfﬁmszﬁ ai"lmum?aqﬁﬁ:ni;z}iﬁ LU@%L%uﬁmajqﬁ’ﬁmfzﬁﬁ
inTudiavae . | aauasadunlagnees gnnsnduunle
1 50.00 50.00 100.00
2 51.00 51:00 100.00
3 50.00 50.00 100.00
4 50.00 50.00 100.00
5 50.00 50.00 100.00
6 50.00 50.00 100.00
7 50.00 50.00 100.00
8 50.00 50.00 100.00
U 401.00 401.00 100.00

A1 4.22 nsduundnuarusgiPnisaliuu 3 Lane blocking agidiulédinain

HANIVIAABUNY 8 ATITEUUENINIasundnwIzaURn1alLuy 3 Lane blocking legnaas
Tneefidudvasgiinmsaliieusaduunldiafewiiu 100% Wuheafunsduunanye

ygUAn1saikuy 1 Lane blocking
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waglilafasanranIsTLundnvuzegURn1saivia 3 wuu As 1 Lane blocking, 2
Lane blocking uaw 3 Lane blocking diussuusnuIuAITINEAgUIATOULFIULATIUNY
USudalé (ANFIS) agannsanansladiansned 4.23

A15199 4.23 nadwsransduundnuusvegUiRnsaldmsuTsuUayINUATINZAgULATD
vugulaseinauusale (ANFIS)

yilnvesguanisal Wefduduaigiinmsaitannsaduunls
1 Lane blocking 100.00
2 Lane blocking 97.92
3 Lane blocking 100.00

NPT 4.23 nadnduasasdtundnsazresgURntsaidmiussuuaynuasng
AauiATeULgUlATIeUSURIL (ANFIS) asiuldndnumegifinisaliuu 2 Lane blocking
wliivesifudvesgifinisaifiannsadauunleviniy 97.92%. wazdmiudnuazgifnie
WU 1 Lane blocking wag 3-Lare blocking sglvilasifudvasatfinisaiiannsaduunls
fi 100% TnesstuamsaduuniassvandnunzwnsgiRmsallignfesiomn



UNN 5

dyuna

5.1 a3Unan1snaasy

MnnstaueszuuLiiensfuLazsuunglRnisainaasuuRiBanuuedis
SalufAilenmsuimsdamsdmiumsauiiRnidessuazhlignmsudluieussimilam
gAY Lﬁamwé’umuﬁﬂqﬁamstﬁuuﬁamuuiﬁaahaﬁuvi'mﬂ%sdwﬁﬂﬁ
Lﬁ’]’Wﬁ'\ViLLawmmmﬁLﬁ&J'J‘ﬁaammmu'%mﬁmrmLLaw'hLﬁumiﬁu{fm{]zgmﬁﬁm%ulﬁath\'i
L%qﬁqmﬂ'auﬁmiqﬁamiﬁﬁﬁaﬂdn%ﬁﬂﬂﬁﬁzgwm'ﬁaswsﬁﬂ%mﬁ"'u

nadnifldanszuuitiaved miussuunsaduaninasasinnundlagldssuy
aqmumsnmqmm‘%aLLaﬁ%miL?im%’mmnﬁﬁ%ﬁua‘lumu‘i%’aﬁ [6] AEWUITEUVAILIT
AT9TUANNITIATAUDR (Normal). waganwasIasAmYAR. (Abnormal) kazisnsides
G?J’Nmaﬁﬁwmlﬁi’ﬁﬁam&JLﬁummgﬂé}’aﬂumimmé’U (urndngan1snsradu: DR) wuindle
‘UUWﬂMﬂWﬁﬂ%iﬁ%ﬂIﬂEJLﬁM%uSa’m‘Uu’lﬂMﬁWi’N 5 samples 1Ju 7 samples  A1dmsINg
n5394U (OR) Wiy amqlmmuiunwmeu%wmﬂwmmq Wl masiiiani
STUUANINIANTI93uaUANSal (MTTD) faiusy estlunsinluldnuedensdenld
PN eIt NMsdssTrsniluagde M santemadnsvesansinluldee

e HadnnlRANTEUURSITUan e TS iRaUnRne N suUa s Eauiuming
LaTsTUVBYINUATIAEAquIAS ST B Mads Tt anel i u3Ted (71 gewui
LA TONTIATUAA AT TIUNR (Normal) wazanmwasiasiinaund (Abnormal) ¢
wagliiendnsansms9dU OR) fifndnanuiitausluindset (6] wikadnivosnsnsiadu
qﬁaﬂ’liiﬁﬁg\i 3WuUfe, 1 Lane blocking, 2 Lane blocking uay 3/Lane blocking lailaly
wadwsTiATigalunng N3l

uitilofinnsnnnadnsilianssuuiinauelagldinatismsiutlygywssiviues
TEUVBUNIUATINEARUAS AU UTATw B US UM lasTufuwmalianisdiunisusssians
Fyana fensulasnnidafuieluaisisvenanmasasfiunfuazan nasasiinund
wadnsaldreliAsnIINInTIadu (OR) ATanluyne nsdivslunsdives 1 Lane blocking,
2 Lane blocking uag 3 lane blocking uanmﬂﬁnﬁlﬂ%é’ﬂﬁ‘h’ﬂuswu?}qﬁﬁaizwm\gmu
nssneaquindouugnilaseufuilifausadouandeyald tleusuriladduandn
uaznguasieddmivairawuudassivnganiigaldlunsiluldauess

Snatssruuiiauesiaunsosuundnvuegtinsninesswuusiluialiesns
uaiugn 6?0Lﬁuﬂﬂiﬁmsmmﬂé’ﬂwmz‘uaa%’aga‘lmLﬂunﬁmmizﬁué’NﬁﬂLﬁaﬁnmﬁmsm
wazsndule vlvssuuithausiidlesinisasieduaninasesiiiaund (Abnormal) Aatu
szuufiezansoudaiteulithednidnuasesgtinseiiiatudusuulaldsnde
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5.2 VDLAUILUL

1) spuuiiiiausaguuitugtusemislifoyannlusunsusiaesimnssunsas ¥
szuvaglvianuuiudwazaiugnaeege uadmsunisiiluldeulussuuiaiais (Real
time) Swfuspsiimsfarsandnvasvestoyauiuiy

2) seuuitiauediamnsatrluldnunieiuszuuenasdaades (TS) dmu
ihenuifiedeetun1susmsianisesneg 881l ASUNNIANRAZNITINIRLAYINY
Uszinelve deldlunsmauudanisuasuitaymasastndaldegaiurid
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bstract—This paper presents a fuzzy logic-based traffic
ent detection system to detect a lane-blocking traffic incident
usually causes of traffic congestion. The proposed system
fuzzy logic to identify traffic status as normal and abnormal.
roscopic and microscopic traffic variables, namely, mean
1 and standard deviation of inter-arrival time are used as
ts to the fuzzy inference system (FIS). As traffic variables
many fluctuations which are considered as noisy signals,
ete wavelet transform (DWT) as used for de-noising and also
icting features from noisy signals. It is found that the
osed system that uses DWT. can give higher detection rate
1 compared with the system without DWT. Furthermore, the
rity voting is also applicd to the outputs of FIS in order to
ase detection rate. Finally, based on simulation results, the
wmance of the proposed detection system for lane-blocking
ic incidents will be shown.

'eywords—Anomaly detection; traffic -incident_detection; fuzzy
1 discrete wavelet transform (DWT);-intelligent transpostation
ns (ITS).

I INTRODUCTION

affic incidents are the main cause of iraffic.congestion,
h subsequently increases travel delay and- fuel
umption in major cities. Usually, traffic incident-cannot
predicted which poses great challenge to traffic
igement centers. Therefore, this paper focuses on
loping the system that detects traffic. incident
natically. The aim is to help the officer manage and take
n to clear the roadway as early as possible and return to
¢ back to normal condition.

1e system that proposed in [1] can detect and classify
¢ anomalies using only microscopic traffic variables
1 on statistical calculations. This system uses Bayesian
ge detection which relies on prior assumption regarding
listribution of normal and anomalous traffic patterns.
ever, for real-time implementation point of view, this
m has more complexity as it uses 3 traffic variables as
but the proposed system in this paper uses only 2 traffic
bles. :

tificial intelligence can be applied to traffic incident
tion as in [2-5]. Artificial neural network (ANN) has

been used for anomaly detection [2-3], where large amount of
traffic data-need to.be used in the training process. In [4-5],
traffic incident detection systems are proposed based on fuzzy
logic where [4] uses four traffic variables and [5] uses only
two traffic variables-as input data. In addition, discrete wavelet
transform (DWT)-can be applied for incident detection which
is proposed in [6]. In this paper, DWT will be used in order to
extract features from the-temporal variations and fluctuations
of traffic data. -

This| paper- proposes a traffic._incident detection system
based on fuzzy logic and using discrete wavelet transform for
feature extraction. The proposed system uses only two traffic
variables \as ‘inputs. of system, namely, mean speed and
standard deviation of inter-arrival ‘time which has less
computational complexity than the system in [4]. Moreover,
discrete wavelet transform (DWT) based on a 1-level analysis
filter bank will be used as the pre-processing stage in order to
de-noising and extract the features from input data which have
many fluctuations. The proposed system with DWT can give
the detection rate’ (DR) better than the system without DWT
[5]. Furthermore, majority voting with adjustable window size
is-also applied after the results are obtained from fuzzy logic
to-increase the detection rate (DR) and also compromise with
the mean time.to detection (MTTD).

The rest of paper ‘is. organized as follows: background of
DWT and fuzzy inference system (FIS) is introduced in
Section II. The proposed system is presented in Section III.
Validation-and - effectiveness of proposed system by
simulations are shown in Section IV. Finally, Section V
concludes this paper.

II. BACKGROUND OF DWT AND FIS

The background that used for our proposed system consists
of discrete wavelet transform (DWT) and fuzzy inference
system (FIS). Therefore, in this section both topics will be
explained.

A. Discrete Wavelet Transform
Discrete wavelet transform (DWT) is developed for signal



sis and time-frequency location analysis. Most commonly
of DWT are in the form of filter bank. Filter bank consists of
il lowpass filter and digital highpass filter which both filters
ascaded with down-sampling by 2 as shown in Fig. 1.

_Lowpass

Approximation coeff.
cAl

| ————

Highpass

Hi D

[P S A

H H H T
—— e ‘2 — cDI

e d Detail coeft.

Fig. 1. 1-level Analysis filter bank.

“his structure of filter bank is called 1-level analysis filter
, the output from lowpass filter which is down-sampled by
. called “approximation coefficient” and output from
pass filter which is down-sampled by 2 is called that
1il coefficient”. The transfer function of lowpass filter and
pass filter depend on the chosen mother wavelet. In our
, we use 1-level analysis filter bank with is Daubechies-2,
nother wavelet the transfer function of lowpass and
pass filter for such mother wavelet are defined as follows,

» p(2)=—0.1294+0.2241z™ +0.83652 +0.4830z ™ (1)
p(2)=-0.4380+0.83652" +0.22412 +0.1294z7+ (2)

‘he reverse process that uses approximation coefficient
detail coefficient from analysis filter bank inorder to
nstruct the original signal can use the so-called synthesis
- bank. So synthesis filter bank s not used in this work,
0 not discuss about synthesis filter bank.

\dvantages of DWT which are considered to-apply-in this
tare:

WT can reduce noise in noisy signals. Both' mean speed
standard deviation of inter-arrival time (std. inter-arrival
) which are .input of the system, have many fluctuations
are considered as noise.

sature extraction of both input signals can beextracted by
[ and then detection rate (DR) of propesed system can be
ased when compared with the system without DWT as-in {5].

toth mean speed and std. inter-arrival. time ‘will be
formed by DWT (analysis filter bank) and. the
oximation coefficients of mean speed and std. inter-arrival
will be used as crisp inputs of the FIS.

B.  Fuzzy Inference System

Fuzzy inference system (FIS) which is shown by block
diagram in Fig. 2 can be defined as a process of mapping from
a given input to an output using the theory of fuzzy sets, which
is performed in the following steps [5, 71:

»  Fuzzification is to take the crisp inputs and determine the
degree to which these inputs belong to each of the
appropriate fuzzy sets.

»  Rule evaluation is to take the fuzzified inputs and apply them
to the antecedents of the fuzzy rules. The fuzzy operators
will be used in this step in order to obtain a single number
that represents the result of the antecedent evaluation and
then applied to the consequent membership function.

» Aggregation of the rule outputs is the process of
unification of the outputs of all rules.

»  Defuzzification is to take the aggregated output fuzzy set to
the crisp output. The most popular defuzzification method
is center of gravity (COG).

Fuzzy logic is used as the main mechanism in proposed
system, the membership function of each input which is
approximation coefficients of mean speed and std. inter-arrival
time and membership function of output including the fuzzy
rules' can be defined by analyzing the data which is obtained
from traffic simulator software.

II1.

The proposed system for traffic incident detection consists
of DWT (analysis filter bank), FIS, and the majority voting.
The inputs for our proposed system-use only 2 inputs as mean
speed and std. inter-arrival time, which are macroscopic and
microscopic traffic -variables- respectively. Each input is
transformed by DWT in order to reduce noise (reduce the
fluctuations of input data) and also_extract the feature from
input ‘data. Both mean speed and std. inter-arrival time are
processed through each lowpass filter and down-sampled by 2
to obtain approximation coefficients which are then used as
input to FIS (Notice that sampling rate is reduced by 2 times).
Approximation coefficient of mean speed and std. inter-arrival
time will be crisp inputs-of FIS and then the crisp output can be
evaluated by using the defined membership functions and
fuzzy rules. The obtained crisp output from FIS is changed into
a final decision'by majority voting using odd samples window
size.

THE PROPOSED SYSTEM

1
f i
" '
o Tt Shcad
L & =~ |
1} / /
HRSN S — 7 IS
f A S S S S S SRR AR A R EEEERE) i
! :Crlspoulput
Crisp inpats, 3 . otem e
__}_b Fuzzification f———p»] Tuference j——Jp! Defuzzification _=_>

Fig. 2.

Fuzzy inferenc system.



ig. 3 shows the proposed system for traffic incident
tion which can be explained as follows: Every sample of
| speed and std. inter-arrival time (inputs data streaming)
ransformed by DWT (only approximation coefficients are
) and then analyzed sample by sample using FIS. The status
mal” or “abnormal” is indicated at the output of FIS. The
rity voting is then applied to the output of FIS applied to
osed system. Furthermore, window size for majority

voting can be adjusted in order to trade-off between increasing
DR (more accuracy) and reducing MTTD (faster detection) as
proposed in [S]. The majority voting can help improve the
accuracy in detecting “normal” or “abnormal’ status. Since our

system can analyze data sample by sample, it is suitable for the
real-time application.

e Tfin_s_pfid_ —-—-emy Window size: N (odd) samples
1 «a, P »
| @00 00000 00 Crisp '_ff_f’_"_f_"ic.'dff'._,l
--------------------- o input #1 ' 900 0@ !
—» DWT > i f ; 5
o Proposed  |*-------------2 /" Mgjority '\ Final Decision
nputs data streaming = o
FIS Crisp output Votmg normal or abnormal
—» DWT|—
e ] Crisp
| @00 00000 o0 input #2
oS 5 5 i o o e o e e N
std inter arrival-time
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rom Fig. 5, it can be seen that the fluctuations of input
are reduce (consider from approximation coefficient) as
| coefficient (high frequency component) are remove.

defuzzification with 80% or greater. The rules used in our

proposed FIS are shown in Table L.

efore, only approximation coefficient of both mean speed TABLEL Fuzzy RULES
std. inter-arrival time are used as crisp inputs to the FIS. Approx. Coeff. of
-ever, since 1-stage analysis filter banks are used in Mean speed
i0sed system then sampling rate of crisp input to FIS will (;Af"s':f’;'n ﬁ‘:f Small | Medium | Large
educed by 2 when compared with the original data before arrival fime
T (sampling rate is changed from 30 s to 60 s after DWT). Small abnormal | abnormal | normal
n order to establish input membership functions, the -
NI . . . Medium abnormal | abnormal | abnormal
oximation coefficient of mean speed and std. inter-arrival
for 3 scenarios are analyzed where both membership Large abnormal | abnormal | abnormal |

tions are shoyvn in Fig. 6 anfi F{g. 7, respectively. The Very large 2bnormal | abnormal | abnormal
ership function of output which is defined as percentage
icident (% of incident) is shown in Fig. 8. Criteria used to
e the occurrence of incidents is the crisp output after
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I[V. PERFORMANCE EVALUATION USING SIMULATIONS

To validate the proposed system as shown in Fig. 3 for
ic incident detection, the system is evaluated with traffic
. from the traffic simulator AIMSUN. The window size of 3
5 samples for majority voting are considered to show the
e-off between DR and MTTD. The simulation environment
st to be same as in [4, 5] in order to generate traffic flow

data. One-way 500 m road section of freeway with 3 lanes, free
flow speed 105 km/h and traffic flow 3000 veh/h are
considered as simulation parameters. Totally, 8 simulations are
tested which each simulation uses 7800 seconds with 10 times
traffic incidents.

Definition of DR and MTTD that used in performance
evaluation are defined as follows,



_ CanDetect. «100% 3)
No. of Detection

MTTD = Total Time to Defcctlon . @
No. of Detection

[he purpose of this section is to assess the proposed system
sspect to 1) its ability to detect incidents consist of discrete
elet transform, fuzzy inference system and majority voting,
1€ impact of adjustable window size 3) the performance in
parisons with the benchmark fuzzy-based systems [4,5].

7irstly, the DR and MTTD when the proposed system is
ied to detect a one-lane blocking incident with window
s of 3 samples and 5 samples are shown in Tables II and III
ectively.

TABLE V. DR AND MTTD OF 2-LANE BLOCKING DATA USING

WINDOW SIZE = 5 SAMPLES

No. of Can DR Total Time to | MTTD

Detection Detect Detection
Neormal 123 120 97.56% 9600 s 78.04 s
Abnormal 85 64 75.2%% 5100s 60.00 s
Overall 208 199 88.46% 14700 s 70.63 s

From Table IV and V, it can be seen that only DR of
normal detection is increased but DR of abnormal detection is
decreased. However, the overall DR 1is increased when
window size is increased. Optimum FIS for one scenario may
not work well with a difference scenario. The optimum
membership functions and also fuzzy rules are necessary in
order to give the optimal DR for all interested scenarios.

The performance evaluation results of lane closure
scenario are shown in Tables VI and VII when the window
sizes of 3-samples and 5 sampies are used respectively.

TABLE IL. DR AND MTTD OF 1-LANE BLOCKING DATA USING
WINDOW SIZE = 3 SAMPLES
No. of Can DR Total Time to | MTTD
Detection Detect Detection
nal 184 147 79.89% 11280s 61.30s
yrmal 160 146 91.25% 13320 s 8325s
all = 344 293 85.17% 24600 s 7151s
TABLE IIL DR AND MTTD OF 1-LANE BLOCKING DATA USING
WINDOW SIZE = 5 SAMPLES
No. of Can DR Total Time to | MTTD
Detection Detect Detection
aal 114 108 94.73% 8160 s 71.57s
yrmal 94 91 96.80% 7380 s 78.51's
all 208 199 95.67% 15540°s 7471 s

As shown in Table II, in overall assessment with one=lane
king incidents, the proposed system can_achieve DR ‘of
7% with MTTD of 71.51 s. Table III shows that when the
low size is increased from 3 samples to 5 samples, both
of normal detection and abnormal “detection can. be
‘oved; DR is increased to 95.67% with MTTD of 74.71 s.
hermore, increasing window size of the proposed system
i not significantly increase MTTD when compared to the
increase in MTTD of the system without DWT in [5].
Jext, we assess the proposed system in detecting two-lane
king. The performance evaluation results are shown in
les IV and V when the window sizes of 3 samples and 5
ples are used respectively.

TABLE VL DR AND MTTD OF LANE CLOSURE DATA USING
WINDOW SIZE = 3 SAMPLES
No, of Can DR Total Time to | MTTD
Detection Detect Detection
Normal 184 148 80.43% 13260 s 72.07s
Abnormal 160 160 100% 14400 s 90.00 s
Overall 344 308 89.53% 27660 s 80.41s
TABLE VII: |  DRAND MTTD OF LANE CLOSURE DATA USING
WINDOW SIZE = 5 SAMPLES
No. of Can DR Total Time to | MTTD
Detection Detect Detection :
Normal 110 100 90.91% 8670 s 78.81s
Abnormal 98 98 100% 8160 s 83.27s
Overall 208 198 95.19% 16830s 8091s

[ABLE IV. DR AND MTTD OF 2-LANE BLOCKING DATA USING
WINDOW SIZE = 3 SAMPLES
No. of Can DR Total Time to | MTTD
Detection Detect Detection
1al 184 162 88.04% 10200 s 5543s
rmal 160 131 81.88% 12600 s 78.75s
al 34 293 | 85.17% | 228005 | 66275

As shown in Table VI and VII, when the window size is
increased  from 3 samples. to 5 samples, DR of normal
detection can be improved to 90.91% and abnormal detection
is 100% which result. in overall DR is increased to 95.19%
with MTTD of 80.91 s: Therefore, from the obtained DR for
each scenario, we_ecan consider that DR depends on the
membership functions as shown in Figs. 6-8 including fuzzy
rules.

To show the performance of the proposed system which
uses DWT when compared with the system without DWT in
[5] and with the benchmark fuzzy-based algorithm in [4], the
performance evaluation results when all systems are applied to
detect the incidents and can be shown DR and MTTD as in
Table VIII.




TABLE VII.  COMPARISON RESULTS

'ystem for Traffic Incident Detection DR MTTD

ae blocking
Yur proposed system (with DWT),

ow size = 5 samples
he system proposed in [5] (without DWT),
ow size = 7 samples

95.67% | T4.71s

89.52% | 101.65s

ne blocking
Jur proposed system (with DWT),

ow size =5 samples
"he system proposed in [5] (without DWT),
ow size = 7 samples

88.46% | 70.63s

89.86% | 94.96s

: closure

Jur proposed system (with DWT),

ow size = 5 samples

he system proposed in [5] (without DWT),
ow size = 7 samples

95.19% | 8091s

83.45% | 8797s

iystem proposed in [4] 91% 1325

Notice that, the time interval for each sample of FIS input is
i for the system without DWT and time interval for each
ple of FIS input of the system with DWT is 60-s because
original data is down-sampled by 2 from analysis filter
<. Therefore, time base for MTTD calculation of-the
10sed system and the system proposed in{4, 5] will be 60.s
30 s, respectively.

*rom comparison results in Table VIII which- are the best
of each scenarios, for a one-lane blocking and lane closure
arios with window size of 5 samples, the obtained DR
1 proposed system is higher than DR that obtained by
:m in [4, 5], the MTTD of our proposed system is, also
:r. However, in case of two-lane blocking the proposed
m can gives DR comparable to the obtained from system
5] with window size of 7 samples because the effect. of
bership functions and fuzzy rules 'that used in- the
iosed system is not optimum for this scenario as the reasons
ained in Table IV and V. The optimal DR for all interested
arios will be obtained by 'the ‘optimum membership
tions and fuzzy rules, if membership functions can be
sted to the optimum point, so it is possible to increase DR
ill scenarios. Fuzzy evolutionary system can be used to
nize the membership functions and also fuzzy rules.
gover, in this work we use only 1-level analysis filter bank
Daubechies-2 mother wavelet, maybe number of level and
of mother wavelet can affect to both DR.and MTTD: Both
y evolutionary system and the study in detail of DWT are
uture work.

V. CONCLUSIONS

v fuzzy logic-based system for lane-blocking traffic
lent detection is proposed in this paper consisting of
ete wavelet transform (DWT) by analysis filter bank,
7 inference system and majority voting with adjustable
ow size that enables the balancing between detection rate
mean time to detection. The proposed system uses only
traffic variables and also uses the advantage of DWT for
sising and feature extraction from input data which is not
in our previous work [5]. From performance evaluation
ts based on simulation show that the proposed system has

lower mean time to detection than the system in [4, 5], while
giving higher detection rate in case of 1-lane blocking and
lane closure scenarios. In our future work, more details of
discrete wavelet transform such as effect of changing the level
of analysis filter bank and mother wavelet will be studied
including the concept of optimum membership functions that
used in the system to increase detection rate for all traffic
incident scenarios will be considered.
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