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ABSTRACT

This dissertation proposes an Artificial Intelligence (Al) technique applying with
an automatic vision system for analyzing abnormality of the interaction between
wheel and electrical-train railway using the Faster R-CNN. This technique can
accurately and clearly detect positions of wheel rim and railway, showing the precise
detection. This can collect the data and perform real-time picture analysis. It also
presents a reduced of the VGG-16. The testing results show a faster processing

detection time.
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unii 5
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Tuunilagnandmguf ineitesiuviulinednusilaananfessuuiialdnlul® watanis
Uszanananimuaznsiwunaudnvazaug funsidlyyiuseivg srudansudasiidawuuiy
mheflgluanidy

a i v

n3v9uresszULATIAISalulR 1un1sin muiUsenianans oA nAIuIA oAU NN B3
dielilddeyaiidesnmavisludenuninuandsuiinm fdunousinsniiddy fe fesilinmianuaude
1 Intuihmsidndyg nusunIueenaIna T LLﬁﬂdausuaﬁmqﬁLsﬁau%aamnmﬂmw wa391n
awingdildluiieszsimdoyaiBeuiinm 1wy auia U wazfienianisiad suresinglunm il
annsmidoyawadluiiesg uaranmsaai adussunifioldusdlevdlunudusigg wu Kishna
WaZANTUILANDITUUANAINNTTITINTORLUNRMELE U198 U uauuIINAWILAA L lAsE N 5an I Y
ausivessaldday [9] Bhaskar B. tnauen1sduiadeuteavassosuilagldseuuiviailunsnsady
funnazienseaouTivessaeus [10] Judith S. uavaasinauessuvans thensdeusasusiu
gedmiuatulense [11] Harikrishnan J. diauessuufianiunisandaluningldimndidusaudmsuih
53349 [12] SM Amir K. drdusszuuniadigaasuslagldnauiimesiviauluanmianasussdns [13]
WHudu %LﬁiﬂﬁdfﬁswLwdwﬁﬁﬁLﬁuﬁaqﬁﬂw3Uizuaawamngﬂmwa‘f’]mumﬂLLaszJuﬂizmuﬂﬁﬁéfaq
v duluguiuuify Fanssuaunisludnsasiimnlfuyedduiiinnsiasioddnmuasduuay
UTunausnn ﬁﬂﬁgwﬁmiwﬁmwmmﬁﬂmmmﬁaaé’mﬂmsﬁwmuawa'qwaiﬁl,ﬁmmmﬁﬂwamlé’ Faifu
pouRunes Teilidmnfiunuamadnlunisviming mand unusyudiues iosnaoufiumess
mmamwsaiumaﬁwmmuazﬂazmamasﬂ’aaﬂa%"ﬂmwmmalmyluwma”uﬁg’/u vilaunsaidiy
UsgAnsnmlunisuszinananmieglinseidoyaniien fidosnisannnld Tuuniagndnimoud
IasduUvediulszuiananiniasJayniuseang leeldmatan1sussuiananintazn1sawun
AaaNwzaiawAUAiunsidlnanUseivs Ineawide [14] DrUlagamuthalvi wazanzlatdllaue
Usednsamuuudnasiniinsduinglagldlassdreusramiieunuunauligdu (Convolutional
Neural Network) Wei Z. uagaziiiaus DECONV R-CNN d15uasiaduinguuiaianuunisnsiadu
Mwszeglng Yan Z. uag Ying H. dnauensasiauaiuludalenislasaingdssannifisuwuunoulig
Fu [16] Tunswaninlasaiigsgamiiigawuunauligdu (Convolutional Neural Network) agia1d7u

dmiunisAnuenaudneuranldsauiuAimn (weight) Aaunsausudiniuduns (input) wag



@1ANA (output) veslaseineyUszamiiien (Artificial Neural Network) vinllaynaadnuugiaziden
wazasuiulun1sTungunwialy dnisiiuduneuven1siuundnads (max pooling) lieYean
yunavesdoyailidndundainvinisaeulgtuluduneunismandnvuzvesingiiaziinisAauen

Uszinnvesing Fedawalinisauaiausiagiiudnie

2.1 n1sUszulIanNanIw

dmsunsuszinananmiiu nguiiertesargnudsseniliu 2 dwundnde drunisussuiang
mwdesiuiazdiuvesnsdanungunmm duvesnsussinanadessiuazusznauluime nsusuuss

AMATNYBININTEAUM MITUUSEILAIN AITUTUURAMAINUBININUAZNTIATIEVIToLaN
2.1.1 MIUFUUTIAUNNUBININIZAULIN

Tunsussararan1anImtiunsUsuU A nvesn nli gL aseenisandeyy s uniu

aelunmarnanmanda lunMsiunNIuANAINYEITZUUATIFTUILYNTUNIUM B E QY 1T UN I

¥
=

f197 LU Uad aaumndnndesiiawu nswlasdygianmandasunmdudeyaidnes deiunis

D Rg)

v o

Wadyarusumuddanudnduegiel witoanauianatans edeyailddndumensimssily

Do

v

Fupeudnly Tun1suuugmunmueinmeanuisolalnensladnseseiingne fail
2.1.1.1 nMsvieuvesianseuuumauligdu (Convolutional filter)

Aansasilddmsunisusudsnndud uiuatlondnamsenian (mask) AMnuauniuny
Handuvasdinsaauazldnseuiunisneuligdu (convolution operation) ludiuvesunanminludeuiiu

flunmBune lngaunsaasuiemenIng 2.1 fuaunisi (2.1) wag (2.2)
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A 2.1 M9nuvesiInTeInieIsAeuligUul [17]
[, y] = [x,y] * Glx, y] (2.1)
=Y >[n1,2] - G[x — nl,y — n2]oon2 (2.2)

A o/

We [x,y] Aefinses X[x,y] Aesuduaty Y[x,y] Aenmnn1udansed wag nl,n2 Aeau1dnludi

[HEDRN

2.1.1.2 AaN589UULN1E (Gaussian’s filter)

v

AINT09kULLNTEA (Gaussian’s filter) 1UusInsesdmiuusun wliiuuaa (smoothing filter)

¥
o

nyesUszanilyiuthiluntsapusunadygiasumunigluniwmsoaanavesnlasullaiain g

v

Youae19TIaLs7 YlnmiRIuinsesUseLaniliidygusumulesasinainanenieveulunwd

1%
1 I o

AULURD FINaVRIANULUADITURY AUAIFUSEENSIUAINTRIMATIUINYRIAINTRIlAEAINTOIUUY

(% ]
£ a

AU LANTN N TUFINTDINININA 2.2
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AN 2.2 @NTALUAINTDILUUMIE [18]

2.1.1.3 Aansaauuleua (Sobel’s Filter)

Fansasnuulgtual udInI99A1A I NTUA NS UNTIATULUITBINIS UAsURYaIANAN UL TN WA TY
Arn190199) InoluInSUagULUaIANUITLLAIIZAIRINAULNUENLINTVD IFINTOIEINTUAINTOILUY
TovatuazUsznauluaie6ansad 2 AaN589 IUIN 3x3 AINTUNTIRTUAIANULTULAIL UL UIA ILAE

LUIUBULABLALNTNAININA 2.3

+11+2|+1 W0 S
0 N8 <O 12 | A -2
-11-2] -1 A, | 0| =1

(n) (v)

AN 2.3 FUNTNVDIAINTDY (N) AUITAAINSUAINTDILUIUBY (9) AUITNEMSUAINTDILUIAG
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2.1.2 N15HUSEIUNIN (Image Segmentation)

nsuusarunmuduneundiAglun1sussanananienIn Juneuiavaiuuuwend1uves
sunmamzdrunaulasanunanamauiiduiunaaieliaunsaiwssiludiuniutaweneanuila
dealiinisUszananalmiuwiuduazgndes lnensiwmsalaadainiuasinlinmszaumnaneilu

nwaesyauFaivnndiaulatidndy 1 wasuinaduasdady 0 annsadeuwnudieaunsi 2.3)
(x,y)={1,if (x,y)} =T 0, otherwise (2.3)
dlo (x,y) Fenmitinunismsalvadues £(x, y) inefnuaaunsslsadvinfu T
2.1.3 nszuaUMINAaAIanTdnsuUsuUTInIm (Morphological)

nsruruMIdmuNTUuUT I mdut ureudnsunsiiun i edananunsaaudae
n3zUIUMINIARInAIanS FUANEDITE A UTToRBIM U UUTIFUNTaUEIOYMIANNABITE AU ATnaBq
seAuUsEneUmsuiuiidounadeimuslviavesinigailu 1 uazdilududunidu 0 lagldinan
nszUaLMsulsnmsEmMsmsalead nsviumsiugulunsinuasusznauluae 2 duseu liun
n13ngou (erosion) Aenszurumsiiliminafingaludnuiiduiuniivosnimuienisanruinuos
finwanudneagvemiivnilansieiliuazmsues (dilation) Aenszuaumsildiingudofiunddly
NqUVBIDYNIAYDITUNINTT BN 5UEIBVUIAves T nlea il A nwalraunianalasss1edild Tag
nsgUIUMITde LTI AL siemtenaTun 3x3 faundnnielufanind 2.4 uasdamduuuy

Wun1nd 2.5 (n) Tnglanan1saiunIsianIng 2.5 (1) way AN 2.5 (A) A uaIsu

11113
1 (1)1
1 (1)1

AN 2.4 BNEN9LATI519
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(n) () (A)

AN 2.5 (N) AMHURTU (V) NMIWASIINNITIINNITATBU (A) NNASIDINAITVIINITVEE

LI19IUNTLUIUNITNIED WU IR WA UITAIUITOIIBUND NVALATYNUATNAIAUNITALRUNNS

[

ANUNTLUIUNTLANIT

1. 11300 (opening) ©38M15ANNIILT0LABYBINGUDUNIABBNIINAULN B LA AT TOALTUNT

AT 1IAZ BN L TDININTIIWIUYDID YN AT ONGUTBIINATIINNNNTY Tagadun1saniiuns
2 o o ] o a 1% Ly AN i a

e ludadl 1. vinsnseu 2. vin1sveny welinmauatuilu nmd 2.6 (1) waznmiNIuNTLUIUIS

Hunnd 2.6 ()

2. M3UA (closing) ¥3eN1sWeNsBRuMARRIAIUTIRIL AUV LTEINIT AR W EIUNTIATIE D89

Timalaillesaininuauvasinaadiudulagninudiilunguiisafuwaitiues lneddunisaiiuns
2 o & o ] o = ] s 9 & i a

uiludsll 1. vin1snseu 2. vinisveny Welviainduatu Wuaimi 2.6 (0) LagamMAHIUNTEUIUS

Hunnd 2.6 ()

(n) ()

AT 2.6 (N) AMNUEINNNTLUIUNISHUA (U) NINUSIANNATLUIUNITUR



12

2.1.4 M3AnTeidayanin

waIaINlanImEessEAULaY TunsuNIsIAszitayavesn nazgnihuldiienudeyaainam
aossyAuuaaluinszuiunstutudeluluingdnuslagldiunusveseyniavesnin (particle) Liie

Avuavaulnfiaula (Region of interest: RON dwsuiluimungaiidasnisilviiaszvluduney

ANTIILUANIN

2.1.4.1 M581UARINENYULVIBYNA

(%

auNIARBNANYBINLEATDININADITEAUNBY AR ulnsa 1NN 199 593 TAnT aRaTayaeaNy

WevsvenAuauURvIanUsenvlinveteynin lnen1sinmuniswesesyniaiietilifinseunaulaves

¥

amlpeiidayamildldezgnuandly nisnei 2.1

Y

= a €Y
f1919N 2.1 NIYILATITUVBURIINBUNA

Yoyaiidasizi AUMINEYRLTRYA
Center of maas X aAugna1uIatuL X
Center of maas Y REUENA LAY Y

Bounding rectangle left ﬂiau?ﬁwﬁamﬁwu%ﬂwaqaumﬂ
Bounding rectangle top ﬂiauﬁlm?{aué’muumaaaqmﬂ
Bounding rectangle right ﬂiauﬁmﬁlwé’mm’mmaymﬂ
Bounding rectangle bottom ﬂi@U?Lm?{auﬁﬁuéwwaaaymﬂ

2.1.4.2 vavwaiiaula (Region of interest: ROI)

voulwnNaulavesnin (Region of interest: ROI) Asusiaanizauvssnmiiauladniunis

Uszananaiethluimssideya nsdringaaulafivselevdlunmsdisdninveuwnvenisussuiana
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dusunnnilvualuglaen1s91AnN1TUIZLINAIRNIZUS AT MUUATULAZTI8aAANURANAIAD N
Toyaludiunliifertos nmsimuaveuwstuazoumvuadusunsiaviadaegiiie Wy dmnds
wWinau N i 2.7 1w 1 Aeveuafiaulafulunsevdiviendunsazgnivuniuainaifistuldain

NTIATIERBUNIAINAITIN 2.1

= - °
ATWN 2.7 ﬂ?WWQﬂﬂWMU@Q@ﬁ‘]ﬂQ

2.2 MsIuungunn

TuamunisUszaianan1anim nsdwungunimdudunenlunsiangunmidesnisvselunig

1Y

wenUszinnvesgunmididnuvaglndidewmsowiouiusunmauaduio lunguideiu wu nsuen

Usslnniidnuin1wdangy et salufsnstuunyiinuesgunin snee wu au dnd viedwes

FBmsdwungunmuuuieifdeuldlunulszaananienin [191-[22] W daulvgjaziduiznis

<

nldlunsmandnuasauresnniinsadunsenmiidesmsduunieldiludunulunsinnguaes

[

sUnmmeMIMANaNzauIINIsUsEIaranmduiy nduiildldlunsduansaiaiiedn

oy 9 a

& aad @ amd: I3 o Ay A o § w ° = a
ﬂq&lsﬂaiﬂa %QQSULUN?ﬁWQWSLLﬁ%ﬁ'DﬂLT’JLW]ﬂENNGUEJL?'EJWVI']GLMﬂ"li‘\]’]LLUﬂEUﬂWWﬂ'ﬁ@ﬂqiLL‘EJﬂUi%LﬂVlNﬂ‘hJ
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nfideIn1she nsdenldaudnuazinuvesnmusasUszanialuainanuduasmianisden

% 1%

AaanyRuraInlinsuiurilinisdnnqusens nUssnnligneewmnunaens mewniidiedld

FBnsUsznakan mtugadiintieiiensdangulagldmeliadygiussivimelaswingUssamiioy

=

FafigaulunsliiBnmsmeadfdmsunsusaifiunnuRenainanedneidudneu winamiidun
Inglasstnglsyamifieudinuiianainiunitfivuaioiiuwd laseUsulseludiuvesdingesd

MvuaTuiaifenAuanyMzkazaNsndwUNUsTIVYRI U MiideInTsisagugnssduasisiugndy

4

2.2.1 JyqyUsshivg

&9

Uyanusezieg (Artificial intelligence: Al) lumansuruswilannssuinemansiazinalulagi

TNUFIUUNIINTYINGINITABUNIADS TIINGT FNTINGT MWIANENST AAlAAIERSIAZIAINITUAIANST

WerdasiuIsnisvilieeufiunesiauaiuisaaduuy venTaliguwuung AnTsuuywdlagiang

a [

Auansatuntsanestivielityn Jayaniuywdiduiaidbinouiowesinsaninluyusshvg

Hyanuszavgviasendnagnmilain Al AeTsmeimuniadesaeniainesluguuuuniefiviili
\nTesnouinAoianIsann I uonues wasdaaulavindsinaglilndifssiuiywdiiiodunuamg
Tumsiauiasesneufinnesiiiainedesinsnanielusunsurily dwalireufinmesaimuisarinu
Iedudouuasiuszans nmunniu

P

wnweolgygiUszAvgNnsazautosenvldmisuiuiuvey iuiinisdesnisnIuaainlag

[

misdangAnssundsedawindonrsailanisfnlsvewandsvesilyyiuseivg

49

2.2.2 TasevngUssamiieu

lassvneUsgaimdiey (Neural Network) 38 NN 1uwnAnignesnuuuliminnugudeiiu
aupavasyrdTIUsznaulUmenitgUseutana (processing elements) Failiwadvany qdaivimin

pdeiuadalesvaIyYd lnaudaziwadvzledlefndoiulasdedyaneanduiednnosnunludun

(9 '3

Sun17 wonwau (axon) TuwAazwaaazTUSTayavIniatenIakandwaluduead

Y Y

duqlaglindnnsnias

vaslwudud (synaptic strength) aanmsiteulsawadauss diuisnisussanananelulagwadusyam

'
a IS

wiaziwadazdyadonlasszninanisvine Wu 2 dnva Aednvasnisnszdu (excitatory) 1Wunsvili

q

Foyyruiid I uduinNdanaluuUIIa sl Ivee v ena LAl ag NI LARIEANE UM

(weights) dmsuanudunusserinawaduszamiuaauszamiyion wanalilunisnen 2.2
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= o a 13 I3 ~
A9 2.2 A UNEwaaUTTANaslwaaUTEENNgN

& waauszam waaUszaniiey
1 fiwad (Cell body) gllm (Unit)
2 wulnse (Dendrites) AUsBuNe (Input)
3 wangeu (Axon) FuUsio1dnm (Output)
4 oL fiUd (Synapse) Anghatimein (Weight)
oindud Tstn
(152 o) dofelunefusaadu

ioludau

inulasn
nénsou

2N 2.8 drulsenaurealasangusya s [23]

TasaneUszaAsuduLuusanin1sinauresssuulssamalunanilaseasiadudnvae

Ly

YailassngdonleaiuseminamlgaunsafazsuiveyanazUsuimdiiuaniunsaivs edawind oud
Maundyey wuudtaedaswieUssamivuduai sadlevlandafildlunisasessuunauiames
93a30% (Intelligent computer system) aealana wonaInid ANNs (Artificial Neural Networks) oty

w3 0adlaf duseansanlunisusey nd lauauaI9 A gt uNITAIWIALAZN1IAT LYY 113
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uundeya (data classification) nsvihunewnnsal (forecasting) M13tudataya (data Compression)

o/ . ) . QY
ANSNTBIARYIUIUNIU (noise filtering) LUuAU

2.2.3 n1sispuivadlaseinguszamiiioy

n1siseusvedlasriglszamiisunuadu 2 3Usuude nsiseusuuuiingaeu (supervised

learning) LLazﬂﬁiL'%EJuiLLUUhJﬁﬂgaau (unsupervised leaming)

Armn

e dudvane
> > Oi
WZ H
X, Summation 1MWAYeY
W,
Xl
‘ﬂl a Y o 1 =
A 2.9 N1siguveLUUINaBilATwe UMy
NIMHASNSANANAINTITBU §
Vi == W1X1 + W2X2 + Wan = ZTL Wn Xn (24)

'
=Y

e X; Ae ABunedl i
W; Ao A109umting i

V; Ao nasiuvemaguadsdmniuaduns
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f Ao fadunisnszeu
0; A AmadnsALMNRIINTITEU [ Wiedsiuludisoudall

2.2.3.1 nMstspuiuuuiiagaau (Supervised learning)

a o ‘fJ 4 =

n1sisuiwuuilngaeusziiteyadunnindudeslidmuneelilaseingssamiiien

U 9

[y

Seuilaenisusumasdminneuthlumameu Fullsneazden Al

2.2.3.1.1 msiuadUsluna (Generalization of mapping model) @7g

Wandunszeu

TuprsiuuBadupadiomdmevinludesordefendunsgaulunsaniunu
Ineflsidunssauiivatednwae lwingrinwustladsitu@nuees (Sigmoid function) wuuluwis
FnusesiumsuUasm@edeogluyie 0 89 1 wihulunsildundym lneilandugnuesduans

AIFUNNSN 2.6 SOEUNITA 2.7

1
1+e™*

gx) = (2.6)

gx) =0 +e™7! (2.7)

N5 VDININTUTNUDYAREAIAININA 2,10
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X

Ad 2.10 nslvesienTuRnuaen

1NN 2.10 wansnsInvesientudnuees lunsmeuiusuelsnduinuays wannisaun1sn

2.8
d [ 2N\ emsal)
Eg(x) T (A+eX)2  (1+e—%)2 (2.8)
9'(x) = g(x)(1 - g(x)) (2.9)

2.2.3.1.2 lassvneuszamdisuuuudounau (Backpropagation neural

network) BUUBaN8YU

Juismsseudvadlaswieysvamiienlnelddoyadunaruinmaoidng

[3 A 1

dAnernalndfesiuithmneauduiisensuitetieinmiseuiussaunadiia mneAe1dnm
galalndifssiuandmueidvinnsusudiarsimdnuuudounduludgasudunarinnis

Seuslniauninagldriodnaduiuimela
- MIEaanSAReRNRAINUsTAamieY j Tudugeu (output of hidden unit j)
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- MIWaaNSAeWNAINUTEAamen k luduledwe (hidden-to-output)

Ve = 25 Wyi0; (2.13)
Ok = g(2; Wy;0; (2.14)

130
Ok = 8(Vi) (2.15)

~ a a a 1 = 1 Al i
TagdiAinnuianaiadgvasUssamiion k = Eelz( 3o E = E(tk — 0,)? ety 1ue

[V Y
[

WnneAuszamiieu k setiu anuranaialas sulutuddadusad

E[W] = > n(tm — Om)’ (216)

1
E[Winj] =5 Zm(tm — 8(Wp,;0)))? (2.17)
- msUsuemsninuuudeundulussautuesine

N5USUDANMTN AN TN RaN M TANLFUT LS YR IR vl nTA s ukUaaduy

1%
[ |

dndnlnenseiveyiusvainuranamlagsauiuassdmtnauludnunzanas (Gradient descent)

s

Aatil Andasntinves Wy Mudeuluagiannuduiug fedl

OE
AWk] =1 0ij (2.18)
Ing 1 Aednsinisiseushidmsumununisusueaisivin
MNAuNTA 217 agld
OE "
- = —(tx — 0r)8" (X Wi 0))0; (2.19)

Wy



LALANNAUNITN 2.9 Lav@UNISN 2.13 NUaUNISA 2.14
1ng
8k = (tx — 0x)0x (1 — Oy)
Mty Angastndnivaives W ; Sadusadl
wnew — old+AW .
RO\TI ki kj

- msUsuAmal vt nwuug aunaul USRI UT UL B

[
U [
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(2.20)

(2.21)

(2.22)

n1sUsuaasdmtinuuudeunduluseautugenian vuzaaensusUlusEAuTUL ANe

s v

nsUsuAnasivtindmsulututives Wy aslianuduiug dedl

JE
AW =0 G

Ty
NG| 95 | 0y

aWji an 6Wii

NEUN1SN 2.16 wazaun1si 2.10 fuaunisi 2.11 laiounusni 2 Asil

JE r
E = Em(tm - Om)g (Z] ijOmj)

bbeYE

OE ,
30, 9 Qi Wy X)X,

o Al/Vji =1 Zm(tm = 011) 01 (1 = Opy) Vl/mjoj(1 - Oj)Xi

(2.23)

(2.24)

(2.25)

(2.26)

(2.27)

(2.28)
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1oy
dnsumsuiuadiuhminlmives Wy Aagdndunsisudedfiuisnriuanluaumsi 2.22

2.2.3.2 mavspuiuuuliifingaeu (Unsupervised learning)

a A

msSeuduuulifingaousziiisanadeyadunalidndudedidmune Inevzyudunisuuingy

[
v [ a Y [

yatoyalngdoyau i linaansNaane 9 uargnIadinauiagIne veaTidaseninisadames
(cluster)

2.2.4 BanN1sNN9UYa9lAsIIeUsTEisy

n1sdnaesszuvlasswigyszamvisniinsdiaondudue laglasiasaussnaudledudunn

(input layer) Yutau (hidden layer) uazguiansngm (output layen) luwsiasduusenausialvun (node)

' [
6

lutugeudseneumeniiefiviminngdwiudeyalugruersing wasluduwiastuiendunusznaume

Y Y 9

[

whgiihmtndsmuusmueidng (output) lussnintuusastuasiinisiedsie uiaynsieusevsdl
AN (weights) lamgdmSuymTnNUNUAIAIGY (strength) ¥89N13L ¥ DUABYBILTRAANDINY WY

1A59851999952UULASINEUSEE MRS ULERILARIN WA 2.11
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I
/N

AN 2.11 YulaseasalasseUsyanaiied [24]

Y o

ANANT 2.8 warnd 2.11 gansnesuigdiusmedlasaslasstedsvaidionls fil

1) Uszamifiea (neurons)

Tuuszanmiiten (neuron) agsnsumuta (layen) oy dududuna (input) $1slusezidoyadl
fun widndududeu (hidden Layer) axflaunisfidaslunisiunandeviueindunaiaeslsnde
AuaUUANDY (regression) Al wadudutedws (output) azidusivsueniufuaaaeylsiuies

2) %guauwm (input layer)

srmthiflunisiuteyadnuntulassheyssamlnedudune (nput Layen asiifiosdudfioiasd
nihiidsdeyaludstudaluniodudou (hidden Layen

3) Fugou (hidden Layer)

ﬁmﬁﬂﬁ%’u%gamﬂ%u (layer) founth Fugeu (hidden Layer) Ss1uaumnnnin 1 dulduazmn
FoennsanuuaiugiunnTuaunsaiasiuiutuvestugeu (hidden Layer) kazanuiuussamiioy
(Neurons) Tnntufiagtelduidoadulimngan mafudunnfuluhlifennumnuiuresteya

4) %ULEJWMGI (output layer)
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Fu1e1ina (output layer) avagvinugauazsosua1andugou (hidden layer) aaving luty
W09, (output) tuusiazlvun (node) vaslassnsdssamiionasddnininueswiavionara (class)
08 LU MndiUsELnnuaa1dNA (output) aviua 2 WU LWy uufuaiy axdutuendng (output
layen) azilsvannidion (neurons) 2 ¢ fusnandugiiy fflaesazduuin Tnsdedeyariududeu
(hidden layen) lUgiosinn (output) wéaUszamifion (neurons) e 2 f1azdandrdluliviniu e
Uszamidlen (neuron) slwuiithuinunnniuansindusdatunasludugou (hidden layer) i9na09

dengnaeulifie Arluwed (bias) wagAtntn (weight)

Liuaduyin Tvundugday Luata e

‘ OA,

0A;

Tualuwos

(2

AWl 2,12 luuea (bias) ez (weight) fleglutulassineyszamiiioy [25]

yin9 Fudeu (hidden layer) 9xiluked (bias) \euseet ialiynqmsduandenszdu o
Tasstreludugou (hidden layer) fesiiluwed (bias) Wrludwanuiielvveuwnnissndula (decision
boundary) Lisndusieauganiia (origin) werdunisenszauaile

At (weight) azdssaynalasstiedidanending (output) Aliwntuinliusazeinihimnin
lwhfunardwaindusinlm vilvamsousnldidoyeiifurdaeslslddemafivsandiani
101AwR (output) esmsvhauveslassieUszamifion Ae Weldunm (input) 1Wwndslassneuszam
Fieufagiedunn (input) sgaufuaitinnin (weight) vesusiazdru wafildandunm (nput) nnqes

2941ATIU182LLDIUITINAULAIALDIUNTA U UAIT NIMUA (threshold) 14 8 nasiudia1u1nnIeIn
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uuakdlassngUszamiiisuiazdnendng (output) senlulagiodnm (output) Hazgnasludadune
(input) vaslasaedusAiloniululassng drAdosninnasifidivuaiazldiinAne1dne (output)
U

'
a

LRGRGOTE 1S’

DA 9WTIUAIUININ (weight) wazAIAIMUA (threshold) d@usudsidesnisiielu

(%

o |

oufmesiiaadumiliudusunsamnsafmuslreuiinmesusuavarduls Tnanmsasuliuidn
WNVLNIY (pattern) maaﬁaﬁméfaqmﬂﬁﬁuﬁaui 38R “NSUNTIaUNAU” Wse “back propagation”
fuies lunisilnlasagdssamiisuuuudouludremiin (Feed-forward neural network) azdinasld
MIwUUMSENRULUUNSTUILNTEsAdaunay (back propagation) Lﬁaiﬁumsﬂi”uﬂquﬁfmﬁﬂﬁuaq
\w3et7e (network weight) ndsannlaguuuudoyadmivinliiadsrndluurazadaudaadldsunie
119 (output) AnLeTetsazgmilulTsuisuiuseiaaviudwihnisduamearaianas
eranuRanandaggnasndudngedetneiielfusloamimdnasuuusiely Fufunsaoulasetnglvil
AnenARITEeY

Afed s aiuluiinsldssuulassdieUssamisndeldlunsuenyussanvessunn
(classification) dnfumsduunuinafiaulsvesdouazsesnlniilaelesedeUsyamiouiiaistuas
fidnuurveinmadoudefsiunniduniinmafunimeteadlsyam lasmedsvamifienlssnniazgn
FuninlassieUszamiisauuuideusedusgisauysal (fully connected neural network) fisn1wdi

2.13

wlasteyali >

maalﬂaauu
,/ . e o y
Xm L \\ //
\

— -1 L1

o g
Judunwa  Fueusieatsauysal  Tulewing

ALBVINA

A 2.13 lasadeUsganniieusuuiendaniuegsauysel [26]



25

1AseveUszaImiianuuuLd sus e ueg 19auy saiusenauludrediulsenaundn fe

a 2 13 | a =
1159aMIDLYRAUITEANNLALAIUYDIMNULAUUTZEAN FNUAINN 2.14

Xo Wo _ .
: fFuuuld

WATUlah

WiXq f 3 |
L
~ E wy;x;+b f

., ; e
WaX> N Sl S MANALNST

AT 2.14 d@rudsenaursaaatssanwarniaeulsyaIn [27]

AUVLAAUTEANNITTANNAINIAIUNITTIUTIWBUNAN UL wazdsdyeanidlng
| Iz % - . . ~ o ¢ & a = O & a
WUl dunsedu (activation function) Wieluguradussainiusieqly Jelunsuniueaiuisaileu

WUSBELNNTT (2.30)
(S x1wl + b)i (2.30)

Wle f Aeilandunszeu (activation function) x 1Wuduns w1 ludwin wag b \uailukeaniimun

4

2)

U

[
v aa

uonNUTIITNT (algorithm) Mraulaniilaswreussamiisududiulsenau nelaseasia
vaalaserngUszamieuinnuideildfelaseingdssamiiisuwuuneuligdu (Convolution Neural
Network: CNN) Fadulpssadrsniuldiugunmlagaziagawuvesninidugpenuildmeuiuidiuun

(classification) 3 Tuviinozls
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2.2.5 lassneuszamiiisuuuuaaulagdu (Convolution Neural Network: CNN)

sruulasesr gy svaniigusuunsuligtuivdnnsinnurauiusenidInsaawuuasuligdu
yeudanfuszuulasssssanii anansoudloamdnldmndnevlidulumufidenis Tas
Wimungvesmsldaulaswieyssamiisusuuasuligtufenisusuudluainnegluanaduesdinges
aeulagfudmalianmisausuussinsesileidenaudnvuziamziiaenndosiudunauaziondned
#oans Inendnmsuasnguiildensdeazutseendu 2 dufeiu Ao mevinuvedlaswisuszam

Weniarnsviauvestuildlulasehevssaiionnuunauligdu dsnand 2.15

G 54 Cs S ny nz
unn wiui A e wuiland ey waandnuns  unofiaadieas 1N
39x3 28x28 14x14 10x10 5x5
L e by almbced— oy dodeke whde wheb Y o nir il b th ™ R~ LN
x 0y \‘\ & \\\
B VRN E 3
% g ) 5,
S A& L
=7 2079 4§
N i & 4
& — v ' 0 b
WK ) 4 O_L\_, g
. o O £ \\\
L] X ©.4 .
3 Ty, g © N
=z ar ~ s x ~
aoulagdy o 2x2 5%5 L ) e .
. = P ~
\\\ dudihatagoy Aoulagi o 1% ERIBE SR
ve) P S Y 3N, agngauUInl i
T AUAIDUNYBY B ‘\\ 7 "5
ol 197 .
NTALUNFAaA AN LS ﬂ’]’éfil’ll,l,uﬂgﬂ

A 2.15 lasengUssamiiguwuuneulig i [28]

2.2.6 1ase8UssamieuwuuLng la1autin (Feed forward neural network)

nsunslutminvedlasaieussamiisuiinsinuleedianienisaiuinandune (nput)
Tdieding (output) egradervitulaglifinisadunsedoundurasdinuluney letnlaseasnaun

N NANIINITAUIULAEFUVUSINING 2.16
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W]_ W2

Zq 91 ) 9>

AN 2.16 NANINITANUINYBILATIVI8UTEANIBY

[

o = < o [ o a 124 £ 24 ;4 QQIJ
asaduleuduaunisdamiunisaliunisiudamin (forward pass) lagadl

z1 = xwl (2.31)
g1 = h(z1) (2.32)
z2 = glw2 (2.33)
g2 = h(z2) (2.34)

(%
o [

W x Judunn wi, w2 Judniwidnunazduniuainu b (uileddunsedu (activation function)

z1, 22, g1, g2 Junssviunismuimudau was L 1Juannudanainvesluing

2.2.7 mmsUsuadninveslaseuiguszaniisn (Weight modification)

'
=2

nsUsuAnhuinaglismsviumunmsannesvenUantunsiieus (Gradient descent) @9
ansmuInlaINNIsIeyusueIAIALRaNaAisuR vl lusuriiveseadUssaIni Le
IeAweansifisudaindrmnuianaiaiisudviudnsunislaguainisusuugsaniminazdulua

aunsi (2.35)

wnew = woldi — udLowoldi (2.35)
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o wnew e minlvaiNuTuLad woldi AeAndnnuludui i p AednsINIsiSeuind

A1 >p >0 uay Lowoldi Aeanuainduinsiieunvesaanuianainiisuiuinntnlugy 9 i lng
ANUAATUNTREUATDITUT § FAUINAINNTVINRURUSLUVANIELE Asaunis (2.36) wag (2.37)

0LOw2 = 0L0g2 X 0g20z2 X 0z20w2 (2.36)

0Low1 = dL0g2 X 0g20z2 X 022091 x dg10z1 X dz1ow1l (2.37)

2.2.8 nMsinauvadlaseigdszamuuuasulagdu (Convolutional neural network)

Wemuuaisnisusumdmtnlauaazanunsadnanldanusmiuiumsusumudsluiminseswes
Aoulagduls lnenisadielassigdssanniiennuunsuligtuiulsiididseneutunianun 4 d1u lag
wusutumeuligdu (Convolutional layer) Fuuundiada (Max pooling layer) 4ui3g (Relu layer) uaz

wawsiaiuegvaNysal (fully connected layer)

Ree

2.2.8.1 Fumaulgdu (Convolutional layer)

roubigtulunsyuiunisiviniieataeidnwardrAnanninesnuilnansldafinegs (pixel)

Tasaiwalaunainnisuasveinassiibuinionu 3 wruiua (channel) wuadud Taun duene 8113u

(% [

wardided IngurazananunsaunuAInIgAlaTNauanAINUtLYaENElnedl AR ws 0 89 255 31N
Anudueglunianudunnn Tunisvihaineiausuiuave s nluas g miawguiualyinty fAe

WYLLUaYDIER Jadaay 0 UuAedvn laluauds 255 Fududdaivluudazgnazinisaiuinaunds

wuld
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600 00000008 000
112 011 9137 37 0152147 84 @
0 0 41160 250 255 235 162 255 238 206 11 1
9 9150251 45 21184159 154 255 233 4
0 015146 3 10 0 11124 253 255 107
4
(]
]

Escoc=s=
Seoce

ia

1526216 0 0 33109247 240169 0 1
0293253 23 2224241255164 0 5
3225028255255 412 8
400 N5 BIBLB5T N 80
Qle3zes 251 25529126 0 0 @
2162252552542551%6 6 0 10 4
79242755 141 66255245189 7 0
% 221237 9% 0 67251 255 144
15255140 0 87244255208 3
145 248 228 116 235 255 141 34 0
B5237 253 246255210 21 1 0
b BT 0 0 0
0000 8000

_-E D S S S S
- e o

R
= e

-~

5 s s o s
Ak
B

-
=
g

._\
oo o - 0o

L

R ]
SN DD S
E O

[}
§
§
[}
0
[}
1
l

oo e e S S

U v

AT 2.17 F8819NITHNUAINNLYRAIUULATNASUIIUN [29]

1 | SN\ - L 4n\N oo M0
1_1J Ofsesiesy N5\ 7 Y =0
Oy ¢ AL O~ Y/l ]S RE ESES |
0 'Z #|Dy G
4 | 2OYIY| O

(n) (v)

AT 2.18 1899 3nd () WNINENLAINAINATULN (B) LUNSADRINTDIAN [30]

<

TuusiazgUazdiyadnun3ndiuansd 19y ana i 2.19 () Wuguamawin 5x5 Ainea Ml

Y

Ay lagimueliian 0 Ainwaldudvnuey 1 inwadudiuasinssmuawninddnnisygaiiuin

i
1 =

Ineldumsndyailildudinsesrluiiuliluwmindyafidnniuasienumsndyailindansasen (filter)

9

[

waiua (kernel) v3asiansiaduanuugdAey (feature detector) Aanusinglunimi 2.16 (1)

o
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Ix1 |1x0|1x1| O | O

0x0 |1x1[1x0] 1 | © 4

Ox1|0xO|1x1| 1 | 1

UNA X AINTD AN YIIE
() )
AWl 2.19 Mahsuresnsestazmsuiaumindyalmiviednadnuas [31]

a cal o Y A LY 1 a d‘ ) ! @ a s (5% ~
wnsngRvinEnduiinseeriasied suiluninmiazauaniuliluwns nggaludsaning

Y q

2.20 () Ingradnsnlalilo Ui umsvinAauligdu waneiiogersnIng 2.20

A 2.20 e niaafadeniumsiaeuligdunaneduiinuanung (feature map) [32]

[y
v A o v

Fupaulagdu (convolutional layer) Ao Fuiivimiinidudiinsesnaudnuazaieqiie3snismia

Aoubigduadiefiumsuszanananmiuiy lagaundnudagiiazgnunumednivin w fanunsausule
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= o o A ) v o a = 1% 9 1 o °
LWEﬂ‘Vm'ﬁﬂﬂLa@ﬂﬂmaﬂ‘@m%ﬂqﬂqﬁﬂﬂiUﬁl"JGlf]ll@uwmm'{]ﬁ]um'flﬂﬂﬂiﬂiﬂslﬂﬂﬂi33"]1’] Iﬂﬂﬁaﬂﬂ'ﬁﬂflfl\ﬂufﬂ:ﬁ

asunwlasanIng 2.21

{ 3
: 0 2 { : (-1x3) + (0x0) + (1x1)
ﬁnwaﬁq ~10 { 1 g'm”gm;*(m” P
‘ 1 | A 4 -1x2) + (0x4) +(1x1) = -3
_ 0 d
}"' 5110 =
UA T PA e //
|| g e 1 >
AP Oh » -
4 2116 e 2 20 .4’ A
oo Tol 1) DA T | [
PAP Ay L EIM T L [
1 L121~s ' P
1610 ' - \
} o i L7 faneensulagd ‘ A 1 P=
} o Rngauaen ‘ ] //
L
P

AW 2.21 Msvinuvestuneulig iy [33]

2.2.8.2 %ul,mnéw“aﬁe (Max pooling layer)

M3yads (pooling) Weanilfivasisnnanuuy (feature map) adusdsnssnwdeyadidAgll ns
Wads (pooling) aunsaduuniduusziansngla wu Wadwner1gadn (max pooling) Aade (average

pooling) HaswMieduy Msyadvibinadnsnladvuadnuazdnnsladedu wenanidandiuau

wisiwasiaznisiuaiiusndululasane
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Y
o o o [ Y

Fuuundnads (max pooling layer) Aptuilddmsuandiuiudiavigiudmivinviavisey

'
a0 £ a

drrgiedesiuliliiiadeyafiniudinsaadiveztuiuaudnlu dndnnmsiaufeidenmuiniiagn

Y

1%

Wiahmtiesnsesluiisuiunmsuiuy degsluntauy@lvntidivunn 2x2 wazniseiiagyil
nsndeuiifiay 2 Anwalvauiaumindvesisnudnvue (feature map) WievinisiiuAfigeigaiu

VN9 2 finwa AanTni 2.22

max pool #28 2x2

wihdrauazmsidou | 8 | 6

A= N
WIN| |+~
= o b | oy
=N O | W

MW 2.22 NMIIUYBILUNTNaES [33]

2.2.8.3 n15v39aATuLIeLEY (ReLU)

wasanlarsnaanyzuaazinsusuunsliisgadnyne (feature map) lidwdadusie
38115159 (ReLU) lneviinisunuiinavesfinaaniidnludauludnadnvueg (feature map) Aea1 0

3AUsEaIRveINIsNLsg (ReLU) tialilassdnedssamifivuwuunauligdu (Convolutional Neural

!
=

Network) Seusdayadliidududuainain Wernmdignszuiunisiiludsnudnuue (feature
map) Wuvisg (ReLU) tnedalunmduandsauwazdualunmduandauin dievinisisg (ReLU)

AT FRziie A TUTUINYINTUAININA 2.23
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Input Feature Map Rectified Feature Map

Sk
Ui

il
~!i

AMNY 2.23 FIB8NNAANTUAINISYIN Rel U

FuL3g (Relu layen) lunasldlasavrguszarminsuuuuaaulig du (Convolutional Neural

1%
o

Network) u ueafIfuilandu h Nivuizaude 15gilsndu (Rectifier linear unit: Relu) 1839063

auni1siiaudglunisaadmivyaadosneuiiwesuasfilivseleviadiedunisinmsyleas

¢ &

(threshold) 8nse 13gilanduisgnidenundudiudseneudmivnisvimidiiludiuvesuonfivatu

Hangu Inednisvinaussaunisi (2.38)

0 forx <0

x forx >0 (2.38)

h(x) = max (0,x) = {

\ia h(x) Aeflsndunsesu (activation function), x AoA1UBILASLALITNDUNH

ReLU
h(x) = max(0,x)

10

|
6 |

AR 2.24 nswiflasu Relu
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2.2.8.4 Ms\wausiafiuvasufaztuatnauysal (Fully connected layer)

nszuUNTABULIRTU (convolution) Wade (pooling) Laglsq (ReLU) nszuiunsyisanuses

he1aunitagiinisiousaiuvesudar dueg19auysal Haadnsanaeulgdu (convolution) uaznads

Y

(pooling) tulvianuuzauluszauas (high-level feature) vaannituidnun yaUseasAveIn1vinty

(% [ '
0y =

Woudouusaztulneauysailuiiaindnwasauluinisfansesnmisudunlieglusuvesaanda

(classes)

2M#Y1n135 Pooling W&2

.,H L

X

AW 2.25 N1sieuReiiuTetiaztUag19aNY Al (Fully connected layer) [34]

Hadnsnlavzuanisinuiula (confident) eanunainnisidlassdigusgamiieuuuuneulig
Fu (Convolutional Neural Network) naansiilaraAnnusiulauagdumisvesingieglunnidout

garuulnedayamarilavgniilviteszviely

1%
v

n15:dausefuvedasuagsauysal (Fully connected layer) ABTUN I8 TIUNANITAIUIN

v
o v

et ududui et luTagduuulimieudulasevisdseamuuuid oudatiuag1eauysal (Fully
connected) uagludunoumsiuuntszinnvesglagldaunsgenuund-aseaeulnsd (Softmax-Cross

entropy) daaggnldunuludiuvesaunismanuinnaindaaunisi (2.39)

L = —log(eSk Y eSjj) (2.39)
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Wie L Ae ArmnuRananvededng, Sk Aetendnnvesseianty, Sj fie Ale1dnnvesinaulszim

'
a

U

ssiiuladnlasstigyssamifisumunzdunisdwunyszianiunmlaen1sminuanyneves
sUNMNAINNISUSUWABUmuBuNaLasednavi b ldAud Ny ATURIUNdINISonA MdNYELeY

Tnsunsnaudnuwaziludvuyedldaunsaeiuiwesnunduauniswiadeulusunsulineuiamesdaunen

v

ganulel ety Inendinusidndendsldlassieuszamiisuwuuneuliguintieinssegrinaseninege

warsasalul

2.3 lasevnguszamiisunuunaulagdud1niuniinsdaadudng (Convolutional Neural Network
model for object detection)

v

° a o @ & ' Y .
nsvuiinaunduiduiugiuveddassneUszamuuuneuligdu (Convolutional Neural

(<] aaa

Network) @sflAs9818ULULT1889 uaazanazdltun1svineuaie ludiuauisnsnudignsianizves

Tasetneiiug
2.3.1 R-CNN (Regions with Convolutional Neural Network feature) [35]

1ud 2014 R. Girshick, J. Donahue, T. Darrell, and J. Malik lauaueis R-CNN (Region with

@

CNN feature 197 CNN LU161989A%891UAIUNITNTINIUING (Object detection) waleynIAsI1UAIU

q

N1395239UA A sitsRasnsmusiionalifivsinglunmaedlaviestausinguumseuduilife)

wanedu wiazdued auazyulunmuazivuiaandidlung dreneduly dpeainisdwungunn

A o

(image classifier) sgnapwaliaansauitamila 75013 R-CNN FaLiingaunsyin region proposals v

wiiliaue Rol (Region of interest) {Wunsevamasuyuainvaiglednateumiagumndiuag 2,000 su

%

o 1 Andune ntunmdunsduatulzgndn (crop) fae Rol newavgnasialuly CNN vin msuen

AuANwY (feature extraction) way SVM (Support vector machine) ¥inin1s3wun (classification)

a o

Tng) (object) aginana lidusiazingazed dunislnuvaanimused

Y

F5stluinnannieas

[ '
v A

Yuailana1n R-CNN Agsaaunsaniuluasne Rol aseunazdn (crop) @auvesinguue tiodsnind

q

crop 11197 CNN wag SVM ¥1eiu classifier siold
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Region Proposal

(Selective Search)

’ - -
Input Region

1
i
H CNN : |
H ! | CSVM Classifiers |1
- ! 1 —p I
h : C BB Regressors |1
' i1 1
Each Wraped 1] : (Pretrainied) i
I
Region ::::::::::::::::::I ________________ i
Image Proposals Extract Classificatio
CNN Features

AT 2.26 TA59asaLUUsIaes R-CNN

JoLd8v0d R-CNN @8

1) 37w Rol wagiiuly (1 a7 3 2,000 Rol)
2) @ CNN feature extraction U89w#ag Rol VI ug1auny

3) fuuudasmeniustgaipdiu lamnsevi end-to-end training saakdela
2.3.2 Fast R-CNN (Fast Recurrent Convolutional Neural Network) [36]

Tud 2015 R. Girshick [36] laWata@ue Fast R-CNN (Fast region-based convolutional neural
network) LitowAtyyn R-CNN Tngn1ssaunnanlsidu 1 1iaida (0 End-to-end training lida) Ae
yeilaeiignwisgandudouatndwasdsvananansguninlaenisviaeulgTunasyaded
mgqumaﬂ% IuﬂWia%’Nﬁmﬁué’ﬂwmzLLazI%LWﬂﬁﬂﬁ%adw Rol pooling (Region of interest pooling)
sswinmsyhauresmsiaueiudinauls (region proposal) wazlavitnsasisiuudnassusssidnun
nHAvy veslasivigUssamiisuuuuasuligdu (Convolutional neural network classifier uag

Bounding box regressor UulilaaLAei



37

Region Proposal

(Selective Search)

-

1 1

= ' For Each Rol |}

SR I -l — :

- i MultiClass :

I

covN ] : Classification :

Lavers ‘ - — - : A 1

Rol I | :

= : Bounding Box

Pooling fe= i - :

egressor

Input Extract Feature Maps, — sLJ Ll i

Imace Feufll ot Projected Region
. Classification
Proposals

A 2.27 Tassadnaiuusians Fast R-CNN

910 [34] WU Fast R-CNN 14avieusienimug 2.3 Juadt Tuvmsd R-CNN Manvieuse

AINDE 49 U

2.3.3 Faster R-CNN (Faster Recurrent Convolutional Neural Network) [37-39]

dmsulassadrauvudiassiseuiiiverdnusiidonuldfe Faster R-CNN Fafuuuusiaosdi
Wansieilesanan RCNN [35) wag Fast R-CNN [36] fiaanuasnsolunisasianisiiumiavesinglu
sUnmuazaunsadsuningniuedale Tag Faster R-CNN SUu3AUAAMANABANTHILINTAUN MUY
\don (Selective search) ingauliluwuudtaesUszamidulassasiudeaiu wuddlunisiouse 1 am

Tdaniies 0.2 3u
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I 1
1 r______-_--_--'il
:RPN i For Each Spatial :i
i : Location : :
| ]| Quiecmess 1
1 > ] Iy
I I Classification i
1| Z | mp! 5
el I
1O Iy
H i h
1 1 Iy

1 t i i e ey

| [ For Each Rol |

— e B B e 1

I

] i MultiClass :

1

[ i Classification !

- - — 1

Rol 1 [ | :

B 1 Bounding Box

Pooling fm 1 1

} Regressor :

Input Extract Feature Feature Maps; = 1 JeJa 1

Image Feafures Maps Projected Region Classification
Proposals

A 2.28 Tassananuusiaes Faster R-CNN

wuusInesiifdalsenoundn 3 d1ufe

1) dauguivimthianaananune wie feature Wisfinrsandnuvuzisuresinglunm

2) dau%y’uai’wLLuﬂdauﬁmmszﬂﬁmq (Region Proposal Network: RPN) fiviwtiiiug nusiaasi
“madmsennnts” Wuinguindinaanvae (feature map)

3) druduunussiniiiedigadnvaziazyeun (region) 7ilsan RPN uszinanalagyi

Rol pooling Lienauitusinlavesnmilinglaed
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andinvasdanmanye
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G5 T a— 1
afinandnuuziiaindnnluing v Sanaudnwois

'
a1

A? 2.29 lasease Faster R-CNN 91uunnguuas RPN 938m161unueniunae

224 x224x3 224 x224x64
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Feature maps
(N, 512, H/4, W/4)

o~ ~

Conv (512, 36, 1,1, 0) Conv (512, 18,1, 1. 0)
rpn_bbox_pred s_score

rpn_cl

H Features
(N,2,9 “H/4 ~ W/4)

Foreground props

BBox regression
(N, 36. H/4, W/d) (N, 9, H/4, W/4)
bbox_deitas scores

foat_stride. H
eprosents how many pixls on the input image plane |
Gorrosponds (o 1 pixel shift on the foature map. In H

1, 27(# of pooli 1

(N. 9. H/4, W/4) to
. H/4, W4, 9)

1

width & height
represent the spatial dimensions of the feature map. In
general. [W. H] / (# of pooling layers)

£2
Reshape
(N, H/4, W/4, 9) to

Reshape
(N. H/4, W/4, 4 * 9) to
(N H/4 * W/4 * 9, 4)

(N H/4 " W/a ©9,7)

i BBox regression i BBoxregression |
{(NTH/M4 " W/4 " 9,4) PNCHMACW/A e, 1)
H res

bbox_deltas

clip_boxes
(clip boxes to image)

Take top N (e.g., 6000)
s and proposals

T
| % *
i Non-maximum supression
A # of anchor windows i
| K: # of shift points H T
4:x1.y1. %2, ¥2 :
. ¥ Take top N (e.g., 300)
3 scalos * 3 ratios = KA 4 : scores and proposals

9 windows

Each scale has 3 ratios.

ROIs
proposal: (300, 4), scores: (300, 1)

Py | =

cls_score
(N, 21)

bbox_pred
(N, 84)

AMNA 3.6 S19aLLREALASIAS1Y Faster R-CNN
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We studied and inspected the evaluation of safety during the operation of a mail system. In
addition, in order to find patterns in the interaction between wheels and rails, the interaction is
imvestigated using an sutomatic vision system to analyze the patterns that occur. . The model of
a faster region with a convolutional neural network (R=CNN) can be used to design artificial
intelligence (A1) models with vision systems for detecting abnormal operations that occur,
causing rail accidents; and to monitor the measurcment of tracks and interactions between
wheels and tracks in real time.

1. Introdoction

Thailand is developing a basic mail infrastructure with-a length of more than 4500 km,
including dual-rail trains and city buses, and mass transit trains. The length of the railway (Railway
Track) is up to-a distance of more than 7000 km. However, the system is required to be ready to
provide service under the safety standards so the rail infrastricture must be reliable. According
to the data of rail accidents eolleeted by the Federal Railway Asseciation (FRA), 45 % of rail
accidents were caused by irrcgulartics of raillways and various devices on the trains. Risk
prevention cam be achieved by effective measurement and mamtenance planning. The rails
currently in use can be analyzed using umages. Oh et af presented a vision-based tracking
system with a train signal system to stop trains when there 15 an emergency. ' Rikhotso ef al.
presented 3D rail modelling and measurement for rail profile condition assessment."”
Yaman ef al. presented a method for the detection of abnormalities of railway tracks from photos
taken by cameras.” Liu er al. used image processing to detect the damage of the rail surface."!
In addition, Girshick ef al. presented the region with convolutional neural network (R-CNN)
method together with photographs from which objects of interest are detected”! Later, Girshick
presented fast B-CNMN, which takes less time than R-CNN'® Therefore, we arc interested
in applyving interdisciplinary knowledge, such as knowledge of clectrical and electronic

engincering, computer engineering, mechanical engineering, rail transport engineering, and
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1558 (9144035 & MYU ELK.
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other related ficlds such as vision systems, artificial intelligence {Al), and Internet of Things (IoT),
to monitor interactions between wheels and tracks in real time. Nassu and Ukai applied a basic

viginn system to evaluate the changes in train tracks ]

The main porpose of this research 12 to
develop a tool for measuring the abnormalities of a rail system. Such a tool will be beneficial
for the safe use of a rail system by both rail system providers and rail system users. It will
also help to reduce the possibility of accidents invelving rail systems, which would affect the

credibility of the country as well.
2. Theory

In this paper. we present & vision system and Al based on image processing.
2.1 Vision system

The operation of the vision system involves imape processing or computer caleulation to
obtain the required quality and quantity of information. There are warious important steps to
derating sharp images to climinate interference in images. Objects in photographs are isolated
to obtaim an image of the object for analysis to acquire quantitative data such as size, shape,
and the direction of movement of objects in the photograph. We can subscquently use these
quantitative data for analysis and to create systems for use in various applications, such as the
fingerprint recognition system, the quality mspection system of products in the manufacturing
process of industrial plants, the grade separation or inspectionsystem of the quality of
agricultural crops. the automatic postal code reading system that sorts letters from images of the
postal code on the envelope. the data collection system of vehicles that enter and cxit a building
using photographs-of the vehicle license plate, the road traffic monitoring system in which the
number of cars on the road is counted in a photograph taken by clesed-circuit television (CCTV),
the face recognition system for surveillance of terrorists in buildings, at landmarks, or
immigration areas, the advanced license plate recognition system for car parking,” the image
processing technique in a real-time vision system for automatic weeding strategy,” the vision
system in the weaving loom i.1:1||i|.13l:q.i',”“r and the vision system for monitoring mntermodal freight
trains " These systems require’ much image processing that must be repeated. It is impossible
for human beings to analyze this data because it would be excessively time-consuming.
Therefore, computers play an important roleiin these functions in place of humans.

2.2 Al

Al 1s a field of computer science concerning how to make computers have capabilites
like those of humans or imitate human behavior, especially the ability to think by themselves
or have intelligence. Such humanlike intelligence is created by the computer and therefore
called Al. People differ depending on how they use intelligence considering behavior in the
environment or the results of Al (the ability of Al to think), Hence, the definition of Al is based
on the abilities of humans divided into the following four groups:
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= acting humanly,

= thinking humanly,

» thinking rationally. and

* acting rationally.

The neuron model structure used in this research is a faster R-CNN." which has the ability
to detect the position of an object in an image and recognize the object type. For the Faster
R-CNM, the main idea is to bring the selective search, which is the area of interest containing
the target object. included in the neuron model 1n the same structure. However, Liu improved
the Faster R-CNN for object detection'” In addition, Cai et al presented street object
detection based on the Faster RECNN.!

As shown in Fig. 1. thismodel has the following three main components.
|} the base that performs the extraction feature or considers the distinctive features of the

nmage,

2} the region proposal network (RPN area that separates “expecting or maybe™ of an object
trom the featire map. and

3} the classification section that processes the feature map and region obtained from the RPN
by region of interest (Rol) pooling to determine which arcas of the image contain objects.

VGG-16 is a CNN model proposed by Simonvan and Zisserman''™ The VGG-16 structure
shown in Fig. 2 can support colorized black and white images, The first laver can support
pictures with a size of 224 » 224 pixels and RGB images: The work structure is divided into
five convolution steps. . Then, the final convolution is the fully connected classifier. Details are
shown in Fig. 3,

Fig. 1. {Color online) The faster B-CNN 1= a single, unified network for object detection. The RPN module serves
as the ‘sttention’ of this unified network ™
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3.  Experimental Results
31 Determining the scope of consideration for preparing images

Figure 4 shows an example of images from the video camera installed under the carriage.
In data collection. a camera is used to record data as a video of the normal state of movement
for the purpose of quality assessment analysis of safety and railway conditions. When using
the image signal to consider the nature of the risk, the characteristics of wheels and rails are as
shown in Fig. 5.

From Fig. 5. we found that the wheel nim was very close to the edge of the rail, causing the
wheel rim to hit the track. This collision may result in damage to both the rail and the wheel.
To determine the area of interest, the process converted the video to 32400 images suitable for
studying and memorizing by Al (Fig. 6).
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On the basis of the-total amonnt of data, the data were separated into the following two main
parts: information used for learning by the Al and information used to test Al capabilities. The
procedure specifies two arcas, namely the wheel rim and the edge of the track, as shown 1n
Figs. T{a} and T(b), respectively.

3.2  Detailed structure of Al model

Figure 8 shows the detailed structure of the Faster R-CNN. First, import the image into
VGG-16 to find the hidden layer in a total of five repetitions. Then, perform convolution to find
the strength of the object in the image and apply the rectified linear unit {RelU) to eliminate
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linearity. Next, import data into the RPN to separate the parts that are expected to be objects.
Then, obtain images of many objects using only the feature map from the final convolution
layer and determine the coordinates of the objects on the image. Use the object image to find
the proposal layer to obtain the Rol. Then, carry out Rol pooling to obtain the fixed size vector.
After that, send the information to the classification section.

3.3 Learning to remember to analyze the positions of wheels and rails

Figure 9 shows the determination of the area.on the rim and the edge of the rail using the
Labellmg program. A tofal of 81 images were used; 50 images for learning and 31 images to
test the Al results.

The prepared image data for loeating the object of interest is in‘the form of a Label file. The
file information consists of the path. the location of the file, X position, ¥ position, width, and
height. This information 1s used to verify the accuracy of the Al results.

Figurc 10 shows the TensorBaord graph. The TensorBoard graph is a visualization tool that
appropriates with the AT traming process.  The TensorBoard graph in Fig. 10 represents the
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Fig. 10, {Color online) TensorBoard graph.
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Cross Entropy graph, which is the result of training the model. The results are obtained from
the differential value between the distributed probability regarding the actual data and the
distributed probability regarding the utilized model as

H(p.g)=—Eplogg. ()

Then, when the differential value between the distributed probability regarding the actual
data and the distributed probability regarding the utilized mode is improved to be as low as
possible by utilizing the loss function. this particular loss function becomes the differential
value between the outpat and the target, which iz unlized to estimate and update the weight of
the model.

Typically, in the training process. the learming data is fed to Al then Al analyzes the results
compared with the labels. If the results are largely different from the labels, the weight will
be constantly updated until the results become elose to the labels. The differential values of
Al recognition results are called loss values. The loss values can be divided mto two sections,
which are the loss from the loeating process and the loss from the classification process. Adfter
running the test for 100840 repetitions, the resulis show that the loss values are (.02 and 0.04.
Figuré 11 delincates the graph of fhe results from AL elearly showing that the graph is gradually
converged into the horizontal axis,

3.4 Learning results for position by Al

The Al 'model 15 composed of the learning process and the adjustment of the appropriate
weight. The test results for the analysis of the positions of wheels and rails are shown in Fig. 12.
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Fig. 11. (Color online) Resulting loss determined by TensorBoard running for 100K repetitions.
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Fig. 13, {Cabor coline) Besults of anaivsis of wheel and rail positions by Al

In Fig. 13, the blue squarc shows the wheel rim and the green square shows the trough. The
distance between the two arcas was analvzed 10 assess safetyand railway conditions by testing
using video signals of about M0 s length from the train tracks.

The data of 2699 image signals for rail pesition are divided into three ranges, as shown in
Figs. 14-16.

The analysis results of the first range of signals from the st to the 1000th image are shown
in Fig. 14. It was tound that the average distance between wheels and rails was 2.40 em. The
standard deviation was (L.2854. Two wheels moving near the edge of the rail were detected two
times.

The analysis results of the second range of signals from the 1001st to the 2000th 1mage are
shown im Fig. 15. It was found that the average distance between wheels and rails was 2.54 cm.
The standard deviation was 0.2408. No wheel moving near the edge of the rail was detected.
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The analysis results of the last range of signals from the 2001st to the 2699th image are
shown in Fig. 16. It was found that the average distance between wheels and rails was 2.53 em.

The standard deviation was 0.2145. Apain, no wheel moving near the edge of the rail was

detected.
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Table 1
Mean and standard deviation of analyses resulis.

Range Image signals  Mean distance (em) Standard deviation

1 1—10W 240 2854
2 100120410 2.54 0. 2408
3 20012654 233 02145

From the analysis of these three ranges of data, it was found that the average distance in the
first trough was the lowest with an average of 2.40 cm and a standard deviation of 0.2854, and
the movement of the wheel pear the edge of the draft was detected two times. These results are
shown in Table 1.

Table | shows that the distances in the second and third ranges have similar averages of 2.54
and 2.53 cm, with average standard deviations of 0.2408 and 02145, respectively.

4. Conclusions

The developed Al systems for the visual measurement of the train can be used to examine
the safety and railway conditions used in the voute information of the train. The Al model
tor measuring the images of the rail condition and the interaction between wheels and rails
shown hereis the Faster R-CNN (VG G-16). The results show the effectivencss of the model in
determining the rail condifion and the efficiency of the assessment of the interaction between
wheels and rails by distance measurement.  The result of measuring the distange between
the wheel and rail positions from. three consecutive sets of images shows the efficiency of
the evaluation of the interaction between wheels and rails v the three periods. The average
distance mn the first range was the lowest at 2.40 cm with the standard deviation of (.2854.
The movement of the wheel near the edge of the rail was detected 2 times. In the second and
third ranges of image analysis, the average values were similar, being 2.54 and 2.53 cm. with
the average standard deviations of 0.2408 and (.2145 cm, respectively.. The results of this
experiment ¢an be further analyzed and used to evaluate the safety and conditions of rails in the
future,
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Signal Analysis by Discrete Wavelet Transform for Lateral Movement Inspection Data of
Railway Rapid Transit from Machine Vision
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Abstract
This paper presents the signal processmg by discrete wavelst transform for hunting oscillation
mepection of system which utilized the 1mage procsssmz data which 13 eaptured from hugh resolution speed
camera. Tha ebtained is the data which been through the image proces:ing and data transformation system.
Tha results are position of the flange and the ratlway. Since the analysis by the Founer transform are unable
to pinpoint the exact position whera the noisa signal ix ceturrad, howevvar; tha discrete wavelet transform is
able to classify and inform the change of the signal mn real tune.

Keywards: Inspection syetems, Machine vision, Hunting frequency, Discrets wavelet nansform, Fallnay
1. Introduction

Railwaytransportation is developad to become the snergy afficiency and sustainable svatem which
tends to be more utilized tn the fiturs. Railway transportation bas begun i 1900s, m the South East Asia
(SEA), Thailand is the first country that brought the public transportation innovation fince the era of King
Rama V (BomdetchPhraParamindrhaha Chulalongkorn). Tha railway transportation has been contmuoushy
daveloped until the light rail train and electrie drive tram has bean utilizsed.

In order to inspect the electrical train regarding the research [1], which wtiliza the high resolution
speed camera to conzider the lateral movemant of the tram from thermage of the flangs and the rail which
is analveed by the tnage processmng techniqus to define the distance between the wheel and the ral. The
obtained résults are correct and accurate. Considering the restlts data, the data presents high quantity of tha
noise signal which requires the comparison of 3 lotof images to idantify the source of the noite mignal

Fourier transform (FT) is widely use for svaluating the vanous picturas and images [1]. It had been
utilizad m mere than 100 vears until now, and was aware of the fraquency-domain amalvsis 13 often superior
to the time-domain analytis; frequency-domain analysis is not only easy to detset, but also simpls analveia
of multiple complicated signals. However, using more accurate digital approach. samely, Discrete Fourier
Transform (DFT) spectral analvsis, before the advent of the fast Fourier transform (FFT), this techmique i
impractical, due to the Disereta Fourier Transform (DFT) caloulation i too computationally intensive. In
1965 Cooley Tukey developed the firet fast Fourier transfiorm (FFT) algorithm [3] A. Sokolowski and T.
Pardela proposed Fourter transform (FT) in melanoma image classification [8]. Lifang Dong, ot al. proposad
procassing of images in gas discharge by spatial correlation function and fast Founer tranaform (FFT) [4].
Muruganand Shanmugam and Balamurugan Rajamanickam propesed application of FFT i laser spackle
image pattern recognition technique for the metrological measurement [3].

Wavsalet applied the mathematics theory which can capture data mto frequency componants framas,

and then analyze sach component with a precise matehed to figure scale. These techmique role highsr
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performance over the normal Founer methods i analysis physical situations where the signals contams
discontinuties and sharp spikes [6)K. Ramesh and Y. Mallikharyuna Fao presant the high volage
transformer praventive by usng wavelets [7] Wavelet transform consists of two mam types, first 18
Continusus Wavelet Transfarmation (CWT) and anothar is Discrets Wavalet Transformation (DW'T) [6]
Meracver, in 2015, RasmirBajric, et al. [8] classifiad the abnormality regarding the fault within gear sst
connecting to the alectric generating turbine utilized the discrete wavelet transform. The result revealed that
it is able to classify the charactenstics of the each wavelst that cceurred correctly when compars to the
abnormalities of each one. Furthermore, there is some ressarch such [%] that utilized the discrete wavelet
transform to classify the wavelst from the abnormalities of the pump [10] and also the ressarch [10] thae
utilizes the discrete wavelst tramsform to detect the smotion wia the Elsctrosncephalography (EEG)
teclmigue which abla to dateet the sadness and epjovment more aceurately when compars to the
convantional,

Thus research presents the use of Duscrete wavelet transform to analize and classify the abnormality
i real time, this allow the problem consideration to procesd faster and less complex since each wavelst that
oceurred has specifie characterisfic and can ba detected at the specific tome. This technigue has more
advantages compared to the Fast Founer Transform whish cannot be able to specify the location of fault
and thi tima of that fault eceur in real tune,

Figure 1 Tmages showing wheels and ral.

1. Theory

2.1 Faat Fourier Tranaform Theory

Fast Fourier transform (FFT) 15 the mathod that transform the data in the tume domain to frequency
domain which is developed from Discrete Fourier Transform (DFTito becoms faster. Since the storage data
is large; it is necessary to utilize the fast Fourlar transforms (FFT) and seduca the calculation of the I dana
st from 2N inte Mlog IV, Tha transform squations can be described by the following:

Xk = E ol gt == (1)
X)) = AN T X (kpog @

Where @7/ = ¢™'*'¥" iy the N* root of unity.
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By utilizing the Cooley=Tukey FFT algorithem with the bits reversion srrangemant and transform N
ta W2, the new Fast Fourier transform equation is prasants as the following:

el N 2=l N i
zﬂw'-:m ¥ Zah‘-m e Zamli-m:mn.y 3
Ll i) -
ra=l ¥ TR ] l"‘r 1= ® %
- Zad:n’--lnil.". Ih +‘_---llll L Ea:#‘_--lﬂl.\' 2p H}
P il
1.1 Discrete Wavelet Tranaform [3]

First Wavalet transform is the signals £{¢) is simular to the wavelst supsrposition of differant
position of signal, differant scalas, whils the wavelet cosfficients W, (a. b) sthews the overall contribution
of this location, the scales wavelat mother function by scaling and translation, 15 eafablished, if 2 wavelst
mothar funetion W(e), scaling and translation factor, respectivaly a; b, then the continmouy wavelst funchon
of signal f{£) as described balow;

Wyl b) = ,E:'?w [:T") fir)de &)
Wy = ¥ (St) 6

Wavelst mothar funstion (e}, was sxpandad o tmes by utilizing the wavelst finction. Tha
purpost including 42 guarautes ¥, (t) is the square on the space L¥ (A namalys

19 (M2 = f Wale) de < oo N
By equation ()
Wil b) = o)« W, (=b) (8)

Respectively find the Fourier tramsform of the signal f(b) and wavelet functien ¥,(—b)
are Flw), #5{w), then the Fourier transform of wavelet transform Wyl w), by the cogvolution theorem
available:

Wilaw) = Flw) o)™ (%)

Secondly, in erder to ansure the creative of invarss wavelst trapsform, the wavelst mother
function, the Fourier tramaform ¥, (w) should ba mat a5

= [l
Co.= Jo N diy <00 (10)

To apply the eguation (10) Founer transform of wavelst funetion, thus ¥, (w) at Frequencies w
#qual to band-pass filter component, you can deduce, for different scales'®, (w, (¥;(0) = 0). Therefors, the
wavelet transform can be seen as eas0 must be 0 or ¥,(0) = 0, the status of the signal can indicate the
wavelst transform s susentially the signal through verity bandwidth of band-pass filter dats signals. To
facilitate computer data procsssing, uwnually scaling and translation factors a, b are convert to be discrets,
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taking a=2n, b=m Then the wavelet transform equation (3) transform mto 2 discrete bmary wavelst
transform:

Wilnm) = 27 [ w () f)ds an
If ¥ {x) 1= taken to the form {5) non-compactly supported orthogenal wavelst f{x) £ L*(R), then:
Wpa) =[S (700 Flwd expljaw) dw + J177 Flow) expl=jo) ] an
Proof of the theorem os cleary availabls, it 13 2 little bundle

For the dizerete stgmal fin), n=01.. .. N-1; N=2"1 & Z, set the discrete Founer transform of fin) as
fallows:

Fik) ={i}£i’:&ftnjm-{*%”i’; kEp L N=1 an
Thae discrete FT of Fik) as follows:
Flky=(1/0) E324 Fim) ep (~ B2 )um = 0.1, sl =1 (14)
FlkY=sfik+ ML N: =2 Vi = 1.2, 0. an
From equation (15} available:

Mff[ri* E'LM] = ETQJ? FFm), FF{m)

= (F) LS R e (- 225) as)

Discrete wavelst ransform s the signal proceaszmg method wiich 15 developed from Founer
transform of diserete wavelat transform which return the result in teom of the pattern and fhe time followmz
the hather wavelet, In this resaarch, two Slter banks ars utilized for the ttansformation. The frequency will
be classified mto two components, first 15 the component that pasz throuzh the low pass filtar callad
“Approjimation” the second one 15 the componant pass through the high pass filter called “Detals™ 113 the
Muttiple-leval decomposition and Down sampling, this procedore vall reduce the size of the data to be the
half and also zble fo reverss transform m caze of the datz that less than the startme data. The next
transformation 13 to claz=ify the obtaimed low frequency siznal agaim mn the tree mappme 25 delineate m the
Fig 2.
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Fizure 2 The tree chart shows the conversion mito multiple layers.
3. Experimental Fesults

The researcher brought the signal from the research [1] to anzlvze as shown m Fig 3 which are the
dizstance between the wheel and the train rail compare fo the mumber of frame per second (fps) caphored.
When process the Fourier transform. the results are m the form of frequency which canmot be zbl= to
determine the tims of these framas was captured.

g
§
B
z =
=

3 L L L L i L L L

“n RiLT ¥ ol E 2l e e 184 [ (R

Tune FSeantil)
(a)

K] 3 1 iz T -]
¥ Ernea | Misness | 2 'l:‘l

Figure 3 (a) Signal mmaze from S1zmal Procesams {b[-]h:;mage from Founsr Transform

Then, the previous datz 1s whiized in the Dhzcrets wavelet transform by namg the mother wavelat
with Daubechiezd (dbd) tvpe to decompose the high frequency and Tow frequency via Decompozhion lavel
3. All wavelet frequency 15 separated to ba low frequency wavelst and high frequency warvelet. The low
frequency wavelat 1z utilized to be primary sizmal of the system that 1= not imcloded the hizh frequency
wavelet mio 1t

Coefficient graph 28 shows the prnimary siznal whoch clearly zeen m Fiz 4 that the kigh frequency
signal 1z filtered form the ongnal. Form the result, the primary sigmal a8 can be identified a= the nommal
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lateral movement condition. High wavelat frequency coefficient d1 identifies the rail shuffls of the tram
which occurs in many posihions in the graph result, while coefficient d4 conssts of many small signals
which are much more difference from the rail shuffle condition when compare to the siznal of d1, d2 and
d3 causing by the lateral sway movement and the sway signal disappear at the end of graph before new
wavelet oceur on the coefficient of the low frequency graph d6, 47 and d8. This compared result can be
used for describing that the cause of this signal is from speed reducing of train before the train stops at the
platform.

Figure 4 The signal after Discrete wavelet transform with Daubechiesd {iH}nﬂDtmmpmrhmlle g
4, Concluzion

Discrate wvavelet transform can wtilizes o analvzs the change of wavalet in real time which can
totally classify the railway tumont since the ssale T which ean quickly detect tha problem cccir m the ralway.
Additionally, it can also cut off the noise sizual and only have the primary signal left Comgarison of the
signal in each seale shows that the wavelsts is different in both scale and time that o occur. This procedurs
15 conducted in crder to indizate the charazteristics of the ozeurred wavelet Therafore the wavelst transform
can be utilized to clasufe the abnormmality by referencmg the exparmental wavelet rasults.
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Abstract

Thus paper presents the Faster B-CII detection techmgue which iz capable of detecting the lecation
of the object m the mmage rapidly and efficiantly. This particular techmique has been uzed to dizplay the
performance and also svaluate the safety of the rulway system by detecting the misraction betwesn the
wheel and the ratlway of the alectrie train, the fret techniquas is Faster B-CM and the seeond one 15 Harms
Comer Detection techniques which 12 the comventional techmgus. The result mdicates that tha Faster E-
CIM technigue and the Border Technique give a good asresment, morecver; the Faster B-CWN technigues
raguire less calonlating time.

Keywerds: Artificial Inrellizence, Visus] Inspection system, Deection, Rail, Track

1. Introduction

Currently, the transportation m Thaland has been growang exceszively, parnenlarhy a rail fransport
along with the reduction of fiossil fusl trend and waffic 1ssus, The zovernment is highly misrested 1o extend
the raihway route in the capital eify to support the expanding in the future. The safsty 1= the most significant
aspect regarding the rail system, partienlarly the wheel and railvay systee must b= well prepased and
constantly inspected. Bogdan Tomoyula Massu and Massto Ukar applied the basic vision to evaluate the
change of train tracks [1]. The ratlway safety analyns can be performed by usme the pictore, Seheban Oh,
Sunghyuk Park and Euym Jounz presented 3 vision-based tracking system with 2 tram signal system fo stop
trains when there is an emergency [2], Veonam Rikhotso, Mizo Steyn and YVikandar Hamam presented the
3D rail modelme snd mezsurement for rail profile condition assessment [3], Orhan Yamar Mshmet
Karakose and Erhan Akin prezanted the detection of shnormalities of railway tracks frem photos taken by
cameras [4]., Ze Lo, Wei Wans, Xizofer Thanz and Wei Tia nzed imaze processing to detect the damasze
of the rail surface [3]. From the aforementioned reazons, an estomation technigue regardms the train drving
efficiency 1= presented, this technique recording the motion pietnres and ealeulatss the distance batwreen the
wheel and the railway from the picture with B-CMM technigue which 18 the fast techmique  Faster R-CII
technigue iz presented by Ross Girshick [6] which takes less tima than E-CNN techniqne to defecting the
railway condition and the interaction between wheel and railway i real-time.
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1. Theory

2.1 Vision system

Viston system basically 15 used to process the mage or czlenlate using the computer to obtam the
required result in both quantity and quality, the significant processes are to make the hisher resolution of
the mmaze, eliminate the notsa, detact the interesting object from the mmagze and to anzlyze the guanttative
datz such as zize, shape. and also direction regarding the motion of an objact in the 1mzge thiz performance
will be analyzed and uhilized to shape the system to help n many tasks.

1.2 The Harriz Corner Detection [7]

The angle analysis using the Harmris method s popular for findme points of mistest due to o=
outstanding accuracy in rotation, seals. variability, image distortion and imaze noise. The principle of the
Harris Comer Dietertor 1= ufilized to find the cormer of the mage by locking throuzh the small plece of
imzge that 1= establizhed which mside will be the linez of the maze then move the small window that has
been set up invarous direction: alons the lme When encountening a log of path changes or sxtreme line
refractiom wall consider that point 25 an anzle point

That can be written as the refraction equation of the Ime (Change of mtensity) when the sheft [u.v]
15 sat a5 follows.

B v)- T, w5 -0-is 7] M

When  1s(x, 1) 1= Windows function
(x=t.y=) is Shifted intensity
[fe+wy+¥) =1z ] i Intensity

and  Window fimction wix.y) = | = l_
AT IREAN A

1 v vtrinee O oedtiely
Far scrolling [ ] eamuse bilmear astimation as follows

Euvi=[u v}.ﬂd’[ﬂ} )
4
Which MM 1= Matrix 2x2 that has been caleulated from the recerved mmaga:
S
b N 2 |
M= wlx vy - o 3
ey | G

By value of 4, 4, 1= specific Figenvatua of I

Al of above equations can-be wriften 3= an equation for caleulstng angles by Hams Corner
Diatector as follows -

Re=dat M- k(trac M)y )
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Where det M can be found from det M= 2 4, Thetraca M= 4 + i, and kis 2 constant with a
value between 0.04-0,06. The R value will vary accordmg to the specific valus of M where R 13 worth a
corner and will have a very negative value when the kine iz edge. When the absolute value B iz grven, the
small valua mdicates that it is a flat

N N

(a) b ()

Figure 1 Harris Comer Detection: (3) Flat Regton: Mo change m all direction. (b) Edge : o change along
the edga direction, and (c} Corner: Significant change in ail directron [8]

Harris algorithm has a good performancs on its stability and rotustness, bt s also the direct reason
of the limitation of its computmg spud

2.3 Faster R-CNN

*  Artificial Inteligence

Artificial Intellipence (A1) is onae of tha fislds where computer scisnce is ralated to make the
computer capable of doing human tasks or mmutate the human behaviour, particularh: an abality to think or
having the artefact This ability was created by human, thus, is has been called the “Artificial Intelligance”
The aspect regarding the Al s varicus depend on what kind o fintellizence we required. This mainh depends
o the behaviour that affacts the environment or depends o how the AT thinks. Therefore; the Al has been
defined by itz abilities which are divided into & main groups;

- Acting Huntanly: where the Al an act like the human being

- Thinking Humanly: whare the Al can think like human being

= Thinking rationally; whera the Al is ableto think logically or correctly regarding the logic to

finding tha reasonabla answar. -
- Acting rationally: Where Al is able to act logically or raticually.
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Figure 2 The structure of the VGG-16 used as the base of the model [3]

*  Fastar R-CHH [6]

For this research, the Faster B-CWH neuron medel strocture is atilized, this structurs is capable of
datecting the location of the obyact and sxtracting the requirsd chjeet on demand, The principle of the Faster
R-CHI i to apply the Salectrve Search and tnelude in the tame meurcn structure. This neuron model
structure conuaty of three main sections:

~ The base section which will extract the feature or consider tha resarkable feature in the mmage

- Tha Fagion Proposal Metwork (RFIT) ssction. This seetion s fonetioning to distract the “expecting

or possiblity” from the ohject locaton.

- Categerizing section which utilize tha featurs map and region from the BP0 and procsssing by
utilized the ROI pooling in order to find out the lacation which contuns the objact.
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Figure 3 The VGG-16 Structure Utilized a8 A Base Modsl. [10]

The VGG-16 structure can support back-to-colour black and white images. The first layer can
support pietures with the size 224 x 224 and RGH images. The work structure i3 divided into 5 convaluton
steps. Then the final convolution s fully-connected Classifier. Detacls can be shown as in Figure 4.
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Fizure 4 The process of each laver of VGIG-16

3. The Experimental Result

The exparmment was conducted by convert the ratlway amd 1= wheel video mto the 1razge, the pumber
of the mmaze usad in the process 13 200 protures,

A Maaruring the distance uring The Harriz Corner Detaction

Thas method uzes for meazunng the distanes of nms and a1l from the Harms Comear Detector 25
shawn i Figure 5. This distance s utilized to verify the behavior of both nms and wheel during the electne

rain HOVIRE,

Figure 5 hMeazsurement by The Harms Comer Detector

B Measuring the distance using Fasrer R-CNN rechmigue
For this techmgue, the data has been categonized mito two mam sections, the first section 15 for Al
traming purpose and another section wall be whlized for the Al performance testing purpose. Two mam
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focuses of the image are the nm of the wheel and the edze of the ratlway this process 1= performed by m=ms
the Labelmz seftwara (o determme the trainimg the system or learming, for 50 mazes m=ed to trainms and
1limagas uzed for testing)
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Fizure 6 Imaze and label in experimental test (3) training, and (&) testinz.

To prepare the data et of the tmaze ezch image will be contamed the label which will regnlate the
location of the interesting object. The file conzizts of the path of ths file location, X value, Y valns, Whdth,
and Height,' thiz data will be called to venify the correctness of the result from AT
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Figure 7 TensorBoard.

TenscrBoard graph in figure 7 displays the result which the Al is able to recognize called a loss value.
Loxs valus can divids mto two parts vwhich are the locating lost and categonizing loss. After running tast for
10,000 turmas, the loss resalt i 0.002 and 0.004 respectively. Typically, the taiuns process will feed the data
to the Al, and the Al will analyses and find the solation from tha labal, if the result ix too difference, the
waight will be gpdate until the value is closed 1o the [abel. The ehservation fom the graph shows that the
graph 15 contimuoushy convergng to the henzontal asis zara.
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Figure 8 The loss values regarding the TensoeBoard graph after runnmg for 10,000 times.

When the model of Al passed through the training and the proper weight value improving, then the modal
after tramn can be conducted. The process was conducted by using the whesl and railway image to analvses
and detects distance as shown in Fig9.
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Figure 9 The test results of datecting the location regarding the rim of the whael and the sdge of the
rahway

Figore 10 Tha test pesults of datecting tha location ragarding the rim of the wheel and the edge of the
railway from thes AL

Fig 10 shows the result affer train ths proposed algorithes Faster B-CI technique. As sean m figare [0
hreum box reprasants ths rim of the wheal and the gresn box raprasents the sdge of the milvay. In order o
compars I tachmques Faster K-CW technigus and comvantional Hams Cornar Detection (HCD), tha results
hatwaan two datsction tachmquas is shows m Fig 11 belawe
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Figure 11 Measurement results by The Hams Comer Detector and Faster B-CNIY techmique.
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As seen in Fig. 11, the result of the propose Faster R-CNI quite similar to the reference data, while the
conventional (redline) some results is difference from the reference picture. In orderto show the performance
of the proposed alzonthm Least Square Eror (LEE) is utilized for comparing the valnes obtamed from both
proposed techniques with reference obtained by mannal measuremant. The Harris Comer Detection gives an
exror equal 2.63% while the proposed Faster B-CNI grve an emror equal 0,33% respectively.

4. Concluzions

Regarding the imaze measuring results of the whee! and the rail 112 Harms Comer Detection which
utilizas the angle finding technigues compared to the Faster B-CNM which the interestad area 13 presented
and utilize Al to classify the attribute of object. The results indicate that the Faster B-CHN can provide
more precise measuring regarding the distance betwean the wheel and the rail compare to the conventional
with Harris Comer Detection techmique. The experimental resulft= also confirm the benefit of the preciza
measuring resulis of the proposed Faster R-CHN techmigue that utilizes less imape proeessing time when
compare to the Harris Comer Detection techmique which has 2 time consirain when process the larss smount
of image, Therafore, the propozed Faster R-CHI can comsider fo be 2 seal-time detection applied to real
electrical railway or electric train safety control system that can monitor the fault between whes! and il
condition while the train (s moving iz the real snviromment.
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