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ABSTRACT

Nowadays, convolution neural networks (CNN) performs a closed-to-human
face recognition system. However, a very large amount of image resource is required
for training, which is too difficult to apply for security application. This thesis presents
the face recognition system using transfer learning convolutional neural networks
(TL-CNN) for small dataset. In the first step, CNN is trained with a large dataset of face
images. Then, the classification layers are replaced with the new layers and are
retrained with new subject images, which is a small dataset. This method is called
“transfer learning”. In this thesis, 2 private small datasets, including 9 persons and 109
persons datasets, is adopted to study the performance of the different face recognition
systems. Furthermore, the effect of learning rate on face recognition performance is
also investigated. The preliminary results show that the accuracy of CNN is in an
acceptable level (80%). Further, the results show that TL-CNN with learning rate of
0.001 exhibits the best accuracy as compared to PCA for feature extraction and

k-nearest neighbor (kNN) and support vector machine (SVM) for classification.
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Component Analysis: PCA) anldlunisisdnuaziduannwluniniduadusn ndandy
Taiwrulud 1991 Turk wag Pentland [7] 19 PCA anldlunishsanwauzinuassninlunn
wuiu wiluadstdmnZenisnisivh PCA snldfunmluniig Eigenface wioawlumii

lownw uenantumingaly Nearest Neighbor Tunisdwunamluntyanadnme 13en

¥
av A

IhaAdeiidugedusuanudenlumsinwinagidoifoiussuuisamluhyana 3
FBnnstldsuanudemuesraminauieiagiu Fdulideatu Golomb (8] linlaswine
Uszamiiey (Neural Network) inl#lunissiuunmaninninlunds Tnsszuuilanunse
$uunlduagdaranuianarndfies 8% iy sounlul 1997 Lawrence [9] 14 Self-
organizing map (SOM) ‘LumsﬁﬁﬂwmzﬁLﬁiumﬂﬁﬂs{ﬂmaﬁdwﬂizmwLﬁamwumuiag%’ﬂu
nssuunawluntiyess lusastulessisyssamifsuuunaulagiudslildsuan
founnifesandaududoulunisvham SniemAdeidldiuslesinnlaseeyszam
sunvuneuligdulaiidud uazlul 1999 Philips [10] Ifsidnwosaanesuuady
(Support Vector Machine: SVM) 3nlalunissanamlunituanalagly PCA Tunisfsdnuee
wuwesnnluniney 91ndudald svm lunissinun Seeuddelugasiasioaldgu
foganmlumiiamsgu ORL (Oracle Research Laboratory) [11] Fsiidruuanlugiudeya
40 au wiazAuTLasannssnuuunwluvilugusieg swddTevaveddunifiunnedg

MR8 Frgarguunmiunasiivilounu lngainugnaeaessyuuiImmluntnlugeil

3ragluyie 80 - 90%

n¥sntuaitedefussuidinmluntiiyanagmitaussdondosy udld
Bn5iiu wu Tl 2010 Agarwal wazaaz [12] 14 PCA waslasstneusyamiion iiefnw
svdnavesiunmlunihlonuiiseiniugndedunisisinmluvthyaaa Tnenanis
naaesnuitdwunnluniileny 50 amlidranugndeslunisidinmluntdigegn
uenanilsruuildsilisyansnmlunisdsnamluntigeaailendoufieutuls K-Means
Wwag Fuzzy Ant with Fuzzy C-means TuUi1Ag2duW Kim uwag Kang [13] 1USuuLigu
UszdnSamuainsidinmluntyanasie PCA waglasaingussanniieuuuuinsgoundy
(Back-propagation) 91nnsnaassnuszuLTLausiidiaugniesganideIeuiiioy

[y

AU 'izﬁlzﬁwgﬂaau (Euclidean distance) hagszezunaunanluid (Mahalanobis distance)



Tud 2012 Li uaz Chen [14] 19 PCA uag dnwasanamaiwuydiu (SYM) Tunisidnnmlumih
yana laglunisnaassagisouiigussuudnauaiunislyd PCA Wigeeg1ufed NanIs
NARRINUIINITIY PCA Taufiu SYM Tienaugnasslunissanninlunihyamageninnisly

PCA 9814947181

UNeNIluYeT 2010 N15158u3LT9EN (Deep Learning) gniiiiauaiuii §9013

aa U

SoudidadniiinaneIsnstusasishazmnzdunsinuiuandieiu lnen1siseuiidedni

Y = a

lugrawsndnaueszuuiieanunisidnmluniyarauaznisidning Feisnilandeslydfe

Y

lassgUszamiiisusuuaauligdu Fedassasgniauelud 1990 lay LeCun [15] Feld

Y

v o

Unauelasasne LeNet-1 iveldanuiuszuuidndnay wavdwsuszuuiinnnlumiyana

'
=) 2

fufiaifeduisnlul 2014 Sun wayams [16] Anwinis¥dininluniiyanady
Futeyavunlug) (10,000 AY) Ingldnsiseusigdnitlasaneyssaniounuunauligdu
fenuAdeiituluimnvesgiudenedlilunisiinimlunti Tusasedldnmlugudeya
Uszannd 200,000 nw wasilSeuiieuisfivaueiuisnisou lngldgrudoyavuinlvg a
MsnaaesmuN FSmsiiauslidinmgadedlunisisinwluntifigenitisou uaylud
2015 Parkhi uagany [17] ldfnwnszuuiinmlumiyeeaimnzsuiugudeyavunnlvg

(200,000 naw) AvFIANIRANENATEY WazAIANNADININNTT 90% FaluanAdedldnis

Seuiigadnuuulaseneyssamiiisiuurouligtu Ineran1snaassilanuil AAugn

1Y

sziiuInnuITeifeatussuuiiinmlumiyaaa il uinTugnimulu o8

[

14 o o

rotlonieliunedunisinluseendld wasdmsuanuidenldnmsteudiddinlaediuuin

. [

o w ¥ 1 a v =3 1 o a Y a = o v
ﬁ]%%ﬁﬂUﬂ’m%@%ﬁ‘UU?ﬂiﬁZQ [16-19] N’J‘\]EJL‘V?‘IJ'N'W’mﬁaG‘L!'Wﬂ’]'ﬁL'ﬁEIUELGUQaﬂiJWU'iUI%ﬂ‘U

Y

giudoyavuiain (10 - 100 Aw) ar9vinliinyszansamlauinndinisld PCA lunisfs

ANWAZIAU LAZIDNITIMUNLUUAIS LA



2.2 wann1svasszuuinnmluniyanawuunaly

sruuiinanlunthuaratugniimunfuinegieeiiies wagluineriinusiaznannis
seuuidnnmlundiyaraty 2 dnwagliun ssuuidnnmlunthyaeawuunily uwagssuy
s mlunthyenalagldlassigUssamiisunuuasuligdu lnenssuuidnnmlunil

Y

UARALUUTA lTLAzUsEnaumgdiusedaandlugun 2.1

- - o , . L@WINA
AINDUNA N3AIANBAULLAY N353 UNYAAA .
! ! (WAaN13ALUN)
I— Principal k-Nearest

Component Neighbor:

Analysis: kNN

PCA Support
Vector
Machine:
SVM

5UN 2.1 n1s3daannluntduenalaeily

NIUN 2.1 AR INBUNPILHIUNTEUIUNTAIEN eI Jeanunsaviilavane
adq Ql'agll L ! ¥ = o ! 5’5 o ! A v oy !
78 Inglunilavendiagrenisld PCA lupisisdnwaziiy 31ntuiidnvasidunleiing

° 1% a ° 1 | = v ¢ v oy
N3EUIUNITTILLAYAAAMEATIANITTIMUNATISY U KNN %58 SUM hazgavinglenvinaiile
Junavan159wunNBgULEnT

nsfinmlunthuaealaeniluiudnluded 2 dunsurdnlunisandunuldun

(%
| =

MsAsdnvaiy wazmsdiuun Fsluineninusioznanfensiadnvasidulasly Pca
wag N133uunlagly kNN wag SVM
2.2.1 NM3AsANBEIAUTRIURYA
FBrsvhlidenlflunsiednuasidusesdeyaldun msiesgriesduszney

wan (Principal Component Analysis :PCA) &alunadalufsanwasiauluvaaninduns

vV 1

d‘ b4 1Al a a i Aaaa § a
Weasnawmesvdiegluyuialides (Subspace) NildAtoanINIAMBTLAY

3t PCA anlglunisiamnszuuidnnmlunthnasiildlaenisudasningiy

!
=3

Tunthynraaslifluilunanesuiddd andussisdnuvuzaudis PCA waziiulily

gudaya uazdledeinisirgunmluntiyarafiaulannuieudiisufagyinisudasnin

=

5
Y
Tunthdudunamesniladife.

28 NUUIIEIUNTEUIUNNS PCA W UNUBAFIUIIAMBS LU

(%
a

~ ~ ) v A YA a o Yo v o v ¢
wWisuimguiunmlugudeyaiveninadns laglunwidelagliisnisiiamluntduyed

Iagld PCA TunisAnwifeafuseileuisnisnldlussuuiinlunthiuaslvauauladu



sudouisng PcA Wufivruiesanindussifeudisnisfidmududoutios nsin PCA 11
Iﬁé’ﬂuﬂWiLmumwluwﬁmuwéLﬁuﬂ%ﬂLLiﬂﬁﬁLauaImJ Sirovich Lagamg [6] wagmaun Turk
waz Pentland [7] l@dn PCA uﬂsﬂumiimmwiwmimEmmiﬂmumiaLism 38U
Figenface mionmlumilony Tneflduneusiosaldil
1) Mswseudeya
wisuamlugiudeya 3wiu M an lagudnimdvunn NxN Anwega

wlaslidunawmasnivuin N2x1 Tagnawasvasnmivluunsng S saansluaunisa

2.1
S={L 1, } (2.1)
Ine T, Ao LAwasvoInIw Feliouna N*x1
NxN pixel
- N2x1 pixel
= v & I3
sUN 2.2 udasnmlniduneies
2) mamluniiadevesgiudeya (V)
A nlumiedsmnangnamiilugiudeya awsamlansauns
2.2
1 M
= 'R, (2.2)
w2

3) WAMULANAN (D;)
nAuLAnA19sEnITLiazanlugiudeya duamluntdadeves

Futoya uanslanaaunisi 2.3

D =T —¥ (2.3)



4) AulAIAsUNRSNG (Covariance matrix) #39LUASNFANULUTUTIUT

(C)
Msladsunsndanansauanslamaannsi 2.4
1 M
C=1> aa-AAT (2.0)
M 4=
T A=[D,,D,,.., 0, ]
5) wAlewnu (Eigen value: 4) uag lotnunames (Eigen vector: V;)
Muuati L=ATA ntdunianlany wazlanunames 3n L aswansly
aunsi 2.5

Lv, =4V, (2.5)
nammsf 2.19 e A il 2 Fravesaumsayldfaunsii 2.6
ALv, = ALV, (2.6)
WA L=ATA agldisaunsii 2.7
AATAV. = ALV, (2.7)
Rnaumsi 2.21 1h A 2 $revesaunsesliieunsi 2.8
A'Av, = A4V, (2.8)
Toed 4 Fuailownu

v, uletnunames

6) lngAlanutatuazisesanuInliies antuiaianlanunAnesnd
Aleinugsans k 63
7) v wluntlawnu (U)

mawluntnlanulaannaunisy 2.9

U=AV (2.9)

Toeit V=V, vy, V]
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8) meaduUsyansvesnmlunilugiudeya (Q) lngnislusiaduasuunm

Tumthlewny wansleasaunisa 2.10
Q=UA (2.10)

i . ) a £ B 1% \
e Q=] ?| uaz o, Ao duszansvesnmlunthlugiudeyanmd k
@

9) \leflamndoiniamageuidiun dinwvadlunawnes (T) Anduauiie
Aadgvesgudeya uaidepumeninluniileiny nasnsnlafeduussdnsvenin

nadou (Q ) wandbdraunisi 2,11
0, =U[T-Y] (2.11)

Tnehl Q, fe dudszavndveasnnlunihiimivasasy

AWl UNTNNADINISNAFBUNIUNTLUIUANT IS NWUSLA LS 8USDELAD TUdIU

pounAznantenIsIunmnluntinndnvazaulnelgIsn s UARUUAII)

2.2.2 msfuundeyannluni

o -

nmsduundeyailudupeuiiddglunsitinwluniuaaaiiessyinnimi

£
caa

nnaaeutunsaiuiulasiugiudoys Ine3enldludne1inusidl 2 35laun kNN wag SVM

1) k-Nearest Neighbor (kNN)

k-Nearest Neighbor 38 kNN 9giuundeyalaenissegsenindoyadunni

1 o !
= 1 4 U o v v Al

auladuteyaieggiudeya anuuihssegivielaunsesdmuininanan k da 9ntuazg

Y

F3vErR1aie k Aaddeyalediddosiign syuuivsseyladnBunatunssiuiudeyalu

Y 9

c

Fudeyanind1d laenisAaruiuszezadlndtuazldnismiszeeniawuy Euclidean

o | [y 1 o

distance fan1sinszegneseninaaesinganingvineiuannuansyitinundietes a1ing

9 9

PNULDYLANIINNANUAAIEAULIN NTATUIUBEAIAIFUNITA 2.12
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n

dist(p,0)= (=) +(p=6) +-+(p—0,) = [2(p—0) (212

i=1

lagAn Py wnuA1aIngIudeya
0; WIUAIYBIBUNATIARINTNAGARY

AMBTUILNTYINUYRY kNN ansnsaasunglanagui 2.3

O .-~~~
g & T n N O

U 2.3 M3vh9uves kNN

91n3UT 2.3 aziiudmingeInisitsuninneglungudeyalnssniningy

2Ny Wsonaudas aunsadiuntanie kNN lngtupeuwsmiun1sfuinsseziig

v Y a [

5819910 AutenannanfedlndlAsd antuMINNaITan k=1 Aazaulaliesauidn 1 fa7

Y 9 9 Y

v W U a ! 1 14 1

[ v d‘ = & a [
aglnaiudinaulaninign lngluguiladaduindu deyaisnau winniiansun k=7 g

Y

aulaauninfiegsoutne 7 ¢ lngnuhidveyatinau 3 63 uazdeyadivaeu 4 67 faluszuy
eAnduinndneglunguiieiiuiudeyadivdey aziuinfan k wandneiu dwadsdneu
Alauanenaiume

waztatiuAunlalrunnIulaenfeeg19n151997u kNN : 915199 2.1 wang

[

Toyadiuyana 4 aulaun diuee Uvin soULe7 TeUDN Lavlne I1IYARATIE ANvaE

(%

q
solutitudunaesls Womwualdiugs = 170 13 Uwmilin = 60 Alansu seuien = 30 U3

LAEIaUDN = 34 47 eelivnnsmin k=1 way k=3
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= v |
f1919N 2.1 vHaknasYAAG

No. | Height (cm) | Weight (kg) | Waistline (inch) | Chest (inch) | Gender
1 165 60 32 37 F
2 175 75 33 43 M
3 166 50 30 34 M
4 155 50 28 32 F
philie

AwInd Euclidean distance auaun1si 2.26 sgninsteyanaula dudeyalu

Futeyans 4 auldnaansaadeluil

distl = \/(165-170)° +(60—60)" +(32—30)° +(37-34)" = /38 = 6.1644

dist2 = \(175-170)" +(75—60)’ +(33-30)" +(43—34)" = /340 =18.4391

dist3 = 4/(166 ~170)° +(50—60)’ +(30-30)" +(34—34)’ = V116 =10.7703

dist4 = /(155 -170)° + (50— 60)" + (28— 30)" + (32— 34)° = /333 =18.2483
Se9en k agledn distl<dist3 < dist4 < dist2
nsdl k = 1 azidondmeuan 1 Aneulsun distl Fsildrfeeian

v & o a P ! | Ay A A 1 Ao = = Y
ANUUAINDUNT k=1 LuaﬂmﬂﬁWiwzmwuaﬂmj@ﬂamwu’ﬂﬂL‘LJiEJ‘UL‘I/lEJUﬂ‘U

yaradl 1 Ssashyeeatudu wmands (F) WwReiduyanail 1
N3l k=3 9zidonAmneuu] 3 Aneulsssantdesluinnaglai
distl Fsfife wemds (F)
dist3 Jefife mewa (M)
dist4 3sfife memds (F)

@ 1o Ay a o (J ]
‘\JSLMU'J’W’HG]E)UVIVLWLUULWﬂﬂﬁyﬂ 2 MIRDU WASINATIY 1 ANMEU La8ssuuaziin

AmeuiignaeuNnfigaiumnauresszuu Inglunsdll Srmeudunands 2 Ameu

(%
v o o

AatuAmeaunsdl k=3 aglainuanai 5 JWunands (F)
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2) nmsuundeyaninluntieiig SYM

Support Vector Machines (SVM) [20 - 21] Hunszurunismendamansda

'
=

ANUTNASNITEUNUTMALNLFUNAN L UNSHUINAY INEAENENEIUAS1AUBUITENINVDUA 1AL

9 9 Y

TEE¥NNTENINVOUVDIUBLATINADINGUNINTAR

2.1) Linear Support Vector Machines
dnsunmsuataymuuuludaduiu Sfvesdeyavuingaldgnuuadu 2 nqu

Tneldssurunsimaulasaunisi 2.13
f (x) =sign((w-x)+b) (2.13)

::i n =
Toef {(X %)% (% €R™ Yy e (=1L +1}) B (%) (X0, 1)
Jusegunlddmsivgen | Aedruiudeyadiegny — nfedwiuliideyaidt uay y fe
v oA 1 =
wadnsdandy +1 w3 -1
) A o
W LduAImUN
b Aemluneaaunisdlddmsuduundeya

JeyrIENINUUTOIlaYanse 113U (Margin) sendnsdeyaiiduuin uay
Toyanduaugnimualag 2 szuuldud X-w+b=+1 uwansldnegui 2.4 Faaziuilid

1 [ 1

anegsradunUeivees wazauniessniadunisiwevveeyaiiszes 2/ |w|

margin

JUN 2.4 Myadruduuyaves SYM
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393 SveadunesaleAmes AN e NMITTEEANEUL USRI U TR Taya

d' A fa v z:l' =~ Y] A q' = 1
ll']ﬂ‘mfj@ I@ﬂmﬂqﬂqiﬂuu@ﬂmﬁjﬂ LW@Im@LaULLUQWLWngaNWaW U39 9] @QUULaUﬂaUﬂuﬂﬂ

q

a o dl 1 ;%

Send Funesanames 9NFUN 2.5 Avnaudduasdivisudnneguudulsy

1 o ¥ ¥ ke 3 o Id ¥/ a o -dl ¥ U 1
‘Vi'?ﬂlllﬁ’]ll']’iﬁ"\]']LLuﬂ%@Mﬂﬁl@gﬂﬁ@ﬂ%ﬁﬁﬂJﬂ Indusoadisnusiielduausuan

ANURANATN BeazLuILUT auaan (&) Wludsanusauanslasaunisi 2.14

Whx+h>+1-&;y =+1
(2.14)
Whx+b>-1+&;y. =-1

Toedt & >0

irllaseaiieues SYM Usenaumie 2 diufie nsiiiussezvauliuinian
wazn1sunlaymeisnisandalianaialyiniiign lneaunisnsmauniduntesingn wandle

AIFUNIN 2.15

N
Margin = %”W”Z +CY ¢ (2.15)
i=1

[

Ty C Wumiiidvunauaugaszninenishinaudifyssesuauuiniign
vialauddyAanaRnnanfidaan1slin G C Tenuan mnefidhiveslvifinanadu
agseninaduvaula usid1 C fiAdesasgeulviliaanadustsenitaduveulitnanienis

Ul ANANPNURANAIALNA TS

ntuIrNUmmnlsiuulgaameilaiduainsesd (Lagrangian) 3evinli

v aa

latodninnangn tnasaun1sn 2.16
N
f(x)=sign| > w;a;K (x,x;)+b (2.16)
j=1
ool o) Wuindudsednsvastoyad j
%QR)S“U"J‘EJRTWLLUﬂ%@%aﬁlﬂLﬂuﬁﬂﬁgﬁﬂﬂﬁﬁﬁLLUﬂLLUUL‘?NLﬁu B9 K(x,xj) W
Kernel function @9agasuielumdadall

2.2) Non-linear Support Vector Machines

Lwaiwmmmﬂamawa ua il Sanwarldidudady (hon-linear dataset)

QQ

Jndudeuvingudoyadiog1eludusgifiAngsau (higher dimensional space) #3e

Y
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feature space lagnisuuassanainfesyirduilenduildifudadu lneaun1snlalunng

[

Awniienuingudeyanlidudadulassil
Polynomial kernel uanslassgunisi 2.17
n
K(x,xj):(x-xj+1) (2.17)

Radial Basis Function kernel (RBF) uandlassaunisi 2.18

K (X,xj ) _ e—yHX*XjHZ (2.18)
Sigrnoid kernel wanalddsaunisii 2.19
K(x,xj):tanh(K(x-xj)—5) (2.19)

Feludnetnusiazld kemel Tunisnaaau 2 kernel snaiu Lo wuutdulduns

Lazlbuu RBF

2.3 n1sRuLean

N9138usLT9an (Deep learning) WugURUUNTUDY Machine learming Faguwiiug

veeseileuitnazarisguiuumnAnssavadlinudeya Ingldn1sussunanavulaseadng

Uteu msissudddniivaneuiuunawanslugui 2.5

Deep Learning Methods

| |

Convolutional Restricted
Neural Networks : Boltzmann Autoencoder
CNN Machines : RBM
—Deep Belief —Sparse
Network Autoencoder
—Deep —Denoising
Boltzman Autoencoder
machine L—Contractive
Autoencoder

—Deep Energy
Model

SUN 2.5 N N5I0Y0INSTEUSLANEN
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SUT 2.5 msispuiidednanunsauuseanlanatguszian aeialuil Convolutional

Neural Networks (CNN) Restricted Boltzmann Machine gy Auto encoder %ﬂLLﬁiazeﬁﬁ

[

LMUILAUNITABTUNIUNRANAITULYY CNN U2 UUITEN5331T0g Deep Belief

Y

Network (DBN) [22] wisnziiuauuseinnn1s33ddnes Deep Boltzmann Machine (DBM)

[22] uaw Stacked (de-noising) auto-encoders [23] WnzAiunuITeussannsinuunteya

¥
v v =

18nws Wudu Fansldnuiuvivediuanumunzauwazyayamunglunisaniuny laglu

Y

Weninusilifenldnsiseusidednuuu Convolutional Neural Networks

2.4 Tasevnguszaminenuuunaulagdy (CNN)

lasegyszanmiisuiuunauligduuandanussuuiannmluninuenalagldnaly

ADNITINLDIAIUTVDINITANENYAULAZEIUUBINTTI UMD LI UAManalATUN 2.6

BRI
(Wan153uun)

ANBUNA

5UN 2.6 Mm3zdamlumhunaalagld CNN

n3UT 2.6 msgnmlunthyeealagld NN tiaguenduresnisfidnumzy
wagnssawund liluasnsies vlvlusndudemniSnisfedne mewudug w3eisns
Sruunduquld lnensisdnuasisuiuasiisnisdosngluonisvireulpiu

Convolutional Neural Networks (CNN) [24] 38 Tasstigusgamiieuwuunaulag
Fudufigniufeannsodnsussuiassuundeyaldlnenss mngdmiumsisinim ng
NN ulpssanslouszamuuunanedu (Multilayer perceptron) Ing LeCun [15] tJuny

P o aa 1 a Y] ) .
wsndtauslaseadne CNN wuudsSnisunsAtauRanaIndeundu (Back-propagation)

-~

dmunsiidiasasaneile sihlst CNN sUuuudduidesldauietagiu esanlasetne
vosszvuiliildgnasuuuudusiody wingldnmsusuamiminieanilsiduniuaainindon
FredEnsuniAauianaindoundu uenanidnvuriiuresteyaazgnisoonulag
Saluiffdeniadoudnininaoulgduiiinanddmiinvesununin audnuusiay

(Feature maps) Tnennlassadislaevialuves CNN LLamﬂé’é’quﬁ 2.7
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CONV POOL FC OUTPUT

INPUT

U 2.7 Tassaidlaeyiluzes CNN

JUN 2.7 uandlassaralaeniluves CNN Feusenaudie Jeyadunn (INPUT) Yunay

(%
U 3

Tagdu (CONV) Fusyada (POOL) Fudnuaiziail (FO) uaztulewinm (OUTPUT) dausiazaiud]

ASYNUNBANAAURIT9ELS0eS U e Rasa bl

1) %u%uwm (Input layer)

v v
v A

Fuiilunsindinmdunmdszuy

2) si?uﬂauh@%’u (Convolutional layer)

2

luduneutifetinmdunsureuligtuiuntinin Wnerduyssansluninintule

NMTEUTUNT Fanrsvinmeulagiudmsueminedn | Tutu | Jaunisluddunisuandle

919 (2.20)
yO(xy)=¢"1 >0 > W (uv)y! P (x+u,y+v)+b® (2.20)
iel (u,v)eK
Tnefl K :{(u,v)eNz|O$u£sX and Ogvgsy} uag (s,.s,) 1Wuvun
YaantnnAaulIaty

wi (u,v) dunthnnildluniseeulgduludu |
D (x+u,y+v) Uudune

b" Wueluuea

¢V \Huilardunsziu (Activation function)

=

Inelendunsequintenldiui 3 vllameiulaun
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1. Sigmoid function

aun15luved Sigmoid function LaASlARIANNITA 2.21 LATHANITNIIUVD

Sigmoid function LLamﬁlﬁﬁﬂgﬂﬁ 2.8

(2.21)

gﬂﬁ 2.8 WaYe9 Sigmoid function

[%
= Y

U7l 2.8 agiiudianluuny X se1eglutag -10 - 10 uazunu Y wilAdiau 0 - 1
2. Tan hyperbolic function (tanh function)

aun15lun1sAaNIduUN15U89 tanh function WaARIlARIANNISA 2.22 LALHANTS

ALunITwanslansun 2.9

inh x X_g*
f(x):tanhx:S :eX evx (2.22)
coshx e"+e

0.8

08

Q.4

02F

1, o 5
31]17; 2.9 Wavpd tanh function

(%
a1 (%

U7 2.10 auiitudiaTiuwnu X faeglugag -5 - 5 wagunu Y szl -1 - 1 39

Y

wANEIN9aIN Sigmoid function MilAluwAw Y agluyieuinivintuy
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3. Rectified Linear Unit (ReLU function)

aun15tun15AEUN15U89 RelU function Wanslafeaunisy 2.23 Lagkanis

Asiun1suanalafegun 2.10

f (x)=max(0,x) (2.23)

6

i H i i i
—4 —2 0 2 4

g‘lﬁi 2.10 (aved RelLU function

JUT 2.11 agiudndedituinu X denfinau arluwnu Y azdiandu 0 wazdlonly

wnu X Waguudasngauandtuinu Y azmitdueiluinu X du

neddunsziuie 3 wuuitlanaislytu ReLU function gnirunlgauiyu CNN

A a0 !

winnifleddudy Wesanaalenianuisteyaszgyvie Ineivindeayaia1uinnid 0 9

Y Y

A &, 3 10 o N Y = B % ! P 3 Id
LaaﬂmLUumewm LASTNIUNITUVDURUATUDENIN 0 ﬁ]ﬂuml,a’mwml,ﬂu 0

WAz AI0E19N15Y1ABULIgTUTENINNBUNATUIA 4x4 RNga AUNINNINIUIN 2x2

anansauanslagaguin 2.11



20

Input

alloll ¢!l d Kernel
e f g h WX
i j k | y .
m n 0 p

Output ¢

aw + bx bw + cx cw + dx
+ey+1z +fy+gz| |+gy+hz

ew+fx+| [fw+gx+| | gw+hx
iy + jz jy+kz || +ky+lz

W+ X+ | [ jw+kx+]| [ kw+Ix+
my +nz ny + oz oy +pz

JUN 2.11 degamsvinrumeulagdu

JUN 2.11 Wudregrnisaauligtussninsdunaawin 4xad fntga Auniininawin

U U

2x2 yldlavineuwn 3x3 finga SuemnainannsuimduUssansuemiinnlunm

[y 1

fuAtvesdunnantuimnefibauanduieduiering a1ndIeeg199815iud1 winnd
duUszdnd w x y uae z lWeeuligduiudunn a b e waz f lfevinmdu aw+bxtrey+fz
PntudouninInlugtayadunndaly kasiinTzuIUNITANIUATUVLIATDIBUNA 1nY

inmzivunananiainnszuIun siasgadeveuveanimiy

3) %uwﬂaﬁa (Pooling layer)

' (%
a Y

TuﬁifumauﬁL“ﬂumiamemJaa%’a;ﬂaaﬂmﬁ%mﬁﬁmamﬁﬁauuuﬁ 3 LUUAIENY
famolUdl
1. Waienleegdn (Max pooling)

nsvwademeAgantuasidenageaniuusazudeafintinninyadinseuegagdoya

Y Y

a ) 3 Y 1 o o a v 1 Y v PN
BUWG]NWL‘UUWMQU G]’JE]EJ’]\‘]ﬂ'ﬁVI'N’]UﬂJ’ENﬂ’W5‘1/1'1‘1{1\1]@@\‘]91’3EJﬂ'Tsjﬁ’s’jLLﬁGNlﬂﬂﬂEUVl 2.12
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2 7 0 1

5UN 2.12 nsviadeigAeean

JUM 2.12 M37INUTINARINI8AIGaATENINNBUNATUIA 4x4 Ainwwa Auntinin

Y Y

WATIVUIA 2x2 Fumsun1siILAe thniinintuin 2x2 luaseunduns antuasidien

9

Angeaneony Jaagldtevinadu 6 8 7 uay 9 muddiu nsrunnveus vinavziviinanad
ATINTIYDIVUIABUNA

2. MINAFWIEANRGE (Average pooling)

1
a

WARIEAARLALARIEAUNITINATRIEAENER Hdunuan1aiuABIAIUIN

Aedsluusazudon wiufinisdenaigen fegrmainusandlddsgun 2.13

1 5 8 0

4 325

bk

s Vo e 3 5

5U# 2.13 Msvihnadesngrlaie
JUM 2.13 M3vinuvesadamgAnaissenIndunavuin 4x4 inwa funiinin

WATIVWIA 2x2 TURBUNITINUAD tvininvuin 2x2 luaseunsunn 91ntuazidenin

'
! a

Anadgluidaznseufinsauaanun dazliominmdu 4 3.25 3 uay 3.75 auadu Jsaziiu

TAvesevinanliazialndideiu lngvuiaveseminnazivunanairsmideaiuuin

DUNA
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3. Mswadsnie L, —norm (L, —norm pooling)

v
ad S

FBnrstasilunisman L, —norm wssusazudenundueying #aeg1an15vinanu

LLamqlé’é’agﬂﬁ 2.14

8.84|8.77
§) 4 3 2
7.87 | 8.66
3 0 5 9
_pep—
=
2 b 0
ity

sUN 2.14 nsvimadeeie L, —norm

U 2.14 n159Inuvenadaniy L, —norm sendnedunnvuin 4x4 fintea fu

o
0y

MINNANAGIYIIN 2x2 TuRBLNISINALAe dvinnwuin 2x2 Tuaseungunm 31niu

o a

AA1 L, —norm luusiagnsaunaseueanyn laen1sauinaziidunalunsousiassi

BNANGEas MNUUUMIRUANIVINAULEIR AT INTdDIweINaaNs Y Javzlatevinadu

2/
v a1 [y

8.80 8.77 7.87 uaz 8.66 mua19u azwiuddnleeonunluevinadudailndifisiu lny
YAVDUDWINAIEANNAAAHIATIMTVBIVUIABUNA

NNIBNINAGIN 3 TBriuBunesUuuuieIiufglialevineiwand1siu Tnenisi

v a

wageneAgegnazlvdeyalutuieinalinuwaneeiy uidmiunsvityadeieAiad

(%
&Y a LY

waznaderae L, —norm aglvid1vestayaiominnilndifsaiy aeduisnisndesldiuee

(%
[

N19YYaGIRIeAIEIgna e nddunaunsvineuidiendy Laz kAR NI ANULANAIIAY

WNNTTIBNTU Jeagdsadisdnuazvastoyanlaniey

8) Susnvaizey (Fully-Connected layer)

' (%
LY Y

HIUNTEUIUNTIINNUTRITUABULIgTU TunadanuafeN1azevinnain

Y
' v v '
1 ! 14 % a IS

Funuagau LiownIsududgtudwunsely lnetuliavionlssasiiiie

Qe
L
Se &)
e, O
Qe
e

wadUszamanduneunt (Fursuligiu uwastuyads) sdeulesiuiuwaduszamnn

saa a - [ aa ! = U (Y O A ova )
waavdl lneageusanudy 1 9@ muuazl:ummmmumu‘bqﬂjwmmﬂsuuulmaﬂ lnetu

P TN A
fagyiweuselUdidueving
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5) GuLeving (Output layer)
Inetuilasiluturenisiuunteya Ingdwiueaduszavnluduiaziindudiuiuay

Aldlunsiinnwluniyaes Feaunisuldlunsduunuandlaaunisy 2.24

i = L(yi) (2.24)

| JZn_;exp(yj')

1 m 1 b2
do y, =D % -w,+b; g midudwiuwadussavlutudnuneiiu
i=1

@ a 3 -
X usunsvougaauszam j
< 3
y; e mng

n udnnuyaraiineinisdiuun

Tuarudaunaznan28998819411591191uv0e CNN Tnslassadrenldidulaseasns LeNet-

1 993 LeCun [15] dwsunisisnsuavmeatsiio lnsnmihuildiudunmiavide

a

PYANULD WaraTIN1TIILUNFIAVTIVUA 10 62 tokn 0 D9 10 Felasaadrananslanasy

Y

2.15

i Output

Input Convolutional ' utp

layerl Convolutional e

: layer2 @

P .

®

@

®

28 ®

1 12 127 -

. @

Average-pooling  Average-pooling™-.._ | @

layer1 layer2 T
1 y y 10 nodes

Ui 2.15 Tasaa$s LeNet-1

JUM 2.15 1598519909 LeNet-1 Usenause dudune 1 9u dunsuligiu 2 4u 4u
WATY 2 T Uardunadetui 2 Weousdelihludiduieving dealltunsunisaiiuauiwieludl

U

)=

1) dumm (y9) flvwn 28x28 finwa Fadunmlmdmmililfvesdeyadu 1 ez
ihluvheeulagduiumimnuun 5x5 silisiandmdn (wl] (u,v)) 25 a1 Tagldwthnan

AouligtudwIl 4 nthnn Tnenmsinulutuiluanslafsaunisi 2.25
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yO(xy)=¢Y] D Wi (u,v)y? (x+u,y+v)+b? (2.25)

]
(u,v)eK

Towit K ={(u,v)eN’|0<u<5and 0<v<5)
W (x,y) Wueniwmesduneuligiutui 1
¢ dlefdunsedu
y O (x+u,y+v) Wudeyaduns
wiy (u,v) whnnasuligdu
b® Arlunes
Tagiewinniildainnisidunmuun 28x28 finiwa aoubgiuiuntiininauia 5x5
$1uru 4 withnan shlsldlewinmarnnisaeuligiu 20x24 $1uau 4 3y

2) dnewinpantupeubigtutui 1 lWanvualegldnadrieaade vilivuinves

a A

Joyaanasnsmidahliuiavese minanlaainnsvimeisdes 12x12 $1uu 4 By
3) ntutlevinnantunadetun 1 lasulgduiunininnuuin 3x3 91uu 12

PN TReNAUNTTIUNISARUNSAIEUNIST 2.26

0007 3 W)y (xruysv)el | 229

(u,v)eK

Tne K:{(U,V)eNz‘OSUSSand OSVS3}

yP (%, y) Wuevinavestuneulagiuiud 2

¢ Weridunseau

a

y& (x+u,y+v) Wudeyadune

q

Y

wiY (u,v) wihnnmeulagtu
Y
b® eirluned
lngiominanlaannisiidunaruin 12x12 finwa Asuligduiuniininauin 5x5

I 12 vthnn Fluldieinnannisaeuligdu 8x8 31w 12 Ju

I '
v v a

4) dnewinmandureuligtutui 2 Wanvuialagldnadaieaiade ilivuinues

Toyaanasnsaiwihlivuaveseminailaainnisvimadafie 6x6 91w 12 Ju

5) FugavineAsn1suNeNAINTUNATITUN 2 dndeduie ludueinaves

q

A
U a1

a o 2 d I3 I = ¢ A °
ﬁg‘U'UIﬂEJlIQ'TU']uL%aaﬂigﬁWWW%ULGWWW‘W 10 Wwagauszan GZIQL'EJ'WW!@]Q%@J@'] +1 1D ANMDU

U

QNABY Uag -1 WaAnaURn
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FuRaUALNTUNITUIMIAIAILRANAININTUAZUIAIAURANAIAT Lo LS Soundu

(Back-propagation) LilausuAdtinlutunaumii

6) ANNSALUANTWLD N

MIMANNIRguAveRTaiUsTam K Itueinalinsaunsn 2.27

5O =g 4’ Zwﬁf)yw (2.27)

el 6® WuAnnsifgudndueving
& 1 a PN 3
e, =0, —t  LUuAmAaNuEanaInNsanUssdm K

(5) < S % & I3
ij LUUF’HH']WU?]‘UEN“UULE]’WW\M

y$ [Wudeyanidunadstui 2

¢ Duilsidunsziu

INUULNLN AR UN LU URURIRINALNITN 2.28

6) = _ 15O y® (2.28)
Awg” ==Y,
logit AW Andwilnifguiuasve st ming
A dusnnsieus
y$? [Wudeyandunadetud 2

TutumaunisToudidunisSsusuuumuing Tnelulsarsouroinisiseustu 9
U Y Y

YSuainminmadunsyn 2.29

ij (p+1) WkJ (p)+Aw|Ej5) (2.29)

Toed WY (p) JuraniwidnanwadUsvam | Guvadusvam k luduening
TuseunsAuie p

(5) <, 3 o I3 ] s 3

we (p+1) Wudrdmidnaingaddsgain | favaddszam k Tudu

wine luseunisAuan p+1
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(%
[

7) mAnNSRguANTunAGItun 2

K

59 (xy)=>> 5|§5)W£1_5) (%) (2.30)

k=1 (x,y)

Togd 5 (x,y) \DuAunsifeudivuyadatui 2

Y

4
Y

K Wudugadussamidueying
5 \Hudnnsieusidueving

W (x,y) urnimdnitueine

5 o 1 QOJ U -dl d‘ d‘
NUULNMIAN LU Ag UL UAIINENNTTN 2.31

2 | \Z

4 4 3
AW =23 50 (%, y) YD y? (2x+m, 2y +n) (231)
(X!y) m=1 n=1
Tnefi AW ﬂ"]ﬁ’mﬁﬂ‘ﬁLiJ%IEJULLiJm“UaQ‘fIJUWUaéﬂ%Juﬁ 2
A Wudnsnisseug

y? (2x+m, 2y +n) Wudeyantunouligdudui 2

Tutupaunsiseusidunsseuiiuuiuing lngluudazsouveanaioudiu ay
YSuAniwiinasaunisi 2.32

W (p+1) =wi? (p)+Awi? (2.32)

Toed WS (p) Duanihminannwaduszam i Suvaduszam j Tutuyadadu
7 2 TuseunisAwies p

W (p+1) Wuaniminaneaddszam | fugaduszam | luduwads
Fun 2 Tusouniseuwin p+1
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8) mAnnsiRguANTuAsulIgTuTUN 2

SO (xy)=D a8 (1x/2].l y/2])-w; (2.33)

keKg
Togdt 59 (x,y) duAnnsifeudvduaeulagdugui 2

S

Huukunmaudnsusdudnuarannisyiaiedud 2
Se(|x/2]. y/2]) WDurunsideus Fium a'“'q%guﬁ 2

1R B e
Wy WUAINUNNYUNAAITUN 2

NUUEIINIAIEIUN U8 UWUAINENNTTA 2.34

AW (u,v) —/IZ( P (xy)y; (x+u,u+v)) (2.34)

' [% '
= v v a

Tognt AW (u,v) Andavinideuulasvestupeuligiudui 2 lagi (u,v)
2

v
v v

Juvwavemthninasuligiudud

A Wudasnisdeuy
5 (x,y) \Wudunaifeuiituseulagiutud 2
yZ (X+u,u+v) Wuteyanitunadetun 1

[
Y

TudupeumsiseusidunisiBeuiuuudang Tngluwsazseuveanasouiiu e

YSUAUNUTNAIEUNITA 2.35

WE?) (p+1)= ngs) (p)+ Aw}f) (2.35)

gt WO (p) Wuedmdnaneaddszam i fuvaduszam | lutueeulig
Fugun 2 TuseunmisAiuwi p
W (p+1) Juanhwinnneadussam i favaduszam | luduneu

Tatutui 2 Tuseumsdn p+1
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9) UNALNT AL UATITUN aaﬁu 1

5P (x,y)= 225(3 (%, y)-w (u,v) (2.36)

keK, (u,v)
Togdt 52 (x,y) duAnnsifeudvidunadadui 1

I v oAy v [ v O A
LﬂuLLNu.ﬂWWﬂqmaﬂHmzLG]‘N‘VIl@‘\]’Wﬂﬂ’]iVl’]ﬂBUI’JQ“Uu‘UUW 2

c
¥ (x,y) WuAnnsideudiduaeulgiudui 2
w;, (u,v) WuAnhminiituneuligdutui 2

NTULILNMAERUN T URUaIRINANNISA 2.37

P2

AW (u,v) /125 X Y)Y D Vi (2x+m,2y+n) (2.37)

i
m=1 n=1

Togh  AWE (u,v) dnwriniAsuuamestunadagui 1

A WugnsnsGoug
@ (x,y) Wudwnsiseudiduyadsdui 1
Y, (2x+m 2y+n) musuamamuﬂauha%wum 1

(%
&Y

Tuduneunisiieusidunmsteuiuvuaiuing Tagluwsassevvaanaisouiiu e

USUAUNNTNAIEUNITN 2.38

2 2 2
W (p+1) =w® (p)+Aw? (2.38)
et Wi (p) WurniminaneadUszam i fuvadusvam | Tutuyadedu

7 1luseunisAmiuie p
W (p+1) WuanimidnanwadUssam | fugaduszam | ludunads

g °
Fun 1 Tusouniseuin p+1
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10) ALNsRguRntuaeulgiutun 1

50 ()= X522 Ly/2) 6 239

keKg
logdt 5 (x,y) WudAnnsidewdntuneuligiutud 1

Juwsunmaudnsagauannisimaddugui 1

S| x/2]. y/2]) WDurnnsideus Fitum a“ﬂu%’juﬁ 1

2 B g I D
wg lusumdnnguyaddbutun 1

J ]

NUUEIINIAEIMTN U8 ULUAINNENNNST 2.40

AW =—/12( o (X, ¥)Yi (x+u,u+v)) (2.40)

lagd AW (u,v) Andminfiwdeundasvestuaoulagdu 1 lnef (u,v) Ou

uaesinnInAsuElaty 1

A Wudasnisdeuy
S (x,y) Wurnnsineuntunoulagiutum 1
y! (x+u,u+v) Wuleuanidunn

[
Y

TudupeumsiseusidunisiBeuiuuudang Tngluwsazseuveanasouiiu e

JSuanunniinmeaunisa 2.41

ngl) (p+1)= ngl) ( p)+AW§il’ (2.41)

et Wl (p) udndmidnaneaduszam | fagaduszam | lutuaeulg
Fugun 1 luseunisAuwi p
wd (p+1) Wuedmidnanwaduszam | Gueaduszam | ludupeu

Tatutui 1 Tuseumsdm p+1
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(I-1)
y(\ (1.1) o local gradient 5‘5.”(1._ 1)
N [ —
[ ™ F=d 7_7_7_113/:/
I N ===
L S R y

--—-4-4 L.
| I wjl‘

r— convolution map j
map %

JUT 2.16 NMsunsuuudeunduamsuNUMANaN YzauINNTYIAeUlIgTy [25]

JUT 2.16 UAAINITUNTAIAIIURANAIANTUAIYULNUN TN ASNYULLAUY TASULHUNTI
(Y - (Y o A v ¢ < [ !
Audneae | aeuligduiunthniniduunn (u,v) devinsduisunimgudnyaugauan

mvimeuligdu j Aifvwn (X, )

o o ' | Y] ' o Y - &
dmsvelutea bl vesumuawandnvasisuainnsiaeulagdu j Tudu | ez

gnuTulsnnuaunisi 2.42

MDY =23 (50(x,y)) (2.42)

sub-sampling map j

JUN 2.17 NISUNTUUUERUNTUAIBUNUATNAMAN YENlIAINN1SINNaaa [25]

INFUN 2.17 UAAINITUNIAIAURANAIANTUA YUK UA TN AN WELAY Lag
WNUAINAMGN LAY | viyafenigniininyuln (sx,sy) Lavorvinauununin

AudnvugAlannIsYimads j e (x,y) waenisusuanluseauansldnsaunisi 2.42

Wueanuaeuligdu

MNATUNNINTINATTTNUYES CNN numsihanuaaeiunsvitauvediaseig
Uszamiilgiuuunsdaundu uduanseiuinisAiavestiunaulgfulastunais uaz

WedinsAwinAauiana1n agthluusunsanihmen wagmduussansluntninaeulg

YU
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lassngustamiieuwuuaaulgduiuszuuiinnwlunii

yananiEue

Tuunilagnanfmisesnuuuresssuuiinnmluntuenalagldlassieussamies
wuupaulgtu MsvihnuresszuuidnmlumiyanalagldlasaingUssamiiguiuuneu
Tigtu uaglasshessamniieuiuuasuligdusmigisnisanglounisisews antuaznaii

uteyaildlun1smaaes uazdunaUNITNAGEY

3.1 szuviiawlunduenalagldlasetisussamiieauuunauligdy

szuuiianmlunihyaralagldlassinevszamifisunuuaoulgduduisnviilang

MImdnwAuTeleys warn1sTuuntayalalusyuuides Jadudnwasiuresssuy

1% o
a v v

Sanmlunihyeaeadssoni duluineinusiiaauessuvisinmlumiyenalagld
Tnsweuszamiieniuunsuligtulundnlunisuszuiana

3.1.1 M3eenuuuszuuinwluntueaalagldlaswiteussamineauwuuneulgiu

n1seenkuUsrULITmluniyanalagldlaseiieUssamineuwuuaouligiud
Tasvadrefugauanannuideves Sun uagame [16] \loea1nA1AILgNFDIYBITTUUT
$redailliimnmugniesge Gearmumndnatuseninssuuiisdauarszuuiliferuinues
awdunaiidngszuu Tasamildluineninusifuuin 60x60 fina Fsdvunelugindinim
TuauAdeves Sun uazaai [16] Milnwwtnn 31x39 finiva dawaliuuiavesteyaluusdas

(%

Fuuanieiu Inglassaiia CNN Algluinerinusiuanalanagui 3.1
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Fully connected

Convolutional layer
layerl Convolutional Convolutional  ~gnvolutional 16(_) -------- @]
: o
60| BUPPZ= | | 29 |27 27 | g [P a9 | 7 BB T a L |G
20 o % Maxepooling e !
Max-pooling Max-pooling I 3 - s
3 layer1 layer2 ayer [ :

=1

5UN 3.1 Tnseainavesszuu CNN
NNFUN 3.1 ansaesuiglasiasiawaznisviiar CNN Ladssialuil

- avduymdunindvuin 60x60 finwa Filulialutudunmdy 60x60x3
lagAaviiganiguanitednuiuturen mdunn wuluingainusildnind RGB audl

Frunutudu 3 1Wusu

¥ '
v A

- Tutupauligdudui 1 (Convolutional layer 1) 1unisiinmdunnluaeulag

v v a

UAUNLINIAYUIA Axd 91U7U 20 KEINIA FINITOOALUUTUIAVDINTLININTUIENI1TUN

4
Y

YU nBuns lnsavidenvuinveamthnnliimnadnniies wilwewnuiiauiiaaues
dunn Sslunsasunsausnilrdussansvomihninldannmady vildldnmevinady
uHuMWANANwzsuldaInnsineulgtuvuIe 57x57x20 ngauugiivuiaveanm
ARAIIIN 60x60 Tinlwa Ide 57x57 finlea Lilesannsgadereuvesnnluainnsvinaou

Tt saunisnmshasuligduainsanandlanaannisi 3.1

Dxy)=¢91 D > wid (uv)y® (x+u,y+v)+b® (3.1)

iel (uyv)eK
Toefl y@ (x+u,y+v) unnduns

@ Wuilsddunszgu Fluwinerdnusiidenlduuy RelU ilasainan

a1 I

lonatiunstoyaazagyme lneimndeyaiiAiminnit 0 aude ndeyatuundueving us

v Y Y
a1 Y

° 1Y N v ! o Vo1 '3 <
FNNITUNITUVBUANAIUBYNIN O QZVHIVIW]LE)'WW‘!G]LUU 0

Y

£
= I

wi? (u,v) Wudrduuseansluntninaeuligdu Fdutuilasiivuin ax4

U 20 UUININ

¥

b® Wuelukea deluinefinusi alukeaaziiawindu 0
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- ndudngTuyadenieaA1gantui 1 (Max-pooling layer 1) Tngldutianan

q
v '
v v a

YA 2x2 AUl Winelaantuaeuligiutun 1 Wevinlvvuiavesnmanasasanis lngle

@ 1Ay o a = A o o N
LHUANAMENYUELAUNTAINN1TINERUUIN 29%29%20 Funguaiiiientdnisvityais
meAgeEaty Welievineannisiwadsdimdidnuvaeinull

1%
Y

- sountngtumeuligiudui 2 (Convolutional layer 2) myni1sin1nLe1ving

[ '
a ¥ 1 v A

MNFUNATIILAEIEATLn 1 luasuligduiuniininuun 3x3 31w 40 wihnn Beagla

Y 9

nadnslusnun st vausauildannsiaeuligtuswn 27x27x40

(% '
U a 14 1

- senndudunadenieargsdn 2 (Max-pooling layer 2) Tagldutinninauin

Y Y 9

2x2 fluteminafilaainduasuligiu 2 silildunun nananwuziaunliannsviyads

UM 14x14x40

- Whgtuneulgduun 3 (Convolutional layer 3) 38N15UININLBWINAIINTY

o '
1% 1 v

WademgAggatun 2 luasuligduiuntininuuin 3x3 31w 60 wiinan laukunmn

9

LY

AaENwaElaNNsvireuligduiuIn 12x12x60

- YIadweAgIgatun 3 (Max-pooling layer 3) lagldnthninyuin 2x2 iy

o '
v v A

inailaantuasuligtuiun 3 vililaununmaasnsaziiunlaannsinageun

6x6x60

(% '
U a

- lugupeulagdutuil 4 (Convolutional layer 4) 3£ NBVNAIINTUNAT

Y

muagedatud 3 lrsulbgduiuniininuun 2x2 §1uiu 80 ninin Feldnadndidu

LHUAMAMAN walANNlnaINN15IAB UL TUULR 3x3%80

o '
v v A
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A15199 4.3 wan1snaaadlagly PCA Tunismsanuwazaunazly kNN Tunisanwun

AIAUQNADY
k PCA + kNN PCA (Celeb) + kNN
gudeyad au | goudeyal09 au | Fudeyad au | g1udeyaldd au

1 82.88% 68.18% 87.39% 67.73%
2 86.49% 65.91% 84.68% 64.09%
3 85.59% 63.64% 84.68% 60.91%
4 77.48% 61.82% 81.98% 59.09%
5 80.18% 61.36% 79.28% 61.36%
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A151991 4.4 HaN1SNAARINISEY SVM Tun1sanuuntasilidun U U udun s

AIANQNADY
c gudaya 9 Ay gudaya 109 A
PCA + SVM | PCA (Celeb) + SVM | PCA + SVM | PCA (Celeb) + SVM
1.00E-02 92.79 % 91.89 % 71.36 % 70.00 %
1.00E-01 92.79 % 91.89 % 71.36 % 70.00 %
1.00E+00 92.79 % 91.89 % 71.36 % 70.00 %
1.00E+01 92.79 % 91.89 % 71.36 % 70.00 %
1.00E+02 92.79 % 91.89 % 71.36 % 70.00 %
1.00E+03 92.79 % 91.89 % 71.36 % 70.00 %
1.00E+04 92.79 % 91.89 % 71.36 % 70.00 %
1.00E+05 92.79 % 91.89 % 71.36 % 70.00 %
1.00E+06 92.79 % 91.89 % 71.36 % 70.00 %
1.00E+07 92.79 % 91.89 % {1.¢60% 70.00 %
1.00E+08 92.79 % 91.89 % 71.36 % 70.00 %
1.00E+09 0e=49-06 91.89 % 71.36 % 70.00 %
1.00E+10 92.79 % RS 71.36 % 70.00 %
1.00E-02 %. P 91.89 % 71.36 % 70.00 %
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Tusia9 -2 §9 10 Uag -9 59 3 auadu T,ﬂaﬁuamﬁﬂﬁmgmqﬂmaﬁammmgﬂéfaqLﬁam
los(C) waz log(gamma) +JuAILAnAIaTY Nu31aa los(C) darlugas 2 §9 10 iile
los(gamma) A" -8 wazloa(C ) fialumag 3§ 10 o logleamma) ien -9 awlinan13in

amlumihyaralir1AugnAesgegn 70%

NANISNAADIVDINITLY PCA Tunisisaneauzdukazly SVM Tunisanwunlane vy

WUSHUY RBF dakandlugui 4.6 e 4.9 aunsoasulananandlumsnd 4.5



62

M13199 4.5 Annugnasdlunismeaedy PCA Tunisfsdnuauziduuazly SvM Tun1sdiuun

LUk UwUULY RBF

AIAINNADY
gudaya 9 AY gudaya 109 A
PCA + SVM PCA (Celeb) + SVM PCA + SVM PCA (Celeb) + SVM
92.79% 93.69% 71.36% 70.00%

1NN 4.5 WUd1 MIAEnwIAUIY PCA Augrudeyavuinidnlaenss uas
nsAsinwzuINgteayavualng ddraugnaeddunisidinnluniyanalnglaes
ffu Genshsdnsaisdunngiudoyaruislvgiouninduiluldfurmadndaanugndes
gegatunisznnluniiiuana 93.69 % dmsugiudeya 9 AulazdmTugIuteya 109 AU

= o ! Y =3 Y1 14
nssdnEziuIINgIutearInanlaensdliiingnABdeEn 71.36 %

IINHANTINARBINITINEN waUzIAUAIY PCA wazduunyanalagly SVM lagldidu

WUSUULEUAS AL AU USLUURBF anansaasulinemisnm 4.6

M13199 4.6 mAsgnaedluntsnnasdly PCA Tunishssnuasinuiasly svM Tunisdiuun

Uszian AININNADS
(LNEY PCA + SVM PCA (Celeb) + SVM

wds | goudeya 9 Au | goudeya 109 AW | grudaya 9 Au | J1udeya 109 AU
LAUATS 92.79% 71.36% 91.89% 70%

RBF 92.79% 71.36% 93.69% 70%

- = = o 1Al ] v
NPT 4.6 nan1TUTEUTEUUTELANYRtduLUINdHadar AN nFadlung
NAGBINITIUNGATIY SYM fuguteya 9 Ay waz 109 AW wuddAwviiueniunsal n1sas
dnwazauIngIudeya 9 Aulaense lagduuwtawuu RBF fd1Anugnaesainiuudy

LAUMSI

1NNaNITNAaeIaINIsaazuladi ArAugnAesilaann1sRednvaEIALaIN

F1udoyalaensanse NMsAENYMzuAINgINTayavUInlgneu lulianuuAnA9eE1e

v o w

Hoddgy vienandndevisinisldgrudeyavuininglunsisdnuusiaulagly PCA nou
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4.4 N5.USYUEURAZIATIZINANISNIAADY

ludruiazuansnsidsuiisunanisnaasanlaainssuuidnmluninyanaisy
wanAfuAsnlanansndiwiu TudunsnagianinanisiUSeuiisulssavan nuesseuuiin
alunthyaraiuand1eiuaanslunisen 4.7 ludiunassasiansaaildlunig

VNAABIVDILATEUY Feanunsauanslanamisnei 4.8

M13199 4.7 Wisuifguaranugnaetlunisidnnmluninyanaveisnismaly wagnsld

lassngUszanmiieuwuuneuligdu

STUU F1udeya 9 Ay g1udaya 109 Ay
PCA + kNN 86.49% 68.18%
PCA(Celeb) + kNN 87.39% 67.73%
PCA + SVM 92.79% 71.36%
PCA(Celeb) + SVM 93.69% 70.00%
CNN 94.61% 81.12%
TL-CNN 98.20% 93.19%

INEN3199 4.7 wuhiananugnaedluniszinmluninuanavesgiuteya 9 Au ay

vV

a ' ¥ o b o = & Y

fifraandgiuteya 109 au luynsyuviTinmlumiuaramiandnw Fallanvamanun
0 (1) gudeoya 9 aw n1sAavanan 1 IzlunsaIsnIn wu fvuaaniui dvualndu
amwihassund Wusiu fadnfimsmavarannglunisanenimuds uadenliaunsaniuny
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v 1 ' Ay v [ A 1 [y ¥ 1<
ie1e Paazdwmasienmilaainiuaiiuandieiy (2) anlugiuteya 109 au unmn
Tunthndsservavesninlundiuandeiy 6 dnvazuazlilin1saiuaAuanIIzvoInig
818010 (3) MMusdisavyaralugIutaYa 9 AU ATIWINLINNIFINTEYA 109 AU Bl

a b4 L2 ¥ = 1 ¥
NsSeusAMENYEYegIuteLa 9 AU AnTIgIuteya 109 A
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Y
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WUMEIS PCA v0aNsdasian153kun nudmsisdnvaiulagldgiudeyavuinlngaslv

1 Y

ArrNugNABLaNaeiuNIsAsanwaznulagldgudeyavundninensiogsluited Aty

Sossuifisunisdsnmluniyaeadeszuuiamaanuiiszuy TLONN T
anugndeslumsiinmluniyanagean iosannisisdnuazisuuaznisauunyes
s¥uU ONN anansavUuaminiinlunisasulagldmmuianaalunissinmluntyana
ylszuuiiisydnsamlunisfednuusidusasnisdungsninszuudy uenainiszuy
TL-CNN T¥gudayavuinluglunishsanvagisiunowavinanvagisiuanldiugiutdoyavunn
A Andminiildddldinainyanasiuaundeannsadfinyseansnmvosszuuiinm

Tunthyanala

Aouaznaaaarildlunisanduanu Tnanasld PCA Tunishsdnuazeu wayld
KNN ez SVM Tunissiuunduasdunarludiuvesnisindeunisdauaisudusiuninein
giutoya unseiislédnundundonronisiiluduun uagnailudumaveaeutuisudy
ynnnsenlidnnilivageuaunserislanadnsennsn uazdmsuisnis CNN waz TL-CNN
Tunaildlunisimisunsisudusarniseioalasiaddunisine sunssiinisaeunsy

500,000 58U lngsigasdeaiatunisaiunudulanslasanisien 4.8

M13199 4.8 aldlumsaidunisseuuidnmluniiyana

1381 (3uai)
FZUU Fudaya 9 Ay gudaya 109 Au

LA3BNNTT NAgDU LASYUNTT Ny
PCA + kNN 12.502 0.813 42.599 2.455
PCA (celeb) + kNN 354.59 0.852 364.89 2.532
PCA + SVM 27.493 1.537 59.077 4.396
PCA (celeb) + SVM 917.362 1.565 1,122.95 4.567
CNN 30,136.54 0.0601 30,141.57 0.0604
TL-CNN 30,174.88 0.0605 30,247.73 0.0607

“naneseunslisunaiveinsaeumedeyavunale

9INA15797 4.8 Lalumsweseunistunisveass TL-CNN Wunanldiugiudeya
uaaninty Galdsiunanlunisaeudisguteyavuining@ldiaan 31,439.48 Jud

wazaganldlunisnseun1sves CNN wag TL-CNN TndlAssiutuiinsinlddnuau
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Abstract—This paper presents an implementation of face
recognition system applications. The face recognition system
consists of face detection using Viola and Jones method, face
recognition engine using Principal Component Analysis: PCA,
and identification using minimum Euclidean distance among
faces in database. However normalized cross correlation will be
calculated and used to be criteria to verify an unknown face
which is not appear in database. Moreover, two applications of
face recognition system are proposed: 1. Face access control
and 2. Face verification using smartphone via internet. First
application, face access control, the door will be opened when an
input image that taken from camera is one of person who their
face images are in database. For second application, users can
use an application on smartphone to take photo of target person
and then automatically send to the server via internet. At server
side, face image of target person will be processed using face
recognition system and database. Finally, send back information
to smartphone if target person is matched with someone in
database.

Keywords—tace recognition system; face access control; bio-
metric

I. INTRODUCTION

Nowadays the authentication technologies have been applied
to the various applications. One of the popular method is a
face recognition, which is widely used as the airport security
system, identification system, missing persons searching, crim-
inal arresting, etc. Generally, this technology has been widely
developed as an application on Android smartphone. Because,
today, these smartphones become the necessary communica-
tion devices, which are easier to access the face recognition.

The face recognition research can be divided into the
several interest issues. The first interest subject is the problem
solving of image illumination by using histogram equalization
[1]. The second interest topic is the feature extraction via
principal component analysis (PCA) [2], which is the basic
technique to obtain the dominant feature of the data. The
last issue is the applications of face recognition, for example,
the face recognition implementation for client server mobile
application using PCA [3], the application in microcontroller
[4], etc.

Although, the face recognition on smartphone is continu-
ously developed, the processor and memory of the smartphone

are still limited. Face recognition system requires an effective
processor and a large volume of the memory, which lead to the
difficulty in smartphone application development. Therefore,
in this work, the face recognition processing, including face
detection, face recognition, and identification process, is done
by the server. While, the smartphone is only adopted to take a
photo and send the photo to the server. Finally, the server send
the result back to the smartphone, which is only employed to
display the result.

The face recognition of the smartphone application is very
useful in many applications, such as the missing persons
finding, the offender tracking, etc. In addition, this system can
be also adopted to check the criminal background. Further, this
application is not only valid for the mobile phone but also the
personal computer with internet connection.

According to the importance of face recognition, in this
paper, the application of face recognition, including face ac-
cess control and face verification by using internet smartphone,
were studied. The system was mainly developed by using
the C++ language. Further, the C language and JAVA were
also conducted to develop the microcontroller and Android
application, respectively.

The rest of this paper is organized as the follows: back-
ground of face detection, face recognition, face identification,
and normalized cross correlation are introduced in section
II. Section III represents the proposed system of this work.
The experimental results are shown in Section IV. Finally, the
conclusions are drawn in Section V.

II. BACKGROUND

Our methods are fundamental algorithms, including face
detection, face recognition, identification using Eucliden dis-
tance, and unknown face verification. These algorithms are
explained below.

A. Face Detection

Face detection is the technique to detect face region in an
image. The Viola and Jones [5] method is employed to this
system. The flow diagram of this method is shown in Fig. 1.
This technique combine three different procedures. The image
is scanned by using integral image method for the several time.
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The filter is rectangle and can be divided into 2 parts, including
black and white. This filter is known as Haar-Like Feature
method. The face region is considered by using AdaBoost
cascade classifier. This method detect the face by rejecting

the non-face region.
- = = -
Output Image

Inpust Image

AdaBoost Cascade
Classifiers

Integral | .,
fmage | ==

Haan Like Feature

Fig. 1. The flow diagram of Viola and Jones face detection.

B. Face Recognition

There are many popular face recognition method, such as
principal component analysis (PCA), linear discriminant anal-
ysis (LDA or Fisherfaces) and elastic bunch graph matching
(EBGM), etc. In this paper, the principal component analysis
or Eigenface is adopted as the face recognition method. This
is the basic method for face recognition, which contain the
following steps:

1. Collect M face images with the size of N X N pixels
store in set S as defined in (1)

S:{F17F27F37...,FA]} (1)

where I',, is each image that transformed into a vector.
(n=1,2,...,M)
2. Find mean image (U) as defined in (2)

1 M
U ——= 2 2
M;n @)

3. Find difference (®) between input image and mean image
() as defined in (3)

o, =T, -7T (3)
4. Calculate the covariance matrix (C) as defined in (4)
| M
C=—) 0,0] =AA" 4
N ; " @

5. Define L = AT A, find eigenvalue and eigenvector of L
as (5)
LVi = )\iVi (5)

where v; is eigenvector and \; is eigenvalue

Then, multiple by A both sides of the equation

ALVi = A)\,,;Vi or AATAVi = A)\,;Vi

Substitute C = AAT, that is CAv; = A\, v;

6. Choose eigenvector which has top eigenvalues k values
7. Find eigenface (U) as defined in (6)

U= AV (6)

where V is matrix of eigenvector V = [v1,Va, Vs, ..., V]
8. Find coefficient of image in the database (£2) via projec-
tion face image into eigenface (U) as defined in (7)

0=UTA (7
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w1

w2
where Q) =

Wi
9. Get the test images (I'), which is the same sizes of images
in the database subtract with mean image (V) multiplied by
the Eigenfaces. The result is the coefficient of the test image
(€2p) as defined in (8)

0, =U[l -] ®)

w1
w2
where €, =

Wi
C. Identification using Eucliden distance

This process measures Euclidean distance to obtain the
minimum distance between test image and images in database
as defined in (9)

er = || = Q| )
where 1 <k <M

D. Unknown face verification

If the unknown face image is specified by the face image
in the training set, this can be considered as an error of
the system. then, the threshold calculated by normalize cross
correlation (NCC) is conducted to prevent this error. If the
value of NCC is less than 0.75, the system decide the test
image as an unknown face image.

2?21 (11 (z;) = 1] 12 (z;) — L)
— 2

NCEed,, L=
VM, (e S [ () - i

where I (z;)is intensity of test image.
I, (z;)is intensity of database face image.

I is mean intensity of I (I; = % Zf\il I ()
I is mean intensity of I (o = % Zf\il Iy ()

III. PROPOSED SYSTEM

This paper proposes applications of face recognition in 2
ways, including face verification via mobile application and
face access control.

The face verification via mobile application, its procedure is
shown as the following. First, the image is captured by using
mobile application, then the image is transferred to the server
via internet. The image is evaluated by face recognition system
in the server. Finally, the result is transferred from the server
to mobile phone via internet. The overview of the system is
shown in Fig. 2.

For face access control, first, the webcam or camera, which
is installed in front of the room, capture an image of person,
who want to access the room. Then, the image is identified by
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Fig. 2. The overview of mobile application for verification.

face detection, face recognition, identification and unknown
verification. If that person is available in the database, the
program will send data to the microcontroller to open the door
automatically. In contrast, if that person is unavailable in the
database, the access is denied and massage is displayed on the
monitor and the door is close. The overview of face access
control system is shown in Fig. 3.

[ i
i=.3’] = | Costrotler st ©
T* — L J
Magnetic Lock |
| webeim

= -
i .j

|| Eepat ]

Fig. 3. Face access control system.

A. Design of face recognition system

Face recognition system is shown as the following steps.
First, Viola and Jones method is adopted to perform the face
detection by cropping the face image from the photo. Then,
for face recognition process, this face image is recognized by
using PCA algorithm. Further, in identification process, this
face image is comparing with the face images in the database.
The image with the minimum Euclidean distance is considered
as the result. Finally, the normalized cross correlation (NCC)
is adopted to check the person who in test image is available
in the database or not.

B. Design of mobile application

For mobile application, first, the photo is taken by the
application. Then, the photo is transferred to the server via
internet. The photo is identified on the server by using face
recognition system. Finally, the mobile receive the result from
the server and display. If the photo match the person in the
database, the server will sent the personal information to
the mobile phone. However, if the result is mismatch, the
mismatch massage will be displayed on the mobile phone.
These processes can be summarized as shown in Fig. 4.

In Fig. 4, the main page as shown in Fig. 4(a) is used to
open the camera and take a photo. The photo is previewed as
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Fig. 4. Working process of the mobile application.

shown in Fig. 4(b). In the uploading page as depicted in Fig.
4(c), the photo is uploaded to the server. Then, the photo is
identified by face recognition system in the server. Finally, the
server send the result back to the mobile phone.

C. Design of face access control system

The face access control system is divided into 2 parts,
including program design and hardware design. The program
design is face recognition system as mentioned in subsection
A. For hardware design, if program sent data to microcon-
troller, the magnetic lock is controlled to open the door
automatically. The flow diagram show in Fig. 5.

1

| ERTNN ST s A S L,

Harchwaare Design

Fig. 5. The process of face access control system.

The required equipments for the hardware design can be
shown as the follows: (i) microcontroller using Arduino UNO
R3, (ii) Relay, (iii) Keypad, and (iv) Magnetic lock. The
device connectivity is shown in Fig. 6. If the person in the
photo is in the database, the program will sent the data to
microcontroller. Then the microcontroller controls the relay to
cut off an electricity supply of magnetic lock. Finally, the door
is open.

D. Experimental setup

In order to test an accuracy of the face recognition system,
the different number of images in the database and different
face actions were conducted. The number of face images in the
database were 10, 20, 50, 80, and 100 images, respectively.
Moreover, the different action of face images were normal
face, smile face, close eye, open mouth and other action. The
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Fig. 6. Device connectivity.

example of face action are shown in Fig. 7. The database is
the normal face of the students in faculty of engineering, King
Mongkut’s Institute of Technology Ladkrabang.

28680008

Open Mouth

Smile Face Close Eye

Nommal Face

Other Action

Fig. 7. Face image in difference actions.

IV. EXPERIMENTAL RESULTS
A. The system performance

From Fig. 8 shows the comparison between the number
of images and accuracy percentage for different face actions.
The results revealed that the normal face exhibit the highest
accuracy percentage as compared to other actions because
the face action in database is normal face. These results can
be implied that the accuracy is depended on the face action
in database. Further, the accuracy is found to decrease with
increasing number of face images.

s asss

i

Aceuracy Percentage

I

o =
L] = =
10 fa S0 faces il faces, 100 faces
Namber of Images
BNormal Face  BSmile Face 8 Close eye  DOpen mouth  DOther Act

Fig. 8. Comparison of the data in a bar chart with accuracy percentage.

B. Result of uploading photo from application to server

From Fig. 9 represents the photo uploading process obtained
by Wireshark, which indicate the connectivity action during
uploading the photo. It can be explained as shown in the
following steps

(1) The smartphone uploads the photo to the server via
HTTP protocol with POST command as shown in Fig. 9.
While, the photo is recognized on the server the mobile screen
is represent in Fig. 10(a)

(2) When the face recognition process is complete, the
smartphone sent the GET command to receive the result from
the server.

2015 International Symposium on Multimedia and Communication Technology

September 23 — 25, 2015, Classic Kameo Hotel, Ayutthaya, Thailand

Anglisafion

s i IBEHer  Commen

0235396000 ﬂﬁmi_ [ L —— ST
12153621000 B LR E T ™ ]
122476272000 um; 1
LE2ATELLO0N0 HITRLLIG0

134443167000 &:W

124425189000  GmRaamioKy

Fig. 9. Time flow while sniffing package

(3) If the result is match, the smartphone send the GET
command to the server. Then, the server response to the
command by sending the photo and personal information to
smartphone as shown in Fig. 10(b). In contrast, if the result
is mismatch, the mismatch massage is occurred on the mobile
screen as depicted in Fig. 10(c).

() (b) (©)

Fig. 10. (a) Uploading screen, (b) Match screen, (c) Mismatch screen

V. CONCLUSIONS

This paper proposes face recognition system and its appli-
cations, including mobile application for face verification and
face access control system. The experimental results revealed
that the accuracy is found to decrease with increasing the
number of face. For different face actions, the highest accuracy
is obtained by the normal face for the different number of
images because the face action in database is normal face. In
other words, the accuracy is depended on the face action in
database. Both applications can work well properly.
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TUswnsutNe9a9lua1ul g

TsunsuineadedlusmAdeiazuuseandu 2 duldun szuuiinmluniyana
Tngld CNN wagnsiannmlunihunnaniedsn1snall ddusunsunldlunisvaasia 2

1 gj = o a d‘ 1 U d! F2Ev) 1 d’l
FAIUUUUNITANUUINUNLERNRNIINU %QaqﬂqiﬂLLﬁﬂ\ﬂﬂﬂQ@@lUu
- Caffe [29]

Tud11v9IN1IMAA8INITYINIUYBY CNN Huagyivinuussuuyuanis Ubuntu 39l
\A3090%D Caffe FaWaulny Berkeley Vision and Learning Center (BVLC) 9015911971
299 Caffe tuagldniinaedell CUDA Tunisaieuszanana wievinlinisuszananaldiian

anasiadisusumsld cPU Tunisvinau
- Microsoft Visual Studio 2012

Microsoft Visual Studio 2012 1uiasesileiwmuilaslulaseensiviis1uuy

szuuUfjuanislulasgenviiulaad eislunisimuilusunsumeuiames lnglunuideilas

[
v v

T c++ Wundnlusniiunisvesiusunsy dnsdsld opencv dalulaun3lunislunis
Usgunanalieaiuaeuiamesinial (Computer vision) @evisnuailazaasluniswaul
TUsunsu Imenisvinauludquilazld CPU Tunisvinautiliesognamen F9n159n809nmu

MIBNTY c++ TIUAUAY openCV Tasraludl

1. n1sveaadld PCA Tunishsansaizmunazly kNN Tunisankun

2. mMsnnaedlt PCA Tunisieanwagiaunasty SYM Tunisaiwun

Caffe

Caffe \Ju deep learning framework %Qgﬂﬁwuﬂﬂa Berkeley Vision and Learning

Center (BVLO) Ingmguaiiidon Caffe snldlunissniusm

- Ipssaseves Caffe woranisuluuszandld vianisimuiwinnssy lne Tunaa
wazUszdnsammsvihanugnirualagnsusuaseununisleulsunsuiuudutdou (hard-
coding) @unsatdenn1svinulasznItensiaulagendy CPU %se GPU

v

IS ' = % =~ o 4 (% v 1 <@
- dunfiRusmdlenuieyinly Caffe WWUWI@@EJ’NTJ@LTJ
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- audalunnsvineuees Caffe annzdnsu n1svinn1sneasdlunisivy wsens

ilulszenaldlugaaimnssy

'
v o =

- dnguiniaundieiuwdsduadnidrunulniquaznisrindunidymnnuiae

nN15AnAnY Caffe

lngszuuuUanisnuusidmsunisinns Caffe Wuldun Ubuntu, OS X 1ag

lunuideillafinns Caffe uuseuUUHURNIS Ubuntu 14.04 LTS

>>
>>

1) DNANBALONNTAADUNUNDS

sudo apt-get update && sudo apt-get upgrade
sudo apt-get install build-essential

(%
Y

2) finsa CUDA wae cuDNN (nsaifimeufinineslaiiinsnas NVIDIA Tsdnuly

JUADUN 3)

>> wget http://developer.download.nvidia.com/compute/cuda/7 @
/Prod/local_installers/cuda_7.0.28 linux.run

>>
>>
>>
>>
>>
>>
>>
>>

chmod +x cuda_7.0.28 linux.run && mkdir nvidia installers
./cuda_7.0.28 linux.run -extract= pwd /nvidia_installers
cd nvidia_installers

sudo ./NVIDIA-Linux-x86_64-346.46.run

sudo modprobe nvidia

sudo apt-get install build-essential

sudo ./cuda-linux64-rel-7.0.28-19326674.run

sudo ./cuda-samples-linux-7.0.28-19326674.run
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$wiam path variables Tulwd ~/bashrc Insnsiiiuddsieludl

>> export PATH=$PATH:/usr/local/cuda-7.0/bin
>> export LD_LIBRARY_PATH=:/usr/local/cuda-7.0/1ib64

7189910 save WA bashrc wa lARUNAS

>> source ~/.bashrc

AnA9 cUDNN

>> tar -zxf cudnn-6.5-1linux-x64-v2.tgz

>> c¢d cudnn-6.5-1inux-x64-v2

>> sudo cp lib* /usr/local/cuda/lib64/

>> sudo cp cudnn.h /usr/local/cuda/include/

[%
Y

3) Aned library taglusunsumegndifudmsunisviteues caffe

>> sudo apt-get install -y 1libprotobuf-dev libleveldb-dev
libsnappy-dev libopencv-dev 1libboost-all-dev 1libhdf5-serial-
dev protobuf-compiler gfortran 1libjpeg62 libfreeimage-dev
libatlas-base-dev git python-dev python-pip libgoogle-glog-dev
libbz2-dev = libxml2-dev 1libxslt-dev libffi-dev 1libssl-dev
libgflags-dev liblmdb-dev python-yaml python-numpy
libopenblas-dev

Furnse pillow

>> sudo easy_install pillow

MNsAnaanlaLmas caffe UEIABUALADSNABINITAILUTHNTY

>> cd ~
>> git clone https://github.com/BVLC/caffe.git

[
Y

AnRY Caffe

>> cd caffe
>> cat python/requirements.txt | xargs -L 1 sudo pip install
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Anann Makefile LAZDNANNITAIAT

>> cp Makefile.config.example Makefile.config
>> nano Makefile.config

AunsanIrIne lalagnisau # oanuinussvinifesn1saemelull

1. USE_CUDNN := 1 \fiea31a Caffe Miannz GPU lunisuszanana (fin13nae NVIDIA)
2. CPU ONLY := 1 Wloa$na Caffe Tianiy CPU lunisuszanana
3. WALUAYEY BLAS := ATLAS 4¥u BLAS := open Lﬁaﬁ%mszmamiﬂismamawnﬂ

wAUUsEURaNa (Cores) UpIABUNULADST

4) @519 Caffe

TR9@1 X = 97119 core U89 CPU ksl

>> make pycaffe -jX
>> make all -jX
>> make test -jX

5) MAdaUN1SYIN9IUved Caffe

naaeUlABNSAOUMYIE19UeIYATaLa mnist AeAdssielUl

>> ./data/mnist/get mnist.sh
>> ./examples/mnist/create_mnist.sh
>> ./examples/mnist/train_lenet.sh
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N115%11971U%89 CNN ¢9e Caffe uugrutayaindaints

')

nmsvinulutuseuidnduazdedilndnin (jpg) Muvsdulnamesdmivasu uway

naaaumseubILad Felvumnaulunisaduanunsmalull

1. nsudasnmantid jpg WWuresuunvealwdgiudeya tmdb
Inelutuneuinnimueiiezturlddeadulng jos uazuenlnawmodszning
aildaeu warnegeu lnglulrawmesiuarUssneusie Iawmesnnuesusaraunazing
label Fsagluguuuy train.txt w30 testitxt @9 label Hagi3usdudeus 0 Fedrurunuly
F1utaya -1
9199927nlWa examples/imagenet/create_imagenet.sh

I@EJ%LU?{sJuSﬁayuamqasmiuMé create_imagenet. sh fusioluil
Trlawposnieguedlng tmdb
-EXAMPLE = /path/to/subfolder/under/examples/to/store/lmdb
file
IawesAulndgudoya

-DATA = /path/to/folder/containing/train.txt & val.txt

namestosmiulnddmsuasu

-TRAIN_DATA ROOT=/path/to/folder/omitted/in/train.txt

awestasnAulnddnsuasy

-TEST_DATA ROOT=/path/to/folder/omitted/in/val.txt

LUSEJ‘U?WEJ@SLgﬂﬂLﬁuﬁQQIWEﬁ(ﬁéfaﬂﬂ’ﬁ (@uTuaou uaz NgEU)

-GLOG.... $EXAMPLE/... train(val) 1lmdb (rename the database for
training and testing)

madunmd@liidindin - -gray \vdsn - -shuffle \

2. unlulaseasha CNN ethanldiulnagudeyaidesnis

919999 nlWa examples/mnist/Lenet.prototxt

examples/mnist/lLenet_train_test.prototxt
examples/mnist/lLenet_solver.prototxt
examples/mnist/train_Lenet.sh
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melulid lenet.prototxt way lenet_train_test.prototxt agsinisunly
Faseluil
1. input_dim: (batchsize, #channels, imagesizel,imagesize2)
2. inner_product_param: num_output: #labels

3. “data” layer: phase: TRAIN/TEST source: “.”(path to
training/testing 1lmdb database)

melulnd lenet_solver.prototxt azsinisunlunsseludl

1. test_iter: #test batches ( the total test images
evaluated in TRAIN phase = test_iter*TEST batch size )

2. base_lr: initial learning rate ( default:.01, change to a

smaller number if getting NAN loss in training )

3. snapshot_prefix: “.”’(filepath to snapshot saved)
4. snapshot: # of iterations per snapshot

5. max_iter: # of iterations

melulnd train_lenet. shagvinsunlenmelill

-solver = * solver.prototxt

3. Train model SuAmaatluntingig Terminal

>> ./examples/.../train_*.sh

1 &

4. Test model InansiUdsuiiaglu Wawnasvas caffe

Y

>> cd caffe_root
INTUTUA

>> ./build/tools/caffe test -model /path/to/* train_test.proto
txt -weights /path/to/trained/caffe/caffemodel -iterations #te
st images/batch_size


http://caffe.berkeleyvision.org/tutorial/solver.html
http://caffe.berkeleyvision.org/tutorial/solver.html
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Source Code

examples/celeb/create celeb.sh

Julsunsudmsunisudasdoyanin jpg iWulndgiudeya Imdb Snsimueiiod

Y

voslnauaznsimunnieg suanstulusinsunslull

#/usr/bin/sh

# Create the imagenet 1mdb inputs

# N.B. set the path to the imagenet train + val data dirs
EXAMPLE=~/caffe/examples/celebface_lenet
#DATA=~/caffe/data/data_celeb
DATA=~/caffe/data/3_Folder_colour
TOOLS=~/caffe/build/tools
#TRAIN_DATA_ROOT=~/caffe/data/data_celeb/train/

#TEST DATA ROOT=~/caffe/data/data celeb/test/
TRAIN_DATA_ROOT=~/caffe/data/3_Folder_colour/train/

TEST_DATA_ROOT=~/caffe/data/3 Folder colour/test/

# Set RESIZE=true to resize the images to 256x256. Leave as false if
images have

# already been resized using another tool.
RESIZE=false
if $RESIZE; then
RESIZE_HEIGHT=256
RESIZE_WIDTH=256
else
RESIZE _HEIGHT=0
RESIZE WIDTH=0
fi
if [ ! -d "$TRAIN_DATA ROOT" ]; then

echo "Error: TRAIN DATA ROOT is not a path to a directory:
$TRAIN_DATA_ROOT"

echo "Set the TRAIN_DATA ROOT variable in create_imagenet.sh to
the path" \

"where the ImageNet training data is stored."

exit 1
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fi

if [ ! -d "$TEST_DATA_ROOT" ]; then

echo "Error: TEST_DATA_ROOT is not a path to a directory:
$TEST_DATA_ROOT"

echo "Set the TEST_DATA_ROOT variable in create_imagenet.sh to the
path" \

"where the ImageNet validation data is stored.”
exit 1
fi
echo "Creating train lmdb..."

GLOG_logtostderr=1 $TOOLS/convert_imageset \

$TRAIN _DATA_ROOT \

$DATA/train.txt \

$EXAMPLE/celebface train_1mdb
echo "Creating validate 1mdb..."

GLOG_logtostderr=1 $TOOLS/convert_imageset \

$TEST_DATA ROOT \
$DATA/test.txt \
$EXAMPLE/celebface_test 1lmdb

echo "Done."



examples/celeb/make celeb mean.sh

Wsunsulaglddmsunmsaialidaadovesgiudeys dnsimueiieglidwasen
Agaanalull
#!/usr/bin/env sh

# Compute the mean image from the imagenet training lmdb

# N.B. this is available in data/ilsvrci2
EXAMPLE=examples/celebface_lenet
DATA=data/3_Folder_colour

TOOLS=build/tools

$TOOLS/compute_image_mean $EXAMPLE/celebface_train_lmdb \
$DATA/celebface_mean.binaryproto

echo "Done."
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examples/celeb/celebface lenet train test MoMo.prototxt

TUsnsuiidulaseas1swas CNN Tun1svinau Fauuseanidutudn wazdnisiius

N1510mesAIwandlulUswnsusasa Ul

HAHAHAHHHHAH Y DATA Layer  H#H##H#HAHHHHSHAHAHHFHAH
name: "face_train_val"
layer {
top: "data 1"
top: "label 1"
name: "data 1"
type: "Data"
data_param {
source: "examples/celebface lenet/celebface train_lmdb"
backend: LMDB
batch_size: 128
}
transform_param {
mean_file: "data/3_Folder colour/celebface _mean.binaryproto”

mirror: true

}

include: { phase: TRAIN }
}
layer {

top: "data 1"

top: "label 1"

name: "data_1"

type: "Data"

data_param {
source: "examples/celebface_lenet/celebface_validate_lmdb"
backend:LMDB
batch_size: 128

}

transform_param {

mean_file: "data/3 Folder colour/celebface mean.binaryproto”
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mirror: true
}
include: {

phase: TEST

HHHHHHEE A CONV O NET 1 #HHHHHHEHE R
layer {
name: "convil_1"
type: "Convolution"
bottom: "data_1"
top: "convl_ 1"
param {
name: "convl w"
lr mult: 1
decay mult: 1
}
param {
name: "convl_b"
lr_mult: 2
decay mult: @
}
convolution_param {
num_output: 20
kernel _size: 4
stride: 1
weight filler {
type: "gaussian™
std: 0.01
}
bias_filler {
type: "constant™

value: ©



}
layer {
name: "relul 1"
type: "RelLU"
bottom: "convi_1"
top: "convl_1"
}
layer {
name: "norml_1"
type: "LRN"
bottom: "convi_1"
top: "norml_1"
lrn_param {
local size: 5
alpha: 0.0001
beta: 0.75

}
layer {
name: "pooll 1"
type: "Pooling"
bottom: "normi_1"
top: "pooll 1"
pooling param {
pool: MAX
kernel size: 2

stride: 2

}
layer {

name: "conv2_1"

type: "Convolution”

bottom: "pooll 1"

top: "conv2 1"
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}

param {
name: "conv2 w"
lr mult: 1
decay mult: 1

}

param {
name: "conv2_b"
lr_mult: 2
decay_mult: o

}

convolution_param {
num_output: 40
kernel size: 3
group: 2
weight filler {

type: "gaussian"

std: 0.01

}

bias_filler {

type: "constant

value: 0.1

layer {

}

name: "relu2 1"
type: "RelLU"
bottom: "conv2 1"

top: "conv2_1"

layer {

name: "norm2_1"
type: "LRN"

bottom: "conv2_1"
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top: "norm2_1"
Irn_param {
local size: 5

alpha: 0.0001

beta: 0.75
}
}
layer {
name: "pool2 1"
type: "Pooling"
bottom: "norm2_1"
top: "pool2 1"
pooling param {
pool: MAX
kernel size: 2
stride: 2
]
}
layer {

name: "conv3 1"
type: "Convolution"
bottom: "pool2_ 1"
top: "conv3_1"
param {
name: "“conv3_w"
lr_mult: 1
decay mult: 1
}
param {
name: "conv3_b"
lr_mult: 2
decay _mult: ©
}
convolution_param {

num_output: 60



kernel size: 3

weight filler {
type: "gaussian™
std: 0.01

}

bias_filler {

type: "constant

value: ©

}
layer {
name: "pool3 1"
type: "Pooling"
bottom: "conv3 1"
top: "pool3 1"
pooling param {
pool: MAX
kernel_size: 2

stride: 2

}
layer {
name: "conv4_ 1"
type: "Convolution"
bottom: "pool3 1"
top: "conv4 1"
param {
name: "conv4_w"
lr mult: 1
decay_mult: 1
}
param {

name: "conv4 b"



lr_mult: 2
decay_mult: o
}
convolution_param {
num_output: 80
kernel_size: 2
stride: 2
weight_filler {
type: "gaussian"
std: 0.01
}
bias_filler {
type: "constant"

value: 0.1

}

layer{
name:"flatten_pool3 1"
type:"Flatten"
bottom: "pool3 1"
top:"flatten_pool3 1"

}

layer{
name:"flatten_conv4_1"
type:"Flatten”
bottom:"conv4 1"
top:"flatten _conv4 1"

}

layer{
name:"contact_conv"
type:"Concat"
bottom:"flatten_conv4_1"
bottom:"flatten_pool3 1"
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top:"contact_conv"
}
layer {
name: "deepid 1"
type: "InnerProduct"
bottom: "contact_conv"
top: "deepid_ 1"
param {
name: "fc6 w"
lr_mult: 1
decay_mult: 1
}
param {
name: "fc6_b"
Ir mult: 2
decay mult: @
]
inner_product_param {
num_output: 160
weight_filler {
type: "gaussian"
std: 0.005
}
bias_filler {
type: "constant™

value: 0.1

}

layer {
name: "relu6_1"
type: "RelLU"
bottom: "deepid_ 1"
top: "deepid 1"

99



}

layer {

name: "drop6_1"

type: "Dropout"

bottom: "deepid 1"

top: "deepid_ 1"

dropout_param {

dropout_ratio: 0.5

layer {

name: "fc8 1"

type: "InnerProduct”

bottom: "deepid 1"

top: "fc8 1"
param {
name: "fc8 w"
lr_mult: 1
decay mult: 1
}
param {
name: "fc8 b"
lr_mult: 2
decay mult: ©
}

inner_product_param {
num_output: 1558
weight filler {

type: "gaussian"

std: 0.01

}
bias_filler {

type: "constant™

value: ©
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layer {
name: "accuracy_ 1"
type: "Accuracy"
bottom: "fc8 1"
bottom: "label_ 1"
top: "accuracy_1"
include: { phase: TEST }
}
layer {
name: "loss_ 1"
type: "SoftmaxWithlLoss"
bottom: "fc8 1"
bottom: "label 1"
top: "loss 1"
#loss _weight: 0.5
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examples/celeb/celebface lenet solver MoMo.prototxt

o [

TUSWNSUTAMSUAIAMIT TS I UNSADULAZ NAFDU

# The train/test net protocol buffer definition

net:
"examples/celebface_lenet/celebface_lenet_train_test_MoMo.prototxt"

# test_iter specifies how many forward passes the test should carry
out.

# In the case of MNIST, we have test batch size 100 and 100 test
iterations,

# covering the full 10,000 testing images.
test_iter: 100

# Carry out testing every 500 training iterations.
test_interval: 1000

# The base learning rate, momentum and the weight decay of the
network.

base_1r: 0.001

momentum: 0.9

weight decay: 0.0005

# The learning rate policy

lr policy: "step"

gamma: 0.95

stepsize: 10000

power: 0.75

# Display every 100 iterations
display: 100

# The maximum number of iterations
max_iter: 500000

# snapshot intermediate results
snapshot: 50000

snapshot_prefix: "examples/celebface lenet/celebface MoMo"
# solver mode: CPU or GPU

solver_mode: GPU
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examples/celeb/train celebface MoMo.sh

(%

Inafavdulviddnsunisdeiu lnensimunainng

#!/usr/bin/env sh

./build/tools/caffe train --
solver=examples/celebface_lenet/celebface_lenet_solver_MoMo.prototxt
#--snapshot=examples/celebface_lenet/celebface MoMo_iter 500000 5
.solverstate
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