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ABSTRACT

The thesis presents a vehicle logo detection and recognition system using
sliding windows with machine learning recognition algorithms. The system is an
additional feature to a vehicle license plate recognition for a traffic analysis or control
system. With additional feature the added-feature system improves searching,
analyzing, or detecting traffic violation. The system is developed to detect and
recognize various vehicle logo from various types of vehicles such as a sedan, sport
utility vehicle, or truck. An image of vehicle may contain disturbing image such as
stickered texts. Images are taken from various lighting and weather conditions. The
system consists of two parts which are a process of detecting a vehicle logo and a
process of recognition a vehicle logo. The detection process applies a sliding window
technique with Sobel edge detection to detect a logo. The selected image area
becomes an input of a logo recognition process. The research applied two types of
recognition algorithms which are recognition processes with SIFT feature vector inputs
and a recognition process with self-learning network. The former group are a nearest-
neighbor classifier and a support vector machine while the latter is a convolution
neural network. The percent accuracies of the three recognition algorithms are in the

range of 87.41% to 90.51%. The nearest-neighbor classifier performs best of the three.
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Uszaninmwesszuuiindhensideusasudainiited o Jagdu

'
LYY v

vinIdefaulasnu

[

1.24 welUlfdudeyadmsunisseuiisuauidedivs
sutsal
1.3 FUNAFIUYDINTANED

miﬁ’mwﬂmﬂm%ammmaawﬁmmwiawiim%m 1AELTUAINNTEVIUNITATINIUAT)

=

A3 BAMINBTAEUAIINFUNS UL MnuuTsindgnssuiunisadnnudnvasddymianly

AEnErdnTUMIIINATewINg TngdseavEnInnsiinsnasemingsaeuiLiasuaEn
v o a Y Y A ] Y N o

aeldTeuleguiissuusud Janmuasdugisnarsiulage1al dygyiusuniuain

1% I A v Y Ao 1% a
AATNLLINA DN LLagLUUﬂ']W'V]VL@‘r\]']ﬂﬂa@ﬁmuﬂ’ﬁ%ﬁqqug\]iqTUﬂig LV]?TI‘V]EJ



1.4 ngufviouuadnitlilusuise

1.4.1  awszaudini (Grayscale Image) ann1suiasnind (Color Image)

1.4.2  nsananudnwazd1AyeIsn1shuuesingdwunkuUdeiies (Haar-like
Feature based Cascade Classifier) dnanlglunisnsindunisnsinduthensideusasud

143 wadansndeuntdisng (Sliding Windows) THlumsindeundsaiiofum
MU IAT AT IVINE TABUS

144  n1smveunmeae3snisleiua (Sobel Edge Detection) Ll 9n15AuMIveS
AT LA DIV TN UALN DN UM

145 n1sUsguranan InAugus19uazlaseas1990901n (Morphological
Operations) tarlilunisdnmsnguuaynninesasueiesngsnsudlfisudny

1.4.6 nisnnunAnusalaann1835v09led (Otsu’s Thresholding Method)
anldlunsudasnnssaudminduninem (Binary Image)

147 nsafnnudnueddty (Feature Extraction) gnihanldiileafindeyadiilu
AasdnwardAglanzmvesingeanun Insldnsaianudnsmzdidgyazidu SIFT wazgn
AuluguvesyadiauiigndaiSealiludnumzvesnnimes (Feature Vecton)

148 pamidteuthulndifssiurliluturounisiseriedesnnesosus Tagld
NsannAMNAN YL EIAMIEISNMIWUY SIFT

149 msfduvudnwesnnnmeiuundy twldluduneunisinsneieammng
sooun lngldnisainaaanvauzdAgmelsnsuuy SIFT

14.10. n13§Fmutlasstisuszamuuunoulgdu tunldlud uaeunisine
oL Ines G93snmatlisnduseddnmsataandnuas ddgdusude

1.5 YaULINIIUTIY

151  asaswsildlunamaseadunmifidhengifousing asueTosmune
sopudtaau Wunmituiinludasnainaisiu Tnsslanmuaiazusseiniauasunlas
muUnAn1sldau metuiinanyumiiisasus vunnwee 640 x 480 finiwa

152  @5uAsesvingsasusiiiunlduendoain 9 8%e fie CHEVROLET, FORD,
HONDA, I1SUZU, MAZDA, MITSUBISHI, NISSAN, SUZUKI, iag TOYOTA PNANsaEUFTTN
fldau

153 amsnoudfiiunldlunisussdiusa fesansamsiuvistenzidould

MEIEN1T annnadnyazdAymeIEN1THUUEISIneTUNLUUsBLTE



1.54  SWUDINTHATAIMUETOYUATIIINY HBIllINUIUAT AT WAazEvie b

Weeni 100 U Lielinslunanisidndiuseansnm

1.6 YUNBUNSANE

1.6.1  ¥MN1981529 91U NLULAEANNUSEINA MNEIMDINU NSRSV BaLnIs

=

$9IMsNATBIMLNTALUA INTIWNEITRY RETuNIARSIT WieTusumnddunsimn
wagnuiamelulaglulagdu
1.6.2  AMUATDULIAINIANE ANYATIU Uas dadnrin

6

1.6.3  AANUULATNIIATIATLATLATINNILTD LU

o

BINFHNUNANNAUNITIENITLAN

ANNINUIA IR

o
v o ¥ o a o

1.6.4  Anmnguiuazaniddennaadesiunisitiainemiiddeninisme uns
=S da" Q‘I (v [ [ o w d' %
1.6.5 AnsvpgugneItunsainnadnuaddayls
= £ a 6" ) =4 1 A v = o
1.6.6 W3gNYAURANI AT DMINESABUAlAsINTsLeNduAazEe TIudiedin
Aldousns AT ovIEsALUEA asrin1swusdeyaandu 5 yawiriu weinluad
LAan13337
1.6.7 1YnTayanInsnsud 15y uuil LS uUn1300nkuuLas WAL W ennday
JUNNNaANS IAT1eka LasUseiliudseansan 28R e RUsEAUAULAZ 9917 YD

SEUUNDBNLUU

1.7 \Fesilauazgunsaillusuise

1.7.1  nSesmoufiimesimiieuseinana Intel Core i7 viiigpusIvan 16 GB
1.7.2  sguudfunnis Windows 10

1.7.3  1Usun3u Visual Studio 2019

1.7.4  genawslotwuyesa Emgu CV

1.7.5  savwaslammumesa ConvNetSharp

1.7.6  govdwslolnugasa LIBSVM

177 yptoyaninsngus

1.8 Tas9as19v099Inednus

[
=

Ineninusatudlonuadonianuneo duuninuiy 6 un fadl

undl 1 unidi nande anuiduniwazaudiAgestagnl, Auyaiansnas

[

nnUsratAveIn1sAny, auuAgIuveIn1sinw, nguivseuunfnildlunuide, veuun

T8, TupeuNIsANY, hTedllanargunsalilldlueudde uavlassasisvesineriinus



a Y14 A a v 1Y) aov = = s v o
unn 2 ﬂ'J’]JJEWUg']uV]LﬂEJTUENﬂ'UQ']'L!'J"i]EJ NATION T UUAD1IIU, AMNILAULLNI, NI
PIYBUNIN, NISATUUAAMNTALTAR, NISUSULNAIINAINYBINN BarA15USTLIANANTNAY

JUTUA1ATI9 19090 M

UNA 3 UITEN LN 8ITDY NA1IDI NSASIIUT1ENLLT U, NITATIFTUAST

LASOIVINETALUA, NMTARAAMEN BzdARY LAEN1TININTNATEIMINYTALUA

unil 4 u3TeMiaus Na1INY AINTILTEUUNITATIITULAL S TINT AT OIMUY
S08UA, N1IUTEUIHATUAY, NMINTIVTUATIATOIMUILITOEUA LaTN1TIIINTUATOIUNITD

(3

gUm

UMY 5 HANISNARBIRATNITHATIYIHS NA1IDY nssuTayad mTun1smIuils, Ha

NINARBINITATIVTUATUAT DIV IETOSUS UaTHANITNARBINITIIINT ATV TOUA

unil 6 asulymevassauazuuamalunisiamn
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=b.

un

%4
VY A 14 [

AMUINUFIWANIVRINUNUIY

¥

Tuuniinaniernuiiuguiinesdesiuaidy A5ulunon simuin1smsaduns,
LATOIVINETALUA Uar N153TMTNATEMINeTasU laglasiuanusiugiuieauauysal
89911398 TonA STUUERNSAIT, NMWSEAUENI, NSUVBUNN, NISANUAANNSALTAR, NS

YSULNAINNEIN9UDININ u,azmiﬂizmamamwﬁ’ugﬂiwLL@z‘[mqiqu'}W WDy

2.1 s3UUd9153U (RGB Color)

(%
Y =

= saa & aa a v o =
FEUUAD1FAU LUUSZUUENLAAIINAITIIUAINUYDILUENY 3 & IWLLﬂ GIN (Red), 5l

¥ 1A =

3
W7 (Green) wazdunk@u (Blue) 91nN1SAUFNUIBILENY 3 31 ASNal N AFNANDUTULN

TngnndduazUsenausie R 11 8 Un, G a1 8 O way B fiA1 8 Un 9agsiunulansrun

24 T Feguit 2.1

R Channei G Channel B Channel

JUN 2.1 ueawuudIaesszuudensal

2.2 ATWSTAUFN

ANTEAUEMT (Grayscale Image) WunmPsimaaduuasiaus 0 fa 255 AN Jaay

o
< [y v 1Y 1

Jusgruanuduveuasiudalnign (Gu1i) autedaign (i) lnenisussanananintiy

[

aamalasuidunduning (RGB Image) azvinnisuvasdanunnlmdunmszaudin

)

nounaziluUsTIaNase



JUT 2.2 UaRIAANUTUUEITEAUANGY)

Y = (0.299 xR) + (0.587xG) + (0.114 X B) (2.1)

Togvnaoanisudaining (RGR) Tadunnseauani azannsavilalageinuaunig
2.1) Ingduds ¥ idumanuunwastianlugig 0 — 255 fuls R WiUAIa ULt waave 94

WA AU G UWUAIAITUITNLESUOIEI LY FlUT B WUAIANIDNLEN T8 SEUN S Y

s R i

JUN 2.3 fag1enmensdd



JUN 2.4 uanswadnsmsuUasnmdersitidunwszaudion

dlothnmd (RGB) Aeguil 2.3 unviinsudaanmdunimseaudnlaenisiuaunis

2.1 P lanadns Asgui 2.4

2.3MmsvaunIn (Edge Detection)
n13MYeUAIN (Edge Detection) Wun1smvevvesingiieglunm laeiinainnis
wWaguulassemiaveusaziinlwanegmunidlnaiaany dudafiniganlndiagaiull

ANNUANGAAUNIN AgvilfiureuresTngTamaud W Wne3Fnrsuiveunniiazldly

SUITULAD N1TUVBUNNA8ITN5 ML UE (Sobel)

2.3.1  MSUIVBUAINA28I5N15L9LUa (Sobel Edge Detection)
nsmveunmelngianislaiua (Sobel Edge Detection) unsmaeunnlngld
WLLWAATUIA 3x3 @09Ninan lasvuwantsnazldniaianuuana19lunuIueu

(Horizontal) wazAuansdluiua (Vertical) Tneflldlusu (1] [9] fagudi 2.5

-1 0 +1 +1 +2 +1

-2 0 +2 0 0 0

-1 0 +1 -1 -2 -1
Gx Gy

UM 2.5 nsmvesmulagldinumanvunn 3x3



2.4nsnmunAnsalaan (Thresholding Method)

AsAuaAnsalean Jududsnistivusatimuizauieunaniuualuldiu
A Weildsunlaanmiudunmenidm wievuneanuinmdadideyadu 0 -1 du
Ao 2 ARBLAaYNNLYa

A Foreground
Peak

Background
Peak

Threshold

JUN 2.6 uansdalaunsuuuuaadwen (Bimodal Histogram) twavAnnsalaan

v

0

n1sidenAtnsalgadnmuizauiunmlaty Aunsalnadaisziinieg senine
Wnkwan UM (Foreground Pixel) Lagiini@anunas (Background Pixel) sivouendiaingiu

funaseanaNiu Inglanwumisdivsaleadimugauniuaninsenlianngui 2.6

2.5 n15USULAAIUEIN9Y89ATN (Histogram Equalization)
mMIUSUmwEITesnaInmstdmseBalatnsy WevhmsuSuaunauaswosnw
Tnngan vl uiidavesnwatniedy uay fufiainsesamiinas iolidanuaugaris
awliseasBonvasnmuandliisudniu Snquszassueisd ilunmsasanmitdsuau
nmlndiAssiu ieteyauaudnedinisnszneedsaiaue Bnsdldsmuagnnind

WinzaulAnukAaz A

UM 2.7 nsuidalaunsuvasnmund (de) uaz

5191 B alALNSUNAIINTINISUSURAANETI9UDININ (V71)
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n.
p() = #,OSi<L (2.2)

msfadegldaunisd (2.2) Tag i Sumemuduiawasiinea diw n i Jusiuay
Fnwastualunm way n; Wusuufinwaluusasmenuduuas nanseuiaezldan p
Faan p Aenuduuasslusudue p ianudusassunsdaun NSEUIUNNTIVEES
sudsfidnanudunasgean winhusaraildluaniuiauduasgean ndsaniuld
Abunuadlunasiufineavesusaymauduuas naswsamildidunmiiinsnseaedsu

AUAIULTLLAIYBINN

2.6 nsUsEIANANWAUIUIUaL1AT9319UB9n N (Morphological)
n1sUsgInananInAu U 1ekazlasesevesnaw Wunisussuiananmlnenis
WasuuUasdnvar Usdelasadteosnin laersduiiugulnedtiluldun n1sverenm
(Dilation) N158201W (Erosion) Wag N13NI1IASIAT19UEN (Skeleton) lagn1sve1enInee
nsvuiun1sUunmlREdadiusiafuiasianan nsdenindenssuaunisanuinvesnm
dunismlassafrmdnAensyuaumanisnilasiaiavesing deageSurslagayidoadely
vennlaweistuiiugruieildnanndrsiuugy Suillowesdudu q Snildnanly luuniae
aSvieuAunszuaun1sdaYe931e (Opening) wasnszuaun1sda (Closing) tasande

nsrUIUMsNUgIURlUINUsEena

2.6.1 MTVYIVAN

nszUuM VB madunsiudeyaamidusuuluund msvengameiunnsg
Tnorvuauiuuy (Template) Tugduvuluun3 Tnedqas ududidmualaeianay uavi
wiuvuiindeuluvudeyanimemusifunaanianin mingaca (Origin) Tosusiiuumsafiy
fuviadoyanmiiinmaiawindy 1 dufaginisgdeuuduuuiididudoyanins

A8

5UN 2.8 §9E19MTIINTTUIUNTVEIBAIN
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2.6.2 NISENN
misjamwL“‘L‘Jumzmumaau%’agamwﬁmmsuausuaqmw ANSERNINANNNTVIN LAY

N3LUIUNIAEAUNTVEIENMIAENTATIMILUY wdthuisuundeulumudoyanin

o 1Y o oA A ! @ o A = = £ 1 [
dmsunnaunisiideundiuulduunim Adndunsiseuiiguteyauduuuiu
Fayan1n ardeyanmiamieunuuiinuu Artayanmlusumiannsaiugaisudu (Origin)

goiwuvzgnimualitiandu 1 dldldazdmuadu 0 Avguin 2.9

5UN 2.9 A29819M1591NTEUIUNTTENN

2.6.3  nszUIUNTWA waznszulun1sUadasinglusy
N3zUIUMSAA BUNTEUIUNTIAENTAATIUIUIANINEM MBI TERN N NI

LFLRARINAUMIENTFUIUNTVEILNN TgyinAUTIUILATIVEINITERNIN MIUFUN 2.10

5UM 2.10 Av9g19n1vinsEUUNsla

NIEUIUNITABLAINNITTET8AM waznuienIsganin wihiusiuauediesnis
Y180 nszvumstadunmsifindiiuiugalaeddddasiaiicesing nszuiunmstady
nsvUIuNTUsuUTsRan et ineilviauinvesngunwduveglvgdu annsuene
auazidlefinnsgenimas asdunisialezuuireureanguena ndu: wadwddildvinli
AN mesNaNndYdiauTIUG BTy Tednsedadsunuresnmiaedsd Ssufufs

o A o g v i a A vo A Y & ' = o vy o
seishe enavilvinguuesyanmduineginanuenidnlunguuesanmiiediulanasidy
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winlign st dudyaasuniueeruedulaednlud® suldanunsovdneenl Ul

a

AegUR 2.11

UM 2.11 A79819n197iNsEUIUNsUA

2.7 aguarminugiuiiisatosiunuide
arwditugruiildndnluundarldussundonsit amszdudm mamvauniw
nsiuAAmIAlEan N15UFULAANNAIINYBINTI kagN15UTEIARAN N UTUT e ATY
3199890 ImsJmmiﬁjugmmé’mimaiﬂuaaﬁ‘dazﬂauiua'lufﬁa%ﬂLﬁ'm%’mﬁumsﬁu
AN KABNIINTINTUVDUMN 8nfI0g 1w Mnseavdmltludiunisnisunmnau
nszUAUMIRTIRduATIeSesing nMsvaunmarlfluduvesnmansiaduniiaIosvaneg

Wuau Tesluundaluaznandsnuideniientag
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undi 3
UAINNYIVD

TuuntaznanidsudfeMie1aala s dununn eIt 9N 19 TILas 9D aUNINS
AuATINIEUIUNMINTIITUMAZN IS TR AT eaInesaaud Feldilugudnedslunisiamn

syuUNLausluINg 1 Nnusy

3.1 mInsav3utensiieuy (License Plate Detection)

NSYUIUNITAT I T URLALSVBINT AR DI TR ﬁqmﬂazaﬁﬁaﬁzqﬁmmq
remvdouiotlulflunisendunislunssuaunisesly luaaunisainistdauas sy
AEUIUNINTIVTUSL AL IR UAS DM TOBUR ST ATLA NS AU TUSTInanaluan W
foyanmitiudeu fdunssurunsuuniuudeisdesldaainuuzioveiinyssgndld

(v o‘a{' Y o 1 = 1 o v ) 9 o 1
padnsAlud s aduvesnma nsunsialUduasusaly

3.1.1 nMsanaaMansazd Ay ieasiaglUiwunLUUsBLSes (Haar-like
Feature based Cascade Classifier)

nsafanudnuuzddnfees (7] dugnimuilaeneallaat (Paul Viola) warla
\Aia 13U (Michael Jones) lull .. 2001 [12] AanwazdrAdnslddmiunsnsiadu
Tuntduazdnisinlddiusunisnsiadutensilousosud lasszuuasiaduirensideu

sogudmensdunkuusasedlagldaudnvaziuvasannsanTadutengbeuse

VANNISYBINTFUIUNITATIATU ArMSIEFULUILUSUIUIAYRIA IS IR UaNEIWIN

Tnadansadvauniaguseulagldnmduiinda (Integral Image) Faviliaunsaaria

[ o w

Aauanvzddgldeg1esanid Weosnnwaiildlunisussanadivuiaasildulsiuniy
yuavesdaua Wenunszuumsananudnuarddaiuuaitzlinuinyr Ay I

nila lngAadnwazd Ay daiunsaandtuiulamenssuiunisen1ym (Adaboost) uenani

v

ANIFTINAITWUNLUUABITEY LAgNTEUIUNTNIVUAUTENDUAIENINDUTINTS, LOA1YY

WATAITILUNLUUADLIBY AS18a%LDUARIL

= 1

AMBUNNTA (Integral Image) TolunrsainnudnvusdAyuuaziyuiuuildeg

Y Y

Tasvhludmsunisasiadunsazeie Tnemnsiadutiuazusenauluse dundunungyd

o

waradundunuidn faguin 3.1
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1. Edge features

DR=RV N

(b) (c) (d)
2. Line features E E ; & i %
I[a] (b) (e} (d) (e) (g) (h)
3. Center-surround features
=
(a) (b)

5UM 3.1 UanegULUUAINTINAY

TunsearwngUkuunmBuinFansld AsnisFnauImuuTesarinwaln

ety InganusamuInlaanaunisaaldl (3.1)

e ~ Lo (3.1)
ii(x,y) = E i(x',y")
x'sxy'<y
<y O = i v a a o VA & W %
${) u(x,y) AD ANAINULVULLEIUDINTINBUNNITE bbaS l(x Yy ) ADATAIMULYNUVBDINTIN

AuAUU

Q o

i‘U‘VI 3.2 mamemimmmwaswmwLﬁuﬂuwuwamaﬂu D Ingi5audinsa

SU 3.2 WBufegumsmuinmiamasuaunduresiuiidmdsy D lunndu
finfadiuau 4 aa wldnadwsinnsUszuianaaingaisdde Pos, — Pos; —
(Pos, + Pos3) @ siunieil 1 a5 LA a1 ARATINANIT LLAsYD I AL luN uTl A
funadl 2 MnseTmAnduLasesinealuRul A+B fuiisil 3 9nuaTmAId

LAAUBINNLEA b UA A+C WAIFWIUIGATIIEAIMAUT 4 WIINHATINAIUTURAIVDY
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AnaluN U A+B+C+D FINATIWAMUTULAIINAUA D Tunmdunnse nasannduaziily

' [
aa o A

ANUIIHNAR AU ULAITEAINNUNFA Az NUNAVD

NILUIUNITOAIYNITENITIIUUNGY 2 LUUNITIWUNLUUBDU WAZNITTIMUNLUY
w39 TReFIRMUN LUV ARINAISTINAUVDIF T UNKUUBDUMAEF T8 LN
fdwunwuugauliuliansaueneanaiign dupananinladussdvanin FaldiAndidawun

wuuudsuiieiansausnaaalagniesBady

FILUNLUUABLSEY (Cascade Classifier) nslasidwuniuusaseadunssuiunig

Alasunsimuiemuyssdvsamlunsnsisfuingliinnugndes Ineagldfmduunwuy

£

NTLUIUNIINTIITUTR IaeNIsUTZINaNaT L TUTOU W

[V o o 1% £

wsvanesuseiuldudfu waud

!
v v =

avsouaunsananingildlaingiaulasen Wisaunseuiumsnudiuanresmiisinegosy

q

(% ' '
A I L a

A o a ° & X
Lﬁa@f\mu’)uﬁﬁawumﬂaﬂﬁG]Q‘V]aus[fﬂ ﬂigU’JUﬂqif\nLLUﬂuf\]gLLa@ﬂiugUW 3.3

Subwindows

Detected Object

Rejected Subwindows

5UM 3.3 TuRBUNTINNUYBINITIIMUNLUUABITES

3.2 N1SASIIUATILATDIUNI18508UA (Logo Detection)

A139M5IIUNTIATDINUE TS UATULATNTWAILILIAILAY 2009 [2] S2uD9T Ul

ada v =®f o d! b [ o [ a o o 1 I
15N15AAN8AANNY [10] %ﬂﬂu%ﬁiﬂﬂﬂqﬁﬂq‘U’JmM’m’]LLVi‘LNEJ'NENﬂ‘UmLLWUQ‘UENﬁ']EJ‘VISLUEJu

[
1o A o 1

I@Eﬁ%‘ﬂ?iﬁﬁ’]&ﬂiﬂ%’]ﬁ’m%ﬁﬂmi’]Lﬂ%@QW&J’]EJiﬂEJuGﬂﬁ WATIHATLRUIVBIRTUAT DINUY
& v a o 1 A = [ o 1 =] 1 J [y v ) v o v d'
iﬂEJuGW]@QBJGHLLVMQLiJ@L‘Vl‘EJ“Uﬂ‘UG]']LLMu&ﬂW‘EJW%LU‘EJiﬂlILLG]ﬂG]'Nﬂ‘LliJ']ﬂ‘Llﬂ FUUUVDAINALUD

UNU T2y NALYTAvanIUNITIATY Fes08UiLAazUTELANIAMULANAIIVRIAILNLRT
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LATOIVUNETALUALN LU SaBURdINYAAA (Sedan) AUsAUTIYNdIUYAAR (Van) Fasumni

AT AT DIVUNYTOYUALANFIAULIN LU ILAUAT

AINUNTLUIUNITATIVIUAT AT DINUIETDIUANIENITHIIIIUVBUKALNITNTBIUTU
sUNslasumsimunlvianunsayszgndldluanunisalaselamneaudu lnednszuiunis

Aolui

3.21  N13RTIRIUATUATRINUYTOYUARENITATIVIUYBUKALNINTBSUTY
JUs9
v

N15M5I9TUATIUAT DINUTETOGUAAITAITATIVIUVOULAENITNTBIUTUTUT
(Vehicle-logo Location Based on Edge Detection and Morphological Filter) AUMIAILALS

A o 1

YDINTNATRWLE TN UALASTANNAFIL AD AuIns AT mIINg SagUAdz o o

[ '
Y] ¥

AruUUYRIt et T ou TULUILAUA Y A9 UNTLUIUNITAUNRIATILAS BIUNUYTOYUA Y
U5237ana0199 9N U vt 18z dou AunualagUssuuueans a3 89uunesaaus

ANUNSDAUMIINANUAUNUSAIELNT (3.2) ol

B F Youeo (\WJiE (3.2)
Y ,=Yn—t-H

X1 = Xmnin

Xy = Xmax

TnearumevesinUsauamuduiusisnelld Aviautsseuin ¢ Tngi
t = [1.5,2.2] AauUs Yy wag Yy, ADAUNLIULLAZE19U99U0IUTZNIUNITATOUA L AU
AAS BN TLUALLLILAUGS (WAt ¥) Fauus X, uar X, Ae sunisdonazainves
US2110NTOUML AU UBIRTNAS BIMLN8T LA lUUUIRALUEY (WNY X) Fauls Y., WaY

A o

Yoo, AOAWMLavulaza1svesuriatdneanetfa ulubualnauns aalus XL, bag Xpi, A9
Aunsgeuazvesrdiemeteuluniuey dids H Aermugeuesthensidou
TURLLAUAT ALAUIUTEUIUNTUBINTDUVBINS HATBIVUETOEUANY DLLANUFUNUTAU

muvisvestengilou fagy 3.4
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SUN 3.4 A29819UNUIUTEIIUNIINTOUYBINTUATDINNIYTDLUA

TAENSLUIUNISTUNBUABLY AB NISWLENNUNEIDDNAINATILAS DINUNYTDLUS Lae

N3¥UIUNIITNIVBU (Edge Detection) WHNUseens dmMIUNTITNTINTUATLATOIMUNTOLUA

L) a

ud NunasiiuTouladsunudyarusuniusdn nil il nanon15M5I93UATILAT 0IUUTY

NIZUIUNITUENA UNA I8N UL TNIZTUIUNITATIVTUMLLULTRgIUe Tuluifsuay

WUIUBUNONIATIITUMvRUlLL WIRazLINe Y Tne JUkuUYaslTlUATTLAndlUANNT TN
(3.3)

a, 0GT
G5 = (/52
== (08

(3.3)
1 2 1
698 a0 ok W
—1 2

NAAWSNIENEIINYINNITANVOU I UL UIALAZWUIUBULALAT NS LU UA L LANAR NG A
JUN 3.5
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JUT 3.5 AMUNERINNITHIVBULUING LAZWUIUBU AI8TFINsHUULBLIUE

= Y z:l' ¢ v U cal va 44' ¢ al |
LM@VLWSU@‘UmﬁqLﬂi@ﬂﬁmqﬁﬁﬂﬂu@%a? NaaWﬁmlﬂN“U@UmﬁqLﬂi@ﬂ‘mlﬂﬂﬁﬂEJU@']‘V]‘U”IQ?{TU

mely daudsisadnteyaiiglilagnisldiznisvesnisuszarananindugusuaslag

'
A

379709079 1A8N15UsTENANIEUINNITUTEUIANANINNG 4 TFn150ud oS uelivnedu Ae
| a a = an aa Y Y A aa g A4 a

N15880N, A15VBIBAIN, N5UA wazn15UA TeIsnIsiientdtiune IFnsulielRuAy

Hunngluvesveufiviameldld As3Uil 3.6 NFRINTUTIVEIBVOUULLAZANVBINTT

& ¢ v v vz X A A ¢
LAIBNNUYINYUR YI1YLLAS VI NaaWﬁﬂlﬂLUuwuwﬂaqquLﬂi@Q‘ViﬂJqﬂiﬂﬂum

UM 3.6 NINNAIRINNITUTERIANANINAUFUI19KBLIATIT19VRININARETINTUN

322 N15AIIIUATIAIDIMINESIBUSUTIAN IS IMAUNSIAReUTiva IS aEUd

A5 TUNSAT IV TURT AR LSO LR ALANASAUILA T foumnii 3an1sTiun
MNUIse (4] Bawoundlud 2013 nszurunstidnsadisieing (Windows) dmsudum
AT NASDMLNETOUR Tnesnedeiusumiavetensifou nszuiunsveneiudidumlng
$radnimumstinenzitoulnevenef uiivuiave i 1sunIsIeasuRvessneusan

Foyayradavimiluiuinnuss augun 3.7
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o w o BRGHEH TSRt ok

I thenaliou I

JUN 3.7 uaassnagnenisivaguduvitsvasviieng

ABM5Ad eun AT Imd N MBS NNTEUILN15IINNSASIAT Ut ez oy
saoud anamusafidunuiensidou nssuiunsFuaiamiaddudumdasngadio
witethevadou lumsudaluaguersvnamiindstu mwanaviindusdagisugnadly
finsgunisisinsuaiosnngsnsudiieluluy sy nadwslddofuiinsueTosmne

(3 d‘ 1 ! Y o dl & 1
TOYUR LW’eJﬂQNW‘HI‘U“U?SSJ’J@NQGLUﬂS%U?uﬂWiE‘UWﬁ’WLﬂi@ﬂ%u’]&]iﬂﬂu%m@lﬂ

L%

3.3 mMsanaAuanEzEIAY

msainAnanyasdAsy (Feature Extraction) 1unisdiuunaadnvayddyluge
o N

TayanInesnun HunszuIunslneyszuiayadeyalilanadnsiduyadoyaiiuana

Y Y
¥
v o

AuANYUEdIAY nsrvIUNsanaRuanyuzd1Ayd dnUsvinanaduyndayaninliegly
sULUUTBIINAES (Vector) Jumaunisaianudnyarddgidunisussuiananaunisdn

A ¢ v P o = . 4 ! )
LLEJﬂLf’]i@\i‘ﬁll']ﬁ]iﬂEJ‘NG’WI'J?Jﬂi%U?unqiLiﬁugsﬂaﬂLﬂﬁaﬂ (Machine Leamlng) m@lﬂ ﬂmaﬂ@mg

o w 1

drrgyiidenlddutladeddyreUszdninmassszuu lunsidellidenldnisadnaudnvue

o

Y

mgIsn1sannAuanysd AU SIFT (SIFT, Scale Invariant Feature Transform)

o

3.3.1  J|nsananuanyMaIAyLuY SIFT
AinsadaauanyaedAywuy SIFT [3] [5] [6] [11] D N1SAUNIAILALIVDS

o

nEAY (Keypoint) 91neuntsveqadAgyiils nssuiunsasinteyasoudandfaytu
1% &) 1 [ . (% le’cé s % o

wasrndurtnmdnune (Descriptor) Wnenudnvaridunninesussetvnuanyuzdday

voiuiiusagadfy Joyaainudnvasidauauifuuzaud wsududoyadmniy

NsrUIUNTHEY Anen vise 331 luddudely ewnAnudnuuril liauediuvuwinves
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AN BUINITAYUYDININ ANINLAY KATUUNBY NTTUIUNTANARMENYAMEWUY SIFT &
Sunousail
3.3.1.1 nMsAunedAyluvuIaLasTEENN
Gz‘]sjumaumﬂﬁamiﬁ’umqmaﬁﬁ’zﬁwmmLLaziwzma (Scale-space Extrema
Detection) #78A15M1A1LA 19830 T Ll TARI8nsZUIUNISIAIS I8 (Different of
Gaussian) #9@131508 NI UNTA8ATAS1 Rzfinvesniniuas (Pyramid of Gaussian)

ANMUAUNUSNNALAANENSANSTUNITAS AN UADA R UNSIne duNsse bUT

Lix,y,0)=G(x,y,0)*1(x,y) (3.49)

aun139 3.4 uanstsmsiipguliztuiuawiaduiieainnimuas 1ae L(x,y, o)
ABNMNAINTEUIUNISLUABAIN I (x, y) Aennduatunagineulisdu uas G(x,y,0) Ao
fnTe9YBIn LA (Gaussian Filter) s¥aun1sNIBLaas 19N ML Uae gk UsEulUALS LU

YpaisEinmeaunisaalul

1 _x22+ gz (3.5)
e (o)

Gy, 0) = 5—

lpgauaunisi (3.5) seauvesnmiuaeduegiua dnun (o) Fslutu (Octave) 109
N5zinATTLAUNISHUADANNUY NAANSTLARL LN INTNSZAUNISHUADANNY LIDMINAITNLN

Yuraansazlanmiuasdadu lutuddunely nszuiunsinnIsanvuInuedguata3 iy

warAINIUAINTDWNDIUADN INFB M FDE1IUDIAIRNUILERIAINAITIN 3.1

ANS199 3.1 LENIA29E19AT FNUITULARLTEAUVBINTLAAVBININLUAD

susfuludu (Scale)

0.707107 1.000000 1.414214 2.000000 2.828428

P 1.414214 2.000000 2.828428 4.000000 5.656856
3 (Octave)

2.828428 4.000000 5.656856 8.000000 11.313712

5.656856 8.000000 11.313712 16.000000 22.627424
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Scale
(next
octave)

Scale
(first
octave)

Difference of Gaussian
Gaussian (DoG)

JUT 3.8 fa819909 Wizlinvaanmiuaa (Pyramid of Gaussian)

ATUT 3.1 wansnwiiszfinvosmnivastudenmwsinaiu nszuiunnsadudnly
fio nsmeuMANeesEIaIUae (Difference of Gaussian) NS¥UILUNTHALLAAIAIIA
uANANaTEMINAUAB TSR Usnaiy R amiinmuaed Jadugadidy wiude
28AUN U UTIUYBUYDINN 1138 IAAUTATBININ NIIMIATIUUANANTENINANLUAD
ansadunlaenisaunwszninsziuludenmvliientu muaunisi (3.6) lagan k Ao
Apsivesatuuanaseninszduludsnmmideatu laedustay duiisiu s + 1 sedfu

wél k = 2(/s)
D(x,y,0) =L(x,y,ko) —L(x,y,0) (3.6)

3.3.1.2 M3AuMIALMLeYa9Rad1Agy (Keypoint localization)
PA9INNITHIMIAIU LA NFAIIVDININLUAD NTSUIUNITAINULA LUADNITUIAILIUS
o w -d! v °o v A a Y . =) °
AR Baann1sdAgABn1IMIAganNUsIAlNGLAES (Local Maxima) w38 3asi1gn
989U nalnaLAee (Local Minima) 35n115AUMIAWIUNNTIAENSIUS 8 U UNNLEATBUTY
a a ~ o a v a a P & a
yaeganaula mswWieudisy aganliunsiuiinegs 26 Ainwasoutis newdu 8 Ainwaty

seauiganuynaule 9 Anwadmiuguseauludu (Scale) dald wag 9 finwagnneain

sEAUnauUNtl MUgUN 3.9
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L L o A
”A.JLJD’
T 4
=7

JUT 3.9 Aregransaunageganuinlndlfsmiagangavasusianlndifes 26

NOLYR

Ov‘dl{j LY % Aa

yedrfgyilunadnsannnszurunsauiilaussesludrsdiuazlaganileigannie

v ) Y 9

aa A o Al \ ~ a0 v o
mammamammmau e Iandargeaaviengaibaluidazamilonianeglnaiuuin

ovdvou I a

diolAldiunmiedifyiiteddgitniudesidageifinnuuansnsiooviood Ui
mwuwmuammg@ﬁ F sdunislaeasiaansiniaf Tuaiufif (3D Quadratic

Function) \lanTiadeugndfausias aauielifndusiunisidugageanvsenign

4 q

NAIAVYIYVBIANNITUUULNELADS (Taylor Expansion) S4nauA1dsaeIvasilandu

'
1 %

‘&J d' Y o 1 6 = a o v 6w
YUNARALNUN D(x,y, 0) IG’]EJIMG]']LLVUQ@JMEJﬂ@’]QE)QV]‘\!@VI DIN1SNAEDU LAUAIINEUNUSA

a@unns (3.7)

o 1925, [ 11r 03D (3.7)
X s X 2X aXZX

a8 D LLazayﬁuﬁ‘gﬂﬁﬂlﬂiﬁi’fﬂ@aauﬁ’uwﬁﬁmmimaau X = (x,y,0)7 ABAILNAU

q

s

Y 18aNlUINAUNIUIANINaN fAuntsuedgaifidngigarsonian & Ussdulaemaynus

vosilandulpeiieuiu x uazdmuabnluaud vililaaunisnaseludl

0°D~1 oD (3.8)

x= 0x2  0x

[y

lgadEU (Hessian) Wagayiusves D 919U5eaaMsingnIsmAnLLANANSEnINgganiugn

q

9/ [
v

soutnslegldunan (Mask) au1a 3 x 3 Tnediaududourenisuszanadudadu viatim
AULANGINGTDY £ AA1N1NNIT 0.5 Tuusiagiia wanadngegeanvseniantueglnanuyni
ATIADU FAUNUITDIRNAIgAVToRanTefanUdsulunussegrinemuszegiiinaInnis

Usguaunns
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ANY893AEIEANIBMEA D(®) aunsaidiluanduiugngeaanieniganileining

wANANNUBYLA TAeNISENUAIINALNISA (3.8) adlu (3.7)

1 9DT (3.9)

A PIAIALLANANFAIONAATIUIUAS

No

FaaansTlaneguT 3.10 Wiuliinduiuvedgn

(7
v\lvvd

N13aRREAYAIENTEUIUATISHAINTaanTIwINRAd Al ellmnuadndlendu

]

£

ANNANTRLN BB sUliRaENSd v sve uLNve T luNMmALYY I ITARN SE dauves

[

addgydwunnuas liiedesuilidygrasumuiiesantdosidnin

o

drugeadlutnuanilenduniiuansedndideuiialasnan (Principal Curvature)

i
L v A

gennuLwveukazilalufiansifR It UL Arlaamaniaunsaussiuainnisaing

o w =

WRSNG Hox,  W0EANNIAAMWALILAZTUANN 9 Yagadday 1ng

]

P [Dxx Dy (3.10)
ny Dyy

LAZRUNUEATNITOUTEUINAINAILANUBIPATOUAUVDIYATINAGDY

Alewnuwag (Eigenvalue) M3pArAmANYzIaN YRS NBLARAURUSLUTHNEY
FuAlAamdnyes D i endnidssnisduiamiainadnvazianizlaeass 1es91n
NIEUILNIHEINSAUMERI s IeAngeaauazsigaitiu Sedurnudli o« Hudn
AudnuniziamzAlAuselgnunigatas § Iumausnuuzaneivatesnin Has
YBIAA M NYUTIANIZATIUINLAIININTTY (Trace) Vo UUATNY LATHAAMUYDIAAM
Srvasanigiualdanfvesiuuus (Determinant) fuansluaunsiolud

Tr(H) = Dyy + Dyy = + B

(3.11)
2
Det(H) = DyxDyy — (Dyy)” = af

Avue r {UudnInd (Ratio) 5eMiNAIAMANYUZIANITTININGALAZAINT 1938
a = rf U1 ANUAUNUTTENINNATINAISIADIUATHAR MY DIAAAN YL LANIAIAUNT

Aolui

Tr(H)? (a+pB)? (B +p)?  (r+1)° (3.12)
DettH) a8 B2t




ANUFINUS T AULARITIANUAUTUSTE IR I@ WA IEALAEAAAYDIA AR

a0

ANWULLRNITLNUNITAIUIUAIDSI LAETINAGNSUDIANUAUNUSTAFEALILDANAUAN YL

q q
1% b2

RWILVIERIMINARAINY haENaaNSHANALTU AR 1AIUNNTY AatuLansIaauln

DMNIIAIUVDIANAINANAININADATIEIUNNNUA NFEUIUNSHRNLLANAZDU

Tr(H)?  (r+1)32 (3.13)
Det(H) r

o o

NISMVUAERNAT 7 dINaRBN1TaRALILIAEIARYRITEUY

<

o o

v

5UN 3.10 (d1e) Lildvinnasaamunisvasyadafisy wae

o/

(¥31) levinsandunisveandny

v

3.3.1.3 Msnvuaian1eiiuangfsy
nasfnuaeneliiuandidsy (Orientation Assignment) ABAITATUIUNIAT
npgunuAlian (Gradient Magnitude) Lavaelsuwmdy (Orientation) lagAnaguLuATin

g ANANULTNYDIYRdIATY LavfiAnIg Ao AiAN1veIn i BN uiazand1Agazlasunis

o

]

AN REuLNATign wasiianieannnIsmuIndeyaniinwateutegnd1Ayeadiu

a5198alaunsy (Histogram) suaunisneluil

m(x,y) = YL+ 1,y) —Lx — 1,y))2 + (Lx,y + 1) —L(x,y — 1)? (3.14)

Lix,y+1)—L(x,y—1)
Lo+ 1) —Lax—1y)

0(x,y) = tan™1(

oy L Aoszaulutuiifiniuszauvesyedify Salawnsuvesiiamauwiady 36 939

(Bin) ATBUARNTAANI95U 360° Tayanlttunisaiuindalawnsulasunisarsindnlngan
9 U

NAgULUATYN kazAU iV ImthdsinInANN LB Ul AN TeAUUNINTEIU o |

v
o w 0y

J [ | LY
Adu 1.5 WNUBITEAUVDIYAEIALYU

o
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Gradient
‘ magnitudes

i

Gaussian blurred image Gradient
orientations

JUN 3.11 UaAINISUITIANIS LATVUIAVBIN ALY

o w

lnedideulunisiiugndiAgnangianrasnisnedalawnsuldiiu 80% veiqngean

'
al

9
a1 a o w < a o w = @
‘mfmmmu@mmmyazgmmﬂL‘U‘uaﬂﬁqmmﬂ MU QNE‘UV] 3.12

o

100%

8o0%

JUT 3.12 m519Falaunsy

3.3.1.4 MIATNANYAULIANIZUBAA1AEY (Keypoint Descriptor)

AENFINITAINVUIALAL T ANIIVBINNYATRUIAGATYUAD U M69UUIN

v
o w

16 x 16 soUndARTuINlnewURTurwIn 4 x 4 e daguit 3.13
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16x16 window 128 dimensional vector
»~
, !‘v « L&
PN S i ——» | OO
Kl Ko v L 2
- A “ A
Ay . v ¥ v
| <« > > b A
| Kyd L xo e s W
I - ™ 'Y
ph 4 v
D X D Vg <>
# ~
v *y v v
A A Av
v Aw ¥ v
P S b\’ K> PRAVZAS
h' < e L ’v‘

@ Keypoint
U 3.13 idsuun 16 x 16 Tnguuaduving 4 x 4

i mEwsIe 4 x 4 Gulsdierunin 16 9a Insudazgnagyiinisduin
mﬁwmumﬁ@jm uazeeaisumiy Tngaziwunairadumsdalaunsudifinisudig
Y0904 8 919 PrvazUszaa 45 e Inefiluusiazdicvesesmiy sxinsm A
TneAnihaminmaty 1 - d luudagesa 4a d fawriuszezriannAoasuniuiiyn
Aunansvesqnddny Tnsfinnueiyn vesalnsinsuasuiifu Auseadyaquieeimiind

1931 HAFNSNIMUARLAUIAINNTIA1I9UUR LAY 4 X 4 X 8 WINAU 128 1INLADST LUl

2°

azInd
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3.4 N133319TUATDWNYTOBUA

ﬂ?iiﬁ’]ﬁ]'ﬁ?Lﬂ%@ﬂ%ﬂﬂﬁliﬂﬁwﬁﬁu YNNI IMUNTLAVDIATIATINUYUAL TEY

]

Y o

)

YHIAYDINTNATDINUNEY LNOTTUTOYANNENUDITALUAUY LAgNITATILULAGNITI I
ac - Yy Ao va A o s I3 = v o

nsruIUMTIskuUieuiunlndlAgsge wazlunadnnasmanmesuusdulunisiding

44' ¢ v o &
LATDNNUYITNYUSR ﬂ'ﬂﬂﬂi%UWUﬂ’ﬁ@Q@@lﬂu

3.4.1 nM333areAduunivaudiulngiaes

a a

nszvIunIsAun i eulIunlndifesan TnsldnisAuiumssegniagalingd

Y
! v q' A A v v 44' v & U sav v <, v
izmﬂwayjawaﬂﬁ] Lll@LWHUﬂUﬂJ@%a@Ui@UﬂJ@Haﬁ@UH NaaWﬁWl@QZLUUﬂQN%@HaT@Q
a a ad a a ad‘g PN = a wa al Y U !
iwzmqusquw IWEJi%EJ%VIWQL‘UQﬂﬁﬂUNVlﬁUV]Ejﬂ LLﬁﬂﬂﬂQﬂ’]ﬁﬂJﬂ‘maﬂJUWWIﬂa LAENAUIZNIN

1%
% ~ SNy = o v

JoyanaulatunguussinnilldiuTouiiey nseuiunsiliivenses darududeulunisaiuiu

1 Wesnfusgiuiiiewa 2 Uade Ao svezmafieligiisenindeya uasduiuvesteya

(%
0 = 1

50U (k) nsuioutuilnatAe sty danunuymusedyaiasuniu wagldinailunis

Useunananey
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nsmeanieutuilnafan aunsadunlalagaunisi (3.15)

(3.15)

k
d(x,y) = Z(Xi — ¥i)?
=1

3.4.2 M3ZVMUUTHNDTALINADTUAYTU

N33 uudunesannmesuuwdy Ludane3iiuiansadiunldiionsdiwun

[
v a=

Toya lngnisvduuakuengudeya 91W3de [4] In1sussyndlddanesiuillagligalaunsy

[

pONWAAYU (Histograms of Oriented Gradients, HOG) L‘ﬁuamé’ﬂwmzﬁmm

o

Maximum
margin

" ./ i

JUN 3.14 uamanniduuntsdauaiisnunsauisdayasaniu 2 nquld

5aﬂa%ﬁuﬁﬁ’]ﬂﬁuiﬂEJﬂ’liUiziJ')ﬁNﬁﬁ]’]ﬂ%@%ﬁﬁﬁ’lL‘flJ”lZJ’lLﬂw;lj‘ULLUU IAgNTEUIUNITYN

v IS

nsUsEnamuIkUIndnward Aoy Inadoyantndianluudazdeyaiowin n

Y

a

R JUN 3.14 ugnasiegietaya 2 ¥ Yedausiariayalivuindedld udazyntoyaldnuiu 4
foya uwwlsinnglunuassiaeguautsteyaduiosnnuuautsienaduldvas
1A Jusenilaesinau (Hyperplane) Imw‘hmeﬁmmzauﬁqmﬁm%’umiawLLu’gLLﬂﬁ
SendnwunUsiiminzay (Optimal hyperplane) wuauusiimanzau fo wuawlsiiaunse
wanenvieduunngudeyaldiussaviamgega lunsdiideyaliaansautsuenlddeoun
wisidudumsmisounsstaanssnetndusuil 3.15 deyadhindrgszuuazgnuuasdoeya
Alidadulaeldilsidundnmansuazndnnsveaneiiia (Kemel) lunsuvasdoyaliidy

ML AGRHRERIIRIN LRI IRINEAATIRS
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Feature Space

Input Space

2
&
&

¥ ]
=~ = [

= & da [
FUN 3.15 LAAINIWNITHUNIINNUNBUNA (Input space) LUUNUNAMANTMES

q

(Feature space) lngn1sldinasia

wwaswaniuldlunisuszuanantadurasuat®adunse (Linear) Inaluwiisa

Ao ! IS

(Polynomial) Lsifea (Radial, RBF) %30 nuass (Sigmoid) Ineflenduiinsnaiiianudunus

fudeyasuandluaunis (3.16)

K(x,y) = x"y
KCx,y) = (yx"y +1)¢
K(x,y) = eCYx-21)
K(x,y) = tanh(yxTy + 1)

3.5 agUauideinevas

v o a

Linear Kernel (3.16)
Polynomial Kernel
RBF Kernel

Siemoid Kernel

[y

NUATENA BB UUNT LA UITNELN ST UIIUI NI NS LN UINDULAL LN 8T

'
= 1 a v A

AUNUITEN LU UIFMNYINUANTATIVIUATIATDINUETOIUS 91UIILLNINUNITANT

ANz AYLarTINANTII Insluunilussensfielitin1suenisnTaduns Aoy

o

Y831UITENBUNTNADINAY NTafaRaNEMEMIeTITNIS SIFT sIufan3annldsiuiy

nsanpAudnuay Nalielemdiladaisnis wwide vesunlasunismeunsnouni

Lu3IsNsANTuN1SVeIITn sReuntn i uAuwUUTEd

yssengluundaly

'
ya o v

delgNuIIT N5 UIVuT I
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undl 4
N13ATIRAVLALIINTUATDINUYTOLUA

NTLUIUNITATIIULALSIINT A DINUIETOEUA AT UNT o LasTUNTZUIUN1SID

Y

MnAtaesuteluunnauning TneddisunszulunisinelIvesnuiasuisluuni

4.1 AMWSINTZUUNITATIATULALIINATIATDIRUETOIUR

Y

AMTINTLUUNNTATITULAL FTINTUATOIMU G TOIUALARIGIFUT 4.1

Video
Surveillance
Image

___________ ___i___-_-_____________-_____

) RGB To Gray
Pre-Processing Scale
Conversion

""""""""" "’{"""""'f"ff'fff"""

|

IROI Selection Based
| on Edge

| Features

---____-__-__-_--__--:_f-:L__fff}-f .....

Support Vector ¢
Machince

Logo Recognition
A Convolutional
Nearest-Neighbor Neural

Classifier Netowrk

License Plate | sliding
Locatization Windows ’

SIFT Features

JUN 4.1 f9819N1591191U4VRTEUY

szuuyhousenilu 3 Junou fe MsUTENIARATUAW (Pre-processing) N15MT299U
M31LAT DINU1BTOUN (Logo Detection) kaz 1133 310TILAT 09NN UA (Logo

Recognition) lagufastunpuin1suseinanates aeneludl

¥

[
4.2 NM5UTTUIQNAVUNY

< % 1< [ v |
n13UszataNatuaY WWunszsuiun1susuuTamnImveIn iz audans
Uszananalugiusell Jsonafunisandygrusuniu iinanuaudn wisn1suUasdygyiu
~ @ = N A Yo o [ =

Aanszuunilsluldudnszuunisauinssuiunsilasunsiaun e dsdunsesuiuns
nlasunisvannll ianuaulalugudnvasvesingiusnglunmdudlszneundnlay

flaldandnvaeaudnuanguildsulunisussanana
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(%
LY

#91TUNSUTLUIANATUAUYDINTZUIUNITAULAUD VI NTZUIUNTT wWUAIA IR0

T o

a

saa & v o 1% d' U cay v I3 Y]
ATNANTLUUDTIU LUUNINTZAUELNN Iﬂﬁlsﬁﬁmﬂqiﬂ (2.1) NaaWﬁﬂlﬂﬁ]SLUUQWWizﬂuaLVIW

4.3 N1SNTINIUATIATOINNIYTAUUA

A1ASIVUANTIUATDINUETOEURTULAT NI TWAIUILAILAY 2009 [2] TIAUNINAENIS

19 aun1so19deiuswmiavastengdoy walldn1suueunIneIe3sn1stalua lWn1sAUMI

=

ALNUIVDINTILAT BINUIETNBUR T IUTLANT NINVDIUITEL NUIIFTLAUIVDIAGA
A3 onunesasudi v sdnensifoudesogludmunisiliuanaisiuuinidn dadu
Fodnfausenisnils laganizideuinseuiunisiulssyndldivaniunisaldagdud
AU IR AT DINUYTNEUA T AIIULANAN A UAIULA AL TV DAL USLLANVDITOEUR bUT
2013 [4] 19891123 8NN AILINITNSINIUAT AT DINUIETALUANILNITNTIITUNSUASULUAY
Y9N IUmsUTReNY eNUNISHUASULUAISURERIDINISAADUNLUNNNVD9508US SEUUTY
o 1 = [ o W2/ a o v 1 = d’{ 14 a o
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V1= yplateMin e (Step X hplate) B (0-7 X hplate) (4.1)
Wplate
V2 =y1+Wplate+( 9 )
Wplat
X1 = XplateMin — ( p6a 6)
Wplate

x2:x1+Wplate_( 3 )
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-1 0 1 (4.2)
Gy= -2 0 2

-1 0 1

1 2 1 (4.3)
G,=0 0 0

-1 -2 -1
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JUT 4.3 mwntisneniagausiy (3Udhe) 3UN 4.4 #298199990 NV UNNU
LAZAINNAIAINNITUIVBUAYITNI5LULUA ASTUAUNISNIVUAAINTELIAN
(3Uv27)
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NAIVINNITWIVBUNINABITATIBLUARAD LVINNITUUBININV1IA1 (Grayscale) 7

a

finafiAnegsening 0 - 255 Widuwuuluwdmenisinueainsalead nadnsuananagy

4.4

4.3.3 M3UszarananniuIuIwazlasesnsvanw

T 99310 lAva UNINT HIUATAINUAR NS ALan mué’aﬁ%é{’qmmﬁumﬁ

¥Ya v o

LAS DINUINVUANLAUT AT LN FarITaTnTudaafiunszuIunIsaLANLALY9I19n18Tu

Y

A51LAS 991NN nsUR N LU 1Aeazd18YNlARSILAS 9INUNETNEUATAT ULLADN a7



33

nsrvIUNIsUNADNsUsTINaNan AU UTlaglATes 9w Bus1ayld nszuiums

VYIAN, NIEUUNITUA

NTEUIUNITILESUAINANTVINITVENUAMN ALY AL AR UARLLUU wadtunawnuly
vutayanmauaiunaeaninm@sluragnasuiuvswikuuassiuiiniadayanng

finigadlAnwiniu 255 dufazinsgioussivuy

fusioluaghnszuaunsUnvesnistsznananmiuguiuaslassiawanin Lite
Fuituianeluresiaglunmilmely iieusuugsamnmuesnmlaongugadvniifinieed
sefuAuIduuas 255 asvEisvuineontly tazangaddfinieadszduaudunas 0
meluing wadwsvesnszurumsiviliinglususiudn uastBususstuasuandviiulusy

fias

=
LN
L
I

= % a
gﬂ‘VI 4.5 KA9INITUIUNTTVYIUAIN ASNTEUIUNITUR

4.3.4 NFTUIUNISEINAINIINATSLATBUNTANS
N3EUIUNSERNAININNITARBUNTAN IagldnsAuauSunanguiniganseau
ANALTUKAN 255 LA AUIMTTEENI9TENINNRAAUENAIYBIN NI UNGURNITaTTEAUAT

LLLES 255 LgAMUIMAINTIINNAIINNTTUIUNITATOUNTINI kaadenn nidnguiiniea



34

NILAVAMMTULAS 255 N gn a1 L saideenisagldaimnisrad

ASZUIUNNTUSUBNAINUEINGVDININ

|

UM 4.6 AaE19NstaaNANTIENY TN

)
ho)

4.5 MIIVINTNATOMNETALUA

N339MINAT BIMINEI0EUS N15VIeINesuUteandy 2 @ nisadnnudnuuy

o w Y aa ° d' I3
dmey mEJ’Jﬁmig‘tJLLU‘U SIFT Lagn15A L UNUTLLANATILATDINNIYIDEUR

4.5.1 3n1safinguaneasdAguuy SIFT
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TURDUNADNITUIAUNUIVDIIAAIATY TAUNITATUIUAILLANFIIVDINITLUADA TN

(Different of Gaussian) A2835A138519 WIzlavoInINtuas (Pyramid of Gaussian)
Lix,y,0)=G(x,y,0)*I1(x,y) (4.4)

aun1sh (4.4) duazvendamsvireuliziuiunindiatuiiieasaniniuae lagd
L(x,y,0) ABAIMNNEIINNITYINNINUAR I(x,y) Aonmauatuiiagyinasulizdy uas
G(x,y,o) Aeflamasvoeniniuas syauilamesniniuasasuusAulunuseauueaiiseiin

sgaunisaalull

G(x,y,0) = 2— e- 202
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AsErIneseaulutuientu suaunisi (4.6)
D(x,y,0) = L(x,y,ko) — L(x,y,0) (4.6)

TAgaunISUNINTU D ABAINALAAINNAITAUNUTEIINHIATU L ADAINLUAD tAe

a1 a

Wnsaunmiuastulzlinmnegtufedty waslia@nuuanseiuiiua k 31naunis

i (4.6) Inguanssgnasagui 4.8
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x = (x,y,0)" ADAIUNUYDIPAAIALY haIRIAUITDY & ADANNAINUALAENITUIBYNUSVDY

lardull ane1ves x karfvualidugud

0°D~* aD (4.8)
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H= [Dxx ny (4.10)
= Dy D

AlelnuwIg yiserAudNYMzIaNIE TR LI NglANNENN LS WU SHNAUAUALAImED
94 D ilondnidssnisinamaiqadnuazionislnenss 1Heainnszuun1sdieanis
Fumndngdiusenitsangigaunazsinaniintu fasusinuely o Wuinudnvuziameds
Auuafigaunniiganas B 10ud nudnvazanzivuintosndi nasinvesn 1A
aNuYAERMEAUIULIAMNINTTVOLUATNE warHARMYBIAIAMAN BzaNIEAILINLAAING

WoSHLUUA sanandluaunsaalull (4.11)

TI‘(H) - Dxx + Dyy =a+ B;

h (4.11)
Det(H) = DyyDyy — (Dyy)” = af

Anue r Uudnsndi (Ratio) 55MiNAIAMANYUZBNITTILINGALAZAINT %38
a =7 ki3 ANUFUNUTTENINNATINANGIADIUAE WA UYDIAA TN UL UANIRIAUNTT

seluil (4.12)

Tr(H)?> _ (a+B)* @B+ B)*  (r+ 1) (4.12)
Det(H) o rg2 a™ r

o

4.5.1.3 nsnmuaiamsliiugagfny

v

nsvinuvesdiuifen sAaIAINIREULIATIN m(x, ) ABTUIAYBIYAFIAY

'
a

U9 LazA10eLTUWTY 0(x, y) BeRefiAn1arainIiey lngasAam luwsag IR Ay Ny

]

199 NUUILLIVUIN UALTIANINVDINWALUYDINNLAUTINTEUT NV ARYEILIETS

Falawnsy IeAUIIUIN LALHANI9INAUNITHE (4.13)

m@x,y) = LG+ 1,y) —Llx—1,y))%+ L&,y +1) —Llx,y—1)2 (4.13)

Lix,y+1)—L(x,y—1)
Lx+1,y)—Lx—1,y)

0(x,y) = tan~1(
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K(x,y) = e (-Ylx=y1?) RBF Kernel (4.15)
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M13799 4.1 waRINITUTURILUSAY Gamma wag C SAWaaN5IINNITWUtayALNDLN

a a < 4 174
WﬂﬂaUﬂizﬁﬂﬁﬂqW%aﬂiu mai'ﬂmﬂumsa gasAINUNNADY

- 1 5 10 50 100
Gamma

0.000001 | 35.3866 43.7928 47.5125 54.8726 52.2379
0.000005 | 52.3333 59.8014 62.1314 65.4811 65.7630
0.00001 | 58.7266 65.2168 66.6769 67.2848 66.8201
0.00005 | 67.6460 69.9936 70.0619 69.0554 68.6590
0.0001 | 62.6049 65.2014 65.0516 64.7216 64.7169
0.0005 | 33.1315 36.3777 36.3666 36.3644 36.3644
0.001 | 25.3617 27.3240 27.3240 27.3240 27.3240
0.005 | 20.9615 21.1069 21.1069 21.1069 21.1069
0.01 | 20.8140 20.8382 20.8382 20.8140 20.8140
0.05 | 20.8140 20.8140 20.8140 20.8140 20.8140
0.1 | 21.0474 21.0474 20.8140 20.8140 20.8140
0.5 | 20.8140 20.8140 20.8140 20.8140 20.8140
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ASEAT C = 10 waznadauAUAILNNEIILYI9 1076 < ¥ < 5 x 10~ A1SpavAy
gnAeudisuainiesay 47.5125 1 y = 107 tiiuduiieiesay 70.0619 1 y = 5 x 1075

LazLSUanad

nsdlA y = 5 x 107° wagilfisudn 1 < € < 102 Ardesagaugndeudeuain
Spvay 67.6460 71 ¢ = 1 wartNUTUDIToAL 70.0619 91 € = 10 WATLSUAAANI DA C
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JUN 4.18 n9uanIN1sUSURIuUsAILNNNILEE C SIUTINAANTIINNITUUITaLaIND

UMagaulsEansSnInvadlung

4.5.2.3 M33auuulaseineyszamiuuaaulagdu
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AuanwrdIAYaINITN1sABUlIgT (Convolutional) n15¥viad (Pooling) uagillAT1es

<

naansmelasatneUseam (Neural Network) wielulanadnsoanun



46

E——
Flattening

Input Layer Hidden Layer Output Layer

<
Convolution Layer - Pooling Layer Fully Connected Layer

UM 4.19 uanen1sineueasnisidnnuulassigussamiuunauligdu

N3UT 4.18 WWIBnsaumunazuuvendy 4 Juneu Ao Aouligiu wada wivivuily

(Flattening) wag vjaﬁamﬁﬂ“ﬁ"u (Full Connection)

Aen1susnAenaul gy N52UUNN5IUNTUARIT VU ATV TUT LA LLazNISYINADY
Tgtutuseaimuaiiawes (Filter) saufiaudsidndusesimuaaide dlnse (Stride) uaz
unARY (Padding) Tnepalnsatuasnungted uaunisimaeauesiames wu Aalnsaian 1

d{' a 14 o 1 A= I3 @ o d' ) 1 1 1 a [~4
ASLARRINALADT 1 fwsLe ordAndu 2 AYNNISPRBU 2 FIUe LazdrumwnARsazL Y
ANV UNNLEE LR8TBUNWEU ATWNARILAT 1 L LNURNLGAYDUITDUNINAI1U1NTUY

819 918 ¥31 B8R 1 VIanua fa3un 4.19

0 0 0 0 0 0 0

0 1 0 0 0 1 0 0 1 0 0 0
0 0 0 0 0 0 0 0 0 1 0 1 1 1 0
0 0 0 1 0 0 0 f /’{)\, 1 0 0 = 1 0 1 2 1
0 1 0 0 0 1 0 0 1 1 1 4 2 1 0
0 0 1 1 1 0 0 0 0 1 2 1
0 0 0 0 0 0 0

Input Image Filter Feature Map

UM 4.20 uansnsinaeullgdu lagldiamas

wasannisvineulagdu wdafivindeudilesan (Non Linearity, ReLU) Wufans

1% = 2 a v & = ) o v Aa
LLana;ﬂawaaﬂmLﬂumauimﬂu 0 Y9LIANITNUVDUANANAU

Y
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msvhudlanads

0 1 1 1 0 1
Max Pooling
1 0 1 2 1 e
1 4 2 1 0
0 0 1 2 1
Feature Map Pooled Feature Map

U7 4.21 uansmsi uilawadslunsausuin 2x2

drusielUAemsimamests Aemsudaseyanistedavatsuanludoyauniifen
Aomswieudoyansudidiuresyanauiaty vsedinuein1ssdimelasidielssamiiey

mugﬂﬁ 4.21

Flattening - .

Pooled Feature Map

JUN 4.22 uansnsimawmasis

drugavheareuiaty vsediuvensiiielasinelssanniien Taen1335n1s

a

vinazwendu 4u (Layer) Mavun 3 Fu 1ududunn (Input Layer), Tudawau (Hidden Layer)

AULo1ne (Output Layer) loguuinvestudunnazgduunnwiniudnuiuveunanas i
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FUBAU WUALHVWIN LAZKAIMNULATILIIN VLA @avnelduodnnazdvuiawiniuiiuiu

ANAVIVINANIEIUIUTEIANEDNIT AAUN 4.22

Input Layer HiddenLayer Output-Layer

Fully Connected Layer

UM 4.23 uansludiuvainsiinniglassiigyszamiies

v v
Va (% o

%ﬂdaum'amﬂﬁ@’;ﬁ]ﬂlﬁﬁmumﬁmau%’uLLazé"}éﬁ’U&hwaa CNN lngusiazduazianuiu

'
S

PR UAIUT
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unii 5
NANISYNNADILAZNITIATIZINE

unidnauateyad 1 miun1INAae AL NAN1INAABIIINADIBIAUTENBUNANTDS
TEUU B NIATIATUATUATOIMUNETOOUA kay N153TINTUATRMLIALUA AIT188wLDEn
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5.1 Y2UAHINITUNTIINAADY

Y

o Pt

Toyanmitldlunsneassdunwsasudsain 9 84 lasidunwaiainszuy
N&092995nd Wi UATI9aN N5 195U Ui a1 Taetdunimdivuiinlugaaan
NANeTY MNULERIAS AR B MINBSaEUADE 19T LaL TnTanmuasvals T uTinumnanei s
Tugaa1idiue 197 Juan ANETIIR Y3 e T LaIET D UAIUUATILAS BINUIETALUS NN

asnAsemIIsaeudninnldneaenlunwas e mnesasusa LI 9 Bvie AT 5.1

> A

Chevrolet Ford

Nissan Suzuki

JUT 5.1 ATLATRMIINEI0UA

AMNATIAT DINUNYTAUAT LT LUNITNAADWTUNINVUIN 640 X 480 WnLwa Laedl

TOUANINTINTIVIUA 3,195 N 9T YIRS UATRIVIINEUA Rz AT UTYUIALANG Y

v =

ANULFTEHEN199D9INA 092995 UAN U UNNAUSOSUAT NTUTAN UDNIINUUKAITIUIUATA
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A15199 5.1 LEAIIIUIUATILATDINUILTALUA

B MUY
Chevrolet (CHV) a24
Ford (FRD) 246
Honda (HND) 414
Isuzu (1S2) 461
Mazda (MZD) 239
Mitsubishi (MTS) 290
Nissan (NSS) 513
Suzuki (SZK) 155
Toyota (TYT) 453

5.2 N1SNAABINITATIAIUATILATDIRUIETOIUA

LHI9YARBINTIVIUATIATIVHILTAEUANINNTEUIUATE U 4.3 Nadnsan

< o =
NSTUIUNTSNULEUDEINTOLERI AT 5.2

M990 5.2 LAANATWS NISASITIUATILATAINUNYTRYUAAAIS LTI SNI1SANUAITaN 4.2

A5293ule Ligu1sansiaauls (%)
(%) CHV FRD HND ISZ MZD MTS NSS SZK  TYT
96.21 0.81 0.53 0.25 0.69 0.22 0.31 0.28 0.06 0.63

ToYaINAITI99 5.2 wandbiiudssansnann1sngiasunienssuiunisiinaue

1A8ANLTONTIVIUAT A DIVUNYTEUALA S aEaY 96.21 warlianuisansiaaulaseuay 3.78

198m51LA3 09NN saeuR dvawelsian (CHV, Chevrolet) Wumsuas aevuneyi ldanunsa

asaaduliunfigaiusesas 0.81
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AN9199 5.3 WAAIHNAANENITATIFIUATILAS BIUUIEVDININT L AINUALLD UAKBLIUIAVD S

Nawmasnwanananu

A15199 5.3 BEAINATNSNITATIIUATHATDIVUIEVBININNRAUALLDLARAZVUIAVD

Namasinanenu
Accuracy (%)
Filter Size
3x3 5x5 <7
Resolution
640 x 480 96.21 90.01 63.82
800 x 600 74.61 9367 64.63
1024 x 768 20.47 95.08 65.98
1920 x 1440 0.00 96.71 73.86

A197199 5.3 WAAIKARNEN1TNTIITUATLAS 89UN8YasTlaLmasuAazauIn nunInly

v '

wiazauIn Fen1nlunisnaaeddzduuuin 640 x 480 kiR 338 lAviINITUTUTIANIWLE

LY

FUnANaANSNITAI99Y wanuInlurwInn I kans wAusnduRadlduunnesilamesi

' v
saa o

winzanszdivwalawesnanluseluglunlalinaans 7 duagulidunadnsnvunzus

A¥IUINATN LABYUINAINT 640 X 480 HNZaNAUTIaLADIVUIN 3 X 3 NNIUIA 800 X 600

1024 x 768 1920 x 1440 azivanzAusiawmesuun 5 x 5 duaglinadnsn1snsaduianan

5.3 Naﬂ'ﬁ‘ﬂﬂaaﬂﬂqiiﬁqﬂiqLﬂ%@\?‘l’iﬂ"lﬂiﬂﬂﬂﬁ
NAENENN15ATIITUATIAT DI TnEUs LTunmdsainnisindinsiaiesmune
Usngudutnglunim amwariuasiiluiunszuiunsisnsiaiemansiaglunm las
NSEUIUNSTIIMTIAS BevE s agud T mege UL seant Dy 2 ngu Ae ngudinidady
nszuILMITiFeedunudnvuzdRey (Features) ITudoyatiinnszuiums uas nguiiaes
JunsvaumsfianunsaSeuiuazdumandnuuzddnlunszuiunsldios lnonguiinils
duldnnaouiunssuiunisiiaesnszuiunis fe n13Tdaenissuunuuuii oty
Tn&iAes uar nsfduuuinmednnnmesuundu dwiunsruiunslunguiiaesiuldnigdsn

wuulasatguszamuuuneuligiu

N32UIUNSlUNg UANTAUY AMRATNEIINNITATIVTUILHIUNTEUIUNITANA

v ]

AUANYALAALAI835N1T SIFT fanldeSutenssuiaunisludiuil 4.5.1 nadnsilaannnis
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afananvuzlinadnsilu 128 nnwes dwsunszuiunislunquilasatiu nszuiunis

anusafumandnvazdrgylunszuunslaeddidnluiesinunisaingudnuusdAy

119991 ST UUNTH9IUTIUY ANALAIINNTZUIUNITATIAIUATHATDINUIETDLUR

Qe

<

tuordunmmadnsidvielifinsiaiesmne duandenmansnyadulumss 5.2 $1edu
Frfuntsnaassagdiunisiuteyaninuadwsvisansnsiifionnaoutszdniamues
nsruaunTi9 nsdunsnidudeyanimuadniianuaainnszuaunisnsadun
iSesvsnesasusd way diuilasndudeyanmuadnsannnszuaunismsadunsiaiomneg
cala

soguAlNIEANRaANSTdnTuATRMINEW TUIenAdeUUTEANTA N TEUIUNTTITN KA

N1SNAADILALNITIATITINAUL AU IR LU

5.3.1 nansuaaninsiadaedaduuniveutulndide

n1sfsdemsuniftontulndifssdy Sudufosailumadmiunisisinon
iluldau lunsmnasussuudedeyaitei doyalaummeasuienisnaUssdiulag
wusngutenaiduvingau (5-fold Cross Validation) doyaunazeaiuazlsenousieiiunuyes
uriawnaudoyanudndiudeyail ffadulunsadisdunuy doyasiuiu n - 1 dw loed
(n = 5) Wudeyasuuuy uazdeyavisdiudududeyaildlunisnedey nmiveasuas

ALiun1g n sou Ineadudsungudeyaniuly Melllumanisiddimund k = 1 waans

NNITATINTUATIATDINLE SO UUALERILUAITIE 5.4

=] v v sy v a v Yo v v o
M990 5.4 LLﬁﬂQ%BQaNﬁaWﬁiaﬂazﬂ?'ﬁlgﬂﬂa\‘iLQ?IEIﬂ?ﬂﬂi%U?uﬂqigﬂ'}ﬂ?ﬂﬁ?ﬁﬂLluﬂ

weutulndifes TnslidoyaniunadnsunaINNszuILNIIATINTUAT

LATDINNETAGUR
Accuracy Result

Sample CHEVROLET [FORD HONDA |ISUZU MAZDA  [MITSUBISHI [NISSAN  |SUZUKI |TOYOTA |NULL

CHEVROLET 87.25 1.25 1.75 6.50 0.00 0.25 1.25 0.00 1.00 0.75
FORD 0.78 81.18 2.35 5.49 0.78 0.00 3.53 0.00 4.71 1.18
HONDA 0.00 0.00 97.44 0.23 0.23 0.00 1.40 0.00 0.23 0.47
IsUzu 1.32 0.44 1.54 90.77 0.66 0.00 1.54 0.00 1.98 1.76
MAZDA 0.00 0.00 0.80 0.00 94.40 0.00 2.40 0.00 2.00 0.40
MITSUBISHI 1.03 0.34 1.38 3.10 0.69 84.48 4.48 0.00 4.14 0.34
NISSAN 0.80 0.20 1.00 2.60 0.20 0.20 92.40 0.00 2.20 0.40
SUZUKI 0.65 0.00 1.94 0.00 0.00 0.00 1.29 92.26 3.87 0.00
TOYOTA 1.30 0.22 1.52 0.87 0.00 0.22 1.52 0.00 94.35 0.00

Nan1sNAaBdLandliliuSesarAUgNABLRREINAT AR S URL I NETeLnY

T4 Yoy an mUANNIUNTEUIUNITATIITUATIAT BINUNETALUAT SUTENBUMEAINAL AT
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ATRIINEkaz N lilins eI emaneINnTEUINNSiudn 5.2 laelia1nnugnaessey
az 90.51 lngnsuAsovueNdTosazAugnAeInfiande HONDA laelisasazalny

2V

QNABY 97.44 uaz MAZDA laglifavaranugnaed 94.40 Mallnsuaseauneilisesazraiy

'
=

gneaesteefiande MITSUBISHI lneiisegazainugnsies 84.48 uay FORD Nisosarainy

QnAed 81.18

anuaellidunisnaaeulsz@nsnimvesszuuidn Inenaaeuiuninilaain
N3xUIUNIATIITUATIATBINESAEUR A miildlunisageudunwilinsesesmunens
sopudusng duinglunim amildusingasiasesunssesas 3.78 vaanmiianualdla

113 ENAFDU NANISNAADULEAIFIANSINN 5.5

M15199 5.5 wEAYaYaNATNSFaEAZANNYNABILARERAINTEUIUNITZINRILAITILUN
wautlndifes dredayainldainnisnsirdunsiaTemsne saguand

\ATDINNILATITALUAUTING

Accuracy Result
Sample CHEVROLET |FORD HONDA (ISUZU MAZDA [MITSUBISHI [NISSAN  [SUZUKI |TOYOTA |NULL No Detection
CHEVROLET 88.73 2.00 1.00 4.00 0.50 0.50 0.50 0.25 1.75 0.00 0.77
FORD 0.78 84.80 0.78 3.14 0.00. 0.39 3.14 0.00 5.88 0.00 1.08
HONDA 0.47 0.00 98.82 0.00 0.00 0.00 0.47 0.00 0.23 0.00 0.02
IsUzu 0.88 0.00 1.10 94.01 0.00 0.22 1.98 0.00 1.54 0.00 0.27
MAZDA 0.40 0.00 1.20 0.00 O TElt 0.00 0.40 0.00 0.80 0.00 0.09
MITSUBISHI 0.34 0.00 172 241 0.34 86.41 4.48 0.00 3.79 0.00 0.48
NISSAN 1.00 0.00 0.80 1.20 0.40 0.20 93.07 0.00 3.20 0.00 0.13
SUZUKI 0.00 0.00 1.94 0.65 0.00 0.00 1.94 91:51 3.87 0.00 0.11
TOYOTA 152 0.22 0.87 0.87 0.00 0.00 0.65 0.00 95.73 0.00 0.14

san e UIIndeyaaiidng AT o soeuRUTIngeganday ataiyald
AadumnugnAeIifenay 92.24 lnglAdsainensisnoudniamissazmiugniosgianie
HONDA #i¥euaz 98.82 Waz MAZDA Mi¥esag 97.11 UavmsAsemmneiisesazmugnios
Afignde MITSUBISHI i¥eray 86.41 uay FORD N3ouay 84.80

nIneaeisapdnandiliumINuANANTERIINT I AIedayanmilainnis
M3I9TUATATBINUIEI0BUATID1993dv3 0l TRT AT BINNBRTITABUAUIING AUNT
TYANINTHIUNTEUIUNITATITUATUAT BN SRS UL IEA TRy dnTIATewMINY
s o & a o v o v < @ o 1%
n31sasuusng edanfdnawsluudidunmilivsngasiasewmngiduinnuiesas

3.78 winaansiegazanugnisuadeilasyninansalinsasisiuiosay 1.73

\Hesnnsnageuiinisnageulnendnnisnisuiingudeyaiduingu neldluns
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Standard Deviation

Sample CHEVROLET |FORD HONDA  [ISUZU MAZDA  |MITSUBISHI |[NISSAN  |SUZUKI [TOYOTA |NULL

CHEVROLET 3.00 157 1.00 242 0.00 0.50 1.12 0.00 0.50 0.61
FORD 0.96 7.29 1.47 437 0.96 0.00 1.47 0.00 2.00 1.57
HONDA 0.00 0.00 1.36 0.47 0.47 0.00 1.36 0.00 0.47 0.57
ISUZU 1.28 0.88 1.12 1.64 0.88 0.00 1.12 0.00 1.08 0.88
MAZDA 0.00 0.00 0.98 0.00 344 0.00 0.80 0.00 253 0.80
MITSUBISHI 0.84 0.69 0.69 2.53 0.84 4.08 1.76 0.00 2.34 0.69
NISSAN 0.40 0.40 0.89 1.36 0.40 0.40 1.62 0.00 117 0.49
SUZUKI 1.29 0.00 2.58 0.00 0.00 0.00 2.58 5.24 3.16 0.00
TOYOTA 1.06 0.43 2.02 0.81 0.00 0.43 0.53 0.00 2.1 0.00

M99 5.6 uanrdediuuinasguvesiesay ANgNABIvDINITT e f TN
dleurilndifesiedoyariomaiiiiunadnduiainnisasaduasieissmnesasud tag
309NN TITEUATIIA LD BaUUdAaILAWURD HONDA NISSAN wag 1SUZU Taeilan
Deauunmsgdl 136 1.62 uay 1,60 muaiu Laziesesnensisnsudnliiunanszny
sensduidendoyaindigado FORD SUZUKI waz MITSUBISHI tnefianidsauusnasgmd

7.29 5.24 wag 4.08 MUAIAU



58
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Usng)
Standard Deviation
Sample CHEVROLET [FORD HONDA [ISUZU MAZDA |MITSUBISHI|NISSAN  [SUZUKI |TOYOTA [NULL No Detection
CHEVROLET 3.25 1.70 0.94/ 242 0.61 1.00 0.61 0.50 0.61 0.00 0.43
FORD 157 4.32 1.57 2.00 0.00 0.78 2.00 0.00 3.28 0.00 0.76
HONDA 0.57 0.00 1.49 0.00 0.00 0.00 0.93 0.00 0.47 0.00 0.02
ISUZU 1.08 0.00 0.70 1.92 0.00 0.44/ 1.89 0.00 1.32 0.00 0.07
MAZDA 0.80 0.00 0.98 0.00 1.68 0.00 0.80 0.00 0.98 0.00 0.08
MITSUBISHI 0.69 0.00 1.54 1.38 0.69 3194, 0.84 0.00 2.53 0.00 0.28
NISSAN 0.89 0.00 T 0.98 0.49 0.40 1.49 0.00 117 0.00 0.09
SUZUKI 0.00 0.00 1.58 1.29 0.00 0.00 1.58 4.83 241 0.00 0.14
TOYOTA 1.47 0.43 0.81 1.27 0.00 0.00 0.53 0.00 3.03 0.00 0.09

M7 5.7 LAnIAN Tl ULLIN T ILYeSasarATLYNABUBIN SIS edaT N
deutlndiAssiedeyailiainmsnsaiunsuadommnesagudfiauysal Ineiedesng
as1sneudidAndeuuiigaaiudifuie HONDA NISSAN wag 1SUZU Tagflendosiuu
LMSFILA 1.49 1,49 Uay 1.92 NdIfU WazlAIesnen NIl SuRaNsENURENEN
\Fondeyannilande SUZUKI FORD uaz MITSUBISHI Taefianidesiuuunmsgiui 4.83 4.32

LAY 3.91 AIUAIAU
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Accuracy Result

Sample CHEVROLET [FORD HONDA [ISUZU MAZDA [MITSUBISHI [NISSAN  [SUZUKI [TOYOTA [NULL

CHEVROLET 89.50 0.75 1.50 3.00 0.25 0.25 1.25 0.00 1.00 2.50
FORD 5.10 75.69 1.96 7.84 0.00 0.00 3.14 0.00 471 1.57
HONDA 2.09 0.00 93.95 0.70 0.00 0.70 2.09 0.00 0.23 0.23
ISUZU 1.98 1.10 1.32 88.13 0.00 0.22 3.74 0.00 0.22 3.30
MAZDA 0.40 0.40 0.80 0.40 92.80 0.00 3.20 0.00 0.40 1.60
MITSUBISHI 1.38 0.00 1.38 4.14 0.00 85.86 3.45 0.00 1.72 2.07
NISSAN 2.00 0.40 0.80 2.00 0.00 0.40 93.40 0.00 1.00 0.00
SUZUKI 4.52 0.65 1.29 1.29 0.00 1.94 3.87 81.29 3.87 1.29
TOYOTA 261 0.43 1.09 3.26 0.00 1.74 413 0.00 86.09 0.65

nansneaesansliiiufesavaugnieundeanasiasesinesaauiingvielaelddoya

TINUATINIUNTEUIUNITATIDTUATILAS DINUIYTAUUATIUTENDUAILNTNALANTILAS D998

LAz AINT b3 A3 LAT BINNIBAINATEUINNITIABI ATAINg A BT oRE 87.41 lagnTn

\ASRIVIINgNiTagarANYNABININTIgARAE HONDA Uag NISSAN lagllf1niugnaedsesas

93.95 uag 93.40 pudWY nINATMINENITegazANgNRBItaeTigafs SUZUK uag

FORD lngiisaparanugneies 81.29 uag 75.69 AIUAAY
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Using
Accuracy Result
Sample CHEVROLET |FORD HONDA (ISUZU MAZDA |MITSUBISHI |NISSAN  |SUZUKI  [TOYOTA [NULL No Detection
CHEVROLET 93.03 0.50 1.25 2.50 0.00 0.00 1.00 0.25 1.00 0.00 0.47
FORD 6.27 76.22 2.35 5.88 0.00 0.00 2.35 0.00 5.10 0.00 1.82
HONDA 1.16 0.00 95.74 0.70 0.23 0.47 1.63 0.00 0.00 0.00 0.07
ISUZU 242 0.66 2.64 90.55 0.00 0.22 2.86 0.00 0.22 0.00 0.44
MAZDA 0.40 0.00 1.60 0.40 94.63 0.00 2.80 0.00 0.00 0.00 0.17
MITSUBISHI 1.38 0.34 276 4.48 0.00 86.83 2.76 0.00 1.03 0.00 0.41
NISSAN 2.20 0.40 1.00 2.00 0.60 0.80 91.26 0.00 1.60 0.00 0.14
SUZUKI 3.23 0.65 1.29 0.65 0.00 1.29 1.94 87.61 323 0.00 0.13
TOYOTA 217 0.00 1.96 217 0.22 1.09 4.13 0.00 87.73 0.00 0.53

M5NN 5.9 LaRIloyaNaansIagarAINgNABARRENITITILUUTN NS AININD I

a Y v av v ) M saa A s =~
VYUY Gnﬂﬁﬂaaamiﬂﬂqﬂﬂqimiq'ﬂf\]UﬁiqLﬂi@ﬂﬂm’]ﬂiﬂﬂu@ﬂmLﬂi@qwﬂ"lﬁmiqiﬂUumﬂi’]ﬂa I@IEJN

AIALENABITeEaY 89.28 lagnsuaAsasnenilsesaraugnfeniignfe HONDA ay
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MAZDA lngilinmnugnaesiesas 95.74 Uay 94.63 muaWU A3 iATevanefilsesazaI

¥ I

gnAestiaeianfie SUZUKI uaz FORD lneilseuazainugnaad 87.61 uay 76.22 Auasy

nIneapvisdeLandliliumuuANANTERI 1IN Tmedeyaniniildainnis
ATIITUATIAT DI TNBUATI8199 NS 8 LT AT 1AT DaMUNERTIT08UAUIING AUNsal
TYANINTHIUNTEUIUNITATINTUATUAT DIV TOO UL IEA Yoy dnTIATeMINY

Y

n31sEUAUITINg dAaeanugnesTeray 87.41 wag 89.28 Mud AU
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Standard Deviation

Sample CHEVROLET |FORD HONDA |ISUZU MAZDA |MITSUBISHI [NISSAN  |SUZUKI [TOYOTA |NULL

CHEVROLET 2.57 1.00 1.84 1.87 0.50 0.50 1.58 0.00 0.50 1.94
FORD 2.66 5.20 1.75 175 0.00 0.00 2.66 0.00 2.00 1.47
HONDA 1.54 0.00, 114 0.93 0.00, 0.93 0.87 0.00 0.47 0.47
1ISUzu 176 0.98 1.08 1.08 0.00, 0.44 1.92 0.00 0.44 0.70
MAZDA 0.80 0.80, 0.98 0.80 3.71 0.00, 3 4 0.00 0.80 1.50
MITSUBISHI 0.69 0.00 1.29 2.80 0.00, 3.99 1.89 0.00 1.09 2.01
NISSAN 1.79 0.49 0.98 1.26 0.00 0.49 2.33 0.00 0.63 0.00
SUZUKI 1.58 1.29 2.58 1.58 0.00 1.58 241 1.29 241 1.58
TOYOTA 1.90 0.53 0.97 1.54 0.00, 0.87 1.27 0.00 5.39 0.53

M3737 5.10 uansATeauusNRsFILYesTaTasAIgNFBsTINIT S I SH
nnesunedy Meteyanmuafii unadnSIINNITATIATuAT AT BN Esasud Tae
A3 evNeEnIIsasuAndA DB uuiManaLa 1R UAe 1SUZU HONDA Wag SUZUKI Tngilan
Heauuninsgu 1.08 1.14 uay 1.29 muddy LaziA38anensIsneudi e uNansny
sonsduidendeyaunniigaie TOYOTA FORD way MITSUBISHI Ineslrnidesiuusnnsgud

5.39 5.20 ka¥ 3.99 f1ua1nu
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Usng)
Standard Deviation
Sample CHEVROLET |FORD HONDA [ISUZU MAZDA |MITSUBISHI|NISSAN  |SUZUKI [TOYOTA [NULL No Detection
CHEVROLET 2.66 0.61 1.94 2.24 0.00 0.00 0.94 0.50 0.94 0.00 0.31
FORD 4.71 8.43 1.47 248 0.00 0.00 229 0.00 3.19 0.00 1.56
HONDA 1.27 0.00 1.20 0.93 0.47 0.57 1.19 0.00 0.00 0.00 0.05
ISUZU 1.28 0.54 283 1.72 0.00 0.44 1.79 0.00 0.44 0.00 0.07
MAZDA 0.80 0.00 0.80 0.80 214 0.00 2.04 0.00 0.00 0.00 0.11
MITSUBISHI 1.29 0.69 234 1.76 0.00 242 1.76 0.00 1.38 0.00 0.26
NISSAN 1.60 0.49 1.10 0.89 0.49 0.40 1.59 0.00 1.02 0.00 0.06
SUZUKI 2.04 1.29 2.58 1.29 0.00 1.58 1.58 4.67 2.89 0.00 0.16
TOYOTA 1.82 0.00 1.74 0.69 0.43 0.97 211 0.00 .31 0.00 0.31

M7 5.11 wansiideauuNnsguvesierazANgNAeasNs U UUT TS
nwesiurTu shedeyailinnmsnsatuarieiemnesasudiianysal Inoin3emane
ps1sasudniandsauusiidaauaiude HONDA NISSAN wag IsUZU Taadiadeauy
1ASFIUT 1.20 1.59 Wag 1.72 Mud iy LaziaSosmsnenssasudilyunansznuienisgu
Fendoyauiniianfio FORD SUZUKI uag TOYOTA lnefldndonuuninsguil 8.43 4.67

LAY 3.31 AINaINU
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Accuracy Result
Sample CHEVROLET [FORD HONDA |ISUZU MAZDA |MITSUBISHI [NISSAN  [SUZUKI |TOYOTA
CHEVROLET 89.50 1.50 0.25 3.75 0.00 1.50 2.25 0.00 1.25
FORD 4.71 83.53 0.39 392 0.00 2.35 3.14 0.39 1.57
HONDA 0.93 0.23 93.95 0.47 0.47 0.70 1.86 0.23 1.16
ISUZU 4.18 1.98 0.00 89.67 0.00 242 1.32 0.00 0.44
MAZDA 2.00 0.00 0.80 0.40 92.00 0.00 3.20 0.00 1.60
MITSUBISHI 2.76 1.72 0.69 4.14 0.00 84.48 3.10 1.38 1.72
NISSAN 2.20 1.00 0.40 1.40 1.00 1.60 89.40 0.60 2.40
SUZUKI 0.00 0.65 0.00 0.00 0.65 3.23 1.29 92.26 1.94
TOYOTA .5 2 1.30 0.43 1.30 0.22 1.30 3.48 0.65 89.78

nan1snnaeuansliiusesay pugnddnieninasieseminesosudiinBvielay

1Yoy ananuANHIUNTZUIUATATITIUATILAT 0INUIETALUATIUTENOUA AN T HNT
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\ASRIIIBaEA M ALINT WATIMINNERINNTE VNN InEHmAINgNdRsTeTRY 90.45 Tay

MINATRININENNTBLAZAINGNABININTIAARD HONDA Uag SUZUKI lagdiAiaugnaes

To8ay 93.95 Uag 92.26 MUAINYU NIUATINUIEN T3 DYALAINNABILBETI AAAD

MITSUBISHI waz FORD Ineilrafnsigniesdosay 84.48 wag 83.53 muddy

A13797 5.13 uansdayanasnsiagazanugndedaden1swuulasetnglszamiuy
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Accuracy Result
Sample CHEVROLET [FORD  |HONDA (ISUZU MAZDA |MITSUBISHI |NISSAN  |SUZUKI  [TOYOTA |No Detection
CHEVROLET 93.08 0.25 0.25 3.00 0.00 0.75 0.50 0.50 1.25 0.42
FORD 3.92| 84.40 0.39 2.75 0.39 1.18 2.35 0.78 2.75 1.09
HONDA 0.93 0.47 94.80 0.70 0.00 0.23 1.63 0.00 1.16 0.08
ISUZU 242 1.54 0.00 90.54 0.22 2.64 0.88 0.22 1.10 0.45
MAZDA 0.40 0.00 2.00 0.00 90.91 0.00 4.00 0.00 2.40 0.29
MITSUBISHI 3.10 1.38 1.72 2.07 0.00 86.85 241 1.38 0.69 0.39
NISSAN 0.20 0.60 0.80 1.80 1.00 1.40 91.65 0.60 1.80 0.15
SUZUKI 0.00 1.29 0.65 0.65 0.00 3.23 0.65 91.51 1.94 0.11
TOYOTA 0.87 0.87 0.87 0.43 0.65 1.96 3.48 0.22 90.25 0.40

AT 5.13 WAAITBYANARNE 3 08ALAINNYNADURRENITFIIRUULUUIATIU Y

Uszannuuumauligtu Mmedeyailaainn1snsiadunsiaseaungsnguaniinTeamuiens)
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sosuRung Wneliranugnaesiesas 89.28 lngnsuaseamanefiifosaralnugnaawn
ignAa HONDA uay CHEVROLET lagilmainugnsiatiosay 94.80 kay 93.08 MUAIAU AT
\AsemIngiiSevaraugnAenioeianfe MITSUBISHI uay FORD lagilSeazanugnees

86.85 LAy 84.40 pUa1NU
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ATIITUATIAT DIMUIETNBUATI8199 AN B LUTRT1AT DaMUNERIIT08UAUTING Aunsel
TYANINNHIUNTTUIUNITATIITUAT AT OIMUE AL UARNIZANTOUAN TN TUAT DIV
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A31308UA UsINdAaRenugndesseray 89.38 Uay 89.28 mudey

M13199 5.14 M1919uaneALdgwuuNInTgIN Yeen133anLuulaTssUsEEMLUUARY

Tag?u dredoyaneanuafHIUKNAANSNIAINNITATIATUATILATDINNNY

S08UA
Standard Deviation
Sample CHEVROLET [FORD HONDA |ISUZU MAZDA |MITSUBISHI [NISSAN  [SUZUKI |TOYOTA
CHEVROLET 2.81 1.46 0.50 1.58 0.00 0.50 1.22 0.00 1.94
FORD 2.93 235 0.78 2.77 0.00 1.92 2.00 0.78 0.78
HONDA 0.87 0.47 2.25 0.93 0.93 0.57 1.19 0.47 1.04
ISUZU 1.89 1.08 0.00 20, 0.00 1.46 0.44 0.00 0.88
MAZDA 3.10 0.00 1.60 0.80 4.73 0.00 2.40 0.00 1.96
MITSUBISHI 1.76 1.09 0.84 2.80 0.00 7.55 2.53 1.29 1.54
NISSAN 2.48 0.63 0.49 1.85 0.89 1.85 2.87 0.49 1.50
SUZUKI 0.00 1.29 0.00 0.00 1.29 2.89 1.58 3.87 1.58
TOYOTA 0.87 0.81 0.53 1.06 0.43 0.43 1.74 0.53 2.80

Andealuuinnigiuvesiosasanugndewemsisuvulaseeussamuuuaoy
Tty fedoyaiavmeiidiunadndunanninsadunsieiesmnesnsud lasiaTevane
As1508uATidALdssuugaamNaURe HONDA FORD uag TOYOTA lnefidudeuuy
1RSI 2.25 2.35 Uay 2.80 MUAIWU LazlAIemINenTIsaudTldunansenusonsay
Fendeyauniignde MITSUBISHI MAZDA uag SUZUKI Taefiandssiuuunnsgiud 7.55

4.73 hay 3.87 AUa19U
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FNEUAUITING
Standard Deviation
Sample CHEVROLET |FORD |HONDA |ISUZU MAZDA |MITSUBISHI [NISSAN  |SUZUKI |TOYOTA [No Detection
CHEVROLET 2.78 0.50 0.50 1.87 0.00 1.00 0.61 0.61 1.94 0.22
FORD 3.04 5.93 0.78 1.57 0.78 157 1.47 0.96 2.00 0.87
HONDA 0.87 0.57 3.23 0.93 0.00 0.47 0.93 0.00 0.74 0.08
ISUzuU 1.28 0.88 0.00 2.50, 0.44 2.04 0.82 0.44 1.39 0.12
MAZDA 0.80 0.00! 2.53 0.00 475! 0.00 3.58 0.00 0.80. 0.32
MITSUBISHI 1.29 2.01 1.89 1.29 0.00 5.23 2.58 1.29 0.84 0.30
NISSAN 0.40; 0.49 0.75 1.33 0.63 1.85 2.99 0.80 1.60 0.18
SUZUKI 0.00 1.58 1.29 1.29 0.00 3.53 1.29 4.38 2.58 0.14
TOYOTA 0.81 0.81 0.81 0.53 0.53 0.81 2.11 0.43 3.65! 0.19

M5791 5.15 LanerlUgauuiinigiuuesseeasaugnieswein1sidiuulasadig
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LATDMLEAIISNEUATIHANTERUUINgAaINa R UAD ISUZU CHEVROLET wag NISSAN lagdl
ANTEUULNINTIUN 2.50 2.78 Uag 2.99 MINEIAU KAYLAT DINUNEATITAUAT LAY
HANTENUABNTHUGANTBYaNNTIdAA MAZDA FORD Lag MITSUBISH! lngiiAnlgaiuy

WMSFIUA 7.75 5.93 uay 5.23 nmddu

5.4 @3Unan1Ivaasg
NSHANTTVIARBIFILNTTFIINENTTNNT Fie MsFTwmnesduunitouiulndifes
N3 UUENNTARNMBSHUYTY wag Ns3TuuulaTIgyszamuuunauligiu awise

ayunalanauandlumisnai 5.16

A15197 5.16 uansdayanaansiesazanugniaade

SeuazAdugnADLRfeY

v

o £3 Y v . . DYANTNNATWSIINATITATIAIU
NIFUIUNTIN DUANTNNAANSIINNIIATIITY * 4 .
“ . ATNASDIMUYINUR
ATUASDINUYIALUR e 4 .
awzAifinsasanenssasuRUsIng
SIFT + Nearest Neighbor 90.51 92.24
SIFT + SVM 87.41 89.28

Convolutional Neural Network 89.39 90.45
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Abstract—Automated traffic monitoring is one of key
component for a smart city due to its high efficiency and
availability compared with human based monitoring. License
plate recognition systems are widely used; however, information
such as vehicle make are also required and still lack a practical
method. Therefore, this paper proposes a practical method for
vehicle logo detection and recognition in concern with a real-
life surveillance situation. Instead of locating a logo from an
entire image as several published proposals, sliding window
method is proposed to locate candidate areas where a vehicle
logo resided. The area is identified by the maximum number of
Sobel edges compared among the candidate areas. The logo in
the identified area is recognized using the SIFT based features
and a Nearest Neighbor classifier. The proposed method is
experimented with real-life traffic video surveillance images.
The images are low resolution under various daylight condition.
The proposed method is trained and experimented with 3,176
images of nine vehicle makes. The proposed method is assessed
using confusion matrixes and shows overall accuracies in range
of 85%.

Keywords—Vehicle License Plate Detection, Vehicle License
Plate Recognition

1. Introduction

Automated traffic monitoring systems are a crucial
component of a smart city monitoring system. To gain
more information traffic analytic systems are integrated to
the monitoring system; for example, a license plate recog-
nition (LPR) system has been integrated to the system
for years to obtain information of vehicle identifiers. Such
identifiers can be used to analyze moving pattern, average
velocity, traffic flow, or tracking a criminal suspect. In
addition to the license plate data a system will be more
benefit when other information is analyzed and obtained.
Examples of such information are vehicle color and vehicle
make and model.

One method to identify vehicle makes is to detect and
recognize a vehicle logo as in [1]-[5]. A general concept of
the previous works was to locate a license plate from the
frontal view image of a vehicle using a prior knowledge of
the license plate location [1], [2] or from an existing LPR
system. Since a license plate was generally located at the
center of a vehicle, the vehicle logo detection searched

978-1-7281-0719-6,/19/$31.00 ©2019 IEEE

for a possible location of a logo alone the axis of the
license plate. After the license plate had been localized,
an image segment above the license plate was masked
to be a region-of-interest (ROI) based on the size of the
license plate [3], various size of windows above the license
plate [4], and location of the radiator grille and the two
frontal headlights [5]. Features of the region-of-interest
(ROI) were extracted using, for example, scale-invariance
feature transform (SIFT) (3], [5] or histograms of oriented
gradients (HOG) [4]. The recognition was based on the
extracted features using a classification algorithm such as
an L2 nearest neighbor (3], or support vector machines
[4], or back propagation neural network [5]. The methods
have limited practical usage due to the variation of vehicle
types, its assumption, and image resolution and quality.
For example, an assumption of previous works that a
vehicle logo is located at the middle between head-lights
does not work with vans or trucks since logo of some makes
are located above the head-lights level. Moreover, low noise
and high resolution images are rarely obtained from real
current traffic surveillance.

In a real-life video traffic surveillance, especially in
Thailand, an automated traffic monitoring and analytic
are integrated with video surveillance systems. The video
streams are from various quality of cameras, video stream
qualities, and various lighting conditions. Therefore, a
practical method for vehicle logo detection and recognition
is proposed and investigated with low resolution real-life
traffic video surveillance images under various lighting
conditions.

The proposed method uses a sliding windows technique
to localize candidate regions. Sobel edge detection and
close and dilate morphological techniques are applied to
the candidate regions. The regions with maximum area of
edges is identified as the ROI of the logo. SIFT feature
extraction [6] is applied to the ROI and later classified
with a nearest neighbor classifier.

The remainder of this paper is organized as follows.
Section I describes the overview of a vehicle detection
and recognition process. Video surveillance image dataset
are explained in Section III. Section IV elaborates on the
experiments and results. Section V concludes the work.



II.  System Description

The overview ol a vehicle logo detection and recognition
process is shown in Fig 1.

Video
Surveillance
Image

RGB to Gray

Pre-processing co:‘fg"‘;on

1| ROl Selection |
—> Based on Edge
Features

Sliding

License Plate
Windows

Locatization

Logo
Classification

Logo Recognition SIFT Features

Fig. 1. Overview of a vehical logo detection and recognition process.

AL Pre-processing

Video surveillance images are pre-processed by convert-
ing RGB images to grayscale images (V) using (1).

Y =0.299- R+ 0.587- G +0.111- B (1

where YV is a grayscale image, R G and B are red, green,
and blue channel respectively.

B. Vehicle Togo Detection

The wvehicle logo detection consists of three sub-
processes; namely, the license plate localization, sliding
windows, and ROL selection based on edge features. The
two latter sub-processes are the proposed methods and
shown in orange recltangles in Tig 1.

Tirstly, the location of a license plate is obtained from
an existing LPR module or using a widely-known Haar
cascades algorithm (7.

The next step is to localize a vehicle logo. Sliding
windows technique is proposed to mask candidate areas
of a logo by masking areas above and along the axis of
the license plate using (2) — (5).

-Yn,ppr,r — Iplate. left — [l-lpfnte X (5'1767’) - 07)] (2)

- 10 y
Yiower = yuppc-r t [Wlplu(u X FJ ('3)
Whiate
Xls‘ft. = Xplatffleft = [%t‘] ("1)
4 z
4"(7-zght = ‘Xl(‘fr, | [‘/Vplatn X 5] ('3)

where Yipper and Yigwer arc upper and lower vertical
coordinate of a window, Xj.pr and Xpigne ave left and
right coordinate ol a window, Xpuse tee and Yoprue test
are the left most and upper coordinate of the license plate,
and Wiate and Iliae. and the width and height of the
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license plate respectively. The value of Step is in the range
of [1.5,4.7] and selected based on the angle, height, and
distance from a camera to vehicles.

According to the (2) — (5) window size for masking
candidate arca of a logo is determined by the size and
location of the license plate.

An illustration of sliding window technique is shown in
Fig 2.

Fig. 2. An illustration of sliding window technique. Note that the
license plate is blurred to maintain privacy.

An image ol a vehicle logo is an area with high
frequency. Therefore, the arca is enhanced by applying
the Sobel edge enhancement algorithm horizontally and
vertically. Edges of the masked arca are grouped together
using closing and dilation morphological method. The
window with the largest size of space is identified as the
area where the logo is located. Fig 3 illustrates the method.

Fig. 3.

An illustration of edge enhancement and group edges.

. Vehicle Logo Recognition

Since the images are taken from various lighting and
weather condition, the brightness of masked area from
the vehicle logo detection is adjusted using the histogram
equalization method.

The recognition process utilizes the scale invariant
feature transform (STF'T) |6] which emphasizes key points
in an image, called the SIFT descriptors. These key points
are used to identily an object of interest. More information
regarding the SIFL" can be found from [6]. For claritication
brief explanation is elaborated.



The concept of STFT is baged on the Laplace of
Gaussian (LoG) operation. T'he Gaussian operation is used
to smooth an image using (6).

1

Glz,y,0)= (6)

V2o

given (x.y) is a coordinate of a pixcl, and o is the
standard deviation. The second order derivative (a.k.a.,
the Laplacian) of the smoothed image represented the edge
on the image. However, an approximate of the LoG ig
quickly calculated from a difference of Gaussian (Do) by
calculating a difference of smoothed images with different
a. The process is illust:

Scale
(next
octave)
sy
e
B ——
L D LT
T
L 2 =
g g/, e
Scale e e
UGN = ==
octave) | T PP
e e et
e NPy
s o e
A Lt
)
e
111 Difference of Gaussian
Gaussian (DoG)
Fig, 4. An illustration of calculating a difference of Gaussian.

Note that the illustration is redrawn from [6].

Local maxima or minima are located by comparing each
pixel cach with its all neighbors at the same, above, and
below levels. In other words, finding maxima or minima by
evalualing with 26 neighbor pixels. A key poini is marked
if the absolute value is greater than a preset threshold.

A matrix ol key point. deseriptor is compuled [rom
16 x 16 neighbor pixels around the key point. The gradient
magnitude and orientation ol each pixel are computed and
accumulated them over sixteen 4 X 4 windows into orienta-
tion histograms. Therefore, each key point is representecd
with 128 vectors. Fig 3 illustrates STET descriptor key
points, which are used as a set of unigue identifiers of an
irmage.

The recognition is processed by a nearest neighbor
classifier using the SIFT key point deseriptors.

L1I.  Dataset
Video surveillance images are obtained from the real-

life traffic surveillance in Thailand. Frontal view images
have been captured [rom an existing LPR. system with

7

AN | 2|22 N 2
NS EEED
A A AT
AN N
TR RNt
AR
ERNEENDE
TNADRMANE
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ig. 5. SLEFD descriptor key points. Note that the illustration is
redrawn from [6].

50 mm foeal length lTens. The resolution of cach images
arc 640 x 480 pixels under various lighting conditions.
Lxamples of them are shown in Fig 6. The top row of the
figure from left-to-right shows examples of a vehicle under
bright sunlight, cloudy, and heavy rain respectively. The
lower row shows samples laken at dusk, under light rain,
and under bright sunlight from left-to-right respectively.

TABLE L Number of Training and Testing Images.

No. of [ No. of

Vehicle Makes Training Testing

Timage Tmage

Chevrolet. {CHV) 369 29
Ford (FRD) 221 30
Honda (HND) 394 28
Isuzn {ISZ) 429 22
Mazda (MZD) 244 7
Mitsubishi {(MDBSH) 256 29
Nissan (NIS} 472 27
Suzuki (SZK) 147 10
Tayota (TYT) 424 33
Total 23061 215

Tig. . Examples of frontal view imagoes. Note that the license plates
arc blurred to maintain privacy.

As shown in table T, the total number of 3,176 images
containing ¢ different vehicle makes. The detection and
recognition models are built from 2,961 images, and the
experimental results are from 2135 images.



IV. Experiments and Results

Two experiments have been performed to prove effec-
tiveness of the proposed methods. The first experiment
is to detect and recognize vehicle logo according to our
proposal as depicted in Fig 1. The second experiment is
performed without ROI selection based on edge features
as previous published works.

The experiments are performed on a 3.4GHz i7 Intel
processor with 24 gigabytes of memory under Windows
10 operating systems. The algorithms are coded using C#
and C++ compilers.

The experimental results are assessed using confusion
matrixes, and the overall accuracy of the two experiments
are compared. Average processing times of the two exper-
iments are reported.

A. The Proposed Model

The results of the proposed model are shown as a
confusion matrix in table II. The recognition accuracies
of each makes are in the range of 73.33% - 100.00%.
The percent accuracies of the Mazda and Suzuki are at
the highest while the lowest percent accuracies are from
recognition of the Ford and the Nissan at 73.33% and
77.78% respectively. The overall percent accuracy of the
proposed method is 85.58%.

TABLE II. The confusion matrix of the proposed model. The
overall accuracy is 85.58%.
Vehicle Percent Accuracy (%)
Dske CHV FRD HND I18Z | M™MzZD | MBSH NIS BZK YT
CHV B68.21 3,33 0.00 6.90 0.00 0.0 3.48 0.00 0.00
FRD 0.00 | 7323 | 323 | 10.00 | 333 | 0.00 | 647 | 000 | 338
HND 0.00 | 0.00 [ 96.4% | 0.00 | 0.0 | 0.0 | 0.00 | _0.00 | 357
182 0,00 0.00 4,88 86.26 0.00 0,00 4.55 0.00 4.55
MZD 0.00 | 0.00 | 0.00 | 0.00 | 100,00 | _ 0.00 | 0.00 | _0.00 | 0.0
TTS "% [ 0.00 | _6.90 | 3.45 | 0.00 | 276 [ 000 | 000 | %35
NIS 3.70 0.00 3.70 7.41 0.00 0.00 7708 0.00 7.41
52K 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | _0:00 | 0.00 | 100,00 | 0.00
VT 3.03 | _0.00 | .06 | 0.00 | 0.0 | 0.00 | 8.08 | 0.00 | 8788
The recognition of Ford logo gives lowest percent

accuracy due to various model of logos and images were
under rainy condition, which disturbed the image quality.
The model also recognized the Ford logo as the Isuzu for
10% due to the low light condition of the images and the
similarity of the logo as shown in Fig 2 lower middle (Ford)
and Fig 2 upper right (Isuzu). Recognition of the Nissan
logo, however, was misclassified on the small size models of
the vehicle; the logos were small and, thus, lack of enough
features to correctly classify.

B. The Model Without ROI Selection

Instead of identifying an ROIL of a logo along the axis
of the license plate, this model without ROI selection
processes an image by scanning smaller area in the image
by a window size. This method is used by other previous
works. Consequently, the model without ROI selection
is experimented and compared results with ones of the
proposed model. Size of windows used to detect a logo in
the image is determined by (2) - (5).

Table IIT shows the result of using the model without
ROI selection. The percent accuracies of the detection and
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recognition of each makes are in the range of 60.00% -
100.00%. The highest percent accuracies are from recogni-
tion of the Mazda and Suzuki at 100%. The lowest percent
accuracy is from the recognition of the Ford logos at
60.00%. The overall percent accuracy of the model without
ROI selection is 86.51%.

TABLE III. The confusion matrix of the model without ROI
selection. The overall accuracy is 86.51%.
Vehicle Percent Accuracy (%)
Make Un-
CHV FRD HND 182 MZD MEBESH NIS BZK TYT

detecte
CHY || 0800 | 285 | 000 | 0.00 | 000 | 000 ] 000 | 000] 000 | 848
FED .35 | 60.00 | 0.00 | 1888 | 0.00 | _0.00 | 10.00 | _0.00 [ 10.00 | 538
HND 0.00 | 0.00 | 9286 | 557 | 000 | 000 | 000 | 0.00 | 000 | 857
152 455 0.00 0.00 72T 0.00 0.00 455 0.00 455 5.08
MZD 0.00 0.00 0.00 0.00 100.00 0.00 0.00 0.00 0.00 0.00
MITS 0.00 0.00 345 3.45 0.00 93.10 0.00 0.00 0.00 0.00
NIS 0.00 0.00 370 0.00 0.00 0.00 96.20 0.00 0.00 0.00
SZK .00 | _0.00 | _0.00 | 0.00 | _0.00 | _0.00 | 0.00 | 100.00 | _0.00 | _0:00
TYT 3.0 | 0.00 | 805 | .08 | 000 ] 0.00 ] 0.00 ] 0.00] 8485 | 6.06

As shown in table III, while using a model without ROI
selection, the detection and recognition process, especially
images taken under poor lighting conditions, were unable
to detect a logo. In the experiments 3.25% of logo images
were undetected.

C. Processing Time

The process of logo detection and recognition is com-
putational intensive in which the two methods detect a
logo by moving a masking window on an image but with
different methods. The proposed model detects a logo
along the vertical axis of a license plate while the model
without ROI selection detects one by searching the entire
image. Therefore, the computation intensity is measured
using average processing time using

=3k )
i=1,

where ¢ is the average processing time, t; is the processing
time of image %, and n is the number of images. The average
processing times of the two methods are shown in Table

Iv.

TABLE IV. Average Processing Time.
Average
Model Processing
Time (ms)
Proposed Model 1,907
Model without ROI Selection 8,344

The proposed model processes of a smaller number
of windows; the average processing time is 1,907 ms.
per image. On the other hand, the model without ROI
selection, which has been used in other works, processes
a greater number of windows in each image. The average
processing time is 8,344 ms. per image. Therefore, the
proposed model is 4.38 times faster than the model without
ROI selection.



V. Conclusion

The paper proposes a method of vehicle logo detec-
tion by selecting a ROI based on Sobel edge features
using sliding windows technique and recognition based
on SIFT features using a nearest neighbor classifier.
Real-life traffic surveillance images under various lighting
conditions, including low light, raining, and cloudy images,
are experimented with the proposed model in comparison
with a model without ROI selection. The overall percent
accuracy of the proposed model is 85.58% while of the
model without ROI selection is 86.51%; however, the
processing time of the proposed model is 4.38 time faster.
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