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Wisuisuiumslilassneuszamionund  Inedsitiaueiivssansaminiilaedianny
wsiugegd 82.40%

Maria A. et al. (2017) [13] lfdnauenisussgndldninaredunssnsiuiuns
Uszmanann  Inennstmuniuiinaulasion1sin  morphological  uasUszidiuanug
Solutvostudmvosgunsailifdlilunsmueuuowes Usgnaudie Tad wesdniusn
s uazalndBidnmseind Taeldnst inamugiennsgiunmsnaeugunsallnihge
ndpsaEnIMANTEUTRY NETA wazvin1swudanuzeaniu 2 aoius A UnfuazinUnf

aal

FIsmminausiivszdnsamlunisinanuylageda 94 %
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VOB HASUANNITNNYIVY

2.1 NA2IEITAINAINUSDU

a

NABIEAMANTBU (infrared thermography) Ae LATesilefldlunsinAgamal

Y

Iy aa

YOIRITUNAVD TN FafEN1TUNSIEBUNTUIA (infrared radiation) vesinglayingnnuiini
fgaumgilasniAnAudesmduysalasiinisunssdauiousanunaindving lngardendnns
YoIN13uNTIEANTEUTRIIng vilinsldndasdeninanudunsisalumalianiwenis

nRdeUnIoInTIwiaUnsallagliduia (Non-contact testing) [15]

2.1.1 ¥ANNISINIIUTBINEDIAIBATNAIINGDU

DIAUIZNDUNANUDINADINIBNINAINTOUYTEAOUAIY LaUd (Lens) WULYDIHTIIU
dunsusn (infrared detector) 29asdiannsaiinddmsuntasanssd (Electronic Circuit) uay
wihasuansa (Display) Taevdnnisvieudisel  wuesnsnadudunsisnay Susadfiu
ponunandagdvang (Target) ’iuaudveINdBItIgnINANToY 91N12995
dannsefindudaseivdiduadgygramdiiuasialduanmalugyuuy fuae  and

N3 viseaInTouanaNalang 3 sUkuy Ineedendnnisnisunssdves Stefan-Boltzmann

2.1.2 U298NiNanan1shanINavaInasdagnInaNusay

J99NAINANBNNTAN LU IUNTIAVBINABINNEAINAINNTOUUTENBUMY B9

e 5.

a [ |

Lazdnuaiulivesing seeer1seninndedalgninaiinieuiuingidinune

ANTNLINDON LAZNUTINNT IR

a0 1

- yllanaganwEiueing dunsuingrniniuasieimiuanunsaluniswsed
(emissivity, €) uana1any Tunisitnassaieninad1useuiasuiunazieeiinunan
duUsgansnsuSedlviduiusiuing

aa

- danmwingey esnnbiiissingdimnewitunaiunsoursaddunssneenn

1o widngnieuendsausaunsiddunsusalauiuniaiinnisgadundsnuredinans

[ d‘

#1499 19U fuazess Aty wazuia sauilufnisagiousdvesiningdue flaldingudmneg
vilvndsnuiiinlfiinaunainindeunasdsuarevesgamniiiale

- fufin1sin vse AweuansuaNTiu (Field of View, FOV) Ingifuiinisin a1
Renteslnenssiuszozisvesinguimnedannnelunmdivsunaingénifvluazyinli

AR i inlainAuAIRARoY



2.2 MMNAINDA
AmAInea (Digital images) Ao nsuanIAasilsidu f(x, v) Tulsaziumisves
amsAilanduazduegiviiaveanin iienanseonundumadniosesiuninudy (intensity)

Tosaunsaeudunsndlasad [16]

1(0,0) fO.H - f(O,N=1)

1,0 L1 I,N-1

Fxy)= f(5 ) f(E ) A( 5 )
fM-1,0) f(M-L1) - f(M-LN-I)
©0 N4

5UN 2.1 uananansudasmisiduilauuanssiemiuanisiunsasiinea [16]

2.2.1 ANYI-M
ANY1I-An (Binary images) @8 Amdignaensiialencoded) nLuvisndapsiinlag
AIQNABARENINALYNUNUMEET A1 1 LQALNUAMEEYY UagA 0 egnunumedsilag

drunnamen-mdngnihluldnmiieitesiudsnuswaznmiiseasidenvesnmliuin

2.2.2 ANIZAUALI

AMSEAUEM (Gray scale images) A ANIQNABATHAIUFEIIUAIMUII-AN Uiiag
~ | ! | Y] Y i o o a o o Aa
finmsnszanevesmaninnitlaglasaurssanuuasiagdaluddenn  amssaudinindeu

Tazdunmszauaing wuu 8 Un feazlasesumnuldudauns 0 8 255



2.2.3 ANE

AWE (Color images) fie nililanududouvasnslasssuanunniulnensuansen
dezgnuuseandu 2 LU fie NSuAnINaRUY wAe- T3 (RGB) warnsuannauuusivdl
(index)

2.2.3.1 AMWawkuu RGB

ANAWUU RGB A9 AMNALAAIAIANIUSEAUANULILVBIMIANAN I ULAazANYa AD

= |l a

wAd L0 way Uk neluwmazuldnanaziseaunisnsyanevedkmardegf 8 On (0-255)

Y

a =}

) o v o A o % a ~ P N oA
INNNTTIUAUVDILUFNRANYIN 3 ﬁV]ﬂ‘VIﬂ’]WﬁLLUU RGB ummamaamﬁuaqaagw 24 U$ 199
16,777,216 520U

2.2.3.2 AMWARUUA YL

I v oA

amauuudell  fle  mnikansedluguiuuivilvarAduiluiieuiuailunnged

' o
oA

(Color Table) Inspmisiedildaslumngnimunduamienmuy q duuinnisidnind

[
Y 1

wuusviaslA wnuAs Tl uTIUIULANA IS 0-255

LY

JUN 2.2 Uaneneg19ueINISLARINANNATNBA [16] (M) ANUII-A (1) NINTEAUEIM

(M) NNELUU RGB (1) NMNAWUUAYL



2.2.3.3 AMNE8ANTIUY
amdeanufeu Ae amilAnnmsuUasAgamniifialianndesdiunmaniy
Sounazvinisuananasensiduiend deanunsauansldluvatosuuuy 1wy amseduEm
suiluiamsldavaentisvesemgll TneiludlnuainssziwenisonmaiigauasAlnuile

wyauanfegunilsn [17]

JUN 2.3 UaAINMENEANLTBULULAY (N) AINENEALTBULUY ironbow (1) Aweing

AU DUBUUTLA VAN

2.3 MUTTUIANANINAINDA
n3UsEIIaNan1WATnea (Digital image Processing) fig N5 MINUsEanAKARIE
Tmsnuedineansiuneuianes ivelilasuteyariadeUsinauaziBruniniiotinad

louvihnsiassndoyasieg Wy AISUIAUIINYBINgUUNIN. N1TIATIEUUIATEYTRG

'
= [

AN INTILILTeIInguUUN TR Fan15baunvestananiziun A Teisey

NTZUIUNITANG LU NMSYIIANMEANANTALNNTY  NITAITAREQYIATUNIUUUAIN NS

wUsNunNaulalunIn [16]

2.3.1 MslauIvaInIn

mslésuinveanin (mage  acquisition) e - Fuseunisthamitldsudgssu
Aeufiwesiodulsznanafisldlunsiieseilaenislduvesnm  sdnisthainani
nsUsTananat gy (Pre-processing)  A28N15USUTUINAIN WinAuALdaveIn I an
druaausuniu Hudy

2.3.2 m3uSuusanm

N15U5UU390 M (image enhancement) Asdunauni1susuussnmluiinunnady

= v a ! Ay A o d' 9] =
‘Vii@ﬂ']iLU‘Ui']UazL@ﬂﬂiuajusﬂaﬂﬂq‘wwm@\‘]ﬂ']3LW@uqﬂ']WVlléﬂ,ﬂIsU\‘]']ueL‘Llﬂ']i‘Usgll'laNa"?j\‘]
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UsenaunienaleIsn1slunisusuusnImigy n13vin Histogram Equalization n1slg@anses

wilafne piveidulusgazidun

2.3.2.1 Histogram Equalization
N5 Histogram Equalize WWunsasenmludlsfinsnsyareiusesainane lng
38AINNITUINLAIAIUIVTOTIWIUIAN VRS TnguTn niilamseganmlnalAgariu

zgnueealvidalLazdgnvesAInudIuniauuana1aved1osazgninlia1n

! v a0
ANAUNATIANEN
Outputs of these processes generally are images
I -
=
CHAPTHR CHAPTERA& HAFTHR =
Color image w“"fm“'“fl Fo i Morphological E
processing multiresolution ompres processing :
proocssing =0
=
E
AR ! —) 8
LHAPTER CHAFIER | =
L
e . Segmentation E
restaration H
%
=
— =
FAPTERS Y &4 HAVTER 11 ]
Image Knowledge base = Representation E.
enhancement & description H
s
g INGEY H
<k HAAVIEMK ]
o =
Problem | o= . L'; ] Obieet =
- aoquisiiion recogmion
domain

JUN 2.4 UansdunourainsusyilananIniinea [16]

(n)

JUN 2.5 UaneineguHaanEueen19¥in histogram equalization () AMMABsUayaLSUAUNDY

11 117 histogram equalization (V) ANYHIAINNITNT histogram equalization [16]
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2.3.2.2 A5 ¥AINTDY

o

mslddanses  (fitter) Junsuvasdayaiioldlunsadiadoya

Y

29015 (Sliding

o

il
Window) [18] hlansavdndiudilisesnseanlunnamiddudayamusuniuiens
dureandeavesnmiliiudaturuiiuvevveringdusy - Gimsldfnsesiuardmare
Joyauvilideyafldinnuuanmanndoyaiuesnaiuds  mslimnsesiuivanseia
WU FInsasuuALads (Mean filter) fanseauuuAInans (Median filter) fanseananuds

(Low-pass filter)

2.3.3 ATSLUSEIUNTN

N1TUUEIUNIN (Image segmentation) TgudnnisaulisaiiososArnugdng

'
o

i vunmnAdneadiulvgingiuiumdsazianuuandiesdndaauiliiine il

1 ﬁ' a o ! gj
ADLUDIVDIE B ANLLUUIUUE [17]

2.3.3.1 n1smsdleaa

YY)

nsviwsalaa (threshold image) WWuisnsniafignldfiiious nduvasiunasiuing
W3 Msuendluvesnuinaula (Region of interest) &3N3 threshold image UuADNT

o A | ' [ = = [y = 1 a a0 1
AMAUAAINLUUAT threshold kazINITUTIUNEUNUANEUBILARL NALYRNINAAININAIIAT

threshold avgniUdemidu 1 wieduna uazAtiosndn threshold avgnivdemdu 0 wieds

L if fxy)>T
gy =1 .
0 if  fxyy)<T
e axy) fa Awesilaidudeniunisii threshold image 7idumis xy
fixy) fo awesilidunean msugduiivwmga xy
T Ao A1 threshold
X AD ALAUITDINAY

y Ao AunueIneaNl
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(n) () (m)

JUM 2.6 Uanai0819n1591 threshold image YBINNTEAUALNT (N) NNTBYAY

(0) ATINLAAIAIAULTNVDIVDITZAUFNT. (A) NAGWEVBINTITHNT threshold image

2.3.3.2 n15%1 K-means Clustering
M3 K-means Clustering gnldiitentsdinvasn1mdudiuiu k dw fedeyania
a s o & A4 1 1 ' °
adaeaniiiveldlunisivuanunnaula (Region of Interest) laguusndulagnisAiuin
sregiIvesAbuudasfinwavetnmldazeeiniangagudnalisuIniin (Centriod) n5oqn
nmundulagsreenieseninagaiialndiuanaudnansisuiaiingalauiniganinualiei

5 1 1 = L2 o o ’Oj 1 6 a 1 dl
uuaéﬂ‘UﬂQﬂJL@IEJ’Jﬂ‘L!LLa3Vl']ﬂ’]3ﬂ’m’3m‘?ﬂ?\]Uﬂ’J’@ﬂQUEJﬂﬁ’]\‘iLS‘U']ﬂmG]‘ﬂ313JL‘U@EJULL‘U@Q[19]

d =|px.y)-c

G =22 Y py)

Yec, xec;

Tag  ply) Ao AvosilantuvessUluiinasiumuy xy
Ce - AB - A1YRIRAAUINAINTUIANN
d Ao JYLINTENINNTN

1A870RUBINITUUIEIUAINGIY Kemeans Ap ausanusnneanidugiuineinisie

1NN 2 nguvinlianunsaannsewavesduililanslunmesnlula
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(n)

JUN 2.7 UanIag 19N INYBINISHUIEINN A5y k-means (n) wusnguniwdu 3

nau (1) wusnaun1mdu 5 ngy [10]

2.4 m33euivoaIas

Msiudvediades (Machine Leaming) #e n1svildauyszananasunsaiious
foyaritevmavhunenatoyaldleglidoyauaznadnsifudoyavidniioatrssaneaiinly
Maviunenadns lsnsiseuivesaioavutildmudnuasvesdoyatinsedayavdnld 2

sUuuU Plamsseuiuuidaeunaznsiseuswuulitiasy [20]

Traditional Programming

Data =
Processor s Output
Program s
Machine Learning
Data =
Processor l——p Program

Output

JUT 2.8 LanInLLANA193ENINNNTUTENARAKUULANAUNISISEUIVDLAT O

2.4.1 Mmsi3suduuuiigaau (Supervised Learning)
MaNN13VRINNSLSEUIRUUINaeuRen1sinTayangnaewazfewinIsutuanamau U
nldlunmsilnaeuunldidudeyaiinaewiioldlunsadadulueaiieldlunisiue dslunis

a519lunavziin1snsI9@auAIuLLug (Validation) waziinnsunAwaansuilglunisusu
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AuwUsivelrlinaiauuiugundulagisnsiteudimsunisisouiuuvidaoufe

Support Vector Machine Linear Regression ez Convolutional neural network

.
Training Data

.

l

Y
Machine Learning Feedback
Algorithm 1

1 |

' ™\
\. P,

3UN 2.9 uansunudansynnulesurasmsiseusuuiidaou

2.4.2 msisuiuuuliiligfaou (Unsupervised Learning)
ndnmsviaueesnsizeuiuuulifidaouasiidnuaziunnsisainnisiseuiuoud
HaoudagndoyaililunsiFeuddulifinisisenieaugniesvesdoya Ingldaany
wilouduviennuadisaiafudeyaidufdanavesnadniidusssminasdayaiiving fu
uenanifounnmasnadsuiuuuliffaeutunssuiuunidaoudeliinisnmaaey
Awusiudrveduna Insnisiieusuuulisifasudilésuanudonde K-means clustering

Hierarchical clustering Wag Apriori algorithm

* +* %
+ X
* *
*x *% Algorithm
e * e ®
* L
D S - * Lﬂ.
x ©®
e W
L ]
Data .'.
°
Automated
Cluster

U 2.10 Uaneiiag19an1svinaurenIsseusveasaswu liiaou
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2.5 TassungUseaniey
TaseneUsza ey (Artificial neural network) Wusguudilausatuaialaunain

a o 1 4 1 = £ a 1
ﬂ']3L3EJ‘LJLL‘UUﬂ']ﬁ‘VI'N'W‘LHJENIﬂiMﬂEJ‘LJi%ﬁ'WI‘ZJ@QSJiéHEJ ﬂﬁ']')ﬂ?ﬂ‘lﬁ%‘U‘Uﬂ']iLiEJu%IﬂEJVLQJlIﬂWi

(% s

TWsunsunsedinisiudiduiiiofiansanadnssae wunsszyriinvesnin n1sandula

7199 lageededayaiiugiuainnisiseuiiiiumn lnslassiglssamiisnyseneunig 3

Y

v A 1 a

dundnAe dudunn(nput node) @3udniau (Hidden node) wagdiuta1ving (Output

v A 1

node) Tnadruddufodruresdnnudaiudiuiivzdmadonadnsnsussananadsludiu
voadnnuiazUsznaudefleduilldlunisudasd (Activation) wieldlunisiunalud
seqlumniiduredanuuinmia 1 44 Tnglassnedszamifonndddmudnuaslnsasng
19U single-layer feed forward muti-layer feed forward #39A15HLUIAINANBULNITVIIU
19y convolutional neural network Ineluineninusiaynaifiesdiuues convolutional

neural network #sgnl¥dmiunuussiannsuszaanan Iy

@ Input Layer @) Hidden Layer @ Output Layer

JUN 2.11 uansesRusenauveadlasadneyssamiiiey

2.5.1 vannsinauvedlasetnglssamiion

vanmshauseslassisussamifisuiudulnonsihdeyadunmnyhnsdm
FuAttmiTn (weight) arnduiinisudandumflsfiduniendinaansaae (Activation
function) wazvihnsdsdeyaseludsduseluiioyszananadisaunisi 2.1 Taseilstuma
adinnansiilasuauietegiaunie Sigmoid tanh way RelU (Rectified linear unit) 34
Tuusazilaituazgnldlunuiisidnuuzuandaiuoonly Tnelevhnsisouslviulaseiees

a [ 1 %:/ L] 1 -:l' ) dd' < 1 a Y =
finsusuendmdnlundazinuaieldlunsiueglunsainidulassiguuuiidaeunazinig
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inilendulunsdediuninauinlunisiiung (Dropout) Weanxansensenusanislddeya

Nnanensihuguiniiuly (Over-fitting)

n
output = f(z X, XW,) 0.1
i=1
1ng
f k) activation function
x Ao Buwe
w fe i

a4un13 Activation function 94 ReLU tanh wag Sigmiod Fauaninuaunisi 2.2 2.3 uay 2.4

ReLU T s VPR (2.2)
X)= .
7 x W /oy Dgn ] §
tanh f(x)= G (2.3)

(e"+e )
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Sigmiod f(x)= (2.4)

—X

l1+e

e

inputs bias
ay W, weights
32 Wy )
2 _ output
an activation

function

JUN 2.12 wamanisviheuvedtasainglusdazlnun

ﬁm: https:.//medium.com/@sarankhotsathian/machine-learning-ann

2.5.2 Tassinguszanmiteunuuaeulagdu

Taswreyszamifisunvuneiligiu (Convolutional neural network) Ao TAsatine
Usramifisuuuuiignadetulaglivdnnisveanisaenligiuidsiiu (Spatial Convolution)
iioldlunnsadanuanwalaglddanses (Sliding window) dmiunsltidudeyalunis
vihurenadns InsdruusznevdfgvedlassdisUszanifisnuvunouligtulszneuse
Convolution Layer Pooling Layer wa# Fully-Connected Layer [26] lagusiazdiuazgn
\Feuseifushensulasileitunmsadinmansludnuaziferiunmsihauvedassheyszam
Feulneialy wanrdlagluduvesdnnuiuazinisihneulgiudeiuiideusasiinig
wassnfuilsitumsadinmandiitellunisuszananaludusield

Convolutional Layer azfimsassinsestusndfieldlunmsataaudnue (Feature

Extraction) Y@anmiitoasunuianuanuue (Feature map) \Wu & 90U JUnse0eing Lite
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Tglunsduunviinvetinglagansdeandeyainasulagluudlasingasiidnyasianzves

LHAEAINTDININ AT UTIUIUTULALIUIAVDIFINT DY

gﬂﬁ 2.13 LanIRI98199099In509buTU Convolutional Layer 89 Krizhevsky [22]

Pooling Layer agiin1sastssnsesialglunisandindsiveliingsonisaiuiauasy
anlgyin overfitting  weslassweisnisaldlunisanvunvesiiusnenislduvinduunn

2x2 lFluanvUInTBININA2Y Max Operation #3971158n31 Max Pooling

JUN 2.14 uanan1sldRanTasuy Max Operation LiaanuulasukUs

Fully Connected Layer ﬁaa'au?jﬂﬁ’lEJﬁLfJuﬂ’lﬁL‘?famiaﬁwd’mqmL%auﬁianﬂf\;mm
Tasstnasioldlunismunmmiua bias iiiemradnsvedlasig

I@&Jmﬁﬁfmwﬂaﬂmqs&haﬂizmmﬁammmauiaqﬂ?j"u Ao MswlasAmfinieaves
sunmluusazsusenslisnseniielildnaansgaieifurtavionduiiduunly  Tneen
voaflarduluudaviueiaatimsidsundasnudnensfigesnsatmauluves Convolution

Layer uaz Fully-Connected Layer Tumnandusuludiunes Pooling Layer idunsans
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wusiiielilasstneldnsnensdosasasilumslafendunafidunsld Max Pooling 1Hudu
lnfuuslutuves Convolution Layer wag Fully-Connected aggninasumienisiy
Gradient Descent Algorithm iavinsAwIkazynIsIkunviaioliidenndasiuyn

Tayannaau [23]

\

Pooling Layer Fully Connected

\

Convolutional Layer
5UN 2.15 uanslassasnvadlaseingussaninennuunauligdu

2.5.2.1 #andnenssu Faster R-CNN
Faster R-CNN (Region-based Convolutional Neural Network) Wulumavesnis
nsduing  gnatstulnglivdnmsveslandieyssamiosuueeuligiu - uasuendiy
vesmsvhauluaesdiulnefedin RRN (Region Proposal Network) wagdiuves Fast R-
CNN- Tngludhuusnagdunsliiflonsiamingaiglunmuagdaniaeszduduildlunis

inuneiinueding (8]

2.5.2.1.1 Region Proposal Network
Hudnflatsduiesutoyaridnfunmlusfamnawezaisvouauunmlng
T¥nudnuaurresnin (Feature) ifleviungiivluduiviansadsveuntulyinguiolsl
LazyhnsaseenAlusurliwesseus dWevnstimuaituiinauls (Region of Interest)

Trfudryinuesinuesing

9

PANNITNIULTBIAUVDI RPN 2L5U91NASAS1998ULYH (anchor) A88RSIdIUN

A1UMLYUANNNI DAYV UMDY 2:1 1:1 way 1:2 Wuduwarldvaulunnasi

[
= 14

Tududinseanagynisdewiieaianudnuue (Sliding-window) waztnaaudanaials
Luvinisvihueiniuilunimduinguselileevinnisivuadadiuiundeurivresiui

yuneUssuisuiu Ground truth deslianlitaenin 0.7 wagyinn1saIARinvaIuauIn?

% 1 [ =

as19vuielglun1sinuunaiinuesingronediun1stiundning FusiaNITaAIuInA)

9 9
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AUGeYLAY (Loss function) lansaunisi 2.5 wagludiuvesnisinasuiivelviifinAininy
geydesniigalagedendnnisn1s back-propagation Wag stochastic gradient descent ua

MNIAUIUIUTIIUD ALY 4 AOAVBINTBUNYINANTUSEUNEUAD

1 * 1 * *
L({pi} » {ti}) = N_ZLCIS (pi’pi ) + AN_ZPI' Lreg (ti’ti ) (25)
cls 1 reg i

1ag p; Ao Anuu1ziuvesnisviuneglunseuil i ¢ Ae LINwasUanAILULaVBS
AAalunIsyiuie ¢ Ae LINWBsUBNAILILNYBY ground truth L AB logarithm loss 989

N9 classification Lyeg Ao regression 0ss

t Classifier

/5 & / ROI Pooling

Region Proposal Network \

L JOP’

)
Convolutional LB{nl:r

] r
image

U 2.16 uansan1inenssuves Faster-RCNN

lagMIUTEINUANARYAYEING 4 YAVBINTOUVUNTNENBINEUNTN 2.6

q

t,=(x-x,)/w,t,=(-y,)/h,
t, =log(w/w,),t, =log(h/h,) 2.6)

t =(x*—xa)/wa,t;(y*—ya)/ha
t. =log(w /w,),t, =log(h” /' h,)

*
W
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k anchor box

2k i
scores | 4k coordinates | l n

cls layer reg layer
f’/

256-d A

Intermediate layer I

Conv feature map

JUN 2.17 wanalaseasnanisvinenuLes RPN

2.5.2.1.2 Fast R-CNN Architecture

Hudrilisuunsinues ingaigluiuifiauls Tnelddayauasnindignaria
ausudRnu udeyalunsduunsiinvesing feideidefonssuuaiiuiiiauladess
neAfunateusnyilfssuunde it mandh Sudinmmisndssendldsautu Region
proposal network L‘ﬁaLﬁmﬂizﬁw%mwiﬁmmsaﬁﬂLLuﬂsuﬁwuaqi’mqlﬁnm%mﬂ"ﬁu [7]

Tngnsvieuidiesiues Fast R-ONN azusilpgmsananmudnungveanimuasih
nstunuiifaulamesaaneafiusie antdwinsasswafudsieluduves Pooling
Layer $efanIasty Max Operation kazvinisiiAiilgluvhnisussuranafiesuunydin
VBIINY

Outputs: bbox

softmax regressor

FC FC

Rol feature
VECtor Far each Rol

gﬂﬁ 2.18 uanlAT3a319N15¥191U84 Fast R-CNN [7]
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2.5.2.2 sannenssa SSD

SSD (Single Shot MutiBox Detector) (uanilnenssufidlasaiiaiugiumnan
feed-forward convolutional neural network Ingagvinnsasanadesdisluuinasiinigluam
wazshmsduunsiavesingniglundestug Taevhnmadiuluduresdy Convolution Tuud
az%uﬁgmammmmLﬁ@lﬁﬁﬂ’lﬁ’lLLuﬂ%ﬁmﬁuaﬁmqmaiuﬂﬁaqﬁﬁummmem'wﬁ’ué'fqgﬂﬁ 2.19

ludruveinisinasuves SSD xiidouwnnsing Faster R-CNN Aaluifinsinaeuludiu
vosmsimuanseuvesing  Jadumguadivilinismsieduingues ssD shldsanang
Faster R-CNN lughuvesnisadanaessaausauingasinisusvrwinluauusiazsumisie
9NN wazvhmavhueeingesingnelundesiiainstulaeldinasindrendatu
Faster R-CNN felvifidiudousiuresiiudl Ground truth uazehuivinuedudnmauiu
11191 0.5 unnsefuiiludiuges SSD dnevuglunnaadnsvesdu Convolution wagsh

& Y} aa Y U s a ° ! a
ﬂ'ﬁLa@ﬂNaa‘Wﬁ'ﬂ@IVI?!@I@J']IGULWU\TNaaWﬁWIEJ'JLLaga']ll'ﬁﬂﬂ']u’Jmﬂ']ﬂ?']u'sjfgl’ﬁﬂ (Loss

function) &auaLAITA 2.3

Extra Feature Layers
VEG-16 p J
- l'lml"grlcﬂg.-g '_E.‘:'.E' Class fer - Conv 33wl Classe s+45)

Classifier - Come: SedntaiCasscs+4 %

T4 3mAF
50FPS

- -

Caredl9_2
L, | wa s =3
Conv: 203ab024 Conv: 1xicll@d Comwe Ix1sPSE8  Conw: 1a1a122 - Conw: 1xixi28 Conw: i ixi28
Corw: 3351267 Cowe: In 325652 Come 3n03a258-51  Conw Beie?se-oi

Detections 8732 perClass |
| Nor-Maximuem Suppression |

Ul 2.19 uaaslassa¥isaantinenssy SSD [34)

1
Lloc (‘x’ C, l’ g) = ﬁ (Lconf (x’ C) + aLloc ('x’ l’ g)) (23)

g N A 9IUIUVBINERIIVIUIEYN Lie FID AIANUEQESTIANININNTIZYA UL

Y0IN13YIUILLaE Ground truth [ ABAILMUITBINITYINUIY ¢ AB AIWMUSYBY Ground truth

o A

Lo P Ananugeadeiiiinainanuiianaiatunisinunesining c Ao anuinzsilureus

o

azuilndng
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2.5.3 Transfer Learning

Tnginlunsi3eudvesiniosdmivnisduunvinvesingnisarudsziannis
Uszanawanm aelinsatnnudnuusvesnmiindisdeiuty veuniedifudu fufuied
wwAafidnluduves Convolution Layer finslénmdnwnsiindrondstulunisduun
vilnvesingisiinislesdnrdigniinaousnudnnlflunsufigmuiieanszozinailunis
a5slawaa Tnewedia Transfer Learning fignefunainuanedsiwu nsldlumadifinisilndu
uudlumsuitymifidnvuzadoadadiu msiladulunasmedeyalmilagldnisade

AaENwaENlaTUNSENEULILEY Msasduainfuanuusiaioivangauiua [24]

Specific classes for Taskl

e a2 Yk ANy N o l Discard and

created new classes
Unchanged Parameter
. ? u’
Task 2 ) l o] 4\3?
== A Feature Extraction - ! 33
b | ) >

sUT 2.20 wansmsltinedia Transfer Learning snen1sld Pre-trained Model

%
2.6 NM5U1595N¥N
o U . = o o 6 d' Y a = 1 U

n5U1533nY1 (Maintenance) fian1stngesnwgunsalineldliifinaiudeniesedi
guUnsalviTeNIsAUMEIMRUBINITRnANLEEIEYRIUNIal  IesnwIalesnMBITTUY
A g v o Yy 1= a a 4 o oY g va &
dialiszuuihanuldegidivssdnsam wasivedudililiiinnisanatuvesdymy uwenaini
o =~ = a v Y iawua 44' ¢ a = Y
fargananudeneienaiiademguiinisliegunsalifinaudeie (251 legily
LA38TNINTQUNTNATTTTINUYINIAIWeY  InesusawinsisududAndagunsal 13
donanm  nistgaskasnIuaanmnIsldn dezesusdunsimdulfsgusnan
(Bathtub curve) AUl 2.21
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1 Wear-out failure

Random failure

Failure rate

Time of operation

5UN 2.21 uanansmidulaeguennivenasiiinAIesdng (Bathtub Curve)

<@ P2 1 I3 1 & 1 Q' v 2% 1 £

nnsvlaziuladnsgezagnuutesnilu 3 939 fAe Yaesusunsldau dadldau
Uni wazyaeszegnsanuse lwissusunsldnuiuenafiaaudemelaninvaiganie
wiu nsldgunsalnldmingauiursesdng mIsenuuunlignaswasnfndaaseinsily
gnaes lugrvensldnuiniilliod uyinsuaun15ldeuredasosdnsuILa9iing
Usudsanazquagunsalluilasuyinlilugisvesnisyinuunfddnsinisidemeninias ui
AmuEsmeATlanafnTuaINdaTen 18 ueN a8 9819 1Y NNSITNURlN I aLTUNNS
pankuuvegUnIsl @nnwindeuliidediuienanisufifnu wadludisgainevesnsiu
& W B sa 9 4‘ % ¥ o oA &
Jugwiigunsaliinnnudasaliosannisidnudussegiaiuiu lnens 3 4aeinaniuiiae
winlgiilenianiaziinanudenisdusedigunsalvsdaudsiunisgeningesnenddiaau
o I~ 4' v o a = 5 ] o (v ] [~3
Juduivelinisitnuresssuuiaassnimauindu lnensdeutngesnwiiiiesandy 4 ay
N1ILUINILAEITANT Ao N13UN59Tn¥IT5U (Reactive maintenance) N15U1595nw118
Ua4nu (Preventive maintenance) miﬂﬁqﬁmﬁ%%ﬁﬂ (Proactive maintenance) Lagn1s

[

ﬂﬁ\‘i Nw1RUdN 1N (Condition based maintenance)
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Reliability Centered
Maintenance

Reactive I Inmnrall[PM}I CbM I Proactive I

= Smail items = Subject o wear- *  Random faiure + RCFA
*  Non-critical out patiorns *  Age Exploration
*  Imconsequential * Conswmable = Mot subject fo « FMEA
* Unlikely fo fall replacemaent WO ar « Acceptance festing
+  Rodimdant *  Faiure patierm *  PM induced
kmown fallures
PM = Prgvéntieg Mainbenancs Chd = Conditicn Based Mainbenancs

RCFA - Rool Coude Faiure Analysis  FMEA - Failure Modes and Efecls Analysis

JUN 2.22 uanunuiauszinnuesnnsgentl i

fisn https://www.wbdg.org/resources/reliability-centered-maintenance-rcm

2.6.1 MsU3enedeiu

n15U1395n ¥ BTV (Reactive maintenance) AaN15UN595n¥1189910LARAY
Fomeiisgunsaiviaieiosdnsudalagliannsonuslunisdenthisviaidaugunsalls
armthuare1vdmadanensinnuyeszuy nanisuigessneidssulunisgentngednm
firefigauazidodninlunisigesnuenisdeutagesnundugunsaiilidinaidesde

a Y ada o ¥ ¥ 1 1% 1
ﬂ’]‘Wi’JllsU’e)\ﬁ%UULLa33J°UEJ®ﬂ@%’]lﬁ%\‘i’]ﬂ@ﬂﬂﬁlﬂ@@ﬂ’]ﬂﬂllﬂ']

2.6.2 M3Ugednundetasiu

AsUngesnuetasiu  (Preventive Maintenance) fie - nsungssnwaunsadly
vasrfigunsalfsliitinanudeniy  Taemlunsdesthaesnvidsdosfunsmsaingnaiuns
Tngldnseuna  ssevnainsihnuresguninl  nswAsuiuduresgunsaideldoudu
han 100 e Mswdswhiundeaususzeznavestasosdnuaznmsdening titelaly
Annsngan1sinauvesgunsaibuvanidusasyislunisinsseviiainisldanuvesgunsal
TnefidaidugunsaifivinnistenthwervedsiiineuidsmeriliAsauFudenes

NSNYINS

2.6.3 NM3UIFINWINNENIN
nsgeuUngesnyInNanIn (Condition Based Maintenance) Mg N15geauU1§an Y

anmvesaunTel nsgenUngiuasuegivanmuesgunsaivsedudiulagdiuunniiie

Y 9

A A a a

gunsallfinAuRaUnATuSeiluwIlduiazinauinunfziinanuUdsuwlandu  1in

nsduaziiou WnmuTeunfmaunIaliuasAmd@y eiiileund lngazdunngninves

3 ]
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gunsalmenisidgunsaidmsumsnsiaaeu wu mMslduszamduda nisldiesaadiolunisin
sensldnaedienmenusou  IngldisaimangaunnnistentiinwauanInee

YA TLATDIINSTUADIULNNTVINIUAIAIIBUTLANT A NVBILATBITNTANAS

2.6.4 M3UNINYALTN
n15U1595nw1L8930 (Proactive Maintenance) fie N15U1595n w179z aitiunu?

MM sngesnwadesiunaznisirsesshwmuanimive desiuldiviiinaudene ey

=

gunsalslufinmsiesgiiiemdumsuesanudenieiinu iiedndunisunlatdymd

a Y

wazdesiuldlidgynuindudnluewian lnen1sirgssnwndenidensevitliaiunsansiu

v Y

Yymunaseesnisiinaatidemetasmuuamasiunistesiuldliiliniu wadildedans

Tumsiwsgvimaunaveslymdndudeddideyaduinuuntunsinesy

MAINTENANCE STRATEGIES & PROCESS CAPABILITY LOSS

oactive & Predictive Maintenance
Conditional Failure
Lubricate, Align, Balance
Least Expensive Strategy

Prevent Maintenance
Impending Failure
Clean, Adjust, Replace

¥ R

Reactive Maintenance
Loss of function

Most Expensive
‘ Strategy

< = — =@ »>» 9 >FrPon

TIME

5UN 2.23 uansgraaimvanganlunsinnsun sy seaneneg

i : https://cpkconsulting.us/solutions/proactive-maintenance/SSS
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TuduilazndmisnsesnuuuTBmvaaesia 3 daulssneudediuresnisszyvin
waziumswasgunsallwiihuudriusuuenes uaznmsmaasaiiemmumniwesnuiinund
fiAnduuugunsaililh - sallufamstnamaneaesisaesnesesisuilaeEuanns
thiauogunsalliiiuazgunsaifldlunsmaass mafSsuiiisuussansnmasstunadldly
N9R599UINY nseenuuulsunsidludmansaTduinguasn1Tiesesiam

RAUNGAIEAINANEAIINS DY LALITNITNARBININAIAU

3.1 Yagunsalilldlun150anuuunN1snaass

3.1.1 aunsalnelugatuauszuulnihdniumsaiuauainas

gUnsaifldmelugmuauuaimesussnoudegunsal 4 wia 1w 5 Hu
Uszneumeitesinusninesaia 3 wia $wau 1 U wedimusninasyia 1 wia
917U 1 Hu adeduuunsindn $1uau 2 Su uadleneiinaniiad S1uu 1 %ué’qgﬂﬁ
3.1

(n)

JUN 3.1 uansgunsalngludaiuauszuuli (n) weosfawsnineselin 1 wla () @lnd

wUUKIAN (A) Taviasluansiad (1) wasinwsninasyiin 3 e

wnanstluenansianulidwiumsldanuienisfinvimintu leygnlmhluldusslemisnunisen

laiinsdllae viedu Snvievnudlidaudasiiont wazfesedadaudiveaenaisnnasaninisiluly
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3.1.2 gunsaldmsuganimaaes

poufiawnefildlunisuszuiana ASUS K-450IN CPU intel core i7 2.4 GHz RAM
8.0 GB GPU Nvidia Geforce GT 840M 2 GB (Uil 3.2) Tddw$umsuszananaislunissey
yilauaziumisvesinguagldlunisuszanananindreainuseuniglusunsy FlukeConnect

st siawlsunsuldlunisasiaduanuiinunivugunsallniiiieg LabVIEW 2018

Uil 3.3 ndesshenmenuiouviismnwigu FLUKE Ti-400

ndossneamenniouviannw (FLUKE-Ti400) (5U7 3.3) 1Hugunsaldild Tums
Anszvigungll FeamnsouanssaldiclusUuuunmeemindounaruanmaiuigumgd
Tuwsiagiumisuunmuenanidiannsafunmieundldnielunmstenmadaien vl
iineunanadousiumisisnmesauousaznmdeund WAz deEnuNTAIVANNNT

AuAwENIsAIN SNk NAR U Insiniieangamninasieuaind gLy lnendes

fnauaudRnanadiaiinisned 3.1
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=
YATLBYNA

1 Qd‘y v
1N I inle
AU
ANUALLIUA
99998 UNASY

fa

LauaaUNsILIa
YBULUANITUDIIAY

a X A
ANALLDYAVDINUT
sreglniasnan
U U a1eUnd
YDULUANITUD Y
ANUALLDUAVDINUT
sraglniasnan

SYYLYDUNUTDINTNINFDITRA

-20 °C 91200 °C

+ 2 °C ¥i3e + 2% vosATienuld
320 x 240 pixel (76,800 pixel)
7.5 - 16 um

24 °x 17 °
1.31 mRad

15 cm

12 °x 9 °
0.65 mRad
45 cm

11NA31 60 cm

3.1.3 M322NULUUNIITNAADY

dmsunsesnuuumsnages  Busulagnisiiuniwaisvesgunsalinelugaiuau
veled ieltlunmsadinalunsssyriiauaviunivosing uarluduvesningiady
arufinUnfivesgunsaitfuasshnmmasdluviemnassiinnunsgamgl 25 esruaaidea e
annansEnUNMIsAouguMgRannguieanmianden Inavhnsrandodanmaa
$oufBRINgBILUL tri-pod Wazesvinannndosmeninanudeudugauauszuuludhg
seozvieiu 120 iwuPanaiielifiuesdusznauassgUnsniasuis 5 3u laeshnisaaeqa
Ls?‘jamiamqamuuﬁaqﬂﬂsaﬁWﬂﬂLﬁaﬁﬂmwamaamnﬂ?%auuﬂaaqmmﬁﬁLﬁ@%uuuﬁaqﬂﬂiai
MnduhnmafunwdendestionaufeulnevinnisaauaumalfuamriuwonwaLedy
vulnsdwifledte  minduhnmitlduhnsUssinanariulusunsuiiiaundae  LabvIEw
2018
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uamat 3 s

ASDAATEATHA LT

g‘dﬁ 3.4 FVIAADY

3.2 n1seantuulusknsuLUaesiu
Tunisveaesazuuseandu 3 dulsznausme n1sszurianagiuriiaigunsal

NFIATIRANURRUNAMIENTNENEAINTBULaENMTIAT s ia U veIgUnTallnih

3.2.1 nsadslaealunisszyviiauasiuntiuagunsal

Tuduvesnisszyriauasiunisuatgunsallwinidunisuszgndldlassinedssam
denuuuaoulgiusudunsldiveda Transfer Learning #slunisvanasiagyinisads
Tusaritensiadunazszyiumisesgunsainmelugmunumeines Tasvinnsaiislunase
TWsunsu  Anaconda3  dadulusunsuildlunsudlunarsiusulavidvesniw  Python
Tngilunsadilunalunisesaduingiu Sdntannaeldvimadaduldadas L
dniun  dethluldrudewssfioanszesnarlunisaiiduea  lunmaaesiléivhnig

[y

Wenldlumangnitmunuuaiinuszendldfelunaes Faster R-CNN d1m3un13n3uing

9

uazidennisldnisaindoyavesningme Inception V-3 iawnlunaiiussansningaile
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Wisuieuiulumadusy SSD (Single Shot MultiBox Detector) #38 YOLO (You Only
Look  Once)  Aeanunsansiaduinglisuasziinnuuwiugigslagldninensveanie
Uszananaligann (321 uazvhmsianarnugndoadurmnuustiugdiadsmiuusiug
(mean Average Precision) mAP LLazﬁﬁmsﬁfmuﬂmmgﬂéfawaaﬁuﬁﬁﬁﬁmaﬁaaLﬂué’md'su

aﬁuﬁlﬁlgﬂﬁaﬂ (Intersection Over Union) IOU ﬁﬂgﬂﬁl 3.5 Tngnvum 10U threshold 15717‘11

' £
a =

#
0.5 WLTIW 0.05 9UDI 0.95 IINUUYIINITUIAILRALAULLUET MAP [28] wiawSeusieu
UszanSnn uananAMuLLusua1UsEANS A ndasulUdemnunanauf U uaiuAI1uLE)

Tunmsesadunazszezantunsilniulung

Intersection

Intersection
oy =———
Union

Union

(%
Y

SUN 3.5 uanednsduvesiuidauriuse nunnvue (Intersection Over Union)

nsasdluealaensldivaiia Transfer Learning azvinsusuideumsaudsly
wanzaufuriavesingililunsasadugunial Tagmudsifidssasernuuiuguazaiy
ndlunmsaiwedunans Suuseulun1siseus (num step) Sasn1siens (Leaming
rate) n1sUsUludug s uadliag LU TwIAveIFanged (Sliding window) nsideuves
fnses (Stride) Sruauseyateya (Batch size) nsmAdeivimsvaaeulsyansninues
aninenssunitensiaduingl34] devinsiiguiisulunsazaainenssuaziiildin
anilnenssu Faster R-CNN fauusiugilndidssivaniiaenssy ssD dadunismaaeuiu
yatoyafililunisudstunismsaiving (Pascal VOO) Fadunisnsadueiinuagsiumisves

[

INOIIUIU 20 Yie

9

Method mAP | FPS | batch size | # Boxes | Input resolution
Faster R-CNN (VGG16) | 73.2 7 1 ~ 6000 | ~ 1000 x 600
Fast YOLO 52.7 | 155 1 98 448 x 448
YOLO (VGGL16) 66.4 | 21 1 98 448 x 448
SSD300 743 | 46 1 8732 300 x 300
SSD512 76.8 | 19 1 24564 512 x 512
SSD300 743 | 59 8 8732 300 x 300
SSD512 76.8 | 22 8 24564 512 x 512

U 3.6 uansnsnduinguesanilmensslu 3 sULUY Faster-RCNN SSD ua YOLO [34]
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PNINT19819B e TEzTule A AR LLlug wesaantnenssy Faster R-
CNN wazaadnenssy SSD daranuusiugilnaldssiumnidseuieuiuludanusilunis
#3298 SSD dmnuiFafiganiuasieoiSsuiisudaiinadeyalunsUszananaaziiuldin
Faster R-CNN fiUSsnaisuusiesnin daulunisnnaosssl@vinsinlumadlddmsunis

nRdTuingiaesilaunyinsnageuuazinnsUsuAMmLUsiaSsuiieuussansnam

3.2.1.1 manseadayaliiatngau

I

esanlaseingusramiisusuuasuligduilunisisouiveunieswuuiyaoy

-:4 v =

v O v PN [y a Y o & Y av { = v a
@Quu‘ﬂ@ﬂuawgﬂiﬂﬂ,waLﬁ]iﬂllﬂqiﬁi']ﬂilluﬂaf\]']L‘Uum@ﬂ&lm@ﬂaﬂﬂﬂ@@ﬂL‘W'E]ﬂs]ﬂﬁ@u Iﬂﬂﬂ]@;ﬂaﬂﬂg

Y Y

Y =

nludeyaiinaeutuazgnuuteandu 2 nau fe Jeyafildiiielnaou waz Jayaildlu

Y
[

nsamaeuALgndastediing duiudeyarassiandunmdielon shnsfiuninees
gunsailwihuugmuauszuulnimesndasuulnsdmitndeuiuazyhnisuurunaim tile
ananududeslunisliminennsuesmieyssaana Insgunsainislugauaussuulwi
Usgnaumie weshmusninessiin 1 e wesAnusnineselin 3 wa adndhuuuivan way
Toneslvaniiad Tugduuudng §1uu 120 nm wazuusdeyaseniuassngulnouwyadu
Toyafldiiiefinaoudiuau 100 s wazdeyaiileldlunisnsvaouniiugndos 20 am

Ui sIuaLdsignaesesnmsaanguiielslunisnage ualglusunsy

Labelimg fiagu#l 3.7 davvimsuwdasdeyaresiuniuaryiinvesinglveglusiuuunisna

ng .csv ﬁﬂgﬂﬁ 3.8

Box Labels
[ [ it Label

[ difficult

3 Phase Circuit Breaker
Circuit Breaker
Magnetic Contactor
Magnetic Contactor
Overload Relay

File List

&

Citensorflow\models\researchi\object_detec A
Citensorflowimodels\research\object_detec
Citensorflow\modelsiresearch\object_detec
Chtensorflow\models\research\object_detec
Citensorflowimodels\research\object_detec
Chtensorflow\models\researchi\object_detec
Citensorflow\modelsiresearch\object_detec
Citensorflowimodels\research\object_detec
Chtensorflow\models\researchi\object_detec
Citensorflow\models\research\.object_detec
Citensorflow\models\research\object_detec
Chtensorflow\models\researchiobject_detec
Citensorflow\models\research'\object detec

< £

UM 3.7 uanansszysiunianazyiinvesingmelusunsy Labelimg
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v v )=

Tunsldlueatiioinisseysunisuasyiinvesing  deeidiunldiiouaninaves

9

msasadulngludiuveinisuansatidldnien  Python  itedenldluwmalunisnagaou
MnuthaadldnnnsuanmandutoyaiolilunisnnaduaufisUnfvesguninl e
Tsunsufifmuntuann  LabVIEw2018 Ineldipdesilo PythonNode @ufuduiouse
sewindlusunsa LabVIEW uasTusunsuvesaruiinmunlnenisn Python aandusnisiaun
TUsunsuduiiiunmain PythonNode Litelilusunsaludiuves LabVIEW awnsafusis
dumbaazeliavesing  lngnsmvuadununisuenvilavesinglaglidlewnuwesin
wsninesedn 3 wla dununuredinwsnnesadn 1 wa ihduunuddaduuuuindnuay

[

dfwnulonasinansiad fegu3.7 waslddane3iiu DetectObject Tunmsldnsiuntsvasing

Y
=

wagyinsszusuniaduiinge 4 fe Ao Xoa Xon Ymax Yoin

q

filename width height  class xmin ymin xmax ymax

640x450v2 430 640 3 Phase Circuit Breaker 239 61 340 192
6404302 480 540 Circuit Breaker 350 59 384 183
640x480vZ2 480 640 Magnetic Contactor 329 248 402 359
640x480v32 480 640 Magnetic Contactor 240 256 310 359
640X AB0VZ 480 640 Overload Relay 242 361 312 434
040x430v2 430 640|3 Phase Circuit Breaker _| 256 78 326 176
640480V 2 480 840 Circuit Breaker 340 78 361 172
640x480v3 480 640 Magnetic Contactor 318 220 370 300
B40x450vz2 480 640 Magnetic Contactor 251 218 300 296
6A0x480v2 430 540 Overload Relay 252 297 301 356
640x480v 2 480 640 Circuit Breaker 380 116 418 287
640x480vz 430 640 3 Phase Circuit Breaker 203 116 339 300
B40x480v3 480 840 3 Phase Circuit Breaker 227 64 325 198
6404302 480 640 Circuit Breaker 339 63 372 187
B640x480v32 480 640 Magnetic Contactor 316 257 382 368
640x480v2 430 640 Magnetic Contactor 222 258 288 365
640xAB0vZ 480 640 Overload Relay 222 365 291 443
G40x430vz2 480 640 Overload Relay 318 327 385 401
B640x480vz as0 640 Magnetic Contactor 316 228 385 326
G40x430vz2 480 640 Magnetic Contactor 205 228 273 332

JUN 3.8 uaneiegavesdeyandagnudasanlunias
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UM 3.9 uanamadwsvasniskanskanlianmslilunalunisssyeiaiaziunimesing

3.2.2 NISHASYUNIN

Tughuwesmsidanuasnniunfiusendesdioninaudeuazlanimis 2 viade
aweneanuauazamdeUnd  elunisldnmerennufousodinisusuaeineg el
wnganiugunsaidiming Wy Adudssavsnswisidenufeu e Background

e W) v v

temperature 43N0 RAUNANI (Level/span) Faanvanliinasienisenurivesgumaiinle

o,

o) a

MnndesaneANsen. ielin1sinvesgumgingnsedlunsmaaesimsnsenduUsedns

Y

a

ANSENARMNSUIIT 0.95 AuAIANYTEANTNITHASIAAINUSOUYRINAERNETIU [29] wazyin

I 1

msasAgnivesgmiliignugiiaaaiioy 120 esmivallvauazgun)ianani 20
IALTALTYE LazAUA ambient temperature 91 25 D9ANYATNA IINUUAITLHLUIVDI
nagatenmaieuliisningulming 120 wudwnskagyinnsusualniaieli

AmanganuTouLaznmUnFegluiuvsndauriuiufagui 3.8

JUT 3.10 uanwegnsuaansiilaainnisusuliiavesndesdienmanuiou
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3.2.3 nsUsEaIaRaN NEeANTaU

nsUszananan wdeauieuieldlunsiinsgianiugvesgunsallunillagld
anautRvesnsuiaEnufeufiuioonunanunasindn Tneanudeuiiinduinanaany
AnUnAvesiigunsal [30] Iumi‘mmaaq%ﬁﬂﬁqﬂmaﬁﬁmm’m%@uﬁﬁmL%'amiamnmi
Feusefinaruvieliuiuainsenitiansliiugaidenvesgunsnl uagltinnsgiuvesnis
FuunanuzvosgUnsailiiindaennaieninuFoures NETA faps1ad 3.2 [31] tileszy
an1uy TnedemsuftRazgnuaduinmsdangmsseideuasinnsgontissesiassiou
Feduanuzresgunsallatinlunsnaasstazgnuiandu 2 anusfe anuzunfuazaniug
Anund lunsdeulsunaludivesmsUszinasaniniiganuieuuanmsinmans
anufoudadunmszdudmutin 8 On wagyhmsimusdimsalea ilemeuwmisvesqad
\Ranadoungamaiginieiidiunazgnudaadunmluus Insrvesgumniiiewls
frnuduiusuasefuAmuuamdsaunsi 3.1 wagilelinmudsiunisimsaloauudn
S mAtuIsldsanasfia Vision Assistance Tunsusudssamnmiienisnsosdnyao
sumusanifivdfivamesosnmaniuldsane3iiu Detect Object ileniunisvosa

MAnmuSeulaensvinulewiureduswnsuduluaugun 3.9

L T(max) _T(min)

Tip == 5 X9t Timiny 61
We Ty AD AReuuQRnsunud i
Tinag - D AU NgeganawinnsiTvue level/span
Tininy  FD Al ifganasitnsimua level/span
Qi P ANSEAUAWIANWIALA i
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Number of fail object Accuracy
0 9/10
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2 8/10
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5 8/10
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Applying CNN to Infrared Thermography for
Preventive Maintenance of Electrical Equipment

S. Rokrakthong, T. Suesut and N.Tumrukwatthana

Abstract—This paper presents the new method to classify
the condition of electrical equipment such as main circuit
breaker, magnetic contactor, in term of thermal radiation
effect using infrared thermography. The conventional neural
network (CNN) is one of deep learning method which is widely
used in pattern recognition and object detection. In this paper,
the thermal image processing was used to determine the
critical temperature on equipment and, the deep learning
technology was applied to identify the type of equipment.
Therefore, we can know the condition with the type of
electrical equipment for maintenance purpose in real-time. An
accuracy of our method is 91% for identifying type of
equipment. This technique can be implemented to an
automatic alarm annunciation system for other dangerous
equipment with sensitive to thermal as well.

Index Terms— Object detection, Infrared Thermography,
Convolutional neural network

[. INTRODUCTION

Infrared thermography is a tool to determine the
temperature of any object by infrared thermal radiation
wave. The object with temperature more than absolute zero,
which can emit thermal energy by radiation. The higher
temperature is impact to the failure of equipment such as
loose connection, imbalance load, over load and improper
installing. In addition, the failure can lead to many disasters
like damage to equipment, injures or even death [1].
Infrared thermography is one of the non-contact testing
that represent the surface temperature of object. Due to the
temperature is parameter to identify the condition of
equipment. Therefore, the temperature monitoring is good
methodologies to analyze condition of equipment. Fuzhen
Huang et al. present the novel fault diagnosis method with
infrared thermography. Infrared thermography is key to
classification the equipment combine with support vector
machine. This work can classify condition of equipment to
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four condition [1]. In addition to classification it can also
scheme to maintenance by priority of condition.

Instantly maintenance is also required identifying type of
equipment to quick repair. The traditional method can
classify priority for maintenance but cannot identify the
fault equipment. Recently, the method to identify object are
developed. Convolutional neural network is technique, that
commonly applied to image processing. This technique has
high performance classification when compared to the other
method. The advantage of this method is fewer parameters
to train data with very deep architecture. Shaukat Hayat et
al. has applied deep learning to identify nine different class,
that has effectively with 90.12% accuracy [2]. In addition,
convolutional neural network can be identified class of
object and can also localized position of object. Kai Han et
al. propose a new method to detect defects on wheel hub
surface. The faster R-CNN is used combine with ResNet
101 for detection. This method obtains the position of
defects and type of defects [3]. So, object detection is used
for identifying equipment.

In this paper has propose the method to analyze condition
of equipment in MDB using by deep learning and infrared
thermography. The equipment in main distributor board
(MDB) to start three phase motor is no fuse breaker,
breaker, magnetic contactor and overload relay. In rest of
this paper are followed: Section 2 is principle; Experimental
setup is shown in Section3; Section 4 and Section 5 are
result of experimental and conclusion,

II. RELATE WORK

A. Object detection

In field of object detection convolutional neural network
become the leading method because the network can reduce
parameter and complexity of network. Therefore, object
detection by using convolutional is interesting to applied in
this work. Faster R-CNN (Region-based Convolutional
neural network) architecture is applied with RPN (Region
Proposal Network) and fast R-CNN.

Region proposal network is the one of deep learning based
on convolutional neural network. Which, the network can
predict the area and score of objects at each position by the
generated box also call anchor. Sliding window is used to
extract the feature map. Shown in Figure 1. Fast R-CNN is
applied with RPN to create architecture for object detection.
From RPN, the region of interest is obtained, and fast R-
CNN is used tocclassification. ‘As'shown in Figure2: [4]
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The model to detect object in figure 2, there are only one
model but there are many models. The faster R-CNN was
applied in this research because this model has efficiency to
small object and has high speed training. [5]

B. Fault in electrical equipment

Avoiding fault in equipment is importance because fault in
electrical equipment can affect to reliable of system and lead
to catastrophic. Furthermore, the fault equipment requires a
lot of budget to maintenance and manpower or in the worst
case is casualties. The fault diagnosis by infrared
thermography has divide to two type including internal fault
and external fault. In this paper focus on external fault
which, it can be directly observed on the surface of
equipment. Normally, the high temperature on the surface
occurs by high resistance from loose connection or any
reason, the result is heat. [6] The criterions of condition of
electrical equipment that detected by infrared of
thermography using NETA standards for IRT base
inspection of electrical equipment that define condition of
equipment by differential of temperature to priority as
shown in Table I [7].
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C. Thermal imager

The temperature measured by thermal image camera is not
only radiation emitted from the object but also radiation
from ambient object and reflected on the object. Therefore,
measuring temperature value to accurate need to control
these conditions there are also many variants that affect to
the measurement such as humility and ambient temperature
in addition to the measurement of infrared imager must be
align in line with the object. And the example images of
fault equipment with both of visual image and thermal
image as shown in Figure 3.

TABLEI
NETA STANDARDS FOR IRT BASE INSPECTION OF ELECTRICAL EQUIPMENT IN
SIMILAR EQUIPMENT

(AT) with
similar

(AT) with

ambient

equipment temperature
(W9 (W9)

Recommended
Action

1-3 1-10 Possible deficiency,
warrants
investigation
(priority :4)
Indicate probable
deficiency, repair as
time permits
(priority :3)
Monitor
continuously until
corrective measure
can be
accomplished
(priority :2)

Major discrepancy,
repair
intermediately
(priority :1)

11-20

- 21-40

>15 >40

Figure 3. The example of image (a) visual image and thermal image with
normal condition. (b) visual image and thermal image with abnormal
condition

III. EXPERIMENT SETUP

The experiment setup consisted of infrared imager
FLUKE TI-400 Portable imager (Table I), main distribution
board and equipment to start motor three phase including no
fuse breaker,  breaker; :two of magnetic - contactor and
overload relay. After that, both of visual image and thermal
image are-grabbed from fluke ti-400:at 120.¢m’of distance
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from MDB. The images are divided to 5 group including 1
fault objects, 2 fault objects, 3 fault objects, 4 fault objects
and all of fault objects.

TABLE II
GENERAL SPECIFICATIONS OF FLUKE TI-400

IFOV 1.31 mRad
Detection resolution 320%240 pixels
Field of view 24 °H x 17°V
Minimum Focus 15 cm

Optional Lens
Measuring range
Thermal sensitivity

Telephoto lens, wide angle lens
-20 to +1200°C (-4 to + 2192°F)
<0.05°C at 30 °C target temp

(50mK)
Built-in digital camera 5 megapixels
Fame rate 60 Hz

A. Training model to detection

The dataset containing 200 images were collected from
MDB by FLUKE Ti-400 both thermal images and visual
image. And randomly divide the visual image into two set
by 140 images to training data and 60 images to test data to
create model to identify and localize object. These images
were same size but different environment such as one
breaker in picture or four type of equipment in picture. After
clustering group of data, the model was generated by faster
R-CNN architecture.

Figure 4. The example of equipment in MDB to start three phase motor
consisted of breaker, No fuse breaker, relay and magnetic contactor (from
the left to right)

B. Pre-Processing Thermal images

The image is pre-processing using FLUKE software to
adjust maximum and minimum temperature and convert to
8-bit gray scale image. The relative of gray level and
temperature is depended on equation (1).

Tmax — ]znin
Tii’j) - 255 x & + Tmin (1)

where 1(i,j) is Temperature at position (i,j). Tmax , Tmin
is range of temperature after pre-processing procedure. g(i,j)
is gray level at position (i,j)

C. Analyze and identify object

In this part, the program is developed by LABVIEW2018-
64bit. The image both of thermal image and visual image is
used to input of this program. And, the program is split in to
two part.In‘part of ivisual image /is) used.to detect: type land
localizing of object. In part of:thermal image after the pre-

ISBN: 978-988-14048-5-5
ISSN: 2078-0958 (Print); ISSN: 2078-0966 (Online)

Proceedings of the International MultiConference of Engineers and Computer Scientists 2019
IMECS 2019, March 13-15, 2019, Hong Kong

processing the images were performed threshold
segmentation and sent position of fault to analyze with
position from visual image as illustrated in Figure 5.

Acquire thermal Acquire visual
image image
Threshold image Object detection
Position of Position and
fault label of object

Analyzing

[

Figure 5. Procedure of the method

IV. RESULT AND DISCUSSION

In the experiment, the both of thermal image and visual
image were collected to new data with different dataset of
dataset to generate model to detect object. Then, the heat
was simulated hot spot on each equipment that hot spot is
random on each of connector (21 connector in 5
equipment). After that, the images will be randomized and
used these to test data.

A. Object Detection

The dataset was rebuilt in previous step, it was
randomized and used for accuracy testing of the model. The
dataset to testing is divided into 5 group by each group has
20 images. the result of this step is shown in Figure 6.

B. Analyze and identify

After the object detection, the thermal image was used to
diagnosis  fault. The condition of equipment was
considering by the different temperature of hotspot and
temperature of equipment by using NETA standard for IRT
inspection in electrical equipment which NETA standard
has define condition of electrical equipment into 4 priority
to maintenance. But, the action of priority 3 and 4 was
monitoring until the equipment to be corrective processing
and priority 1 and 2 the action recommends is maintenance.
Therefore, in this work is divide the condition of equipment
into 2 condition consisted by normal and abnormal. And the
example of result as shown in Figure 5.
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TABLE Il shows the result of combination of object
detection and analyze fault with infrared thermography that
can classify condition of each equipment by accuracy 91 %

The result is illustrating to some problem in object
detection may be caused by size of object in image to retrain
the model or caused by inaccurate temperature of
measurement by thermal imager. Which, these problem
affects to analyzing in section of analyze and identify that
lead to cannot identify object to be failure or incorrect
identify object to be failure.

V. CONCLUSION

In this work, the classification of condition in electrical
equipment using application of deep learning and infrared
thermography that illustrated to the temperature from fault is
indicator to decide the equipment to be failure. So, the
thermal image can be classified condition of equipment by
different temperature. In addition, object detection by using
convolutional neural network was applied in this work to
identified type of object and location. When the
combination of two section, our system can classify and
identify the failure of object. However, this system still has
some problems caused by thermal image and properties of
visual image such as resolution and size of equipment in
image. This technique can be applied to design the
automatic alarm system for other dangerous equipment with

Figure 6. The example of result from object detection by generated model. sensitive to temperature changing as well.
(a) 4 equipment with 3 type in picture, (b) 2 equipment with 2 type in

picture (c) 5 equipment with 4 type in picture but the system incorrect
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3 (18/20) 90 %
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