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ABSTRACT

Detection of LED seven segment panels presents a particular challenge of
locating characters among background clutter. This study proposed a framework based
on a predefined HSV color slicing technique for detection and recognition by using the
convolutional neural network. The problem of limited data in creating rotation, scale,
perspective, and illumination invariant of the neural network training sets are alleviated
by the data augmentation technique. The multiscale Radon transform is proposed in
this study to enhance the data augmentation for seven segment display recognition.
The results demonstrate the framework’s superiority over other color slicing methods
with 94.46% precision and 92.24% recall for the part of detection. And the accuracy
rates for the recognition part demonstrate the overall accuracy performance of

87.05%.
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- frlaefiuTnguuIen LB ALsAYsLsAB 0 f1 9

- pmmhaeuansralugULuUEndudvnIw 1280 x 720 inwa

- srggnnsingn negludie 0.25 wns 9 1.5 Was 31Ntsuanixa

- pdidesniissfaviivuinnmegszsing 2 x 6 finiwa aulla 36 x 52 finlea

- nwiidinuigsialaviiaudedlutg -80° aufis 80°

- pwididesnifiessiavdinmsiBeadeunedutag -80° auds 80°

- nmdnevisnunagldgunsal Logitech HD pro webcam <920 Tun1sdneam
{ITemuasn1sianualaglusunsuntwl Python uaz MATLAB wari3duriaue

wazdeanmuavestayalunisnaaedliluuny 3 veanuideaduill

1.4 ReUANNLAN

[

1.4.1 M3n593301AY (Object detection) Ao n1sl¥AuanvuzvasinglunIn 1gu

q

laseasne v3e & lunisuwenuezdssnnvasingiiiayinnisuandunuay aingussnnd

ABINS



1.4.2 M55313mq (Object recognition) Ao nszuaumslumsioudinguesadosing
Tnsmsataaudnvazenizaining weldlumsinauudfamnengun ingi

1.4.3 N3n5993uLduvau (Edge detection) fie nsutasnntidlvivdefivadiui
duduvounislunin uiensdadiudiduidedeanainaimlaenismanuuandisves
Poyann Denunldlunismusnavesingaiglunm

1.4.4 990 WWeadA (Liquid crystal display %39 LCD) A9 #il190LansNaluuAInea

'
=

Fanmiiusngieanuas nvaealidundmenwiiutunsesasludinsadamaifiies
iy 3 wadldun uwasduns wasiiden wasnasdiGunanslufineafiadnedun (ass
31y, 2012)

1.4.5 980 mueadi (Lisht-emitting diode %38 LED) Ao winaswansuadiinainuas
nnlalenfiaunsndsundsnulnindundinuuadldlaonss Fedfvmngiuuusenin
duiugiuanfsithild (Production, 2017)

1.4.6 mil,ﬁ'uﬂ?mm%’aagamw (Data augmentation) fia wadAn1sR uU 0
Tayaninasu niateyaninneasy lagldnisulasninidwsviaca (Geometric

transformations) n3en1swdasnmluguuuuay wWindiglunisuasteyaniminiley 1w

Y
[

anuvanratglusukuuivimswlas wagituduiudeyaninlinindu saunadaianse
dinUsgansanlunsiuevsen1szanlrnuiasesdnsia (Dong et al., 2018; T. Jiang et al,,

2018; Sanchez, Ruiz, & Meza, 2005)

1.5 Uszlavinaininazlasu
1.5.1 loumnuinanwudszendldluanusiunisasiadukas Jmiauiiianinaly
< 1 aa ¥

SULUUAREINUNIDNNULEADALA
1.5.2 ldsuasmsnsadunazidndiaviivanaluguuuudndiuuuaen nuweada b

28198UEANS NN



1.6 AUNITANTLUIIY

A1579 1 HUNITALUIY

o - NN s [S NI o N I o N Y o N A o N NN o N AR o N I o N NN 0 NN O 9
LLAUANTINTUUNITU ‘O ‘0 . \0 ‘O \O \O \O \0 \O \o Ne) \o
= € ¥ & ®» &€ € B € VW e € F

c 12 &% £ R € ®© © & E W A &

1. SIVSIUAEANWVOUAN

Y

Talun159in9113de

2. IATILINLATIAS 19U
U a aa dl
FLavLaZNANTUITNTN

bANNTEU

3. WATZAANINLINA DY

o

FMDFYIUIUNIUUU

AMMANEUNAKAENIITAN

aa =
A0NIINLNUTEN

4. Wauazunladgm
JUNBUITNNTIUNITATIATY
LALSIN

Y
5. 1Sguisunaansnle
v aa a o d'
AUATN1591NWITEN
A v
LERRON

Y

6. #3UNANTILUALIAIIN

LN 1LY




c
=
b
N

awv ad v
L@NENILLASITUIIENINYIUDY

a

TunuddelfITela@nwiwuiAawasnguf uluianuidenineides tieuun
Uspendlun1site Ssusenoudeitdemisdelud
aa a ¥ 1Y [ a [ !
2.1 Ve iNgIT0eiunIsnTIIURLAUTILAAINALUUIIREIY
2.2 mwﬁﬁﬁwﬁmﬁ’umﬁﬁﬁaLaﬁuﬁLLammaquﬁmdau

2.3 \‘1’]‘141’330EJ‘VILﬂEJ’JSU’eNﬂ‘Uﬂ'ﬁﬁ]ﬁ’mﬁm(ﬂ’)La‘UVILLﬁQQNaLLUULQfﬂﬁ’J‘H

av a o v [y Yo o = [ !
24 QWU'J’%]EJ‘I/ILﬂEJ’J“UENﬂUﬂWiE’iﬂW]LaGUVlLLﬁﬂQNaLLUUL"\]ﬂa'Ju

ad a v ) v W P 2 1
2.1 NQEfMNEITAINUNIINTIITUA A VNLEAINALUULINE I
2.1.1 NMSUEAASHNALUULANEIU (Seven segment)
v = A . & v a o v
19eLARINALUULIAAIY (Seven segment display) Wuniinasuansnaniiunly
nuiunIsLanINaiaAIneasIngUnsaldidnnseinddeenauansdadnuslauiaia
gunsalvliniiiinainnisisesiavesdiulseney 7 dwudadenuludnvasiariuaianinauu
A i | gy [ A = D= =t
F001MUeaAdA drulsznauusiavdiuanalidnuasilunivasuvsensedwasuamy 39919

a v v v A LY a
SesinuluanvUEATIMS oA N YLD

A f:f
A U 0
G
E C U
D :f

AN 3 A9EIANHAIZYDIAILEAINARUULINEIU

fian : (KMUTNB, 2013; Uln2003, 2018)

o o

2.1.2 M3n3293UKaL3I1INg (Object detection and recognition)
n1395299UT9g Wuwmeluladaroufinnesnduiusdunsuiumnesiiaduazns
Uszanananw deuthunldlunisuenduviisvesingidesnisdsusnglunmaineanso

Flelaglddnuae JUNT visessAUsznouvasinglunisuenue: Wy n1snsIadudmasulag



sUnsIUsEnoumeyungly 4 yu faegunsefenavinlinenay wsegunsasuatindull

ONATIAIY

L & L

n13391399 Wunsmdnvazianizvesusazinggnnsadudeenveglulssian
a

9 Y

WeniuuaiineazidundneaziameiuanaAaiuieAnlenUseLAnveeing wainuanuay

S| a

wnzildlunsdanenmariuazgnisnuliiieadauuudnasddunisianing wu dmasy

v v [y 1

o v A o a o &8 & A Y
QqﬂﬂqiﬁijﬂﬂUﬂqﬂlﬂaL‘V]aEJﬂJ@']uGU‘U']u ﬁL‘V]aEJﬂJﬂ'NW%IJ ﬁﬁ@aL‘ViaﬂﬂJ‘ﬂ@iﬁﬂgﬂua%mjﬂﬂu LLE

q

o
a v A v v 1Y [

ANYMEURIEMABUAUVUIY FID ATUVDIAWA NN BYATIAUT U AUABIVUIUAUNY 2 ¢
a A A A A Aoy Y v | s A v o v < Y
Awideunmy Ae Awdsunlauruiuiueges 1 ¢ wazdvdeudnsanuni 4 agded
yumiiusazyunglunnyudesdvwiaviaduiiiusazyuduguain dienudnves

wmnzmaidiineniumesannsaeuiandeyauavuenuezingussinneng o ld

2.1.3 wuUI1884d (Color model)

2.1.3.1 RGB

a A 1

Wunuudiaesdniensdeunannuasd Jusld 3 § Ae wae (Lefebvre, Macq, &

Legat) 1387 (Green) wazudu (Blue) szvunasdilasuanuiisutanlalunsuanswaniu
L3

U190 YU ABUNIADS haLlnsyEAl FDUUINMLIINLUAILLANIINATHNANAINWUF U

sruuiineaIntuguwuu (r, g, b) lne? r g waz b Ae A1YIENBYTENINN 0 D 255 Ya3dUAY

o
a o 1 a o A

= T a o v &4 o o & = @ oA A &
WY LarUINUNINAIU Fald@n U uAINe ‘V]?jiﬂ B (O, 0, O) LLagﬂsUTJLU‘HﬂqVIQQV]?!ﬂ D

(255, 255, 255)

blue |(0, 0, 255) cyan

magenta
Magenta v
‘

green

/ (0,255, 0)

(255,0,0)  yellow

G

AW 4 uuudnaesd RGB
ﬁuﬁ:(Cowxwaﬁon,ZOll;Dough342016)
2.1.3.2 HSV
HunuudrassdifiumnAnunainauansalunisueafiuresuyuddauys

panlu 3 dwUsenau sl



aa v o

dautsznaudl 14 (Hue) \udwiifidedvemndfidnuazuuuiaondy
AnauELAUTIELAT 0 9 TUauiedinanng 300 891 WEMUNTUINTIELAT 360 891 Tuile
finnsananinansesd wllsrezrinaaindiifaiueg 60 osr Ffanm 5

dauussnaufl 2 Audud (Saturation) uansradfinaNEsn wazmsfuie
Aurt Tnefiaududiianiein 0 81 255 dennududidu 0 wzuanmadvn wazaududidu
255 azudnaiioaust e wesnuaing (Value) Sy 255 danm 5

dauusznaudl 3 aruaing (Value 3o Brightness) WARAINAAIINAINVOIE
FailArszwing 0 81 255 TnedufuAinudud (Saturation) winArauduaLdy 0 Ara
41971 0 VWUANINATAN UAZANAIINATIT 255 FTUANINARYTD FINTN 5

Green Yellow
120° 60°

&~

Red
0°,360°

Cyan
180°

Blue Magenta
240° 300°

AN 5 WUUINAR9E HSV hazanuweuasdan Hue

1 i
¥ a

Jayanninulanludulngidussuuuuudnassd RGB Feanvesdiuas

Y

UFTAAMNITHANT UAe W87 wazt1RulaeNnudud wasanuadnalzduegangluddale

WUy @uni1s 1 - 5 soluil Wuaun1snisAuuLuusassd HSV annuuudiasdd RGB

Imin(x,y) = min{R(x,y),G(x,y),B(x,y)} (1)

Lmax (x,y) = max{R(x,y),G(x,y), B(x,y)} (2)
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AUNNSATUIE
(0, Imax = Inmin
G(x,y) —B(x,y)
60°< + 0°, Lmax = R(x,y)
Imax - Imin
H(x,y) =4 B(x,y) — R(x,y) (3)
(0¥) =1 goo (222 ) 4+120°, I = G(x,y)
Imax - Imin
R(x,y) —G(x,y)
60°< +240°, I, =B(xy)
\ Imax - Imin
FUNNTATUIUAIIUDUE
0, Lnax =0
S(x,y) = I .
(x,y) — M otherwise (4)
Imax - Imin
AUNITATUINANNATIN
V(x, y) = Imin (5)
We  H,S,V Ao ATluEILYRIE ANUINE wazANNAINNTlAMINEAU
(x,y) A AWNUIVDINNLLANNAITUN
R,G,B AD ANVDIFLAY WYY AT UIRUVBINNATNINDITUININAINU
Lnin Ao A1vesdntsefianlailTsuiuuAIduns 81387 wagduEy o
Fnssiina (x, ¥) Ba1u1s0A1uIuaEun1Tn 1
Imax Ao AvesdnggalalUTeuiisuA1dLne 8087 uasduldu o

muvdsina (x, ¥) T@10150AUIUAIENNTTA 2

2.2 nuiitigadesiunisiindiaviuansuauuuiingau
2.2.1 NMSUUAINWLBILTVIAUAUUTEZUIUEDNERA (2-D geometric image
transform)
madansudasnndasvndnuussutvaedia ldwaundui onevaussiuainy

nanvateuesn ausanulalaeialy wu nsudasninlidannudes wieduuiailve
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Fundoidnas TngenfunnduLuuLIHIuAsTUILNSLameAdnAand dan1sulads
isvAdaUsEnousY 2 Juneu daelud
Fumauit 2.2.1.1 nsulasnmBedi (Isometry transformation)
nﬁzmuﬂ’mwaamwL%aﬁﬁaq’uuﬁyugwwaamsLLUaaL%‘aLﬁu (Linear
transformation) Lagn15UsEanaA e (Interpolation) FuiileRansanuuiifnieniug
(Homogeneous coordinates) UuszuIUaREA o 3a (x,y) Ia 9 (Sanchez et al., 2005)
Lm'azgﬂLLUUmiLLan%mwﬁaﬁwmmlé’é’aﬁ e (u,v) Wunadwsnswlasnwdadianlu
gULLUUﬁﬁmum

n1suUas 1 n15aaunIn (Translation)

u 1 0 ¢
[v]=0 1 ¢

1 0 0 1

X
y] 6)
1

]
I 1 a1

o t, Ao ArPNdsadan saouluLLILAY X

= ] S ] 44'
Ao AAsidsNananisiaeululuILnu Yy

g

AN 6 NISLABUAMN

nsudash 2 191U (Rotation)
cos@ —sinf O0]x
] sm9 cosH 0 H (7)
14t

e 6 A8 A1DIANYDINITVLUIINUUILAY X
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AN 7 NIINRYUATN

msuuasi 3 n1sgauazve1gnin (Scaling)

u S, 0 O1rx
H =[o s, 0 H (8)
1 o o 1i11

A %

S, D MUITNOUTNANERDTUIANINAINLUILAL X

A FIUIENOUNAINARBIUINNINANLLUILAY Y

y

4

.

v X
AN 8 NTYBLASVYIYAIN

n1sulasil 4 n1sianw (Shearing)

u 1 sh, 0]px
H = [shy 1 o] H (9)
1 0 o 1141

1 a

sh,  fe AduUTEENSNdwanan1TUATUTINAALUILAY X

& 1 % a Q‘dl 1 a 1
sh AD ANFUUTEZANENAINENDNITUATUINALLUILAY y
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AN 9 ASUANIN

Inefiaunisi 6 - 9 awnsadeusgluguuuuannsguladaunism 10 wazaunsaussenaly
Tunsuuasmnudeadisuues (Perspective) 1ol
S, -cos@ —sh, -sind ] [ ]

Shy smB S cosG (10)

FuApUd 2.2.1.2 M3UszanaAlutag (Interpolation)
nNnszUIUNsUUanddAeglinadnsMunisvesn wi iunisuuas
nEaniunsEUIuNTHasTnsUsEIMA o 9aene 9 vuamiktunsklandelinlagld
MsUszanauATlutisiesUnuuiioutulndan (Nearest-neighbor) tietfunisususives

wazinwavun e liinisAuua v Falldunsunsssluil

Yupaun 2.2.1.2.1 MAdagIU (Proportion) 5¥1319ANUNINLAL AN

Guaqm‘wﬁwL%'ﬂﬁumwam”mLLazmmqwaqmwwaﬁwéﬁﬂﬁaashwialﬂﬁ

18| 2 8

312412 h=3 L h'=6

54 | 48 | 35

- .

w=3

Input image w=4

output image

AN 10 ABEINATNUNTILAZATNHAANS
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NN 10 Mwiiddaundg 3 finlga waANE 3 finlga ANREANEIANANG 4 Hin
A WAZAINE 6 inlwa daduveenugs (Ratiogy,) AWIMAIENNITA 11 wazdndqu

99AUNIN (RALI0opmn ) AENAITA 12

RatioROW = F (11)
Rati d
atiocoiumn = W (12)
e h D AINEIVBIN NN

h' A9 ANUGNURININHARNS

w A9 AUNINVDININUILTN
w' A9 ANUNINVDINTNEAANS
1 (v 1 = 6 a1 < 1 (v 1 % 4' a0
PN 10 AdndTeInNLge A < ATy 2 warAd@nd1uYe9IPNNINg 3 fAUszuna

1.33
YUADUN 2.2.1.2.2 ANUIUAIRLAUID19DIINATNUNLITUUNNLLRYDININ

HadnsilvidveswiaziinasglugiAiinwavesninininlagaunisn 13 uas 14

) Rv
Rowyosition = m (13)
_ Cv
Columnysition = Ratiogy,, (14)
e Row,sition D WASNWSAILUUSLAIVDIN TN
Columny,gsition A9 NORNGHILLRANVDIN WL
Rv AD ALAUINNEAYDILINABTUOIVUNNHAGNS
Cv AD ALAUINNLEAYLINABSUS NUUNNHAANS

o

INAUNTTN 13 WAy 14 ot g uf1981991n0M 10 LANAAWSALAUINENYBININULTN
1234
1234

wnnivseinduaineun1stanadeu dvlanaawsaesilregradu [123 3] uas

= [0.75 1.5 2.25 3] vilidusuiudulaenistanadonliainadwsdan

[123456]T
2 i 24
nadoudeldnadnsidu [112 2 3 3]7 wazdrsunusvisainaznanuidalsssuunin

=1[0.511.522.53]7 iJunadnwseunisuarvesnimind ndovinnista

NadNSAzlINaaNSAININ 11
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1,1112(1,3]1,3

1,111,2(1,3]1,3

2122|2323

2102223253

3132|3333

31(3,2(33]3,;3

AN 11 NAAWSAWAUINNLYAVDININULYN

JUADUN 2.2.1.2.3 ANBILAAZANYaNAIN 11 LDusunussedsfinea
YDININULYY TUNBUTIZYINNITUIAIDINALNAUIND19DI9N AU T uasluRnwauy

ANHADNG FININ 12

1,1]12(13/1,3 18| 2|8 |8

Ll 3
1,1]1,2(13]13 18| 2| 8| 8

1|18 2| 8
21102202323 3124|1212

2 | 31] 24|12
2,1122123)|23 31|24 |12 | 12

3 | 54|48 |35
310323333 54 | 48 | 35| 35

Input image
31(3233]|33 54 | 48 | 35| 35
Label of output image output image

AN 12 wadnsnisuszanadlugsuuuinaudulndga

2.2.2 mM3udaasnau (Radon transform)
nsudassaoudunisuasvussuvasadialasunisAnaulul 1917 %aaguuﬁugm
vean1smi Ui naenuudunsduiianimiseseniawnsamnunldududasiledduuy
Tnuwuunalieglulawuaruiluguuuunsmled (Sine) wéFenaadnsannsulasii ly
Tuunsa (Sinogram) (Radon, 1986) Tneaunisnismituiivesiiaidu £ (x, y) lufienisesen

(6) nuuInnU x fHane Uil

R(O,r) = f f f(x,y)6(r — xcosf — ysinf)dxdy (15)
do  R(O,7) Ao HadnEUTnaeALUILEURS T
1) Ao wamilaridy (Dirac delta function) feaun1sdi 16

r AD LAURTINARNIUANLIATINYLBIAT B IINLUILAU X
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40 ,c=0
= ! 16
6@ ={" %0 16
de ¢ AD @U1TNVDITIUIUDT (Real number)
Y
R(B,7)
X

f(xy)

AN 13 AISUINUNAADALULEUATIVINISHUANSADU

wuf R(6,r) azgniluuladdvieglulawuninudlagnisudasnises (Fourier transform)
wagnguisesalad (Fourier slice theorem) uagillothnsuuaasaeusnussynaldlunis

Usgananan1w (Image processing) ¥YIlnTzUIUNTSHUAUIABUTTUNDUAIL

YUABUN 1 MNUANGNVDINANIMTEDIF (Degree) INWUIA X
Yupaui 2 InsvyunmanMsklasnInadiiluasmnnimvun Inenvuinveanin

v & o o Y w
Naa‘Wﬁﬂ']ﬂﬂ"lﬁ‘Vilqlu%%lﬂJL‘UaEJULLIJaQQWﬂﬂ']‘WU']LSU']WQﬂWW 14

¥ y

-)

Input image i Rotated image

7w 14 fegrsmmgunnlunisuuassneu

}74
v

TUABUN 3 MIHATINVBIATUUAITIIRluTiAnsAsaInduwny x uliluguin-
wasuan (Column vector) AN 15 LABYUIAVDLINLADS LAY

A1E9ARINNNTIUTEULTIBUATIEILAZAIUNIN9VBIN TN
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AN 15 ﬂ”li‘W]Nﬁi?ﬂﬂ@ﬂ%@ﬂﬂiﬂﬂ’]’i%ﬂﬁﬂLiﬂau

}24
(4

t:l o go’ :J’ d' v o s LY 5 d' =~ ! (%
YUABUN 4 MIIVURBUN 2 LAY 3 LaIUININLEBINANINNYUADUN 3 UILYDUFABNY

LNLHBSNOUNLN
y y

[~ [~ B~ - |

A2 16 nsuInmasanudeusanulunisulasnau

}24
[

] o o o d' a = A o ] c{' v s
YUNDUN 5 N1 VURDUN 4 QUQiUV}ﬁWWQW§@@QﬂWWﬂqﬁu@lﬂumu@@um 1 NRAND

[ <

ANNTLUIUNTHUAWIAD UL T Nz UAA UANUD oY Faseninle-

TULNTUAINN 17
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[ o =

Input image Sinogram

A 17 lalurnsuainnisudassnauainiun1susealananIn

nswdassaoulainisinunliueg 19aInnatgn18AINEAINITANITES 19010 (Image
. v A @ & 14 ¢ = o
reconstruction) 91n59&@L0nG (X-ray) Tuarunsunmg dearunsanulalunszuiunisvngu
YoATRNLONULTIABURIABS (Computer tomography scanner) $1u3dulud 2003 wiaue
33N ImeINIAEIUIEANEEAINTaEluIuILIN M98 karsurtweteInFeIuly
2 laglaniSnisuassaeunnltiieannansenuannanunalnvatenanalulay

AR (Junhong, Quan, Hongcai, & Peiling, 2003)

2.2.3 lasedneUszamiiisunuunaulgdu (Convolutional neural network)

lassngdszamifisnnuuaouhgdudulassmisussamifiondifivdiuveanisadin
andnuairlnnisaeuligiusefnseuusis q Aewhluideudeiulasaieussanidioy
wuuUnideinlflasseUszamifisanuuasulgiufiduussnoudsil

dauvsznaudl 1 umaulagdu (Convolutional layer) 1dansosiiviannvansly
NIANAAMANYULIINAIN Famnsesmelutuiersuiivnaity wienad vuiadiaiuly
Fufiunnsinaitu

dauusznaufl 2 %y’umiammmuazi'm%'aga (Pooling layer) Hudunisnsraaey
uadwsndunsuligiundinindenluguuudng @ nadwsiamaauirhnsanuun
Yostayan MA0ANLTIAIIVOINTLUIUNNT UAZLAUSNWIAAIE N LYBIN M 1T 11T
Lﬁaﬂmﬂmqqqm (Max pooling) mMsdenanaade (Average pooling)

dauusznauil 3 HeAdunsedu (Activation function) Ludiutisanszezing
TifunszurunsiBoud Taonsusuamiomin (Weight) Woglugasfimangan

andaenssy LeNet-5 vulasstneUssamifisuuuunsulgdugnasatudedluld
muﬁ’umii’ﬁﬁmwﬁ’sLammﬂmaﬁaLLé”ﬂé’maé’wéﬁﬁﬂizﬁw%mw (LeCun, Bottou, Bengio, &

Ha, 1998) wazLd uaukuulidunisiaulasegussamineuiuuasuligduiiie
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Usgansamlunsldufivanuatouindu §9 LeNet-5 Usznaudae 7 tatgesiild s
nsvuIums I mitiuung 28 x 28 finwwa ad

2.2.3.1 4uasulagdu (Convolutional layer) : aztirdasan ntnd lUs1w
ﬂizmumiﬂiaamwLﬁaiw”le’fqmé’ﬂwmmaamw (feature maps) 534 6 JUKUY Fanm
NAGNSHYUIN 28 x 28 1L 6 AN

2.2.3.2 %gunﬁammmtazsqu%’aga (Pooling layer) : nsesn MdEfINToIA AR
viemsdusetneuuuees (Sub-sampling) w1a 2 x 2 finiga tharldfunnamaindureu
wnaglannkaansvuIn 14 x 14 finkwa 99U 6 AN

2.2.3.3 $unaulagdu : lnsduanidnuasauia 5 x 5 finwaswau 16 fnses us
Bonuies 10 mmwintiuann 16 wadws

2.2.3.4 %y'un'ﬁawzm'muazsfawﬁ'ay,a . NTININAILRINTOIANRRLVUIN 2 x 2 N
W MUY 16 AINT09 FILANAANS 16 N

2.2.3.5 4un1saoulagdu wazidounaag1eanysal (Fully connected
convolution layer) : 1¥fnsesnndnway 120 fnses dedivuin 1 x 1 finiwa villdna
& 120 nm udwhmsideudeiulaseeUssamifieiaun 400 Trun

2.2.3.6 ﬁunqiﬁ'aum'aaa'wamyjsni (Fully connection layer) : Y1nad s
Qmﬁﬂwmzﬁwmmﬂ%udauwﬁwmwL%amiaﬁuimaszhaﬂsxmmﬁau 84 Tviun

2.2.3.7 FuNadns (Output layer) : 9vUHASNEINNT UNBUA DLW ML ALN
Awinmautazdu wdatmualieglute 0 - 1 lngendeilaidurenviufing (Softmax

function)

2.3 U NNYIVINUNITASIAIU

Tun1snsdudnariivaninalugusuuidngiuuuaeninueadiniagielaiinas

'
v aads a1

Aaszitayanmumladunafisinuvauzyesaeninieadidildiuusznaunanouasiaya

Avawv &

lngdayan1MIINIBAMKEAIATIEITENUTIUTINNOWRILIARELAY AL N1SATIATUME

Py N & ] Avawv a = a o 1Y i ) v ° aa
L\‘i@u'lﬂmaﬂaﬂﬂL‘Uua'ﬂuwIZJJ'J"UEJWf\]'ﬁm']ﬂﬂ‘U'N']U'J"UEJLL@'JW“U']{L‘U‘U 2009 lﬂllﬂ']iuql,auajﬁﬂqi

[

ATI9UkAYF Iyl s1sHUUKEABATIUSENBUAIBALAY Wded Wed taen1svinli
wuud1aeed RGB aglusuwuuuinsgiu (Normalized RGB) tiomdnauloniauas uaald
Rouluewaunvoiduns (R) 8l (G) wazdu1du (B) Tunisuusadiunineay 3 4298

[

&
JU
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Red :R > 200and G <150and B < 150

Yellow : R > 200 and G > 150 and B < 150

Green : R < 150 and G > 240 and B > 220
amilgsulutunoudhduanifunmensmiifandiudeuladuivn wavdniindedud
i ndntunsaduduveulneldinseddeiua (Sobel mask) tionsa93uUs e
doyy1aul w3195 (Omachi & Omachi, 2009) siealul 2012 N1sRTIATULAESTeUTaaIN
amengldumstaniensldnuiuusudiiuie Tagldisnsiifonin 2R-G-8 ulas

1 a6 Ve v A [ 1 dy
ananealiduninseeudimisnaunisaelud

0, 2R<G+B
(x,y) =4{2R -G — B, other an
255, 2R > G + B + 255
e  RG,B A9 ANUDIELAY ATYT WATALNADY MUAIPUUULUUINED9E RGB

W& 193515909 Otsu (Nobuyuki Otsu, 1979) Tunisuwdasnnlsmdurduisuusdiunin

[

wazyNN1SANTRd Y INTUNIU taenszuaun1In1sllatazn1sUa (Opening and closing
operation) #8991 UATITVUTIUVEILULTALAEN1TRTI93UIdUTOU (Edge detection)

LazN15M3299UeNau (Circle detection) Tagltnisuuasgvuuuisnas (The circle Hough

[
¥ U

Transform) #1ua18U (G.-Q. Jiang & Zhao, 2012) Feisdasuidetrsauildiuuinaesd
RGB Tun1511d71ufIf4n1500n11 NN NI LiNadnsn1sasIduusnanaulalaldusg1em
WHNTIFUNITAITHLN TR UNITRTITUALAVTININEALLDEAVBILATIASINUINNINNIT AFIDIU

Usaenay suludenistiuudiassd RGB wnlduiusauniidiulsznaudunasain

vYa o

woaduuvilaen uaemeIdelaneassinisnsirduiduveuiudeyadiaviiuannaly

Y

ra va o

& aa v ! av 9 1w Y Y
TULLUULT\]@a'ﬂu‘qu\]@ﬂ’]WLL@a@@LLa'JWU')']a'Ju‘V]bLlIISUW'JLasﬂﬂgﬂu@q@ﬂ FYANAIN 2 NNNIY

kY

= 1

Y

FfnwanAdeningtesiunisnsadulaglduuudtaedsuuuudy Jmuinladendden
WUUTa9sd HSV unmunlunisamadygialvasasienisidnuuueiunmugliaudulu
U 2015 Insuusdrunmlaenismuuainuadnivuiza (Transcendental color threshold

method) WiansI93uUN W Tnedlunausine Ul

Yumaui 1 uUawiavesd (H) lngnisiiiaasenlifiunndnd 60 asenasaunisaeludl

i _{H+60, H < 300
m = 1H —300, H> 300 (18)
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We  H, A9 waansainnsuiasdisvesd@ddlinadnsaenin 18

B —-b_ I

0 60 120 180 240 300 360 180 240 300 360

AW 18 HAANSN1SWUARIANYBIE lULUUIIEaB9E HSV 1a8 Mu wasale

sunoudl 2 thdwitmninandy Y 1la519500n1191NAMIAYNITRANTUIAN

Y098 AMUBNE azAuaINveudaziinga (x, y) A9l

red, H,, € [41.8,66.6],S = 100,V > 50
yellow, H,, € [89.1,136.1],S > 100,V = 50
green, H, €[173.1,216.3],S = 100,V > 50
other, otherwise

(x,y) =

wa9a1ntuly Support vector machine (SYM) Tumsidnaudnuazanmslaszauvisale -
N3y (Histogram oriented gradients 38 HOG) @338 lminISnsimuanamanmanay
Hunldnuniuteayavee 39818 a I LARAANENITWUSAIUANAININ 19 (Mu, Xinyu, Deyi,

Tianlei, & Lifeng, 2015)

Input image Mu’s method

s 1 L I-4 v ad L
AN 19 AREIHAANSNISIIIUITN1TATIAIUVBY Mu

A338lAviNTIeIgria R v AR NS ULA INUIIN TN TNYRIA NN AN T Ty

Y

) sad o

deransenudeuIalagsouvesiay swluiansimusnaeanimualiduliaenndes
futeyanmsnnweidesansieazidonvesiaviiinnniuasiidnuaeliogsiudud ungy

dlewSeuiieuiudyanalnasas inlinadwsailaduduaviliauysel



22

a o

2.4 UTRLMAYINUNITII

v =i

FHelafnuisnislunisiiduasiivanimaluguuuuidadiunuintud 2009 finns

Y

L

e

Uisn1susnusEiiewas (OCR) inimulanunsaiinduarguwuuingiuls (Bonacic et
al,, 2009) lngti 3 allafiaunsoaiaauanvaugiuand1aiuulda laun
wialan 1 A315UTNTaul (Interest area method) ANANTUIAMANBALIIN

NaTIUVBIRNA LU nUNaWlaRININ 20

mmnmmy

| |
mammEEyan,

AL LL]

]
=

Areas of
interest

FLLLLLLS
tamammn

A EEm

.
:
majEEmEm

AN 20 AB819USINEUTR

1'7i3n : (Bonacic et al., 2009)

wadiafi 2 n15anAuazden (The resolution reduction technique) 9x¥1n15a0
YUIAYDININ (Down-sampled image) ﬁﬁéhLasuﬁmemaiugﬂLLUUL?j@dauwﬁmé’ﬂ Farnlu
awitanvuanudaiu fe Aadnunzveiay

wiadafl 3 N153AszsinIsNIEABULLAL (The axis distribution analysis method)
Ao msaﬁmﬂmé’ﬂwmzmﬂwaﬂmmﬁm%L%aimaa%ﬁwaa&hLaﬁuiuLLuaf??qLLazLLmuauLﬁUﬂ'w
Blunnmesndnuasianmesuainusiu esnmsldnunnmediisunienivld
\iganafan 1 sIAIIALveIILaY

wa"’qmﬂmsaﬁ'ﬂﬂmé’ﬂwmzLLa”a%ﬁmmé’ﬂwmzLﬁdwfuiﬂﬁiﬂsaﬁWUUszawmLﬁsm
(Feed-forward neural network) 1 9¥11n153 91datavanAud Az Ananuats udald
TasstnsUszamiisnuuunng q lunisivuaaidindn (Weight) fivangand gl
Qmé’ﬂwmzmmﬁ”’u (Committee neural networks) k&t Topology of neural networks Tu
mMsisuiisununmanuanisidnulassdisuszamifion uarluszosnaiilndidsaiu

TAINITNAIUINITYIIUVDINITOIUD NVTLAELAI A A LTV ULUUDRTUITRLAS NS ALY

NNDUARIHALUULIAEIUNIUNINAINNABY (Ghugardare et al., 2009) lneiluuiAnnmalull
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Input — . RGBto Binarization Segmentation
Image Gray
[0 t

utpu Character Feature

ASCIT  +—

Characters Recognition Extraction

AW 21 NTDULUIAAVDY Rakhi P. Ghugardare

fiun - (Ghugardare et al., 2009)

Suainnisudasarndidnduninszdudmududandunmanisiseiinisves
Otsu (Otsu’s method) LUS 8 UL B UATITUUIEIUNIN (blob method wag Peak to valley)
uddenuadwsiiafiaavasnturhnisiiadyanasununmiewmiatnnudnvuslae
AsulsnwiaLRazndnoendy 12 vshafimiiy Jdnvasineadsvsodiufidu
duavnnglunsazuiion wu veu wazuw s dudwdAglunisuenwesnuinvyvesiaiay
LﬁaﬁwmsiﬁwéfuamﬁLLamﬂmaiugﬂLLUULﬁmdau wdaaniulul 2016 lafinsuauenuive
Lﬁsnﬁumaj’ﬁi’wﬁmammmﬁwaLLammaLLUULﬁmdauumamWLLaa%ﬁ (Kulkarni & Kute,

2016) Taedl 7 ASEUIUATAININ 22

Input Image
Binarization

1
Image

3 Pprofile Based
Background Elimination I

4 Filtering

X - Profile
Segmentation

Feature Extraction Output

7 Based Digit
Whsogeitia Reading

AN 22 N5aULUIAAYRY Kulkarni

i : (Kulkarni & Kute, 2016)
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= . . . < = 1 A& kY] o
N352UUN159 1 Image binarization (Wunsfsdruniluiiavesnunainninlagld
YoULIAUeIdNLLLAadE RGB FeaziUdsuliduiidudnavdud uazdiuduiloguen
aaa
YOULUAUDIALAVN
N32UIUNITA 2 Tilt correction antguinisidesussninaelagldnisulaisnou
(Radon transform) Faiuuntaaguanunuwfslif 90° lufiememuduuniini &1 90° lu
Aeamemuduuning
N92UUN159 3 Profile based background elimination Wunisivusveulun
vosd@unNsululIAaz L wiiandnausouuendafiilysia
P ’ . ) % Y ! N a o
N3TUIUNIN 4 Filtering LUUIUABUNITNIBININAIYFAINTDIALRAUANNNAT (low
pass filter) Al 3x3 tefdndgausuniunsiusgiuiiaveanainam
N52UUA15A 5 WAL 6 Cropping and segmentation (Junisdnaiuiiduies
Miaveanil 1ngn1sANUATEURAYBITINTAAAIAINAINES UAZAIIUNINAUEIRY LA
v | Y a ° v & ¢ o | @ O @ o = !
ANUNIYRIUsaEAIaLUseanuagthuldunasinvuadinguuludawniely
N32UUNITHN 7 Feature extraction based digit recognition afinAnanwMEaIN
ANUVUILUUTBINITAFA LN TEUUNNTIAFAY IngasuUsnnsaauivei lUfansanvias

drumeauliidndula (decision tree) Tun1s3iduavasnin 23

AN 23 AMUNUILUUVRIRNIYANDTEUUNITZIALAY

fan - (Kulkarni & Kute, 2016)

oo di Juaunuiwduvesiingaden e i € {1,2,3,4,a,b, ¢} Fmad3dula

yaduluiinmsundymassnmaieiionslasuransenuannisideaveenisaieninlaglenig

= = =

wUausnau {I3ee@nymgufsrutamsldnunisulasseeuiethunyssendldluauide



25

]
% ¥ o Y o

PnNsAnyITeTetosiunsITfaivanmalugUwuuiaduri iiug

[ VA v

sUnvvvasinauludwdAglunisiinadanudnuasiioninisidn waeiidelanaaadii

AANBAELNEINNYINTIIlneNTuRRMAN Y (Features matching) BlvHARNSTN

=3

fanelatudeyandunnduasluyuusinssuareralidyqyiusuniudntos uilofianseu
Aunmenglagsssuyaillaunsammunssezatenmlaeg1ensilunnnisaienin i

yudasvanuaslunisangnmazdwalinisidnannaadnvaugmaiiiussaninmdesas

v = 1 4 o

9e191n Aty MeiTedujadunsilasgyssamiieunnyssgndldlunissi

9



ASanduuive

MAFIFTBININTIITURAEFIToANUEN I URUUSAludAlun AR NS TY

P 1% 1 o a a v < ! o &
Q’J‘UEJVLG]LLUQﬂWi@’]L‘UUQ’WU’J‘UﬁJ@@ﬂLUU 2 @34 MU

aa

dudn 1 ﬂ’]iﬁli'ﬁ]"iﬂf‘l_l@u’JLaGUﬁLLﬁ@QNﬁI‘UEULLUUL%@ﬁ?UUUQ@ﬂWWLL@ﬁ@@ %QQ

ya o

Fela
ULEUITNTAALUUAINUATINUURUUIIA89E HSV (Predefined HSV Color Slicing) Tusu
‘Uizﬂqu?mﬂ’li 2019 - 16" International Joint Conference on Computer Science and
Software Engineering (JCSSE) Tuada Seven Segment Display Detection and Recognition
using Predefined HSV Color Slicing Technique ( Popayorm, Titijaroonroj, Phoka, &
Massagram, 2019)

dauil 2 nsiiiavinanmalusUuUULERdILULIRn IeadA eiTelfinaue
n1sulaasaauvatsvuIn (Multiscale Radon transform w38 MRT) luaiudseyadving
2020 - 12" International Conference on Knowledge and Smart Technology (KST) Tu
#149'® Data Augmentation Based on Multiscale Radon Transform for Seven Segment

Display Recognition (Popayorm, Titijaroonroj, Phoka, & Massagram, 2020)

FBmseiiunuveswdazdiuszlseneuluiig vaulwnvesteya n1sesnuUULaY

v o

WAIWIBNTS kagdsn13IaUsEdninmnua1au lngnseuiunsigidediausinsouluifn

LAAIAININ 24
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NSAULUIAA

v
S
Hﬂ
o - .
H Predefined - ! E - 1|
i | Convertto HSV Color Object =1y B | Preliminary J'—m.'
; - s : ilteri Candidat
Input image Hsy HSV image Slicing Foreground Detection All detected Filtering :gjel":e
image objects
S
: “0132”
— Seven Segment
Input image Candidate Recognition Editable
objects number
Convolution
Neural Network
(LeNet)
PO rrerrrr e, Tt S N W T
e T~ {:
H - ‘ - - - .a‘
TN “ - Multiscale | | i
i Image Zero Image ; l:;:;: ¢ — Image Zero ——
Input image Padding Square Resizing Resized Transform Rearranged Padding Output
image ima“gf ........... Sinogram Sinogram

- [T TIPS PPN

B F L F

Image Radon — :

5 thi T £ Coefficient —
Resized Smoothing Smoothed ransiorm Sinogram Rearrangement Rearranged
image image Sinogram

AN 24 NSBUKUIAAVBIITNISNULEUD

3.1 msmaa%’ué’fumﬁu,amwa’[,u;sﬂLmuﬁmdquuuﬂammmaﬁﬁ

3.1.1 YULYAYDINITANTUNT

3.1.1.1 vaulvavasdaya
Tunsinusiusindeyaiieldlunisaiiunuide Iduldaunsallunisinaes

- HEATINNTNVDUAAINALUULSAFIUUUIDNINLDAD A A LA

UUDINTINUNUITBUANINA

4
a o dl 1 5 U
- TFaULEATlUANLAAZATNIVNA 8 ALaT
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- YUIANIN 1280 x 720 NnLwa
- U 240 AN
- SYYLUNNTEMINNBLAAINANUNADIA18NINUSEUN 1 LIRS

- hifinssumuainanInuInden FYaasUNIU LasHgANTIUNITANEAIN

3.1.1.2 vauunvasaunsal

qﬂﬂsm"luﬂmﬁumw A9 Logitech HD pro webcam c920

7N 25 faag1edayadMiun1sNTIITUAAVTILAAINARUULINE

3.1.2 N1592NBUUBATWAIUIITNS

L

[y

Feystuluiinmsinsanaudnyuelaemluvesiiauiuanmaluguiuy

9

e

eivelilauiiesdatauiusnguua it uuadlugs

o

[ ] aa & o
LAFIUUUIDNINLDADA LU UEAN

[
Y
= o

nsruIuns3 s ludindnly deduneulunisnsiaduninseuaninanuuidadiunvaiu 4

JUNDUNIY

Funaudi 3.1.2.1 nsulauuustassd RGB 1u HSV (Convert to HSV)

FAdeliihnmsiinseilasaiiwesiuaiuanimauuuindiuuuaenmueadaudaleaiings

¥

wUsdILUTENOUYRIR Al oantdu 2 d1ufe & warkasNdunasndnaInLoadn e

Y

drulsznaumanivilrnisihdunidusiavesnuiannaingleideulaniediiesed1amen

'
[ v v Y =

Twilden wu dvnnameanefiingdunddiderduduiaviivanmaluguuuuingiuds

q

AN 26



29

Q
0
O

00§,
”w

AN 26 NAANSNITAANTNALFIINLUUINGD9E HSV

[ o

ENV) a Ql' & = i v
YUV UINADE HSV Vla']ll']iﬂﬂi]‘U?‘]]lIVlQa?usﬂaﬂaLLagﬂ’JqﬂJaﬁqﬂim

Xy

[V

lngnsanldlun1sidensell TngtdidnsunmanuuduindIuysenauveswuuiassd HSV

INWUUT1a998 RGB Tz munadiutsenausanidu 3 d1u As Hue d@1uva9d Saturation

a A1 1

druresAudNddNanonNanTeiled uag Value %39 Brightness @aua83A1AMNETNS
warAIdLYednInIm 27 ({3delaesuien1sAulnuuudaesd HSV anuuuiiaesd RGB

Blushded 2.1.3.2.2 undi 2)

Input image

Hue Saturation Value

AW 27 A29EINAANSLUUINADNE HSV 21nNwUUINa09d RGB
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Tunaudl 3.1.2.2 NMIAALUUNNUAYIUULUUINGRIEH HSV (Predefined
HSV Color Slicing)  tlasninarnindusznauludadaviuaninalugluuuidngiu

& o = A A 1 aAa X 4 Y ! | =
LLagwuwaﬂiﬁmlﬂﬂﬂ'ﬂfﬂqaumﬂsqﬂa@%U‘UﬂWW LLaZ{jiyJM'WlLﬂWEUULﬂJ@IGULWﬂﬂﬁﬂuslﬂa?uwuqsﬂaﬂ

LUUTIADIE HSV A9nIn 28

Input image

Saturation

Value

AN 28 NAGWSHUUTIAD9E HSV 31nuUUI18098 RGB 3nAna18Ingauas

< ! S o

AINAMNILLAUINEIUYDIALUNAUDUS IIUVDIVIEN AN AUAYINLUY AIUVDIANUDUAT LTI AN

[

guanzingdunazuinalaeseuveauieinunaiuiaveswiauduweads il

'
S o 1 1

dIUNANNVRIRLaVHALAINANNBNEN wardIuTRIANUATIHUIINASNEAIE YAy TOluA

v Y Y =1

a a A Al [ (Y] v 1 [y [ =3 I ) ] P Y
sHusnadunlulediavaiegunu felu Tussutidndunisihdundudiavesnainaiw
AYITNITANNUAANTIVEULUAVEE H tazA1AIuddng V 910 HSV laalaandnaednis
NATUINNFVOINDADA I X AT Y UNUAILAUIRNIZAVDININUDILATUS NAIUAIRU WAD

THaunissaluiilun1sidrundusiaseanainnin

L tese S HM®Y) < trigne (20)
I(x,y) = { ef ‘9
n(0y) 0, otherwise
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I, (x,y) = {1, 204 < V(x,-y)
0, otherwise (21)
Ted 1,(x,v) Ao Ad a finka (x, y)
1,(x,v) A9 AIANEIN B Wnwa (x,Y)
tieft U8 trigne o ﬁﬁqmawizijﬁﬁLﬁaﬂﬁuﬁﬁagﬂﬂé’lﬁmﬁ’umq%’w uaz
NNVNUFIU

= I aa A o [N v ' A a a4 A A
ﬂ’]iﬁqﬂqﬂﬂﬂaqﬁﬁgﬂ'ﬂqﬂa‘ﬂLﬁaﬂﬂ‘UﬁIﬂaLF"IEJQV]'N%']E]LL@%V]'NGU’J’] LYU bUBNWINTUALNAABDINAN

1 [y

= & ° = A Y = a A v A o a1 A | ° =
Y9aLdu 60 LLaSﬁVlE)QJJIﬂaLﬂENﬂ‘UﬁLW@@QVI'N‘U’]EJLL@%V]’NGU’JW AB @wAlAE@ TN 0° wavd

a A A& o o o = ° = v a A < 60°+0° ¢
WYANAELUU 120° AINAINU INEIUITOAIUIUAININANIN NG9V DU UY UU

A ° | = = A [d 60°+1200 a1 < o ¥ g = A | va v
AB 30° LAarAININA1IN19VINVIAMADNUY T 1ALUU 90° fevy amaawma;@%

2 o

Wnaweiadirnegluyae 31°udls 90° Fagrwasdsing q lodnauslunss 2

| v

M58 2 AU Yi5YI9dNFITeLEe

Color type Red Yellow Green Cyan Blue Magenta

teft 331° 31° 91° 151°  221° 271°
tright 30° 90° 150° 210°  270° 330°

ASHALUUMTUAYATIN L Raaun1sealUd

Lowe e, y) = I (x, ) AL(x,y) (22)

44' a v & o
Wo Iy (x,y)  AB NadAWSNISHUIEIUAIN
= v oo — v & a <, a
A An ANANTLS “way” Feazlianduasaulle p uass uaz g

Duasalumnuduius p A g winilu

NAGNSAINANNITN 22 TANWAULAININ 29
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Ih(x,y) l,(x,y)

(% s Y o 1 =} J o =)
AN 29 NAANINITAALUUNIRUAYINVDGE LAaZAIMUETINIUDILUUINADIH HSV

Junaudl 3.1.2.3 n15n357133UTAY (Object detection) 91nn1W 29 Fainm

lgdnildunanduneuneunihlildfiesiiaviivanmaluguuuuidngiu wien1sdnnis

AudavuazduUsznoude 9 vuaw TuneulidadanguiinwaainduinegAniuluing

Y

= Y] A ] Aaa . . 7 A = ° A I a a
Weniulaensiieudeaeelii (Two-dimensional connectivity) #93g¥iin1siteunainani

a

Anfefunazegiiniuly 4 wie 8 ienseuinaniarsantiduinguieaiu (Haralick &
Shapiro, 1992) TngaglinadnsiluinglunmimuedenadingildlidavizUuagie 39

(%
YA v @

TuruAdpatuiliidedangulagld 8 Haneseuiinaniansanlasunadnwsianin 30

= [k

AN 30 HAAWSN1IATRIUTNGlAeN1SL¥BUsRER A
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YUNDUN 3.1.2.4 N15n5099UAU (Preliminary Filtering) 9MnTURDUNDU
whnegITeasinnsineeninguaitulaeiansanainiasiasiwwesingienaianuae b

=) U L dil
bAUDURAIILAY PNU
U d‘

Woulud 3.1.2.4.1 YUIAV9INY INNTVLALAeTILVBINNYALDE

q 9

171 0.005% NVWIANMN (Rong-Chi, 2011) entiunisnaasslunsiiiveyanaaauiaing
VNaINNA18VRITUIANI BTHENITANEAMN FevuIalaesIuvasfinigatoundn 0.001 %

AIDEILIU NN 31

object a
I

o object b object b

1280 4

EREY

720 9287

- r f

a6 46
object ¢ object ¢

AN 31 A28 1INAEWSAINNTEUIUNMINTRIURURE AUl vIUIAYBITRY

31nam 31 Anginsiadulavianun 3 dng Ao a b uag c Aweedivwn 1,280 x 720 fin

q

@A VAL RNLGAN UM 921,600 WALYA A9U W 0.005% VBIVUIANINI AT 921,600 x

(% LY I

0.00005 Jufa 46.08 Nntwa LHoNNTUIVUIAVBILAAZIN0ALIAI1 Y90 a Juum 1 Anlwa

9 9

£
Y [ Y

199 b Jvun 60 Anlwa uazdng c Jvua 230 Anlwa Al g a wgnAnennd oLy

q q q

I09 b kay ¢ WNHU

q

Wouledl 3.1.2.4.2 3Unsevesing Tngidaueiluiuiveu

q 9

winnAuglukuIfe eniulunsdvesteyanaaaun dANuraINnaIgveInNIsia e

\esndarinideseainiuniteunnndiaiugs
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objectb object b

1280 4 1280 4

46

object ¢
4 1 (¥ s & v = (%
AN 32 GI'JBEJ'NNaﬁWSQ']ﬂﬂ'izU'JUﬂ']'iﬂ'ia\‘i?lu@‘UIﬂﬂNau‘l"llgﬂﬂﬁ\‘i?la\‘i?ﬁq

NN 32 TgNNANUATIBNINAIIANNGREgNARERN Mt TRg c NTlAUNIN

q Y q

U A

46 wazANLas 5 sgndneenmdaissing b wihungnadluduiunaunsiin

[

3.1.3 A5n159aUsEaNS AN

'
Ya a aad va v

A33elavinsTauseansam uaziuTeuiisunadnsuesisnygidelminaus

Y

Ty
av a A

funadnsannN1siIBn1sAnn nvesdTeniieIves 3 nuidTesnyszandly Lawn

U3EN 1 IBn1snaTusaridnlnasasiaglduuudiaesd RGB (Omachi

& Omachi, 2009)

=1

NURLN 2 TNIrTIRTusarFIweUiadundaelduuudnassd RGB (G.-Q.
Jiang & Zhao, 2012)

uATed 3 33nsenaduliasesinglduuusiansd HSV (Mu et al, 2015)

mﬁmﬂaz%m%mwmaﬁ%ﬂWiﬁ’aﬂdniamﬁa‘i%miﬁiﬁﬁﬂLauaﬁ‘i%’ﬂlé’ﬁwmi
fumaUszans nnlundazamuaathanmaea sisufusiuaunwianuaildlunis
NAADY

miﬂizLﬁumaﬂis?{m%mwmaqmim’gﬁuﬁ;3”3 e linTInUssa@nsaan
Ty 2 duldun 1 aruwiuglunsnsiadu (Precision) Fadunisiauseansnmindsnisiu
annsonraduingldgndesnndenifissdadadisudivingiinsaduldimn uae 2. Ainns

i £ v

SenAudnuse (Recall) FeldinUseaninminismstuaunsansiaduinglagnsesnntae

Y

dedladlaiisuiudnusenamualunmiegnassdunaslignnmadu lnedinisAiuinaein

aunsealull

.. N¢p
Precision = — X 100 (23)
AD
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_ Nep
Recall = —————x 100 (24)
N¢p + Nop

d‘ A o A & Ay o g v
We  Ngp  fie Swnuingiludnuseidesnisuaznsiadulagneies
A o A v O & [ [ A v
NAD A mmu’mqmwmwgﬂmwwmLﬂuLLazlmJuaﬂsuswmmmi

nusERfoINTulignasIady

5
»]
o)
©
)
s}
=
)
=
)
=
-
=
&
=
e

3.2 myjadaviivansualuzuuuudngiuuuasnmueads
3.2.1 Y9ULIAYBINITANTUNS
3.2.1.1 vaulwavasdaya
v i ! I~ ] Y 1y v
Joyanldlunisnanesidseenitu 2 duldun Yeyaaeuuazteyanaaay
3.2.1.1.1 Yayanau

AMMUNA (None) TayanInddiavfiuaninaluguuuuidn
&J v a $ % Y £ a v Q’lj
NUNAWITYUTDYLAIIINAN WS AU
I~ o
- WWunInw13nN
- fdnaududvniuas Nundsden
- 1UBINTY
- YUIRNNTENIN 3 x 11 ANwwa 3ude 10 x 14 AN
- SYYUNTEMINNBLANINANUNAIA18NNUSEUI 1 LIRS

- hifinssunuaInan nkIndey FYaNaIUNIU LaSHaANTINNITENBAIN

AN EIFIRFE R

N 33 fedredayaninagiavuni

amatiazi Ui unseuussudiieaieuuudnaeddunisidn wasthunasisleyayaiv

lagnszurumsiinuSunadayanmlagn1sviyu (Rotation) nN1sga-ve1e (Scaling) uag N3

[

Buadeyues (Perspective) Taufadayaninlaluunsy Fdladeyaasuynlnaidail
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mwiinudayalagnismvsu (Rotation)
- Myun nluYyag -60° auda 60°

- YUINNNTENIN 4 x 7 NNa U9 13 x 15 WnLea

CANL 121416 |51 K

NN 34 fedredayaniniinuuTinaudayalaensvyy

a a v ' .
AMwiudayalagnisga-veney (Scaling)
- YSuaunannlugig 30% aude 300% VoIn1nUnG

- YUIRNINTENIN 3 x 7 NAWEA UDI 36 x 52 ANLwa

JEA T TS

AN 35 AregretayanmwiinUsunudayalagniste-vene

Muiinudayalagn1sidetayuuas (Perspective)
- 1Be3yuNRIVDININYTENN -80° AUAY 80°

- YUIRNINTENIN 2 x 6 NNLE UD9 10 x 14 NNea

NMHMELIEANELIE

AW 36 Alag1etayaN NINUINIMTaNAlAEN1SIBLUTIYNNDT

A ya o

aulgluunsuandsnisngIdeduaus (MRT)
- UL TUANIUN TEUIUNTWU AL IADUNAEUUIN

- YUIANIN 28 x 28 NNLwa

AN EFIF MR R
HESSECEERNER

a o

1w 37 segnsdayaninlaluunsuainnszuiunisingidetiaue
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3.2.1.1.2 dayannagoy
Toyayail N ITuLiusIuTnlaeniIsangnInd A
LAAINARUULI AEIUUNIBNINLeaB AT oy luan MwIndouii 378 918090U 5 Ussian

Y

Jsznaume

awangund (Normal) dayanindiaviiuananalugliuy
@ 1 ala e < v d
Saduuuenmuoasigadudey ammmﬂﬁuauaaau (nwUnR) I uaﬂwmumawamamu
< )
- L UUNINYIN
a v I~ = dgl’ o A o
- U LaVLUUEVILAENUNRIFA
- UNDIATY
- YUIRNNTEAIN 3 x 11 ANwwa 3uDe 10 x 14 AN
- U 400 AW
- SYYLVIITEIINIIDLAAINANUNABIONENINUSEUI 1 LIRS

- hifinssuniuaInanInLINdeN FYQINTUNIY LASHOANTINNITANEAIN

Ui 1515 16] HE

NN 38 fegedayaninagiavuni

MeneLdes (Rotate)
- nyunaedlunisaten nlugisssann -80° Iuh 80° Y5 nng 20°

- YUIRANTENIN 4 x 12 AN JUD9 15 x 15 Anwa
- 97U 1,000 AN

S PSS IS SASLD

AN 39 fedsdayaninaefilauiiaes

r.
L

ANa8RAYIUIA (Scale)
- AUNAINWANVDITEEEIIUNITA18ANIULIE 0.25 LUAT JUDY 1.5 LUAT 9739
UL 0.25 LUAT
- PUINNINTEUIN 2 x 6 WA AU 36 x 52 NNLYa

- 97U 1,000 A
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Bl .El M.,k

AN 40 A79819TBLANTNENENALVUIN

ANENgviaNEyuuBY (Perspective)
- LREUNDIVBININ -60° AU 60° YIT¥EENY 20°
- YUINNNTENIN 3 x 9 WA U 10 x 15 finLea

- 97U 1,000 AN

NMHMFEILIENELIE

A 41 A79819TALANTNENENANLUNNDY

AMnanefildsunansznuvauas (ILumination)
- g nueadilunuiln wazaen MLeadANNANaINTaEYDINTd
AINVDIUAS
- YPUINNINTLAING 5 x 12 Anwwa 3une 10 x 15 Anlea

- 7UIU 500 AW

[HEHEEIFEHEE

AN 42 siragnedayaninaenlisunansENnuaINuEs

3.2.1.2 vauLunvasaunsal

Qﬂﬂsm‘iuﬂ’mﬁumw A9 Logitech HD pro webcam c920

3.2.2 N150ANUUULASNAIUIAENNS
AdeyatulunnisiinnmiiaviienalasunansenuananImuIndey vise
NOANTTUNITANWAN LU NINANELDEY HyuNBININEBNNAINTANE LazllTeeer1rmInNnIg
! a1 A & ¥ v O Ya v = vV an M Yo Yo [ !
drenmildasi Wudu dedy fIdeddddeyanlilasunansenu uwazlasunansenudaina
lummageu waziiTeimuINMaiuUTIuteyanIM NaunsaiuauaINvaIevedtaya

wazwlasdoyalog lugunuuunnsg Ui ediud sl AU NUNIUR 0aNTNKING ORI 9
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nFsniuiahnsdeuivenaiosinsnussgndlilunmssinmiaeiivanmalugluuy
adauunreninuendi Ganssuiunisiduteendu 5 ureudsil

Junaudl 3.2.2.1 mwmamws’f’wqusj‘ (Image zero padding) fleann
msmeadnuuzanizresmiaiudmudAyesnann maideyariunszuaunis

#1499 819Y1IWFUNTA (Shape) vesilaudemediann 43

1" 3

2w 43 Msusurunavasnmlaglisnwizunsevesdaiay

I
LYY =

Aty Fafianudndudesinwsunswesiaulimeldlunisuenueznauvesiaay 3a3dy

yadusnuvideyasgludiunaavesninannigalnaawsian vaeawnn 44

-"

AN 44 HAAWSNITVYILAINABAUY

Inensifiudeyannmesuaiviendnifiandu o iauasudeyaiduanialaedouludail

= v

o o Ay ! °
N’e)‘Lﬂ"U‘VI 3.2.2.1.1 ﬂﬁiu‘Vl‘ZJEJ?,Jallﬂ’J']ﬂJﬂ’JNﬂ,ﬂﬂﬂ’Nﬂ’J’mQﬂQSVHﬂﬁ

Y

WMudayannmesunaiuuazanunssvindeyaduana

=)

At

AN 45 ﬂ"li?JEﬂEJﬂTV\IIﬂEJ“ﬁEJHaL'JﬂLG]EJ%LLQ'JVI&IﬂﬂL‘I‘ju 0

dd‘y I 1

Wauled 3.2.2.1.2 NSAINULATAINNAILINAIIAINUAI1NALNINNG

Y Y

Wudayannmesvaniiiienarvinaunseindoyaluansa
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LY 1|

M 46 nMsvenenmlagdayaiinmasuanidiatu o

FuURBUN 3.2.2.2 N1SUUAVUIANIW (Image resizing) TayANINAIAYUT
wansnalugluuudnduiiidiunanduneunisasiaduniountifvuiaiivainvaie uas
anlnenssu LeNet-5 vulassrguszamineuiuuaeuligiudeenisteyanindidng

YA 28 x 28 finkwa At §ITedwinisusuruadeyaninsuandu 28 x 28 fina me

]
S
o At |

I

28x28

WATANITYD-UVYILAINAINNTUUAIN NI TV AL

9x9

AN 47 NAANSNISHUAIVUINNIN

Tunaun 3.2.2.3 n15uUANIABUNAIEVUIA (Multiscale Radon
transform) luduneutiasiiinanunainvalsvesdoya wavilastayalvogluguvaslelu-
WY (sinogram) weviniswalulviegluguuuunnmsgruuulelunnsy Fafidelauiadunaud

pandu 3 d@u lauwn
3.2.2.3.1 n1sanlAiTeu (Image smoothing) L 1AM

waNvAIeveIteya NEN1INTRININAILAINTDLNAGEY (Gaussian filter) Fen 1 NNaSNET

Y

lnazidnuauzvesgunsalndifssduningrenaigvuin (Scaling image) ey {37834
Y &

LUIA AT UADUL ANUITOLR UAITUNUNIUATUAIIUAAINNANEVDIVUIANINEA T 931

[

NSYUIUNITAIL
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YUADUN 1 @371987NTBUNATeUlAgENN1SA 25

1 u2+v2
— - 2
G(u: vl O-) - 27_[0_2 e 20 (25)

A & ) ¢
W G(u,v,0) AR AINTouMaRsu

(u,v) A9 ALRUITINANTUINTDIUUATN

o D dHuleLuuNINggIY
Inefif3delamnunaivessuinvesiinsaadu 3 x 3 uag 5 x 5 Jaurazdinsessdla o
W 0.2

Filter size : 3x3 Filter size : 5x5

AN 48 AINTBWNIATYUVBIISNISNUNaUUIUNTTTU

1 a XY s
YUNDUN 2 ﬂiaﬂﬂ']WIﬂEJGLGUCﬂ'Jﬂ'ﬁaﬂl’ﬂqal’éﬁﬂ‘u G NEUNT

7 25 lewaaunsi 26

!
=] ¥
= (26)
e I fe nmnwaansignnsesmwlinisey
I Ag AL
A o o a U
* Ao fadiun1smaulgtuy

NNEITENTDINNAILAINTOUNA G g UNTVUIAUANA1IAN 2 YUIALHBLTNAIY

NUMUAUANURAINRANPVDITEILUNNTANUATN

IV

AN 49 AIDYINAANTIINNITNTIININIINAIVUINFAINY
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3.2.2.3.2 n15wUadtsnau (Radon transform) Tunauilidunis

wUaanmleglusuadunnudlediiseonitleluwnsy disyuuuiianunsadanisiuainudes

[y

yasnmldagmnnimsinnisuulamunan (Spatial domain) faigideldesuneliluunii 2

e 2.2.2 nMsulansneusuiadaunsa 27 delui

aa' =
de I, Ao nilglunnsuainnisulaasneu

R(*) Ao Mndunisuladisnou

- IHEEIFIEFIMIE E
 HESEECERER

""'[]l:l &

_— =
ﬁ-&i — i

AN 50 (n) HAENSLYLULNTNIINNITUUBUTADUVDINGUAAY Az (V) Fataungy

()

= v Ao a A v
LAYINUNUDIATIAITULDYINLLANATIINU

3.2.2.3.3 N153AL3 898 UUS2AN5 Indsaau (Radon coefficient

[y

rearrangement) 31007 50 dunalainninleluinsuaindiaunguinediuniesninis
BeauanaiullsUnsaiaaeadaiuiy LLavLﬁaﬂmimmﬂﬁgﬂﬁﬁﬁwgqﬁqmuuiﬂul,l,ﬂim

[
Va v

(mummwwam arnvlusuiafiunndeiy s 63 gRoimuTunautiieasn sguwuy

Y
P

unsgruvulalunsudldiunansznuannadestesiian lnsnsaeuduviifidigsian

9 Y

lUFeusnadiunatsuesnmlagnisiaeuiu (Circular shift) PBNTEUIUNITAS

3.2.2.3.3.1 wisunisvasengaauulyluunsuudasian

Y 9

219U INGUINATY 1 AUVLS WAZeI0g UUMANTIUANASAURIA N 51
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................................................................................................................................................

AN 1 i NN 2
0 1 2 3 4 5 6 i 0 1 2 4 5 6
E o |[1 [FH[Z2] B 2 (o [[ 1 Bl :
3 1 (o [R5 | 3 1] o 3 [
2 o || o | [ 2 | BB 2 o lo 4 |E
1ETT_T 5 1ET 1“|T 5
1 BRIER 2 | s 1 ERIE 3 | 5
0 o || 2 |0 ][ 2 | B 0 Lol 2 2 (B
1 o |1 [ 3 | I8 1 o |] 1 Bl s

[l
o

W 51 MsaenINMaTNaNNNAgeEn

iy idedauustuneuiivandu 2 nadl

N3N 1 nIdiNAgegneguNEnAgD Avinurtves
q

2

Y 9

Argegautglunisaun

dd‘ d‘d‘ 1 1 g ‘ﬂ. U U o
ATUN 2 NIUNATGIENBY UUNANTIUANATNNUY JSATUIUI

Y

o aa Y o

ARRgYImANTNAgEn uadduSeuiiguLiie

= o Ao a A = ° ]
Lai’]ﬂ‘ﬁaﬂ‘l/lllﬂ’]LQ@SW&JWﬂVIﬁﬂNWﬂWU?ﬂJ@@lﬂ

3.2.2.3.3.2 AIUIUAITEEEN1991NAAAUENAILALANNTT
molull
Cshift — Ccenter X Cmax (28)
e Cshift A 3388119 (F1unan) INqRAudIuds c™ex
ceenter fio suntswesnineivdniiegisnadlaluunsy
cmax fie Fumiswesnnwoivaniifidasaaaniinded 3.22.3.3.1

NUUYINISEUILINNBT AN AgsanlUNAurdaNsnasvesleluwnsy lagaiunse

AuIMILlsIantul ¢/ nawinnsasuiulansil

Ci’ = (Ci + Cshift)%nc (29)
Wo ¢ A9 ALNUIVDIINADTNAN [ NOUNITADUIU
i Ao PuutundAligendi n,

n. Ao NnuvsIdniuNaveslalulnTy

% Ao MIALRUNITIITELAL (Mmodulo)



NAANTAINTUNDUTLANIAININ 52 WAL 53

0 1 2 3 4 5 6 5 6 0 1 2 3 4
— 1] - I o
2 JIg o 1]+ IETEe | I ] - |53 S Ny
3 10| o 3 | 3 ||| 3 1(lo0
2 o |l o Il 2 | 5 L2 |5 2 | ollo][=]
1 o |[ 1] ﬂ 3 |5 — 3 [ 2 | o[ 1] H
1 1] 1] =l Radon |3 (P51 | 1| 1]
0 0 Z : Z 4 coefficient [ 5 || o | m ol 2 |0
1 0 L 4 i 5 rearragement Z = 1N m oll 1|
\/ o _[' -
Compare mean value of them Column with greatest mean
AW 52 nseaiteeduUsanSlusinsdia 1
0 1 2 3 4 5 6 5 6 0 1 2 3 4
2 (o |[ 1 [[EN[ 2] P [2] (2] o [[ 1|
3 | [o | 3] B EN IEN 1o |
2 o |[o || a | B5 | 4| 2| o || o |0
1 Co ([ [ 3 | D e— [ 3| BN [ 1 | o ||t | W
1 ENIER 2 | s Radon IEX 1] 1|1 |
o o 112 1]z | coefficient [ 3 | o | o Il 2 ]
1 o [ 1 103 |5 rearragement [ 3| 1 o |1 1]

% %4 = Q‘ 1 y
AN 53 N15ARLSEeFNUTEANS Inainsaln 2

N

i) E] O

Radon coefficient m d
rearrangement b

Radon coefficient
rearrangement
zero padding

Ca

AN 54 n15AaseeduUsEanSlnsvaaay 8 NlaIAIANULDENRAN9NY

44
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Junoud 3.2.2.4 N1398180NABEAUE (Image zero padding) wadwsle-
Tuwnsufidunssmsssdudszans ndezfouinvosnmudsiunuesed fvun was
Fufudeadisuntasnaiiedninlugnszuiumstous dsorainnudemediugunse
vaslaluwnsy fedy %u’umauﬁﬁ]zLﬁuﬂﬁi%’ﬂmgﬂmwaﬂsﬂuLmsm Wielinisiwasunlasue

danansgnuiuteyateenanluinusafedtuiuiuneun 3.2.2.1

-~ BEEEE

B X <
l n - - .

iu
p—
Radon coefficient H H
> X - -
i~ i

AN 55 waaWsN1sIRGEdIUTEansInsilsnaunvenenwaleAuY

Radon transform

JuURBUN 3.2.2.5 da1Unenssy LeNet-5 uulaseu1gUseaniyigdtuunay

T2g%u (LeNet-5 CNN) m1eif33alafnun3snisidniarunsatunUszendldivdoyanin

Y

FaiiuanInalugUuuuidnduuuIenImLeadh NsuNanIEnUaIe 9 InNgANTIUATS

= =

780N WALANANTUIINTATIVBUTEANNMAYUTAMUAINITOIUNITHENWEE LALIANITAY

VA o = o

wansgnumaillalusgaunile fadu fadedauihanidnenssy LeNet-5 vulassrguszam
= A~ v o v Ao a Y]
Wenkuuasulgtudeieinisteyanimindindowin 28 x 28 finwa warlildnsnensly
msmanuldnuiuteyanindiaviivanmalusuuuuidndiu lnediduldnmune
YosiUsnaraluil

FUsh 1 A9 Learning rate  HAUVNAU 0.02

fuUs? 2 Ag Batch size fAviiu 50

fUsN 3 A Epochs fAifiv 10

3.2.3 351159aUSLANSAN

@ a

nsiauseansaInnsiTdnainanaaluglsuuindiugideussyndld

Y

8M31AUYNABY (Accuracy rate) Alladguazadiudosvuninigiulunisindszdnsam
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v LY

Auasatumsidbitiuuuudiaedunisidn Fanuideladdeyaduavund 505y

Y Y

Ysunadayanmlagnisiuasnimdasuiadiauuszuiuassdia 3 3015 wagdsnisiiiuniiy

wanvanevestayangiveladnaue wethluassuuuiaeeyanisaeulavanidnenssy

A o

LeNet-5 vulassineUszamiiisuiuunauligdu Jlivdnvestoyanuiluasisuuudiaesly

Y o

13391 fil

e

ayaviiad 1 Tayamiavuni (N)

aUavliag 2 ToyafIavanNMIIVILUNIN (R)
Joyaviiail 3 Yeyadilavanniste-ve18nIm (S)
(Y a

2
3

Foyaviied 4 Feyamiavainnsdoadammes (P)
5

Joyaviini 5 Yeyadiavainmisuuadsneuviargvuin (MRT)

4398181350757 1 - 4 madranvudiaedunsianguuuusig q WeluSeuiisuiy
wuudassfifidetiaus dsairsandeyaviad 1 uay 5 Jausazuuudiassazthumazoy
Auteyanaaay 5 Uszianlaun Lamaigund 2.01maneides 3.0 ma1enatguunn 4.
AmanenanByLes 5. maneiildsunansenuesuas Tneigideldiauszansawnisien

o PN & & A o &
mLaGU‘VlLL?INN@MEULLUULWE‘HUIU 2 ECULL'UCU BAUAN WU AU

sUBUUN 1 :vhmsivaUSnadeyaninlaeIdnisulandusuintingu

LU5UNT0 MATLAB Lazds19kuudNaedn1s3a1a18lusunsuniel PYTHON §9n15a31s
o Y o IS g a [} (% o v a A a

wuuiaastlunisidnaziiveyadiavund 1,600 nnsuivdwiudeyavilafl 2 - 4 vilnaz

4,000 7N wazwlai 5 9uau 3,200 21w FaIdeledauseanianduwuudtaesilidnuuy

samaluil

o v P % ° v o =
f1919 3 aﬂwmgﬂagawblmuﬂqiﬁﬁ'mLLUUQ"Ia@Qﬂ'ﬁEQqE‘ULL'UUVI 1

o ° ° v o v ] ° ° 1% g v
N1961319LUUINADY mu'suﬁuagawh 196319 UUIIADN mu’au‘uagaﬂ‘d

N 1,600 N + R 5,600
N+S 5,600 N+ P 5,600
R+S 8,000 R+P 8,000
S+P 8,000 N+R+S 9,600

N+R+P 9,600 N+S+P 9,600

N+R+S+P 13,600 N + MRT 4,800




ar

sUuUUf 2 : nnnszuunsvessliuud 2 daganfunislaglsinsuniu

PYTHON %iauaia viamsiiinuTanaudayanimuaznisasisiuuinaadunisian #e91nn1sin

a a v

UszdnSanenunailunisuszaiana uazlidnuiudeyanldlunisasrawuudiaesdunisii
wihidlunnuuudnaesde 4,800 21w tneeiTezmisliteyauiaseladdnuiusindueniiy

wuudnaesasalaedeya 1 ¥ia uar 2 vilenddeyaninunilunisasrauuudtaedunis

o [

391 Feildnvaguuudaedunsidnfmiss 4

Y v P! Y] o v o a
M99 4 aﬂﬁm%‘ua%aﬂi‘iﬂuﬂqiﬁﬁqﬂLLUU’\HQ@\?ﬂWﬁEQ’]EULLUUM 2

o ° ° v o v o ° ° % g v
NI UUINEADY mu’au%agaﬂ% N3N UUINADY mu’suﬂlagaﬂﬂl

N 1,600 N + R 1,600 + 3,200
N+S 1,600 + 3,200 N+ P 1,600 + 3,200
R+S 2,400 x 2 R+P 2,400 x 2
S+P 2,400 x 2 N+R+S 1,600 x 3

N+R+P 1,600 x 3 N+S+P 1,600 x 3
N+R+S+P 1,200 x 4 N + MRT 1,600 + 3,200

71514 5 NMsiUSeuiisuzuiuunsInusEansAInn153In

ANWULIINITIN y . UIUTIYANITHIUIN
A\ TUsunsunnldlunisnmun .. .
Uszingam nsuUasdayaidasvinin
JUWUUT 1 MATLAB uag Python liwinduluwsiasuuuinass
JUWUUT 2 Python 4,800 2

ABNIAMUINUAIBATIANYNADY

N,
A =—————x100 (30)
© N,+N;

1Y

e A, fe AdRTIANgNART (%)

=
)Y

8 S nivihueligndes

N; A9 UUNNAVIUILREA
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e M fe ARRLYIDIBRTIANYNABY
A, Ao msnmamgniesiAwmaldaindeyanaaoun i

A9 IUIUATINTINNITNAGFDU
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n
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NaN1INA|DY

nanTPRRIveNIATEEaIMInTIITulasIS e A ion T LU ULy
NAYAFINATIY Q’f‘;{fsﬂé’ﬁﬁmﬁi’msgﬁm%mmasL’Jmmﬁﬂizmama%aﬁ%miﬁ% 2 N3
VAa0IUTENOUMIE

4.1 mMveaeIInTIRduiiavinanwalusUuuudadou

4.2 mIvieasssiidaviiuanalugiuuuindiu

Tuusaznisnaaesideniaumelusinsun1sl MATLAB wag PYTHON

N15NAABIT 4.1 N15NABBINIIATINTUABBVTINaRIMATUFULUURAEIY

Tudrurensiausyansnmnisnsisduiiaviiuananaluguuuuidaduilaviinis
NaaeUAuTaygan MM 19aLanInalugURUUL AU IMUA 240 AN KATUAAZAIN
Usznaumemaviiuansnalugluuuidndgiu 8 daau laegideldvinnisinuszdnsam 2

sULUU fasialudl

4.1.1 wan1sIauszansnnlaglifinnsusuairvaenauls

nsinUsgansnmaTaliaziAvesiaulsend Anudud vienuadInemin
NATENINERBNUSsuWisunldulagidmsusuiasuafuusmail ainadws

ANTINUITLANTAINLEAIAIAITIE 3

A15714 6 HaN1SKUSEUBUUSLANSAINISN15ATI3U R lidinsUSUANYBIR LS

/M5 AU A15L38NAY
8N15V04 Jiang 70.94% 69.48%
75715099 Omachi 91.01% 28.91%
35715199 Mu 92.20% 55.31%

Sansvesivaus 94.46% 92.24%
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MnransFsuiisulsEdniamuesiimannatuiiarianmalusuiuy
dndruuurenmneaddunauandiiuiiBnsivuatisvesuuudiassd HsV Iruadnsi
hfianela Tnedlmnuusiughil 94.46% FagandrgrlSouiiivuussanas 2% — 20% wagilens
Bonfuefl 92.24% FsgeningrUTouifioudszana 20% - 60% wansliiuinisnsdidin
Wisuifsududsldannsnhdiauianaeenunannwldlunisiaussadninmasad

= aal . & ° | a ° a P v  a PN
LUBNAINITAITVUDN Jlang LWUNITNNNUAYIVDIFUULUUDIADIE RGB LNBNITATIRAUUILIUN

[
a Oy 1

I3 a_ o = lo & v o = = 1 ' 19 a
Wuwaulagung %QINQWLUUG]@QﬂW‘HﬂﬂﬂﬂqﬂquarJ’Nsﬂaﬂ‘UﬁL’Jmuu LLG]GU@MUaV]SLSﬂUﬂWﬁ/]Wﬁ@U

i ) °o o A

) Qll & aaa QJ'
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Abstract—Detection and recognition of LED seven segment
panels present a particular challenge of locating characters
among background clutter. This study proposed a framework
based on a predefined HSV color slicing technique. The results
demonstrate the framework’s superiority over other color slicing
methods with 94.46 % precision, 92.24% recall, and 87.17% accu-
racy rates. The digit detection and recognition with the proposed
predefined HSV color slicing is simple and straightforward —
making it an attractive solution for the future deployment for
edge-computing.

Keywords—Predefined HSV color slicing; seven segment display
detection; seven segment number recognition; edge-computing

[. INTRODUCTION

[ndustrial machinery and household appliances use seven-
segment displays predominantly as indicators of their statuses.
Machine operators and appliance users are required to read the
liquid-crystal displays (LCD) or the light-emitting diode (LED)
based displays to correctly operate them. Optical character
readers (OCR) have emerged as a solution to detection and
recognition of printed text documents; however, they are
not vet suitable to tackle the problems light-source displays
present. The challenges of detecting and recognizing characters
from the LCD and LED include, but not limited to, (1) locat-
ing the characters from background clutter and (2) handing
brightness and contrast of the image.

This particular study proposes a solution for detecting
and recognizing characters from a red LED seven segment
display. While, initially, this problem may seem intuitive and
unchallenging, the characters are difficult to detect and read
under typical conditions. The common seven-segment charac-
ters consist of digit O through 9. They are fixed font which
should not present any difficulty in reading. Nonetheless, in
each digit, the image is filled with background clutter, not the
text of interest, which makes it hard to achieve text recognition
through normal OCR techniques.

Additionally, most LED displays have very high contrast,
i.e. black background with bright lights. Most captured images
suffer from saturation. The edges around the digit segments are
fuzzy. This problem is known as “bleeding”.

These two main challenges are addressed straightforwardly
in this paper using color slicing technique. The past approaches
for the specific problem of reading LED/LCD displays in
natural images include the works from [1], [2], and [3]. Bonai
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et al. [1] introduced an optimal topology of neural networks
to recognize seven-segment digits. The results from [1] was
impressive with above 90% success rate. Nonetheless, neural
networks are time-consuming and require high-performance
hardware as explained i [2], [3]. Ghugardare et al. [2]
presented a scissoring algorithm for image segmentation to
recognize the seven segment display from digital multimeters.
This alternative approach is less taxing than neural networks
because the local features could be easily extracted from
the precise edges and corners. Similarly, Kulkami et al. [3]
proposed a simplistic cropping technique for seven segment
recognition of LCD-based meters. The cropping for segmen-
tation was based on X-and-Y profiles. The number recognition
was based on the pixel density feature and a decision table.

Most of these mentioned approaches were performed on
personal computers or workstations. However, the ultimate
goal for this research is to deploy an algorithm to detect and
recognize characters on seven segment display in real-time
using a less powerful edge computing, e.g. a NodeMCU or
a Raspberry Pi, where the processing power is strictly limited.
Thus, a simple predefined HSV (hue, saturation, value) color
slicing approach was considered for this study to evaluate the
algorithm’s feasibility before applying to real-world problems.

The framework for the proposed system along with the
background theory of each step are described in Section II.
Section III shows the experimental results with the discussion
of their significances. The conclusion and the direction of the
future work for this study are discussed in Section IV.

II. PROPOSED METHOD

The work in this study is divided into two major elements:
detection and recognition. Fig. 1 illustrates the proposed frame-
work. The seven segment detection consists of four steps: HSV
conversion, predefined HSV color slicing, object detection, and
preliminary filtering. After the detection is performed correctly,
the candidate objects will then go through the recognition
element of the framework. The recognition part includes three
steps: resizing, feature extraction with projection technique,
and image classification using the Euclidean distance.

This section explains the background theory and technical
details for both detection and recognition parts.
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Fig. I: The proposed framework for the seven segment display detection and recognition based on a predefined HSV color slicing

technique
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Fig. 2: The color ranges in huc components between 0° to
360° degrees.

A. Seven Segment Detection

To detect the seven segment display in any given image,
this study proposed a simple predefined HSV color slicing
technique, which could be achieved as follows:

1) HSV Conversion: the HSV color model consists of hue,
saturation, and value. These three components correspond to
the color type, the purity of color, and the brightness. The
HSV model is widely used in image segmentation and image
detection [4].

The hue components are in radial slices ranging from 0°
to 360°. Yor this particular color model, cach color has its
own centroid as shown in Fig. 2. The centroids of yellow,
green, cyan, blue, and magenta are at 60°, 120°, 180°, 240°

and 300° respectively. Due to the cyclical nature ol the hue-
to-angle mapping, red is centered at the at 0° and 360°.

The first step of the seven segment character detection is
to convert the input image I(x,y) with size M x N pixels in
the RGB color model into the HSV color model using Eqs.
(D -3

0, Lnae = Iinin

Immr, = R(Cf. y)

0 Glay)=Bla.y)
0° =Bl 4 e,
H(z.y) = 7
00 Ble)—Blea) 4 g0,

Tonin Loae = G{2,y)

60° ”";I:?H*("(TMJ) 1240°, Lue = B(I,y)

maz—Imin

(6]

, 0’ Tinaz =0
° (”[ ‘ U) - { Imal::}}min ) otherwise (2)
Vi, y) = Lin @)

where H, S, and V' arc the hue, saturation, and value com-
ponents. 2, GG, and B are the red, green, and blue channels.
Iy and I, are defined by Egs. (4) - (5).

Lnin(2.y) = min{R(x,v), G(r,y), Blz,)} (&
Lae(z,y) = max{R(x,y), Glx,y), Bla,y)} (3)

The advantage of this color model is that the separation
of colors can be performed easily via the hue component.
Morcover, since the hue components are not sensitive to
illumination, the separation of colors is robustness to lighting
conditions |5]. Therefore, the HSV color model is sclecled in
the proposed method. The concept of predefined HSV color
slicing 1s explained below.
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Fig. 3: Tmages of (a) a seven segment display with cluttering objects, (b) R-G-B components, (c) H-S-V components and (d)

outputs from predefined HSV color slicing.

2) Predefined HSV Color Slicing: to divide the image
pixels into (wo groups—Toreground (seven segment characters)
and background (clutter residues), color slicing technique is
proposed. For this particular study, the seven segment LEDs
arc in red, hence, a simple predefined HSV color slicing is
suitable for this situation.

The predefined HSV color slicing process begins with
boundary setting. First, the left and right boundaries of the
color range are set according to the color type as shown in
Table 1. The values of the boundaries are defined from the
middle degree between two nearest neighbor color types. I'or

example, in case of blue color, the left boundary, £y, is
defined from the average between the centroid of cyan and
blue colors whereas the right boundary, ¢,;4p¢, is defined from
the average between the centroid of magenta and blue colors.

In this work, the color of interest is red. Therefore, its (. f;
is set to 331° and its ¢,4¢5¢ i$ set to 30°.

Once the color boundaries are set, the foreground image
It containing the candidate pixel at the coordinate (z, y)
can be defined by Eq. (6).

Lowi(z,y) = In(z,y) N L(2,y) 6)
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Fig. 4: An illustration of (a) seven segment display feature and
(b) comparison of features from digit zero to nine.

where M is an intersection operation. I;(z,y) and I,(z,y)
correspond (0 hue and value conditions which are defined by
Eqs. (7) and (8), respectively.

1, t[c‘f[ g H(L.g) g t‘.r'zr ht
Ip(z.y) =4~ g 7
n(e.y) {U, otherwise @
L 08<V(z,y)
Lz, y)=1¢ - 8
2:9) {(), otherwise ®

where H{(z,y) and V{(x,y) are the hue and the value com-
ponents. Fig. 3 shows an input image which contains many
red objects such as a pen, a screwdriver, a boltle, a pair
of scissors, and two seven segment panels, Distinguishing
red objects from one another could be difficult, However,
the redness from the seven segment display is noticeably
different from other red objects. The color type of the panels
occurs from the LED light source, providing a much higher
brightness than the residual red objects. This is the main
reason why the hue component must be considered along with
the value component. Interestingly, the saturation component
is noticeably missing from this step. S(z,y) represents the
color purity and, hence, unnecessary in for a single-color LED
display.
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TABLE I. The predefined left and right boundaries of color
range in hue component.

Color Types red yellow  green  cyan blue  magenta
[ 331°  31° 91°  151°  221° 271°
[ 30° 0°  150°  210°  270° 330°

TABLE II: The conditions of the noisy elimination.

Condition Rules
e > eW
eN < (0.005 % (M x N))

Meaning

incorrect proportion object
small object

After transforming the input image /(x,y) into the HSV
color model during the previous step, the predefined HSV color
slicing extracts the foreground image with the hue and value
components calculated [rom Eqgs. (6) - (8). The result of the
predefined HSV color slicing is displayed in Fig. 3(d) with 1,
I, and 1,,,, arranging from left to right.

3} Object Detection. all candidate pixels in the foreground
image are grouped into a set of candidate objects based on
the analysis of connected pixels, as described in [6]. The two-
dimensional binary image acts as an input for this analysis.
Eight neighboring pixels are considered whether they are a
part of the same object if its binary value is equal to that of
the center.

4) Preliminary Filtering: the preliminary filtering for noisy
object elimination is defined as shown in Table IT where ¢H,
cW, and ¢/ are the candidate objects height, width, and pixel
number. Generally, a height of seven segment object is higher
than its width. Additionally, the small objects are assumed to
be noisy objects and are recommended to be removed if the
size iy approximately 0.5% of the image size as explained in

[71.

B. Seven Segment Recognition

The image recognition research domain can be categorized
into two groups: (1) learning and (2) handcrafting approaches.
The learning approaches, e.g. artificial neural network or
convolution neural network, automatically extract the abstract
features and feed them into a classification for prediction. The
advantage of the leaming approach is its effective performance.
The main disadvantage of this approach is its demanding
processing requirement for both time and power [8], [2].
Contrarily, the handcrafting approaches are simpler and do not
require vast training data or computing time. Image recog-
nition through handcrafting is flexible and can be tailored
specifically for hardware implementation, thus suitable for
this study. There are three proposed steps in recognizing the
seven segment characters with the handerafting approach as
explained below.

1} Resizing: since the candidate objects from the seven
segment detection are various in sizes, the extracted feature
size would subsequently be different. This problem could be
avoided by resizing all candidate objects to be 30 x 18 pixels
by using bicubic interpolation to standardize the image sizes.
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Fig. 5: The foreground images computed by the baseline and the proposed methods.

2) Projection Technigue: the feature f is extracted using a
projection technique in vertical and horizontal directions. This
step could also be considered as the feature extraction phase.

Previously during the resizing phase, the height and width of

the candidate object are 30 and 18, therefore 30 and 18 features
in vertical and horizontal directions are obtained — making the
total number of features to be 48 dimensions as defined in Eq.
(9).

f = [fvertical Trorizontal] (9)

where foertical a0d fhorizontar are the vertical and the hori-
zontal features computed in Eqs. (10) and (11). respectively.

K
foerticat(l) = Y B(k,1) (10)
k=1
L
Jhorizontal () Z B(k,1) (1)
=1

where B is the resized image of the candidate object with K’
and L being the height and the width of that particular object.
The feature f, extracted from Eq. (9). is the summation of the
intensity in vertical and horizontal directions as shown in Fig.
4(a). This feature represents the candidate objects shape and
structure and can be used to differentiate the distinct features
in each group as shown in Fig. 4(b).

TABLE III: A comparison of the performance of the seven
segment detection and recognition with proposed and baseline
methods.

Methods Detection Recognition
Precision Recall Accuracy rate
Jiang’s method 70.94% 69.48%
Omachi’s method 91.01% 28.91%

Guo's method 92.20%
Proposed method 94.46%

55.31%
92,24

10.58%
87.17%

3) Euclidean Distance: (o classify the candidate object
into the correct class, the Euclidean distance is required. This
method is widely used in many recognition applications such
as face, character, or fingerprint. Moreover, the Euclidean
distance computation is less time consuming and less taxing
on hardware performance. The distance o between the features
from testing and training objects can be computed in Eq. (12).

K+L

d(furs fis) = \ Y Uulp) = fisle)®  (12)

p=1

where f,. and f;. are the testing and the training features
obtained from the projection technique. The feature f;, is
classified into the same group as fy, when their Euclidean
distance is at a minimum. Hence, this step is also known as
the image classification phase.
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Fig. 6: The seven segment display object extracted from the
baseline and the proposed methods.

[II. EXPERIMENT AND DISCUSSION

The proposed framework was tested on 240 images with
a size of 1280 x 720 pixels. The images were taken from
the Logitech HD Pro €920 webcam without any rotation or
special lighting conditions. The performance of the proposed
method is evaluated and compared against existing red color
slicing methods including Guo’s [9], Jiang’s [10], and Omchi’s
[11] in terms of precision, P, recall, R, and accuracy A, .as
calculated by Egs. (13) to (13).

Nper

=2 1m0 (13)
A'w—'lf:ﬂuul
A"Yp)(r .
= — ~——— x 100 14)
Npo +Npr (

N,

d % 100 (1%)

A Npe 4+ Npy
where Npe 1s the number of correctly detected objects and
Npr is the number of incorrectly detected objects. N gczy,01 and
N, are the number of existing object and correctly recognized
object, respectively.

As shown in Table III, the experimental results are divided
into two parts: detection and recognition. The first part of the
table shows the precision and recall of the detection algorithn.
The second part shows the recognition accuracy rate. All
performance meirics of the proposed predefined HSV color
slicing were better than all three existing methods with the
recall and accuracy rate higher than the second-best methods
by more than 20 and 45 percent.

The proposed predefined HSV color slicing, while funda-
mentally simple, could achieve greater performance due to its
ability to better separate the foreground from the background
clutter. As shown in Fig. 5, the foreground images derived
from Jiang’s and Omachi’s methods, which were based on
the RGB color model, were deficient. Since the RGB color
models represent the combination of pure color, saturation,
and brighiness, many unwanted objects could be obtained —
leading to an incomplete character as shown in Fig. 6. Guo's,
despite being based on the HSV color model, was not nearly
as effective as the proposed method due to its use of all H, S,
and V components.

Nevertheless, the proposed predefined HSV color slicing
involves an undeniable limitation. This particular work is
limited to a red-color LED seven-segment display. For a
broader range and more variety of colors, a better and more
universal algorithm must be adopted. However, with respect to
the red LED display, the proposed framework was justifiably
satisfactory.
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IV. CONCLUSION

The proposed predefined HSV color slicing was proven
to successfully achieve accurate detection and recognition
of the LED seven segment display. The separation of the
foreground and background clutter was the key element that
helps the proposed framework achieve greater accuracy than
other baseline methods. Since this work was aimed to be
deployed for edge-computing, the future for this study includes
the porting of the algorithm to be run on a NodeMCU and/or
a Raspberry PL.
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Abstract—To alleviate the problem of limited data in creating
rotation, scale, perspective, and illumination invariant of the
neural network training sets, the multiscale Radon transform is
proposed in this study to enhance the data augmentation for seven
segment display recognition. Resizing, smoothing, and coefficient
shifting generate the desired invariant effects for the training
model. The accuracy rates from the experiment demonstrate the
superiority of the proposed method over other data augmentation
techniques with the best overall accuracy performance of 87.05%
— outperforming other data augmentation techniques by 6-
13%. The convolutional neural network model generated from
the proposed multiscale Radon transform data augmentation is
suitable for seven segment display recognition and could become
beneficial to other type of self-luminous type of images.

Keywords—multiscale Radon transform; data augmentation;
convolutional neural network; seven segment display recognition

[. INTRODUCTION

One of the main challenges in any imaging processing
and pattern recognition study is the availability of the data
set. Especially when employing machine learning techniques,
the algorithms would require a large amoumt of annotated
sample data [1]. Collecting image data is a time-consuming
procedure. Experts involved in the field of interest are often
asked to label the Images during this tedious process in order
to gain a reliable training data set. To overcome this issue,
researchers could use a technique called “data augmentation,”
which involves simple modifications of data set images such
as scaling, cropping, rotation, and translation. Using data
augmentation to improve the neural networks' training process
is becoming a standard procedure in computer vision domain
[2].

This paper presents data augmentation technique using
Gaussian filter in conjunction with Randen transform to in-
crease the training images for seven segment recognition with a
convolutional neural network (CNN). The proposed multiscale
Radon transfrom (MRT) provides variety of scaled and rotated
images in sinograms. The Radon transform is traditionally used
in computed axial tomography (CAT) scan. The tomographic
images from a CAT scan are similar to images of seven
segment displays with dark background and high-contrast self-
luminous objects.

To detect and recognize characters from seven segment

display, which are ubiquitous in daily life, the previous study
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in [3] addresses the challenges straightforwardly using a prede-
fined color slicing technique. Ghugardare et al. [4] developed
the optical character recognition system for seven segment
recognition in 2009 based on the statistical feature extrac-
tion, The aforementioned research reported that an artificial
nevral network (ANN) was time-consuming on less powerful
hardware. However, the ANN would be an attractive option
for recognition implementation on non-restrictive hardware
as presented in the study by Bonacic et al. [5] in which
the seven-segment digit recognition was achieved by feeding
characteristic of digit from three techniques: the areas of
interest, the resolution reduction, and the axis distribution anal-
ysis, to the neural network. Various multilayer feed-forward
ANNGs optimized by the genetic algorithm were employed. The
prediction of each network, which is a vector size 10 weight
of 10 digit classes, is used to predict the final result by using
the average technique from those vectors.

In 2016, an optical numeral recognition algorithm for
seven-segment displays was proposed by Kulkarni et al. [6].
The study focused on robustness to variations of digit po-
sitions, brightness, comtrast, tilt, and noise. Their algorithms
consisted of four main parts: preprocessing, noise removal,
segmentation, and recognition. Firstly, the Radon transform
was used to solve the inherent tilt problem of seven-segment
images. Secondly, X and Y profiles of white pixels were
used to background removal before denoising it by low pass
filter. Thirdly, the vertical and horizontal cropping was used
based on the X and Y profiles of black pixels for the display
segmentation. Lastly, the black pixel density is feed to a
decision tree for digit recognition,

Most recognition studies face one common problem the
limitation of data. To significantly increase the diversity of
data available for training models, Jiang et al. [7] used data
augmentation to generate the limited synthetic aperture radar
automatic target data and improve the deep convolution neural
network in 2018, The Gabor filter is used to generate the
diversity of data with multi-scale and multi-direction Gabor
filters.

Increasing the data set size with augmentation could
strengthen the performance and increase the accuracy of CNNs
[8]. The main contribution of this paper is the proposed
MRT-based data augmentation technique to create a training
model which encourages less dependency on sizes, rotations,
and lighting conditions, i.e., scale, rotation, and illumination
nvariant.
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Fig. 1. The proposed data augmentation based on multiscale Radon transform for seven segment display recognition
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Fig. 2: Images of (a) digit 0-9 from seven segment display detection and (b) sinograms of digits from (a) displaying distinct

features of each digit

In this study, the proposed data augmentation based on
MRT along with the background theory are described in
Section 11, The experimental setup and results and their sig-
nificance are shown in Section Il The conclusion and the
direction of the future work for this study are discussed in
Section IV.

[I. PROPOSED METHOD

This section is divided into two main parts: (1) an overview
of the proposed data augmentation for seven segment display
recognition and (2) the background details of the multiscale
Radon transform. Both are described as follows:

A. Data Augmentation for Seven Segineni Display Recognition

The workflows of the proposed data augmentation is il-
lustrated in Fig. 1. The binary input image, with the best-
fit bounding-box (o ensure (ranslation invarian(, is processed
through a zero padding step (o create a square image. This
image is then resized to suit the neural networks. The next
box represents where the (ransform (e.g. scaling, rotation, per-
spective, cte.) is performed, The image after the transformation
will need to be padded again before being processed with a
neural network.
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1) Image zero padding: to preserve the original shape and
the aspect ralio of the seven segment digil, an image zero
padding technique is required. The input image is padded by
zero on both left and right sides to achieve a square image if
its height is greater than its width. Similarly, the input image
is padded on top and bottom if its width is greater than its
height.

2) Image resizing: the input images are, naturally, various
in sizes, Image resizing is necessary to increase or decrease
the total number of pixels, essentially providing the same
effects as augmentation with scaling. In this particular work,
linear transformation is used to modify the spatial relationship
between pixels. Sanchez, Ruiz, and Meza [9] suggested that
the geometric ransform should include two operations: (1) a
spatial transformation to relocation the pixels in the image pane
and (2) an interpolation to estimate the intensity of the pixel in
the transformed image. To achieve the best approximation of
a pixel’s inlensity based on the values at surrounding pixels,
the Nearest-neighbor interpolation was selected for this work.

3) Multiscale Radon transform. the resized image is trans-
formed into a sinogram by the MRT method, described in
the following section in details. The output obtained from
this step will be zero padded again to preserve the sinogram
characteristics. The rearranged and padded sinogram becomes
a standard form in which the content of data shape is stored and
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Fig. 3: Tmages of (a) smoothed images from three different
Gaussian filter scales and (b) sinogram outputs of Radon

transform from the smoothed images in (a)
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Fig. 4: Images of digit 8 with (a) various rotations, (b) sino-
gram features from Radon transform of those rotated images,
and (c) Radon transform features with rearranged coefficients

is distinctive for dilferent seven segment digit, as illustrated in
Fig. 2. Furthermore, this standard form can retain the original
content and withstand any effects taken on the data.

B. The Proposed Multiscale Radon Transform

In this paper, we propose the multiscale Radon transform
for data augmentation on seven segment display recognition.
This work is an extension of the Radon transform, a pow-
erful method to match an ohject with various rotations by
projecting its intensity of pixels on to a plane. The Radon
transform has been applied to many applications such as image
reconstruction of a CAT scan, object recognition in geophysics
and astronomy, etc. However, the Radon transform itself is not
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adequately robust to the variety of scales, rotations, perspec-
tives, or lighting condition. To improve the performance of
data augmentation for the training set, the multiscale Radon
transform (MRT) is proposed. The main objective of the
proposed method is transforming the input data from spatial
domain (o the standard form which is robust to the various
effects. The proposed method consists of three main processes:
image smoothing, Radon transform, and Radon coefficient
rearrangement.

1) Image smoothing with Gaussian filter: aims to increase
the diversity of the training images and cnable the proposed
solution to be more robust o the variety of image sizes. It
consists of two steps as follows.

Step 1: Generate a Gaussian filter by Eq. (1),

Clu,v,0) = —— e~ W+ 1
(wv.0) = M
where (u,v) is a location of an S x S filter and o is a standard

deviation of such filter.
Step 2: Smooth the input image (f ) by Eq. (2).

I—1xG @

where [ is an input image and * is a convolution operation. The
smoothed images in three different scales, exhibited in Fig. 3,
show that the pattern of cach sinogram, which is the output
of Radon transforming, are highly similar. In other words, the
transformation is robust to varicty of scales, i.c. scale invariant.

2) Radon mransform: introduced by Johann Radon in 1917
[10] to process two-dimensional data onto one-dimensional
projection. This technique is widely used in image reconstruc-
tion for medical image processing and recognition.

The Radon transform, £, maps an image in spatial domain
to sinusoidal waves with different amplitudes and phases by
computing the integral intensity of the image at a specific
degree, and is defined in Eq. (3) by

R0, p) = / / i, y)0(p — xcos O — ysinb)dedy (3)

where i(z, ) is an input image data, 6 is a Dirac delta function
with 0 as a specific degree, and p is the distance of the one-
dimensional output.

The output of a Radon transform is called a “sinogram”,
I, that be calculated from the smoothed image by Eq. (4).

I, = R(I) @
where I is the radon (ransform from Eq.(3).

3) Radon coefficient rearrangemeni: the sinograms of the
same digit in diflerent angles are distingt, yet their similarities
arc noticeable, as seen in Fig. 4a, The shapes are similar but the
locations of the most intense spots are different. To solve this
problem, the Radon transform cocfficient could be rearranged
to shift the position similar to that of lexicographical order
problems. The coelficient rearrangement consists of two steps:

ma: r

Step 1: search the position (c]. of the maximum
coefficient in the sinogram. The lIlchlII‘lum coefficient appears
in two cases: (1) a single maximum position (c,} on the 2-
axis and (2) multiple maximum positions. In the first case, the

m ax )
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Fig. 5: The Radon coefficient rearrangement with (a) single
maximum coefficient and (b) multiple maximum coefficients

parameter ¢/'** is set to ¢, corresponding to the position of the
maximum coefficient, as shown in Fig. 5a. In the second case,
the parameter ¢]*“* is determined from the ¢, that the column
vector returns the highest mean value as shown in Figs. Sb.

Step 2: shift the coefficient based on column vector by
Cshife to rearrange the sinogram. The parameter copipe is
defined by (6) as follows.

center _ max

Cshift = Cy Cy (3)
center

where ¢ is the sinogram center on the z-axis. However,
because a sinogram is essentially a sinusoid, a circular shift
is demanded in this step. Thus, each new column vector, ¢;/,
becomes

©)

where ¢; is the original individual column vector and n,, is the
total number of columns.

o' = (¢ + copife) %one

The results of these rearranged sinograms, shown in Fig.
4de, are closely similar to the original sinograms in Fig. 4b.
Hence, the sinograms are now rotation invariant.

IT1. EXPERIMENT AND DISCUSSION

This section shows the performance evaluation of the
proposed MRT method for data augmentation in seven segment
display recognition. The experimental setup and the results are
discussed as follows.

A. Experimental Setup

The proposed data augmentation with MRT was tested
against other types of augmentation on five different data
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sets: normal, rotate, scale, perspective, and illumination vari-
ations. In this paper, LeNet architecture, one of well-known
convolutional neural networks, is used. LeNet is the basic
convolutional neural network architecture introduced by Lecun
et al. in 1998 for character recognition [11]. Since LeNet does
not need GPU support for computing, requires less computing
time, and requires a small image to be an input, and thus
suitable for the particular digit data in this study.

All digit image in this experiment was taken by Logitech
HD Pro €920 webcam. The 2,000 normal digit images without
inherent tilt and lighting conditions were divided into 1,600
images and 400 images for training and testing, respectively.
There are four testing image categories— (i) rotate, (ii) scales,
(iii) perspective, and (iv) illumination effect. In the rotate
category, the image was taken by tilt the camera about —8(°
to 80 with 207 steps for 1,000 digit images. The scaled image
was taken with a variety of distance between the camera and
the seven-segment display from 25 to 150 meters with 23 steps
for 1,000 digit images the scales category. The perspective
category contained 1,000 digit image data which was skew tilt
the seven segment display to left and right with 20° to 60° by
20° steps. For the illumination category, 500 digit images were
taken in a dark environment with a diversity of light incidents.
The image sizes ranged from 3 x 7 to 36 x 52 pixels.

The learning rate, batch size, and epoch are 0.02, 50, and
10, respectively. For MRT, the parameters of the Gaussian
function including ¢ and p that were set to 0.2 and [2,7]. The
performance of the proposed method was compared with the
baseline augmentations including rotated images with § range
of -80 to 80 degrees, scaled images with the sizes of 0.5 to
4 pixels, perspective with # of -80 to 80 degrees [12]. The
accuracy rate, A,., was calculated by Eq. 7 as follows

N,

—— % 100

ii\"r +

/L. =
' N;

M
where N, and N; is a correctly and an incorrectly predicted
objects respectively.

B. Result and Discussion

As shown in Table I, the experimental setups are divided
into two parts: training and testing. The first part of the table
shows five categories of training sets, The all training sets,
with and without any data augmentation, achieved the best
accuracy of above 99% with normal images excepting rotation
augmentation case, which is 92.5%.

Upon a closer look at the experimental results, the training
set with data augmentation from the proposed MRT appeared
to yield the best overall performance with best performance
in two categories: normal and illumination. Additionally, the
MRT did not suffer much in other categories unlike other
training sets. Its performance was comparable to the best one
in each test. Gaussian filter enable the training model to be able
to tolerate the blooming effects whereas the Radon transform
with rearranged coefficient make the model more robust to
sizes and rotation. Since perspective variation is a combination
of rotation and scaling, the proposed MRT also performed well
in that category. MRT also appears to create a CNN that is
strongly robust to illumination variation.
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TABLE [: Performance comparison of different data augmentation on various test data

Training St Accuracy Rate (%) of Test Data Mean SD.
ning Normal Rofafe  Scale  Perspective 11 i
None 99.50 29.00 §0.00 61.50 8776 7335 2848
Rotation 9250 83.30 84.50 67.20 78.98 8130 927
Scaling 9920 2740 §7.50 63.60 91.22 378 2913
Perspective 9950 3300 93.90 85.50 9388 8134 2608
MRT 975 7430 9080 7240 98,00 8705 1297

[V, CONCLUSION

The data avgmentation with multiscale Radon transform
was proven to successfully achieve accurate recognition of the
seven segment digits on the convolution neural network. The
training set created from data augmentation of the proposed
MRT method was able to generate a CNN model that is scale
and rotation invariant. The proposed method is also robust to
lighting conditions, which is a key factor in recognizing a self-
luminous object as an LED seven segment digit. The study
has demonstrated that data angmentation with the proposed
multiscale Radon transform could improve the neural net-
work training process for seven segment display. Researchers
should be able to applied the proposed techmique to other
self-luminous type of images such as CAT scans or x-ray
pictures. Future work should include the investigation on such
experiments to provide more insights and explanations as well
as the assumption of illumination.
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