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el iusziiiuanuidsevesians venfvavnarmidems wagmadennsgeutissligndes Tngld
wislinmnudeveuuiionisis 2 Ussam Ao Ravmaueadtad wagfimiseounin Sardaanudemou
avriaonaintuldanavievionaisanine aisiuesdmaliisaudemelfvaisvia
wazeriuaivauilsiviliiAnavndaluamuun Ssdeainsnsvasuteyaavguesnimideme
UuRIs uazvdinnnudemeuuioms iemsdentigeeg1sgnds gndeswnnuia anmmslsideanss
Lifindaymanany ludeadenlddnewaziianlunisdenlnil wavUsendnailddnslunsdivaeslvianany

&, = - =
uduanudemenlngdu

2.1 UssAnANUEINIgUUR NGNS

Mep I lavinnsAnuteyaanmidenereianieasnas Ineandleyanalonsiadeunag

Y]

Uszdlluanmanudenie A9avinlag d1inTesneikaznsiaaey d1UnU13aIv1e nsumamans wagla

ANLADNLEYMEVDININNDTIDT 24 vHTd ALY

F9AL0MNTIFULALUS LI UANNANULEEMEFINEND IAINSHUIUTELANVDIANULE v luws Ay

Y

g aasalud

Ramauaanan

1. 98usn (Crack)
2. madeguimtemauAgulUasgUing (Distortion or Deformation)
3. 308 mluLRIN (Surface Defects)

4. Audevedu 9 (Miscellaneous Distress)
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AIN19ABUNSA

1. souumn (Crack)

2. anudemeushasesns (Joint Deficiencies)
3. 998U UURNIN (Surface Defects)

4. arwdemedy 9] (Miscellaneous Distress)

iesnmsuisUssamanudemevuinnslagnsumaans Saguszasdvdniitoiduuuimg
TumsnsaaounazUssifiunnundone dmiuidmiiiuarimnsi fuiavounud1saa seniuy
feaf1uaziizims meangideldiiudefnsandnsuzussanaudemeliaonndostudnuaei
diusazdsraunsaivesdlidoun Tumsusznauisssananudemelulasinisi Tnsdaussanaa

Fevelinsaunauiianiana 2 vila AsINLaaiad uag 1IN19RauNIA T3 @137500UIUTEANAIY

= v & 1Y a = A Ao oA & a [
LaEJ‘V]']EJVLﬂLTJu 4 Uselnn Usenauniegiunnnuld@smeAeI8AALaantIvNvNg 24 YUn ‘lﬂLLﬂ

1. seuuan (Crack) Usenaumiewinmnudeniy 15 sin

2. viau (Hole) Useneusigvilamnandevine 5 ila

W

AImMadwiseyu (Surface Curve) Usenausigilaai iy 2 ila

N

. man13ag13m (Shoulder Related Deflect) Usenaumeviinmnudevig 2 vl

2-2



2.1.1  sa8unn (Crack)

ANULAsTEUTELANTELAN (Crack) Usenauseviinanudsrienianwusiduseswnnisasas
$1vuRme Fadusesuanifigusiadudunsmionisns ansaintuldvuntidmiamseusian
S8ME1 NS URINNUSENABUNSANISesme tnerlnanudsrmeusennsoewmn (Crack) Nnazidale

ARERNuYavian 10 lla aunsoagulanemisned 2-1

M13197 2-1 agUriiannudeniguuiinesnas Ussiansasuan

o 4 - . USLLANHINS
anudl | vlaanudenie ANYAUZNINIYAIN y
vy
R . WNTRITOELANLEUUN 9 NIAuANnlaAugY
HkAnaewisely | o ) o
. Ranthvssmsunsadonleadulassineluim
1. wRN312 (Map oz o aw Y 4 Concrete
WHUNUADUNTA FUTANYULARYA NN
Cracking or Crazing) | . _
NIDRILANANYIN
INAATENINTULANULAZTOUMDVDILHUNY
FOURANNTZUNN . - » e
2. soLNAINTOBUAN 2 ToBTiszezinslify Concrete
(Punch-out)
1.50 LUM3
[ =
S0uLANTUAIT NSO L L
o | sosuankuskeniInwaaianoandutag 9
FOULANAINNITNAG 4 . 5
3. sUdmdeNlngUszanM Hvunafaus 0.30 LS Asphalt
(Block Crack or .
19 3.00 LuUn3
Shrinkage Crack)
Wusesunniionaazliiaunnauiuis 1
9 (Longitudinal Crack) 798ULANANKUIYIN
JOULANALNDU
a. (Transverse Crack) WONAIULUINLLYS Asphalt
(Reflection Crack) » -
(Diagonal Crack) #i5auansUum13519 (Block
Crack)
FOULANTLIINYB
5. | 95193 (Lane Joint FOULANTENINTOINTIAIAUYDIITIATNAAU Asphalt
Crack)
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USTLANHINIG

a1eun | wliandudenig ANYULNNNIBAN P
Ny
FOULANNITVE AU L
FOULANANUYINTITOUADVDIAUN LAY
6. 13 (Widening a4 Asphalt
duivinisveeesnly
Crack)
soouanJuduiiinTuruuiuuuinnais
FOULANANUYTY UYBINUY
7. Concrete
(Longitudinal Crack)
FOULANANUVINLAL
sopupnaULLIMLes | sesuanduduniadulusuiniainiuiun
8. | yu (Transverse NINANYDINUY FIUTBUUANA NI Concrete
Crack and Diagonal | Wusesusnduduineduluuuimues
Crack)
§ FRULANTNIAANIUTBEHD (Joint) WiAEAUYBY
T08uANYU (Corner o 5 . , .
9. wHuuABUNIA tneisverinaainyuliiiu Concrete
CraCk) = = v &
ASINTATDIAIUNINVDINUNLY
oy . WHUNUABUNTAQNLUILENATIETOLUANAINET
WHUNUgNUULEN )
10. FRYLANANLYIN UITOTOUUANATLUUINULELY Concrete

(Divided Slab)

ooy 4 dwdull

S18aLLRYAFINSUTLAANULA LY Useennsaswsn (Crack) wWiaswis 39UsEnNaunie Aaend

JUNN USBAnianIenny SnuaEn1anenIn @ uaznnsgeuunge Iawiely

9

bt
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1. AusnatennsoniInani1a (Map Cracking or Crazing) LaAInanIwil 2-1

AN 2-1 ABEINIANUFINIUURININDIIATVIUARILANAIYINNIBRILANSID

(Map Cracking or Crazing)

Usztaniameiinu: Concrete

ANWAUZNINIGAIN: LUITBITRIUANLEWUNS 9 NHAnuanlsifuduRmiivesnsunsadeuloadu

TAsaglUMuRUNuAUNSA AUTSNEMUEARIIANULNUTIYEDRILANAIENN

auun: Juneunisneaielillaninsgu 1wy nsanussiantneunsnuniuld (over finishing) n1sly
S Aa o = Y A o ~ 9 o = a @ v

AOUNIANEIAINTTEUAIES (Slump) sensidiasesduaziiounafitaiviaunuiuly Wusy

nsYanUnge: lidesdening

2-5



2. S98wANNTERNN (Punch-out) WAAIAININA 2-2

AT 2-2 A1RE19AMULEINIBUURINIIITIATVUATRIUANNTZLNN (Punch-out)

Usstaniiavnsiiw: Concrete

dnuazynanisnm: SninsrissosunniassesovowH Ui U olnNIosuAn 2 sosfilisresving
L3t 1.50 wwms

AR usINTETINIUTINMENALRAR Anuruvessuiiulifisae miqiylﬁﬂﬁﬂé’q%’uﬁmﬁﬂ
YDIAUFIUTINNTONITVIAANINAINRTILSINT DAIUAINUYDIABUNTALANIZYA 19U NITINSIINA
e Sasluileneunin (Honeycombing) Wudu

n1sgaNUge: gatey, YnTel, LAWK
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3. sesuanlumsnemsesesunnaInn1suada (Block Crack or Shrinkage Crack) WaAIRInN N
2-3

AN 2-3 F298719AUFINIBUURINI951250T 0T8N TUAITINTDTRELANAINNITUARD
(Block Crack or Shrinkage Crack)

UszuamRamnefinu: Asphalt

Fnunznneneni: sesunnulsenivnaseaiiadosndutes 4 sUAndsulneUszun Svuiadaud
0.30 LM 4 3.00 LUMT

ang: NMadsuutasuiines @auazuada) vesTanRamaueaitad Ussasenisvafvosdiunanio
nuoaiad ﬁaﬂmegmmﬂﬁisﬁmaiammmﬁﬂ (Fine Aggregate Asphalt Mix) Hauenswaailasfiaemnd
195Fus (Low Penetration Asphalt) uagldinasiuiifinisgadags

N13YANUI54: 9AYeY, RIURY, Surface Recycling
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4. spuwsnasnou (Reflection Crack) W@AIAININA 2-4

AN 2-4 A2BEIANUFINIBUURININRSI5VUNTo8wANALTIoU (Reflection Crack)

UszuamRamnseiinu: Asphalt

Snwazmenienn: Wusesunnfienaesiieunanauuiien (Longitudinal Crack) 398l@iNAIULUIUIY
(Transverse Crack) WAnA3LuINLes (Diagonal Crack) #3aunnlumisne (Block Crack)

GRIY/E mzmﬁauﬁaﬂzﬂmmmauauLLazLLuaﬁqmaqi’aqﬁaq”lé’%uﬁawNLLaaWaﬁﬁLa%maqlﬂ nMsimdousil
EmmLﬁmmﬂmsnJ?{emLLU&Nqmmﬂﬁu%mm%uﬁﬂﬁi’aaﬁgummauawméfnmﬁmaaLLmﬂazﬁauﬁuuu
Ap) RN

N5YUU15E: 9ATRY, YnTex
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5. SRULANTENINNTB995195 (Lane Joint Crack) WARMIRININA 2-5

AN 2-5 A28819ANUHINSBTLATIULANTLIIN19YB995135 (Lane Joint Crack)

UsZLANRINIANWU: Asphalt
ANWAUZNINNIBATN: TOULANTENINTBINTINTAUYDITITNRANU
dUna: N13neaseTeResEnineTashiliungu

N15YUU15E: 9ATRY, YnTex
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6. TOYLANNITVEIBAUNIN (Widening Crack) LAAIRINIWA 2-6

AN 2-6 A9E19AMNFBNNIBUATDILANNITVEIBAUNIG (Widening Crack)

UszuamRamnsefinu: Asphalt

SNUNIZNINIBATH: FOELANANLEINTITEYRBYBIAUMAANUd LTI Msvegoonly

duvg: nsneaddmveglaglifinisihdutula Benching vieinanmaiadoudaismuuuiuey
uaruuIResTantumaiunay Tagduveneflegliduimeuoatiodfiaiuadly WaiRnnsudsundas
qmmﬁu‘%amm%u v‘iﬂﬁi’ammaLLawmﬁ”ﬂﬁLﬂwﬁ’uﬁ]ulﬁmaalmﬂazﬁau%u

N5YUU154: 9ATRY, YnTRx
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7. 98uNeUE13 (Longitudinal Crack) LARIF AN 2-7

AN 2-7 fre819AaNUEERIETEATELANATNE12 (Longitudinal Crack)

Usstaniiamnsiiw: Concrete

dnwaznanmenin: sosunnduduiifeduuuiuwninaiswesauy

dvn: 5wuﬂﬂﬂizﬁ16§wqaﬂizﬂauﬁumsqzyLﬁaﬁﬁé’a%’uﬁéﬂwﬁfﬂ%ﬁa@gmsm WagLinAINHLAUYDIATTY
unnansesguugividonnutuluYasldsiuituneuninaslufly

n1sgaNUnge: gney, Yngey, LURsUWNUIY, Sub sealing
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8. TRULANANUUINUASTOULANAINLUINLENYN (Transverse Crack and Diagonal Crack) WARIPIY

ﬂ’]‘W‘ﬁ 2-8

AN 2-8 F79ENAMUHENBBTATILUANAIUVINUALTILLANATNLUIMNUEIYN (Transverse Crack
and Diagonal Crack)

USLANHINIINNU: Concrete
ANVUSNINIGAIN: 58LANLDULAUNLART UL ULUIAIRINAULLININANVDINUY FIUTDHLANAIULU?

< @ v oda X
ey dusesuandudunindulunnues
dwmn: innvilsavgvsevatgannausznauiufe Yminnszingige ANUALYBIAULANANYRY

gunnd Y3oRINUTN YiTeRNUAUYRINTYAT TulanlduruiuasunInatiu N1sYAfivesnaunTn Wi

9
(%
=1

Hugniull mssnsessomureliviu Tuunsdiinnnnsniadivesiudumegusn

N3YAUUIE: QAYeY, YATe, Sub sealing
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9. euuANTIyu (Corner Crack) WAASFINING 2-9

AN 2-9 frpgaaNudEYtiasasuaAnyy (Corner Crack)

Uszmiannefinu: Concrete

ANYULNINIBAIN: TREUANTIAANILTBEME (Joint) UAAEAUTBIUHLNUABUNTA Ll seeei1any
LyiiAuaTmilaeannunIave NNy

dunn: Unidnnsgying11gawnnannUunnnisesasiaann dseneuiu msdadvesunuiiunaunin
Wernnsdsuulasgamgil vefdefudminvesgiusnliiisme nsensiialnsetesindlauny
d’l’ a P a (% v .

fuABUNIALLBINAANITENNEAN (Pumping)

N13YANUI54: YAWaY, Sub sealing
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10. WwHuiugNUUILen Divided Slab) uansdsnmd 2-10

A1 2-10 MegeaudemeviiausuNugnuuLen (Divided Slab)

UssLamRansdinu: Concrete

FNUUENNINBAIN: LHLTUABUNIAYNLULBNAIBTDLLANAINENY TOILANAILYIN WDTDBUANATL
wumuessmsanitu 4 dwiuly

duue: ﬂ’ﬁ'%'ufmﬁfﬂminmﬁuﬁ’muﬂ yEordssuiuinvesukuiiulsifieame 30 TangIuI LAY
NN EVRTENTG!

n1sgaNUnge: WagULHUNY, Sub sealing
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11. mudemevesseuvasiminusinsesne (Joint Load Transfer System Deterioration)

WERIAINING 2-11

AN 2-11 A79819ANNLEEW8VBITEUUANEUIRLNUSIINSYRD (Joint Load Transfer System

Deterioration)

USLANRINIINNU: Concrete

Fnwaignianienn: sesunnaunsTiinduuinalasresvdniosdelszesvinsanseseluifu
0.30 tns

awi: Uaoidnidesenafidnwarfunileaainnsda iianmsdnnsoustnsguussveavdnidies M5
wdniiodldldsedy dumis wagszepvinsiignaos mustansldimdnidesiidvuadusinugudnanal
wanzasluauufiiiusinumssasg

N13YANUN5e: 9ntey, Fauszuuaeivin
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12. S08uANNABUNINGYEEANUNUMU (Durability “D” Crack) WaRasianIwi 2-12

AN 2-12 fegeanuidemneviinsesuanainaAsunIngyLdeaununy (Durability “D” Crack)

Ussnniannedfinu: Concrete

FnvaEnIanenIn: sesuanduun 4 Aldusunldmansuuvuuiuluuinalndifssiuuisesde
SouuAN YiSDTBUHHY

GUIRTR m56&1&J’1EJf?hsuaﬁa@lmamﬂmw«'uﬁuﬂauﬂ‘%m desnnmsihuiizemaniivesiagunasiuau
dawalinouningnydsaumuniuiilfAnsosunniu visiAnanufisenisulets - avaredavesnh
(Freeze - Thaw Action)

nsgaNUnge: Yntey, WaguLHUNY
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13. 5980UNINENITOUADAINVIN TOURDANEN WIeToBuAn (Transverse Joint Spall

Longitudinal Joint Spall or Crack Spall) WARIRINMNT 2-13

AN 2-13 {79819ANULEN8BUAT8TUNZINIZNTDUADNIUVING TOUADAIUYID NI TDULAN

(Transverse Joint Spall Longitudinal Joint Spall or Crack Spall)

UssuamRansdinu: Concrete

FnunEnIanIBnIN: S0BuAN W esesuAnin ieunnduiudnTulesauenaitudiuneuninugateu
USHIUULIYBULNEABUNTALLILAY 0.60 WNTIINTOLABVTETRLLAN

duvg: minnsasasnasheiiangs asiudu augleanvenisdeield (Raniisusiisessio
videsesunnunnAuly Galaunnanain Jagilidanguiu funieiiu unsndutiluvinusesdenio
seaunn Ylrseusonsoseuwsnliaunsaveesifild, ABUNSHVINANULTILTIUSIUTERD WWullnsa
o AR eSai slulianaunin (Honeycombing) wien1sadnsesselneldluiingm vdeilslnalsifiwe,
nseenuuUeneadsruUiedwiinla (windesldoglusunlsiingauniefnat, aouni
wandl0991nUAATe N af-aza1eia (Freeze-Thaw Action) you1 AT uressaBUANDIN
ABUNIAGILEEAUAINY (D Cracking)

n13YaNUdnge: Yndey, feasilul
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14. 5981@0UANTZAU (Faulting) WARIAINING 2-14

AT 2-14 A7RE19AMULEBWBYUATDULADUANNIZAY (Faulting)

UsLnNRMIeInY: Concrete

ANYAULNINNIEAIN: WHUNUABUNIALANNITNIARIIULTEAUANNAUNINLUITOUADNTBTOEUAN

=

AR MINTAMITBINUNUABUNTA Wesaniagfieglawiunuluuinalndifeiusesseniesoaunnil

q

[

frdssuthminlaifisawe wioorainannisdangdn (Pumping) dudunisihmianiaaxdendeyls
uluftuoanufu e minussynannsesasieiu sudadulnssnelduiuiu vioeaiin
nmssangdndamfunsTdseveusuiududunauanninudsuudanunivasautuluiion
Induuisessianiasesumn

N139aNU15e: Yalanasiaiuin, gndey, LUasUwHUNY

2-18



15. M38anedn (Pumping) wanwianInd 2-15

2T 2-15 ARRE19ANULEBWBYUANTTEANZAN (Pumping)

UssuamRansdinu: Concrete

dnwaznenenin: fdessesvesTandinandoanszaseguuiiuiinounin

g M3idenanInYesTaneIuLITesse MIuenivesTeEsie waznsiAnsounN
qushlthanunsolvaduriunuwusesseniesosuaniidenis asgtulassadrmslduiuiuaouni
Slethimnussynanmasasisihurilidedfuuiugndalimedniumnunuisesdeviosos
uanweufuthmTandinasden wu nae neuts vieRumie Juindae
mnudesialilavhntsudluegiaiurieg asilitaslfusiuiiuneunindes q gnimnoenty audamdy
Tnvsdlsusiuiiy

N13YANUI5E: FoUWUITOUHD

2-19



2.1.2  vau (Hole)

anudeneUsznngu (Hole) Uszneumesilnmudemeniidnwasdunquyseve

219LARLININITEUAT N13aNaINIINTBEUANTTAFIG 9 en15teNU3INTn1sYARIMe Tnestinady

WemegUsznmviay (Hole) innieT

[y

LY

gladndonunvianun 5 viia a1wnsaazulaninsed 2-2

M1519% 2-2 dgUriiannadenieuuiinasnas Ussianvgu

I a
wazlUulWINTIUIMUINTgY

o 4 - . . UTniiamig
awui | vlleanudeme ANWALNINIYAN 4
fny
1L | mnsamynils Jusesgusmuuiims Asphalt
asnsagulng (Utility
Cut Depression)
2. | seuuzdeu (Patching) | seefiiAnannisUsdennionisyndeoniia Asphalt
231954AY
3. | Ravgeaen (Scaling) | JanRanthvesmeunimianisvgaasniuuiy | Concrete
anUszann 3 D9 12 Tafiuns
4. | sesusnideuloa Husesunnlansnmszdund Suaneriaos | Asphalt
(Slippage Crack) yosoBuAntidnfian1ansas
5. | nquue (Potholes) | \uudanedne dvaneuua Inevhluiveuss | Asphalt

Teazideadmivrilannudeme Ussianvgu (Hole) udazyiln FaUsznaunig fAieg19nmi

2-16 §19 NINH 2-20 USLANHIVNANY SNBENNNIEATN ams wasn1steninge dasseluil
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1. msngesaeilsansisaulnn (Utility Cut Depression) dsuandluninil 2-16

MW 2-16 Areganudemevianisniadiyaiasisaulana (Utility Cut Depression)

UssamRameiing: Asphalt

anwauzn1en1enIn: LusesgufuLRIMNg

avg: Mngadaveianmuiaileie vewn uazaeazwiu iusesyumiuuimisluuinui 4 gy
Wletesuny HenauuazUzdon Ainsldianlimnzaunsuariulidfieme

n13YaNUnge: Yndey, feasilul

2-21



2. sgUzdeu (Patching) WARISIN W 2-17

AT 2-17 firegrepnudsniesinsaesUzedan (Patching)

USZLANHINGANWY: Asphalt

ANYAULNNNIEAIN: To87LANINNITULYOUVTONTYALRURIITIITHAY

v
=] v a

a99): N13UzgauvIensYAtenRasRTANAneEse Tnen1swesunieTan vl wsesedanAueen

waunuiseiaglnl agdlsinusesvzdeunsausnalndifell daaunmnisldauldfvininesasiy

N5YUUN5E: 9ATRY, YnTex
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3. faviaeaen (Scaling) fauandlunwil 2-18

A9 2-18 ANudenesiiaiviaaaan (Scaling)

UszanRamnaiinu: Concrete

anwauznenIenIn: Jagiaivesreunininnisnanaenduuiy dndszana 3 89 12 Tadwns
ang: Ausnansaiiannanudemeduiangaaon msldmanuilifnunm mynadumiaves
mﬁﬂLa‘%uaqiﬂé’ﬁuﬁaﬂauﬂ%'mmﬂ uaﬂmﬂﬁ?ué’qa’mLﬁmmﬂﬂg‘jﬁ%mmslﬁaﬁa - avaeivesh (Freeze
~ Thaw Action) Tugfiusswmeaunmu

n1sgaNUge: Yngey, WRBULHUNY, ESuHD
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4. seswnnidouloa (Slippage Crack) fauanslunIng 2-19

2T 2-19 Aredneanuderissinsesunniaoulaa (Slippage Crack)

UssmRameiing: Asphalt

Fnuazmenian: [Wusesunnldsainmsydund fuaneiiaestossesunndidmiiamaasas
gumn: mMaBaingseminsduimaeatiadiududaluliléunmsgiu eveasdidu it Aanusn 1 vie
Yandule fvhlinsBangsewinsaesiuldfiouy msBanmelifauussrisduionnssinauainnig

13ivi Tack Coat %38 Prime Coat Usgnaufiun1sdivnetuuuiiungly anwwndnusen1suiiaenainain

'
v o

AUNALVDIRINLeEHaR NI Na I USunamsieludrunauduiniuld ssiinisunsnlifne

N15YAUUI: YnTou
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5. viauUa (Potholes) Fauamslunwil 2-20

A# 2-20 Aregeadadevneviiaviauda (Potholes)

UssamRameiing: Asphalt

dnwazynsnenin: Wuussvidedie dvarsvunn lneluiveueuazfuuunssuinainuay
ae: innsesuAnlssd nsuauia Aamgaseu sesvzdendlildnmnm Fududiliganie
wianifagvameenlumuusinssrhuesdesn Tandumsiiedldadufazanoenauiluseiadunguied
faudnunntu

N13YANUN5e: Ureu, Yngeul
2.1.3  Fwnanviseyu (Surface Curve)

a a Y oA o a = Aa o
ﬂ'l']lll;ﬁﬂ‘ﬁ']ﬂﬂi%LﬂV]N'JV]'NL'J']ﬂiEJHu (Surface Curve) U52NaUMETUAANUAI NS NUINTE
=

Junsvihwseyuuuimng dwaliiandiszauiilivindunseldadaue lneviaanudemeusznn

HIma i m3eyu (Surface Curve) Niaugideladnidenuniavun 2 via awnsoasuladnisieg 2-3

M19197 2-3 dguriiandnaienieuuiinasnas Ussiamiamadmiseyu (Surface Curve)

o4 - . . USLLANHININ
A0uN | vieaaNUEene ANWASNIINIYATN
N
L. mMsyayu (Shoving) | sesyuvseseeninluusuanei Asphalt
2. 598U MBURNINBUNTA | 5R8ULTRURIADUNIANAAINULASNNYUINTY Concrete

(Concrete Pavement | 1158959898915 0UNZMNEANUVBUVDITREUY

Patching) ANTVaRaeUYe TR UstaNiinig
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vagend1vsuriannudeniy Usslandamiadiviesyu (Surface Curve) wiazyila G

Usenauniy @1e8193UN1N UTELANAININANY dnuugNIanIgnIn @a1me Lazn15geuungs

1. m3yayu (Shoving) sauandunind 2-21

il 2-21 Aedeauidemeviianisyayu (Shoving)

Ussamiannefinu: Asphalt

dnuniznanienin: sesyuvisesesniailunsaanei

g Fuiiansweailasifiafiosnin (Stability) desndiussiisnnszsh Tupfussmaanimennaiisou
Failesnndunauvesimaneailadivosinseina (air void) teeiAuly fersueaiiasunnly Tdfens
woafladdlAnilmsTugs (High Penetration Asphalt) Hduazldenveeuiasiy (Fine Aggregate) 110
uly Yanmasuilifindeusmtion viefawudeuludunandusu

nsgaNUnge: Yalanazizdon, Yntey
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2. seuUygouinounin (Concrete Pavement Patching) fauanslunni 2-22

AT 2-22 fregennudsnievinsasdzgauianaunin (Concrete Pavement Patching)

USLANRINIINNY: Concrete
ANWULNIINIYAIN: 508ULIDURIADUNTALNAANULAINIEUINTY T999598U09N1TTUNLNIEAIUVDU

| a

V83708 UL IUNANTNGARBUYBITAAULTOURINNG

Yy v
A4 A A

FUNA: UTLIUUUHUEIABUNIATIONYASONUHILANDBNUIEIUNTONINNA INTUWIUTIUTINAINETINY
TanUrgou

nsdautnge: gates, WasutanUzdeon
2.1.4 man13t13n (Shoulder Related Deflect)

ANULdsmeUsTanlnani1eggn (Shoulder Related Deflect) Usgnausieatinainuidenied
Wnusnalranwieveuiime lngvlinanudeniegdssianluanisdnge (Shoulder Related Deflect)

ﬂm b lﬂﬂﬂLa@ﬂM'WNMMG] 2 A ﬁ’llﬂiﬂﬁiﬂ‘lﬂﬂ\i@]'ﬁ’mﬂ 2-4

5197 2-4 ajuriiannadenieuuiinenas Ussanluaniesdiza (Shoulder Related Deflect)

o o o - o USLLANRINIGN
AU | vuafuEENNY ANYULNIINIYATW
WU
L. Msyayu (Shoving) | sesyuvseseeninluusuaniei Asphalt
2. souUrgauRIPEUNTA | SeuULdauRIARUNIARAAINULEYIENINTY | Concrete

(Concrete Pavement 19995081090 UNLIYEAIUVDUVBITOUUY

Patching) ANNTVRARUYD AN LRI
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eazdeadmivriinnnudenie Usennluaniesdngn (Shoulder Related Deflect) usavviin
FUsENBUAIY $398195UN N UTLANKINITNY SNYUENIINIEATN @1LN6 Wazn15TauUI5e &
Aaralull

3. AMUEYERLIeU (Edge Deterioration) fanansluniwi 2-23

AN 2-23 freg1eANNdeTianUdERIenINYaU (Edge Deterioration)

UszuamRamnseiinu: Asphalt

AnuaENanIenIn: Mswnvdenstuiiiiausnate Ui wieuinasesrevedamauay e
avg: MafidesadsryliAsussnszunnveuRane audunieunniiuies fhaziausnameiiin
5795UAU MFeaTeu

N13YaNUN5e: Urtay

4. mngadarnesyAuvedlviavne (Lane to Shoulder Drop off ) Auandhunmi 2-24

AN 2-24 fpgneanudeneiianisnganlnieszauvediianis (Lane to Shoulder Drop off)
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USTANRINGANU: Asphalt
ANWULNINNYAIN: [ DUANULANANUDITLAUTLNINVOURINIa sl nang

o

anun: Nsuadalassasanisldlnamdifdanduldlvanisliwduse nmsssuieivedlnanielis

q

=) a

Hndntwazduasluynaielassasialaluanig wsainannisiasuiinisleslivinnisiasuseauveelua
ey luse

nsYaNUn3e: Ususzauwasasulnanig

2.2 NguENUANANNIINIAAAAUEENIBULEIMNINRTIT

yiaaundemevuimusassintuannsodatuldananefoimievaisane aumg
\AenfuenvdsmalinAnaudemeldvaisvia uazoraaziduaunauiafiviliAaavadaluaiuan
manazddeidaiiuinmnnaaeudeyaaimmuesnnudeveuuiimaiiaruddyedisds iensdey
13398199035 gndsamnan sihlsianmnalidonss lifadymanau lideaderlddeuazim

Tunisdeulny wazUszndaaldvrelunsdvaeslvanarvawdunnudenied lug Ju

TnaazidulddadenvinvesaumgiviliiAaaudemeidu 28 aws wasuysUssanvosaing iy
6 Usslamvian laun

1. msneasalilaunsgm

2. Fanneainslilannsgiu

3. Awnedeuidwansznuiinaaa

4. msgeuUngsliiseusey

5. fdwithnsehen 9 idenssianmiivly

6. ANANININANUEMEYTADY 9
221 nsneaiakiliunsgiu

nsneaseiililininggiu ey nsuadalassasiensldlvanaldd nsnananiesldle
WINFFIU NMIEMNTUUTUIIY demalilassasisvestundiaunmilifnenanistdanuase was

Juanmuesanudemesiinsng o sel fawnsed 2-5
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M19199 2-5 AFUANUAVIANMUTMIBUURININD13T Ussnnsneadelildunnsgiu

aaui UL ANMULHIMIEINY
v < .
nslduIasIuvwInian (Fine Aggregate
Asphalt Mix) Wanen9uoailanndanilindu
1L | so8uANTuA1Ie
(Low Penetration Asphalt) wagltulasmnil
NINATEA
2. | mslaivih Tack Coat %30 Prime Coat sauuandouloa
3. | mvhRmeguuunuell sosunnioulon, seeuanniieassd
4. | mslddunauvesrimnLeailadnilna sesunnioulaa, n1syayu
s - seuanidouloa, Nsvandeu, M3
5. | myungadauulifne o ,
NAFIFaTEAUYRIlENg
5 L ; Avguszdugnadundnagnizuin,
6. | Tulmueaiadiiianysniw (Stability) 6
nsyayu
gaueaiianiiandinidugs (High - . i .
o - WAVTUIE U URNABUARIERNIZUIA,
7. Penetration Asphalt) 4d3uazlagnvaIuIa
- nIYayu
591 (Fine Aggregate) untauld
, A Avgvsnlugneaundegnazug,
8. | vnaweaiadludiunauiuuinly
n1sYayu
ANUFSMEYDITTUUE BTN
9. | msnuninidesluliumsgu UIhnsewse, sesdunvimeiisosia
MINYIN TOUADANLIINTETOUUAN
10. | Anuvwvesuulidieme TRUWANNTENN
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222 danaslidleunsgu

nmsidenldianlunisneaiienlilaninsgiu endiwu lianuasiuanysnuseluiganie Jantu
Telwannsliutause demallassadrsvastundiquamitlifnenanisldeuass waziluawmnvesniy

\Feeaiingg o solu 19199 2-6

M13199 2-6 a5UANMAYDIANUEENIBUNRMIRTIT Ussindagnaasnadilauinsgiu

fduil GUIT) AnaEeeiiny
1. | Jasuasiwanysnviselddainie MINgAaY
2. | Tangmusndanuudausdidisame uHufiugnuUILen soeLdausassay
3. | msldnasamdilsifinanmn Havigaaen
a. | Yapduldlvamslaiudouse MINgARIENeTEAIUTDdlnans

223  AINADUNAINANTTNURAAAIA

HaNTENUMNAwIndenildeuly Fedwnaidesiotunie ofiiiu n1siisunlasgumgiinge
AN Faniiliaiunsadadqled (Incompressible Material) gadiuag muuwisossoniesosunn 1Uu

a a 1 ! o dl
SUNAVIANUALGIYTUAAN €] AolU LanRanIng 2-7

M13197 2-7 #UENUATIANULHINNIEULRININRTIRT Ussandwindauidinansenuiiuain

[

° = =
aAUN §1L946) AMULEIWBNNY

Tanlyanunsadasiala (ncompressible . 4 .
TRYUUNTENIENTDYRBRNIUYIN IDYFD

1. | Material) aafusgnnuuuisoesiavisose -
MUYNINTBTOUAN
e
. R JRULANALYIBY, TRYLANNITVLILAUNI
2. nsiUavuLUasgannil

Y

, FRUUANTILY, TOULABUANTEAU
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UL ANMULHIMIEINY

Do
-
c
=

iaaLLmﬂagﬁau, TOHUANNITVEIYAUNI

3. | mIwWasuuUasmnuiy P
, OULABUANTEAY

. L Ly JRULANAINABUNIAGAYLALAUNUNY,
UHAT81NSUA9T - azangfveeni . L |
4. TRYUUNTENISNIDYRBRTNUIN YD
(Freeze - Thaw Action) - -
AMNYNINIBIBYLAN, WINGAGBN

5. Uisemuaiiveianinasiy JRYUANIINABUNIAGYLHLANUNUNNY

2.2.4  nsgeuvigsliiseuiey

N139auU159HINe Iasead1etunie niearsnsgulna aneldduionig delinnsdanisi Ly

Seuios dwaliAnanudsmesiianig q vseiduannavesnnudeineydaiig o uanifinisnn 2-8

M19199 2-8 AUANUAVIAMUFEMIBUURINIT13T Ussinnisdaudisadiiseuon

o

GUTANT GUlT AMUHEENNY

1 | MIUetaunsansuntaNiingvsiuiin | seedvdeu, nauue

Anudeelidiseusae

(% [ (%
I A a a

2. | fuiheeunInfignyaseiiuiliAtesnaniy | seyUsdaurinaunin

9

WIUTIUSIUAINa A TanUsdey

1%

225  fdwtdnnsgyingn o nisuniuld

1%

nslunITaTRTiintnnseying o wielduntdniuiniiunivug dealiiiaainudenie

U U d‘
F19 €) LEAAIPNAITNN 2-9
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M15199 2-9 agUanunvaIANUHeMBUURIMNINRTIRT Ussinniiiwminnseiinga 9 wsensevinuan

wiuly
o w o = =
a1aui GUIT) AMALFIINEINY
1 M3suninussYNUAIUA WHUNUgNUULEN
FRULANANLVINUALTRULANATLLUY
vy L L NWEYY, soauAnTIyy , seedunsmien
2 | dminnseinggs . , .
JRURDANUYIN TOUADANLNINTETOY
AN, TOEUANAINENT
nsaesaIwuiAnwsInsEIn .
3 ) ANUFEATUVEY
YOUHINNY
N59579 5 UINT YR IAUHUNUABUNTA | TREUANTIYY, NITNTARIFNITEAUVEY
4 P 1Y) [y . 1
WewrInNMsdangan (Pumping) Tydnng

2.2.6  Uszivanaiuanaudemevingu 9

ANULAEYEE1T AN TONAINNTANAINVBIRIIEEMETTADY 9 a7 Hivgaaenvseiia

Insaén 9 wazlin13asnasnszyig 9 augnautuannudemesindunu wanwnanisan 2-10

M15197 2-10 &5UENNVBIANUEIMBUURINIGRTIAT UTTNNananuNIINANUTeNIeviingy

fduil UL Anadeveiiny
1. NITUENAIVDITOUHD nsaAnzan (Pumping)
2. | madevanmussiansuuisessio NMIOANLAN
3. | MIANANNVRIANUFEMEAN 9 WU 58 Avgeaon waziaundunauusnsly
WANNTNRTELY NISUINGI
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[

] awv o a v ad o
UNA 3 ATSNUNIUITTAUNTIULAZUIIBNALI T azmalulagnandy

3.1 N1995293UINg viseweaulvuuauu

AsAnwIS ouA eIt udasiie 4 vuauy Tagldnszuiun1ssnnsnim (image processing)
fnsfinwiueg 1unsa1e WU 1159 5I99U%0995195 N1395333UTM895195 N1IATIRdungy 1y
nfiuftoun Wudy dednivsslevideldounludvesanudasadevisau swideiAeaduns
AT1aduvqy se8UeN uazgnIzIAULauY daandunind 3-1 dnsldnszuiunisdanisam
e Sorandaru wag Stanciu [2] 1l Brightness Uniformization Algorithm wag Thresholding Gt
nautenmdu 88 finisa anduusiaznin (Window) futsudrdgaanduinaiiads (Mean)
urshaniisuifisuiuan Threshold fiRsly Taedl 2 fn Ao Angean uazeAwian §s Window fifien

aguen Threshold Aaxgnéiniia

WA 3-1 F981VRY TBBUEN UaTgNITUIAUUIUL [2]

3-1



Kwang wagane [15] tavitniswieuiiouddadnuun (model) 1l onsi93unauuuauuaIN
amlaglaain Deep Learning Ao Inception va4, Inception ResNet v2, ResNet v2 152 uay
MobileNet v1 @aflA1Anuusiug 96.5 - 97.5% fag1en1snsiaduiuiiiaula (Region of Interest)

YUDUUBAAIAININA 3-2

WA 3-2 Areg1en1snsraduiuviaula (Region of Interest) [15]

Shao-Peng Lu and Min-Te Sun [7] lalauan1snsiaduldy wagn15ssysseenieseninga
1neld Hough Transform #in1sl4 Gaussian filter \iofn Noise waz Canny Edge Detection #5293UL& 1
radnsTlduanaianing 3-3 14 Distance Conversion TuN1SuUaSTZEENINTENINETUNINY WaY
Haar Feature-Based Cascade Classifier gniuildlunisnsiadusn darranmusiugnitlduinndy
95% Lﬁaiaﬁgaaaﬁua%iﬁwﬁ’ulmﬁu 20 WA ueNaNil Huifeng Wang wazamy [11] 1614 Hough
Transform Hiens393UN13905s wazld Curve Fitting Method Liiensiadunnsléa nadwsilaiia
wiiudn 92-93% Shuo Gu A [10] Wanuvanviany masvIndinvastoya 3D LIDAR AT3aduauu
w&1935n15913 Image Processing i@ Histograms wiauszananisauy wasldnisaunuues uay
AR

2 3-3 AredranaansNtaannnslyd Hough Transform Juitdunssuuauu [7]
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Hernandez wazanz [14] Iiaueisnisasvdouinnnamilouunisly 35ns5uainay
Noise Tnel4 Morphological filter udrduiduwause Canny Edge Detection anntiuugndiudiiu
auuturevauuidu Adeatudae Texture Line Detector wazhenarufiiduauuiuduilaldouy
19U el 9 Color-Based Road Detector dauwasnsdurauauuiuiiinuiseves Wang uazang
[23] Avinnismsaaduveuauuluynanmenia wazanuadne tnslunadilésl Seget, Attribute
aware, Bayesian SegNet uag PSPNet lagnaawstaa1 @anine1nied duas Jius Usyaia 90%
anme1nalalf 517 78% dau Mehrez wazaniy [17] Wauen15ns393uU%8395195 89 Pre-
Processing 3in151¢ Smoothing and Edge Detection @7u Kalman filter Lag Progressive
Probabilistic Hough Transform (PPHT) 14lun15m5299u wavauidunss @auth) Tunm nadwsiils
93.82%

Kaur waeamy [22] vhnmsiSeuiisuusyansnm lunsiiuauauda vesnm (Enhance)
fiflnuensaeiznisea 5| A Dark Channel Prior, Histogram Equalization, Brightness Preserving
Bi Histogramequalization, Recursively Separated and Weighted Histogram Equalization
(RSWHE) + Gamma Correction nadns#ilauansliifiuin RSWHE 14¢ifi'u Gamma Correction 14
wafian ludinves nsnsraduiieasesiu dnmshiauelag Zhao uazame (18] Inenszuiums
Pre-Processing 1% Image Reduction, Brightness Adjustment, Filtering mﬂﬂgu Segmentation 1ag
149 Means of Area Filtering uay Morphological Processing Based on Color and Shape Features
@11 Feature Extraction 14 Linear Kernel Function wag 19 SYM @314 Classifier Based on One-to-
One Classification Algorithm uag HOG area block gnliiiteszydiuilvangas feganisasadu

J189519TUAAIAININD 3-4

(n) A | (%) (m)

AT 3-4 Anraunsia Area Filling (n) #8519 Area Filling (¥) waz Area Filling (A) [18]

AINTIVTULALAAAIUINIUNIN UL INIIUNLAENIDINA nAATuRnduddle Tn151n

Machine Learning uag Deep Learning 1411114 3191w Background Substraction, SVM,

33



Decision Tree, Neural Network, Deep Convolutional Neural Network (DCNN), Google
Tensorflow Object Detection (GTOD) API [1,3,14,20] Dey, M. R. hagAaie 14 3 Feature Selection
Algorithm @@ Ranker algorithm, GreedyStepWise uag BestFirst waziin15ld MagTrack Tun1sasna
Tuna luudsedudsouuesnidy 5 Ussiande auwdeu auuitlidiSoy NauUe lurzannnuisa
LargnIzuIn faegun it msudoyanansianind 3-5 [4,5,12) du Basavaraju Lazany [3]
WnsnadeuAuaneay (Feature) Algarnfienislunisiedeudivesa 1 wnudu 3 wnu uazldiaue

v a

SVM, Decision Tree wag Neural Network S7uAU75015 114N159ANISATN A Labelling, Filtering

1%
v a o oA

way Feature Extraction uenannd luau3sed daiin1sun Deep Neural Networks unldlunns
Classify AUUAIY LALNAFBUAUTD 3 ';'u 3 Useunn Ae Ford Focus Sedan, Ford Focus Hatchback
uay Subaru Outback SUV dhugunsaifildsuiinidlede lelniu 6 uanainil Wiratmoko wagmmz
[9] lévinnsmsraduviauuuauy Afvunaduriiugudnais 10 wufwes uazlianudn 5 wudiues 1
nsl¥n19in (wrapping) LagAToURR (cropping) 1l alnliatng s9udsld Convolutional Neural

Network (CNN) base on LeNet5 @sl#nanuusdugn 92.8%

Background

7l 3-5 shagenmsainldinsudaya [5]

Juntao karAne [13] ¥MN15a5393utnvLauuINnANAIUlaaINIAle F9n15La0N AININ
IAlanuiinng vden 7 wisunauntmsui wethun ey uddnnslaluma T3D-FCN ANmuIN1aIn

C3D wag FCN Tagilnsiiia temporal pooling tlusewinisy st Uszdnsnmlun1snsiadu

3-4



11 Tneran1svnaes Wil Precision geaauiniu 0.79 uanainil Zohaib uazan [6] fnsunaue
T fins1aduresanas uardumssesving sewiaduiau fudsiienadeliAngtimg luoul
gnAleg19sTIEiIsTErILduausuge Autiediinnaus lagld Novel Deep Learning Kim
wazauz [19] liauenisnsiaduinguuauu ssyvilnvesing wu Van, Car, Cyclist 1Judu
Ineld Deep Learning dn1514 Fine-Tuned Single Shot Multibox Detector wagly SSD % Based
on Deep Neural Network Tagfinsusuiss SSD model Tagnmsiiiunwdild Train winluluyateya
fdluuidodn 394 YOLO uaz Benchmark SSD shlsanuusiugunntu wadnsuanaianni
3-6

(M)
AT 3-6 naansRlda1nnsld (n) YOLO, (1) Benchmark SSD waz (A) Fine-Tuned SSD @4

WJuasnsivdwaualng [19]
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UBNINUITUATUNITATIVTULIUNINULLAD F98n15TLATIERN159195UUAUY LAY
Arinaldi kazmug [16] dn15a5196291uun 2 @i wduUssuliisunu As MoG + SVM uag Faster
RCNN @ SVM T4 Linear SYM wae Radial Basis Function SVM (RBF-SVM) nadwsiléuanslifiuii
MoG + SVM lilmunsiiasiinsizsd 3latAsadiuasiasluaninuindeuass @iu Faster RCNN &
Uszansnmmitenitlunsnsaaduenunmvuy Tneems lunainatsiu wenanni Kulkami uasaae
[21] 1@uen15n 5293 ud gy alvas1aslagld Deep Learning 9100 W kazdfloannInaignou
nane¥u Tngld RCNN Inception V2 Chen wazansz [24] l@uen1sviuesdunnenistud wagssanig
ﬁﬂaamﬁaﬁqm yossadadudnmt eidssnisvu Tagld Canny edge (2-d Gaussian function gt
Tunnsnses Noise) Fsnuiseildauduiugvasauarauiidanouniseu warlunsdiiauuse
fu fin1514 Pixel Value $he gavie Horita wagame [25] insinsizsianwituauy duidonuas
wif991n37Te Taenmanann Video Camera (SONY HDR-FX7, 1280 * 720 pixels) 51910 Useiiuiun
aun Tneduuwagesasasanliniinse Mdelunanarsiu andusureursswnuuisassidlag
W15 7303 (Circularity), f\m@uémﬂwﬁuﬁ (Center of Gravity in The Area) uagfiufifidiaanu

11989 (Area of High Luminance) ud233Useiliu n1sndsuiivesiuniiilagld Cubic Polynomial

1k
v a A

Expression Ingld Least Squares Method wdalianiiiuil sewingaasgafidulimduiuauy &

anunsosuaumlenle 73% wardiuiwiig 74% ANNA 3-7 war AINT 3-8 WARINAANSALALUNUITY

AN 3-8 HAAWSTlARINN1TASIRIUNUaUUANAS (Fler) wazlen (Fu1ku)

3-6



NANsUATINg IivLakandbiiug AdefetuauulasduTieatos Ndinsly

Machine Learning &y Deep Learning fimaunainuany wagdinsldwmailanienssuiunisdnnis

1%
a VYa o

AMNee NITEI78LAIAMIA1519 WS eURBUNIrualiwdd Auandlumsien 3-1 waziidennlty

U

2£0dUIUTNTUARIBIATRINTZUIUNITAN 9 TUNTEUIUNITIANITAIN



a v

A1519% 3-1 NsSeuiBuUIBNANYI

Research Title Author (Year) Detail Frame Model process Result

Video Based Vehicle Counting Mirthubashini J. | 1W3guLigudsn19sin4 9 Flélunsvh All Frame Background 94%
Using Deep Learning Algorithms and Santhi V. Vehicle detection , Vehicle Tracking, Subtraction
[1] (2020) Algorithm Fldlunns generate model
Urban Traffic Density Estimation Zhu, J., et al. ATV IUNINULNIBINTA INIA LD All Frame ResNet 93.7%
Based on Ultrahigh-Resolution (2018) 1medl Frames Resolution = 3840*2178
UAV Video and Deep Neural 14 Singleshot Multibox Detector(SSD)
Network. [5] Tun13 Detect

1% Kalman Filter Algorithm Tunns

Track
MagTrack: Detecting Road Surface | Dey, M. R,, et MagTrack Fadnnsld - MagTrack 92%
Condition using Smartphone al. (2019) 3 Feature Selection Algorithm @

Sensors and Machine Learning [4]

Ranker Algorithm, GreedyStepWise
ey BestFirst

14 MagTrack Tun1sasrsluiea

HW Redmi note 5

Road type 5 LUy A

1. DUULSEU (Smooth Roads)

3-8




Research Title Author (Year) Detail Frame Model process Result
2. auuiliiseu (Uneven Roads)
3. ¥quUe (Potholes)
4. \fiuszasaui (Speed Breakers)
5. gn3zun (Rumble Strips)
A Machine Learning Approach to | Basavaraju, A., | na&®U Feature ildan 1 unufu 3 : Pre-processing WUU 3 Ny
Road Surface Anomaly et al. (2019) LAY i1 Labelling, Tvnananuwiy

Assessment using Smartphone

Sensors [3]

fnsAszRUszansnInues Machine
Learning fil#lunsdnnguvesnuu uag
fimsUsziliulszansnimuss Deep
Neural networks 7l4lunns Classify
UY

HW- iPhone6 1450 3 Ju 3 Uszwam

f® Ford Focus sedan, Ford Focus
hatchback e Subaru Outback SUV
SW- Vibration Recorder, DJI Osmo
TgTuiiniale

Road_type 3 WUU Ag

1. auUEBY (Smooth Roads)

2. viauue (Potholes)

Filtering wae

Feature Extraction

Machine Learning
£ SVM, Decision
Tree waz Neural

Network

31




Research Title Author (Year) Detail Frame Model process Result
3. deep transverse cracks

Detecting Road Irregularities by Ciprian, S., et ANEINTZUIUAIINI Image Processing All Frame | brightness udsliiase
Image al. (2019) fltlunsnsraduvau sesusnuuauy uniformization
Enhancements and Thresholding HATYNITUN aleorithm +
(2] thresholdin
A Convolutional Neural Network | Jan, Z,, et al. A15299UYBIDIN1T WATAUNNTLHLIN All Frame | Novel deep ‘:]Juiﬁgﬂﬁm
based Deep Learning Technique | (2018) semnuduautvisiionazdeliin learning 254 object /

for Identifying Road Attributes [6]

iRy lunudendedns svogving
symngauausudeiuliedin
ALY

n1suus object @aniu 10 Ussiande
Speed limits, Median type ,
Centreline rumble strips ,Shoulder
rumble strips, Dangerous roadside
objects (left and right sides), Distance
to dangerous roadside objects (left
and right sides) , Paved shoulder
width (left and right side)

(%

JUNA 5 object




Research Title

Author (Year)

Detail

Frame

Model process

Result

Delineation, Number of lanes, Lane

width.

Detecting Road Conditions in Lu, S.-P. and ps1aduLdulAslaely Hough - Haar feature-based | More than
Front of The Vehicle Using Off- Sun, M.-T. Transform 3n514 Gaussian filter Lﬁa cascade classifier 95%
The-Shelf Camera [7] (2019) fin noise Way edge canny detection

M5999ULEU Haar Feature-Based

Cascade Classifier gnunslglunis

#5293U50
A 3-D Real-Time Road Edge Jing Li., et al. SYUUMTIIULEUOUU U 3D Uu - - -
Detection System for Automated | (n.d.) ‘ﬁugm‘uaﬂ Frequency-Modulated
Smart Continuous-Wave (FMCW) Radars.
Car Control [8] Tngldtoyaiiuifognouyih 20 udwh

Tmu 3D neldlusunsuang lnanisvin

WU 3D lensanduveunuuiiog

PIUNTN
Design of Potholes Detection as | Wiratmoko, A. | #393uinfivauuuauunsely - CNN base on 92.8%
Road’s D., et al. (2019) | Inevguilvuinduriaudnanauseana LeNet5

Feasibility Data Information Using

10 9y, kazdaNuanUseuna 5 v,




Research Title Author (Year) Detail Frame Model process Result
Convolutional Neural Network $in51d 38n138A (Wrapping) wagasau
(CNN) [9] $i9 (Cropping) LﬁaiWﬁﬁﬁ’mq
l¥nane USB Webcam Logitech C525
Histograms of the Normalized Gu, S, etal. | ldmnumanuanemasuiadinvastoya - s
Inverse Depth and Line Scanning | (2018) 3D LiDAR #35299U0UY LA l4I5n15719 Wisuie Uiy
for Urban Road Detection [10] Image Processing A® Histograms e 333U 39
Usganansouy uagld nsaunuwe? F8nsvesauil
wazAednl Wensavduauy Tvinadnsaanun
Resolution Uu1A 1242x375 Ananluung
MITa0T (9
»135791U Paper)
Lane Detection of Curving Road Huifeng ,W., et ATV LAULAIUUNINAIS - 92-93%
for Structural Highway With al. (2019) AUNITVNAMAAERIVDY Straight

Straight-Curve Model on Vision
[11]

Model laua1nnisly Hough
Transform

#un1589 Curve Model dinsla Curve
Fitting Method




Research Title Author (Year) Detail Frame Model process Result

Path Hole Detection to Assist the | Md. Milon nraduvquuarUe Iod1ueanny - CNN 97.12%
Visually Impaired People in Islam and azmﬂ;ﬁﬁmimqmam
Navigation [12] Muhammad Road type Uuauuﬁwqm‘%awﬁmqu

Sheikh Sadi.

(2018)
Temporal 3D fully connected Li, J., Nguyen, m%ﬁuﬁwuauu Tagluluinaann T3D- 8 LWgux** new temporal 3D AN precision
network for water-hazard C.,and You, S. | FCN %ﬂﬁ@uu’lmmﬂ C3D way FCN, & fully GRGIZ Ao 0.79
detection [13] (2019) A5 Temporal Pooling 1411 convolutional

SEMINWNTY WieLNUSEANSA N TUAIS
M52V
ot luwsuluu azden 7 wisuneu

PUUG Y

network (T3D-FCN)

Vision-Based Road Boundary
Tracking System for Unstructured

Roads [14]

Hernandez, D.

E., et al. (2017)

A593U U T auuuns bl

au Noise laglt Morphological Filter

JULFUYBUAIY Canny Edge Detection
| A ) A&

WaNAIUNLUUOUUNUYBUDUUNLUUE

LWeuAIe Texture Line Detector

wendruunuuiudiunlidldouy wu

g1 »28 Color-Based Road Detector

94%




Research Title Author (Year) Detail Frame Model process Result
Detecting a pothole using Deep An, K. E., etal. | s5793UsoaLen %qmuuauuéf’sﬁl DCNN All Frames | deep 96.5~97.5%
Convolutional Neural Network (2018) Ineldiiote convolutional
models for an adaptive shock \Wiuiflsuddasuun (Model) i neural network
observing in a vehicle driving [15] A3RdUrRNULALLAINA N Laglaan (DCNN)

Deep Learning Ao Inception v4,
Inception_ResNet v2, ResNet v2 152
ez MobileNet v1
Detection and classification of Arinaldi, A, et | 3:AF121N1593795VUAUY TABdin1Ta3a Faster RCNN nadnSAlemUI
vehicles for traffic video analytics | al. (2018) luna 2 @ uandseuiisuiu A MoG + SVM il
[16] MoG + SVM Wangiag
Faster RCNN RIGEREAREIG
SVM 14 Linear SYM waz radial basis Aefuasas
function SVM (RBF-SVM) Tugn mnaay

Faster RCNN fUszansnnwuilonin Tu
AIMTIRTUIIUNIUE Teeanigly

NAN9AY

39
Faster RCNN &
UszaNsnmn

widanin Tuns
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Research Title Author (Year) Detail Frame Model process Result
A5V
YIUNTINUY
Tngtanizluy
NaNSAU
A Lane Tracking Method Based MEHREZ, M., et | #5223U0995197 PPHT 93.82%
on Progressive Probabilistic al. (2020) pre-processing 1% smoothing and
Hough edge detection
Transform [17] Kalman filter Wwag Progressive
Probabilistic Hough Transform (PPHT)
14lun1s detect wazauldunss (vouin)
Tunw

NABIRATNINTZTANNUITE
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Research Title

Author (Year)

Detail

Frame

Model process

Result

Research on Road Traffic Sign
Recognition Based on Video

Image [18]

Zhao, J. D, et
al. (2017)

a593uthee9195 Buan pre-
processing Toely image reduction,
brightness

adjustment, filtering

9Nt segmentation 1neld means of
area filtering Wa¥ morphological
processing based on color and shape
features

feature extraction 14 Linear kernel
function waz 14 SYM @314 classifier
based on one-to-one classification

algorithm

'
| =

HOG area block gnldifiaszydiud

LANNEEU

SVM classifier

On-road object detection using

Deep Neural Network [19]

Kim, H., et al.
(2016)

nTI9U TN UUU Sryviinvesing Luu
Van Car Cyclist Hudu eeld deep
learning

1% fine-tuned Single shot multibox

detector

SSD

RV VEIRTEY
AUBUUEITU
6% WHAYAIUIT

Juinguiu Ay

JUINTYIU way




Research Title

Author (Year)

Detail

Frame

Model process

Result

14 SSD & based on deep neural
network
finmsuSuuss SSD model Taansidiy

AWALY train WU

AULAULANLA

VALY 10%

REAL-TIME CAR DETECTION AND
DRIVING SAFETY ALARM SYSTEM
WITH GOOGLE TENSORFLOW
OBJECT DETECTION API [20]

Hsieh, C.-H., et
al. (2019)

L@UBTEUUATIFIUIOUUALULU real time
LaEIEUULILABUANUADAAY
Tudrunsnsiadusasud dnsle
Google Tensorflow Object Detection
(GTOD) API Tagiin15m5399USaLUU
real time
Tudrusyuuudafounnulasnsie
wuseanlu 3 diude

1. MIAUIUAINATINVDITH INVUIA
nseuAmayY

2. mydutadeluiemesmu
Usaast

3. MIHINABUADIULVBINITTUTA bALA

safe, dangerous 8% warning

Google Tensorflow
Object Detection
(GTOD) AP

Tlagunadu
AILAY LAYBNIN

Tgula




Research Title

Author (Year)

Detail

Frame

Model process

Result

Traffic Light Detection and

Kulkarni, R., et

psvdudalnasasiaely deep

RCNN Inception V2

A1 loss Tuea9

Recognition for Self Driving Cars al. (2018) learning 31NN LagIAle 0.01
using Deep Learning [21] Amilddnenounansiu
Enhancement In Foggy Road Kaur, D., and Wisuleudszans nmlunisiiuany - RSWHE 1dariu
Scene Videos Using RSWHE and Garg, N. K. ANTAYDININ (Enhance) fifivien fe gamma
Gamma Correction [22] (2016) BERUETRN 9 A8 Dark channel prior, correction T
Histogram Naaﬁ?m
equalization, Brightness preserving Bi
histogramequalization, Recursively
Separated and Weighted Histogram
Equalization (RSWHE) + Gamma
Correction.
Road Edge Detection in All Wang, Z,, et al. | asaduveuauulunnaninernie uway SegNet, Attribute | @1 We1nAR &l
Weather and [llumination via (2019) ANEIN Imdmmaﬁiﬁi’fﬁ SegNet, aware, Bayesian e el

Driving Video Mining [23]

Attribute aware, Bayesian SegNet wag
PSPNet
sqm%gﬂa Cityscapes Taluna PSPNet

1¥An accuracy = 98.6

SegNet LLag
PSPNet

Uz 90%
an1na1nalyd
577 78%
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Research Title Author (Year) Detail Frame Model process Result
yatoya CamVid 18luna SegNet Tvien
accuracy = 96.4
Research on Recognition Methods | Chen, R., et al. | ¥uieidunnenstud wasszeznisd Canny edge
of Bus Front Road Condition (2013) Uaendeiign vessatadutraih tite aunsatdlu
Based on Video [24] BAeensyu Tngld Canny edge (2-d ATilEegns
Gaussian function gnldlunsnses fusyansam
noise)
ATeildanuduiusvoniauas
AnsLSaTERUANT I
Tunsdifiouudaiu 1314 pixel value
L3N
EFFICIENT DISTINCTION OF ROAD | Horita, Y., et al. | Tinsnzvianniiuauuaiuiiilonuas i 74% in "dry”,
SURFACE CONDITIONS USING (2012) 91n35Le lpeAIWL19In video camera and 73% in
SURVEILLANCE (SONY HDR-FX7, 1280 * 720[pixels]) "wet”.

CAMERA IMAGES IN NIGHT TIME

[25]

BUINUTLAULLINUULAY FULUITD
9519590 IunsaMUaluvananady
PINUUTUVIUVDILUIDUUTIEBITN9 LAY

W38 circularity, center of gravity




Research Title

Author (Year)

Detail

Frame

Model process

Result

in the area WA area of high
luminance.
Uszifiunsindeufivasiininlagly
cubic polynomial expression by using
least squares method udaliaRnuil
wwinen 2 gafiauld Wuituouy
weniufiouy Tneldmsdnsed texture
G414 Threshold = 2.18

AW texture feature 1agld Gray
level

Co-occurrence
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3.2 msUszalananin (Image Processsing)

A2UIUNSIANITAMN (Image Processing) 1unsthainaniudinisunsesne wielldnm
fifdu vidaitofstayaursedisoonn ieuselmivosnuiiu 4 InsUsenoudsauduneude 1)
msthnmdlagunsifiunmatniesesiefiunin 2) mnsgikazdnnsnm way 3) eunadns
Feanunsaudlunm UuﬁugwumMﬂwﬁmeﬁmw [26] Fanszurunsdansandinaisegaiaeiu
Tufidnadls msiiuauaudn (mage Enhancement) wagmssnninlugiuiisdosnis (Image

Segmentation)

3.21  msUTuUsanm (Image Enhancement)

[

n1susuussnmidunisiinyszdnsameesnin welinissuiusenisininuvesuywdd

Uszavsnmunndu lnelidnguszasdndnde eusudsunuantfveannlifsty dwdsesny

a

dosUszin e I5Mslaudaniud (Spatial domain) Wun1sUsuAIAINEINRINIATIoY T Way
15 n19lamuidaad1ud (Frequency domain) 4 395uUad31n35n15LALLULT IW UTT 11

ANULANANIVDINIFDIUTLANG AR UAT N 3-2

A15199 3-2 ASUSEULNBUASNISLBINUNLazLdeRuD [27]

Factors Spatial domain Frequency domain
Computation Cost Low High
Robustness Fragile More Robust
Perceptual quality High control Low control
Computational complexity Low High
Computational Time Less More
Capacity High Low

Tui 4 na128935n151un15USUUT90 M @8 i) Brightness uniformization ii) Filtering iii)
Singleshot Multibox Detector(SSD) iv) Gaussian Filter wa ¥ v) Morphological Filter s18a%18 80

o o

fannansmaly
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3.2.2 Brightness Uniformization

msUfumnuainsvesnmdunilslumedanisuiudganm Unfudinmsuiueuaindiaes
WUUA® Brightness wag Contrast 1ag Brightness ADAIINLANI 0AITUEINNYDININ UINAT
Brightness 8g¢ nMA8saine d2u Contrast AoAruuANGIsvBaand &1 Contrast g4 Land
Asnefiuann Sorandaru wazAn [2] Ielausisns Brightness Uniformization wansdian1ndi 3-9 wuen
viguuarIBBUANULALUY nsaAAle Taenseyhuuy Line-by-Line Fenadwsillsaansansaadungy

LALIRULENAR

Brightness of line 75, original image
240 T T r T

220

200

180

160 -

140

120

100

80 s ' L s s '
0 50 100 150 200 250 300 350

AN 3-9 (79819N157N91UVBY Brightness Uniformization [2]
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3.2.3 N399I (Filtering)

n1snseadeyanIw (Image Filtering) Aomsuhdeyaniwluriusinsesdaygias (Fitter) tiels
laamuadnseonut AMunadnsIzdauanUiunna1991nAY kasATININABINTT laenisiiy
(Enhance) n3aanviau (Attenuate) Aasaudfuisusznisvasn nduingussasdnanvesnisnses
TOYANIN FI0819AINTBUYU AINTBIFYYIUTUNIUMIENILTLU (Gaussian Filtering) Fearasune
poll anwaENISNNUIBIRINTosd QI Jzansouantuneuls FadnsesdyasUNIueg 9
finanuazandyyrasuniukazeazidoaveaninldie vilinisuszanananingnan
UsvAnsnmadluine dafunsdendinsesszdendentimnyautivany hiliaguszasdiiteldsdn
grailiifosnts wiewudaanaidensliauiu ﬁaﬁuﬂsd%ﬁmmmsmaa%’agamwﬁa Vil

1)
Toyeyeusuniy (Noise) ANad WATAMAINYBININ

Basavaraju kazan [3] ldvinisdanguuesnuusenifuamunguie auwiFou ouuiiinguue
wazauuiidseswnndn Taedn151i3n1s Filtering Whuldifieaudyaadldieatos wu n1sdu
wsa 1a 87 Wudu Tngld Butterworth High-Pass Filter fan il 3-10 uana1nii MEHREZ
MARZOUGUI uazans [17) Idiauensnsiaduresnsnas Taeld Kalman Filter ensiadusessoves

auUU

Before Filtering Before Filtering
o 1 @ 1 ,Aca {
5 §
§ 0 g 0 WN}'
) =
@ )
8 8
< -1 < -1 1
0 2 4 . G 8 1‘0 0 2 4 6 8 10
Time (s) Time (s)
After Filtering ) Aftgr F“teljiﬂg
CR [—ax]{ | |2
$ | §
= i | .‘a
S0 M ey M Y g
8 8
£ FE
0 2 R 6 8 10 0 2 4 6 8 10
Time (s) Time (s)

Al 3-10 FyayrnAanase (Acceleration Signal) feuuasndssitunis Filtering [3]
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1. Gaussian Filter

Judinsesdygrasumuiifiqusnvuzadieszdand ldmsuandyainsuniu (Noise)

wazauauanvasgUunn dnldlunisinmlvuas fnmansesdygadidnuazadeseaiandn 6

R
A i

UARTUAINT 3-11 dUMIFINTOIFYYIUSUNMIULUUINARBULUU 1 37 Jaunisnsil

Glx) = \[% X g=axx? (3-1)

3aLReulaanNNsIENIsTmasaIudeauu A9

2
1 _x

a2 _
st (3-2)

G(x) =

We x = AnUsiuwnu x

O_ gdmudoauu
G(x)
X
1 | | 1
2 -1 0 1 2

ANA 3-11 AINTBIFYYIUTUNIULUUNALTEURUY 1 TR

WounuA1duwys x Tuaunisi 3-2 aglaaunisiansesdyarasuniuluuindil@euluu 2 9@ 3

AUNITHIY
4y
= 2 -
G(x,y) — 20 (3-3)
Weo x = Adkuslukny x
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v

AdaLUslunny vy

Yy

c Adu gy

A0ENAMTHIUNIINTOIF Y IULUUINIETaU TaatiNdygIasunIULUU salt & pepper

'
=

noise NENULDBLUUNIAY 0.02 (AW V) LaZaAFYYIUTUNIU (NN A) LAAIAINING 3-12

=] P~ a o o
AN 3-12 ATNVANTIIWAAYIUTUNIUY Lasauayy1adsunIu [28]

2. Morphological Filter

mMswAsuasdnuaz U sselassnesnmdunsdudunsfuamillalsidadu (Non-
Linear Operation) waAaanTAvasnIn dautiusuuuy (Form) uazlassaina (Structure) Hernandez
wavamey [14] Iiaueni1snsiaduauuainaim uaginisau noise Tngld Morphological filter &
fiefianauideiliauudugiia 920% lufduszneudaes n1svereamm (Dilation) wagnisausnqu

(Closing) Feilseazidunmal

n1sve1en1w (Dilation) wWunisverelasy1juuuy (Template) ¥ M1vun
VU U Aen1Tve1e waadeuld aalafivugunuunseiunna iy aglaganseaiuden
WU 1 wiidwinissay (Union) suwuudnfiunmasiudialeiu lagagyiuuninuni duandly

AW 3-13
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»

AN 3-13 A2BEININNBULASHAINITVEIIAIN [29]

nsaunau (Closing) 1un1snsevin (Operation) fildgUnuuREIfuiagauazvgIanIn v

Tiaunquidn  Millugesinsegseninafinga MognMNoULaTMEINITAUNULARIRINNT 3-14

11
URIA
URIA

AN 3-14 fegranniaulazrasnIsaunau [29]
3.2.4  N1IAR/LUININ (Image Segmentation)

Image Segmentation #38 Semantic Segmentation LﬂuﬂWiLLU&ﬂ’lwaaﬂLﬂuﬁngﬂ 9 Y

a

Hufineiu Weliasiziiusazyafoezls naansudaduiuiidsis 9 Jwdazdnuneddnvaus
wane1aty Wy Uy, auy, dulll, Wudu. Tuiideznanfedanesiiuluni1syin Segmentation As
Thresholding, Background subtraction, Hough Transform, Canny Edge detection wae

Histograms faflazasulemald

1. mM3TALU (Thresholding)
n15919auUs (Thresholding) 1u3gnsuil slunisuening i dean1seenainiumnds
(Segmentation) Iaeiin13AMUAAIANLTN (Intensity) AFoIN1s waltundssufisuiuiingaves

AMNFRDINT 158771 ATALUAITYINTALUS (Thresholding Techniques) GINARNSUDINITNAITUN
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wiadugawn Fadlen intensity = 255 wazgas AdAT intensity = 0 winfinatiuiiadounia
AudEinmue 9auuasgnusulmludadaludivesing dauiinandauinnivsewinduen
ANudfinvu yauudrgnusulidudiuvesiundsdadudens 3Bmstannsavhaulasims,

1 o a

g wagesldiunmilifidymusuniuann @aansadsuduaunslanaunis

0if pi,j <T

108 gij) = waawsale
0j, j = NNLAVDINNARDINITUTU

T = AeNULIUANAUR

2. NIaUNUNRAY (Background Subtraction)

Juwmedaiildmaruaseansy foreground fuimsu background Lilens3aduingfirids
waeulniludsle vilvenladdingeslsimaunioulmiagluisy foreground aunisilduansds

ﬁllﬂ']'ﬁﬁ 5
Object = |foreground(x,y) — background(x,y)| (3-5)

AU 5 mminmisaoaisuiaufuuda Adesi Threshold ﬁiaLﬁaLﬂumiLLaﬂi’mq
findeulymlunin fuingilaildiedeuln nadwsazduagifua Threshold dnuiuliiiammniAuly
noise flazieay uidWiultosAuly Huivesingiimdnedoulmiasddeniiuly Mirthubashini
wag Santhi V [1] fin15l4 Backeround Subtraction Tun1snsiadugnuninuzuuauy Tnsnmauud
laiflenummugazgnaveen antwinnsnsadusumvueiegludomii Tunsdifleuminueiing
indeulmseiosfunaemisy agfimsisuifisuiuitensadusunmugiimdandoud maauiy
ndsazyiaunenduluusazssy Andvausgumst uizgnavil undseon wdaTedinsld

Threshold WiBRSIEBULNI ATV WAL DU Y

3. Hough Transform

Hough Transform Tglunsduunanwazianizvesnin lnsdwlvyldnsaseuidunsiag
nau JUNTeiannsadiunae3silnrdeuintuainaunis Jeaunsaldlavaleisne Hough

Line Transform Wag Hough Circle Transform &3u35 Generalized Hough Transform uag
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Modified Generalized Hough Transform 1‘8'1,‘17@'@’3Lﬂiwﬁ%ﬁmqmﬂﬁdgﬂmﬂlﬁmmﬁm (Arbitrary

Shape)

daunisaiwiumnudunsantelunainaiusaldisnis Hough Line Tauni1sasig

Accumulator array (A) 484 m, ¢ 3MNAUNTN 6 WAy Tnen1sgual m vise c aglunngn
A 2 a0 = o oA & o i v i a o

amduda (X,Y) Baiuniandageanves A asidusuniaueddunsaiig q Anuaingunian

&

ARSI @usauansaunsiaaail
AUNTIEUATI Y = mX + C (3-6)
30 C = y — mx (3-7)

aunsdunsed 6 uag 7 suinlym windudusuidaionnina m, b agiiudugeun

Fouudlaldlngldauntsd 8 Feiindnnnsvan wwdeaiumsldaunis y = mx +c
Polarp = x - cosO+ysing (3-8)
Tne p Foszsiiduiian 1nqndrsBaiagnuuuuadu (xy)
0 Husymvondutiug fuunu x

druresnsmuIumslnisnadlunwaunsayilalaeisnig Hough circle Afinannis

v ady

WuLReIiu Hough Line @evilalnansasne Accumulator array (A) U995ASARBINIIAN (1) WA

aa o

msnaanasilu A sesad r veagemnannglunmiiiidd (xY) lnesumiaifian vote gewes A fig

GﬂLLMH\‘iV]WU’NﬂﬁN'ﬁﬂ&J@QﬂaTA mmmmmﬂaumsm 9 %30 10 LLﬁS@jﬂﬂWUi%ﬂaﬁléfﬁl’lﬂﬂ’]Wﬁ 3-15

PINANNTEAUANTI (X-a)A2 + (Y-D)A2 = T2 (3-9)
Wio x-a+r.cosh,y-b+rcosh (3-10)
Y
\
y A x)
L
\x

M 3-15 aunsidunssuguuuuieda (Polar form)
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log L fio wwaduves 9as1eq aelusy

n A LAWY (Unit Vector) vaauuidu L fuansneds

=

P (xy) fia 9asi19q Neglunwiidu L

kS

Y
Y

AN 3-16 MINUUATUVBIRAFAN 9 YB91NaY [31]

4. Canny Edge Detection

Canny Edge Detector @513lae John F. Canny {Jumsldsanesiufifinanedunsumaey
YOI ULALE WYY Gaussian ilerTivaeunslaseiiuredd vilwlildveuresnmlunans 4 92
Fadunilduisafiuszansamdmsumamueureagunm Tasiuainld Gaussian Filter an noise
y9anm Amiildaziuas 91nul938n15 Sobel 11 Gradient Direction way Gradient Magnitude
ud23svn1suvsuiin (Non maximum) wasusiay pixel lufumeutly Gradient Direction u& 3
W3suwisuen Gradient Magnitude va pixel 1ndLAss i ewgauaenIN GLVRERRVIVER
threshold gsqauazsnga il ow pixel fiiduveu drog19a mduLvULaTHAS WS 7 leLans
Famil 3-17

AT 3-17 AIBEINTNAULUUBALAINN RIS N5wALT [30]

5. Histograms

Histograms 1unsmuanstoyand R G B w3ad1uau pixels luusazainuaingsing o w3e

yae3UNM digital Tunw gray scale unuupuLanIAINAINN FalAtus 0-255 (wiadu 256 seéiv
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AMULANAE) LAYNIINIIAIUVINLBALLAIAIUFINUIN AN W LNad17 dunugeveansu
LAANAIUEINNLDY NNALTNAARAT LAZATINANNTINLAAIFILUIMTNANAS AIULNULUIFILEAS
313U Pixels Tunsazanuaindeslidvauwnsnds mnaniianuinuin nsagluneaesiununig

sutne InenliivaulwninialandfanIng 3-18

s
=
>

YSuuend )

Ay

49

ml'
=

A1 (3TAUANNXINAT b I

il 3-18 n3l Histogram

Wefiarsannsa wnnisnszatsvesnsidunguuay 9 wansinmduduaind Low-
Contrast hagynnszangegsdinalonyians v wanadn Mududunind High-Contrast fannd
3-19

A A A
T —

Hgh coawant mag
p

P

AWl 3-19 AMwWaE Histogram Lﬁ'a@ms contrast [33]

Histogram $iUsglewtife Histogram a@u15auUsnNALEINANNLTNYRIN WL TurayANes
31nvenmeRsinIsranadeuls doyaain Histogram agdaelviisndeninunlunisaienmlaazu
Wedesinenmluiindanuainwesnmgamseniuinls lnen1denn15¥nwelaIvesnIn gaving

ansaiteyaunliuszneulunisuszananauazuiuusdaninla [32]
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3.3 M3l38udaeLA3ae (Machine Learning)

Machine Learning (ML) {lumslddayariilimenfinnesiianisiseuiediies di1991n

nsdeuldsunsuiall madiswlusunsulaemlvtulddeyauasivsunsuldadluluneuiiames win

¥ U s

arlinadng (Output) oenun us ML Wumsladeyawaznadnsidnly wiesldlusunsueanun Taedl

1% '
U 1 A

1199e T A.A.1950 TaetinAsuiilnoInIIsaounsuiilaos MlaunlINgod uaztlodmuin1nig
welulad ity ssuudwneeng 4 vesrenfimesiiiniu roufunodsadlouazansy
sULUUTRsAWeY Afudeuld uddsszandlugmsmamsaiamumsaiuazanansaudaymlsise
Aaee ML wuteenluaiuusziande 1) Supervised Learning Aan1siseuslnedl data unaeu 2)
Unsupervised Learning ﬁamiﬁﬂuﬁmlﬁﬁ data @ou wag 3) Reinforcement Learning ABNIS
FeUIMINAN NG oN ML diviangdinieiu Tuii i nanads Support Vector Machine (SVM),

Decision Tree, Random Forest Ly Haar feature-based cascade classifier
3.3.1 Support Vector Machine (SVM)

FunesAINMOUUTITU (Support Vector Machine: SVM) udanesiuldndnnisveanism

fudsrdnsvesaunisiieaiiuduniangudoya iWedinsgiuaziwundeya SYM fiuseanianlu

'
a

nsPwundeyandfifdwiuminls saufedinsldfeaidunesiua (Kemel Function) ulastoyaluds

iANa97u Adnwae (Feature Space) aunsaduwunteyalaegeliusednsain dreegdlunini
3-

Y

20 Wudayavuin 2 47 gniwuneandu 2 aana leud + (0) wazaana - (A) Tnefiidunsaus

v
17 g

BUAYN 2 AaNd

Maximum Margin (M)

Support vector

WA 3-20 F79E19YREUUTMUN SVM vudayavuin 2 TR [34]
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3.3.2 Decision Tree

Decision Tree (DT) A8 Machine Learning Model Classification 2% 47 14
“pamdnvesdulll” Safidrwiuduinnminls Adsauldavidenundu uanaziin overfit unRaeY
assfudumnduududesiuly fduuniazliuiug ¥ DT andeguuuuvessiulyd (TREE) Tnedl

< &

uavieuazlnuegn Flvuaneazdulnuasdiniy dulvungniaziivanineuinliuazlily dauans

Tund 3-21

‘ Decision Node ‘

Sub-Tree
Decision Node Decision Node
A =
v ] v v
Leaf Node Decision Node Leaf Node Leaf Node
Leaf Node Leaf Node

AT 3-21 WHURIYaY decission tree 1ag Decision Node 1Wulviuana waz Leaf Node +Ju

Tnuagn
3.3.3 Random Forest

\Ju model #isioyanu1an Decision Tree uil Model finnuBanguainnin iunisadis
model Tagld Decision Tree a1y 9 Model goe Ingdoyaiitiunasng Decision Tree udazgnld
ndUlU wéaduduunadna Decision Tree #alniidn wias Model axlé¥u Data Set luwioudu
mowviunefviueniy wirdamuinmanienisinag Decision Tree mnifun1sii classification
awdendaiifignlmennniign fauandlunmi 3-22 Fanisviauwuuidvinld Random Forest (u

FanosNuNuTawnI il
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3 Decsion Tree! Bagging
o

y Decision Tree Il —— Voting — Output

0 0 Decision Tree lll

Sampled data set Il

AT 3-22 %&AN5¥ Random Forest [36]
3.3.4 Haar Feature-Based Cascade Classifier

Haar feature-based cascade dassiﬁerlﬁgﬂﬁmﬁuuazﬁﬁumgﬁﬂ% Paul Viola tlay Micheal
Jones 11l 2001 Insedandnnis “Haar Wavelets” wiadnsnerfinwalunwdudivasulasisdy
AANTTYUTIINAMTIAU WAZAMTIUIN FaUSenMnaldn training data lagdInseswesngy

JURUU Aan Nl 3-23

Edge Features

T=@<S

T = ® e

Center Surround Features

AWl 3-23 JUKUUYD4 Haar-Like Feature

Tun1siFousiudnislénisdiaosguuuudae Adaboost kazn13TILA T UUNNGULUY
Cascade Classifier Ing Adaboost iuduneunisvesnsidoufiiomnguuesinigadlndidestu
amlugiugos (Sub-Window) du Cascade classifiers LumMsigiflesuunguiuiidesnisvans
50U urarsauazAndIuiLiu negative sonluaunitezldzuiideants msviuwes Cascade

Classifier W@AIRININA 3-24
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ALL Sub
Windows

Speed Limit
Sign

Reject Sub Windows

(Non - Speed Limit Sign)

AT 3-24 TuRBaUYN9IUYeY Cascade Classifier [37]

3.4 n3l38usi8eEn (Deep Learning)

awv a

niinanuudalude 1) nsasaduing viedeulvuuouy wuindins33ufld Deep
Learning uag CNN Tun1sasisluing 819 1159529908 1UNInUELal §98n1531A18%N1599199
vuauu Faster RCNN 155293 udyayralnasasineld deep learning 9100w Lagidlaann
anaenaunalsiu 1agld RCNN Inception V2 A9299U8 UNIMULN1991AA 91036 L0 Lagld

Resnet Ima”luﬁﬁﬂdnﬁa ResNet, LeNet5, RCNN wag Singleshot Multibox Detector (SSD)
3.4.1 ResNet

Resnet w5e Residual Network \uaa1¥nenssuiiwmuiduvaisd a.e. 2015 g
Tulaswany (Microsoft) wasynausasiusnluluauidede Deep Residual Learing for Image
Recognition filalgesiiasreteyalunis Classification #5293U Detection uay Localization 152
\ales AafiLiinidunves Resnet Ao Residual module fithunsiordu dauvesdunm (input) axgn
wUsBuunn (Patch) 1dn 9 Aeun1smsu wieuddaymi Diminishing Gradients &4 Resnet §ld3u
37978 ILSVRC 2015 fednsdeiinnainiosas 3.6 anUnfsesas 5-10 lae Residual Block WaAdImg

AN 3-25 karAl9819lATIES19U09 Resnet WaRIAINING 3-26
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T

Activation function

f(x) + x

Weight layer
}

[
[
I
|
[
Activation function I
[
I
[
I
|

}
Weight layer

AW 3-25 Tasead19wa4 Residual block [38]
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[ clobal Average Pool |

e hiagho |
$%00[q 1ONSeY X§ ———>]

I

-

I 3x3 Max Pooling I
t

| Batch Norm I

4
I 7x7 Conv |

AWE 3-26 TA59831989 Resnet-18 [38]
3.4.2 LeNeth

LeNet5 Lﬁm‘sﬁuﬁluﬂ 1998 1my Yann LeCun, Leon Bottou, Yosuha Bengio Wag Patrick
Haffner wieldlunsuenuoydnusyildoudeiiouavdoiniosreufiames Wulaseing CNN 7ifdy
Convolutional 2 % Average Pooling Layers 2 1 Flattening Convolutional Layer Two Fully-
Connected Layers uag Softmax Classifier lnsfinmaiiiudunadsasluiterdunisanvuinvos

Feature Map [39,40] 1538571983 LeNet5 uanssianIndi 3-27

3-36



Input
v
3x3 Conv, 6
.
2x2 Avg Pool, 6
v
5x5 Conv, 16
Y
2x2 Avg Pool, 16

AR 3-27 Taseadrevas LeNet5 [39]
3.4.3 Faster RCNN

Faster RCNN 1findulud) 2016 1w CNN @ifinsiauaduitvinlsinnssi Classification
anunsald Input Feature Advunalafils Jufedu Region Pooling (ROI Pooling) Tnelassadng
wafuaosdiu fe dautaueiud (RPN) wardIu39190e (Recognition) UnfaldIu Region
Proposals udhuiiitlymeevislunisduan & Faster RONN Sevhoenuitendtlaymid Sl

A11150YUlAEIT UM [41,42] LARISININT 3-28
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classifier

Rol pooling

proposals

Region Proposal Network4
feature maps

conv layers I

AWl 3-28 TAsead19vad Faster RCNN [41]
3.4.4  Singleshot Multibox Detector (SSD)

SSD #iaeaAu191n YOLO M99 uuiiugIuved End-to-End Convolutional Network &4
w1y Bounding Boxes Miivangvuia vilwaiuisavinguiunnidivuiaaiesiuannla vagiiviiuney
LA3RYITATATLUUE IS UNMTUTINg FvatudasUsennueding wavasiansusudeulimany

AuguTnesing LATevedisunsiuganurunudnyugratvegilauazdeadaiuie

9 9

[ YY)

IansivIngndvuee1e) [42,43] waRRININA 3-29

D

y . (|
y 7 — 4 z
y 7/ 1 g
(B aa SR | | S
I | | Z
< : | | 3
image | | g
! Convt3 | : Conve =
0 | LS
= | 38 | 1 1o <
[ i b :
300 /| 38, uy 19 Z
: _________ s12 ____},/ 1024 1024 =
Base network : VGGNet Auxiliary metwork

AT 3-29 Tasea¥avas SSD Base network(VGGNet) + Auxiliary network [42]

3-38



3.5  aunsainldlumside

Tunuddeans o Mdsadvauu ldiezdunmsivszinuainauy nsAnwianuduiius
FEIN MIAU UAZ AINILTI V83T NFTMUNANNOUY W3eBU 9 Sruuddasdigunsalndsznaunis

a o o

Joed u lnsuvadunisldaursninunazgUnsal Accelerometer M Usznaunisuen

TundasunisAnenuidelanad

9

Amirgaliyev uazaniy [44] lauan1sinsizideyanuninauulagly Accelerometer + GPS
Sensor 1agld Smartphone 119lilusa fin1suansmuunnasesal Accelerometer lagdinng
fivsannuiSvessafifduadeud saudddrmanuswes wnu X,Y,Z wdesei lunudseils
wlstszmaudu Smooth utadu 1) fufuSeu 2) 3oy wiveu uas 3) auuiiBsuudivaue
wardu q @aulsl smooth wdadu 1) dfuRafiliiZeu 2) auuainendlyd war 3) auuldainens
wadndalFuandliiiiuinuiiweseummusiinadeinaoin accelerometer LazAMAMYBIALL

ﬁNa@i@ﬂ'J’]ﬂJL%’NJENEJWUWW%US

Gueta kag Sato [45] laYinN153 T8N 8 wUNNURIOUY AreAudy tneldalnud veq
Vibration 11U 50Hz #a¥AURY8Y GPS WNAU 1 Hz. YiNA1SNadaumigdulsning d3un1sane
gunsaltufngUnsalliliunsisvesnudusausinn drugunsaldufinfiuneniunuvessa laglde

AILTIVY UNU Z Tpe@aflyinni Z faannduiuaul nS3uunauuuusiig o LanaInIng 3-30

IV RN 7/ —

(a) No anomalies (b) Potholes (c) Patches (d) Gaps

= ° :
AN 3-30 NIFILLUNOUULLUURNN ¢

Jerry uagany [46] lAnwimnuduiusszning nsdu uar mnusa vees egldsonones
lod aansusun 10 Alawns/Aalue gegai 80 Alawns/dalue Winduiias 10 Alawns/galus
NadauA1Y ADXL355 Accelerometer wag PIC1I6F877A d@1um1v9s Accelerometer Sensor

THANUL3909 AU X WAz Y Hadns7Ilauans Exponential Regression Migausula®edl R2 1Au 0.9
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Prapulla wazam [47] T8Tiaszvinmunimyesnuy fen1sdy ifeidenidunisiiiiuas
Uaoadefian uu APP uaz Website Inggunsalfnlifidnsslusssouansdsnini 3-31 daunis
\Weondegunsaiansdsnind 3-32 udnAvdeyalu SO card UsziiudszAns amvesauuaindn
\Jeawunnsgiu (SD) Tdmanmisa unu z i Accelerometer $asiffu Arduino Micro-Controller

HadnsTlAuandliiug1 61 SD g9 windu Ann mauw

_ Accaisromensss

ARDUINO UNO

AW 3-32 nsveuragunsal

Basavaraju wazAmz [48] ¥n1snadeu Feature 7il#ann Accelerometer 1 wAufu 3 wau
Taefin15insesiseansnmues Machine Learning 7ildlun1sdnnguuesauu wazdinnsuseiiiu
UszAnsamues Deep Neural Networks #ldluns Classify auu srudseiinnaousie iPhones Tne
insldsa 3 iq"u 3 Usslan Ao 1) Ford Focus sedan 2) Ford Focus hatchback wag 3) Subaru
Outback SUV d@ulusunsufiléfie Vibration Recorder wariinnstuiindalesas DJI Osmo T4anmis

3 LAWY Accelerometer HAAWSTLAAD KUY 3 kAUlANADDNULILAIN

3-40



Dey wazamg [49] lavinn153delngld MagTrack fifin1sld 3 Feature Selection Algorithm
Ao 1) Ranker algorithm 2) GreedyStepWise wag 3) BestFirst wonaniinsld 3 classification
algorithms @ Support Vector Machine (SVM), RandomForest ay RandomTree il
nageuUL Redmi note 5 TnaldAAanunseta 3 unuuy Accelerometer fauanslunmi 3-33

Hagnseanuinmuiugl 92% seuuiinanvinzaulunisinasaunsalhanasianing 3-34

ldling 80 Idling 60 Idling

i ANy i e o
—— Smooth Road —— Smooth Road "0\.44% —— Smooth Road
¥

80 Speed Hump 70 Speed Hump 50 Speed Hump
—— Uneven Road “‘\tw /"\,np"m 0] — Uneven Road —— Uneven Road
—— Pothole & ey —— Pothole —— Pothole

60 Rumble Strip 50 Rumble Strip Rumble Strip

: ST e

el ”"ﬂuww : ..fmm
1 Rl

30

Acceleration (g)
Acceleration (g)
5
8
Acceleration (g)

700 750 800 850 900 950 1000 1050 700 750 800 850 900 950 1000 1050 700 750 8 850
Accelerometer X-axis value Accelerometer Y-axis value Accelerometer Z-axis value

(a) (b) (©

2NN 3-33 N5 NULEAIAIUBY Accelerometer URLAUANY 9)

AN 3-34 STUUNNATIRUNSENVBINTANNLASIIUNINUL

Mednis wazaz [50] laldauisvlnuszuy Android @5ufe Samsung i5700, Samsung
Galaxy S, HTC Desire, HTC HD2 n53a3unguuuu real time lngldsa 4 davnaeu wu sasuds
Hlauans sog sava naasuuuwny z wavld 4 danesnulun1snsiaduvqu Ae Z-THRESH, Z-DIFF,

STDEV(Z) way G-ZERO nadwsiilaiiAn Positive Rate iy 90% HadnwaLanIfinis1adl 3-3
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A15797 3-3 HAAWSNLIAIINNITNARDS

Class Z-THRESH Z-DIFF STDEV(Z) || G-ZERO
Large potholes 3 (100%) 3 (100%) 3 (100%) 3 (100%)
Small potholes 15 (83%) 16 (89%) 16 (89%) 14 (78%)
Pothole clusters 25 (83%) 27 (90%) 27 (90%) 27 (90%)

Gaps 31 (78%) 36 (90%) 30 (75%) 27 (68%)

Drain pits 10 (59%) 17 (100%) 11 (65%) 8 (47%)

Total 84 (78%) 99 (92%) 87 (81%) 79 (73%)

Lanjewar wagAmy [51] 3tasizsintudaonds (N1591) U990UUIINAIULE V0950
\iedhuemnuazmnsenIsvioniies Ad1e 9 Google Map sifauansiunislagiuveld lagld
dunsvlily wagvhauieusausanss il 3-35 lunuiiinsiSeuiteudaneiiuie Z THRESH,
Z-DIFF, G-ZERO, STDEV (Z) wazaewdusivas VIMS, IRl nadnsillauandliiiuinanuisedd

Useansnnlunisnsiasu

[Ny —r N3 3

Phone Axes Vehicle Axes Direction of Motion

AWA 3-35 AANINISTNNUUUENSNINY 21UnI%RUe waznisiadoulnn

Mednis [52] Anwnsduiinteya wazdSn1sussaianaiionsiadudanie angunsaii
Aafavuerunnue negunsainisnsuiiames wasausvivu lnoudsussiamiuiondu 5 via Ao
WaNUBVLAMEY - Big potholes, wauusuuiaLén - Small potholes, Ue - Pothole, nauilegidu

nay Clusters, 994319 Gaps wag30eMIN155¥UIU1 Drain pits lagyinn1sAinwauisee

1. NMSRTATUNURIUURTAUEseandes Ineldlulasiuuumauimasnang Ja1s

19 Global Navigation Satellite System (GNSS) I‘umilﬁu%’aga wazldien T 15% - 90%
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Haanslade 80% Wurauinszaniungu (Clusten dwvewasin Juldasn 60% wae

JeanimssyungUn gegn 40%

2. as39vuiuRauulaely Accelerometers Uuaus g Android walusewliunalagly

Sanesfiudsfe Z-THRESH, Z-DIFF, STDEV(Z) way G-ZERO Wadwsileanssiannsnei

34 Tnganansansiadulaasgn 92% medanesiiu Z-DIFF

AN5197 3-4 HAAWSNEAAINNITATIDIUNURAAFUISNINY

Road surface damage class Z-THRESH Z-DIFF

STDEV(Z) G-ZERO

Big potholes 3 (100%)
Small potholes 15 (83%)
Pothole clusters 25 (83%)
Gaps 31 (78%)
Drain pits 10 (59%)
Altogether 84 (78%)

3 (100%) 3 (100%)
16 (89%) 16 (89%)
27 (90%) 27 (90%)
36 (90%) 30 (75%)
17 (100%) 11 (65%)
99 (92%) 87 (81%)

3 (100%
14 (78%
27 (90%
27 (68%
8 (47%)
79 (73%)

N N N N

3. ATRTUN uiauua 8 Unsalil4da (Embedded device) Ingld Microphone way

Accelerometers waRalaRININg 3-36 FeUsenaune Wireless Sensor Network Node

Tmote Mini, Inertial Measurement Unit (IMU) Analog Combo Board, sensors SHT15

and TEMT6000, Voltage Regulators and SD Memory Card Iagluninians Wi-Fi (B),
Bluetooth (C), Microphone (D) Wz GNSS (E) Add-on Modules
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Al 3-36 gunsalitldiuu Embedded device

YONINTANNTUS U EUNTEUIUNSTVNINUA LARSHAINSIARIn15197 3-5
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A15197 3-5 NsUSeUiBUNSTUIUNI SN LY

Data  Application for
Sensor Processmg  road surface

Methodology Hardware platform Used sensor  placement location  monitoring
BikeNet sensor node” + smartphoncb microphone external remote -
SoundSense  smartphone® microphone internal locally -

BusNet sensor node? accelerometer external remote  +

Pothole Patrol embedded computer® accelerometer external  locally +

Nericell smartphone” accelerometer external  locally +

NTU smartphone? accelerometer internal loc.+rem. +

RoadMic PC/special sensor node microphone internal locally +

Potroid smartphoneh/sp. sensor node accelerometer internal locally +

“Tmote Invent *Nokia N80 ¢Apple iPhone %Crossbow MICAz ©Soekris 4801 / with Windows Mobile OS 9HTC Diamond
" with Android OS

nsnumWIssaUNssuinanudduaseasllunnsed 3-6
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A15199 3-6 NISNUNIUITIAUNTTUNNEAIUNT9AU

Value of
Research Title Author (Year) Detail Accelerometer Hardware Result
sensor
AATIEVTOYAAMANAUY
Iagly Accelerometer +
GPS sensor smartphone
Nnebilusaunananing
LANANNVBIAN
accelerometer lagiinig B
- o 4 ANULIIVOIYTUNNUY
WANTUIAIULIIVRITON oL
oo A 4 . , HUHAABLINADSA
Road Condition Analysis NNAAARDUN ldA1A1uLS 9u89 | Accelerometer
Amirgaliye, B.Y., et . o accelerometer
Using 3-axis Accelerometer ( ) LUsUsELANaUUL U AW X,Y,Z U1 |+ GPS sensor
al (2016 . o
And GPS Sensors [44] smooth waz l smooth | ALAs14 UU U900 - .
X om e AUATNVDINUULNARD
smooth i WUNILTYUDYY -
ANULIIVDIYTUNNUY

auyIallUY, IS8 uineny
d‘ a = 1
auuSeuuslivau Us
a
UaZdU 9
13l smooth & WuRNll
S, DULANNENSkIA way

auuldannens)
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Value of

Research Title Author (Year) Detail Accelerometer Hardware Result
sensor
TWUNNURINUY P8R
du
ANDUDY vibration = IS RGP R FUERLTLK
Classifying Road Surface Y 2o
Gueta, L. B., and 50Hz AU Z IneRan Ly
Conditions . z . & | smartphone 86.15%
Sato, A. (2017) ANURAYDY GPS = 1 Hz. WU Z FeaInAuiu
Using Vibration Signals [45] - . .
Angunsallililunzidaves | ouu
AUTUTAUTINA du
guUNIalBuARTILNIAIUAY
Anw1ANUALRUSIZIIN
Estimating Vehicle Speed N158U Wag AN5I90950 HAANSLLARS
from Road Surface Tisonamaslad o . A DXL 355 | exponential
Jerry, L. A, et al. Lo IS RGP RPIEREEE I
Vibration Using AULSATUN 10 Alatuns/ accelerometer | regression Nigousula
(2013) AU X, Y

Exponential Regression

[46]

Fl39 gegain 80
AlALAS/ TS LN
ay 10

+ PIC16F877TA

F93l R2 1AY
0.9

Road Quality Analysis and
Mapping for
Faster and Safer Travel

(47]

Prapulla, S. B, et
al. (2017)

TATILVAUANVDIAUY
1Y 1Y) A A
MBS Lalaen

Eunaiisiasvanany

Ta'a 1A uLs9

AU Z

Acceleration
sensor +
arduino micro-

controller

01 SD 84 = AN

AUURT

347




Value of
Research Title Author (Year) Detail Accelerometer Hardware Result

sensor

ign UU APP Uay
Website

- gUnsalAalinrngeluse
50
I3 1%

- ivteyalu SD card

- UsgluUSEANS AN
AUUINANTLLUY

11M551U (SD)

- yA@aau feature Nkaan 1
LAUNU 3 LAY

- insesziUsEanS W

A Machine Learning Y machinelearningﬁ

. o .| iPhone 6 N
Approach to Road Surface | Basavaraju, A., et Tdlumsdangueesoun | la' A 1A31013 wuv 3 unulvinaeanu
Anomaly Assessment using | al. (2019) wag An1sUTELY wnu X,Y,Z WaiuAI"
Smartphone Sensors [48] UsganSnnvas deep

neural networks Akl
19 classify auu

- HW- iPhone6
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Research Title

Author (Year)

Detail

Value of
Accelerometer

sensor

Hardware

Result

- T4fsa 3 Ju 3 Uszian Aie

Ford Focus sedan, Ford
Focus hatchback ey
Subaru Outback SUV
SW- Vibration
Recorder,DJI Osmo 4

U = ad
JuUNNIALe

MagTrack: Detecting Road
Surface Condition using
Smartphone Sensors and

Machine Learning [49]

Dey, M. R, et al.
(2019)

MagTrack Faginsld 3
feature selection
algorithm A® Ranker
algorithm,
GreedyStepWise Way
BestFirst
wenanifinasly 3
classification algorithms
A9 Support Vector
Machine (SVM),
RandomForest gy

RandomTree

Ta'a 1A uLs9

AU X,Y,Z

Redmi note 5

92%
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Value of

Research Title Author (Year) Detail Accelerometer Hardware Result
sensor
HW -- Redmi note 5
Tefannsnlnluszuy
Android AT333UNQNLUY
real time Tdansnlau 4
Real Time Pothole 1450 4 dovnaeu Wy 50 U fiB Samsung
Detection using Android | Mednis,D., et al. Sudulagans sag sava i5700, Samsung N
WAy Z Positive rate = 90%
Smartphones with |(2011) Galaxy S,
Accelerometers [50] 19 4 dane3Aulunis HTC Desire,
MTIITUNAY FD Z- HTC HD2
THRESH, Z-DIFF,
STDEV(Z) wag G-ZERO
ApTzvinuUasasiy
Survey of Road Bump and (NNFBU) VINUUINA
Intensity Detection ANIEITRITA LlosuIe
Khedkar, J., et al.
algorithms using AMUATAINADAT wnu X,Y,Z AUNSNINY JUszansnmunn

Smartphone Sensors

(51]

(2015)

94187 AaNY 9 Google
Map SIUDIULAAIFILNALA

Uagtuveuld
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Research Title

Author (Year)

Detail

Value of
Accelerometer

sensor

Hardware

Result

Implementation of
Participatory Sensing
Approach in Mobile
Vehicle Based Sensor

Networks [52]

MEDNIS (2013)

Anwinsduninteya uag
FBnsUszanauiie
A519TUAW 97N
gUnsaififaseuy
BIUNIAUY ﬁgaaqﬂﬂszﬁw
ADUIILADT LazaNNIv
Tolu TneuvsUssannituia
Ju 5 ¥iin Ao wiquue
wu1e g - Big potholes,
WaUUBIUINLAN - Small
potholes, Us - Pothole
wquﬁagﬂﬂumjm Clusters,
¥99319 Gaps and 84l

N193¥U18U1 Drain pits

TngyinnsAnwaulIsae
A15ATIIUNURIDUUNL]
AMULEYIMBANNLAYS 18

Talalastnuuumounnes

89 1 80% 1Uungui
[~4 1
nIzgnLiungu
(Cluster) @uv99%8931
Juldasan 60% way
$99NLNISTTUIEUN

g9dn 40%

399 2 @1150915793U
ogegn 92% me

9anes7y Z-DIFF
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Research Title

Author (Year)

Detail

Value of
Accelerometer

sensor

Hardware

Result

w1 1n517 Global
Navigation Satellite
System (GNSSJlun1siiu
Yoya wazlden T 9 15% -
90%
araduiuioulngld
accelerometers Uu
du15snlny Android a0
Uszillunalaglidana3i
AwAe Z-THRESH, Z-
DIFF, STDEV(Z) wag G-
ZERO
aseduUuRIauue
gunsaliled (Embedded
device) lng/lef
microphone ey

accelerometers
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NI 4 ATWIINNTTDBNUUUTTUUFINFDIAMNINRIAIIA5LAY Machine Learning 72

JaUAAN Sensor TUITUNINUZNIUIATIUY loT

Y

ssuudendesnmaiuinTTaslae Machine Leaming #edayann Sensor Tustuminugkiu
1A599 19 10T (Road Surface Quality Monitoring System Powered by Machine Learning with Data
from Sensors Transmitted via loT Network) Luia3 esflofivelimingaudiifsadesansoiluld
drniiuinuulfeswihdanndu Tneysnafiuussansmmuazanduyuiiomansuaznaudslunis
dsaafiuinuy Tngldinalulad gy ussiuglumsysannistegannduiudoyanatsy Yssion uas

wa1e9 Aanflsaan liihawiudeyasiuiusaraiiuasuauwivi iiiusasduelalaednludf

'
a

wisliladayanidlosiuiunaifinuninuwazyseaninngsnenunuinias snvadnauedeyatiedfu

Y

ANNRI951957 LA lede

W83991NN1509NkUUsEUL Tonannswauguinnssy dajadunsldaunnaulangaswes
Al wagnsidediveuunsindensinladsnsufURnuvemienuiieites AsiunTeankuy

szuu Fallemadsunladls ielineulanddldnuuazundaymegiuviaie

1
v A

a Auibatagliu MseoniuusEULl 2 TUA

1. MIBRNKUUNISYINNLYBY Production System S¥UUABAADIRMNNINULRIATIAT
2. m3a51e Classifier Model #adupsrusenaunilanaa Product System

4.1 A1399NLUUNIININUVBY Production System

Production System AafsyuuaBAHBIAMANANLRIII195IAY Machine Learning medayainn
Sensor Tugnunuza1ulasine loT Fadunadnivedlasinissive Wussuuiniienuiiieddo

P lUlgdsranuRawula

[

5¥UU Production System wa@ngnan1nd 4-1 dnsvireuuvadu 5 aszuiuns aail

—_

Trigger msmifiadeyavingunsalifudeyaneguueuniue

N

Ingest Msudayaingunasvlosusiuriudeyanulassieivsauuny
3. Enrich msihuseneuteyasuny

4. Analyze MTIATIFNALATUTEIIAKA
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5. Present NMIUILEAUDTIEUVDINANITATINIUAURAUNAUDIOUY

Production system

Trigger Ingest Enrich Analyze Present
@ Q Data Warehouse
Basemap G
Small Payload
== Sensor Das A
e i Database
Data Lake / BigQuery
Cloud Data
vess O
Large Payload T = = fee
mage data = =
Roads API - -
Street Condition Cloud Endpoints =
@ Classifier
Machine Learning

AN 4-1 NSZUIUNI5TIN9UVBY Production System
= o 1 < v dy
FINTININIUVDILAAENITUAUNT L‘U‘LJ@QG]EJbL‘Uu

4.1.1  mstiadeyanaunsaliudeyaiioguusmunivug

= 1

aunsalifudaya vnsinAun w9195 Tuvaeioumvugindundeuiiog uuauuluiiug

Y

[

Anw Tnglddayardnusenounig MNIUEINULAINNABIENEA AWM wagANTnlaInyagUnsal

¥ ¥
o ¥ U

Faen (sensor) Uit Useudanalu luwansseudiduniodng waslanaoeniluadidinauniniuin

93195 WOUYY F18UANUEEIY WA kaznnarerangulunsaiinuAuaUnfnTandeIe

YDINURIITIAT

aadUsrnovesgUnIsalinuteya Usenoumendadaienmauuaiuvi aunsalduiiin GPS &
FeutayalugUuuy GeolSON gunsalinusiduasifioundoudirninisimdeuil uavgunsalinudeya

U NALLITINAARIANYILING optimize N13 train model
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4.2.1 Data Collection
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4.2.2 Data Preparation
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4.2.3  Model Training
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4.2.5 Deployment
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Smooth Street Recorder
A mobile application for road condition survey
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Smooth Street Recorder
A mobile application for road condition survey
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v a o 1

feueundinduiifmuniul dnideanmnsolilumafudoyafosimesauuduiiauladiom
foyadaloluldnulumsimudisuuniitonsiaduanuiaunivesiauuuuusing 9 uazideyaain
FuazioulUahadudeiifansainaunmiasUssaunisainisldoun mavsaunsmideyasmuns
waztdummsdnivdeyaluairafuasaumadanuiifiouszneunsidelddndie amsammsieu

vosoUnandudmsuiiudeya “Smooth Street Recorder” Wandfanni 6-1

Smooth Street Recorder
A mobile application for road condition survey

Detect smoothness of the road
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]

I
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1
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I

I
1

I
! !
| |
! I
I

I
I

I
! I
]

I

3-axis accelerometer

)

Camera

Smooth Street

GPS Sensor
Recorder Record the condition of the road
App

Track location of the survey vehicle

v LB IR S o

Smartphone

w
—

Researcher

AM# 6-1 aMmsamsTinuasLeunantudmsuiiudaya “Smooth Street Recorder”

6.3.1  @anUnunITUVDITEUU

' '
a td =

ANTINN TV UNFATUS uAUAINNSTR LT U un1sTuiindoya nUuaIuNg

= v

197U Session Management Module PNURYAIN Accelerometer Sensor %Jaﬂm'%aﬂuv!ﬂ 9 13U
Wi ot luas1adu Accelerometer Logs 15 a1 9a ndun15iUa sukUassunisvaaasaslaeld GPS

Sensor @yhlaveyaluguiuy Geolocation Logs lngiin13AsAInN1snsiaduanuasuniaswes GPS

v A

Sensor TusgAuviaziBanigaving GPS Sensor ¥04LA3099235835UlA
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& 93101 U Session Management Module 9¢57U594% 83 @ Accelerometer Logs ua
Geolocation Logs isieiunazasndayaiinerdesiunistufinluusazassliun siauszdnaiaaiu
Toya LIasNsL LandugansTuiin Wk Jeyarsuniina1nazgnausinsasdaiuluguuuy JSON

Induauiinasluiuiiudeyatinsvesweundndu (Cache Storage)

TuvuzlAgiu Video Recording Module Aagyinistuiinimleaninauuiazdanulnainlely

o4 & 2 v ) & A da v o a o a ¢

JULUU Mpeg-4 Wipduanmsinudayaluudazasingluiuiliivdeayatinsnveueundnduasiinlg
av v 2w a . fa a 1Y)

wimmmimwa;ﬂaaawszmma Session W@ LANINANITIINAUVBY Accelerometer Logs wae

s o =

Geolocation Logs wagiflelnaivuinanimauu

waannduneull Weglddesnstuiindeyasiegniivldludwnannesunusiusudeya du
1511914 Cloud Data Synchronization Module A9gvinuin7idedaya Session nduazIalaluds
wnannasuusIusmdeyalaeniudesinisdlinandeyaiiunannesuiiusiusiudoyalanieuld

an1UngnITUYeITEUULaYNTTBNARTULNAA N TUTIUTINTOLALAAIFININT 6-2

Smooth Street Recorder
A mobile application for road condition survey

Smooth Street Recorder App

1
i Session
Device's 1
-Accelerometer Logs:‘/—P Ma;i%euvlneent

L \L0%°
eo\oca\\°“ Create Session Files (JSON)

1
1

1 i

Device's 1 )
GPS Sensor 1 Device's

1 Cache Storage Det e
| .

1

1

1

1

! | ioad Data Data Platform

Cloud Data
Synchronization
Module

Encoded Video Files (Mp4)

—

Device's Video Recorder
Camera [~Recorded Video Frames—7—> Module

\
= /,

A 6-2 aadnenssuvasszuuuaznsiausiafiuinannasusIusIntaya
63.2 \assaieteya

msiiudeyamegdluusasasa Jeyaszgniuiinludmunsalifudeyaluguwuu JSON (JavaScript

Object Notation) B4ilATIAT19VRLUAUARITININT 6-3 LATUAAIGIIANTIN 6-1 DIM1I19T 6-4
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®
{

"session": {
"id": "1602579358",
"platform”: "android",
"deviceid": "el2cfca8",
"timeStart 20-09-17T09:47:07.943Z2",
"timeStop": "2020-09-17T09:50:04.392Z",
"locations™: [
{
"latitude":
"longitude”:
"altitude":
"horizontalAccuracy":
"verticalAccuracy":
"speed": 0,
"direction": 0,
"timestamp": "2020-09-17T09:47:07.943Z2"

"latitude":
"longitude":

"altitude":

"horizontalAccuracy":
"verticalAccuracy":

"speed": -
"direction": - -
"timestamp": "2020-09-17T09:47:11.187Z2"

"accelerations":

ENCP
w,m.

y=:
e
"timestamp”:

De

o/

a o ' v a < v o i 1 =1 ° o a
AINN 6-3 AIBYNYBUAN LﬂU‘lﬂﬁ)'mmI‘lJiLLﬂi&I‘VIQnwmuwummmﬂﬂﬁmi?f\lEJu

A13197 6-1 dayanwsauvasnisinudoya (Metadata)

id saUseannsUuin
platform Uszinmaunsalduiinteya
deviceld siaUszdngunsalduiinteya
timeStart naENFuMsudin
timeStop nanduganistudin




M19199 6-2 Tayan1sianuAumrtsvasaunsaliuiindaya (Geolocation Tracking)

latitude azFign
longitude 289N
altitude FEAUADNLEN
<
speed AULID

horizontalAccuracy | Auusiugluwnuueu

verticalAccuracy

AMULUUET LN UAS

direction

AN

timestamp

LIANNNSUUTIN

M13197 6-3 ToYANIFULLDINTIVIUAMUTIUUUEINUAY (Accelerometer Data)

ANSLUABULUAIANULTIUULNY X

X

Y N5UABULUAIAIALTIUUY Y

z MsiAsuLUaIA MUY Z

timestamp LIAINSUUNAN
A5197l 6-4 Fayatuiindnleanmauuaingunsalaunimlviu

Usztanlvia (File Type) MPEG-4
ANUNINVBUNTY (Frame Width) 1920 30
AUFIVBUNTY (Frame Height) 1080 3
UazdenvouNsH (Bit rate) 17000 kbps
gn31LW5U (Frame Rate) 29.8 WsUABIUN
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633  magenseiuwnantesudmsuiuniumudoya

mMsdeusefuunanlesufiusiusudeya (Data Platform) agsiminuumsgiu HTTP/REST APIs
Ingiinmsdaoyanan 2 du fg
1. doyanmidledildarnnistuiin dogadull asgndnutadulidsundnioiiia
UsgAvsnmiazaruazaantunmssulvanlidnardludunanesuivisndoya
Tagiiniduanunsadsaanuenvesinledideanslinoundiadu vnisdiauuslng
fregn Ly dnidbanunsonsamuinvedlildlia 5 wiiidelioundindushnnsdudin
Flousndulddes o lnsusazeaziniue 5 uii
2. doyadu 4 ldun deyaiiliedute maiudeya Teyaswazidunvesifle wazdoyailld
Nnisumesinanuduaziiion axgniaiulusuuuy JSON

(%
Y |

woundadu azvihnsinudeyaiidufinsaesdiuliluiundaiuuesgunsalnou Weduganis

uteyaluusazadidnideannsaaulididlen duiinlduwazidenyadoyaiiaulaiiodUlnanluds

wnannesuAuTIUTIdeyanely

6.4 WANITWRAIUN
6.4.1 NSANAILALITIIU

nais s wfudeyaaiunsarldlasfad awoundindudmsuifudoya “Smooth Street
Recorder” lugsamnsnliuiinioudmivnafuteya defuneudannsalfindousunsiadauey
naLATuLaunIoEaly danFndaueundindundragdenirann fulrudmiufudoyaluinlinglu
fhsailddnlasldgunsaindnauivinuiunsyansandedniu 4 Wuieafunisfndendestuiin
wgnsvthsneus WefndaudainddbanunsnFudufindeyaldlasnisnatu Start Recording 21wt
usnvasuaUnAiaty ndsnniuneUndinduaginisdsugiuuunisuansaidunuiusundoniada
msldundosuazuansnmmihlifuguumesniniivsgniuiin luvaeiduuuremidhnedazuans

= v I a LY

Toyasreziiaituiinteya Afidnlagturesgunialdnsnd wagAIANUANUSIIRENNLAY (X, Y, 2) A1

9
(2

Accelerometer aduannsUuiindeyalvdveyawazseazideniiliainnstuiinusiazasazuansly
Wy Sessions MeluyinIdeaunsansivaeutaya GounIatefllaannstuin wazaiunsaiden

dulnanlndnstuiinfiaulalufivdunanvesuinudeyavedasinsideilld
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tn3deanunsafngs Smooth Street Recorder dumiloufuneundiadu wounsessialy wdsan
duannsminedosannsulnuililunaivteyalufndaisnfutoyalusumeniefufundosfinsneus
iiel¥ndosesaunivinuansaussfiudanmauusazsuiinnmlgodstoiau Tnonisinmeansnlviu
hussatuansoldgunsailuiifinemhedusdisBaaunsvlvutumumidsiidonisielnd

nsduasLiieutaean

dledsnaiFunisdise dnifelaueunaiadu Smooth Street Recorder agnufiuntivoiand
swazidavesgUnsalifiudeyauazudmiunisSuduiindeya (Start Recording) loiFutiuiindeya
wouwAladu washnmsadumiheeluuuewiletuiinnwilelusnsdiu 16:9 uazuansvthaonmm
Thiiuanndosiidsduiin duvuvesmiineiiasdinsveniaiituiindeya Aanuduasitoua
LnuINITUes wazAdfloalaintuvesdiwnitlagty wasiivinitevganstuiindeya Wetufinteya

@saudaneundedy azuansoyanistuiinaswing 9 laesessdduanaaitaigaludinstufinnaunti

(% v =

luduidnideanunsadnlugnmdalenladuiinliluaseing q waganunsaifendUlnanlndinle

Aean1stdfiudawnannasusivsudeyalaainuiived lnedeuuzihfeasdulnandoyaluvnei
f < v o [ e — A <3 [ ¥ Y 1 av v o di*’ A

gunsalinudeyausseiu WiFi liteausilunsdulnandeya e anlusunsuilaimuiduaniive

Mg5usuteyalulasenis wansianini 6-4
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Smooth Street Recorder
A mobile application for road condition survey

Smooth Street Project

Road Data Collection Tool

START RECORDING

Mount device to front-view of the survey vehicle

Smooth Street.

Smooth Street Recorder App

Home screen Session upload screen

Recording Duration Accelerometer Data Current Location

© stopsession

Recording screen

Camera Preview

2NN 6-4 ARE19NIUsHNSUNLARAIUNBuNWa ldsauTudayalulasenig
6.5 WANINAFIU

6.5.1 aunsaldmsunaasunisideu

[
[y

Tulassmsideildfimseaeuneundindudmiufuteyatvamivliu 3 Ju 3 Bveilonaasy
mMehausaznUIsuisununwyestidldannistuiin leun
gUnsalil 1 Xiaomi Mi Note 10 Lite
1. doyadia3es Xiaomi Mi Note 10 Lite

s 12

o sl (nsdnviiedendaussuuufufinis Android Version 11)

® 99uanINa Curved AMOLED 24-bit (16 81ud) 9auanina HDR 10 muaziden

1080 x 2340 finwwa (398 ppi) 119 6.47 i (wwamued)
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® Jauanmaiizdmiunaeanti (Punch-Hole Display)

2. SEUUSUEDS (Sensor)

o szuvaunuaeiiileldntnae (Fingerprint Under Display)
® 53UUINILUNTA (Face Detection)
® SzuUMUNINERIuR (Accelerometer)
®  {TITULAIUSUAMNEIERIULR (Ambient light)
o aydurruedeulmvasiaies (Accelerometer)
o szuulUn/AUnninvednlusiRvagaunun (Proximity)
® STUULLLEIUYUNIN (Gyroscope)
e UFuyuueIshananadnlud@ (Orientation)
3. YoyalATevng (Network)
® (GSM 850/900/1800/1900 MHz
® UMTS 850/900/1900/2100 MHz

® | TEBands 1/2/3/4/5/7/8/ 20/ 28/ 34/ 40

4. welulagnmssu/delaya

® 3G

® 4G
5. szuuUusan1s: MIUI 11 based on Android 10
6. MiwUsyanana (CPU): Qualcomm Snapdragon 730G Octa Core A113l57: 2.2 GHz
7. wgUszananans ing (GPU): Adreno 618

8. WUILAIININ
® RAM 8GB
® ROM 128GB

® UFS21
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9. FYUUWBUAD

®  NIMAMUNUN: Assisted GPS

® \WiFi 802.11 a/b/g/n/ac

® ANTLIY ”zyﬁgmﬁuma%lﬁmwuvvﬂww (Portable Wi-Fi Hotspot)
o Jousielimusyninsgunsailagnsa (Wi-Fi Direct)

® Bluetooth 5.0

® Type-C USB 2.0

v v

10. HeanTusiafiie

® navIAdnea 64MP + 8MP (Ultrawide) + 5SMP (Depth) + 2MP (Macro) (Quad

Camera) §ULENYWIA f/1.89 YIUINNNEIHA 4624 x 2134 fnwwa (Image Size)
® Laser Auto Focus

o Ausluntnonlullf (Face Detection)

Y

o Sufindile amadeulm (Video Recording) szsu HD, 30/60 isunedunil way

AMIALETEAU 4K, 30 tNSUABIUT

ie

égtlnmfﬁ' 2 Samsung Galaxy A71
11. YeyadilaTes

A v

o sl (nsdniliefendoussuuufuisnis Android version 10)

® 9BUAAINA Super AMOLED 24-bit (16 au#) dsuannalisdwiunaasmin (Punch-
Hole Display)

o ngUnsal ni19 6.7 B9 (Wuamuss) wimernuazBen 1080 x 2400 finlea (393
ppPi)

12. SEUUsuas (Sensor)

® SzUUATINEBUAIHENe (Fingerprint)
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13.

14.

15.

16.

17.

18.

SEUUMUNNERIUTR (Accelerometer)
R52IULEIUSTUALEINERLULR (Ambient light)
avndunedeulmuasiiaies (Accelerometer)
szuulla/Anvinvesnludfvazaunun (Proximity)

JEUUURTNLUAIN (Gyroscope)

Jayaeierne (Network)

GSM 850/900/1800/1900 MHz

UMTS 850/900/1900/2100 MHz

LTE Bands 3/ 40

walulagnissu/dedoya

2G: EDGE/GPRS

3G

4G

52UUUURNNS: One Ul 2 based on Android 10

meUszaana: Qualcomm Snapdragon 730 Octa Core ANAST : 2.2 GHz

PUIWAINUIN

RAM 8GB

ROM 128GB

YUV UMD

NIIMIFILNU: Assisted GPS

WiFi 802.11 a/b/g/n/ac
\Fowsiolfaeoszinsgunsallnenss (Wi-Fi Direct)
Bluetooth 5.0

5895U NFC (Near Field Communication)
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v Aa

19. HandusTafife

® NAIAINEA 64MP + 12MP (Ultrawide) + 5MP dedicated macro camera + 5MP

depth sensor (Quad Camera) §3ULESYWIN f/1.8

Y

o {Juiinifle nmadeulin (Video Recording) Tuiininlesesu HD wag 4K

gunsali] 3 REDMI NOTE 95
20. Heyaedos
o iy (Insdnillefonsouszuulfufnis Android version 10)

®  auEAINEA IPS-LCD 24-bit (16 a1ud) 98wanINa HDR 10 Auazwden 1080 x 2400

WnLa (395 ppi)

e uUnsal N33 6.67 W3 (WuMLY)

21. SEUUUas (Sensor)

o szuuaTvEeUAEiiile (Fingerprint)

® SzuUMUNINERluR (Accelerometer)

o asumnuadeulmvesiaiaies (Accelerometer)
o szuulUn/AUnninvednlusiRvazaunun (Proximity)

® SEUULULLEITMIUNIN (Gyroscope)

22. Yeyain3erne (Network)

® (GSM 850/900/1800/1900 MHz
® WCDMA 6/19/5/8/4/2/1

® | TE Bands 1/ 3/ 5/ 8/ 18/ 19/ 20/ 26/ 28/ 38/ 40/ 41

23. alulagnsiv/dadeya

® 3G

® 4G
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24. suudf)UAn1s: MIUI 11 based on Android 10.0
25. viagUszanana: Qualcomm Snapdragon 720G Octa Core AME 1 2.3 GHz
26. wihpUszananansing (GPU) : Adreno 618

27. VIIEAINNAN

® RAM 6GB
® ROM 128GB

® URS21

28. SYUUWBUAD

®  NIMEUNUN: Assisted GPS
® \WiFi 802.11 a/b/g/n/ac
® ANTLIY ”zy;gm%umaﬂﬁmwuwmww (Portable Wi-Fi Hotspot)
o Jousielimusyninsgunsailagnsa (Wi-Fi Direct)
® Bluetooth 5.0
29. Wandudaniife
® NavIAINA 48MP + 8MP (Ultrawide Angle) + 5MP (Macro) + 2MP (Depth sensor)

(Quad Camera) §3UuevWIA £/1.8

o {(uiininle niadeulm (Video Recording) Uuiiniflesgau HD wag 4K

652 wamsveaaukwasNansiiudeyafiedn

[
av A

lasens3deillainisiueundndu Smooth Street Recorder Tldlunsinudeyalumaneiug

L [ v [

lown fundamingiin ngammamiuas wagdwdalndifedaeinsAndendunisnsiivdeyaiinuaiy

Y 9

dvawﬁ[’y

AUNAY8IHI351950TARAN 9 wazuSaee 9 AUnIdulvanuaula uwaglddUnandeyananaidluds

wnannesuAuTIUTITeYa T 186 Wdunsdaluiufidniuinuu 161.2 GB

Pnmsnaaedldeuieundindudniuiiudeyalunisiivfeyaanimauuluiuising q Tudamin

QinuaznavmumuasnuiweUndduansaldiiudeyalanuingUszasd augidonazgiieidela
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eulymuaziideauenuzlunsuiulwuesundnduivioyamisliteundinduiiuss@nsamnsly

1% (%
o

Nuuazlilszaumsainsidauiuglonfvudad

1. I@ddalentudinladivualugiiuly vilraunsunistuiinuazniseUnanluds
I I3 ¥ v
wnanWesuutoyaldiaiuiu
2. Wdesnstuiindeswazinudeya
3. feamstuiintevesduniafiivdoya

4. faanisarussaieldlunisiuasuntas URL dmsuniseulvanlddaunannasusiu

e

4@
o [y <

nUssnudinanaugIdednihnsiauiwazyiulseundndudmiunuleya

¥
= U

Smooth Street Recorder MsiUse@nsnnuwazUseaunisainsannvus i

Usuuh 1 anvunlnadflows IAIUUINYBIAINALLDEANANIZAUNUNITES19ALUN

Tuuszwuiilaiinnsusus1eazdoani1saaaIN1sTuU NI Alariaanvulalndwmliainuazden

9 ¥ oo Y o o = o & o A
LLa%ﬂmﬂqwmﬁwaﬂﬂ‘Uﬂ'ﬁai'Nﬁn‘ﬂ']LLUﬂ IWEJlJﬂ'ﬁ‘UTUﬂ'ﬁG]Qﬂ']LLa@QﬂQW'ﬁ'N‘V] 6-5

A1519% 6-5 S18n15USUNTISUSUNISANAN

318A15USULANITASAN LAY Twaai
UszLanlvid (File Type) MPEG-4 MPEG-4
ANUNI9YeNsH (Frame Width) | 1920 99 1920 qn
ANERVDLLITY (Frame Height) 1080 9@ 1080 qn
SvazdunURWIH (Bit rate) 17000 kbps 8000 kbps
gn31LWsu (Frame Rate) 29.8 WSUABIUIN | 29.8 1WTURDIUNY
Juiinides Judin laitudin
suuudu S lULA YaAuLla
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1w 1 1

NNANISUSULANITAIAIFINAIINUIN @1U150a09L AR Leadla 3 Y1 NANIADANNLANNIT

[ (%
Y A v YA v

Juininleaue 1 unfagldfundaAulszua 100 wnzluy anaaduldfundafuuseunad 30 1w

nelun
Uuufl 2 iiiunisivuaadumaiudaya
WesnnaugddeiinisinudeyannuRaunfvesanimauuluans 9 duniwiliunasdiany

duauneriuteyadumaiiuliudidainsiiunsaadunisnsunistuiindieauazainlunig

Janisliduaznisdentnafiazduinanludunannesuiudoya uanmanini 6-5

PalgE @

Start a new session

Description

CANCEL  START

7wl 6-5 nsasBardumenaunisinudoya

USunn 3 N15AALUIINAIRLaNIUTLEZIAINNIAUA

nmstuiinlidialetfunauuagylildivualuguazidesiensiiadymluduneuns
Juiin Fefin1susunnlidinisasaanuenvediiainleNfosnsiudiunisnea Wensalalwoundiady
spvinsdanUtlddfledunnuemmuiidvue egnslstmuluduneunssulnantoyadsanunse

sUlvanlvidinlevesudasiduniaiuteyalundon 4 fuldlunasaien
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Usuud 4 wunisaesaninaldlunisidasunias URL dusunisaulunaaludawnannasuiiu

v
Joya

dinnsnsaniialdlunsivdsundas URL dmsunmsdUlnanluduwnanasuiudoya

Taswentdu URL dmsunisaulunan session file wag URL dmsuniseulnaninlolnd wanasianing 6-6

Smooth Street Project Smooth Street Project
settings Session [ 1625606787 |

Session upload API endpoints

URL
https://asia-south1-smooth-streets.cloudfunctions.n

04:26:27 - 04:41:41 o
Video upload APl endpoints UEEEN 6 files
URL on device
https://asia-south1-smoath-streets.cloudfunctions.n . .
Video files
Vvideo file length
Minute [CFT session-1625606787-1.mp4 o
3 = 171.47 MB
B SAVE SETTINGS [EEET session-1625606787-2.mp4 o
170.39 MB
E session-1625606787-3.mpd o
~1170.34 MB
EED session-1625606787-4.mp4 °
4530 MB
I8
a B o a & &
home sessions settings home sessions settings

2NN 6-6 N1SUSURNEIUAIAIANENRINAIRALataEIULERINATI8aZLRANISUUNN

6.6 aAUTBuaaTUNa

9INN1500NLUY w1 aunsalfusuudmiunudoyadiegreiinisussyndld ndesaisdfle
WU INAULTHUUANLLNY WlgasTNeavasausninun a1 ulusUuuuluuiguaunadiaty
Smooth Street Recorder aunsatiggulsauazanbinuinidelunisiiusiusiudeyadiegiaiie

I dudoyassiulunisiaunilumalyyivszivgnawisatluld ludunewidedunause 9 lves

<9
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lasan1539elaiduegad Tusenananisldeu dnssuiladann wedunldlunisusulauaziamun

Winfuegaseliies inlilutagiu eunsaldusuudmsuinudeyamedsaunsadisanniselunisiiu
RHELPRE

Wuaziiulszavsnm Tunsiiudeyavedasinsideldnuinguszasd
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Unil 7 N1599NLUY WAL uaznagauswannasudmiusiusindaya

7.1 AseRnuUUTEUUAImIUTIUTINdaYa

Tuunilagnamimanistinsesiaudeanisvesszuy uaveAuseaudnvmy a Jagdu
19358 VUA LU nUszaunIsalauasfadsszuundounisiniduaiuatuayussuuay
sEninewensiuiulasiniside wagannsnumuneneduneiisuiAssiuassanssudiisites
nouitsaguuamedmivlssanunissudssanandioliuimsdayauag nsussanananasisasdns

dusuaduauszuulusuias

Kersting waz Zhu [11]" laesuredsnalnn1svineiuvesssuu FixMyStreet 711475015 crowd

sourcing luusunvesnisilunIeadiedigusnsdnnisiiiesdandey (Smart City) Lagiinsizsinaifniu

[ ¥
Y

MsuiinauildIusanvesnaiies (Participation) lunisaendesquanuutas a1s1syUlnaduiiugiy
aflﬁﬁmwaqﬁuﬁLwﬂmaﬁwmﬁaqmdm?uagfmﬁ’a Tng Kersting uay Zhu Tsfaanmifiuinnisdiszuy
FixMyStreet luuszaimasinge Yszauanudnsalunisasasmdessninsdsuaznadioniu inainns
Snasrsunamiosudmiuidies Alauandliidwlfide aunsadfuiidmiunuansenuiidus
Wauuulasuid ey Cinvited space) waruuuadied ulnaianiznns Cinvented' space) A1eldszuy

ANSAUNALAYINY

NYUNDIVBIE LTI (End-user) JULUUTIATUNTIN LA AMaLTRN1TIANSTRYAYBITEUY
¥ - v @ 13 YU a a
AukuuieTInTINdeyaLazUsEinanaasawna uaz Livleduansua Dashboard Tasudnsnaain
a < ¢ . = s . Aa P ¢ | Y a
wuAnveIUlEd FixMyStreet Failuunanwasu Crowdsourcing AdinsidaulussAunasesduiosdiu

Y9I Ussbnesangy (www.fixmystreet.com) wag Ussimaaiawoswaun (www.zueriwieneu.ch)

[y

Tumseonuuuszuuasaunadmiulasensised msfissuuiivladiansua Dashboard uaz
JEUUTINTITRYakArUTENIaNAINgUNTl Edge Device yiuugneanainiu agldisn1snisivue
sunuudmdudoyamsaumailisenumgmsal uazdmusdemnanisdoasszninagunsalifuszuy
ﬂzmﬁfﬁutﬂummgmlﬁmﬁuLLé”Jﬁ’ma%N API (Application Programming Interface) niauvimagaugas
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m [ SAVE ~ ® SCHEDULE ~ €% MORE ~

1 SELECT AVG(avg_speed) speed_mean_kmh, SUM(total_distance)/1000 total_dist_km, SUM(total_time)/366 total_time_h
2 FROM “smooth-streets.lake.drive_session
3 WHERE avg_speed IS NOT NULL;

Query results % SAVE RESULTS i EXPLORE DATA ¥

Query complete (0.2 sec elapsed, 3 KB processed)

Job information Results JSON Execution details

Row speed_mean_kmh total_dist_km total_time_h

1 31.62145559231845 973.7830089936231 261.8373194444444

o ¥ o w

MW 7-3 yaadsdmsuaguadanisldauunannasudmiusiusiudoya

m @® SCHEDULE ~ €% MORE ~ [ SAVE ~

1 SELECT * FROM “smooth-streets.lake.vw_ingest_events_stat’™ LIMIT 1000

Query results % SAVE RESULTS #¥i EXPLORE DATA ¥

Query complete (0.5 sec elapsed, 115.2 KB processed)

Job information Results JSON Execution details

|
Row month_end ingest_event_count

1 2021-07-31 4131
2 2021-06-30 135
3 2021-05-31 48
4 2021-04-30 16
5 2021-03-31 73
6 2021-02-28 8
7 2021-01-31 92
8 2020-12-31 33
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! Overview
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% ML Classifier

Data Warehouse Training
Object Storage

Data Govemance s SRS s s TR e s SRR A ISP Grckiostration
@ Enrich @ 3

gs:/Iss-enrich/session/* gs://ss-enrich/studyarea/*

Dut Tansemason

gs://ss-ingest/json/* gs://ss-ingestivideo/*

I I N S|
T L

Car Car Car

Smooth Street Recorder

At 7-6 danilnenssu Data Lake [21]

<

an1dnenssu Data Lake (Miudayanana) iWuan1Unenssudmsussuvansaumnaseauasang
Felasuanuienlulagtuiliosnnnsiulnvesdeyamiviaiiintuluuiasesdnsuaraiudesnisluns

s aa o o

TwIAiULazUsTIaNatayamaTuisAUNUIULUUME aANd LS Nllaudnvasuasiisliuy

9

ANSYINURNIEAT [28], [12], [16],[21] naAeaanUnenssy Data Lake MuNg095EUUIUEINSUIANS

Toyavedasfnsnlnnau AR IzuAslnANNEaNNT Aatl:

e Anuasatunssesiuteyanliinislisuguwuuteya (Unstructured Data)

v Ao

® AnwaNNInTRsUNTTAIULAsUsTaNateyaTwInlg) (Big Data) dulldnuaiz 3 Usens Ao
U3unal (Volume) Aamannvatevesguiuutaya (Variety) kag Anuaiansalun1sussuiang
Ieusionnuiifiteyagnitidingssuu (Velocity)

o muannsalumsnunndeyananasuisliiideuiieliaunsainisuszananadeyaain

pangnnaInsauiulaluas1Lfen (Data Consolidate)
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) Google Cloud Platform

Small Payload
< : e

Edg_e inemet Train ML Model

Device & Road Survey ° Large Payload

@ Map Services
OSM. Google Ma

Edge - ) Live Road Data
——¢ Internet
Device reme Processing

e Data API
H Data Warehouse
End %;_’ Website 1 @ e
Users i ok Dashboard ‘

AW 7-7 Three User Segment of Data Platform
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N590NLUUNITUTEUIANANTAUNAVUAATIA dgUUKIIMINMIas a1 Tnenssuseuudoyali
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Exhibit
Upgrade data architecture by making six foundational shifts.

| Physical
Mobile Web CRM it
' ' '
Systems of
engagement Application databases
'
'
@ APIs and management platform
'
Data lake
Unified data,
analytics core @ Curated data vault (by domain)
Raw data vault
' '
@ Real-time streaming @
Systems Core processing systems
of record

@ Cloud-enabled data platforms and services (serverless, noOps)

® @ ® @ ® ®

From From From From From From

on-premise to batch to pre-integrated point-to-point an enterprise rigid data
cloud-based real-time commercial to decoupled warehouse to models to
data platforms data solutions to data access domain-based flexible,
processing modular, architecture || extensible data
best-of-breed schemas
platforms

il 7-8 Upgrade Data Architecture by Making Six Foundational Shifts [1]

v A

wanmsdrdannenssussuutagiulainisihunvssendldanuuwds fe nisdenldaaninly
nsasszuvnuitedanisiudeyaveddasinis nsld APl lumsuimsdnnisnisiiifauazaiuaunisld

udeya waznisidenldanidnenssu Data Lake dmfusesiulassaiianidanguiiodansdeyadad

nanuangguLuy

TAsIN15739Tl9US N1 Cloud Functions wag Cloud Run @1usufinnalusunsunisuseulanal

YMIUVUARIN
7.2.2  msvapulnduuaaa

an1Unenssu Data Lake 903lA59n151938N15dnn1siudeyafui Suingunanvesudinsu
uswdeyauazUszinana Wnetdeyailasudaiuidu Judeya (Object) Tu Bucket (Wufllanizaau
dmsuiuteya) vasuinisdmiudeya Google Cloud Storage 4wt ussuunisiiudeya Object

Storage

o o

nsld Object Storage Wunilsluaosuuinsiiluiidoud msuszuu Data Lake TullagUu log

SnuwImmilshanisldseuudansinaniussdvsningalaeianiy 1w HOFS (Hadoop Distributed File

[
a A

System) dusudniiudeya [Cite Matillion 2019] F3A1uUANANNTENINNdRMINENT Ao S8UY
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Object Storage awiinfsasiUdsunlastoyaladinii uideyadssinnuamua1isuasUasnsiounnniy

HDFS

lassasavesiiuiidaiudeoya Object 38 Bucket Ua3 Object Storage finsuuseaniluvany
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[%
o v o

o [ =3 v 1 1% 1 v & = 1Y ¥
mMuuagUwuumsdaiuteyauazuidasaingeiilussdeulaedaadutuvasfolder (Wiludaya)

FausagnemseanuuuvesMatillion Ltd. [21] wagXu et al. [9] WAAEININT 7-90H 7-9

Building a large-scale object-based active storage platform... 2801
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Fig. 3 Object hierarchical namespace

A 7-9 Example of Data Lake Object Storage Design [33]
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7.3 daulsznauvesszuuuinsuazdaiiudoya

7.3.1 Object Storage

Aurszvudunuulagldusnig Google Cloud Storage S¥UU Object Storage ¥utnidaLAu

' 1%
1% | =

Uoya Session kar Video M1d1Wua191n Edge Device war Uszinanatayaiariiivelilvanzauiunis
WlUlda1u (Data Transformation) udananeidudeyayabnifissuvdugihluiaszisesanld

1Y
{ o @ v

Hundaiuteyalussuy Object Storage 138n71 Bucket WU T 4 WuTl Wainedian1sad 7-2

A15197 7-2 Nuiiudayawuu Object Storage

%9 Bucket anwaznsldau

19U8Ya Session Wag/v38 Video N¥UMN Edge
ss-ingest Y .

Device LUuNannoIu

11908y Session Uar Video 7 H1UNITANNY
ss-enrich . . .

UYANU Base Map wa?
ss-analyze Metoyad miulaTey wagiinaaudidiwun

1eteyadvsuiiaue wavdeyadmivlyly
ss-present < .

Aules

732 wuidaiuteyadmsuimudaTun

NufidaLivteyadmiuyadeyaiilésuanueundiatu Smooth Street Recorder daLAULi7
bucket % ss-ingest fimstalassasnsfiufiuanfusznindlnddoya JSON uaglnddoyainle MPa
Tumsiudeyannmslsdnaiieauiimduun msUsznanaiinans unisuasdoyadise
flésy oasuamudnvusvasdoyaidosu uasdinafivsasdonvestoya uenainddainisiam
szuuuImsdnniateyaifosdiu (Data Lake Administration Portal) dmsulduanstoyansisdsialy
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7.4 dauleudeszuunuinalveulysdaya

7.4.1  adeusesrUUNUBeNlulaya

ALYBUADILUVIIY M50 APl Endpoint Aon1sitmuanszuiun1shazissu-detaya tielkey

Y
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MaesthezaunsaimulUsunsudulildvihanlawagssuvanunsavinulaegisauysal
nuATslivauszuudiuwuulaeglduinig Cloud Functions seuu APl Endpoint 1udoannsd
gunsal Edge Device Ansosudsdayaiuunanesy lngldlusinnea HTTP Tun1ssudadeya dolmuseu
2890154 Cloud Functions @8 WU serverless @11150U818L D595 UNTITIULSIe

API Endpoint (Cloud Functions) dwsusudayaiiigunanmlasull 5 fandu uaninanisan 7-3

M1519% 7-3 YAANFIN15UTEUIANALUY Serverless

a . o v

4@ Function ANPAZNIT LT
upload-session %J‘Ufﬁaaga Session 911 Edge Device lunanwosu
upload-video Sudaya Video 910 Edge Device Wunanasy

asUtoyanUuiinlaluusag Session waggnuszudanaidn Data
session-summary Warehouse L&

Y a v & Y o & A Y ¢ .
edge-device-echo Tiusnsteyalesiuneduiuilidivane Tiungunsal Edge Device

edge-report-event Suteyanisyenuanuiaunaniuiidming 3nguUnsal Edge Device
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7.4.2  sudeyansruuive i

v P! o @ o P | o oA . L a I o | Aaw
wayjaﬂumiwwmmmuuﬂ Uguaunan Ao 1. Video U9IWUNIOUU 2. AIRLKRUINAR GPS

NQUNTal 3. AT 3-UNU N Accelerometer Fatayawmanillasunisiudinlagueunaia

fu Smooth Street Recorder wazgnasoyaidudeyasiogiundniuiinand elddmsunisiinaou

Y

() cloud Functions

= Filter m Filter functions

Environment

1stgen

1stgen

Istgen

1stgen

Y Y

o a va o 8 v & 4 [ A a
ITLUN LLa8(5]6](5]'111Ui$')(§]ﬂ'1'§8@ﬂﬁ'ﬁ’]‘\]LﬂU‘UE]EJ”’ﬁSLUWUVI LAAIAININN 7-10 wazn1wn 7-11

Functions CREATE FUNCTION C REFRESH 1 LEARN [E} RELEASE NOTES
X @ m

Name 4 Region Trigger Runtime Memory allocated Executed function Last deployed Authentication @ Actions
session asia-south1 HTTP Python 3.7 256 MB drive_session Jun 22,2021, Allow §

6:42:30 PM unauthenticated
session- asia-south1 HTTP Python 3.7 256 MB session_summary Jun 22,2021, Allow §
summary 7:40:26 PM unauthenticated
session- asia- HTTP Python 3.7 256 MB session_summary Jun 22,2021, Allow 5
summary southeast2 6:37:54 PM unauthenticated
upload- asia-south1 HTTP Python 3.7 256 MB upload_survey_json Mar 25, 2021, Allow :
session 3:35:48 PM unauthenticated

A7 7-10 Cloud Functions MNauuazAnnwuNasudeyaludienisinaaudadnuun

O e
0O o
0O o
0O o
0O o
< c

Google Cloud Platform

@ console.cloud.google.com/functions/details/asia-south1/upload-session?project=smooth-streets&tab=logs

() Cloud Functions

@ upload-session

METRICS

DETAILS

o* smooth-streets v

& Function details

Q  Search products and resources v

/' EDIT W DELETE O copy

Version 29, deployed at Dec 24, 2020, 4:04:09 .. ¥

Logs Showing 150 messages

4 2020-12-25 10:42:33.847

» 2020-
» B 2020-
> E§ 2020-
» B 2020-
> B 2020-
» B3 2020-
» B 2020-
» B 2020-
> 2020~
» B§ 2020-
» B 2020-
» B8 2020-

12-25

12-25

12-25

12-25

12-25

12-25

12-25

12-25

12-25

12-25

12-25

12-25

Y

9

10

142

142

42

142

142

142

142

142

42

142

:33.

133

133

:35.

:35.

138

144,

144,

145

:45.

146.

:46.

920

952

955

SOURCE VARIABLES

ICT upload-session
ICT upload-session
ICT upload-session
ICT upload-session
ICT upload-session
ICT upload-session
ICT upload-session
ICT upload-session
ICT upload-session
ICT upload-session
ICT upload-session
ICT upload-session

ICT upload-session

Default v

TRIGGER PERMISSIONS LOGS TESTING

= Filterlogs

This service is instrumented using OpenTelemetry. OpenTelemetry could not be imported; please add opentelemetry-api and opentelemetry-ir

nwigh9hcl9nq
nwighdhcl9ng
nwighdhcl9ng
nw1gh9hcl9nq
nwigh9hcl9ng
nwigh9hcl9nq
nw1gj58glydk
nw1gj58g1y4k
nw1gj58gTyak
nw1gj58g1y4ak
nw1gj58g1y4k

nw1g358g1ydk

Extract data payload...

Receiving session 1608861254 locations=188 acceleration=11227 start=1688861254 stop=1608864606
Uploading to GCS...

File /tmp/file uploaded to json/session-1688861254.json.

Finished uploading: json/session-1608861254.json

Function execution took 2390 ms, finished with status code: 200

Function execution started

Extract data payload...

Receiving session 1608861387 locations=8 acceleration=12541 start=1608861307 stop=1608864601
Uploading to GCS...

File /tmp/file uploaded to json/session-1608861387.json.

Finished uploading: json/session-1608861387.json

Al 7-11 msSudayaidnadedayaiinisiuiinn1svineauves APl Endpoint

grfoyanilasusenintumaiutoya wagnisuideyatuuansraiiionsivaeuileiu lny

Y

Y

Wdeyafina GPS wazasuinuiudeyasdiumia GPS uagduiudeya 3-axis Acceleration fweunaindu

Smooth Street Recorder TuUNAUILENING WARIAININA 7-12
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Ingest: Prepare Ingest: Prepare

Dri ion 1608874973 1b0) (2020-12-25 05:42:53 to 2020-12-25 05:55:57)
(loc=687,acc=68633) >
1 week, 6 days ago

1ef78) (2020-12-25 01:54:14 to 2020-12-25 02:50:06) (loc=108,acc=11227) >

1week, 6 days ago
Location WKT

Location WKT

4

Leafiot | © OponiStreetMap contrbutors

F9E19NTMANA GPS NTuiinle laitaiue
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& Bnguery Geo Viz Feedback Source Terms & privacy |
@ avey Map  Satellite

Project ID

smooth-streets £

2 -- Phuket
SELECT session_id, device_id, ST_GEOGFROMTEXT(geoWKT) geo,
time_start, time_end
FROM “smooth-streets.lake.drive_session”
WHERE session_id IN (
"1608874973", "1608874977"
)

“ Show results (5)

Estimated query size: 106.4 KB
Processing location
United States (US) v

P Y ' Yy v an yo ¢ v
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WamdwunauaUnAlasunsimuLasindangunsal Edge Device wadlulunisvaaeu
Tunuiiidnue n1951891UN1581573a9n8 UL NaA DS Y 989IK1U APl Endpoint @1%5USUN1S
seudoyarniiuiidmung lngludagiuinsimuagluuudoya uazgadouseiimuiliduduiuy

[y

&
U

APl Endpoint @1%5ul#uin1s Edge Device Tuiuiiidnungfs Edge-Device-Echo Way Edge-
Report-Event @eeonuuutdu Cloud Function Tuilausieneg uasfiaandnenssuuuu Client-Server tiieasu
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Deployment View: Client-Server Model

Edge Device Data Lake
CLIENT APP DATA PLATFORM
API Client API Endpoint

HTTP Request/Response

The diagram above depicts how edge devices will communicate with the platform.

Document / Information Flow

edge =l cloud I data
device storage warehouse

{ location, device_id, local_time,
report: [

<DEVICE_ID>/
<REPORT>".report

<pavement> | <drive> ... road_condition road_condition_report
],
app_version, model_vesion
}
Data on device Temp folder BigQuery tables

AW 7-14 nszuansivavasdayavasgunsalidnssuundsdaya
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Data structure for the POST data is described as follow:

HEADER | Authorization: Bearer smooth-streets-edge-device

POST { location,

data device_id, local_time,

report: [ <report_item>, ... ],
app_version: app_version,
model_version: model_version

}
Where:
location “location”: {“latitude”: NUMERIC(3,6),“longitude”: NUMERIC(3,6) }
device_id “device_id": “DEVICE-ID”
Device ID
local_time “local_time”: “ISO-TIME”
ISO time is time in ISO format in local timezone
report: [ “report” : [...]
<report_item>,
. ] List of report items. Can be 1 up to 50 items. There are two types of
items, <pavement> or <drive>. See definition below.
app_version “app_version”: “VERSION_STRING”
model_version “model_version”: “VERSION_STRING”

M 7-15 msivuaguuuudayadmiunissenuanuiiaunfianngunsal
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Two types of Report Items: <pavement> and <drive>
<pavement>

JSON | {type

code
img_data
img_format
location
localization

}
Report Item <pavement> from Computer Vision model

<drive>
JSON | { speed
heading
location

lastN_count
lastN_distance
lastN_location
lastN_IRI

trip_time
trip_distance
trip_IRI
smoothness_score

}

Report Item <drive> from IRl model

MW 7-16 T19aBEANTTINEUANNRAUNAYRRauLAIngUnIallus T uN UL

Cloud Function a4 Uagduaalusunsy vandmiusunissieauaiuiauniae Edge-Report-

Fvent wa@ngaanIng 7-17

() Cloud Functions Functions CREATE FUNCTION C REFRESH ) LEARN [ RELEASE NOTES I
= Filter Filter functior X @ m
|
O [ ] Environment Name 4 Region Trigger Runtime Memory allocated Executed function Last deployed Authentication @ Actions |
a - 1stgen edge-device- asia HTTP Python 3.9 256 MB edge_device_echo Mar 8, 2022, : |
echo south1 11:00:15 AM |
0O e 1stgen edge-report- asia HTTP Python 3.7 256 MB edge_report_event Dec 28, 2021, Allow |
event south1 4:01:52PM unauthenticated

AN 7-17 UR9AIUANEIMTUIANIYARNTINITUTEUIANALUU Serverless
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[] Cloud Functions < Function details /' EoIT W DELETE B copy @1 LEARN c

Version
© edge-report-event @EFID  Version 16, deployed at Dec 28,2021,40152 .

METRICS DETAILS SOURCE VARIABLES TRIGGER PERMISSIONS LOGS TESTING

Thour 6Ghours 12hours 1day 2days 4days 7days | v 14days | 30days Configure dashboard -

Invocations/Second Q = o

—® error - —® ok 0

Execution time : Memory utilization : Active instances

Milliseconds/call MB/call

‘‘‘‘‘‘

—® 50% 1.47s —® 95% 1.74s —= 99% 1.76s —® 50% 123.42MiB  —® 95% 126.13MiB  —® 99% 126.37MiB —® asia-south1 0

AN 7-18 STAUNINEINTNYAAIHINITUTTUIANALUU Serverless LHuvIEd1IAMTe9)
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foyaiilé¥uain Edge Device luitufithvine uarldgnussananafiufuuuunanlefuitoasy
AadRuazLUTnuiufnuuluanuguaveustasmiasy avgrlululdeilussuuivleduansua
Toya lnsn1siteyaluldau ladinmsimua APl Endpoint dwmsulviusnisdeyaunseuu Dashboard
wagsiamnyadmdmiouns ssliolunisinnisteyantsluunanwesu Ine APl Endpoint d1ufusyuy
Dashboard 14u3n15 Cloud Run Tumsleauinisdeya waziinsamuasuuuudeyadmiunisiiuing

Ingldu1n3g1u OpenAPI (Swaggerhub) WuwenasinuninsgIudeayanalsves Dashboard AP

vy
a v A

o Ua90unisvieuees Dashboard APl gniinfsil Cloud Run waganunsagusunanisidauls
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7-29



) Cloud Run < Service details

/" EDIT & DEPLOY NEW REVISION

L"‘:! SET UP CONTINUOUS DEPLOYMENT

Q dashboard-api Region: 1 URL: https://dashboard-api-nkimozvxg-as.arunapp @ @ (+2more)
METRICS LOGS REVISIONS TRIGGERS DETAILS YAML PERMISSIONS
1hour 6hours + 1day 7days 30days
(i) No errors found during this interval.
Request count : Request latencies @ : Container instance count @ :
0.02/s 10s 2
[
31 { Ll‘ . o ‘ Rl ° L . . ‘ 0
UTC+7 6:.00 PM Mar 8 6:00 AM UTC+7 6:00 PM Mar 8 6:00 AM UTC+7 6:00 PM Mar 8 6:00 AM
—® 2xx 0 —® 4xx - —® 50% 0.9s —® 95% 3.84s —® active 0 —® idle 0
==& 5%~ —® 99% 4.04s

2NN 7-19 5LAUNTTINTNEINSVD9 Dashboard AP

1A598519709YAA1d9v83 Dashboard APl wundunanelugagey lngeonkuukagimuInIY

LI anndnenssy RESTFuL LLﬂﬂQﬁQﬂ’]Wﬁ 7-20

URL / Module Match Path View Name Function / Class
org/ org/home dashboard:home
org/directory dashboard:organization
orgl<pk> dashboard:area
org/<pk>/streetview dashboard:streetview
org/<loc_code>/<org_id> dashboard:organization-profile
org/about dashboard:about
org/recent/sessions dashboard:recent-sessions
org/recent/roads dashboard:recent-roads
URL / Module Match Path View Name Eunction / Class
(dashboard views.
platform-user/ platform-user/<cmd> UserKioskView
URL / Module Match Path View Name Function / Class
platform-organization/ platform-organization/<cmd>
dashboard organization_api
platform-organizationfist organization list
‘dashboard organization_apl
platform-organization/get-profile ‘organization_profile
‘dashboard organization_apl
platform-organization/get-roads organization_ r0ad_regstry
dashboard organization_api
platform-organization/iist-widgets widgot_lst
Id: getO Statistic platform. tzati tatisti organization_statistics i
operationld: getDashboardReport  piatfor g m_m...-‘"
operationld: getSummaryReport  piatform- g y umnm\_npm‘_ui:l:ly
operationld: getRoadProfile platform-organization/get-road :.m ,mJ:'
P getRoadS platform. gment xfmu_-&v':u
operationld: getRoadConditi PO platf por ;'fm«_wi':m
road platform_api
platform-organization/list-report list_road_condition

.ﬂﬂ‘Wﬁ 7-20 s19az1dealusunsuvas Dashboard API
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warldionans OpenAPl lunnsinualassasnaguuy Widuunsgiu lneniseenuuunay

Twunis awnsadinuinsteyadssanisg Munaarlesuagliuinisunssuu Dashboard laluauian

LAASPININT 7-21

© @ @ chayapan v

€« platform-organization 1.0.0 B o & < Export «
4 Info
o | ™o platform-organization API
Servers Auto M [ 1.00 ] ]
3 SwaggerHub APT Auto Mocking
https://virtserver. swaggerhub. com
B /smoothstreets/platform-organization/1.0.9 Smooth Streets REST APIs. See the dashboard at
N Cloud Data Platform v1.0 Additional technical details can be found at 1
https://api-prod. smoothstreets. con/platform 2. Sample Data Extracts in ot
dastiboard » -organization/
T Jlist - Smooth Streets Evaluation API (Test
Server)
GET /getprofile https://api-test.smoothstreets.com/platform
-organization/
GET  /getroads ) e
GET  /getstatistics http://127.0.0.1: 8050/platform-organization
/
GET Nistwidgets Servers
GET  /dashboard/{locCode}{or Smooth Streets REST APIs. See the [ httpsunirtserver.swaggerhub.co... v |
dashboard at [dev.smoothstreets. con](dev
GeT  /dashboard/{locCode)/{or .smoothstreets. com). Additional technical
details can be found at 1. [Front-end
e Development Guide](https://docs.google.com
roa /presentation/d/1bpBl_KWXvyXalLhsswibytAPUqj6YOn dashboard Operations avaiable to Dashboard webste
oT  Jgetrosd -k2yya_GR320/edit?usp=sharing) 2. Sample Data asNDOArA front-end apps N
Extracts in [this Google Sheets](https://docs
GET  /getsegment .google. com/document/d
R /1qz2nT_yBoNiWocOR)_Gh1SEta_HhOvbEDGpvAgedLNQ ﬂ /1ist st organizations v
¥ /edit#bookmarks=id.ak2p5skj8idy).
Schemas ~ () Last Saved: 4:02:47pm - Feb 16,2022 < == ... i1 99tprofie information for an o

A i 7-21 nsiun OpenAPl¥83Dashboard API

sukuunsliuInsteya gnivualag OpenAPl specification TiuTn 1sUeyauuu RESTFUL uA

52U AUlYA LaRIfInNINg 7-22
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Operations available to Dashboard website /
d aSh board front-end apps N

GET /1list list organizations Vo

get profile information for an

GET /get-profile organization

list roads information for an
GET /get-roads L Vo
organization

get values to display in the

Sl /oet-statistics o ard (NOT IMPLEMENT)

list lookup key and describe statistic

GET /list-widgets measures for the dashboard (NOT v ¢4
IMPLEMENT)
/dashboard get full report data (NOT
v

/{locCode}/{orgId} IMPLEMENT)

/dashboard
GET /{locCode}/{orgid}
/summary

get summary data for
dashbaord display

I ‘ I I I
m
-

AR 7-22 Dashboard API
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@& api-prod.smoothstreets.com/org/6/
IMALIAUASHLAR JnTaginStreet View
Organization: INAUNAUASALAR JIRIANIAA
Dashboard AP Reload this page
call /get-profile?locCode=8399&orgld=3
call /dashboard/8399/3/summary

call /get-roads?locCode=8399&orgld=3
call /get-reports?locCode=8399&orgld=3

Road network defined for this study area are:

Name (start_date=25 December 2020, 0:00)
MALNAUASIRA JINTANLAR
(loc_code=8399 loc_name=dnatiiaafiin)

Map Center
{"latitude":7.88778701184919,"longitude":98.39341056978485,"zoom":15}

Default Organization
INALIAUASHINA

] s
+ Mithsa

- |

Organization / Dashboard views:

MALIAUASHAA

Organization Profile

Map View | Area View | Street View
Dashboard: https://www.smoothstreets.com/
Summary of Road Network

Inventory of Road Pavement

Base Map

BaseMap(smoothstreets.com::0.3)

Area (by Organization)

<QuerySet [<Area: INALNARASHAA INIANTIAS]>

Default Area
MALIAUASHIRA TIWIANLAA

4020

1

4010

4024

&
?
§

S

cll ﬂ' = o g o g o s 1 ﬂy d' ]
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BigQuery Uu Google Cloud Platform @ 9aga1u1505095Un15tAUlnveUTuIudeya wagaiu1se

TiusnsUszunanauazinsziaadanige tneldniwl SQL

= ¥ LY =3

nsvinnuvesnsiteyafie Teyagniuiinlilunise lnsadedeyasessunisuiduaziiause

Y Y
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@ BigQuery @ FEATURES & INFO E3 SHORTCUT & DISABLE EDITOR TABS

14 A
Analysis A Explorer + ADDDATA < ¢ @ *UNSAVE.. 5 > COMPOSE NEW QUERY

19
Q  sqL workspace m

1 SELECT *

Q Type to search (2] J . . )
g Data transfers 2 FROM “smooth-streets.test.ingest_event
3 LIMIT 10060

(®  Scheduled queries Viewing pinned projects.
Migration e v §® smooth-streets :
i
;l Administration A ) ® External connections (2)
| y @ 33) Processing location: asia-southeast1
Saved queries (33
&1  Monitoring It
| ) [ analytics_283607874  § Query results
I Il Capacity management > [ dev H
lak : Query complete (0.2 sec elapsed, 0 B processed)
| [  BlEngine v H e O
f B administrative_map  § Job information Results JSON Execution details
| B analyze_event :
& . This query returned no results.
drive_session H
| B events :
| B2 jngest_event :
| < [ORY PROJECT HISTORY SAVI > v
| B organization_profile  $
| . = Filter Enter property name or value (%) ]
| B pavement_surveydrive $
E planet_ways H D JobiD Action
| . B road_condition : % 4af6084b-e316-4251-aafc-1aebe7c4e9be :
[E  Release Notes
' B road_condition_report § % 5f1f6e89-1b78-4dba-8e65-617da5cad055 :
[ <l B road_inventory : % 6af1f3ad-464c-41a8-8a99-bb1691f20ffe :
— . -~ » AAFAAAATIAAAA - _Lii . AAAZATIATTIAAAAANANTIAZ Ar ™1 .

AN 7-24 urspuRNEIMTUTTUUAGIUaYA BigQuery
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M19197 7-4 szuugrudeyaineidesnielaunannasy

szuugudaya anwaznsldau Yanansgrudaya
Organization Profile (Base dmsudnnstoyavedusiazmia | PostGIS/PostgreSQL
Map) ENW@JLLaauuLLazLLmuﬁ‘ﬁugm
Dashboard Application dwsuiuleneuna MongoDB
(Visualization)

Aa9g g uTRYaaTuAYY

LANIRININA 7-25

Project ID
smooth-streets

2 -- highway lines within province multipolygon
3 WITH bounding_area AS (SELECT geometry

"$YpuUUNU" LIMIT 1)
> —- Total Length of

6 SELECT ST_LENGTH(rgeom) length m, road_no, cs_no, km_start,

km_end, cs_name, rgeom

FROM "“smooth-streets.lake.pavement_highwaydept™ hw,

bounding_area
WHERE

9 ST_DWithin(bounding area.geometry, rgeom, 0)

W gadeyaunuiauudmsuldinTeudeya dmsuusagmiteany

Map Satellite
= LOEI
UDON THANI
NONG BUA
LAM PHU
FROM "“smooth-streets.lake.administrative_map~ WHERE name LIK | !
% !
( :J i
~ Y { / T
T;essaba? | / \ —
uilai 1) -
mm\ [ Y
agan NS
3 \K#-*pfg KA ENY KAL
f =
\ - ‘{j' ,i
A~ T ~—MAHA
Vi [/ h N SARAKHAM
CHAIYAPHUM. LA

“ Show results (69)

Estimated query size: 90.8 MB

Processing location

Singapore (asia-southeast1)

/
/
F
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 m— o 8308 b wicind b st o/ Pavement rlomation
e q wmreunicn pebiardone (et
amauns s 109 <Bostproieid>
[ H e e — e —
st 2 2000 —
- P S
e stont B 02 — = C B Lo [retpoverent | ovmen sovameerasi ¢ code
e bl sommcwnt n Nl Manorom 1 bl Manorom 182 40 QUATFC prrement 3¢ owtroaa
oty il oo 50| ewiaamry et-segment
— e o P
e bl cvghianc 40 overdieats Lo
Viewiuodate Oata ewwene balt owwdune e 50| o - e it v - S 5.0 JTmUK prvement 3¢ == =
Cviortimns il cvsdortioe 20
arpmizorion W1, spacetinld;getirpenizoions”,
)
B Coy /Moty rormaton
-
4
Longitude”: 90, 29MITATING, Sspe/ph pmod: boetioon
s C— L —— —— e
APt sponse o« Condtion Repas for Organza
atssots o wport pe—
. nvrvggta000 604124621 44¢101 80070836t mock-device-3 202202.0811041202
Rt s o, a 60124621 441018007 0836( mock-Sevice-3 l0r2.00.0sTioar0z AT
S e vgihe000 604124621 40¢101 36070036t mock-device-3 2022.02.08110.41207 12
T gRa000 e %
raute Pdbairuelacte I 2ve | 60212462 100101607 de et 3 2022-02-05T19:41:202  WR13
Repon omatan/ Eator
Dashboms: g 406 o, code=8208
oy ety orman o
mrodenieor
¢ Joovroports
S — fotseotie
Sa s asecsi, rtos/1aeproc smootmeets com)
C 7 =

tablel” GWwTIMgTahai 5.0 OYION pavement 83¢ e
tablel: Thanon Thawe 5.0 X3HXF pavement 83 ‘ s €
tablel: Phang Musng 5.0 VDIeF/ pavement 83¢ 3
Prachanuihro Road tablelc Prachanukvo 3.0 R&TM pavement 83€
8 msaz,
Py
3.

s,
Pttty

Jdashbourd/<iocCodes coraid/summary
fget

129,
r= 7027
Ioetprotie

8300909,
Pttty

“messoge”: “platform-segonirotion APL, sperstionld:peiOegontzstisnts
ads; orald mes & snd TocCade mes BN, Hare are roods (n \ubest\obeiTul

Sel8e I RATACIS.
able for Grgantzetion/Ares ergla-6 locCose-d198.,

o, \essedinateny’s [
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751 lpsasmsdaivdeya (Schema)

n1sdafiuteyauuudlnseasne (Schema) iuiladAyves Data Warehouse @ 99evinlei

anunsasenttdeyaninsyuu udeyaiiauisonsvauesionrudesnisldtoyald
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pavement_surveydrve pavement_bangkok pavement_phuketcly
et v pavemer rive (n a2 1m0 pay (S a3 174 pavement_phuketcity (Foufiuse i
i Fonoind __|wtedoyn EE I Goes [Fonosnd [tedoyn
wnpies Session|sesson_d | STRING o seq INTe4 o seq INT
wuinBimThmy
chgn st FLOATEA e i son, o stype STRING B =3 STRING
" FLOATE4 %o ouv won see [sname STRING e mame STRING
Finncuidinieys
ooy road STRING in rstr STRING % 1t M STRING
wina [amphoe STRING & rend STRING ’ Soud v STRING
danin province STRING i (wes) width_m STRING STRING
v () astance FLOATEA o () length_km | STRING STRING
om (i) [duration |FLoatea urmadie [declare_on STRING STRING
on | district STRING samaniagu) | waywidth_m STRING
mozoy [ maintorg STRING E ahi(nn) __oult y STRING
g landowne STRING ansisuiio Suidowd regster_on STRING
[ x [document STRING
road_inventory organization_profile
e a1 road | y (G s mnes 13 road_segment (Wi 1 dussiRug L S1uBinniaya OSM)
i ononi [ vamdonn Guedt & [Fongiand Zandoyn
i loc_code INT64 miamnzny org_id STRING sWamingau org_id STRING
1[ GrBamn uan.1099-2) 1
2| miawminsoy org_1d STRING miawun loc_code STRING 2[*Soyndy wiaman___|loc_code STRING
3| i Map Feature figas| osm_id STRING Wz rosg | AR ATy aRIE g updated DATETIME 3| Foouu [name STRING
i [0sm_geom ¥ e super Uinver| INT32 4| Ussanouy highway_type. STRING
2 GEOGRAPHY wpsmaRlAsunsme pavement_lengt] FLOATE4 ANNEM () length FLOATEA
5| Duiyarnimiuig 5|
§f rcode STRING FnsusmaRlium T pavement leng] FLOATE4 slUszmBnoun  |surtace STRING
7| Fomwu mame STRING Al IR pavement_in_ay| FLOATE4 7 lanes. INT64
8[Foymduoun ret_geog STRING iminvavin [pavement_in_odINT32 8 tunnel [BOOLEAN
Soyair e B ref_pavement [STRING R IR 1 2.00 [pavement_in_bd FLOATE4 of [brage. BOOLEAN
10] i {1 [ wwuzmafiiinn IRI 32w 2.00 - 4.00 FLOATE4 10l [ maxspeed FLOATE4
11| wowesigG: X TRING [eoeriinn Rl gani> 4.00 pavement_in_gr| FLOATE4 [ spinouumaili]orewsy BOOLEAN
12wy {_roadprofile |STRING B e pavement_in_u FLOAT64 12[mnplamduny |rove_no STRING
13 vmisyaa\hu [oam. varsion INTe4
14| mnpanseBagayosm id NTe4
15| FayaiBaunuii W geomety GEOGRAPHY |y
18 [road_name_idx
road_profie road_condition 17{ |road_name_names
-7 L) 17 road_conditon (Foyaanm e A7 road_condition_report (52
Suni Goes Fonoind __|wimdoyn Mode Bowst [Fonoini | sumioyn
2[sviamidgam STRING samigm org_id STRING REQUIRED | samingm org_id STRING
3| swaRud INT viaRun loc_code STRING REQUIRED iR loc_code STRING
«[Bodenoun STRING gun ol o time TiMeSTAMP _|REQUIRED iy road_profile_id | STRING
5| STRING iafi i position GEOGRAPHY _[REQUIRED ¥ Soienawy road_name_idx| STRING
6| STRING oiisnouy rosd_name_idx|STRING REQUIRED r08d_name_nar| STRING
7 STRING Fowwninyuou Foymdaumndt g0 GEOGRAPHY _[NuLiaBLE  ulu image1 url | STRING
8| FLOATE4 Fud - ! inference id [ STRING NULLABLE  PK image2 url_[STRING
o[ FLOATE4 o 7 - v time stert___[TIMESTAMP | NULLABLE image url _|STRING
FLOATE4 i - time_end TIMESTAMP NULLABLE imaged_url STRING
3 segment_[osm_segments | INT REPEATED] ind - nmsARTEEs bR object class | STRING REQUIRED location GEOGRAPHY
A 5 T object_descript] STRING NULLABLE S0 samisin Segment_start | GEOGRAPHY
ha Gevice Ja___|STRING REQUIRED o shumisihage segment end_| GEOGRAPHY
mRargunial device_param | STRING NULLABLE report_code | STRING
0\ ¥ model_version |REQUIRED REQUIRED report_type STRING
Soyaiwavuun Wi Dusadng model_output | STRING REQUIRED report_time | TIMESTAMP.
image_ur STRING NULLABLE b Fud i i ref.
winsasdnddayaiiinnen OSM osm_ia STRING NULLABLE qunfinsy report_device |STRING
{uzesioyaininnen OSM osm_version _|STRING NULLABLE model_version |STRING
20p_version _|STRING
osonin province STRING
o tambon STRING
foiuna amphoe STRING
R 24 win 1503166 STRING
mnsasdnbgayafiininen OSM osm_ia INTEGER
i osm_version | INTEGER
osm_timestamg TIMESTAMP.

Al 7-28 Taseasnannsnetayaluszuuadsdaya BigQuery

] . < v o ' A a
13190 7-5 pavement_surveydrlve (ﬂ']iLﬂUan%}aﬂ'JaElqﬂﬁﬂquuw'lﬂuu)

Mode
REQUIRED
REQUIRED
REQUIRED
NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE
REQUIRED
NULLABLE
NULLABLE
REQUIRED
REQUIRED
REQUIRED
NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE
NULLABLE

=
YDA

= ¥
Y[z VRYA

o

<
au

viiadaya

NUYLAY Session

LAUD19DINNTIE159

session_id

STRING

lat

FLOAT64

long

FLOAT64

road

STRING

333

FK
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s1eazdendoya Yonadul viladaya
LU/DND amphoe STRING
NI province STRING
UL (4.) distance FLOAT64
a1 Qui) duration FLOAT64

(afls Yeyadageynll Usinglusieauanupuntn Progress Report 2 98lAsamse WAgafiu

1599N158519%3Lma CNN)

1
A a o

nmseenuuuszuUInivteyaiioasegiudeyanuiinuudmsussaziuiiidmune aneideld

o

\ue819701a31NNIMUIBUESURAYEUNTUNTISNYIAUY Ao NTUNNUMIUAT LAY NAUIAUAT
Qe Tnerauzddelminddoyaregne unduiuwutlumsesnuuulassadenisdaiudeya dmsunis

Uszananawaziauetoya

[y

dnuaizdonafing11wetaeiadnstinnuwnd 19y AneITedsasnwmnsdmsudaiutoyain

AUUTUABINITII AB M1919 pavement bangkok FALAUTOHARINUUVDINTUNNUNIUAT LAZAITI

Y 9

< a

pavement_phuketcity 3n4iutayaRiouuvaavAuIauasniie iieisuinissiusindeyanuiinuy

] & 4 Y = =
VDULAALWUN LEAIAINITIN 7-6 LLaZAITNN 7-7

13199 7-6 pavement_bangkok (IntudiayaiiauuvaInnNEnIUAS)

sngazdundoya Yonaduil viiadaya
Aoy seq INT64
Uszian stype STRING LU %08, DUl
o ouu nsen wor sname STRING
N rstr STRING
a9 rend STRING
N9 (s width m STRING
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s1eazdendoya Yonadul viladaya
817 (NY.) length_km STRING
Uszmeidle declare_on STRING
LU district STRING
NP maintorg STRING
3SUANS landownr STRING

A19199 7-7 pavement_phuketcity (51'61Lﬁuﬁagaﬁ'sauu‘zjauwﬂmauﬂsgLﬁm)

sneazdendoya Yonadul viladaya
St seq INT64
SWREIUN rcode STRING
%ama‘vm rname STRING
Fumduaniflomioluan
s (%,u) urban_ vl STRING
Fumauenadlomisluen
iy (%u) rural_ vl STRING
888NN (AU.) length_km STRING
779319307979 (1) rwidth_m STRING
UIELANHINS pavement type STRING
LWANNIN(.) waywidth m STRING
Viinoads (n.a.) built_y STRING
amsdowile Twifowd  register on STRING
LONATT/F9E document STRING
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sruudnnulayasessunisasgudoyaresednsiiguanuu lnseenuwuuliamisedaiuloya
auunelinmsgua Tneudanuidanudeyauenauiuiineglidans (loc_code) wagniieau (org_id)

lassasegudeyanuuluiuioua vedusazesing d518azienuanIian1sNi 7-8

A15199 7-8 road_inventory (IainunziisunuuvasunazesfnslaguensiantienuLazswanui)

= v o o ¢ A v
s1eazdendoya Yonoauil viindaya

SHaNU
. - loc_code INT64
9198991 1BN.1099-2548
WAV org id STRING
59a Map Feature M191984lu

4 osm id STRING
WA OSM
ToyaLdunuuaIn OSM osm_geom GEOGRAPHY
TOYATIUHUTIAUY VB
MUY
o . a4 rgeom GEOGRAPHY
Judeyarnaednuszideuly
71319 road_profile
AN rcode STRING
Poauu mame STRING
ToyaLdunuu ref geog STRING
Toyaiinuu Uiyda1ads ref pavement STRING
1ASIEIEN IO U
y ref roadnetwork STRING
Woulss
LEUnUUND19BSlunT9LEY

ref roadsegment STRING

auu
nihuUseyduiusteyanuy  ref roadprofile STRING
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a

ToUadIMTUI B MANYBIAALIIEN1TIUATNE AR SWAANENS (rcode) Wazdonuu (mame)

dmsuldszydayativiuniavasdunuu (rgeog) FeuaazaIANTNIBNIIENUY LaglATINITWAUITEUUY

[

s dufguarivlnadeyayailiivads lneenvasinsweusedussuvasaumaniogudilagnss

WBLNNSYNIUTUSEANS AN d1SusunAn

ANULRNlEesENINNgIUTeyatenul UKW OpenStreetMap 311M1514 Road Inventory Ag

¥ '
¥ =] ]

%@ Map Feature (osm_id) kag YoyatduauuaIn OSM (osm_geom) s3ulufiadoya sWad

Y

[y

(loc_code) warswianiiganu (org_id) Feraeddelanliunsdawioudiegtoyadmiuiiuidmang

Ya9lAssNsIseinarlulaady

1%
v ¢ ¥

dsuauuudazdy Idaedudl JayaiuRiauuy (ref pavement) lun1sensdaduAunnuenles

senINgINlayavenunLardayaNURINY waziian1sIenuIINTssuuissuugni Uity asld

AANY LEUAUUNONBIlumTIE U (ref roadsegment)

[ '
a o

Anuwenlesvastayanuulugudeyanuuvedwiaziuniulasseaenislussauiuiluauis

a

seauUszina Tveyaluneduy laswvaienisiiauuilonles (ref_roadnetwork) Uag LdunuUeN989
lumsnadunuy (ref_roadsegment) lnadoyayaildunus fussuuwnuii i ugu (Base Map) M1du
1A59Y18LEUNI99IN OpenStreetMap Lavd oy AANNUIINUNAITOYAAITITUY AT IUTILATEUY

AnATkazdauetaya (Dashboard)

[
1Y

1AYTTUULHUTNUFIU (Base Map) Usznaunign1s1egiudeyateyadifsy A n1519 Lduauy
(road_segment) #1519%03anuu (road_profile) d3ussuuiiasigvikazdnausdaya 1dn15197aya

WU (organization_profile) dmsuussananaagUada lunmsInveiui

1%
Gl

lunisuszananaad ad sruudiasigviuazyszananarinisasudeyavnn n1sne
road_condition report k@ road_condition 1JuUszd1vne 10 Wil HHGAlLS waz audeyadiiingd

NNN JUN9 hARIRINIGTIN 7-9
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a51991 7-9 organization_profile

s1eazdendoya Yonadul vilndaya
WAV org_id STRING
sWaiuil loc_code STRING
naniivsuussaiatoyaagy
, updated DATETIME
agn
SrunuouuilFFuuds
Number of roads under
supervision with at least
pavement inventory road INT32
some IRl data; Total
number of roads under
supervision;
oo . pavement length_monitor
JrUENNNLATUNITE99 FLOAT64
ed distance
dnduszesmaiildiun1s  pavement length monitor
. B B FLOAT64
d19373 ed pct total
Anade IR pavernent iri_avg FLOAT64
ANURAUNATTIILA pavement iri_count INT32
svaenafifien IRl 6131 2.00  pavement iri below?2 FLOAT64
sreEMiTien IR sewing
pavement iri_2tod FLOAT64
2.00 - 4.00
sygenfifien R §4n31 4.00 pavement_iri_greaterd FLOAT64
sernadlalafunng
pavement iri_unkonwn FLOAT64

41579
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Tumswsendayavesiuiiiving Jeyadununvenduauududeyadidglunisiideyadiin

GPS Aduiinlaundasizsilseuiiaunusdunuulunundivune Taeldway

7

<9

ANUFIU (Base Map) 210

OpenStreetMap @ uuatdunuuLasY oy LTI UL IYBIUY (Geometry) LT @M UT AT ¥ UAE

Uszananaadaninsinvesiiui suluddideyausznau wu silavesiaouw anue1d a1 gndmiuly

M1310duaUY (road_segment) drudoyausznaudmsudvaudeoun gninivly mssdeayanuy

(road_profile) WARIFINNGIT 7-10 B9 P99t 7-12

M15197 7-10 road_segment (uauudwsuldiluuauiiniugiu andaya OSM)

3711 OSM

sneazdendoya Yonadul viladaya

WAV org id STRING
*fayahu safui loc_code STRING
Fonuu name STRING
Usznnouu highway type STRING
ANNET (4.) length FLOAT64
Usglnniianuu surface STRING
UIULAY lanes INT64
sruiouudeidifuglisd  tunnel BOOLEAN
spyhouudnidifuagmu  bridge BOOLEAN
ﬂ’J’]ﬁJL%’;QQEjW}’]@JﬂQWJ’]'&J maxspeed FLOAT64
wqfhauwﬁ'saﬁtﬁuiamq
- oneway BOOLEAN
e
NUIBLAVLE NI route_no STRING
uvesdeyaiitimain OSM  osm version INT64
vielavindedayativnn

? osm_id INT64
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= v
Y[ VYA

a [ % <
YDAAUU

ToyaiBaunuil WGSsa 91
OSM

geometry

GEOGRAPHY

M1319% 7-11 road_profile (Yayanuudmiuduaunasuansluniineazidenauu)

seazdundoya yoAoHUYl viladaya

WAV org id STRING
SHaNU loc_code INT
PoLsuNaUY road_name_idx STRING
Foouu amunzioulu m13579

name STRING
road_inventory
AU 1B ULAUAINETD |id STRING
971989191970 UUTUNUN

ref pavement STRING
MITN-2, A1379-3
AUV (N3.) length_km FLOAT64
A1 IRl TaeU sz iri_estimate FLOAT64
UFulganseuniunis update

smoothstreet score FLOAT64

$1379 organization_profile

M13199 7-12 road_condition (YayadninAlnuuainn1sinuvasluaanisiseusd)

s1eazdendoya Yonadul vilndaya
WAV org id STRING
sV loc_code STRING
Foouudmiusuiaudu road name _idx STRING
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s1eazdendoya Yonadul viladaya

sagunInl device id STRING
nafiseay time TIMESTAMP
Fumafiseay position GEOGRAPHY
amanndeddeseu

o o 4 image_url STRING

IALNUN Cloud Storage

Usziandnguveauraun® | object class STRING
MeSueIngusemNNaUNG |Object description STRING

M1319% 7-13 road_condition_report (123a351891uA14RAAUNRYBIHINUUIINTEUL)

s1eazdendoya Yonadul viladaya
WAV org id STRING
sV loc_code STRING
auufinTranuANuAaUnd road_profile_id STRING
Fonuudmiusuiaudu road name _idx STRING
FunsfinuAaRnUNG location GEOGRAPHY
FusRanuY Su segment_start GEOGRAPHY
Susfnouy Augn segment_end GEOGRAPHY
sWaANURAUNG report_code STRING
UssnnAuRaUNg report_type STRING
nafsenuldfunstufin report_time TIMESTAMP
nBLavIeUdmsUlY
. report_ref number STRING
aeNGR
‘Vimmaﬁuqﬂﬂiaj‘ﬁ'ﬁm’m report_device STRING
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= v o v ¢ a v
sﬂaaztaﬂﬂ%aga YAl ?J‘H("I‘UB%JJ?I

Tuwpasawunilgu model version STRING

LD TUVBILDUNALATUN
app_version STRING

Edge Device

Tunsthszvususuuldldlunisdrsuasdounanitnuulaeg19iafs aunsaagudunaunis

[

. - vo X
adunslasadl

ook LN

msfmuaiuiidving dwsuinnuleyasasUssuianaadn

v v '
] o v A I

nsinsgudeyaiiugrudmsuiuntmneg

nsideyaluiuidmuneuniweilagldvnalulad Uyanuseivg

9

nsasUlayauazinnisusienuluwariuimdmng

nsdnaveteyauazansaumeanvangandmIugldanu

[
[ YY) )

Aaluaziiulandsdagnsnduneswilunisdanisiauresssuudmsunnaznuieau fe

Ionseudeyavretasansiionmuaiiuiidming uazauausulayndeyamailiviuaisegwadiaue

Feloyavauwnasniienuazgnasisardniulunissdeyan1aqveantasay (organization_profile,

road_segment, road_inventory, road_profile) tiladn1sUszaianadeya Ineivayad1niue1dgene

£%

JWaNUN (loc_code) wagsianuansu (org id)

LY

752

asulunauMsUsEaNana

(%
1Y [

Tunaun1sUszInaravenanlesuTndeya annseagllunmsulansneg dsilde

1. dawseudeyaitdmiuusazmhenulussuy
2. gunsalnsIInuANEaUnG udvinsdedeyaundunaneaty
3. unaanesuazUleya lnensusvaianauuusnludi uaunseutdeyaiiveluseuu Dashboard

deyaluuaniua

v ' a v a ] o o [y 1 & A [J | £ = 1
G]’J’e]EJ’Nﬂ’ﬁLG]iEJﬂJ‘U’e)ﬂﬂﬁN’JﬂUUﬁ’]%iUIﬂﬂi%UU drusuumaznunidinuigandusesiinisasny

al' = Y Y - o =
LLN‘LW@']U"?NU?%ﬂ@U@'JEJQUULﬁ‘U@'NG]IU‘WU‘W EAANANINN 7-29
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Tnszilalagende Toyaiiin

A 7-33

F 5 [
NonTHABURI  F &
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TALAT KWAN
MUK
RNV IY
LAT PHRAO © KHAN N
LWa’IaNIN
~
M PHON
v _4"«* 2 ?f"u(d)a aauv?a BUENG KUM K
o ot ® = & e donu
0a®® =
g 6935 /5 WANG
THONGLANG
y 74‘%\““/}“5‘;““ taiImeInany
N HUAI KHWANG s
A LwanI8ug BANG KAPI
Bangkok \ Saunne
NPINANRIVAT 2 Expy
i \\\m
sl WATTHANA SUAN LUANG
LURRE L KHLONG SAN T UYWIFIUNAN
AROEN LUAARDIAUN ol ekt | PR
Wy KHLONG TOEI SUAN LUANG uwd
i SATHON  (uaaasay WYY AIUNA
THON BURI e ams
- : smeered =
I = v Y = o =~ 61
AINN 7-29 msms&mmagaLauﬂuummmuw OSM uags18v¥anuUU UNTILNWUNRIUAT

NN alATUTaYaIN Edge Device VULEUNUY SeUUILUITBYALIINITIVTINEYINNAT
310 GPS NgUnsalied157995anuAURAUNG LanadenIng 7-30 9



AW 7-30 fadredayanina GPS ngunsal dnsnwiauuduinuanuEaung

Y

M

4 )

2NN 7-31 Arag1eauulunund e
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2NN 7-32 A29819AILNUINATIANUANAAUNG

Map Satellite

o Query
F ect I( 2
|

smooth-streets
|

-~ Set buffer = 5
-- To match ground location
Search the table road_inventory for matching record
|

|

WITH bounding_area AS (SELECT
ST_BUFFER(ST_GEOGFROMTEXT( 'POINT(98.2914032 7.8874798)'), 5)
E
3

geo LIMIT 1)
SELECT *
FROM “smooth-streets.lake.road_inventory™ ri, bounding area
}
|

WHERE
ST_DWithin(bounding_area.geo, ri.rgeom, 0)|
| Hatogy,
5

“ Show results (1)
[
|

Estimated query size: 405.8 KB

) locatic
United States (US)

° Data
/

A 7-33 yaadelunrsnaduauuaindunisinuanuiauni

3511591999 NUSRIAUUTIRNA GPS @SUNSANTIAUUIINEUNINTOIN 18NNAI8819NNS

nnaedlsranatuyadayanadeufing 1l uansliiuinfide GPS Ivuiinladlawisuiuwnudidy
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[

AU FAANUAAIAAADUANTULY waTUINIAUNIRIAUUIINWRUNTUFIY WAAIAININT 7-34 LAz

AR 7-35

Khlong Sathon
faBIFTT

WA 7-34 Win GPS 3 naunsaltuiindaya ialisufiuunundnadaudmunisaainiatou
Aunelaiduiusiu

© oo Map  Satelite

e

United States (US)

© o -

A 7-35 nslENAR GPS Nsadmiaisumauuuslianansassyiiauula
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WBNINNTOBNLUUKAEVAFRUNA LSS AU WLET GPS YasgunTalie &l
wisadmsuiasinsainanuRaUnininTany 3ngunsal Edge Device Litoasneinagatoyanis
F189UANURAUNG F MU NAEBUNTINNUTBITEUUTIUTOYS AGITRLA WALFULUUTDLARIY WARIAS

AT 7-36 warnnd 7-37

{"N":"7.891771""W":"98.388885","S":"7.889114""E":"98.394035","zoom":"18"},"'road_segment_count":30,"road_segment": y

Road Condition Report

o~ - . - -
1. BWangdaviiIgny 2. l.mnqtﬁunuumnuuunrnu (road_segment)

MBNN  InAuNADILENEY AdaTayF ¢ @ua / uaae 81108 / 190 i
- d _va v 2. 4 !

& mﬂnﬂmdunuummunnmga ((CEGREERNER Y alTNaY (segment_start) haﬁuqa (segment_start)|
ouu  Thanon Damrong auuaNse $

- N -
PIATUAUIINUNUN

swaaNAnUNG (report_code), sliaanuAaUnd (report_type) ABC1Imaaia v siumis Tasuszanm (Iocation)‘7.891032,98.391961

5. §esBuaNNAnlnG (road_condition_report)

4. 5u Model dwmsunsznanatiayga (road_condition) [Submit Road Condition Report] |

Choose File | No file chosen Platform: jandroid ‘ DevicelD: |e12cfca8 Send Debug Data

P ] Yy W ' v a a a °
AINN 7-36 Lﬂsaﬁﬁlaaﬁq\iﬂqaﬁnﬂma%}aﬂ?quwﬂﬂﬂﬂ‘UuN?ﬂuuaqaaﬂ
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l

pam

Leaflet | © OpenStreetMap contribt

[

{ "ok :"Report ived. ({ start':
['{\"lat\":7.9032045257383885,\"Ing\":98.38836124981755}'], 'segment_end":

Road Condition Report

WBY  nAvadans] ¢ LA /uee 87108 / 120 Jmin

3. iqﬂnﬂmﬁunwﬁv:ﬁuﬁniﬂga (Ere e a3 a6y (segment_start)

|{1at":7.903204525738 yoiugn (segment start) {"lat":7.9033606,"Ing"<

ouu  Thepkasattri Road auuMWNs¥E®T
aawEAUNA (report_code), siiaanuAaUnd (report_type)
ABC11 vqaiia v
siumia Tauszana (location)
\("|azi:ude":7.90328253|{

AN 7-37 AURAUNAULRIOUNINEY INNYaNBIYaIRaITaYa
753  swaviBunvesuwnanlosuiusiurindeya

wnanWesuswsmdoya 19u3n13 Google Cloud Platform LiedaiiunasUssuianatoya lag

anansaidigsruudamminenslan hitps:/console.cloud.google.com/ WaAASAINNT 7-38
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= Google Cloud Platform & smooth-streets v

Uszinans
m ldsdmiuTasams

DASHBOARD ACTIVITY RECOMMENDATIONS

o® Project info = p Engine H & Billing :

Estimated charges THB B1,255.96
For the billing period Feb 1 - 8, 2022

Project name
smooth-streets

NsandsnUnd
Google Cloud
Platform

Project number
e lasams

Take a tour of billing

825134079444 0.8
Project ID i _ )
sitiooth-etiasts —> View detailed charges
0.4
ADD PEOPLE TO THIS PROJECT
02 Z& Monitoring :
—> Go to project settings o 0 Create my dashboard
FEMITNINEINT na'n'a Set up alerting policies
& Resources : \zaalasams
* : Create uptime checks
gine dashboard
@ BigQuery
Data warehouse/analytics
g sqL ﬁ} s I . View all dashboards
Managed MySQL, PostgreSQL, SQL ompute Engine :
Server
CPU (%) - Go to Monitoring
ﬁ} Compute Engine
VMs, GPUs, TPUs, Disks oo
=a Storage 80% . .
= - o API Error Reporting :
Multi-class multi-region object storage
60%
() Cloud Functions No application errors in the last 24 hours
Event-driven serverless functions 40%

a1l 7-38 wranauaalasenislu Google Cloud Platform

n¥nensiild:

1. BigQuery

2. Cloud SQL (PostgreSQL)
3. Cloud Storage

4. Cloud Functions

5. Cloud Run

6. App Engine

TaeviinslAusnisua Edge Device way Dashboard 97nlaLuu smoothstreets.com
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754  vinensiindeuldeuuy Google Cloud

1. Edge Device API
Dashboard API

§1uteya Cloud SQL wag BigQuery

poLDN

Cloud Console Lﬁaﬁﬂmiﬁi’lj@gaﬁ Google Cloud Storage ey BigQuery

o

U3N15AaIARINNT e lUT seyussnnvaamninginsuaglaimnisldnunaugifednmiouway

[
(Y

Andald wieldanulunsimuissuukasliuinisteyanaenseestinin1saniulasinis wandfni1ed

~

-14

A15197 7-14 518015V NEINS Google Cloud Platform

ltem Component Description Remarks

lake-API
Invocations:
2,000,000
GiB-seconds: 37,500

2,000,000 calls

(6 devices making five
1 Cloud Functions per month
API calls every
GHz-seconds: 60,000
minute = 1.2M calls)
per month

Networking: 476.837
GiB per month

Total Amount of

Storage: 1,024 GiB

1TB / Month

(6 devices generating
Class A operations: 2

2 Cloud Storage 100GB of data
million
(video+sensor) =
Class B operations: 15
600GB)
million
lake

3 BigQuery

Storage 500 GiB
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Item

Component

Description

Remarks

Streaming Inserts
1,024 MB
Queries 1 TB

App Engine

Instance Type: F1
Instance Hours: 1,460

per month

Cloud SQL

Cloud SQL for
PostereSQL

backend

# of instances: 1
Instance type: db-pg-
f1-micro

730.0 total hours per
month

SSD Storage: 10.0 GiB
Backup: 0.0 GiB

Compute Engine

1 x time-series
db/analytics

730 total hours per
month

VM class: regular
Instance type: e2-
standard-2

Region: Mumbai
Static public IP 730

hours

1 x web

app/visualization
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ltem Component Description Remarks

730 total hours per
month

VM class: regular
Instance type: e2-
medium

Region: Mumbai
Static public IP 730
hours

1 x gis db/shared

desktop

21.726 total hours
8 per month

VM class: regular
Instance type: n1-

standard-2

Standard Tier: 1,024
GiB

9 Internet Egress

7.6 NsnagauNIsTINILLNaanasAuIIuTINtays

nerugIdelatinmegeunisvinuveunanes i UTIUTINYBYARABATEEELIAINTATY

1593
7.7 asUesAnuivianniside

nseaNLUULAzAUTEUUNUUSENIaRataya loT laglduinisaane danuadesiigelunis

anuazdnasanineinsidndu lnsanznisasiaszuuinietie nsdnlidnundanudoyawas
NINYINTABNNIMBS U WA MTUUTTIIAKATEYA warN1TIdUnAINEAINITAVDIUTNNTAAIATLS LU
U3N33zUUAaIlaYa (Cloud Data Warehouse) uazusnsdaLiudaya (Cloud Object Storage) iy

Usglerisansiamnssuuiiudeyadiegsdmiulinaeudsiuun
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nénfonsadlunaiarlinsafuasduunanufisuninndeyaifle fafuaeld NN dmsuns
nsa93uTng v3e Object Detection AvlusuideiiinisUszgndlfinadavasnisaielouninious
(Transfer Learning) n1eldmaluladnisi3ousidsdn (YOLO Deep Leaming ) Tngvinsifisiazan
lugaves Convolutional Neural Networks (CNNs) Layers wag Fully connected (FC) layers 1l

usduitali YOLO anunsaussendldnuiussuunsiaduanuiinunivuiinouula

Tuunilazuaue Framework ¥89n1385198281un#28 Machine Learning lusiade 11.2
waz 110 11.3 uanaiiemlneduves Convolutional Neural Network uwaz maflavasnisdielou
naSeusillumided mevssfiualunadiniunsnnaduinglagld mAP uansesanden u
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11.2 Framework ¥29n158519A291UUNA28 Machine Learning

A ¢
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denUszananuiiaUnaiiaulananl3lukided 10) Fuilemmusiiufivesdsiauniviaulaudras
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andnenssu wan1sadunuveusazlunatzgniuiinlaglddl mAP (mean Average Precision)

11.3 Convolutional Neural Network
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Convolutional Neural Network (CNN) 415 81as9U 18U @ MA g U UFITRUINS v

¢ a o

1A599187 E8unuulasIv1eUTeaIveIuy we Nn151 8 audaenI10waa Loy CNN LANY UNES

=l

Machine Learning %Lﬂumwﬁwmﬂmfymizﬁwﬁ 730 Al (Artificial Intelligence)
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NITAEIUAN 9] VBININBDNN lRdsuunauisasund nvarveannldudugunniy
woNIINT CNN Feusznoudaedusing 9 na1afe $u Pooling ﬁﬁwﬁwﬁﬁqﬁwﬁﬁﬁ@yﬁqﬂ wagyinlw
UszanSan vesmsusananafiunnty wazsimiatu [4,5] deg1elaseasne ONN wansiannii
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waaaziin1susuusaliAves Feature Map duliifudnvauzdadu lnen1sld ReLU &azyinnis
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9 Y Y
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MeuuunIgie anndeenssuiunauslay Joseph uag Al Tul 2018 [7] Tassasngwes YOLO V3
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YOLO V5 gninausludousiquisy U 2020 Iag Jocher [10) Faiduanitnenssuusnly

o

ns¥Na YOLO fiviaruun PyThorch (34 YOLO V3 wag V4 vieuuy Darknet) vilsivieulddnend

wazlduugunsainnniladne wenaniideiauldisa wazfinuwiugy sudflvuiadndnsae

Tassadsanntlnenssy YOLO V5 uanasenng 11-5

11-6



Backbone: CSPDarknet

_____ y———————————— [————

Neck: PANet Head: Yolo Layer

I
|
I

((BottieNeckesP I.H_.I Concat ———{ BotlleNeckCSPL

Conv3x3 52 I

Concat

BottleNeckCSP |

k | ] ¥
(_ BottleNeckosP J-n—m (_ BottieNeckosP

I
|
Il

Ll

[
I
I
I
I
I
I I {
I
I
I
I
|
|
I

SPP | Spatial

e e e e — ——— —— —— —— ——

Convolutional Layer

Pyramid Poocling Concat | Concatenate Function

AR 11-5 Tasesadreaadnenssy YOLO V5 [11]

11.4 A29auazn15UsTLRUNA

n15%1 Object Detection feuln1sinUse@nsn WA Intersection over Union (loU) lag

WunsAnudnandiuseninediud intersection fiuwagdiuil Union furesnseudeuing 3

loU @ansaAuindlansaunisi 11-1 uasuandfsgun 11.6

_ |AnB|

1AUB| (11-1)

il A Ao bounding box fildiarnn1sviune uaz B fis bounding box vasdiuiluingasa




Ground truth

area of overlap

loU = :
area of union
' Overlab
l.iUh“c“g

sUR 11.6 N1SATUIUAT foU

u

=~ A o A

Al Tnuszansnmdndmilenldlunisiaussansnimvedunansiaduingfeen

mean Average Precision (mAP) TaatfumfifsuiaainAtedeanuuiugi (Precision) wagmIuan

(Recall) voeingluguiiaula srmnulannaunisn 11-2 uag 11-3
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[
Y o

N30 37 T 16.16 W 1 UNTUN e lANINUATIUIY 1,341,760 A1 AMNATANURAUNR

ManueduIY 32,929 am deyanldluns@nuiidenisien 11-1

M19199 11-1 dayanldinwide

NNBLAY - - . . . a0 12U
azfiyn A24930 auu wA/3N8 Amin
Session N N (s) 270
1605785759 13.7215889 100.5302067 UTNTNATIVUATUNS u138n NTHNN2 236 2360
agnuaAInTzidn
1605785997 13.7181077 100.516578 - #ms AFINN 355 3550
AINdu

1605786358 13.7192721 100.477455 Fyaiven ﬁu‘lﬁ NTHNN 294 2940
1605786693 13.7211921 100.4588604 NN MEasy ATUNN2 397 3970
1605787092 13.7720331 100.4440545 na NTHNN2 332 3320
1609918322 13.7290134 100.4744462 FyanAlyn unanivey ATUNN2 349 3490
1609918673 13.7182133 100.5177416 amswile ams AN 377 3770
1609919140 13.7337032 100.5459149 ny Unutu NTHNN2 26 260

1609919201 13.7345206 100.5460428 ny Ui ATUNN2 170 1700
1609930458 | 13.7437458 100.5456184 MaUIn Uiy ngumMwT | 123 1230
1609930651 13.7440109 100.5444779 INaUIN Unutu NTHNN2 129 1290
1609930784 13.7344486 100.5422357 GSGE] Unuiu NFUNN2 60 600

1609930879 13.7341244 100.5457907 anseu Uy AFUNN 151 1510
1609931105 13.7247095 100.5483186 WigsI7 4 @3 NN 449 4490
1610767854 | 7.91096786 | 98.33368165 neg) i 415 4150
1610768407 7.90826647 98.34798208 nagusdl ﬂ:,’ff QLﬁm 378 3780
1610769536 7.90860633 98.34840825 nagusdl ﬂ:,’ff QLﬁm 581 5810
1610770133 | 7.91073853 | 9833400787 | wiwu1sdl neg) i 174 1740
1610770321 7.90855924 98.34754475 nsgunsl ﬂ::“]{j QLﬁ(ﬂ 436 4360
1610775287 7.88787303 98.3667887 LﬁadQLﬁm QLﬁm 307 3070
1610776007 | 7.91433373 | 98.34339789 | wiwu1sdl ney) i 153 1530
1610784157 | 7.91433373 | 98.34339789 ny) ifin 383 3830
1610784850 7.90673493 98.37783081 81397 sB9LNA QLﬁﬁl 434 4340
1610785540 7.90072349 98.38862753 81397 sB9NA QLﬁﬁl 89 890

1610785639 7.9039745 98.38878084 81397 LﬁadQLﬁm QLﬁm 667 6670
1610786322 | 7.8904578 98.39830064 | 59 dlosgiin Qe 489 4890
1610786817 | 7.90107196 | 98.38840734 191y dleagufin Qi 196 1960
1610789859 7.90439723 98.37769171 81397 LﬁadQLﬁm QLﬁm 212 2120
1610790074 7.90495745 98.36241995 nagusdl ﬂ:,’ff QLﬁm 123 1230
1610790293 | 7.90845968 | 98.34827056 | Wiwu1sdl neg) i 794 7940
1615023409 7.914726281 | 98.34445104 ﬂxﬁ QLﬁ(ﬂ 100 1000
1615256518 | 7.908105 98.353468 wizainui ey oifim 79 790

1615256668 | 7.906050446 | 98.36880719 | mavw dleagiin Qifin 359 3590
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AUYLAY - - . . . 1381 U
aATAIN 0293937 auuY LUA/2110ND WHIN
Session ° ° (s) 2N
1615258060 | 7.888999855 | 98.36866475 Fnasasu laagufin Qifin 26 260
1615258136 | 7.888156613 | 98.37088352 Fnasasu laagifin Qifin 192 1920
1615258342 | 7.885119607 | 98.38384261 nsed lagifin Qifin 351 3510
1615258702 | 7.889633887 | 98.38607022 W51 dleagfin Qifin 311 3110
1615259214 | 7.903376077 | 98.37766207 191y dleagufin Qi 154 1540
1615259467 | 7.903465394 | 98.38849477 WNNSTER3 dloagufin Qi 403 4030
1615260286 | 7.880850841 | 98.39863611 Tsrnamadven laagifin Nifin 84 840
1615260928 | 7.875656092 | 98.39821395 LBEYAHL ) dleagufin Qi 208 2080
1615262274 | 7.899293401 | 98.35116031 RRLGAGEY ey Qi 371 3710
1620015892 | 7.89094547 | 98.38994478 WNNIEERS dleagifin Qifim 289 2890
1620005627 | 7.89884309 98.35627062 neansy ey oifim 80 800
1615259882 Woagufin Qifin 376 3760
1610869677 | 7.88088933 | 98.29537616 wily ey Qi 599 5990
1610767651 | 7.91898755 | 98.3317589 ey eyl Qi 125 1250
1610767355 | 7.91527353 | 98.34421547 eyl eyl Qifin 256 2560
1605787430 | 13.7228819 | 100.4577714 NN Measey ngumme | 53 530
1605785475 | 13.700539 100.5417056 uIB/NETIWUATUNS | BN ngumwY | 277 2770
1605784941 | 13.7249016 | 100.528163 ussmanvuasund | uedn ngeMwg | 519 5190
1605784707 | 13.7215139 | 100.5299104 amslel ams ngeMwa | 177 1770
1624348903 Woagifin Qifin 586 5890
1624430732 | 13.8423772 | 100.5419374 | Uszandy Uade gy | 516 5160
1624431268 NFUMNT | 300 3000
1624432326 N3NNI | 300 3000
1624519591 AFUNNT | 300 3000
1624944203 | 8.0052663 98.3087998 4. thdn 5 o Qi 312 3120
1624947235 | 7.9825741 98.2852872 %08 Walfen ang Qifin 292 2920
1624947891 | 7.9887944 98.3090939 RGN ang Qifin 56 560
1624948296 | 7.9873671 98.3167842 A3auns o Qi 133 1330
1624949566 | 7.8998965 98.388812 WNNITER3 dloagufin Qi 169 1690
1624949794 | 7.8908124 98.3899229 WNNSEERS dleagfin Qifim 263 2630
whunssifesisynia | L .
1624953224 | 7.9240176 98.3715972 io lagifin Qi 240 2400
1624953610 | 7.980598 98.3637823 GEGINE ang Qifin 46 460
1624953681 | 7.9794014 98.3594753 RGN ang Qifin 235 2350
98.3061888 . _ .

1624954188 | 7.9924819 Truneu-dmeia aang Qifim 282 2820
1625728986 ngenwe | 23 230
1626054367 ngeMwa | 237 2370
1626060437 300 3000
1626060454 | 13.2708447 | 101.1752594 4U.3026 s Way3 2040 20400
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nUYLAY o - . v 1380 Fuu
azfgn GRAORIY auu LUR/BND UM
Session * * (s) 2N
1626063061 13.2611938 101.3167216 ¥U.4082 nualng ﬂia“ufi‘ 1793 17930
1626063072 13.2619553 101.3159508 ¥U.4082 nualng ﬂia“ufi‘ 1788 17880
1626064943 13.1200827 101.4082215 ¥U.4082 el ﬂiaf’i‘ 1720 17200
1626064959 13.1199433 101.4081802 ¥U.4082 ol ﬂiaf’i‘ 1770 17700
1626066814 13.1348785 101.5539225 ¥U.4082 Uanea ﬁumﬁ 1680 16800
1626066826 13.1347077 101.5542114 ¥U.4082 Uanea ﬁumﬁ 1700 17000
1626068653 13.0354553 101.6629877 Highway 0702 UYL ITYUDY 1543 15430
1626068666 13.0351625 101.6629511 Highway 0702 UYL FTYDY 1547 15470
1626076189 12.9378874 101.5209296 344 Taduns FTUDY 2210 22100
1626076210 12.9378006 101.5209167 344 ejung YD 2270 22700
gop aevuoiniuls | |
1626078535 12.8950297 101.3711764 ¥ UIUAe YD 2602 26020
ana
99y pwueIniulss | |
1626078552 12.8952073 101.371221 ¥ UIUAY ITUDY 2673 26730
Uena
1626081350 12.9782869 101.3763989 ::;ﬂaawmm o Uaanuag YD 2264 22640
1626081360 12.9781225 101.3763921 ::;ﬂaawmm o Uanuea FTUDY 2326 23260
1626083920 2494 24940
1626083929 13.063938 101.2675502 ¥U 5059 nuadlng ﬂia“ufi‘ 2682 26820
1626145449 13.2715344 101.174832 UU 3026 tuds ‘Ua‘lﬁ 2682 26820
1626145452 13.2707496 101.1749447 UU 3026 tuds ‘Ua‘lﬁ 2630 26300
1626148229 13.4861117 101.1668104 AUUIzYI Widaiiau ﬁumﬁ 2242 22420
1626150592 | 13.5024814 | 101.208699 Wioam wilaflau ways 2266 22660
1626150593 13.5024529 101.2091907 Weam LNVGIGH] ﬂiaf’i‘ 2204 22040
1626152554 13.7545359 100.5744352 WIEIW 9 evI9 NN 580 5800
1626152953 13.5088823 101.3785534 2%.3010 ulawem azldunsn | 2108 21080
1626152955 13.5088925 101.378678 2%.3010 udasem awigamsn | 2170 21700
1626153551 13.7543715 100.5744841 WIEIW 9 e RTe RN, NN 360 3600
1626157135 | 133870679 | 101.2876108 1n1gInd neduns ays 2340 23400
1626157136 13.3870626 101.2875269 1n1elng n1eTUNg ‘Ua‘lﬁ 2430 24300
1626160388 13.3641877 101.4158881 3245 Uanas Tla‘lﬁ 1972 19720
1626160389 13.3642309 101.4158711 3245 Janas ﬂiaf’i‘ 2028 20280
1626162478 13.3828505 101.5827357 ¥U.4084 ynmzifey PN | 2436 24360
1626162480 13.3827057 101.5828481 ¥U.4084 yezfigy azldunsn | 2515 25150
1626165056 2435 24350
1626165060 522 5220
1626165731 13.3319326 101.5287642 2%.4008 Uanea ﬁumﬁ 1702 17020
1626233915 13.2686463 101.1661127 UU.3059 tuds ‘Ua‘lﬁ 3482 34820
1626236174 13.1527953 101.0292204 ¥U.4098 #3579 ﬂia‘uﬁ 2204 22040
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RUYLAY L3381 U

azhgn GRRoRY auy /31N Jmin
Session ° ° (s) 2N
1626236175 13.1527405 101.0291453 4U.4098 #3919 °Ua1ﬁ 2259 22590
1626238481 13.0019444 100.9934488 3701 UNALYS %aq? 2206 22060
1626238483 13.0019301 100.9934712 3701 LI GERN ?Jaiﬁ' 2146 21460
1626240744 12.8938331 100.9286345 vjqﬂau—mawﬂu LI GERN ﬂiau%‘ 2206 22060
1626240746 | 12.8938249 | 100.9286215 Vanas-navi U3 ¥ay3 2146 21460
1626247452 12.7944163 100.9198917 4U.1003 GVl ﬂjalﬁ 1972 19720
NG NYNTAERS .
1626249533 12.8960165 101.0259151 o UNAZYS YAYI 2378 23780
dniu - wuna Ay
1626252035 13.0949093 101.0825185 #3317 ﬂja“lﬁ 2030 20300
1626254212 13.1164787 101.1081394 3241 #3919 °Ua1ﬁ 2030 20300
1626247450 12.7943525 100.9200442 U.1003 dnitu ﬂiau%‘ 2022 20220
NNNAEYNTAARS .
1626249531 12.8960099 101.0259084 o UNAZYS YAYI 2436 24360
dndu - nuNEsA
1626252032 13.0948953 101.0825014 #3919 ﬂiau%‘ 2115 21150
1626254210 13.1163762 101.108338 3241 #3519 ﬂjalﬁ 2086 20860
1630039427 4186 41860
1630043685 13.0314698 100.9963662 %Ja‘lﬁ— inen UNALIN ‘Ua‘lﬁ 1541 15410
1630049412 12.7170773 101.0224896 ﬁ’wm—mumwm YU REASRN 2612 26120
1630054764 | 13.3403775 | 101.0247796 Yay3-Nnen Waways ¥aus 1837 18370
1632813042 13.7557713 100.5696398 NI 9 /e lIRTPgN NIWNN 300 3000
1,341,76
U 134,176 0

aufiszylineuniiluung 10 Ineanudauninaulaluanudded Ysenaudie () Ay
Fevgvilanauuauuiinuy (Pot Hole) (i) anuidemeviinsesunnluyesinieasias (Crack) (i)
ANUFEALYBY (Edge Deterioration) (iv) seeyauunseatulygeuiiana (Shoving or Patching)

wag (v) ivieszungiifieglutomneasnas (Manhole)

msfvuaeRaunfvuilauuiiaula Snsaaeulivanswonsdnng fuanieazidonl
Tuunit 10 Fsarnund 10 a3Ulen sesliuas i hunldlunisdudunside asidurenduaide
Laberu Tagfig18viin13 Label 1u2u 17 au iilesann Laberu duiBugonlduagiianuisnyiinig
AmunmaAaunAvuiaouuitaulaldvatsaundeusu i efmunaudaunAvufaouudiauls
&1vinTg Label doyagyafiduidoneviosudaiy aunsoasusununiuisnifiaulaluusioy

UsennlAsansnan 11-2
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A15199 11-2 3uruauRaUnfnaulaluwsazdsenn

508UAN VG FoEUANTUAUU souUs lvia
(Crack) (Pothole) (Edge Deterioration (Patching) (Manhole)
17,391 3,573 1,080 7,454 14,606

11.6 N15IAUAZN1ITUTZIUNAINATAIINAIIUUNAIY Machine Learning

lun1s¥auazuseifiunaannnisasteiadiuunaleg Machine Leaming lauuseaniduns

NPaesgey o laiin1sneassndnisiudsuliasuesdiuiuseu (epoch) hagn1silasunlasvsy

YUINNN S1UALLBYANITNARDIAILEATIUTD 11.6.1 - 11.6.2 Lazn1seAUsIonanide 11.6.3

11.6.1 nsneasansaslunalaelonisidmasmnaiy

Tunsnaassiudinislya T nnanun 32,939 AN WAZAIAUATUINATNT 320 x 320 HANS

[

7AABIININAT MAP A9mN5199 11-3 dIUSI9aLLReANISYINaRIlnatl

manaaasd 1 : T original 9147 200 epoch wag batch 8
manaaasd 2 : Tam original $1u3w 500 epoch wae batch 8

v A

nsnaaeail 3 : 11w original $1uau 500 epoch Wag batch 16 Fmsiiuawi lisiingdi
aulanluee

nsnaaasdi 4 : I mdidnisdn Environment fililAsadas $1uau 200 epoch waz batch
8

msnaaasi 5 : T mdiin1sda Environment filiiisadas §1uau 500 epoch wax batch

8

Tun1smaasei 4 wag 5 1WA INATN1SHA Environment 7 LA e1903909n Aawanaluning

11-7 F98190 M LeNaan15en environment MkiiNe199999n0 wazldlun1snaasei 4-5
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AN 11-7 A08190 NN LANEIN15AN environment NhiiNeYa9an wasldlunis

A1519% 11-3 WERIA1 MAP A1A1NN158519A29UUNA85N156A9 9

a9 4-5

MIMAaasi YOLO V3 YOLO V4 YOLO V5
msveaesdi 1 | 11.50% 14.00% 68.80%
msvaaesii 2 | 38.86% 43.58% 82.30%
msveaesii 3 | 34.27% 41.67% 72.80%
msvaaesii ¢ | 50.38% 56.17% 69.60%
msveaesii 5 | 31.57% 39.41% 78.60%
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P13l 11-3 uansen mAP vidpUszAvsnimnisnsiaduresnisuiumaidimed Aufiluam
wazdiuau epoch fiwansaiu Tngluntsvaaeuiudnisuvsnmesndu deyaynaisluing
(Training Set) uazamiiteriudeyagannasy (Test Set) Iag Training Set 1iuyadeyadildluns
Boudvesaenines Tnelii3nsdu (random) FswadwsitldanmsSeuveeiesiolinaa 9ty
Jalddoyayn Test Set smaaouUszAnsnmvesluna Jsteyailinaaeulunis 11.3 1Hudeyad
T¥3Aloyafsaru Wa Training Set uag Test Set a¢ld 26,469 nmiiteidudeyaynasidluina
(Training Set) wazazld 6,470 ammiloldudeyayanageu (Test Set) m31efl 1.3 uansUszansam
2934135053330 TngeA1 mAP lngldtayayassusuazyanaaeay 9InA1519nudT [an original
11U 500 epoch wag batch 8 Tiszansnmveslunaiiandl 82.30% sosasn T miidnisen
environment kiAo §1u3u 500 epoch way batch 8 Tiusyansnnvasluimawiniu 78.60%
daunsldam original 13 500 epoch wag batch 16 s mithiffngfiaulawdldae 1
Usgansamvesluimaindy 72.80% daunnisldaiwdidnagsde environment #iliiAgados d1uau
200 epoch wag batch 8 TUszansnmvaslunayiniu 69.60% wazn1slgnIn original 4971uu 200

epoch uag batch 8 liuszavsnmuasluinadiigade 68.80% lngldaniilnenssu YOLO V5

M08 19N NNTNINTINVUINYNABY WAAIRININT 11-8 UazAINA 11-9

Mwi 11-8 HaINN15ATINIVEVD (UdU) wqu (vay) uassesUs (We2) uuauusdn

v
NFDY
v
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Manhole covers 0.70

P o/ 1 g a I 1 [ v
A9 11-9 HAIINNTTATINIUAMID (URL) uazsasuan (1W8280U) UUAUUBEIIYNADY

Mg N MTiNINTIaTuingligndes uanafanIng 11-10 wagnindl 11-11

covers 0.47

A7l 11-10 wanA1IRsRTUA Y (W) vuauulignias
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AN 11-11 waann13nsRdudvie (k) vuauulignsias

11.6.2 NNSVNNABIASLULARNILVUIAYBININARIAU

Tunmsaaesiegussansainvesluaaiioldnmndvunauand sty lovinnsmeaedaeie

AN 32,939 AW 71U 100 epoch T4 YOLO V5 nan1snnastuanasanseil 11-4

A151991 11-4 UaAIAT MAP 7lGa1nA1NAaBIRWATNIUIAATY 9

YUINVBINN Batch Han1agauUUdaya
Yanagau (mAP)
320 x 320 16 73.16%
640 x 640 16 70.70%
736 x 736 16 70.10%
1024 x 1024 16 85.80%
1920 x 1920 4 92.40%

M397 11-4 UaAIA1 mAP %30UsEANEAIMN15ATITUVBINITUTUTWIANINLAZYUIAVEA
batch Aiwansnaiu Inglunmsveaeutiu 914 26,469 nwiteiludoyagaadraluma (Training Set)
wazazld 6,470 nmiledudeyayavageu (Test Set) Auanialeyadieaiu vis Training Set uaz

Test Set M1319% 11-4 uansUsgdaniamvensnmaduingment mAP Iaglideyayaiseusiasyn

=

NAFeU 31nA15190U31 TamwuIn 1920x1920 way batch 4 Tuszansamvedlunaniian
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92.40% Sp9a%Ae WML 1024x1024 uay batch 16 liussansamvedlainad 85.80% 1w
YU 320x320 wag batch 16 TiUszansnmueslaunad 73.16% nmauin 640 x 640 way batch
16 TfUszans nnveslannadl 70.70% wazn1naun 736 x 736 way batch 16 1WUssansnnaes

Tuiasniigail 70.10%

11.6.3 afus1euavasuna

1NANTNA 11-3 WU 5 115Meaee YOLO V5 Tdianuwiugrgenaaluusaznisnages
wazn1snAaedi 2 T w original 912U 500 epoch wag batch 8 @nndmunssu YOLO V5 Tan
MAP 1nfignfie 82.30% Wefiansanussianvasnniiy original wagnmdidiniseia environment

Mlaifgdeseennuinsmeaeilgnin original IA1 MAP gena1

LaEINANSIT 118 nunamaLassiuilinansiaaesiiuanaeiy Tnenmawin 1920
x 1920 \la§ufl batch = 4 lsfdn mAP = 92.40% Fsioingefianlunismmaasil nmuuia 320x320
A1 MAP WU 86.50% 71 batch 16 @aun1muun 1024 x 1024 736 x 736 waz 640 x 640 Suil
batch 16 15fn mAP anasinie 85.8% 70.10% 70.70% anuasu Tnen1snaasafin meuin 1920 x

1920 §18udosld batch Fndinmaundy o Wesndesinsugunsel
11.7 mmageuluaaiudaya Unseen

Wowaulueaiousosuduad lainsuiluwalunageudvile Aviinsusneenundu
AmasLe 10 e Alsiunainialelnd Tnesadunmwiisnun 2,292 am Insnisvageuilldnmeun
1920x1920 batch size = 4 wag A1 iou_threshold = 0.5 NAAWSTILALAAININITIT 11.5 WazdIuIU

ANURAUNAN L UNISNAABULLLAALARIAINITIN 11-5

A15797 11-5 waneA1 mAP Aldannnisnagaulung

amyadl | S1uou | Wi | sevs | sewuan3uauu | saBuAn U | MAP 521
1 230 82.30% | 52.90% | 49.80% 32.90% 43.30% 52.20%
2 230 85.60% | 59.00% | O 30.70% 26.00% 50.30%
3 229 86.50% | 56.50% | O 26.30% 16.10% 46.40%
4 229 83.60% | 55.40% | 99.50% 32.70% 28.1% 59.90%
5 229 77.20% | 61.50% | 99.50% 24.80% 23.80% 57.40%
6 229 78.20% | 61.30% | 99.50% 27.60% 26.40% 58.60%
7 229 81.00% | 60.60% | O 22.90% 44.80% 52.30%
8 229 87.40% | 57.00% |0 36.90% 19.50% 50.20%

11-19




9 229 84.50% |44.10% |0 39.40% 57.50% 56.40%

10 229 77.20% | 48.60% | 99.50% 28.50% 35.50% 57.90%

nan1suelunan lawaundy llglun1snsiasudatinundvuirouuludntenaulasiuiuy

10 4n Faanunsouanalalunisnad 11-5

91NA151TNTUARIHAAT MAP WenmuALAAUNAULAI0UL Uag mAP 5907 LHaInNNg
npFeUAMLAaTYA WUl Tawdudu 9 yafidien mAP 1R 50% uaziaiw 1 yediden mAP
tfoundn 50% lngrviowulfuiniian sesasnie se8Uy gy S08UAN WaTTEBUANTLOLUAINAITY
venanidlorhlunalunaaeufunmite 10 yaluadaien wuindan mAP Wiy 56.40% Tasuen
Ju sesuansuauudial mAP winu 89.80% HvieliA1 mAP winfiu 81.20% seeUeiiAn mAP winfu

54.10% s08UANIA1 MAP YU 12.50% UagnquilAn mAP Wity 28.00%

A15199 11-6 KAAIIUIUANMURAUNAN LT TUN1SNAGdRUIUAA

Al Hvie segUs | TREUANINAUU F98UAN VGt
1 182 24 1 46 10
2 176 33 0 53 11
3 182 28 0 52 14
4 184 24 1 52 6
5 179 29 1 a5 7
6 175 27 2 a7 4
7 180 25 0 57 5
8 186 26 0 55 7
9 180 19 0 54 5
10 184 25 1 46 7

91NM15190 11-5 wudnilueaaunsansiaduanuiaunfgidaddulmvialduiniign 8
A0ARADINUAITINT 11-6 1A iou_threshold = 0.5 /vielldruiuniniianua wazianldlunig

nagoulumanngauiy Sdiedudadiuniunniianuuiosauy

WeUsuiun1snsaduanuRauniuvuiouilegldlueariimudululdiuteyalvimnued
nsUssudsednsnmeeinisasialaeldnisusediunie Confusion Matrix @9 Confusion Matrix

AonsiSeuieuUsyansnmuesdanasiuseninmnsihuskazmasdusuluuremIsauning
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Tagusznauldmie TP A (i) ANISYINUIEAYIUIE71959899597UA259 () TN AD A1A1SYIuIed
yungnliasadansaduaasa (i) FP Ao Anisyinuefvinuienluasedslinsatiuaiase wag (iv) FN
Ao AINTSYUNETAYINUIEI19S 9T sl nsanua1ase Teen1suseiudseansaanaiuisariulaile

Saseluil
Accuracy = (TP + TN)/(TP+TN+FP+FN)
Precision = (TP)/ (TP+FP)
Sensitivity = (TP)/ (TP+FN)
Specificity = (TN)/ (TN+FP)

Favnnsnaaestoyainlesiuin 8 Session Jududoya Unseen (Toyaiilunaliipeiiiuun
few) TusameAnuiszana 40 Alawnassedalug 17.23 ufl Anlu 11.487 Alawns Inwmun 8

F9le BeusiazdfledanueiUseanas 1 il 44 Jundl Ssanansoagunadiliunislanmisnd 11-7

a o a v ac ° .
M990 11-7 Naﬂ']Luumiwﬂaax‘ﬂ]aga’mbﬁ]’m’sm 8 Session

Video True Positive False Positive | False Negative | True Negative
1 11 3 0 8
2 52 11 0 54
3 252 22 3 93
4 167 18 4 80
5 146 17 31 107
6 164 7 59 133
7 159 9 a5 68
8 71 0 6 73
Total 1022 87 148 616

%amﬂmimaaﬁagaﬁmm 8 Session afinanIauET anunsarmwiniluaanugnies
(Accuracy) 147 87.45% Precision Anidu 92.15% Sensitivity AnLdu 87.35% way Specificity An
{u 87.62% Faannuanisadumsdanannuinlssans mmeedueatiuanunsatluldlunnswaun
solula
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11.8 a5U

nnsassluea waziluwaluld sutlymeg o fsil

(%

amesingildlumansulieaidwiulisnnme wu sesunn3uauu (Edge

Aa o 1y o

crack) AIUIUTesun Vinlrluwafla luaiusaduseswnnsuauulaagng

wiugn Fan15NazyinlilunaausansI99ule egwilug a8Aaell N WAl

JIUIULINND

(% 1%

maneadeyaing (Labeling) Sndudadldaudruiunnlunisaendayaing

9 9

(Labeling) (a9 mnainildnuiuann uagnisnendeyaing (Labeling) dns

9

uaneseu natenguau viliwedymiidatvalidausanudilaly

Featlynising o vuauy wasuumslunisaoadeyaing (Labeling) 1l
willoufiu 1wy daunseuingian Wielugiuly sudanisuenanuiaun@ng
auduauls Tnalanzed98s sesunnuAzsoELANSOUY
msAnsandosazdedlidurarsans wazliavhse msizassililednle uas
anitlaldn vinlililanansathaw waginlefiduiinualdly eidnslduds
ndeaosiiluandded lnldnniidaiu waramnsatlUldnuls
msfusaluvasfivuiinnm sxdedldaufimanzay Seesdad ez
Frlaldnmdisiaudaeudidu sudanmennelurasfitufinnn axdes

oAU ba LazlaIainaNeane
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unil 12 msiaunuudaadlunsussiiuayianuvvseana

(International Roughness Index)

12.1 fAumazaudndy

A¥TAIUVIVTLAING %30 International Roughness Index (IRI) g dvlin15inUsziiun1sgey
Ungeanumanada Taednd IRl adnlagld Laser Profilers wag Walking Profilers lnggunsaifana el

m3fadalilusad1snn dddutatuideyailsnnmhesnunsuiinveuludssmalng sxlimuuanisldse

[
=

Wudeyaiaiudoyaninuiieu wse International Roughness Index anuiudl Aifwuald Fe50d13599

[
[

Audeyatiasiinmgs Sntamaiudeyassdiaudidlivestn uenaniddifesfaluunaiuil wu lu
fasivindlna Wudu suideddddaunsaifiviininfunusadoya Acceleration (Sasniaiss) iiteld
Judeyalunsuszanananen IRI

A1ANAIIUT T8 Montha, A, Huytook, A., Rakmark, T., Lertworawanich, P. (2022). Road
Roughness Estimation Using Acceleration Data from Smartphones. In:, et al. Advances in Road
Infrastructure and Mobility. IRF 2021. Sustainable Civil Infrastructures. Springer, Cham. 1o Wntaue
383 Tun1sUszanuen IRI 9ndeya Acceleration (§751n15154) AT2052m30 Smartphone nedeoya
szuuseanlunn 4 100 wns WneldUszananalagld Fast Fourier Transform (FFT) nedinisiivdoya
yosauuifininuenann 4 100 wes wieusnelfiven IRl lade Tagld Laser Profilers uagiU3euiisuiy
Tayan15UsENIaNa acceleration INENAANEILUAAITIAIUANNUS IR T udUAUNATNTVDY FFT vas
Acceleration lne¥nguszasdndnvosnuiield smartphone Tumsussiiuanimaasiufinnuudosiy
19 wieglsifioya IRl Ausiueuandeyaiiminiidenia Tnsanunsaduundnuaznissguszvesauy

Fadunuitediwszgndliuummesnuifedinarifioadslunalumsusediuen 1R Tagly

UNziisneazdunuaan1saiuudsausanandbandsndetaamaluil

12.2 n1992NLUUNITNNADY

nsanliunimaaeensusuiiunisvivsesvesnuulaglddoyaain Accelerometer tngld Linear
Regression Model Tun1sUsgifiunuseanidutunaunimmaaes tdud i naifivdoya IR waz Toya
Accelerometer i) NsmAHENTUSHATAUEA (Matching Data) veddaya IRl wae Toya Accelerometer
iii) N svAuanURvestaya wag iv) MUsHIUNaN1INAReIINToya Accelerometer lagTuaziden
MINAABILANIFINTHT 12-1

12-1



’ IRI Data ]

Matching between IRI Data
and Acceleration Data

Find Acceleration of 1 node IRI
(IRI start - IRI end)

Lplot spectral wave of XY Z andJ

)

Acceleration . High Pass . Linear Acceleration
Data Filter s = sqrif(x*2)+("2)+(="2)]

S of 1 node IRI

Regressi fel | | Features Extraction

5UN 12-1 ueun1saLiunsnaaes

91n3U7 12-1 Asusunssniunis Tneisuduaindeya IRl uay Joua Acceleration fildviinng
52152137 Iaedeya Acceleration azfinsidulagld Smooth Street Recorder 4 vazla ¥ oy
Acceleration ¥os1auny X, Y uag Z uazanzdduldluiAudouansontusaifuieyavosmissaiui
SuReveuneuiulasudeya IRl vesssezmslunn 9 25 wns

Jaya Acceleration azgnihunaseununsouvestayalagld High pass filtter LTudanseq
arudifleanviouauiiilifosnisvesdeyatiud mmiutidoyafiiiuiansesd dsduudnginig
134 (Linear Acceleration) iilafasa Acceleration rinuntsuasnATImianwdiu axgniunfugiu IR
Tngldfidavesdoya IRl uag Aifadoya Accelerometer lngthfinagaii uduuaznduanves 1 R
S3EYN 25 15 Wfiovn Teya Accelerometer Tuszazuszana 25 wnsay IR

Mntudunszuiunensinauaud® lnensfuaudinedamand lunuidediing
Uszyndlld Fast Fourier Transform (FFT) uag fladdunisadinanns mnduihdeyafiiiunsniouni
wieaunarnisUsznanandituiniinsiziuazauduiusineldnnsiiasizsinisanase (regression
analysis)

12.3 dayaildlun1side

g v & ¥ [ [ <
auudldidudeya : Jamingiin
TwE¥NNYeY 1 IR (RAsudy - 9ndugn) : inudoya IRl NN 25 1WAs uunuu

91U node NEluNMAGRY 1 516 nodes ATEUARNIEEYNINUTEUNN 12.90 Alaluns
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12.4 MsH3ENANNNSaNYaRYA

nswsguAunTonvestayansutluUseutana nainiaugddelasudeya IRl wag Toya

Acceleration 3nugatiu ﬂmﬁﬁaﬁﬁa;ﬂaﬁg@ 2 dusn Mapping fuisazesungliluidodaly arntui
o318 Acceleration 7l#a1nn15 Mapping Teya thdeyauinsisasuiiesaindoya IRl uaz deya
Acceleration axgnifiusisgUnsaifiindseguusneus degunsnififnssazgnilialdiudursosudaen
u3eddlifnsiadoul viilsan IR uazdeya Acceleration laising amgivedadosiinisdnaaud
ganly lnendinmswseudeyalinsaud msun1snnaauad MIntiunmmaAaeILagnanIINaAaesay
nanlwidedaly

12.5 N1AaBIkazn1TUTLIIUNANITNAADY

HANIINAARINTIINAILLUAAE RS UUTZIAU International roughness index @111509189ULAY

uanIalansreludl
12.5.1 M1 Mapping Uoyasening IRl uag Acceleration

"3 Mapping Toyasening IRl waz Acceleration iesandeya IRl uaz Joya Acceleration 1Ju

'
v v & A v o VA v

Toyauenaniu uidanuduiusivenleswiedudidy vliideasden1sviinis Mapping Teyara 2

Y

[% [
1 d

Pearuthi ey Tagly

e

NinazAyALaranddyn (Latitude-Longitude) YB9gAITUAULALAFUAAVDIAT
RI 1 A1 drsnmiinnazfigauazassignuesdaya Acceleration NfllnalAgaiuiuiiin IR nadnsnlaee

Y

[

fiAveIlndlALveAlTuALILarYAduanveIlaya Acceleration ¥9A1 IRI 1 A1 ©133zilfinAYaya
Acceleration 11nn71 1 90 A39813909904aN15 Mapping Ua1asening IRl ag Acceleration A4n1319
M 12-1

M13197 12-1 fegnedayanis Mapping daya IRl wag Uaya Acceleration ¥a9 1 A1 IRl

Accelerometer = Accelerometer

IRI Latitude- IRI Latitude-
RI Distance Latitude- Latitude- Distance
Longitude Start = Longitude End
node Longitude Start = Longitude End
7.98595845 7.98576254 7.98592419 7.98575795
25 14T 241405
70 98.30220836 98.30209555 98.30224957 98.30214894
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I v

8 s¥ninatoya IRl uay Yaya

Y

91015197 12-1 1 udeyanadwsfilaa1nns Mapping 99

Qdﬁ

Ya v

Acceleration lagldiifin Latitude Uag Longitude U893R NAULALAFUAAVRITBYA IRl 1INUUNIANA

Y

fa\))]

PR v ) Ao . . P a A v ) ) ' o ¢
VﬂﬂaLﬂENﬂu‘\]']ﬂWﬂﬂ Latitude wag Longltude GU'EN@QWLiNWULLagzﬂﬂﬂuq@VﬂﬂaLﬂﬂ\‘iﬂu PIDYIINAANENT

9

Mapping v1iifintaya IRl wag Acceleration WARIAINITIN 12-2

A15199 12-2 A28819UB9NNA IRl kaz WNn Acceleration NlnaLAgenu

%’aga IRI %’aga Accelerometer

&
#
/1 # O 23 Soi Bang Thao
/ ' | *

v F py
# 1 min e, &
24m ";‘71’;;,:
U 7

‘to)Lotus cherngtalay

V899N Mapping Winsening IRl wag Acceleration louditiu anntuagtteya Timestamp

(2
a a

TUAULAEYNAUAAYOIRAR Accelerometer Litan1An acceleration wadunu X Y Z #iegsening

' [
a a

Timestamp AUAULALAAUIAUDINNRA Accelerometer handfansIUsenaun 12-3

9 9
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M19199 12-3 fivaenadaya Acceleration vasANAULALYN

Accelerometer
Latitude-Longitude
Start
7.98592419
98.30224957

Timestamp

Start

165354204300

0

Accelerometer

4
a

Latitude-Longitude

End
7.98575795
98.30214894

AU

9

Timestamp Average
End IRI
1653542045000 .82

Nnvoyailananslilumsen 12-3 drdeya Timestamp 1AW Timestamp ¥4

ASTUAY hay Timestamp YDIIAFUIN LAAGINTIN 12-4

M13197 12-4 fivaenadayann acceleration V8 UAU XY Z

X
10.20623779
10.20623779
10.20623779
10.20623779
9.942886353
9.942886353
10.48516846
10.48516846
10.48516846
10.48516846
9.920135498
9.924926758
9.313201904
10.31637573
9.259338379
10.91970825

y
-1.864730835

-1.864730835
-1.864730835
-1.864730835
-1.996414185
-1.996414185
-1.87550354
-1.87550354
-1.87550354
-1.87550354
-1.845581055
-1.92338562
-1.567855835
-1.715087891
-2.075408936
-1.551086426

z
0.951217651
0.951217651
0.951217651
0.951217651
1.457580566
1.457580566
0.984741211
0.984741211
0.984741211
0.984741211
1.137969971
1.225357056

1.51385498
1.129577637
1.079299927
0.930862427

timestamp
1653542043018
1653542043018
1653542043018
1653542043018
1653542043105
1653542043105
1653542043171
1653542043171
1653542043171
1653542043171
1653542043240
1653542043324
1653542043378
1653542043462
1653542043541
1653542043742

node_IRI

270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
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X
10.01470947
9.371871948
10.2744751
10.2744751
10.2744751
11.22138977
11.22138977
11.22138977
11.22138977
11.00231934
10.48756409
10.48756409
10.48756409
10.48756409
9.934494019
9.934494019
9.934494019
9.934494019
9.934494019
9.731002808
9.731002808
9.731002808
9.17074585
9.17074585
9.782470703
9.782470703
9.425735474
10.08294678

y
-1.439758301

-0.641296387
-1.020767212
-1.020767212
-1.020767212
-1.146469116
-1.146469116
-1.146469116
-1.146469116
-1.066253662
-1.443359375
-1.443359375
-1.443359375
-1.443359375
-1.066268921
-1.066268921
-1.066268921
-1.066268921
-1.066268921
-1.297302246
-1.297302246
-1.297302246
-1.439758301
-1.439758301
-0.951339722
-0.951339722
-0.878311157
-0.857971191

z
0.686660767
1.386962891
1.713775635
1.713775635
1.713775635
1.085296631
1.085296631
1.085296631
1.085296631
1.354644775
0.797988892
0.797988892
0.797988892
0.797988892
0.856643677
0.856643677
0.856643677
0.856643677
0.856643677
1.106842041
1.106842041
1.106842041
0.923675537
0.923675537
1.094863892
1.094863892
1.631164551
0.692642212

timestamp
1653542043894
1653542043963
1653542044028
1653542044028
1653542044028
1653542044111
1653542044111
1653542044111
1653542044111
1653542044182
1653542044244
1653542044244
1653542044244
1653542044244
1653542044325
1653542044325
1653542044325
1653542044325
1653542044325
1653542044407
1653542044407
1653542044407
1653542044463
1653542044463
1653542044611
1653542044611
1653542044676
1653542044778

node_IRI

270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
270
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X y z timestamp node_IRI

10.43847656 -1.141677856 0.458007813 1653542044839 270
9.758529663 -1.408630371 0.630401611 1653542044896 270
9.677124023 -1.378707886 0.623214722 1653542044970 270

12.5.2 n19%1 High Pass Filter

N13%1 High Pass Filter AoN130584AUANUABEARUAUNFILALAANDUATUAINDAININ
MUUADDN AI981ULEAINARNGNBUNTITNN High Pass Lag #a191nn15¥ High Pass Filter fanmusznau

i 12-2 waznnUsEneud 12-3

of ~ W

NN A ]
_zm

0 10 20 30 4q

5UN 12-2 pAuaudvastaya acceleration ¥a3uAu X Y Z fiaun1svin High Pass Filter

10
X High-Pass
05
Y High-Pass
] Z High-pass
5 Liner
-10 Acceleration
0 10 20 0 P

5UN 12-3 pduAMudvastaya acceleration YauNU X Y Z 899 InHIUAINTDY High-Pass filter

FIMFIIINATIN High Pass Filter Wa 332 vT03a1d1g 13911 Fast Fourier Transform @43

o5uny Tuitednly
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12.5.3 Fast Fourier Transform

n1sUszaianavesteyalngly Fast Fourier Transform luni1sfsamandfvestoya ¥4 Fast
Fourier Transform A®N1TATUIMN AT AAIAATAINTULENA AR UAIUE (Frequency) 803210
waveform U8ya acceleration YBMAU X Y Z #A191NHIUAINTO High-Pass filter uaviluuszudana

1neld Fast Fourier Transform (FFT) wanssannusenauit 12-4

10

X High-Pass_FFT

o Y High-Pass FFT
E Z High-Pass_FFT
Linear

Acceleration FFT

-1.0

0 10 20 30 40
index

UM 12-4 pduanudvastaya Acceleration #89InYi1 High Pass Filter uazUszuianalaely Fast

Fourier Transform
12.5.4 nsnsAndenauantinazlifndenauauds

1. mskiAndenauaud@ (Non-Feature Selection)

nsUszdunsvsvsvesnuulaglidoyaain Accelerometer lnglddoya IRl 994U 516 node
(1 node IRl g 9AI3udY — 9AAUAN S28eM 25 1WRT) WarsLILANALTR (Features) 44 AuALTR Tng
14 Linear Regression Models ﬁgﬂwuﬂ 5 Tuna lauA 1. Linear Regression 2. Simple Linear Regression
3. Sequential minimal optimization (SMO) 4. Random Forest ag 5. Gaussian Processes IAtHNaaNs

LERIRIMNTINUSENOUN 12-5
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M19199 12-5 wadnsiseuiiguAnnuaaiadauduysaliade (MAE) uag ARaIAARunIasaas

128 (MSE) v04 5 luina

Non-Feature Selection

Linear Simple Linear Random Gaussian
Model SMO
Regression Regression Forest Processes
Mean Absolute Errors
0.8986 0.899 0.8407 0.9003 0.8786
(MAE)
Mean Square Errors
1.2089 1.2391 1.1936 1.2025 1.184

(MSE)

2. msfnenAuaELUR (Feature Selection)

n13UseLiun1svvsrvesnuulagldtoyadnn Accelerometer lnanisAntdenanauiflagly
danesiulun1sAmdenauaudi Ao Correlation Based Feature Selection (CFS) wag Information Gain
Tunisuszifiun1susuzvesauu wasld Linear Regression Models viauua 5 Taaa Téun 1. Linear
Regression 2. Simple Linear Regression 3. Sequential minimal optimization (SMO) 4. Random Forest
WAz 5. Gaussian Processes wansseazdendeallil
nmsmaauUmlngldinaia Correlation Based Feature Selection (CFS)
#d931nn1stEinaiia Correlation Based Feature Selection (CFS) lunsAmdenauand@ 410
44 pnuanth annnanTRvde 11 auaudd fol
AovantAlagldivatia Correlation Based Feature Selection (CFS) lauA
® Xstd
® VYSTD
® ShighpassMean
® YHighPassMax
® XHighpassSTD
® YHighpassSTD
® /HighpassSTD

® YFFTmin

12-9



® /FFTmin
® YFFTmax

® /FFTstd

911 11 paantatesu drllediu Linear Regression Models Uaninadnsfanisnei 12-6

A13199 12-6 HadwsMsAndenAnautAlagldvalia CFS uasiUSsulisuAaMuAaIAARaY

(4 4

duysaiiadey (MAE) wag Arpanardauindssaase (MSE) ¥ 5 luiaa

Feature Selection (CFS)

Model Linear Simple Linear SMO Random Gaussian
Regression Regression Forest Processes
Mean Absolute 0.8908 0.899 0.8623 0.9365 0.8747

Errors (MAE)
Mean Square Errors 1.1965 1.2391 1.1944 1.2315 1.177
(MSE)

Ne5NN 12-6 agulainisAnidenauandilagldinedia CFS liAmanuaainndouduysal
(MAE) 989 SMO model fifintiaefianfe 0.8623 uaneinAviuieilalnaiAgsfua1Nuiase uagea

sukuuiianugneedaglviraainnioumdsaednds (MSE) Ao 1.1944

nmsmAauUmlngldinaia Information Gain + Ranker

#d931nn1stEinaiia Correlation Based Feature Selection (CFS) lunsAmdenauand@ 410
44 Auaudh annuautRwie 11 auaudd idelaveassmsmamaudilagldinata Information Gain
+ Ranker Tagidon 10 Auant@dFuLIN 990 44 AruANTR Fil

Aauandflaeldinadia Information Gain + Ranker
® SFFTstd

® SHighpassMean

® ZHighpassMean

® XHighpassMean
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® SHighpassMax
® /FFTstd
® ZHighpassMin
® YHighpassMin
® ZHighpassMax
®  XHighMin
31nn1sAndanauantAt1eiu Urluldhu Linear Regression Models LanMaaws Aan1574

Uszneud 12.7

M19199 12-7 wadwsn1sAadanaaautalagldinaia Information Gain wasiUssuiisuanm

aaaARauduyIaliady (MAE) uas Arpalandauitdsaasade (MSE) vas 5 luaa

Feature Selection (10 Ranker+InformationGain)

Model Linear Simple Linear SMO Random Gaussian
Regression Regression Forest Processes
Mean Absolute 0.8811 0.894 0.8603 0.9431 0.8882

Errors (MAE)
Mean Square Errors 1.1883 1.2142 1.2064 1.245 1.1998
(MSE)

97t 12-7 aguleiimsdndenquantilagldinada information Gain lsfAnAa1
AmaLAdeudIYysal (MAE) 984 SMO model fftfoefiane 0.8603 uansindvinunesialndifsaiuani
w3 wagiduuuudianugndedlaglirrainindouidsassads (MSE) Ae 1.2064

§ 99 nnsWauIdmsun15UTELd U International roughness index a5 Ula 3 1luinad 19

Ya o =

UsgdnSnmananainnisneassluea 5 lunads SMO wuulidnidanauaudd f33e3elailunaly

Y

I GRMTHE RGO NARIONY
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A157197 12-8 NaN1SNAdDUVDSIULAG

nst# actual  predicted error
1 1.43 2.151 0.721
2 2.93 2.779 -0.151
3 1.76 2.349 0.589
a4 1.39 2.837 1.447
5 1.28 2.007 0.727
6 1.97 2.376 0.406
7 2.27 2.556 0.286
8 1.82 2.376 0.556
9 2.8 2.121 -0.679
10 1.85 2.69 0.84
11 2.37 2.3 -0.07
12 1.74 2.774 1.034
13 1.77 3.391 1.621
14 3.72 3.011 -0.709
15 1.91 2.263 0.353
16 1.97 2.321 0.351
17 2.58 2.388 -0.192
18 2.08 2.683 0.603
19 1.36 1.939 0.579
20 1.33 2.605 1.275
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

- Actual Prdicted

UM 12-5 meviuneveslung

INNMNUITENBUTN 12-4 Uazdoyanuanidnesu Aedeya IRl 20 nodes Fsluuday nodes awilen

a

IR 14913934 (Actual) waze IRl Nlsaalavinung (Predicted) wazAMULAAIAIILLANANTENI1ITBYA
wiasawagdayanisiug (Error) asuladn amnnmsneaaeulunanlaimuw Tianuaainnfeuduysal
(MAE) Hosiign Ao 0.6594 wagAiAuARIALAGoUNaIdotade (MSE) Ao 0.7761

12.6 d@yUnan1IAaDY

(%
)=

Mneamaneaesilduandliluidonouni awnsoasunanisnaaedléal

1. nsUsziunisvsvsvresauulasliiinisAnidenauaudiuaziuSouiiou Linear
Regression Models #avua 5 Tuma aguldin Tunafiffigado SMO model Taraanu
AamLAdeuduysal (MAE) feufign Ae 0.8407 uazA1ANunaIAIAd aufdaaosade
(MSE) Ao 1.1936

2. nsUseliunsvsvssvasnuulasiinsfndenauauUilagldivnaia Correlation Based
Feature Selection (CFS) uasiU3guifiay SMO Models fisvun 5 Taiaa agulsdn Tauna
fififigade Random Forest model liA1AuAaniAd euduysal (MAE) Heefign Ao
0.8623 wagAmuAaLARouAsFDIady (MSE) Ae 1.1944ll

3. nsUszifiunisvguseresnuulaeinisfndenauautilagldivaila Information Gain
uaziU3BuLiBy Linear Regression Models #ienun 5 Tuwna agulddn Tumadidiande

Y99 SMO model lviAanuaaaafauduysal (MAE) Weeiign Aa 0.8603 LagA1AI

AAALAAEURSIERRAe (MSE) A® 1.2064

12-13



nazuteiuaInsaasuladn lunismeaassnisuseiiunisvgvszvesnuulaglddayasin

Accelerometer @1u15aUseiliulanadnsanigalaslidnidonauaundfainnisly SMO model Tunis

YUY
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umn 13 N1DALLUU NRIUI LLﬁ&’Ui%LﬁJ‘UNaﬂ’ﬁVI'N’]uq‘UﬂimﬂuLLUUﬁ'l‘VﬁULﬂU

19ya LaTNANATUVRINITUTZEUNITINY

gunsalfunvudmsuiivtayagnimunduwduluvisweunfinduluszuuudfinisueu
aseen lnawoundnduinimuiduszlidoyannndesvesnsdmiiausninulunisinudeyaninainy

Anunfvesnuy TayadnwuLgeInIIaTUAIMLIIUY 3 Wnu (3-axis Accelerometer) lunsdudin

N & Y

srAUANUFuaziiouvetun g waztuiinnsdsuuuasiumiessrunmugiiiudeyalay

14
% 2 o S A o

fAatayadn GPS sensor Ingtoyanvudinldluusiaziduniwrgniniutinsilukeyndinduiliveyi

msdninandhdunanesuivsiusmudeyasell nmsumsvihnuveweundndudmsuiudeya

KU

LEASAININT 13-1

Smooth Street Recorder
A mobile application for road condition survey

KA PIERTY
Detect smoothness of the road

3-axis accelerometer

G

Camera

Smooth Street
Recorder
App

GPS Sensor
Record the condition of the road

Track location of the survey vehicle

y DR . S

Smartphone

Researcher

2NN 13-1 mwai'mmsv‘l"mmjmLtaﬂw&ﬂ%’uﬁ'm%'ill,ﬁuﬁayja “Smooth Street Recorder”
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a o o [y < £ « 9 =) o a £ [y ¢
WOUWALATUAIMTULNUT DY “Smooth Street Recorder” aglN1IINIULAEIVINY BUNTM

ATITUA YIRS 9 VesENTNIUE LA IUAD

1. mstuiinanmauuleglindedinle
2. mstufinnsiasunlasunisessunviusiiudeyalaefsiayaain GPS Sensor
3. MsUuinANUSEUVRINUULlAENTTIUTINTBYARIN Accelerometer Sensor

meweundindunimudull Wnideauisaldlumsiiudeyadiegrwasauuduinaulaien
Joyalfleluldnulumsiaumiduuniiionsiaduanuiaunfvesdinuuwuusig 9 uaziideyasin
msduaziteulvasialuduinamnsainnunmuasUszaunismsldouy saumamnsattoyaniuni

Y v & v o I a A A av vyva v
LLa%Lau‘Vl'Nﬂ']i‘ﬂ@LﬂUGUE];J“aVL‘UaT]\TL‘UuafﬁﬁuwmlfﬁﬂLLNUV]LW@U?Sﬂ@UﬂqifJ"ﬂﬂiﬂaﬂﬂﬁﬁJ

13.1 n1sAnnalgeu

nMaisudufvtoyaauisaildlaefadwweundindudmsuifiudoya “Smooth Street
Recorder” lugsamninlnuiinioudmivnafuteya defuneudannsalfindousunsiadauey
nAlATuLeunsoERily dnFAasaueundindundrarfeniamnsulrudmiufudoyaluinlinelu
dsnilddinlagldgunsaindaauivinuiunszansandodndu 4 Wuieatfunisindandesiuiin

WANSUNTEUA

FoRndudriinideanmsaSuduiindoyaldlnenisnaty Start Recording 9Mnutiuinvauay
At ﬁﬁﬂﬁ]’]ﬂﬁuLLaﬂwaLﬂﬁUﬁ]%ﬁﬂmiLﬂgﬁmgﬂLLUUﬂ'l'iLLﬂmNaLﬂuLLu’JuauW%JaiJ%ﬂLﬂ@ﬂ’]'ﬂ%}ﬂ’luﬂéjm
uazuans NIl Lsesa s gnduiin lurnsidhuuutesinvetauansdoyaszeyinan
ﬁ'ﬂ’uﬁﬂﬁﬁaga A adagiuresaunsald191a LAYAIAIINAILLT 99 JANULAY (x, y, 2) 37N

Accelerometer

WeduganisUuiinteya Wddeyauazeazionilaainnisduiinuiazasasuanduiuy
Sessions Meluyiitniduanansansivaeuteys GaugInlentnainnistudin uavaiunsadendwlvan

Tamstuiinfiaulaluinudunasesunudeyavedasamsideila

Tulasansideiladinisneaaeuieundiedudmsuiiutoyaiuaunsviv 3 Ju 3 Bvelienagoy

nsihausasiUssuisuaunmaasianlaannstuiinlaun
gunsalil 1 Xiaomi Mi Note 10 Lite

Y

1. doyasia3es Xiaomi Mi Note 10 Lite
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o iy (Insdnillefonsouszuulfuinis Android version 11)
® 99uanINa Curved AMOLED 24-bit (16 d1ud) aouanska HDR 10 A2NazLd8n
1080 x 2340 Wnwa (398 ppi) N9 6.47 147 (LUINUEN)

® Jauanaiizdmiunaeanti (Punch-Hole Display)

2. SEUUMUEDS (Sensor)

o szuvaunuaeiiileldninae (Fingerprint Under Display)
® 5yUUINILUNTN (Face Detection)

® SsyuUnyUN NS IuULR (Accelerometer)

®  {TULAIUSUAMNEIIERIULR (Ambient light)

o asumnuadeulmvesiaiaies (Accelerometer)

o szuulUn/AUnninvednlusiRvazaunun (Proximity)

® SEUULULLEITMIUNIN (Gyroscope)

e USuyuueInsiananadnlull@ (Orientation)

3. doyain3eU1y (Network)
® (SM 850/900/1800/1900 MHz
® UMTS 850/900/1900/2100 MHz

® | TEBands 1/ 2/ 3/ 4/ 5/ 7/ 8/ 20/ 28/ 34/ 40

13-3



4. walulagnsiv/dadeya

® 3G

® 4G
5. 5zuuUfjumans: MIUI 11 based on Android 10
6. veUsvanana (CPU): Qualcomm Snapdragon 730G Octa Core A5 2.2 GHz
7. wegUszananans iing (GPU): Adreno 618
8. yIAILAN

® RAM 8GB

® ROM 128GB

® UFS 21
9. srUUowse

®  NITMIALUUL: Assisted GPS

WiFi 802.11 a/b/g/n/ac

ANTEINY fyanaduimesiinuuunnny (Portable Wi-Fi Hotspot)
\Fowsiolfaeoszinsgunsallnenss (Wi-Fi Direct)

Bluetooth 5.0

Type-C USB 2.0

v aa A

10. HantusiaRilife

NaoIn T mnoa 64MP + 8MP (Ultrawide) + 5MP (Depth) + 2MP (Macro) (Quad

Camera) JYULAIUUNA £/1.89 YUIANNEER 4624 x 2134 finlwa (Image Size)
Laser Auto Focus

Aulunineslud@ (Face Detection)
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e

uiinidle nmedeulnd (Video Recording) S¥#U HD, 30/60 tisusiodundl uaz

[y

7MALasEAU 4K, 30 WSUABIUN

ie

aunsalfi 2 Samsung Galaxy A71

1. “Uoyua
Y
[ ]

4'
LATDY
aunsnliy (Insénsidiefensaussuuyfjusnig Android version 10)

FDUAAING Super AMOLED 24-bit (16 a1ud) Feuaninailsdmiunaeant (Punch-

Hole Display)

(%

AagunIal N1 6.7 17 (WWINLes) ntNIeAUEEIBen 1080 x 2400 finkea (393

ppi)

2. STUUWULYDS (Sensor)

svuunsdevaneiiile (Fingerprint)
FEUUNMLUNNENLUITR (Accelerometer)
RITULAIUTUALAINORLULR (Ambient light)
avndunedeulmuasiiaies (Accelerometer)
szuulla/Anuinvesnludfvazaunun (Proximity)

JEUUWYRSNYUAIN (Gyroscope)

3. doyain3ev1y (Network)

GSM 850/900/1800/1900 MHz

UMTS 850/900/1900/2100 MHz

® | TE Bands 3/ 40

4. waluladnnsiu/ddaya

® 2G: EDGE/GPRS
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® 3G
® 4G
5. 53UUUURAn1S: One Ul 2 based on Android 10
6. nuwUszulana: Qualcomm Snapdragon 730 Octa Core AUST : 2.2 GHz
7. MhgANU
® RAM 8GB
® ROM 128GB
8. szuuleuse
®  NIMEUNUN: Assisted GPS
® \WiFi 802.11 a/b/g/n/ac
o Jeuseliaeszninagunsallagmss (Wi-Fi Direct)
® Bluetooth 5.0

® 5835U NFC (Near Field Communication)

v ada a

9. Weantudadilife

® NapIRIMBa 64MP + 12MP (Ultrawide) + 5MP dedicated macro camera + 5MP

depth sensor (Quad Camera) §3ULESYWIN f/1.8

Y

o Jufimidle nmpdeulm (Video Recording) Tufinddleszsiu HD way 4K
gUnsall 3 REDMI NOTE 95
1. doyaduaies
o iy (Insdnillefonsouszuuufuinis Android version 10)

®  AUAAINA IPS-LCD 24-bit (16 a1ud) 98wanINa HDR 10 AuazLden 1080 x 2400
WL (395 ppi)
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e gUnIal N9 6.67 U3 (WWINUEN)

2. SEUUULDS (Sensor)

o szuunsiedevateiiile (Fingerprint)

® syuUnyUN NS luLR (Accelerometer)

o avnduanundeulmuesiiedes (Accelerometer)
o szuulUn/UnninvednlusiRvazaunun (Proximity)

®  STUULLLLEIUYUNIN (Gyroscope)
3. deyaeieviy (Network)
® (GSM 850/900/1800/1900 MHz

® \WCDMA 6/19/5/8/4/2/1

® | TE Bands 1/ 3/ 5/ 8/ 18/ 19/ 20/ 26/ 28/ 38/ 40/ 41
4. walulagnsiv/dadeya

® 3G

® 4G

5. 5¥UuuUiURng: MIUI 11 based on Android 10.0
6. weUszanana: Qualcomm Snapdragon 720G Octa Core AME 1 2.3 GHz
7. wheUszuranansiind (GPU) : Adreno 618

8. VUIWAIUAN

® RAM 6GB
® ROM 128GB

® UFS21

9. SYUUWBUMD
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®  NIMFEMUNUN: Assisted GPS

® \WiFi 802.11 a/b/g/n/ac

® ANILINY fyanaduimesiinuuunnny (Portable Wi-Fi Hotspot)
o Jeuseliaeszninagunsallagmss (Wi-Fi Direct)

® Bluetooth 5.0

10. Handusiandlife

® NADIRINDA 48MP + 8MP (Ultrawide Angle) + 5MP (Macro) + 2MP (Depth sensor)

(Quad Camera) §3UuevWIA £/1.8

o {(uiinidle nmiadeul (Video Recording) Uuiiniflesgau HD wag 4K

AmiegantusknsudmsuldsuTndeyalulasinisuansdaning 13-2
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Smooth Street Recorder
A mobile application for road condition survey

Smooth Street Project

Road Data Collection Tool

START RECORDING

Mount device to front-view of the survey vehicle

Smooth Street..

Smooth Street Recorder App

Home screen Session upload screen

Recording Duration Accelerometer Data Current Location

© stopsession

. Recording screen
Camera Preview 9

WA 13-2 NTNA29819 (Snapshots) 3nlusunsy teldsrusiudaya

139



13.2 @a1Unenssuvasssuu

amTsnsheureskeUnAledus uduanmsigldnuiunstufinteya antu daunis
197U Session Management Module 3¢fsU81a3n Accelerometer Sensor sua&m%"aﬂunﬂ 9 13U
iiteluadradu Accelerometer Logs néauitadndunisia sunlasinuniawenadoslneld GPS
Sensor avillddieyalusuuuy Geolocation Logs InefimsmsAnismsiadumiuiisuutasmes GPS

Sensor TusgAuviaziBanigavingl GPS Sensor ¥04LA309925835UlA

& 93101 U Session Management Module 3¢ 57U593% 83 @ Accelerometer Logs ua
Geolocation Logs isieiunazasietoyaineidasiunistuiinluusazassliuwn siauszdnaiaaiu
Toya LIa1sNAL Landugansuiin Wk Jeyarisunsina1nazgnausinkasdanulugukuy JSON

Induauiinasluiuiudeyatinsvesweundndu (Cache Storage)

TuvzlAgiu Video Recording Module Aagyinistuiinimleaninauuiazdanulnainlely
JULUU Mpeg-4 Waduganisinudeyaluusazaiineluiuiiivdeyatiasnveeundinduaziialilg
av v 2w a . fa a 1Y)
wlmmmimwa;ﬂaaawszmma Session W& LANINANITIINAUVBY Accelerometer Logs wae

s o =

Geolocation Logs tagiflelnanvuiinaninauu

waannduneull Weglddesnstuiindeyasiegniivldludwnannesunusiusudeya diu
15911914 Cloud Data Synchronization Module A9gvinuin7idedaya Session InduazIalaluds
wnannasuiusIuTndeyalagugemiinisdnlvandeyanunannesuivsiuswdoyalinienld

LAAIAININT 13-3

Smooth Street Recorder
A mobile application for road condition survey

Smooth Street Recorder App

Device's Session

Accelerometer Logs I

\
1

» 1

Module 1

/ I ]
1

1

1

A L09%
1
picad Data Data Platform

or0cat™® Create Session Files (JSON)

Device's
GPS Sensor

)

iy

i

1

1

' \

1 Device's | __,
. Cache Storage Data Files—p
1

1

1

i

1

Cloud Data
Synchronization
Module

Encoded Video Files (Mpd)

Video Recorder

Camera Module

( Device's

rRecmded Video Frames—+—»|
1

\
= ’

A7 13-3 Yupauiirdsdaya 210 Sensors Y89 Smartphone lugsunannasusiusindaya
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13.3 laseadredoya

nsiuteyasegislunsazass Toyavzgniuiinlugdegunsalinudeyaluzuuuy JSON
(JavaScript Object Notation) 33ilAse@$19%0yalanananisnad 13-1 f9m15199 13-4 UazhanafenIng

13-4

A131971 13-1 daganmsauvasnisiiudoys (Metadata)

id saUsEINNISUUNN

platform | Uszmaunsaidudinteys

deviceld | sWausedngunsaldufinteys

timeStart LANIUAUNISUUTN

timeStop | La1@ugANITUTIN

M19199 13-2 Faganisinauniuniivasaunsaliuiindeya (Geolocation Tracking)

latitude azfyn
longitude GRNERI
altitude FEAUAINES
I3
speed AU

horizontal accuracy | Anuuwsiug lukAuLoU

vertical accuracy AU TULAUAY
direction NN
timestamp LaNsUudN

13-11



M13197 13-3 TaYAMNIBULYBTATIIUAMULIIUUUEUUAY (Accelerometer Data)

X MLUABULUAIAINILTIULLAY X
Y ASLUABULUAIAINILT IULLAY Y
Z MLUABULUAIRMILI VLAY Z
timestamp 1aNsUuTN

M13799 13-4 FayatuiinInleanmauuaingunsalannminy

Uszanlua (File Type) MPEG-4

ANUNINVBAUNTH (Frame Width) | 1920 qa

AUEIVOUNTY (Frame Height) | 1080 3a

UazdeAvoUNIH (Bit rate) 17000 kbps

8m5 154 (Frame Rate) 29.8 1WSUADIUN

13-12



O
{

"session": {
"id": "1602579358",
"platform": "android",
"deviceid": "el2cfca8",
"timeStart": "2020-09-17T09:47:07.943Z2",
"timeStop": "2020-09-17T09:50:04.3922",
"locations": [
{
"latitude":
"longitude”:
"altitude":
"horizontalAccuracy":
"verticalAccuracy":
"speed": 0,
"direction": 0,
"timestamp": "2020-09-17T09:47:07.9432"

"latitude":

"longitude"”:

"altitude":

"horizontalAccuracy":

"verticalAccuracy":

"speed": 0. ’

"direction": - 5

"timestamp": "2020-09-17T09:47:11.187Z"
}

]I
"accelerations”:
s
s
wyn.
"timestamp":

"y,
"timestamp":

¥
a

= o ' 1% a < % o =] @ =1 ° o a o
ATNN 13-4 i8N Q?J@Qa‘l/lLﬂU‘lﬂ"\nﬂﬂ'ﬂﬂiLLﬂiuﬂgﬂwmuq%uu'\aqﬁilﬂﬂ ANWN139YU

13.4 wansUszdiuazn1suIulse

nmsnaaesldiusendiedudmsuiudeyalunisinudeyaanimauuluiiuieig q Tudmia

< 1 v a

AakazngammuruasnuIeUndnduanansaldinudeyaldnuinguszasd unviudnideuazdvoe

Y

% IS a a

]
Weldesnulgmuasiidaauswuzlunsuivlsueundinduivioyaiieliweundinduiiuszdnsnm

v v
v A

nsldausasliszaumsainistdauiuglenavusad
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1. Wdalentuiinladauinlugiiuly vlrdunsunisduiinuagnisenlvanludwnanosuiiu

Toyaltdiaaiuiu
2. Wdesmstuiindesusiutoya

3. feamstuiindevendunnsiiiudeya

4. desmsdussaniieldlunmsivasuutas URL dmsunmssnlwanludumnannesuiudoya

nUsziiudinanugIdeTuinnisvauiazusulse

Street Recorder TWiUseanSnnunazUsaunisainsignanaus

—

[
o

=De

13.4.1 anUUININAINLLA LTAIYUINVDIANALLDEN

a Y o o < v
wunddudmiuiiudeaya Smooth

Tulsziuillatinisususiazdeani1saeaIn1sTunnIflatieanvuialndualininuaziden

waEAUNMANAANUNTATIMITILN TaelinTUTUNMTAIALARIRINNTIN 13-5

A15199 13-5 N15USUNISAIAIVUIAINAIA L6 LAAIUUINVDIANUALLD IR

SRR GEY T
UszLanlvid (File Type) MPEG-4 MPEG-4
ANUNINVBANTH (Frame Width) | 1920 qa 1920 90
AIUFIVDINTY (Frame Height) | 1080 90 1080 3A
UazenvoINTY (Bit rate) 17000 kbps 8000 kbps

9951951 (Frame Rate)

29.8 WsUFDIU

29.8 WsUFDIU

v = =
VUNNLA

Junin

Taiuiin

SYUUNUAY

DR LUIIR

Y

U

a

LU

‘__DE

NNANISUSULANITAIAIFINAIINUIN @1U150a09L 9 AR Leadle 3 Y1 NANIADANNLANNIT

Junniflamnue 1 winasldnundaiulszuia 100 wnzluy ananduldnundat

wingluy

<

Avdseuad 30
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13.4.2 wamsmvuadaidunanutoys

WesneugddeiinsiudeyannuRaunAvesanmauuluvany 9 dunisiiliuiaasadaig

<

duanigriutayadunainuliuadmaiumsns@eaidunisneunistuiiniieanyasainlunis

Janislduaznisidenlnaniazdnlnanluduwnannesuivloya uanidannig 13-5

4255M B Q - P @™

Start a new session

Description

CANCEL START

v 1
v A

Al 13-5 asdadunnensunisiiudoys
13.4.3 mnauudlnaIalanuszeziianniviun

nstufinlndifleidunaiuiuasiinlilddvunluguazidessnonisiiadamiludunounis
JUTn F9TNFUSULALAINNTAIAIAINUENIVB LNAIALENADINITIUAIUNITAIAT LilDAIALAILBUNALATY

221N5FALUIINAIA LT UANENINIUA AU

| < & o o o 1y fa o . o 2 v
agulsinulutuneunisdnlnandeyadiaunsasnivanlndifloveusasidunanudeyaly

wiou ) Aulalupsunen
13.4.4 WUN15A9ANE LG TuNIsiUABULUaY URL

dinnsnsaniialdlunisivdsuwdas URL dmsumsdnlnanludunannesuiudayalaewen

191 URL dmsunisenlnan Session File hay URL dmsunisenlnaninlolng wanisan ng 13-6
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442@BME -

Smooth Street Project

e

Session upload APl endpoints

URL
https://asia-south1-smooth-streets.cloudfunctions.n

Video upload AP| endpoints

URL
https://asia-south1-smooth-streets.cloudfunctions.n

Video file length

Minute
3

B SAVESETTINGS

@ B o

home S€ssio0Ns settings

AN 13-6 N15USURAEIUAIAIANE1 WA LatazdIULanINATI8aZIDgnNISUUIN

Smooth Street Project

9

Session [ 1625606787 ]

Session File: 1625606787

vinaay 2
07-Jul-2021 G

04:26:27 - 04:41:41
6 files

EZ on device
Video files

session-1625606787-1.mp4
17147 MB

session-1625606787-2 mp4
1170.39 MB

session-1625606787-3.mp4
170.34 MB

EED session-1625606787-4.mp4
14530 MB

O 0 0 O

@ a e

home sessions settings
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uni 14 nseanuuukazauIvlediEwedayan1sinszian witaTasTy

NUMUNU18UD9LASINS

=] o & v < g o v a 4 a
14.1 Auuazanudnduluniswaun L'aulsmmLaua%aa‘gami'smiqwamwmaiws

o o o

duleddmsuiiausteyansiinszsianiniiiesas iussduszneufidndyegiannvesszuy
AondoInmnINALAI95195198 Machine Learning #e Sensor Tugnumnugslasedie 1oT tmsedn
duamsinauedoyaiiussansam asssediu uazidladne Tiimbenukasidmihigsuieveu
Tunmsimanaztisinuy yaansuarinagldfunsudedgmeng q fifatu uasdeuldannsaiiag
widamlansamnugauseasavedlasenis
auzideivldeaniuuuasimudaiuivlsidmivinaustoyansinmedanimisasast W
vrsnutaziimihfguinveulunisdimanazuivugeauy Tnsnmnzdmiiluniisaussdng
umsdruriesduldnulaenss deluniseenuuudiduegrdiivsdosmidededadosg 4 Feudau
yanevladsdl
1. USunveemsidanu
2. dnwarveadaymBassuus weneauile

3. A3 ANWANNTO WasngRnTTILAN YR LY
14.1.1 USunveInsidanu

nmsfneludesfunuin auuvesUsamalnedlng anegldanusuinteuvomiisy
fosdu efintunisainnisaiildssdiuvesamzidovatsau AAndauudaulnguiazanayliai
SURAYDUVBINUILIIUNA LU NTUNWNA KAEATUNIMAWYUUN LagUsINgI10UUANEIITIIND
300,000 Alawuns 3o 75% vesanueouuvesisUssmalne Saufuiaveuiignuisgesluniy
viosdu Tneliauuluviesivle q aneglémnuiuiiaveuves mauta esdnsuimsdrudmin visesdns
Uimsdiumua vesviesiuty 4 fahenussdnsuimsdiesiumand Lt Emuvidumisnu
daunans uazaamaluladfazlinsseuaunmussauuluanuiuinveuvesnuldegiwinfuas
50137 flesanilindsyusii

nsoenuuuLiulsddmivinauedoyanisiinseanmiiasasd Salaudslaliidy
weluladiviisauiosd uil fddmus Lifsudszanalunisdnd osansaauuvesdaies usd

uUszanadndne uinsidneadul 9 U anunsadhfwuazinluldasiaaeununimvesauuluaiiy
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Suilaveuvesmildegisvnisuazsing Tasfinsesnuutlvimhenuviosiuastouansinay ilelfszuy
wansdeyaiamzazasiutiesduty

MEudILT e uNTe 9 9198N15a5190ULTRIFES TS 0T UNBUAULAINTNUIBILEIUNANS
U nsumsvalssuun egluguareswny Femissnudiuiesduwdazmisau fHuifuievey
Srunuouuiisufintey uazanusMTINiuTasauY ety Rausviisnuesiuauadn fiquanuu
Uszanal 5 - 30 Wy szegsmiudszana 5 - 30 Alawns lWBmhenuviesduvunelvg fquanuuvans
Souidu szpzvnamutuansdesilamns Tnsauuluauguaresmisnuiodulneialy Smuuly
wauy puulieuseyuruiuauusEniaiies wazauuiideudefunuuasndnuealseme

Tumsianmsdoyaifstuauudy nihsnudnesdulpeilufudeyalussduaenis Ssuy
winzidu dnagUsegnaulumenatganenia Insusaza1en1alanue1sening nanduiunsaude 2 - 3
Alawuns vt mauvswesnuuliduaemainduemuuiunvemsaduasdansouy s uuud
aviduavgnaistulimdoutuiadu wiadadussey  amsfiouuiiflsvezenléfunisuarendu
aevefifisverdy o du PaeliAnemuasdendsteyafianmsailuldlunisguanuy
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AU ILAZAILE1I8IN N (MModelimageDimX wagz mModelmageDimY) i alild nndidiaiu
aziden AIUNT1E ANE1 Tundiginanssiuaudesnisvedlunadynyiussfvg wéoudui
AszuaumMsTsudulUsefufeflsidu setupModelProcessor Wunssuiumsiwdeamiasanusi i

[

wod msulunalagvuInveIBunALAZIe IR LUlATINNSHILYNAMUARININTITN B 5AaT
mModellnput = YUIAVBIBUNA
gnimualiInassiuniaudliluguuuy Bytebuffer itvuniduy

1 * mModellmageDimX * mModellmageDimY * 3 * 4

159



1533

15-1

mModelOutput = YUIAVBLDINNG
gnimuslinassiufienndlilusuuuy Bytebuffer ity
mModelOutputDim*(mModelOutputClass+5) *4
mModelOutputClass = Yu1AUBLDMINAAAIENAYIIAUALUAAAA
mModelProcessor = l#an Object Detection Model LﬁUﬁﬁﬁ’JLLUiﬁ

mModelLabel = nian Label WiUl3AsuwUsH

TextureView

TextureView #ig laus3gunsal (Library) Aunisuansguninuuuansuainnassesgunsal
nfanizluszuuuuinig Android Tnalaus3iiu3auns Instance Object

Wneiensdanisgunmilvivangdmsunisiam
N3¥UIUNIT getlmageData

waan1ssudeyagunmluguiuu TextureView szulasdoyailu Bitmap Tuilsidu
processBitmap wadlasudaya Bitmap
svihdayaignineaziBunvesnnudiguiuasdeyaidu Bytebuffer tiuliludiuys

mModellnput

NITUIUNIT processBitmap

=

Wvnegvesnssuiumsilfemsasideyasunmiimvinzauiulung lngsunisdines 3 fa Ae

(%
a

Fayagunwluguwuu Bitmap, DimensionX, DimensionY #8491NN15I938UAIFILUTIULETIEY
azdasdlweswatludinssuiunisaeludmsuns Inference Object Detection Model

uugUnsal

s

mstrnulunatlygiussius

<9

HIATUNTT Inference Model LSUAUIINATLUIUNITABUNUA LASTINITITLNDS LAAIAINISIN
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A15199 15-1 W1s1EwasaunsunIsUsEUlanaluna

Parameter Name Type of Parameter Description
mDelegate ModelProcessorAsyncTaskDelegate | aaadInsun1sLnses
WL 03
mModelProcessor Interpreter Aanad s unsldau

laus13ves Tensorflow

minputBuf ByteBuffer VUIAVDINITIDINUT
ANUIFMTUBUNANT

WisngaunuluLea

mOutputBuf ByteBuffer YUIAVDUDWINANIDINUT
A blimngauiu

Tuwma

mModelMaxFregms Int fudsdmiunisivun

28281V fps

mWidth Int YUINAIUNINVDINTN

mHeight Int YUINAIUGIVBINTN

mRotation Int ‘Ummaﬂmwﬁlgﬂmgu

mOutputDIm Int YU MNRAINE AN
VR

mOutputClass Int YUIALDIINAAGE

labels Vector<String> ARNARNUAEINTUNINUA
Fonanaveensnadu

outputMap Map<Integer, Object> flsdmsusessuioring
ldannluna

newUszuIananelunazinsnssudwl a9 9 Trillassasateyansedu Tensorflow

TngisuAukUas minputBuf Tieglusuwuu Object Array @l Library 48s Tensorflow fuua wag

va o 1

45196735 outputMap Wiasa95u output Mildainluwa Tneszyruinvesiuiiaud Linsumie [0]

Won1un15UTEUIaNan8A1d9 runForMultiplelnputsOutputs(input,Output) 9z 1udosale1vinale

Y 9

[ '
aa .2 a

mensUsznafiuls float My Array 3 SRTuNNSUAT IneaziugusuAluaunsy wandanIni 15-8

AN 15-9

15-11



4

AT 15-8 #9819 Pseudocode vasnsizanldlunalayyrussivg

&9

float[]00 lute out
out[1][ mOutputDim_ J[ mOutputClass + 5]
res_bytebuffer out

i = 0; i < mOutputDim; ++i) {

r (int j = 0; j < mQutputClass + 5; ++j) {

out[ 0 1[i1[j ] = res_bytebuffer.getFloat();

A1H 15-9 A29819 Pseudocode TUNBUNITSUAINAININAINLULAS

1NTULIENTEUIUNT Localization L @MIAUNL U9 Object b ot1agnaasluileridu
extractObjectBlock M1in157ugUsUAIMII1TMBTIIN out LU A79819 Psuedocode wangsanINg

15-10
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extractObjectBlock

; | < mQutputDim; ++i)

k objectblock = extractObjectBlock(out[0][i1);

(objectblockl=null)

detections,add(objectblock):

AN 15-10 A28819 Pseudocode YUABUNITHIAILAUIVIIAURAUNR

nsvviun1slazidunisniuseinnuas Object 71 9 nAean1591nUsed uA191nAIuUs
confidencelnClass 1Mnn3wsawiiua Threshold antiuagiiuaduntsvesnsinsauliidy Object

wazaugUluauasuReuly wansisnng 15-11

NAUASIRUNTLUIUNNTUFUMUIVDS Object MWATUILISUATLUIUATT Aanudauiand (Object
Tracking) lnangluilenduilazldisnis Non Maximum Suppression(NMS) iiesndulaidonsunisuns

Object Mifngalunsvitnisinaudeuiand
o819 Pseudocode 109n15138n1Y Class MultiTracking WAAIAINIWA 15-12

ArrayList<ObjectBlock>detections_head = MultiTracking.track(detections, mOutputClass);

15-13



Create list by
tracking_objectid

L 2

object’s time -
b1.updated_time <=
hres_disappear_ms,

add b1 to nextlist

Return currentlist

AN 15-11 Flowchart 984n15AAANADULING

15-14



Uszniasauwls Nmslist = detectionslist

1. AuM object M1iiA1 confidence gavign Inen1suundasaslicusn

2. 9AN15Y1 Non Maximum Suppression #en15U1AME confidence gegnuyiauiuaBu

v - “ X -
MIYLIDULYUBY Intersect over Union (lolU)) auasy

3. idhamlaldsuusviilu ArrayList Tue nmsList
AW 15-12 #A29879 Psuedocode 2a9Wendu nms

Wiold Object MunadwsaNNIsAUMTIBYYRY object udIazingUn1s Track Object UaAIAS
AN 15-13 uaznnd 15-14

Useniadauds currentlist Tuguiuu Object wuuidigniu nmsList
Usgmiesauys nextlist Tuguiuy Object kuuLAgafiu nmsList

Uszn1eUs Global int tracking objectid = 0

If currentlist==null
Forinti = 0; i < nmsList.size(); i++
tracking_objectid++
nmsList( i ).id = tracking objectid
currentlist = nmsList

return currentlist

For inti = 0; i < currentlist.size(); i++

Object b1 = currentlist.get( i )

Object b2 = findnearest( bl , nmsList )
if b2 1= null
b2.id = bl.id

b2.update time = now

A# 15-13 #1819 Psuedocode U9N1SAAAINDBULANA
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nextlist.add( b2 )

nmsList.remove( b2 )

blid =0

For inti = 0; i < nmsList.size(); i++
Object b2 = nmsList.get( i)
if( b2.id 1=0)
{
tracking_objectid++
b2.id = tracking objectid
b2.update time = now

nextlist.add( b2 )

Forinti = 0;i < currentlist.size(); i++
Object b1 = currentlist.get( i )
if bl.id 1= 0
{
ifl now - bl.update time <= thres_disappear )
{
nextlist.add( b1 )

}
currentlist = nextlist

return currentlist

AN 15-14 Psuedocode YaIWINYU nms




9nilarfdu Object tracking Tu Pseudocode aziiog 3 uuufe

- dwanduniaues object vl id LA
- @579n9 track object Fuunluy

- ATIVERUSEYELIA1YDY object UIndaly object ALAuViTel

WAIUNTTUIUNIS Tracking azlad ayaundu ArayList<ObjectBlock> 9101 uazLi1qUin

sufeudoyaiiieldanvanata uavdeyaiaddunduly

15.3.4 mMsUszananateyadniwueeinTITuANUsluuauny (R Classifier Model)

(%
1Y

TURBULINABNTT Normalize Input Ailsanaingunsalivelyilaaeglutiaves IRl score Aeif

o

wlsdduild@a X, Y, Z waz Speed lng X, Y, Z agloan Sensor lugunsal @ Speed 9zlasuunain

ATUIUATN GPS TUMDUNITUTLUIANAINY UGB SHTITIUALTILUUEIULAY WEAIAININA 15-15

X, Y, Z, Speed

Normalize data
processing

Prediction

return data

AMNA 15-15 JUABUNITUTZUIANAINLTULGDINTIVIUANULIIUUUAIUUAY
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#79819 Pseudocode LAMIAININA 15-16

moutputBuf laluzasit [0] ves

Object[] inputArray
11 input WuUaadu object uaglddnluTufmuus inputArray
runForMultiplelnputsOutputs(input,Output)
inputArray LAzt ine
ByteBuffer 9@ res_bytebuffer outputMap ByteBuffer
[t res_bytebuffer

AN 15-16 A29819 Psuedocode U8INSUITUIANAIINLYULLDIATIVIUAMANLIILUUAIULAY

dielsovinede IRl Score aziiludnsaguuuu JSON uazuianiu Bytebuffer dsfayanduly

fadrunansIuTinteyaainyndiuiiawseudaluds Data Platform API

15.3.5 ns@euseiuunasvlesudmiuiiusiusiudeya

¥ I3

N3EUIUNITNSYBUsD Data Platform APl Integration agisusuLiladivayaaniening Object

Detection wag IR Score wagaasaiausaiu APl au URL vesunannesudmsuiiusiusiudeya

InegUuuuteyaargnasialusuiuy JSON nillasaasneneegis

{

app_version: "0.0.1",

data:

{
app_version: "0.0.1",
device id: "dd96cba38c70e722",
local_time: "2022-03-08T11:06:10.125Z",
location:
{

latitude: 13.8485448,

15-18



}]
L,

longitude: 100.6836185
L,
model version: "0.0.1",
report:
[{
heading: 0,

lastN_IRI: -2.86616261740177e+35,

lastN_count: 3,

lastN_distance: 0.5616177757799105,

lastN_location:

latitude: 13.8485474,
longitude: 100.6836141
2
lastN_sec: 60.124,
location:
{
accuracy: 20,
altitude: -24.30000114440918,
latitude: 13.8485448,
longitude: 100.6836185
2
smoothness_score: 0,
speed: 0,
trip_IRI: -1.7967400004613493e+35,
trip_distance: 4.6719038093887955,
trip_time: 124.575

device id: "dd96cba38c70e722",
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item_count: 1,
latitude: 13.8485448,
local_time: "2022-03-08T11:06:10.125Z",

location:

{

L,

latitude: 13.8485448,
longitude: 100.6836185

longitude: 100.6836185,

model version: "0.0.1",

report:

[
{

heading: 0,
lastN_IRI: -2.86616261740177e+35,
lastN_count: 3,
lastN_distance: 0.5616177757799105,
lastN_location:
{
latitude: 13.8485474,
longitude: 100.6836141
L
lastN_sec: 60.124,
location:
{
accuracy: 20,
altitude: -24.30000114440918,
latitude: 13.8485448,
longitude: 100.6836185
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smoothness_score: 0,

speed: 0,

trip_IRI: -1.7967400004613493e+35,
trip_distance: 4.6719038093887955,
trip_time: 124.575

15.4 NANISWRINN

15.4.1 msAnfawarldau

s

weundindudmsuaunsalifudeyanisinunfvesinasaswasUszanadeyare Yygyiuseivg
awgnadeanuluzuiuy Android Package File (APK) Wioauasmnlunsindsuugunsaiifutaya
Tagannsonnilvaaliddandnandulsivedasinsitouasvhnisindalnsunsllig APK ndsnis
pmiflnaaasduiierinisfndueundindundsinsuaiedulonouresueundinduazsing it
Home Screen WaAsfanInd 15-17

1609@® B X %.4100%8

. Irldzhush aQ ®

1

Inddan aniinan

Wam

3ala paper

oy
o smoothstreet_0.0.2_fixgpsspeed_boundary_rotation.apk

Wwnas

anlnan

Tamshad

Judaud

Tumsilse

Asafumulu
SD mda

& OneDrive

Al 15-17 msnnadluaauaundiadudmsuaunsalinudeyanisinUnfivesiaesnas
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A v & a ) 61 ) ¢ a'
LN@L“U']&J']GUUW@‘ULLiﬂﬂ@ﬂ'ﬁ‘ﬂ@@iéﬁpﬂ@ﬂﬁlfﬂ']ﬂﬂ@ﬂﬂim@ﬂﬁ i ﬂ']EJium'ﬂQﬂﬂim@ﬂLLﬁ@ﬁﬂ']WVl 15-18

e - X ¥.4100%0

uryn W SmoothStreet dnusUuasiudinidilolun
wourlduol
wmeadeil

Liouna

AWA 15-18 Msvesygynliididsaunsaling q angludiaunsal

Fosuldnumimdn szuvazvhaulaeviud lunhaeilifiesnsunsfiguiflios Aenslugniinig
e Setting Screen uansfanInil 15-19 uagnnil 15-20 uazmsindsgUnsaiuusadaULsad1TI9
annsaanssldlagldgunsaifanglnsdwiamnsulaialufiansaldasunszanmisalusiumed
ndesasanivinuamsaifunwvesiuiansesasegdnuiienanIsvuiiafian ununinms

a & VA a & o <
FARNLLAZFAIDYWNNITAAAILFAINININNA 15-21

dd96cba3sc70e722

WA 15-19 M3sIINAWINUYRIRUNTal
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135440 - KO W493%0

Settings

Transmission Interval 300

International Roughness Index (IR1)

Model URL  http://example.url.co.th
25
http://example.url.co.th
Opject Detection Model
Model version 25
Model URL http://example.url.co.th
25
http://example.url.co.th
DATA PLATFORM
http://example.url.co.th/upload/name_one

http:/example.url.co.th/upload/name_two

A 15-20 N13AAINITIIIUVRIgUNTAl

Attach the device at the
front view mirror

Edge Device
Road Condition Analysis

ANA 15-21 WRUNTWKBLA0E19N15AAAIUNTAIUNTAENT2D
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15.4.2 ANSVNARDUUTZANSAINAITVINIU

% ¢ v a a a v o a a v
AuwuvgUnsaliiutayanistiaunivesiinasiastignirluneaeudssaninmnisldaulaenis

wudeyanuuludmingiinduanisionslunnsis

S il / ouuy JrgEN4 (N3
24 Jw1A 2565 | QiR / auungy-unn1g (3030) 10
24 Jwiean 2565 | Quiin / auuthuunsly 3
24 Jw1an 2565 |Qiiin / auunieadnil (4010) 2

NNITNABUNUIRUNTUAULUUANTINTINABUANLAAUNAVDIRINTIRT AT URATUES
wamosumusmdeyaldludnvaznishauwudlndifsaSealnilagiaannainmssesudeyadign
Guitnluunanvlesusiusiudoya wiognelsfimunuInnIsThusaznsuEnRauugUnsaliuwull
omsmilaedaunnaindiuaumsusiedund (frame per second) wasnwimlefiuaniannndeaiigunsal

AULUUMFINTIATUANMURAUNR 21nN15ASIERTaTenyi i Ann1srLan tawn

- AMU5RINTITUTENNANATR AT RN T AN
- wuanuRaunAnnulunteriaan
- NSLEARINANISRSIITUTURNUTNaaNsYulUnsauiu

I3 a 5 & 44' YR & Ao
- V’n']llLi']ﬂa\‘i@uLm@sLu@]‘UULﬂiaﬂiVﬁﬂW‘m U NWUNF1379

Faduwansvirnuililuiagtuassmuaunanimesaugids WeslunsufoRnuatens
drsmaninauunuliferusidudosnsrnudeyauuuiealnd angdrsnsinafudeyauas
Usgsnanaifiossnuludamsnududainangly 1 fu vilsuuuunsseaunasesgunsaifuuy
annsaiinUsdnsnnnsviinuresnnizdinald sglsfnunngidedenisuiuussnisUszanana
LazAITLANININN1IN TS Ul TTUsEANE nmanndu wieenafinnsunitmugunsaisunuuliviing

nsRIuAuinUnAlaelifeuansnIRleiieUseAvian ng e
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15.5 afuTeuazdaUnNa

Aunuugunsaliiudeyanisiaunfivedi9siaswasyssuiudoyaniedyyiUssivgly
grunruzligniaunassauysallugluuuiaunsousueundindulagld React Native lumsimuinay
14 TensorFlow Lite Wududeusolunmainelumatlyyiussdvidmiunmanmaduauiaunives
f799793 wounseudweUndinduiifauntuldgnfadslulnsdnriaun ivinufoasadufuuuugunsal
Audoyamsfinunfivesinasasduau 5 infeufiodlRadslusadsndmsumaiudoyadsiudi

lasans3deimun Jeyaiiuldluseninenisldnuasgndludunannesusiusudoyalneiinisds

Y Y
v A

Usznnanuiauninsousuusenau fudanuleureadiggas waeiidndiea wethdeayalusiusiy
wartausludnuauzansaumadunuiioaduayunsusmsdanisauulinumiisnugsuiinyeu
woly
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unil 16 AULUUTSUUHRAHRIAMAINAI51351A8 Machine Learning A189a3aan

Sensor TWgMUNIMULHIULATIUNE [oT

16.1 nguszea

ad v 6 IS

nfeiauslasesnis Aluuimslunsideuazinunisiiudeyannuasiiiounasiavie lnednis

2

Uszananalugunsalfalugunvug WuasaumefediuamiuiinUnfveidnesas wavdsdayanduun

Y

= 1

Uszananafiauduszaiananany uazlissuuuimsdanisasaunaietuauiaunanidifisdngndt
srvuiiniignuvuatngldegludagduiasiisuyuidias elvniisnudmuisaiuisainluly

Uszlewilunisdrnwasingasnwidmislaeg1amateanniu damalilszaunisainisiiunivesseau

YURYY
Augddelidman1sivenilasieuluuniiiiua sysannsiluduiuussuuaendonmnn

17951331A8 Machine Learning Ad89aya91n Sensor tugunvueiiulasewiy loT deilesAusenay

a o U ! dgj
LarIIPaLEnveINISYINUAIralUll

16.2 A nsmaa1UnunIsuvaessuu

AULUUTEUUADAARIANAINEIRT1A5IAY Machine Learing 738483310 Sensor lugnumviue
HulATIYe loT Hasdusznaunan 5 aadusenau nanfAe
1. gunsalfuwuudmiuiudeya (Edge Device)

2. #13mun Machine Learning §1115un153munUseianauidaunfannguain (Object

Detection Model)
3. #akun Machine Learning d1wisun1suszunum IRl (Road Roughness Model)
4. wanWasudmSuTIuTIITeYa (Data Platform)
5. Aulwdthawedeyan1sliaszian1niliasnas (Visualization Web Site)

TngpIAUsENBUVAN 5 IAUTENDU UANUFUNUS TEUININUAILEAIIUNINA 16-1
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(" gevence [ N O N

L Object Detection J

Model

[ Data Platform L Visualization Web Site

Road Roughness
Model

- EAN A N /

AT 16-1 AMsuaaUnenTINYITTUY

ANAUNUS LA N1SYINUTINAUYDIRIAUTENDUT AU NaIAB FT1uA Machine Learning 14
dwsunisduunyszianauialnAaingunin (Object Detection Model) wagdadnuundIusunis
Uszidluen IRl (Roughness Model) uld$unisindsoglugunsaiduuvudmivifuteya Fsgunsal
sunvulumsifudeyatl Tasunmsindduiodasansveseuninugasad mihfivemnssudiuvioadu
fMdlunuauusineg meldanuiuinveuvemienu waznalnmsvisuvesgunsalfunuudmiuiiv
foya Srenisliigunsaifudeyaunzisuunisans asvhmafuuasUszananatoyaidosiu 1ty

gdatayaluniunannesudmsunissiusindeys wavkUsanmdeyalvioglusuwuuiinseuliuinisun

¥ a U

Auled wazidnlade wieliidminfivesmiisnudiunedunininnguaouuaiuisagteyaneafu

anmilaTasnglinnusuiinveuvesmiisauty el lugnisdendngsauudiundnise aud

aunsaliuwuudmsuinudeyaldnsiamy

16.3 ATWIUNITNINIUVDITZUU

S198LLDEAVBINTITIVULATNAUIDIAUTENBY M9 5 @31l lenanilinallusieanuunneudl way

ANEITEATUNINTIN 1195911918953 UUTREATU NENNITTNUTRILAATBIAUTENBY |AZN1TYINY

SiuseniesaUsenau sl
16.3.1 gunsalfiunuudmsuiiudeya (Edge Device)

gunsaldunuudmsuiiudeya (Edge Device) \ugunsalinseulumeiniowmsiadunaziiu
ToyanareUssian aulufiegunmdasiond aruduasiiiow \Wugunsaldaininennsaliieanasessunis

UszN3anavaeiadnuun Machine Learning tiiansunsesteyanuliiluaisauwmeluiaiass 8nis

16-2




annsodearsansaumanusziianadesiundilunquisindoyananslalunaiass uasdugunsalild

U948

A . a (3

AIElaGenly Insdnvilofiodiaier nsznataunIaen MI1¥d1 815AKISVRIUNTAIRINGET"

Y
= N

fgunsalamndunnuszinaniianzisedons uaelifamuanunsolunsussnanaifivae Snviail
dngnwitugnilumsdomsmsaumadesiulufiguisudeyanarld vilsanridoaunsososonain
Fnarwannsomarilasnsjutiulufimetaugenduns suduilavenishauesgunsaifuiuy
dwmsuinudoya

°o w N

gendwssuduilovesnsvhanuvesgUnsalfunuudmiuifvdoyaiinifiddayde s
ToyamuAnunAuuriosnuy srudeyaaneureiing vesszuulngdmi 019 anuduasiiiou dumis
e AuEafiAnne wavnszuadfsiend a1nty genduida srurenisliiasiuun Machine Learning
dusunsdnuundssiananuidauniangunin (Object Detection Model) wagAIdLUNdInIuNIS
UszLfliuA IRl (Roughness Model) Wndayaannauigesvesszuulnsdws luanduau lanadnsidu
asaunalosiu Favenduasy dndsaddiy Packets dayaiiodoasluiigusmiusadoyanans il
gonduas I muaksinszuuUfoinvednsdwifledevednsdwiflefosaniosnszqauounsens 1
nanerdugunsald i fiemidader Aensifvdeyannuiinunfvuiosauy wihasvesgunsal

fusuudmsuiiudoya wanadanmi 16-2

QI9AMT @ B - 932 @7 @@

. Location, 6

Settings Baterry Memory Storag 0.26 M/S Buffer
53 0

MB 115 B 463691 PRODUGTION

b70cecfe4a56f85e 100 % 115

29T702:19:23.082Z

ACCELEROMETER-X ACCELEROMETER-Y ACCELEROMETER-Z IRI
-9.36042308807373 0.30628129839897156 3.0708887577056885 5.848086e+21

awil 16-2 niiaevasgunsalfusuudmiuiudayaiiuansdayaieaiunisineuvesgunsal
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16.4.1. $191UUN Machine Leamning @115 un1531uunUsziananuidaunfaingldnin (Object

Detection Model)

a

#137uUn Machine Learning @193 uni1saiuunysziananuidadndainguain (Object

o [

Detection Model) lasun1swaun a1naatdnenssy Yolo 5 F9Aueive AnAaNaNatganIlnenssy

Y

Wewn TuszdnSamguazmunzdmiumsidandunuuulnsdnwidede dduundingn losuleu
Toyaangenduisvesgunsaliunuudmiuiuteya Tuguwuunszuadfviad ntudnnssualnvie
<) a a v -d‘ ¥ o Y 1 14 -d! a a 1
Junsuguamm wagamamanuiiaunfivuissauunudssianitlamvualineunad Ssanurauniue
avUszinniidmualidy augddelaaeulvdiduunansauenueglalaenisuenuezlinaindiegagy
AnuRaUnFvwesauululszianty lngdnionaingunimuinndt 200,000 sUAmAasipsauuniaIy

AnunAuszanlauszLanuils nievanee) Usean

A o v o av v v v U cay v o o a i Ay Yo !
Lll'e]u’]m'l%']LLUﬂ‘Vllﬂi‘Uﬂ'ﬁa@uua'ﬂﬂJ'ﬂfU\‘]']u NaaWﬁ‘VleﬂzmﬂG]'ﬁﬂLLUﬂ”l Q] Eﬂﬂqﬂmiﬂs‘Uﬂqiiguqq

firnuiinunfvesviasauy Ussnvvesnuiinunfvuyissauy Auunlalaessyuseny seauanudivlae

F1n1ssryUszianiugndes ntudeyadinagniiunsiudu deyadue angunsalifudeya o1i

Y

Y a v =~

funiafiin war dndrdlugunsalifiudeyaiedsdeluliaudsiusiudeoya feg1an1svinnuvesdi
3uun Machine Learning dmiunisdnuunyseinnainuiialn@annguain (Object Detection Model)

LANIRININT 16-3

S
w
!

session-1615258342-60-270

AT 16-3 N159119IUVDIAUUN Machine Learning d1sunisanuundssiananuiaunfain

3Un (Object Detection Model)

16-4



16.3.2 f7371Un Machine Learning dusun1suszanalan IR (Roughness Model)

NI LANAUIRITUUA Machine Learning d1msun1susganaian IRl (Roughness Model)
Tnsdaidenanuansaaninenssuidesnndadiuundsnaniiussansawgauazivanzdmiunsld
sufunuuulnsdwifofie dufumsuundinanagldfudeudeyanneonduifvasgunsaifuuuy
dnsuiffudoya Tuguuuy Aeuduaniionain 3 unu AoKNULLIRS LNLILITIN WILLNULLITIU
soidlestudianuiigs 9ntufsiuunyiinisUssatne IRl (nternational Roughness Index) 91061
prwduaziiion 3 wnudnann Fansuszanmen IRl neanuduasiiou 3 unutu Auzdduldaeuls
frduunannsaUszinualdlasmaiisudanuduasiiiou 3 unu fue IR 9339 Miulnegunsalilld
LIATFIULBINTUNNMAN LAFTDINTINIMATUUN TiAadunfautumslimanuduasitouauunu

v 1 a v a & 1 a
FaNa 2NNITINUURIUURSLTUITEEN19NTIY 200 Alalwms

Wimhdduunilasunisaeusdiunldnu naansnlaaindidiuuny fe a1 IRl dmsuynssey 1
wns Adundszanala wazszauauiula ntudeyadenangninansuiuteyadus 1ngunsal

Wiudoya 017 sunsiian wae dndrddlugunselfivdeyaiiiedssalUligudsiusiudoya
1633 unannesudmsusiusiuteya (Data Platform)

wannesudmsuTIUTINTYa (Data Platform) inntiisiusiudeyadngunsal Edge Device

nuuhnsUssanadeya Wewsenliuinadeiuleduanmasenlitoyanunlieenuuull

toyatilvarinmunasmesudmiununudeyaiidnuinnuagrateussnn eglsia liindeya
awlvarudumile Tuwtesdunstauigaifoyaluaidiluaunsuansaty doyaassiunszuiunis
wdne fail
1. Ingest Mssudeyaindunanilesudmiusiuniudeyanulasang loT
2. Enrich msuUSulssmnuazidentaya
3. Analyze MTIATWVLATUTZUIETI8UNE

TunNsINNMSYIU Aanslunmi 16-4 unannesudmsuniuniudeya Suteyanaunsel
Edge Device 31nniigaudmungnaigviiigau deusasniissueiaiigunsal Edge Device any

gunsal
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nsvhanumsluresunanlesusiunudeya erdueduszneuiivhausiuiuegidlnddn
wa1883AUTENaU 919

. szuuadsteyalunarin (Cloud-based data warehouse) dsilannilnonssugiudoya oy

massively parallel processing (MPP)

. syuugiudeya OLTP nieurnddsszanana SQU/MM fisesiumsyhauvesmensding GIs

. syuug1udeyauuy Document-oriented / NoSQL dwihmsimiussifeuteyalusuuy

JSON

. UimsUszanawadeyauuy Functional Huefeusitng (server-side)

. U‘%ﬂﬁﬂizmawaﬁﬁayjaﬂ"’ﬂﬂﬁqLﬂ%@qLL;J'GU'WEJ (server-side)

. wuuifmLﬁUlWé%’auvaLLUULLUqﬁuﬁlﬁ (Object Storage)

e USASHASD9ABUNILADS MUY UL UULEL DU
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A0a1398NI19AR Y VOITTUUADNABIAMAINAUAI95195LA8 Machine Learing A38 Sensor Tu
g1unInUsRIulATIY loT Tiiduuinsgiu Iagld APl (application programming interface) Ll ol#
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WA lasenuluuniniumn naife

4. gunsalfunuudmsuiuleya (Edge Device)

5. #7397uun Machine Learning #1115 un1situunyssianaduiiadn@anngunin (Object

Detection Model)
6. $atun Machine Learning d1msun1suszunum IRl (Road Roughness Model)
7. wnaaWasudmTusiuTideya (Data Platform)
8. Wulwdiauedeyan1slinsesianiniiasnas (Visualization Web Site)
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1. JeeuANluYeveas1as (Crack)
wauUBUURNIaUY (Pot Hole)
Fviaszuneunfegluresneasnas (Manhole)

seYnUUrIoNUUEgauMe (Shoving or Patching)

o A LD

AMUEYINYRUTOU (Edge Deterioration)

v
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aula (True Positive)

o Sruaufnundfaulafiauiuldaswinuusiaswmsnlinuniomeinduauunduszian
3u (False Negative)
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(False Positive)
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NUUUadF True Positive (TP), False Positive (FP), hay False Negative (FN) Aulgain

o

YAUNIAILIU AU SEUUTEANT A NVDITEUU BaAUseluUszansSnnasszuunausdsauladl 3

1A

3.

megn _ TP
megn +meia "~ TP+ FP+FN

Accuracy = (17-1)

Tng

'
a

True Positive (TP) 1184 @999INUNe ASINUAINNATUDI

False Positive (FP) nungfie @9nvinunelunseatudeiinadu 1agyinuiedn 259 widan
a dy & 1 a
Winu A Taase

' ' v
a A o =<

False Negative (FN) s1efis @siviungluinssduiniiniuase Inevinunginlaase unded
LANTU AD 959
Fauduauniseuiusan

TP+T __ TP+TN
TP+TN+FN+FP  P+N

Accuracy = (17-2)

aad 1 A

a0 1 % . 3 1 aad o i a dy ~ I a
wardlAiNiuns e True Negative umadanuuldlaluusuni Wesineglulifiseiiies

'
1 a o

(Continuous) TwvaueAmadantulaluusuniieygluianldsewlies (Discrete) Falsirinanlyd

v v [

weN3N Accuracy ki AngITedsauladn Precision wag Sensitivity fie LagilansAuinmail

TP
TP+F

Precision = (17-3)

Recall v3e Sensitivity = TPZPFN = % (17-4)
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ayvsaensy ag ey 10 Alawns

17.3.1 fuiluniie

o

ToyannIdtlivaaeuUsenaume 2 sessions 53U58EEN 10 Alalns LaAIRINITIeN 17-1

A15199 17-1 Sessions Tun1snagauszuu Tununluwaiias

o ode . % 4 STHLNIY
Session Tunnudaya DUU/NUN N
(Mawwns)
1 24 3.p. 2565 | auUUSIDNE 2
2 24 1., 2565 | QUUWUTLNWY il
3 24 1A, 2565 | auudaungny 4
593 10

NTBYANINAFDUTEUUT T198U Anddedudiuiuanuiaundnssuuiuunlanielildidu

ANEDR LANALAAIFINITINT 17-2 WALHIDE19NITATIVVUANURAUNRUURIOUY LEAIFININT 17-3
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A15199 17-2 NISUUAINDIANA LUNISNAFBUTZUUM MNUN luLunLliag

. myam True False False
Usztanaunadng / AEas
Positive | Positive | Negative
TRUWANLUYBINI995195 (Crack) 5 3 91
nauUauuNInUY (Pot Hole) 1 0 48
dvieszunetfieglutesm1eas1as (Manhole) 56 55 95
T8YAUUNTBNUULEURINS (Shoving or
1 2 a0
Patching)
ANULEYNIERINVBU (Edge Deterioration) 0 0 9
FuNNUTENANNEAUNG 63 60 283

Visible

I 3% @@

AN 17-3 N15ASIIVAMUAAUNAUURIITIDTVDIOUULNYT N WY

¥

NAT UULAT 19U ANEITAIUIURIANT TAUSEENS A NUBITEUU na1lAe Accuracy,

Precision, WLay Sensitivity WAAIAINITIN 17-3
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M990 17-3 ANYINUTLANTAINVBITZUU TuNuNluwaLiiag

Ussuanannuiiaund / A1ddauszansam Accuracy | Precision | Sensitivity
JLANIUYDIN1995195 (Crack) 505% | 6250% | 5.21%
wauUsuuRIauu (Pot Hole) 2.04% | 100.00% | 2.04%
slfwiaizmaﬁﬂﬁagimfaqmwi’m (Manhole) | 27.18% | 50.45% | 37.09%
T8YAUUNIBUUEERURINS (Shoving or

2.33% 33.33% 2.44%

Patching)
ANULEYERIUVDY (Edge Deterioration) 0.00% N/A 0.00%
52uNNUTENNANUEAUNH 15.52% | 51.22% | 18.21%

17.3.2 fudlunyuun

TeyanauzIdelinaaaulsEnauniy 3 lduUN1e 5IUIEEEN1S 15 Alaluns LandnenIsen 17-4

M15199 17-4 Sessions MUNISNAFBUTZUU TUNUNIULUABUUN

D oda . 5 4 STYLNIY
Session | Juiiudaya DUW/NUN N
(Alauns)
1 24 §1.A. 2565 | auuNgy-uNNE (3030) 10
2 24 3.m. 2565 | auutuUeUu 3
3 24 31.0. 2565 | auumiadd9n (4010) 2
593 15

[ YRY)

NTBYANINADUTTUUY T19AU AT

' a

FuruAuRaUniNszuUTwuntaus o lalatdu

ANADR LANALAAIAINITIN 17-5 WATA9819N1INTINIUANURAUNAUURIOUL WARIAININT 17-4




A15199 17-5 NISUUAINDIANA FUNISNATBUTZUUM FUINUN LULIATUUN

. myam True False False
Usztanaunadng / AEas
Positive | Positive | Negative
JRUWANLUYBINI995195 (Crack) 0 0 102
nauUauuNInUY (Pot Hole) 1 15 110
dvieszunetfieglutesm1eas1as (Manhole) 15 15 52
T8YAUUNTBNUULEURINS (Shoving or
0 0 37
Patching)
ANULEYNIERINVBU (Edge Deterioration) 0 0 32
FuNNUTENANNEAUNG 16 30 333

CEM715~ @ m -

L *a«d"fl'll @

AN 17-4 N139159IUAURAUNAUURIITITVRIAUUNLT-UNE

PMNAMNULAT19AUY AL TYAILIUMNANTTAUSEANEAINYBISEUU NaAB Accuracy, Precision,

uag Sensitivity LAAIRIAITIN 17-6
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A15199 17-6 ANYINUSLANTAINVDITSUU TN UN I ULUAYUUN

Ussuanannuiiaund / A1ddauszansam Accuracy | Precision | Sensitivity
JLANIUYDIN1995195 (Crack) 0.00% N/A 0.00%
wauUauuiinuu (Pot Hole) 0.79% 6.25% 0.90%
slfwiaizmaﬁﬂﬁagimfaqmwi’m (Manhole) | 18.29% | 50.00% | 22.39%
T8YAUUNIBUUEERURINS (Shoving or

0.00% N/A 0.00%

Patching)
ANULEYERIUVDY (Edge Deterioration) 0.00% N/A 0.00%
FNNUTELANANUHAUNG 4.22% | 34.78% | 4.58%

17.3.3 NUNTENIN9LL09

ToyananeIdglimaaeuUsenoume 3 LHuUMNG 5IUTEEEN 20 ALAWAT WEAIRIANTINT 17-7

A15199 17-7 Sessions TUNISNAFBUTZUUM TUNUNTZNINNL3104

v oA g FTYLN
Session Juiudaya auu/Nui -

(Alawns)

1 24 §1.p. 2565 | auUNIEIIN 2 danthngiuan 7

2 24 .. 2565 | auuNTEIN 2 anthngiueen 9

- aUUNTEI 2 enngiueen
3 208m. 2565 |, . . . ) 4
YudNIneas1meensERy
piett 20

[V RY)
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! aa U d‘ U 1 L2 a a a U dl
ANADA LARIAIAITINN 17-8 LATAIDYINITHTINVUANUNAUNAUUNIOUL LERIASNINN 17-5
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A15199 17-8 NSUUANINKNA LUNITNAFBUTLIUUA TUNUNTEHNIN9UD9

- a 4 an True False False
UYsstnnauNaung / ANEan

Positive | Positive | Negative

F98uANLUYDIN1995195 (Crack) 12 9 135
wauUauuiIauU (Pot Hole) 0 4 46
Avieszu1etieglurem99s1as (Manhole) 6 75 14
J8YAUUNTBNUULFURINS (Shoving or
0 5 a8
Patching)
ANULEYINEAINTIBU (Edge Deterioration) 0 1 10
FuNNUTENANNEAUNG 18 94 253

407PMEM > @ - IR 7 @ @& 4

Visible

AW 17-5 A15ATI9IUANRAUNAUURIITITVRIOUUNTETIN 2 dantinzTuaan

| [

NANHULAT 190U ANETTEAIUIMRIAIT TAUSEENS AMNUBITEUY Na1IAe Accuracy,

Precision, WLa¥ Sensitivity WARIAIRIIIIN 17-9
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A15199 17-9 ANYINUSLANTAINVBITLTUU TUNUNTENINBY

Ussuanannuiiaund / A1ddauszansam Accuracy | Precision | Sensitivity
JLANIUYDIN1995195 (Crack) 7.69% 57.14% 8.16%
wauUsuuRIauu (Pot Hole) 0.00% | 0.00% 0.00%
dvipszurstifiogluremisasas (Manhole) 6.32% | 7.41% | 30.00%
T8YAUUNIBUUEERURINS (Shoving or
0.00% 0.00% 0.00%

Patching)
ANULEYERIUVDY (Edge Deterioration) 0.00% 0.00% 0.00%

52uNNUTENNANUEAUNH 4.93% | 16.07% | 6.64%

17.3.4 yANuRTINTY

¥ Vv
A A v

WetuaatiAvesnituim

¥

9 3 VAU WAAIPIANSIN 17-10 wag ANS9N 17-11

A15197 17-10 nstiuaniiadanalunisnagaussuu vgnﬁuﬁifmﬁ’u
. e am True False False
UssAnadnuxaung / aAdnn
Positive | Positive | Negative
50UuANTUYBINI925195 (Crack) 17 12 328
wauUauuiinuu (Pot Hole) 2 19 204
dvieszunetfieglutesmieasnas (Manhole) 77 145 161
T8YAUUNTBUULEOURIN (Shoving or
1 7 125
Patching)
ANULEYNIERINYBY (Edge Deterioration) 0 1 51
52uNNUTENNANURAUNH 97 184 869
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M13197 17-11 ANFIAUTTENTAINVBITLUU LRALNWUNTINAY

Ussuanannuiiaund / A1ddauszansam Accuracy | Precision | Sensitivity
JLANIUYDIN1995195 (Crack) 4.76% 58.62% 4.93%
waNUauuRIauu (Pot Hole) 0.89% | 9.52% 0.97%
slfwiaizmaﬁﬂﬁagimfaqmwi’m (Manhole) | 20.10% | 34.68% | 32.35%
T8YAUUNIBUUEERURINS (Shoving or

0.75% 12.50% 0.79%

Patching)
ANULEYERIUVDY (Edge Deterioration) 0.00% 0.00% 0.00%
FNNUTELANANUHAUNG 8.43% | 34.52% | 10.04%

17.4 afusieuazauna

INNFUMULUUTLUUADAA BIAMNINNUHIITIATIAY Machine Learning A3gU8a3nn Sensor

Tugnumnugiulasaiy loT lUnegeuinnisaendesnmnIniiuinsasluiiunase wednusesdnsnm

MYINUTBITFVUALLUUIAEBIATINNITEUY NNy sanisesAUsenaudasusiazesnusenay

[y

Yoa58UUIMsiuLad luiiuiidmnenldnvasuandeaiu 3 Wun nanAefiuiluundos (NFENN)

& A & A v L [ & A 1 = 1
WU LAY UUN (WU‘VI‘UUUVﬂU"NW]ﬂQLﬂG]) LAE WUNTENINLUDY (AUUNTEIIN 2 FTWINNTIANNA Bae

Janinaynsasnsny) uazluudasiuivennaaeulssdnsninlunisnsaduanuiaunilaswenyssnm

Y2IANURAUNRA 5 UsEhnn NaIAD

® SPUANUYTOIMNINATIAT (Crack)
® AuEIMEMILYOU (Edge Deterioration)
® yiauUaUURIUY (Pot Hole)

o lhvisszueunfieglurenasnas (Manhole)

® saeyayurIaUUzdauRIne (Shoving or Patching)
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nuduanuRaunAnsruuswunlevsoldlaidumad® True Positive (TP), False Positive (FP),
uag False Negative (FN) wagannuuiiaraianiulaaindeauiimuinmatusefiudse@nsnines

S¥UU Na@1A® Accuracy, Precision, Way Sensitivity Ui wudedunansenniseiusienssalul

nslduvesssuulaesndululndifssiuiiaianune Tnedeaeuldugunsalifivdeyald

< ¥

lngdne wleanngunsalinudeya iWukeundinduiuy Embedded vussuudufinisuounsess &

Y

a =

Usnaulunl8InAIasNaaIAMAING TIUTUINITAUNUIEUSELIANE hasTUgEa15 08 19R LA

9 Y

o
v o

dnvemnaUndndulasunseenuuulagadedsussaunsalves 9y In15uaninan1sngaduaiy
AnUnAUsELANengluaass lnelinnsartilunisnsiadudiaieninndslssaianavesgunsningiadu
Tusudszanauntmueifaussauzinitanudesnmanineinsluaaiunisalads eg4lsia Agunsalv

dafayatulunaandunasvlesuliognssuiuwasasudou wiinunsserldfidyaradvsdwifnig

1NNINAADILTINUDTI NUIUTEANT NN TUNITATITUANMURAUNANY 5 USLLANAINIINANIS

[

Uszillulsgdvinmvesiidnuunnaun1sysanses ity aneidenniilanvgeial

q

(%
o [

1. Tumsysannisimduuniugunsaldunuuiiudeyatu Sndudsvasiiduunainuuudiaes

o
v

RIHU Yolo V5 FamUIUNAN1INLIAG 81A1TVINIuYawsuIsA PyTorch Tua1w1 Python oy

° pp 2 A ° o ] ¢ A Qll ] as .
LLUUQW@@QV]@JGUUWWLaﬂ‘V]L'Vill']%a'ﬁﬁﬁ’uﬂfliisnﬂf]UUua‘ﬂﬂﬁmLﬂa QUWIWEJELGULW§3JL3§?] TensorFlow Lite

a v a '

dmsuszuulUansuounsesn Baangddeliauyigiuinlutunounisuuasuuitasse1adviidiuyinlia

<3

AL UGIVDINITVINIIUYDIAIILUNANAIDE 9L UY

2. aussanlunisussananavedinsdni weunsess k4 Fudugulungusiaiviunans agly

seaunUseinanan wlameauazidsntes deaiumnuazidynveasn nlglunisuszaiana A1y

£
=2

A11150MTITUANURAUNR LI AT U

3. dnaduviananmsnveyanldlunisaaunuuinassinnuuaninteyasaiuuuiaes

Y] [y

Liweiuanneu egslsia Anzddelmhinviminasdivaunsalinudeyaundeunduliiuuinaesisiu
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Yolo V5 UHaMnInd a1 sy uveansiiisa PyTorch luawn Python unpauiainesaussauegs

¥

WUI1A1 Accuracy 8gisauay 81.30, Precision agiiseeay 92.16, Uag Sensitivity agfiseay 81.30

wagnuin 91nnisnaaesldaiuats UssAnsamlunisasiaduanuiinunia 5 Ussuam snaify
o910 TngUszAvsnmlumannadunuiauninfiaslulssandwessuneinflegluemnaasas
(Manhole) usiuszavsmmlumsnaduanaiisunivszandudamninszansamlunsmsadudvie
un suilesnan Sruiuguililunisaeuuvudassiisiuiunazaamannvangliminfuszninanny

RaUnfng 5 Usean Wesananuiaunfiussinnenee inaduldiviniu

[ (%
v ¥

sl wmnaranuadaduiiveudniiutudedediadunaaenineinsvedasinisiiges
dewnauideiiidulasinisihies Sgessmnelumsaiefuuuuszuun Wenwiwuamisvallums
wAtgmilunisdsannuinUaivesiaeses irlugmahluldnuaidudign udlalddqns g
Taonsafioadrsszuviiannsathluldanuaiddiiug ilesansudsznandusuyssanadmsulasinisi

OUVINUY

0g1l5AA sruufuLuUisnanldlansiifiuin mndnawazninensifisawefiazifiuuay label
Toyasunmildlunisaeunuusiaonnniu uasiaunisuvawiasuunanuuuiiassiady Thidu
wuudassifivuiadndmiunslidauuugunsalindouil wasiiiundesznanavesgunsalifiuteya i
wannsaUiuUsUsEansmmnisnsaduresanuiiaundle q Wisndusinfiseusuldlunsufod e
nslduasiluewian Tnsgunsalfuuuuiinautwndungfuanmauuiifauadeadatuound
donumegeulunuided namie iWuouudifidvie uigilifnquuewnniin tagluewanenanedosding

Wudeyaouuifivaulenindu welikuudtassausonsadvauuidaudenieuszunnnauueld

LUUEIUNT IV

[y

Vil WefigatauyAgIuiuuIminsideausainlygnmsiiluldauaiduian aalasunis

atdvayusell Augdduldvinisiuteyadusiedavied wazdiluduundesilunadudunaiues

1595398l vwandnenssunivsnensalifissne wuiimnuwiug1vesiiluwasgi 92% Fatiuineg
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Tuszaufiansathlldauldasadieldsunisdesenfimuean Inefideyafiiuuasinsneils waneds

M9197 17-12 wasmsei 17-13

M15199 17-12 Sessions TUN1SNAGEBUITTUUY UUaAIUReNISUNINSWEINTAUNEIND

v A e 4 4 FTYLN
Session JuninuYaya QAT
? (Alawuns)
1 29 NSNYIAY 2565 | aUUUTZY QT 0.3
2 29 NSNYIAY 2565 | AUULENITIY 0.7
3 29 NSNYIAY 2565 | DUULENITIY 1.9
4 29 NN 2565 | AUULETIITIV/AUUYEAN 0.9
5 29 NINNIAN 2565 | AUUANTY/AUUETUNS 13
6 29 NINYIAY 2565 | auugIUNS 0.6
7 29 NINYIAU 2565 | OUUBUNYALANNT 0.55
8 29 NINYIAL 2565 | AUUATLEU 0.5
9 29 NSNNIAY 2565 | AUUBUND/AUUUIAT 1.6
10 29 NINYIAY 2565 | auugvial 0.3
11 29 NSANIAY 2565 | DUUAITY/AUUYIAN 0.9
12 29 NSNYIAN 2565 | aUUMLnaIY 0.45
ouuladunszifesAivniai 9/auunsy
13 29 NINIAN 2565 s . 3.1
e

14 29 NINYIAN 2565 | AUUITAAIATIY 13

574 14.4
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A15199 17-13 N159AA1 Accuracy ¥89A2laaaunaa1UneanssuNANSNeInsULNgIne

—o o True False False True
AANAY
Positive | Positive | Negative | Negative
session-1642817347.mp4 23 4 2 71
session-1658884518.mp4 80 13 5 148
session-1658884657.mp4d 149 2 24 280
session-1658884909.mp4 67 2 8 82
session-1658885076.mpd 107 10 15 181
session-1658885314.mp4 158 3 6 81
session-1658885427.mp4d 34 2 16 92
session-1658886696.mp4 23 2 9 a6
session-1658886831.mp4 130 2 15 172
session-1658887078.mp4d 10 0 2 10
session-1658887123.mp4 64 2 5 72
session-1658887311.mp4 a8 2 6 46
session-1658892215.mp4 128 4 21 24
session-1658892585.mp4d 136 2 26 89
U 1021 50 160 1394
Accuracy 59uNNIA1IAY (TP+TN)/(TP+FP+FN+TN) = 92.0%

& o v L A a ° v Av VY A ) %
YONANTE NsUAULUUSEUU nedauluiuiase ivaugddelanuindtadearnaninwinasy
a0 NTNANTENUNINNASILAEN D DUABUSLANTAINVDITLUU NN AAIANUEUINDULAZT klle

ANAVIUNYUNNBU NAIAD

< a v ' = a a t4 < a
1. s unmue lneaudden1ndn seuulsiiussansningeneldainuslaiiu 40
Alawnsratluaminty wilunsnegeussmulnssuudduszdnsnnegtegaunsenanuga

84 80 Alawmssadili FadlaauSIINNITUNITRTRTUILTUSE VS N neas
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2. anmenia wu diaduan azvhliauidelunisuesiuanas inlinisnsaduasd
UsAvBnmeinag

3. enanaviudunaniimsasedvegiivssdviamianan iesnduasainameiiioaun
MIUTELIANAUDIRUUTIRDN

4. uasagviouannsvanutien Sevhliivuinguisedegaasaafienasunumsnsiadu et

AtaUY (N UaRpaased AN MOadou LaskuuINaInsavulanNanats
17.5 BUININITIYBASHAIUT LUBUIARN

SEUUNWAIUIT U UL T UD N DIN 1IN TIN AL ES UNITINUUAIULE BT 8UDIRINIY Ll lvimau

TANgRINANABINITVBINUIBIMULAINU HUUTIABINHRIUITUAITITLUULUTN false negative (Hnguue

=] 1 =

339 wingaaldnu) 1nndn false positive (Lifiviquue usndufeuindivauve) Fawuudtaedlutagtu la

q

o

gNAAILITUAINANUABINITVBINUIBIIULA Y UaTLWINIINTITEUagiaulusuiAndmsuszuy
1 L a . . 1% v | 1
A0AdDIAMNINNUAIII195IAY Machine Learning AI8483aaNn Sensor Tugmunmugiiulasaing loT

Wiawmsguaunsaudmnsuinldlgase e

o LiiuUszn wag/vide ulsnguanuRnunAiaulauuuln

o induiuguazaamaninuatefiltlunisaeuuuudiass lulssiananuiaundfidesnisiiv
UsyAnEnm uielfsruna ansnsonmaduanufiaunfussiandifesnis I6feUssansnmasiu

o vaassitasumITuunliFeuinInTIduALInUNRREIEUY WU Segmentation 199z
wangAuns AveTuninunAuisssnmannniisilded

o hnsneasuileiiuanvazideavesnmiiliifuteyandrdmsulumnadduun 91niagiud
YUIR 320 x 320 pixels 1T 1920 x 1080 pixels vl olifldAuRIUEIVINITATIITURAL NS
ai’%maﬁgﬁgjju

o msmaasuilouiuusimnsiinesdmsunisudadlumadsuunlieglusuuuy TensorFlow
Lite Tifiaruwsiudindidssdulunadaduunduatulvuind gn wagusuus i oled

UszanSamnsviauuugunsaliiudeyaligedu
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naaosdangunInTatulazLonuezaunUnAUsEIANA1 9 9nfleglumadiuundafioadiy
TeglushiuunvaesdsufiRnisduuuiulugunsningiadu (Edge Device)
noasdldgunsnifvtoyailivsslomianszuulssnanauuuguuusniy Samngaufums
Uszananaliensiadurnuiinunflag Machine Learning
WanseuauaailunslinAagiunaweandes ieliiuanuaudavesnmdls

a [ I3 v . v v [ @ 1
WuNIAIUANSRTUAUTEYA (Sampling Rate) Tikusiuluiuauiiveseumivue 1y n1s

& v vl X ::4' d' A X
LﬂU“U@;{ljaI‘VTﬂ"Uu LUBYTUNTINUSLAABUNLIIVY

[
a = 1

naaodligunsaliiudeyalulifivintu wu LIDAR uaz Stereo Camera

Wu1gUnsalns393U (Edge Device) wuuiamizns Iilaunumiag
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18.1 AMWSINVBIIATINTG

Tulasenistl neangddulaeaniuukasimulssuuasndesnan1nti33135l08 Machine

Leamning #18%03a31n Sensor lugnuminugi1ulasaig loT ieldAnnsesaniniuiiauundainy

venne Tegszuuusenaulunie 7 diu aawansluning 18-1 lnelisneaziden fad

Machine Learning Models - Machine Learning Models flgsumstlindudieldlumhesuin

LUULARDUN MUTDIUALN BRTIDTULALTIIIUEN TN UUMAZAIRAUNG

Dictionary of Road Damages - ¥afanaasdememsauunimualy Faiaanisieuives
waszlasumMsinlvinsadulislidmaunfnnanusinguy
Road Condition Dataset - gadeyaannauuisivsiulidmiudnlueanisSeuiveanies

Edge Device - aUnsalsiunuudmiuiiudoyasegeiidenseivemunmuzuazdassauly
FIRAINLLBNTIANUANULFLNYUUTIDIOUL

Digital Map of Municipality Roads - WNUNATNAVD AT DU IUAUUTIAILUUT GPS UBIAIM

devnenenuavduiusiu iemruadiuauularasRns U nwnuWmIzay

Cloud Computing Services - AuduszananadeayaluszuuaanndmiuiuTenuangUnsal

suuudmsuiudeyaiiegns uazdwiedoyaluds Dashboard Website vaaneuna

Dashboard Website - latgasmstiausdmsuusazivnmeauiaiieg ANudemen sigau

wardansteyadilasuieliamnsodouusunuula

Edge Device ‘ i Data Platform
Dictionary of Road
Object Detection Damages
Model Road Condition o ,
> Dataset > Visualization Web Site
Road Roughness Digital Map of
Model

Municipality Roads

Cloud Computing
Services

AT 18-1 AMNSIUVBITEUU
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[

ANSYINUVDITEUUNY 7 @rudinadl

® yuNMUTiRAGY Edge Device vinisinudayauazUszanananieglugunsel

= . a a & ¢ ] a a a !
® i Edge Device AF13WUANMNNAUNAUUNUNUY Qﬂﬂim"ﬂSaﬂsqﬂagl’@ﬂﬂﬂ'}qumﬂﬂﬂ(ﬂ ATNDY

LAaEANALUTIABURAADILUUE NIULASDUEDANTWUY 4G

® syuUAIUNa1YINITTIVTINTeNanleaIN Edge Device viansumas
® 53UU Visualization Website aguansnalvidminidsuingouauy ensiaaeulasinin1suily
soll

(%
a v [ [

Tusgninanisaiulasinis auzdvedvunauluniswauszuu o9l

o maivdeyadldeu menneddeldiiudeyanszuinunsnsvaeuwaztl s NYIRINIg #9813
o ¢ i | My o o e A 2w [ 3
dunualiazainenals 189U 9 lnemhenunladhludunvaliveriudeya lowa 1) aud
neasearysINIsauY nTulesSnsuaraiies nsummavuAs 2) @1EnUnTanI NsUNava
WUUN 3) Aviadiotauay Jmingays 4) drnnuuimsmeauiadionhnes Jmiagie uaz

5) 18N8I NAUIAUATHAN

® n3BENLUULAZIAUI Edge Device NannzIdelaoanuuuLazimuigunsalsusuudmnsuiiu

v

PayatugUuuuluuiswaundndulussuudUAnisueunsess Insweundnduiinaunduagly

1% v

JoyavnnassvadnsdnviansninulunisinudeyanimaruiinUnfvesauy

e nsadnuUTIaes Convolutional Neural Network 13sainnsifudeyaanimitauuiisanin
Jandanganmuyiuas Smiaguin Jwdavaus Jwinsreemardwminanidunst lnedainy
g110unTI 1,118.13 nu. 9ntu Wihdeyaidlesnnendoyalaeusnmudseinnvesdedivm
aula &1 5 Uszian laun seeuwen (Crack) viguue (Pothole) seuwan3uauu (Edge deterioration)

588U (Patching) wazHvaszuuassayUlng (Manhole) S9uvIvaU 32,929 fee

® nsaseuuudIaes Interational Roughness Index (IRl) nepauzddlsinudeyasiuiusadsia
AIM1909 3 Mieeu tawn 1) SUnU1mne nsunerag 2) dnesisiiaznsiadeu nsy
MV kag 3) AUNUITINIG ATUNIMEITUUN TUNURTIninvays avlans uagseees

FVBYANIEY 436 nyl. o e1Ueyaain Accelerometer Wlglun1suseunaue IRI

e msiuTEUUUTENIANALUU Cloud uwanvlesudmsusiusiudeya (Data Platform) vimtii
595U d0ya1nNgUnsal Edge Device MU UYIINNTUSEIIANATRYA a3 euliuInIsiille

=3 s = Yy gy ¥
Auleduansmasenldtoyamunlaseniuull
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®  NIMAABUITUVY NANITEIAYINNTTI9E1519989UN5al Edge Device Mimunaululasanis
uu 3 wunndn loun fuiluasdes neldouuludminnguvmuviuas funluassuun tngld
auuludiunduiuiguunvesdaimniagin wasiiunszninudes lngldouusznituios ane

Wiz 2 MnngunmEuesiudminaymsansin adussernig 45 nu.

Tunsldnuszuulnersdulndidsstuiianl Tnsfuuudeesdanmsovhauuuanivinuy
Goaln winsnsnduuisedueteariiiesinidssinanavennissmsadu egndlsiniu gunsal
aia%’a;galﬂé’qLLwamﬁ/\laéuﬂanﬁa&miw%mmzauyifﬁ wdnaglifidyaalnsdniluuiennal wazaie
nsUsuladuresuasiuusznanansluaunivinuegennss vliussaniamvedumaaunse

Ysuuzalalueuen

18.2 nsurlulguselevd

Tutfdudunisesaseuaudemevioanufaunfuuinnsasiv lifigunsalildnmain
lgnse wianunsalasuteyalae 2 35 Ao 1. msnenuanudemeviennuraunflaensaingldsald
auy uar 2. Mmatfudeyanisdradmduidanuiseuresiiasasvensumimals F938maiuteya
dr9aail Feddautszanalumaiudeya $1uau 30 Suuweed nemnadeaildiglunaiuteyade
Alawnsudady aziialdde 577 vindedlawns Fadualdteiisoudrags
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a v

Fmsfnuiiingusrasdifleanngunsaifuuuudmiunsamadeuanufiaunfivesiiuiag
anunsoldnulduuainsnliuiill Ssgunsaifsndduazdiwandunilumaifutogaanudemeie
arwAaunddanald Tasalddelumafivfoyannudomeuasanufisunfvesgunsaifldinunty
unifu feldaeUssnn 300 vndedlawns wazenvanadladnidefiflFeumnniu Suilvluowien
mireausg 9 Afetesansnanalddelunaivdoyaadld uazuenainiszuudnanadsansa
veulduuuisealmiildmasnuing q awnsadinsedeurardennruaudemeiiatuldogns

s ariluseanSnnE s udnene

18.3 ajudsnlaiseuiannisaniunuidy

nMernueITelaasudailaisouiannsaniulasinsiduuas i seUUTEUUAOAd R IAMAINRT

357195408 Machine Leaming ¢18483a37n Sensor tugunmiugiulasawng loT sl
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18.3.1 NNBONKUY NAIW kaznadauwnanesudmsuTiusudoya

A mYRsRitng1sdsnndaya GPS RngUunsainaawsiuduouulusudoyaumuifiug
Fududesimnseasunnugniesiuunuiuasifnssiaveaduauuiildunasgunasdufivensuves
wiazmitsnuiagihdeyaluldey wazmsUszananadeya GPS vuransdanuazaInnszduns
nuTwmLAesMsUsTnadeyal ety og1slsii amuesuduanysalvesyndeyatissuuuszney
\Duansaumadmivinfvluadsdeyaiit e luldliuimsuusiunsesiuaiunsudiugndeses

Futoyaidunuunliveyaununnugu araunUaayalwhnuisangunsalniaauy

msldusnisaand Tenuaaeiigdlunis damuazdnassnineinsnindu lnsaniznisasng

e

va d A & v Iy a

JEUULATOYIENTIA TN UNTALAUTRY LA NS NEINTARUN MBS WY Iwd mTUUsTINaNaToy auas
ninensaananinislduinisegdndudesdimsnivanwaziihfnny Wesmndualdineseiouds

ATENUIVUTZUNUN RS UINETTLALAST

[
(%

andnenssuaarinvedlasimfIdedld vannsdeansiyudunisnszatedeyafviagiun Ae

D

usnmsansaumanyuszananauakiid g Ussdmediuuazldnisiudideyaauaniuidivung

[ (%
oY

laense IneUSunaumsldteyauasduaugldanun atuwdsdunuusinunisldaussuu dauamunm

299U INsANUNANTIULARE IR UIITNANTENU ABAUANNISOLUNISYINUTRITEUUTInEAT
18.3.2 nsiwsEuAUNTaNTaItoyan N

Wesnnsdwiledenfinisfnsweudindudmiuiutoya (Smooth street recorder) fioed
nsgngunsalliuduiiedesdiuduvendas Fwgvilnlanmalidaunsadrluldlauasduaunmildly
msuendeyaiftedunmiusgf 10 awsedundl Wesainamazlidrawiuly waziletluldlunis

v & v v A A a
ﬁi?%‘ﬂUﬂﬁ’]ﬂJ’]iﬂﬁ]i’m‘ﬂ‘Ulﬂ L‘W’e]ﬁ(ﬂﬂ’]iﬂi%ll’laNﬁ%@\‘iﬂ’]WVliJ’]ﬂﬂ‘LlLﬂDlU

18.3.3 MsmuusANuRaUNAuLRIauunaula

¥
a v al %

Tunuddeifinsiesgiinuisunifiaula S1uau 5 aruAsunilaefinisAnwainaised
Rertes Seannsoagulaned Yssanamnudeneludlasiadie (Structure Failure) Useneudae ()
ANLEEnIestavguUauuRiauu (Pot Hole) (i) Ansdemeviinsaeunnluyeeasias (Crack) wag
(iii) AuIE IR TNV UN U (Edge Deterioration) taga1nutdsuislun1un191d91u (Functional
Failure) Bedamansznusefltamnuy lusuanuagmnauisuazarasade i (v) sesyayuvie

uUrgaNiImMa (Shoving or Patching) wag (v) Hvieszuieunfegluyeinieasnas (Manhole)
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18.3.4 ANSILASIEH DONLUU WAIUN WarUseldunan191uun Machine Learming @1%5Un15914UN

UseiananuaunRangunw

A Y i o d' Y] a Ad a g o v &
Wenndeyanminldlunisaiislueaivensinduanuiaunftuiduduaunn - dedunsan
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Abstract

Road surface damages affect the driving comfort of road users as well as road safety.
Early detection of cracks, potholes, and uneven pavements not only can save lives but also
reduce maintenance costs. However, monitoring the whole road network is a daunting task for
road authorities, especially for municipailities with limited resources and expertise.
Consequently, local authorities often rely on road damage reports from local residents, which
might not cover the whole jurisdiction. With a high smartphone adoption and rapid
improvement in sensor technology, smartphone can be used to crowdsource relevant data and
detect anomalies automatically. In this study, we developed a novel road surface monitoring
system using smartphone data. The system comprises seven main components including
machine leaning models, dictionary of road damages, road condition dataset, edge device,
digital map of municipality roads, cloud computing services, and dashboard website. More than
30,000 pictures were used to train the deep learning-based road damage detection models. There
are 5 types of damage such as crack, edge deterioration, pot hole, manhole, and shoving or
patching. The models were installed in the smartphone. The users were required to turn on the
phone camera for the real-time detection and classification. The results were then sent to the
cloud server where it processes data from multiple smartphones and visualize the damage
locations and details on the user terminal. The results showed that the crowdsourcing approach
has its potential in automating the road surface monitoring task for the road authorities and

municipalities.

Keywords: Road maintenance, Deep learning, Crowdsourcing
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1. Introduction

Road surface damages affect the driving comfort of road users as well as road safety.
Early detection of cracks, potholes, and uneven pavements not only can save lives but also save
the maintenance budget. However, monitoring the whole road network is a daunting task for
road authorities, especially for municipailities with limited resources and expertise.
Consequently, local authorities often rely on road damage reports from local residents, which
might not cover the whole jurisdiction. With a high smartphone adoption and rapid
improvement in sensor technology, smartphone can be used to crowdsource relevant data and
detect anomalies automatically. The objective of this study is to develop a novel road surface

monitoring system based on individual’s smartphones.

2. Previous Studies

2.1. Technology for road anomaly detection

In the past few years, the technology for road anomaly detection has become more
versatile. CHEN et al. [1] detected a road anomaly by learning scale-invariant features from
crowdsourcing-based acceleration data. Wirthmueller et al. [2] detect potholes and report them
to a centralized back-end application. Ishimwe et al. design a system that will accurately predict
road damages using a smartphone . Data collection, data pre-processing, model training and
optimization, and evaluation of results and they collected 3039 images and used 80% of them
to train the model, 10% for validation, and 10% for testing. As a result, they achieved a Mean

Average Precision (mAP) of 0.85 over 30 epochs [3].

2.2. Road damage detection using image processing

Over the last few years, many advanced technology have lower cost such as image
processing, artificial intelligence, wireless sensor, communication system, etc. Image
processing was used to detect road damage. Sulistyowati et al. One study [4] used the edge
detection in digital image processing to detect potholes on the roads by testing at differrent
times and and type of roads. Gajjar et al. [5] established a real-time pothole detection system
integrated with a cloud and maps service. can be created to allow drivers to avoid potholes. Ale
et al. [6] leveraged deep learning models to analyze the road images to detect road damages
efficiently and trained and tested several one-stage models. It was found that a fast model called

RetinaNet can detect road damages with relatively high accuracy.
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2.3. Road damage detection using smartphones

Currently advances in technology, it is feasible to conveniently monitor urban roads
using various cameras [7]. A camera in smartphone was used to detect road damage. Maeda et
al [8] install smartphone on a car. It is mounted on the dashboard of a general passenger car.
The road damage was collected 9,053 image capture, with 15,435 instance of road surface. The
photographed image of 600 x 600 pixel once per second because it is without leakage or
duplicate while travelingon the road. Alfarrarjeh et al. [7] using smartphone images
crowdsourced by city crews or the public and developed an image-based solution for
monitoring urban streets. Our solution uses YOLO for training a model to detect various types

of road damages as distinguishable objects in the analyzed images.

3. Overall system framework

This research aims to develop a proof-of-concept system of an ICT solution for
municipalities in Thailand to monitor its road condition and detect damages with machine
learning technology that will help automate maintenance reporting and increase information
awareness for the parties involved. The main idea is to use in-vehicle mobile computing unit
and its sensors to capture the road condition data, which is the ground truth, for each moment
the vehicle is traveling on the road and report any detected irregularities to the cloud-based data
processing center so that this information can be forwarded to the responsible organization via

the presentation layer in form of a dashboard web site.

With this general statement, the overall scope of the system would seem too broad and
deep, however in this phase of the research we focus on several key elements to only prove that
our solution can be realized and able to put to use in a real world environment. Several key

essential elements and enabling technologies for the proposed system are identified here:

1. Machine Learning Models - the trained machine learning models for use in the in-
vehicle mobile computing unit to detect and report road conditions and irregularities.

2. Dictionary of Road Damages - a well-defined set of road damage classes for which a
machine learning model will be trained to detect when such abnormalities appear.

3. Road Condition Dataset - a curated set of road condition data for training the machine
learning models.

4. Edge Device - the edge computing units that attach to vehicles and send reports to the
cloud when road damages are detected.

5. Digital Map of Municipality Roads - a digital map of road network for which the GPS
locations of the reported damage will be correlated against in order to determine the
road segment and the appropriate maintenance organization of that road.
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6. Cloud Computing Services - the data processing center in the cloud for receiving reports
from edge devices and forwarding the information to the dashboard website for the
municipalities.

7. Dashboard Website - the presentation layer for each municipality to view the reported
damages and manage the information received so that its road can be repaired.

To train the machine learning classifier, sample data of road condition from field trips
across the country are recorded and form the dataset for machine learning models development.
Two models for deploying in edge devices were created. The first model uses video data for
road pavement damage detection using object detection technique, the second model uses signal

processing and the device’s accelerometer output to detect bumpiness of the road.

Our project is specifically developed for the road infrastructure of Thailand and there
are two main types of road pavement construction methods: concrete or asphalt. Among these
two pavement construction methods, the maintenance handbook from the Department of
Highway defines 24 damage types for which can be grouped into four classes. These four
classes are the target classes to train the multi-class classifier machine learning model using

object detection technique.

After determining the condition of the road the vehicle is traveling through and finding
irregularities to report, the location of the damage or irregularities found need to be established
so that the information is complete for use by the responsible road maintenance organization.
For this purpose a digital map of the road network belonging to the municipality is needed in
order to check whether the damage found on the road surface belongs to which road and which
organization is responsible for repairing it. The digital map of the road network for each
municipality also provides essential information for the dashboard presentation. With each road
segment data available in digital format the statistics for each segment and for a group of

segments under the same organization are also compiled for reporting.

To implement a machine learning system for a real-world use case, we adopt a single-
shot learning approach with continuous improvement in the software stack to incrementally
improve the performance of the production system. Initially, the system is put together by using
a centralized cloud computing service to allow for network connectivity for all related
components. The format of the data and the types of information needed for realizing the
targeted system are then gradually shaped during the project in order to achieve the end goal.

The result is a working prototype with software artifacts, process documentation, and data types

4
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specification that provide a reference architecture for future projects or similar systems.

4. Data

4.1. Data collection

This sub-section presents the detail of data collection process with respect to the work

presented in this paper. As aforementioned, the aim of this research is to develop the artificial

intelligence models in order to detect the road damage conditions. There are two main data used

in this research (i) video data, and (ii) sensor data. The video and sensor data were collected

using a camera and accelerometer mounted on the mobile devices used in this research. The

smooth street recorder was installed in each device. The smooth street application system design

is shown in Figure 1.
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Figure 1 Smooth Street Recorder Application System Design
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From the Figure 1, there are three inputs of the smooth street recorder application: (i)

accelerometer data, (ii) GPS data, and (iii) video data. Once the accelerometer data and GPS

data are obtained, the session file is created in JSON format. But for video data, because the

file size is large thus it needs to encode into MP4 format. Both JSON file and video data (MP4)

are then uploaded to the data platform.



Saroch Boonsiripant et al.: Road Surface Monitoring System using smartphones: A Crowdsourcing Approach

Recording Duration Accelerometer Data Current Location

": "2020-09-17T09:47:07.9432"

: "2020-09-17T09:47:11.1872"

Camera Preview

= Google Cloud Platform  seectaprojet +

000000 ;
rewww

Figure 2 Examples of JSON file and Video Data

Figure 2 shows the examples of JSON file and video data obtained from smooth street
recorder. The data used for model generation process with respect to this study presented in this

paper was collected in Phuket, Bangkok, Chonburi, Trat, Rayong.

4.2. Data category

We identify difference damage types based on the manual published by the Department
of Highways [9]. In this article, each damage type is represented with 5 types of road damage

including: crack, edge deterioration, pot hole, manhole, and shoving or patching see Table 1.
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Table 1 Sample of road damage types

Road damage type

Image

Study area

Crack

Edge deterioration

Pot hole

Manhole

Shoving or Patching

5. Model Development for Video Data

The main objective with respect to the work presented in this paper is to generate desired

classifiers that can be used to detect road damage conditions from video and sensor data. This
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section describes the process of generating the object detection models from video data obtained

from the data collection process.
5.1. Model Development for Video Data Methodology

In this sub-section, the proposed framework with respect to the work presented in this
paper is presented. A schematics of the proposed framework of road damage condition detection

on the road surface using deep learning technology is illustrated in Figure 3.
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Figure 3 Road damage condition detection framework

Figure 3 shows the framework of the model generation process for road damage
condition detection. Once a collection of data was obtained using a smooth street recorder

application developed by the research team (the detail was mentioned in the previous section).

The data obtained from the smooth street application includes (i) session-id, (ii) location
(latitude and longitude), (iii) date/time, (iv) video data, and (v) accelerometer sensor data. The
data was uploaded into the cloud storage system. Then the data was ready to download for
model generation purposes. Once a set of data was obtained then the data pre-processing
process was then commenced. The pre-processing process is the process of preparing the video
data into appropriate formats in order to facilitate the next process. In the context of the research
work presented in this paper, the pre-processing process was consists of two main steps (i)
frame extraction, and (ii) the road damage conditions identification in the sample video. Laberu

labelling platform was adopted in order to label interesting road conditions. The interesting road
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damage conditions in this research include (i) potholes, (ii) cracks on road surfaces, (iii) edge
deterioration (iv) shoving or patching, and (v) manhole cover. When the road damage
conditions were identified in the images, the XML file format was then automatically generated
in order to describe the road damage conditions in each image. The generated XML files
together with a collection of extracted images (from video data) were then used as the input to

create the detection model which can be later used to identify the road surface irregularities.

With respect to the work in this research, the convolutional neural networks were
applied to build the detection models. In order to obtain the most appropriate detection models,
three different convolutional neural networks were adopted (i) YOLO V3, (i1)) YOLO V4, and
(iii) YOLO V5. The detection performance was recorded in terms of mAP (mean Average

Precision
5.2. Data Pre-processing

From the Figure 3, it can be noticed here that before the model generation process can
be commenced, the data pre-processing process was adopted. There were two main steps were
implemented in this research. In this research, the video data length of one second can be split

into 10 images. This process was implemented using python language.

As mentioned in the previous sub-section, the interesting road damage conditions in this
research include (i) potholes, (ii) cracks on road surfaces, (iii) edge deterioration (iv) shoving
or patching, and (v) manhole cover. Once the video data was extracted into a collection of
images. It is necessary to determine the interesting road surface damage conditions before its
can be used in the detection model construction process. Because the video data was obtained
using the smooth street recorder application installed on mobile phones and mounted at the
windshield in the passenger compartment. Thus some areas in the images were unusable. The
interested damage condition must be on the road surface about four centimetres from the bonnet
in the image. To label the damage condition, the rectangle area must be covered fit to the
interesting damage condition without overlapping. With respect to this study, in order to label
road damage conditions in the image. Three labelling tools were adopted: (i) LabelMe! (ii)
Labellmg?, and (iii) Laberu® Once the road damage conditions were labelled as shown in

Figure 4.
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Figure 4 Example of road damage labelling method

Figure 5 shows an example of an XML file obtained from labelling software. The file
information consists of a session name, file name, image detail information (image size, width,
height, and the number of layers), and anomaly information. It consists of x min, X max ,
y _min, and y max , each of which is a number representing the position in (X, y) coordinates
of the x and y from the top-left corner of the frame, and x and y from the bottom-right

corner of the box surrounding the interesting road damage condition.

) session-1610767854-170,jpg
session-1610767854-170.xmi
4] session-1610767854-593.jpg
session-1610767854-593.xm!

[~ ion-1610767854-170.xmi - Notepad-=+

File Edt Search View Encoding Langusge Settings Macro Run Pluging Window 7
dOEHB s S|k DC| Mg 2 2 A I1EIEH =0 6 E
5 sess0n- 1610767854 170m €3 |
El<annotation>
r>session-1610767854</ older>
>session-1610767854-170. Ipg</ £41enane>
610767854 610767854-170. 3pg</path>

Figure 5 Example of XML generated after labelled the road damage

From the conducted experiments, Laberu was found to be the most suitable labelling
tool in the context of this work because (i) Laberu was able to work with multiple people at the

same time, (ii) it was easy to use by drag and drop rectangular box surrounding the road damage
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condition using the diagonal line, and (iii) it was able to export XML or JSON file format of all

images in the same time.
5.3. Convolutional Neural Network

This sub-section describes the basic idea of the Convolutional Neural Network (CNN).
CNN is a network that mimics the human neural network with intercellular connections. CNN
comes after machine learning, which is part of artificial intelligence (Al). In general, CNN is
applied with unstructured data such as images, signals or videos data. CNN uses convolution
layers to extract parts of the image, allowing the classifier to characterise the image.
Convolution is a process for extracting important aspects of an image. The pixel values are
derived from the general information of the image such as red, green, and blue, with each point
can be represented by a number. In addition, another matrix has been defined in order to be
used as a filter to store values in a smaller set of matrices. This set of matrices is known as
Filter, Kernel or Feature Detector. The pixel values are then calculated with the filter and stored
in a new set of matrices, called Convolved Feature or Feature Map. In the linearity elimination
process, rectified linear activation unit or ReLU is applied after image convolution has been
performed and the Feature Map is obtained. The Feature Map value is non-linearised by using
a ReLU, which replaces the effect of the pixel value. is negative with 0 so that CNN learns non-
linear information from the image. The next layer of CNN is the Pooling layer, which is
responsible for extracting the most important parts and make more efficient in processing and
working faster [10]. Pooling reduces the dimensionality of the Feature Map while trying to
preserve important information. There are two methods of popular pooling: (i) Max Pooling
and (ii) Average Pooling. Pulling is to make the resulting smaller, more manageable results. It
also reduces the parameters and computations that are required in CNNs. The Fully Connected
Layer is a process that which the convolution, linearity elimination, and pooling are repeated
until each layer is completely connected. By using the results obtained from the above process

to be associated with the results [11], [12].

The convolutional neural network was adopted in this research in order to generate the
desired detection model for the road damage conditions. For this study, convolutional neural
networks used to detect road surface damages were (i) YOLO V3, (ii)) YOLO V4 and (iii)
YOLO V5.

YOLO V3 was developed from YOLO V2 and presented by Joseph and Ali in 2018

11
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[13]. The backbone of YOLO V3 is based on the 53-layer Darknet. YOLO V3 has 106 layers,

making it more accurate and spending more time processing compare to YOLO V2.

YOLO V4 was introduced by Bochkovskiy et al [14] in April 2020. And it is also based
on the Darknet 53 as a backbone. YOLO V4 uses Spatial Pyramid Pooling (SPP) and Spatial
Attention Module (SAM) at the tail part of the architecture while using YOLO V3 at the head

part of the architecture.

YOLO V5 was introduced in June 2020 by Jocher [15]. It is the first architecture in the
YOLO family running on PyThorch (where YOLO V3 and V4 run on Darknet), making it easier
to work with. and easy to use on mobile devices. It also works fast but the accuracy is

comparable when compared to YOLO V3 and YOLO V4.
5.4. Experiment and Evaluation

In this sub-section, details of the data used in the research, experiment and evaluations
are presented. A collection of video data was collected using a developed application Smooth
Street Recorder. The data was collected from March to November 2021. The 125 data sessions
from the Bangkok, Phuket, Chonburi, Rayong, and Chachoengsao were selected. The mobile
phone devices were installed in the car using the windshield mounts. The speed of the cars was

limited to 30-50 kilometres per hour.

The video data has been extracted into a series of image frames. One second of video
data was split into ten frames. Once the set of images resulting from the video extraction
process has been obtained. The images consisting of the road damage conditions have been
selected. From the 125 session data, it can be concluded in approximately: (i) a total of 1,118.13
kilometres, (ii) 134,176 seconds, or 37 hours 16.16 minutes, (iii) the total number of isolated

frames, (iv) 1,341,760 images, and (v) 32,939 images with the road damage conditions.

Once the video data was extracted into a collection of images. To label the irregularities
on the road surface, the Laberu application was adopted. with respect to the research study
presented in this paper multiple participants were incorporated in order to label the images.

Table I presents the number of interesting damages.
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Table 2 The number of labelled damages

No Damage Type NB;nnE:;:f
1 Crack 17,391
2 Pothole 3,573
3 Edge Deterioration 1,080
4 Patching 7,454
5 Manhole 14,606

5.4.1. Experiment using different learning methods

This sub-section presents the detail of experiments conducted on different parameters.
This sub-section presents the detail of experiments conducted on different parameters. The
different image environments were tested. Figure 6 shows the example of different image
environments. From the figure, it can be seen that Figure 6 (a) is the original image obtained
from the video while Figure 6(b) is the image that removed the unnecessary environment such

as the sky.

(a) Original Image (b) Removed Environment Image

Figure 6 Example images with different environments

To evaluate the object detection performances, five sets of experiments have been
carried out: (i) Experiment 1 trained on 200 epochs with original images and batch size was set
to 8 , (i) Experiment 2 trained on 500 epochs with original images and batch size was set to 8
, (ii1) Experiment 3 trained on 500 epochs with original images, batch size was set to 16 and
added the images without interesting damages, (iv) Experiment 4 trained with the removed
environment images on 200 epochs and batch size was set to 8 , and (v) Experiment 5 trained

on 500 epochs with removed environment images and batch size was set to § .
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Three object detection methods have been carried out (i) YOLO v3, (ii)) YOLO V4, and
(iii)) YOLO V5. A collection of 26,469 images was used as a training image set and a set of
6,470 images was used as a test image set. To evaluate the object detection performance in

terms of the mAP evaluation measure. The obtained results are shown in Table 3.

Table 3 The experiment results on different learning methods (percent)

Experiment | YOLOV3 | YOLOV4 | YOLOYVS

Experiment 1 11.50 14.00 68.80
Experiment 2 38.86 43.58 82.30
Experiment 3 34.27 41.67 72.80
Experiment 4 50.38 56.17 69.60
Experiment 5 31.57 3941 78.60

From Table 3, it can be observed that (i) YOLO V3 produced the best results in all
experiments, (ii) the data from the Experiment 5 produced the best result using YOLO V5 with
a recorded mAP value of 82.30 %, (iii) with respect to YOLO VS5, original images trained on
200 epochs and batch size 8 produced lowest mAP value of 68.80 %.

5.4.2. Experiment using different image sizes

This sub-section presents the experiments using different image sizes as the input data.
The original image with five different image sizes were implemented (i) 320 x 320, (ii) 640 x
640 , (iii) 736 x 736, (iv) 1024 x 1024 , and (v) 1920 x 1920 . To perform the experiments,
YOLO V5 with 100 epochs were carried out. Again, a collection of 26,469 images was used as
a training image set and a set of 6,470 images was used as a test image set. The mAP measure
was recorded in terms of object detection performance. The obtained results are shown in Table

4.
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Table 4 The experiment results on different image size

Image Size Batch Size mAP value (%)

320 x 320 16 73.16

640 x 640 16 70.70

736 x 736 16 70.10
1024 x 1024 16 85.80
1920 x 1920 4 92.40

From Table 4, it can be concluded that (i) image size 1920x1920 produced the best result

with an mAP value of 92.40%, and (ii) image size 736 x 736 produced the lowest result with
an mAP value of 70.10%

6. Edge Device Development

Once the research project has developed an artificial intelligence model for detecting
road surface damages and a model for calculating the road surface smoothness index, the next
step is building prototype edge devices that implement the developed Al model for analysing
road damage and collecting data in the area that the research project has targeted. The prototype

edge device must have the following features:

e Capture road surface images and use the artificial intelligence model to detect
and classify the type of road damage.

e Collect the vehicle vibration data and use the artificial intelligence model to
calculate the smoothness index of the road surface.

e Combine the road damage data and the calculated smoothness index value with
GPS coordinates and send the data to the data collection platform to be processed
into geographic information.

The prototyped edge devices have been developed as an Al-powered mobile application
using React Native, an open-source software framework for developing a cross-platform mobile
application, and TensorFlow Lite, a machine learning framework to deploy machine learning
models on mobile devices. that can be installed on a smartphone as a typical mobile application.
A prototype edge device can be attached to a survey vehicle to conduct road surveys in the
target areas. Figure 7 shows the overview of the architecture and components of the prototype

edge devices. The prototyped edge device consists of 3 components:
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Figure 7 Overview of the architecture and components of the prototype edge devices

1. Mobile Device Section: The input unit is responsible for gathering required
data from the mobile device to use as input for the Al model. The photos of the
road surface are captured using a video camera of the mobile device. The
recorded video is extracted into images and transformed to the scale and
dimension that fit with the input specification of the AI model for detecting road
surface damages. The vibration signals that can reflect the smoothness of the
road are captured by using the 3-axis accelerometer sensor of the mobile device.
This information is normalized to suit the input specification of the Al model
for calculating the road surface smoothness index.

2. Al Model Section: Al inferencing is the process that takes input data to an Al
model to perform classification and calculation. The Al model for detecting road
surface damages uses the photos from the input unit as input to classify the type
of damage and calculate the position of the damage as output. This output
coordination can be used to create a rectangle overlay to show the damage
position to the user. The Al model for calculating the road surface smoothness
index use stream of normalized 3-axis accelerometer sensor data to calculate the
smoothness index as a time series value. This value is used to calculate the
overall smoothness score that can represent the road damage condition.

3. Smooth Street Data Platform: The prototyped edge device will constantly
publish the output data from Al inferencing to the cloud platform by aligning
the location of the detected damage and smoothness index value with the GPS
location. The data platform processes this information into geographic
information that can be visualized as an interactive map.

Users must install the “Smooth Street” mobile application on a smartphone and confirm
the required permission to start using the prototyped edge devices for road damage survey.

After the application is successfully launched, the application will show the video preview
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screen to allow the user to see the recording video. The bottom panel of the user interface will
display the hardware-related information of prototyped edge devices e.g., device id, battery
level, available memory, remaining storage, current GPS location, and raw data from the 3-axis
accelerometer sensor. Once the video preview appears, the prototyped edge devices will start
detecting road damage and calculate the smoothness index at the same time. If there is an
internet connection, the prototyped edge devices will stream the output data to the smooth street
data platform. Figure 8 shows an example user interface of “Smooth Street” mobile application

on a prototyped edge device.

Figure 8 A User interface of “Smooth Street” mobile application on a prototyped edge

device.

7. Experimental Deployment

Having integrated all components together, the prototype system was deployed in real
conditions for testing. Edge device is mounted on the inside of the windshield of ordinary
vehicles, seeing the road as the vehicle’s driver does (see Figure 9) because detection of
interested object is shown in real time on the edge device’s screen, such detections could be
checked for accuracy, precision, and sensitivity by determining the trueness or falseness of
such detection or the absence thereof, using the Confusion Matrix. The application Screen
Recorder was used to record detections in all test sessions. As the source of “truth” for such
determination, another device is mounted side-by-side the edge device to record in high
resolution, producing videos corresponding exactly to the videos produced in each of the
sessions by the application Screen Recorder (see Figure 10). Both videos were then played
back at the same time, session by session, while initial statistics were tallied for each of the five

interested categories of road irregularities: true positive, false positive, and false negative (see

17



Saroch Boonsiripant et al.: Road Surface Monitoring System using smartphones: A Crowdsourcing Approach

Table 5).

Figure 9 Edge device showing detection by superimposing red retangle around road

irregularity in real time

Figure 10 Cross-checking device mounted side-by-side with Edge Device to provide

source of truth for reference
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Table 5 Statistics of the five interested categories of road irregularities

;l;zse (if‘:i(;ac} True False False

su y Positive Positive Negative
Counts

Crack 17 12 328

Pot Hole 2 19 204

Manhole 77 145 161

Shoving or Patching 1 7 125

Edge Deterioration 0 1 51
Total 97 184 869

Nine test sessions were conducted, three for each of the following three areas: Bangkok
inner city, Phuket rural area, and inter-provincial highway between Bangkok and Samutsakorn

province. The total distance for the nine sessions is 45 kilometers.

Calculating accuracy, precision, and sensitivity from the above initial statistics yield the
following performance indicators (see Table 6).

Table 6 Accuracy of the five interested categories of road irregularities

Type of road
irregularity/Performance | Accuracy Precision Sensitivity
Indicators
Crack 4.76% 58.62% 4.93%
Pot Hole 0.89% 9.52% 0.97%
Manhole 20.10% 34.68% 32.35%
Shoving or Patching 0.75% 12.50% 0.79%
Edge Deterioration 0.00% 0.00% 0.00%
Total 8.43% 34.52% 10.04%

8. Discussion and Conclusion

From Table 3, five experiments from YOLO V5 showed high accuracy using the
paraments from Experiment 5. the original images trained on 500 epochs with a batch size of

8. The recorded performance was recorded with the highest mAP value of 82.30%.

From Table 4, it was found that images size 1920 x 1920 image with a batch size of 4

gave an mAP value of 92.40%, which was considered the highest obtained results. However,
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the results from section 8 showed significantly lower performance due to limitations in the
porting of the model from PyTorch to TensorFlow Lite as well as in the hardware resources
available in the current Edge Device prototype. Nevertheless, the system works smoothly in

capturing the detections and transmitting those detections to the Cloud Platform as designed.

In this study, we demonstrated that road damage detection by using off-the-shelf IoT
devices. We chose smartphones as our loT device due to their wide adoption and relatively low
cost. Overall system utilization was close to expected, seven key components in the proposed
system include machine learning models, dictionary of road damages, road condition dataset,
edge device, digital road maps, cloud computing services, and dashboard website. The
convolutional neural network was used to develop the object type classifier to detect cracks,
potholes, edge deteriorations, patchings, and manholes on the roads. The model was run on
smartphones in real-time but some detection delays due to the processing power of the detector.
However, the device sends data to the cloud platform smoothly and completely. Even if there
is no phone signal at certain times and with the rapid improvement of sensors and processing

chips inside the smartphones, the model performance can be improved in the future.
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