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Abstract

In this research, the design and development of a model of deep neural
networks is proposed. The purpose of this model is to help foreign travelers in
Thailand to use Thai food image recognition applications in a smartphone without

connecting the internet. For the design phase, a new network called NU-InNet

(Naresuan University Inception Network) adopted the concept of the Inception
module from GoogleNet which is utilized and further improved in our model. NU-
Inception replaces any 5x5 convolutional layer by two 3x3 convolutional layers and
any 7x7 convolutional layer by three 3x3 convolutional layers to develop the model.
The processing time and model size are reduced to be able to be used as a
smartphone application. NU-InNet has been applied to and tested with the Thai food
database called THFOOD 50, which contains 15,770 images of 50 famous Thai dishes.

Ourtest showed that the processing time of NU-IANet 5 1.9 tmes lower than
GoogleNet, and the size of the parameters of NU-InNel is 27 times less. importantly,
the accuracy of NU-InNet is higher than that of Googl.eNet by 4.64%. When adding
more modules to the network, the accuracy of NU-inNet with a depth of 4 is 8.07%
superior to that of the BN-Inception network. These networks improved the Batch
Normalization layer of GoogleNet and also the processing time and the parameter
size from NU-InNet, which, with a depth of 4, are approximately 1.5 and 10.9 times
lower than those of the BN-inception network. Useability and convenience are shown
by the NU-InNet being ready for use with 0.68 and 0.81 second start-up times for
both depth sizes 1 and 4,



AnANIsuUSENA

A oo .

Tasams3duiull dvdadrnlivsnsaiuayuainuuesyunsdst uninedy

1

o_ oy = by, o dq‘l‘
W37 Usz9 1l 2560 Y9 idevoveunmun n il

o

wanaIniiynugievevevan naiiinsstiviuaseeufnned auy
a r o s 3 L 2 v =i v !
ImnTsuAEns uieidsusais dlalinsaivauumeiuanuivazaunsniuisdilu

mMvanAseTuilividniaganed




ULV

UVIARYD

n

Abstract q
fnAnssulsEnas f
G q
arsdeynnTi a
astinynw Y
unil 1 Ui 1
At nvasiinun 1
AU IBTDINITANE 2
FOULIAYDI9TU T 2
fouAwinny 2
ﬂuuﬁﬁﬂumaémﬁﬁa 3
wifl 2 wnansuazauiteiidioadas q
NWAVE (Digital Image) 4
wuudnansd (Color Model) 5
n’r&f%'tqu"umm‘%m (Machine learning) 6
nsadpnuanynY (Feature extraction) 8
M9 MUNATH (Image Classification) 8
msswuniBadu (Linear Classification) 11
Headurugadodmiunisswun (Loss function for classification) 14
Hariduganduiing (Softmax function) 17
Tassnelszamiisunuuiin (Deep neural networks) 18
futuvaddastnsusvamiisusuude¥aunni (ConvNets layers) 20



#@150gy (o)

wuuassraslassinglszamisuruudsinunis (Convets models) 24
it 3 AEsufivanide 30
mafiunazinioudayanmaimising (THFOOD-50) 30
maspuivlendulassiisdssamiiisnuudinuints (Leaming) 30
nsusziiuavadlasanglisanidion (Evaluation) 36
Uil 4 wan1IMARDY 37
AIVARBITEVIILUUIREY NU-InNet Auuudiasefivusn1suaadu 1| SVRC 37
MINABEITENINNLUVINAaY Deep NU-InNet fluwuudiaes GoogleNet a5
NIMAABILUUANABY NU-InNet fu Deep NU-InNet vugasvilyly 52
il 5 AFUNaNIIVAG4 55
UIIMNYNTI 59
AIANUAN 62



) #13UYA519

M54 i
1 wuudiasd NU-InNet 1.0 32
2 wuudtaay NU-InNet 1.1 33
3 uwvudaes Deep NU-nNet aw@nvindu 4, 8, 12 (N=1, 2, 3) 34
4 USRI R AT IO AABSE M HLUUR A0S NU-INNet AULUUIRoInTus
nAFwatang (1LSVYRC 38
5 UszAvSnmeuatiEninnuudTaes Nu-nNet Susuusiaasivuznis
weds ILSVRC 39
6 naltuiasmmivanLazIuIRd TR ULUUI 80T I ILUUI D
NU-InNet ifu wousianafivusnisudadu ILSYRC 41
7 UsgviBanwauaugneessewinanuudiass Deep NU-nNet fuluudians
GoogleNet a5
8 UsEANSNAMATUIRITENINLUUT I8 Deep NU-InNet Auiuudiaes
Googleiet 47
9  asldmbaanudmdnuaraundmsudaiusuusaadseninwuuiass
Deep NU-InNet Ausuudians GoogleNet 49
10 msasrviausedninmennaanlunisussinanalundazuuuiiaesuu
gl 52



d1350RNIN

L5
N wnu

1 ATIeNYewUUs1ansd RGB uazkuudiansd RGB 5
2 wovenassd HsV 6
3 e IIRIN 5L D3 R ilaeu (Unsupervised learning) 7
4 amsnmesnsiSeuiuuuiifay (Supervised learning) 7
5 svuumsiSuuireasiosing 8
6 shoinmawnsilluntssauun 9
7 U ANV EYINLLDIVOIN TN 10
8 %umaumsﬁauﬁ (Learning phase) ¥83n159MUNGwdy 12
9 Funpunisiing (Prediction phase} gansTun i ndy 12
10 nmangUveauns 2.4 Weantunaunisuanauliiedes 13
11 fegnaviu (Score) IINNTTNEINGEIRIL  £(x) 14
12 asusnszuuiuwasiwwainnnine gy 15
13 fhed1epzius (Score) Mnmiswensel 3 ngusiou f(x,, 1) 16
14 feiren13miel Loss seaidugeiuding 18
15 sUnvuvesgaiUIra MM TN MEas LU a0 B ITadUS TV
AN AR 19
16 asstneuszamidien 3 dudu uedlnsmeusvamifeunuudn 20
17 faet19%99 Convolution Layer Aiteyaid [32x32x3] uaziansos [5x5x3] 21
18 c?a’mtmm'sl.ﬁu‘ﬁay,a 0 38U 9 Yeyaitn [7x7) uazAangaa [3x3]. 22
19 faethaves Convolution Layer fifitoyaidn [32x32x3] uaz 6 fnvas
[5x5x3) 23
20 fat1e 96 AINTDLRI AlexNet wiazfnsosdivnn 11x11x3 23
21 Max pooling My Average pooling laeldfnses [2x2] way stride = 2 24

22 wuudaed LeNet 25



@30 (6i0)

LY i
23 wuuidasd AlexNet 26
24 wuudnaeq ZFNet 26
25 wuudtans Googl eNet 27
26 lmcepﬁcnﬂodnk@%ﬁﬁgﬂcﬁmmr : 7T
27  Inception Madule ('i:uﬁ 1) waz Inception Module ('s:uﬁ 3) 28
28 Residual learning : 1 nau 29
29 Inception Module (510) NU-Inception 1.0 Module {(nand)uas NU-

Inception 1.1 Module {2137) 31
30 GoogleNet (#78) NU-InNet 1.0 (nana) uag NU-InNet 1.1 (92) 31
31 NU-InNet 1.0 (410) uaz Deep NU-InNet 1.0 Depth (N) = 1,2,3 (271) 35
32 K-fold cross-validation 36
33 Top-T Accuracy 783 AlexNet, GoogleNet, NU-InNet 1.0/1.1 43
34 stﬁw%mwﬁ'suwmLtawmﬂﬁluﬁ{l’mﬁumaa AlexNet, GooeleNet Wag

NU-InNet a4
35 Top-1 Accuracy ¥84UUYIIRD9 BN-Inception, NU-InNet 1.0 uag 1.1

PidEnii a) 50
36 UssAvnwimunmuastaiRsaduTs LU Ees BN-Inception,

NU-InNet 1.0 uae 1.1 (a7ndnit a) 51
37 pandldldilauonmdiadunazinmaiosiui 1 nw uandviiny 54



aruduinveaym

aurinlrudnlddindugunsaiwnmildSummuiliouedann lugeiigeufindodoans
inundarisBumediilavuuenniirduuszinm Social network flanunsadoutorinumie

dnluangunivlaegrual iliipuanninfiadeiearivisfinnusnarsindumeiinld

ntanaat wavdmivnsdldnvieafisiumadudwineUsema nsldanBumeivinuue
agenalsvive oraasililildsuaiasaan dosoinensiiduinsdumesialsuiisigs

& Hn v s o ¢ o p— Yo oo s o '
LLﬁﬁWUWIHUinWs@UlW@'ﬂu'ﬂ Wi-Fi a’]ﬁ]ﬂ‘ﬂ.ﬁlﬂia‘uﬂa\llluu']qaﬂquwmqlﬁuﬂWUQlﬂﬂjlu

annsalfudumeiiinfedumdoyaidosnisuaswaanisdeansld

a 4 dda Q YT = ' = v a @ dnw
Ll.'iJWWﬁLﬂ‘ﬁuqﬂllﬂ'rilﬁ)']Lﬂuﬁﬂﬁ'ﬁUUﬂ‘WﬂﬁLﬂEl')‘U'l'JFl'N“U']W 1ﬂLLﬂ LL@WWﬁLﬂ‘UU‘Wl‘U

v <o e a @ 8 wvw v o a W oadn vy
AUV LYV I TUD TG ELBWWﬁLﬂﬂUWl?jﬂUWW‘Uﬂﬂdaﬂ'l'iLﬂ‘l'!'VI'N LLBWWﬁlﬂ%U‘WI‘U?%W

&

aouiidfny (Landmark recognition)  uazttawndiadudlé§$1@1m15 (Food recognition)

PAMEAETRTEITInsa11s Gsiaawnsioidniieiianndmiud nvsaiienuengan

flunsdonsud Sannsodslidumiouauasdoussney Vinaunaed wasdud
Alndfes

uawwﬁmﬂ"uwam%wIWuﬁ'lﬂunﬁ'jﬁwmw (Image Recognition)  dulvndsnes
orffursufinmedilundn asnnssvaunislumslssnanafesinswonsfflomesu
Uhinmesyudoya wangudeyaildnausnnandvlsuflindwenssdaliannsovie
18 Fedfesdedoyaluiinouiamefiitevseinarauny (Thid Party Processing)  dawalw
Usednsnn (Efficiency) 'lunﬁﬂwmama%uagiﬁmauﬁqLmas'ua::mmL%wm?)uma%l.ﬁm

Yedvdrdnidmatiuanugnieslunisseyiovesens wisesniuassdufio
1) Snwvasmmlugudeyaiiesaunguiigusnn vue @ wampesvasnwomshusias
Yisan 2) mundeyaieaiiuuudiaes (Model) dwiumsGsugandoyadiuauuin
Tnetadoransamnsauslalnglflassoyssamifiowunin flannsninreiosuszneu
yoanwlaetiauiugt fAredsnsuvimmbudiudng wihuvudesrauniodaivnas
denumine Tudnuusitatunssuunissweywd Juhliwudassiignadniuiioun

o 2 [V -] < < o v
warevzausegnimhvuumnivlwuitelilunsssyovesemsis



ﬁ’au?uwmﬁ'lmwuﬁﬁquiﬂiaﬂwﬂwmwLﬁﬂum'i‘t'fs'quﬁumsiﬁh"i‘immmmﬂww
dafinanuazmnliiuinvende Wowmnannsassyievasemnsingldlaglidududes
fimsiBousiadumesiiin daomil %'qlﬁﬁmsﬁ’mmuawwﬁLﬂ*ﬁ"uuuam%wNuﬁm%'um‘s"éﬁiﬂ
semslneifigndayadunsnndelassievsramdionuuin dwetetnveuiionly

nsIndnderesens meanningeldung et

AHNUNBYBINTITANY

I BLACG ACAGE ARE GRS ) 5] e Sy AT SRt RV

2. welssandlassiedszamiionuoudmnldfuisinwenmsing

v

3. weaiivanugndedunisseylisvase msauuuiae iy

VDULUAVD 91U IDY

1. mwchUmm'ﬂmmﬁ%'ummﬁﬂu 50 Uszny Uszinvazdsyarnn 200 - 700 anw

2. andnlvhuidunianndenhausussuudjiinsueunsasdiu 5.0 July

Heudwianie

1 awinlviu (Smartphone)  vineila Insdwiladauiivuunnmiiinuaiunse
wREniua oS

2. Twivariindsn (Social network) vanefls. Usnisilidaulassswiagauldannse
AnvedaanstiuiniaSot s umediin

v o - & s = 1 ad A a
3. n1sgmw (Image recognition) Mupily. ToMsBUIvENATONEMNIART WA

=

syyBovesnmdnls andeyafignilnaeulassyud
4. Msd1e1WTs (Food recognition) viuneiis %%'rn'sL‘f‘suuﬁ'ﬂmm%qﬁmmﬁnﬂmf&mas
szyfavorn gl Tnolidoyanwemslunisfinaeu
5. wuudaes (Model) wneiie msunudoyndmiunsSouindoyaduoun
6. lasselsvamifenuuudin (Deep neural network) wnefls Sanesiuiishans

naviiuRs I vaeweaud Tavaansodsuiiemslnsesiteyaludein



AUURZUYDINTIVY -

nmeminnlidesiiownsusinglunm 1 Uszon lavanunseueadiusivnglé
WinNg1 70 % oITIWNR  waznmaisamsaiewdsznauiivsinglunmld wu deu

v & v ood v (Vv o A o ¢
ADY ATUE LwazWunad Wunu IﬂUIQJV\BQWWW?@UWUWQﬁ?U@@ﬂ""\nﬂﬂ']w




2

=

) U

Iy

: BNEITUALNUIBTNIVDY

a e & A = o va ° v ' =
nATeBulidnyudgfumsifamomsinedwunniglassieuszamidiey
wuudnuuaininiwu Jsluunilngifimdnnisuwasvguiisng q AReripadszneuluiunin

Advia Luudaesd RGB wuudiassd HSV  misiSpujusamdes (Machine leaming) n1s

FuNAW_(Image  Classificati . : o = = oural

Networks) thetiniarsiuasindulassyovesomsiveannmey

nMWAIER (Digital Image)

MWATVA 1, 2) RensuansdayavoanivluzUuuy Spatial domain 638 f(x, y) Wil
Y owar y Aediidalussuny wazueundyaues £ dmU (x, ) la 9 Aedrmmunduua
YA (Intensity) lasAwualiniwes y(e, ) dvwe Mugs uaz N aedind wazfinn

(x, y) =(0,0) Aosumiafusiueean v dsauns 2.1 deluvuiaves M uay N Juegiu

ATMATDYN-(Resolution - Uasn W —gawasaLTRasntty 2 oysmv i

X QUGS fQ)) - an ) JTIdyY i

foops] [(FEO S0 U o

JM-L0) fM-11) - f(IM-1,N-=1)

1. nmnmwes (Vector) mnefisnmaiiousdsiiaiwanasuinneavldwines
nnwesluadamans e uniieviaazainavahumislussuny x, y dwmdvasiadunss
wilds 2enau viedmavn anussneuliduzunsshs o dldnmdlddauamitliing
Wisuuamngevievenunmn

2. pwusanes (Raster) mnefanmiivsenaulusasganm (Pixel) saufufunmn
Tagganmgnimuasumisld hiaansawdesuuvadld mnvereawdssinnilasny nwiig
naesdvaeusaiu iufegan Inoudazgaamiinaivadiowadiudiazdumis s
ATURLLBEAUDIN

. diofosnnanauandieszninanminnes funnusamed nuinmnnneds

anudwrsnlunsgeviavenenmlaeiivuntirosniwlufinnsiuavuuvas Seialuledy




mmﬁamlumuﬁnﬁuaznnﬁﬂﬂlﬂumsa%wwmwua"nm (Font) UuAaNfIW®S waznIw

o

Sl 8 mie oo

wFAWDSvORAAD d@11ndINd syuied wIennunsldaatean uailte dadnluGesuas
anmiidwauad Wednnwnveedsiianuazsdsnvesnmanas Jumnzdmniuldly

' = 1 P
Iﬂiuniﬂmnumﬁﬂqw%ﬂLLaﬂaNﬁUumu’]ﬂaﬂauW’JLﬂa%

wuudaesd (Color Model)

wwudiaesd (3-51  mnelanmsdmuanfidaeedd awdugduvufinandiaiu §e

uwuusaesfiadsnuudnnisuandduanenw wusiassd HSV Wuwuudiansitadte
pamdnnisueaiudvesyud uastuudiand oMK Wunuudiaesiiaieiudmiuidly
Rl Jud

wuudiansd REB Humuusaesiilasuaimisitunisienlddmiuansiuusenm
YoaruiNned dundnlvly navvonn LED ilessinuuudiant RGE  1inonn1sunasd
uywdannsnspatiuliludismnuenadulszinmg 400 - 800 wiluwms Ineviidveas

we o e e AR e ] = w
lauA wasdums (R) wavdi®en (G) uwaviasdunbu (B) NilAnsering 0 A 255 wsaufuiiie

A3NERNT LA G0 1 (998) uazwuunandd RGE nanslaniniw 1 (927) Feanunsnuanad

dgegaiis 16.7 dwd Felndifoaivdnuudsoaiuld

AW 1 N195IUUEIVRIUUVUINGDSE RGB (F18) wuud1aped RGB (v71)

ftan: https://en.wikipedia.org/wiki/RGB_color model

: o - g o v__%
E‘ﬁﬁ‘ﬁ#ﬁjﬁ‘ﬁﬂ‘lﬂﬂﬂWﬂﬂ?}ﬁﬁ%ﬁ)mmﬁnﬁlﬂﬁmﬁﬂﬂlmﬁﬁﬂqnﬂmﬂ?t‘ﬂﬂmﬂ%?ﬁ?ﬁﬂ‘ﬁ@ﬁ



wuudraesd HsV (6] Wuwuudiaesiiaiamiundanisueaiiudvowywd

- v | o wr v v ¢ ' = ¥ a =
‘Wﬂ'ixﬂaUlUﬂ')U ma‘wa::ﬂauaaﬂn'lf\l'lﬂfmqt‘tj’mmqwa (Hue, H) 1wy wmg We) Udu thnad

1 w03l Wury dwsuaenudusunsand (Saturation, S) iy #ilenny (Crimson) difin

1
r o <t

ATIBIINAUAY (Red) wazgameseiuanuaiIntuesd (Value, V) disfirdigamined

1

diuasvengeanfedum fantw 2

AW 2 BUUINaaed HSY

T htips://en.wikipedia.ore/wiki/HSL and_HSV

WUUIADIE HSV mmm’lﬁmmwmUmaqﬁmﬂui'ﬂqﬂ'%aﬁqwaﬂﬁuaqLﬁu'Lﬁ LY N

o or

AsumawzAditen wonddegunsaiilans @dergeu (Lime) di7098319 (Lightereen)
duiiunimsia (Seasreen) AwWaav (Forestereen) @dgausnan (Olive) uazdifungy

(Darkgreen) (usiu FamnAfinaraudndiand (Hue) eniuimun Insfflsysurinuaing

)
9, ar <

wagAALBaGLanaiy daiuwuudiasd HsY  Telvidlnddaaivdiuyvivewiuld

1NN WUUTIENE RGB

! . .
nsieuiveunsas (Machine learning)

nadoufvennies (7] Ao mansiieadestunsinuuasasietunenis
(Algorithm) Wiresfimesamnsaidoudmuuuusaesiiadsiuanteyasatisunsdiunio
Gundgadeysfin (Training data) iWislreufamesiny Ainseisuannsathtulddmsu
wennsaifoyalddianuies FuFendnunsnsFoufidi msoufuvuguis (nductive
learning) (8] Bnvlsn1sFeufusaiadasdldgnitmuliiinadousluguuuuiontuingudi

= v % ¢ o < o =
annsassusldandaou Yssaunisel anseada uaznmsiindu Feeansoussdiuamnivees



maeuldnnmsihuuusassiisienngndeyaiinunaseaousgndoyanadou (Test
data)  lesyadeyailnfunaasulunuazyn urazymagnduidnlfu wasnsusidiu
Usedvsnmuaanyugnsios (Accuracy) Suiludasiinannuiomay (Label) miuliluyadoya
waaou Liohuildlumsasaounmugndpsvesiuusiasefiathedu
m'iL%Uui‘*uaaLﬂ%dmmsmmw'izmwmum'sﬁmaa'm‘lﬁr'fwmﬁaidaﬂn Fauvald 2

Usstam fia nsiBeujuuuliiiEfant (Unsupervised learning) winefia mshifiaaanhitume

Yoyatin welireufnmeiSvufinumues Hanmw 3 uaznsiSouduvuilifaou (Supervised

wasiouloayatayata Ainm 4

Feature
——— 2 1 - y
; [ veclars ®
Training i learming
data - % i “

\gonﬁ'\ m

_ leakuwre E

: é veclor ST
Predictive i
Test data | maah. iy b wmEy | Ciass I
S Model 7
L b J L L \/"

N3 mwsrsmmn'lsﬁﬂuﬁ’uuuls.iﬁﬁjaau (Unsupervised learning} [9]

Featiye

verlors

Traliting:

| e AU A;m\

learnlne
ﬁ‘\lgonthm

-.__—/

Feature i

"| vector

Test data

MW 4 PMwTnveInIEBusLuUidaeu (Supervised learning) [9]



nysieujuuulilfiffasy (Unsupervised leaming) Sndusiodldyadoyaiin (Training
data) Snunnielusvvesinines (Vector) fensanaandnyny (Feature extraction)
elneufmesiGouitoyaldionuesndoyaitienlss asyufiasesratiauudians
dmiungansnl (Predictive Model) ﬁuumLﬁal-ﬁ'ﬁm"a’umaauimaﬁﬂ'qm‘ﬁ'aga'ﬂmﬁe‘u (Test
data) fiegluzuresinnas awsuiflutuuuuiaesiiadidy Tnouadnsildoswanaiy
annvesngudeyn uazmsiSouiuuuilfaeu (Supervised learning) fifumeuuiioafums

el v 1t C @ = = 1 = o d v =3
Seuwuuhilifaeu wisnfunidinsseuiuuuiifaeusuiudssouasnvioway (Label)

v =2 o = ¢ o v = & v v o v 1 ke
saueleyafialifuandinasiatelinonfameiifouiivetngniewmauiifaouviofin

AU

nsafaAnEnELs (Feature extraction)

msafnaudnvay [10) Aomsmidnunzdimegeuaznmiitouda Ioinglu
uuuNeDs (Vector) disliazmnlunsilulidmiuiaseidayaiodondnnsadfiin
Hrwlumaneinsal Samsadnnudnuawannsoasnlivaioyues wu 3 U9 anmany

Wity TaedasannmedasgninluSeuuazdignszuiunsdand (Clustering) (dm3unns

’ Seuguuulififaou) vionshuuntssinn  (Classification) (FmiunasFeuiuvuiigae)

@ ¢ =i ey Vo v = v
LLﬁBNaﬂWSﬁlﬂﬂBaa‘m‘iﬁNﬂQNWiBU?L’LnWﬂSWBl&ﬂ‘ﬂﬂBUL‘M NN 5

Input: Output:

Feature
Extraction

Clustering or
Classification

Raw Data Classification Label

of | ar
a5 igUUnqitﬁﬂugﬂﬁ)‘iLﬂiﬁ\ﬁ)ﬂﬁ (7]

N59MUNNIN (Image Classification)

nsduunviawenUssianam feislunmisseyUssinv (Category) YOINTNIINYA
Toyalln (Training  set) WannsnSouslunsuenuezyssinnusanmle Tnsedonsadn
Adnvy (Feature extraction) Wanudayanmiegluzuwuuinaviieoufiuneiid-lols
o o v

ahteyamnlFdmiunadsuiifieainsiunuvomeazUssion Ssnmsduunnmdalen

= = foy o F - = e o v o =,
Wunwnmilawesrouinmadivim] (Computer Vision) wae¥Snsfivasanldinissunnwi



”

AmRawaIntseas Aonsiitnismsramiing (Object  detection) wagn1suysdIn

(Segmentation) 1UsELIANANAUNITIULNATW

AnouRnnadidle

. Holve 86 %
AFAWLNATH v .

> AR 9%

A 4%

) HANTZLNTY 1%
N1 6 AIDHNNTHDIMITN LY WINTII NN

N 6 Modummasililunissuun Tnesumdiilugudoyadl 4 ngulsiun

(Falve dudn danseins) Gu61) wazawnauge 300 nnaw (Pixel) aArmndia 400
am  dadeyaiianufianesiiilald agluzuuuuumanduiiey 3 G5 (3 Dimensional
array) dsznauludeganmlulvund 3 osdfe duns @Fu @ (RGB) Fduteyaues
nwgianaIF U 300 x 400 x 3 S Vel 360,000 Ty Tnowdazsiuau
annindienldszuing 0 @) fa 255 @v11) wasdavinsduunmndandnnadiliie “d

Tng”

Yuued (Perspective) {11, 121 wosnmioinduigmdmiunisswunam

o ' v A i | ' .
Wosinawanusateldvareyy sauvidluunazdnruniinanuaing (Brightness)

v
=1

- Vo ;j ' o o o
YILLMNe19AL Qﬁquqiﬂuuq{im‘lﬁqﬂaﬂlﬂu 7 ﬂqu AT 7 P

< - . - =t v 1
1. mswdsumlanmues (Viewpoint variation) Aenwdildennsaneuanuane
yuosdwhliiisnnuuanssosnw uwinmitldgensedwssnnideiy
< .. = M v r P
2. mewasuwlasaina (Scale variation) AanwiildvinmsanaluszesAindlng

unnsnsiueanly ldruinvesdidaansiiniumainvang
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3. mswabuzy (Deformation) Aanwiildninnisihevesdsiimsdeudnuns
. Vo [ B o doa . o =] = i
gﬂswlm FIATLNNEIUUUE IR du anuaEN U UTBNINIGS LT UMLK IATDL
' [ .\ o o e Lo 8
4. mM3geuiu (Occlusion) An AwidpINTURNTURIRARDINS WARAudTuTaU
[ v 4 o 13 i v <y o T
pyfuamwadon JinliusuiulfennuSeusuiiuamsuiadiu
= ' . . . = - '
5 daulvanuaina (Uumination conditions) fie ATUAINUANTUTZWITNT

ownwmmIentsanuiinn lasauaiaduiladeddy  winflanadnwnnvietoemivly

awvilvdvesinguiefupuvavy ilkmmumneveanmddeululs

6. msradungunileniu (Background clutter) Aenwiidasnisiinrunaundudiy
anTwInte Wy niwwnfiusuvuwsuEideivatevaun
7. nswdsuudasmolundu (Intra-class variation) fanwiianunsoiiléwanvany

Unuazmunuananedu widneglunguvieussinmaeadiy

Viewpoint variation Scale varialion Deformation Occlusion

AT 7 A28619A1UNA VA INLUNDIVIIN TN

fian: Fei-Fei Li, Andrej Karpathy way Justin Johnson. Stanford university

d 3 o 1/ 1 = . ]
nndgwirssnmwingin iliamlugudesyalunguidsituiinnuvaiavany

o & A o el a v o v v Py
NAYY ‘Nﬂ'liiﬂtl.‘unﬂ']‘wm.l“lJ'wa‘ﬂﬁn’w\lGIENEl'm’lmL‘EUUELLﬁ&,’L‘Uﬂi}ﬂ’J'}u%a']f‘l'VIﬁ"lEJ‘lﬂﬂ dﬂ

—

W

Tunaulunisduunausoiueanid 3 diusail
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1. dwiuazmiosdoyn (Input) AemaiuuasdmnSondeya Tneukazndniided

[
'

\er  ef e v -1 o« L. ”
LLANA 13U ‘Uﬁl'ﬁ&lﬂ‘uai‘ljau‘l'\ Tfalnlng set

2. dwnitioud (Leaming) Aan1svi Training set lundasnguanious iown
Joyanldunungu FaFontumauildl “Training a classifier” w3 “Learning a modet”

3. drunsusaiiue (Evaluation) Aa mythwuuiaesfiisuiinliianunmyes

v e ¥ 9 o as . et o ar a P
arugnaed lnsihdeyalddmiunnaay (Testing set) Wssuvgunuuuuinasaivesey

Tioyansnanaglungula winszuldandanaisnuuusansili “Ground truth”

AU aEY (Linear Classification)
msdwundadu (13 dedwtheumislunssuiunsiouivonadeiildvanlums

Fwunnwaiin (Statistical classification) rolfwdandgunioUssnmuesyndoyaldainnis

]
= @ ar =

sadulafiondovdnnisvemwasudadu (Linear combination)  Taelduatiayatin X fadn

¥ ol Y v

andnunzodlugUraavindalnnndil N wWu X =[x, x5, ] Lesyateyatnu

LT u u

v

asyanpslloannvielna ¥ Mifulimnganwdmawasgadoyadn ¥ =[y, ... »,] A0

WeyndeyatinUsznauluimeeain Judeulugduesaunislidanns 2.2 (7] fanssuunds
wdunsusould 3 Tumeu liun Tusiaunaiioud (Leaming phase) Funaunisussifiual

(Evaluation phase) Wardunaunisvinune (Prediction phase)

(X, Y) = (x,,_V|),(J\‘2,,Vz),---,(JCN,_VN) (2.2)

v
[

Pumoumaiouy (Leamning phase) AptumaunisviAnimiin (17, weight) annyn
v = e o v [ el EY
doyarn (V) lawld F07, ) Tmamaawsﬁingnm'iai}aaumﬂamnwsamaa (Y) ¥igjerou
v oo as ol % o i ) v o e ° v ar
Toul Saszuuazdfuwdourhminfmneaniugadayamudsinsimualitou fanw

8
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adjustment

X
-7 = F2 . o
N 8 YURBUNISaLY (Learning phase) vaamsduuniBadu [7]

Humpunisuszidiuen (Evaluation phase) ﬁa%v’umaumsmaﬂaaummgnﬁmmnm
ﬁ:mﬁnﬁlﬁmnﬁgumaumm%nuﬁ’hﬁmmgmﬁ'mLﬁmlﬂ aomstungadoyadiniunagey
(‘iimdaﬁhjag"l,uﬂqﬂﬁm‘;aﬁn) wAazgmNaTIAsURUA MR SR Ta
WUs (Threshold) fignimunlinsudismh Lﬁﬂﬁ'ﬂﬁ‘uswdwm%’auﬂaﬁﬁwmmaavag’lunzjulﬂ

AINTW 9

decision

Lhreshold ( )

AH 9 FumpunIsvuy (Prediction phase) vaanassnunidadu [7]

2 ] v
a ot

TUMBRMSVIUTY (Prediction  phase) AstiumaumainAaniwiiniduiunaunis

a oo v A v ) v a o o4 vooow v
U'ﬁﬁlﬂJUﬂWWNﬂﬂWﬁUﬂ'}'u]CJﬂﬂﬂ\'lll"lﬂﬂf‘fﬂll'ﬂ:'ﬁﬂULLBWWﬂEﬂ'UUV]LﬂU'J‘UBQﬂU“qﬂ‘?J'E)l‘.!a

Anfdsaunsaagumsyhemreimsduunidadunvuiifaeuisamduneulsivhe
= = [ | a ¥
auns 23 [13)laei x, Aeyadeyaliniegluguvesanmed w Aerniwinogluzuues

nnwes (w, weight vector) uaz b fvArawliBes (Bias vecton

S, W.0)=Wx, +b (2.3)
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nnaums 2.3 woihdeyadowdlitussuuiiawade x. 7 waz b Jeawisaan
Punounisuiniu b e Teedudwivwesumsng W udnfifuaziia bias vector luve
Auanlwdnudninswuesaming x, 3ndf leguny x, Mfvudo 1 danow 10 v

Tiauns 23 wmdedoya v, way W fitloudnseuuwiniu fsaunas 2.4 (7]

F(x, W) =Wx, (2.9)

23 23
147 + 147
95 95
W 138 138
1
Xi
W X

AW 10 MFaazdeEuns 2.4 Weandunaunisuanaanuldindes

9NN 10 n1sanguves f(x,W,b) =W+ b Tinde f(x, W) = Wx, lnoiion

URBUNISUINAT bias  vector ﬁ'l'l,ﬁ*i'fumaunﬁmnlﬁlﬁgnﬂ'lm'lﬂ'i danalwmdauseleudi

e

ce

FURBUMIHAU WD WWALATUVUAL TN IHURTINTWe1n39700 asandwnsodroannis

' v I Y] 5
UszananaroaninUszinananany (CPU) asla dedioldatnsouszunanalfidtu

Wiohdayanageudiiuneunisinng x wadnsildRoazuun (Score) yosumngy

PINMITHY NI ERINTY () damw 11 80908190159 uunUs s AN s sl

124 + o Do v

pwndwmivnadey 3 Ysnanio wydviis ooy wasdiaduln Gagruloyavas
14 . o f w1 =l &
Usztamamisnaiam 10 Ysetan viiliwsnsmwiinadouasianinsuuuia 10 Yssuam lag
[ v =] o -
ANNTEMIAIRBUTBININGINTAL (P) 9naums 2.5 Tasavuuuiuindigaan 10 Yszinvie

AMOUANEINTR

P =argmax f(x, W) (2.5)

il k
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Ausin -6.01 2.94
finlvy 5.1 339 n.ai
Aanssng 203 -1.05 136
fiuden 1.17 a.04 -1.09
SRR E T3t 705
dasiuln 3.79 21 -3.02
umlv 417 o] 41

ABMIEN G.15 2.5 163
ERTMTIR] 2.76 0.4 258
viyeds 482 5.0¢ 25

MW 11 999819AzLY (Score) 9INNITHEINTAIADE £ (x)

¢ ' o = = =4
FINNTHUIATUYDINN 11 WUMASLUUVDINTNWLILTA (Wgﬁglﬁ]%ﬁ) Vlll']ﬂﬂﬂlﬂﬂa 4.82

(Myasiig) %awEnnimﬂlﬁgnﬁmtﬁmﬁUUﬂUNﬂmaﬂ TP ERETVR IR Ti RN (Tt o) EITFATENY
fannfigadio 7.01 (iumnls) wodmenseiinwannideiisuiunanas sazgaiofinngmn
awitanu (§asiuld) Tasunsnndigaio 2.98 (1auth) wudmennaniianana seduman
FsanAELLLAINMTAD (Medien) Tunsdifnensollianais woudazuuuiinetensaiin
dlumeifien fo 4.0a Mude)  SovrsumanSeddumuanig 2.5 uazuaniios 3

Qs = [ (1% - =

ddiu Ao Wumivl vigasiiy uasiieio? SnuinisensiiignasesgUidesagay

= 3

P - v B o v
3 W']ﬂWi]'lsmqLﬂwr\ﬁaqﬂUﬂﬁu\jﬁ]gLLﬁﬂ\‘lLWUQﬂ?'\NQﬂW@ﬂ‘U@QiSUUL“q'U'U WPWADIUNTT

=i

= o P v o w o v v < e =i 1=y
fosandmeunweinsnignaesludidudu q Asnisldisidunrugydeodiossyiniinig

wenselilamuiveiesala

Handuanugadsdmsunisdnuun (Loss function for classification)
AInTIvEey W vseaniminiwmngaunyu x,, v, aunseialdananugnsias
Tumswensalamefaidumnagegde (Loss function) (14, 15} winsfamsnsivaounadvg

' 2 % = = '
Y8ngu (Class) Alfnmswensalisasiuy (Score) 189 S(x, W) unnhigauesngy
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L L4

nounindunguiitniusaiasy y Wewmmiunnaniszuiternugnieosweanswensaiiy
waay Amsduuniiamuaivgiluniswennsaldiaggdsosiiaein widimssuund
amawanalumsweinsimmugudsaciidgs  Jaflaiduanugadedldludmedn

VINmBS UL (Support Vector Machine) Ao Hinge loss

Hinge loss [15, 16] Aevleddummugayidoignitluldiudanyseiandeysin
(training classifier) L@V Maximum margin dm3uunizuiuiu (Separating hyperplane)

fiansaugnieyaiinusasnguesnaindulutuneunisswununsdnwoinnnnesuuuiiu_ &

N 12 Megnmsduwunteyaanangu (Binary classification) eunswidu Separating
hyperplane andyainianings (Support Vector) sastayarisasangy tfiolddmiuludy

WUMIBINIERINFUBBNIINAY

(}/‘ 7 Separating
/ Hyperplane

[y
N\

Support Vectors

AW 12 n1sugnsEuUiiuYsstnnadaanmasuuyiy [17]

. = 0 v oA v [ v ( o
Hinge loss  Fsgminnldiiiensisapunisugndeyaseduuds anmsdruan
SO, W)  laguadwsfenzuuuvosunasngy fadiady pewwuiidan j ngu 9zld
o & A

s; =Wy, duludimb Hinge toss inldiudwwaiminmesussTunuumaengy g

awnsalisumnsnsnmaugadolddens 2.6

Lf = Zi*)‘.— max(O,sj mSV.- +1) (2-6)
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N = o '
feLfina drniln

wyaiAz .82
Auiin 117 -1.09
TR 379 ZT 02
Loss ﬂaw:yla::tﬁ: = maxl0, 1.17 - 4.82 + 1) + max(0, 3.79 - .82 + 1)
= max{0, -2.65) + max{0. -0.03)
=)
Loss Tasfdoies =rmax0, 5.07 - 4.04 + 1) + max(0, -2.7 - 4.04 + 1)
= max{0, 2.063} + max0, -5.74)
=203
Lass wasdrsiuln =max(0, 25 - (-3.02) + 1) + max(0, (-1.09) - (-3.02) + 1)
= max(D, 6.52) + max(0, 2.93)
=G.52+293
= 9.45
Loss ﬁb'muﬂ ={0+203+945 /3 => 3.8267

MW 13 fad13ALIY (Score) MNN1THENsal 3 NANAY f (X, )

dlothezuun (Score) Aildminniswensol 3 ndume f(x, W) dann 13 flundhegna
Wya 3 Usenvaosnminhinnday ammien Hinge loss 68aun13 2.6 G9vn1seuinmi
aunw 95lA Loss yaavasiizio 0 i1 Loss Uo9meifinnfio 2.03 uazen Loss yaedniy
1nfla 9.45 aiimnumneindn Loss Aiiewiniu 0 mnefenennsolgniasludusiumiiauay
wnwensaitanaara Loss suifindy iy nmmeideiiniswenselgndedudusass
Loss fil#ifie 2.03 uaznwdnulrfiniswenseigniedlusuduanu i Loss #lde 9.45 vy
whuinen Loss annsatisnainazuuiildlunisweinsel delildinsmusveuunvesn
Loss 15y Seviilvidlovne Loss asaznmummaedoniofiGonind Loss havue i

' i s o . o | P a 4
AUNINY 3.8267 F9%U18AI1UTINITHDINTUVISRUABIAIUEANE RN AU
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Handuvandwiing (Softmax function)

Heddumavidusind (18, 19] fefaiduiionduarminsiurenzuuuiildanns

& o % f . . . < M v
wonspianldluntsdwundeyanatengu (multiclass  classification)  Hamzuuudildan
S, ) gnvinliduussiinguanniauinds (Normalize exponential) w3pAA e
whe (probability) TnedSupzuuudlaan f(x, ) Tiduavimuiewdsunsuuuiiiaau
:: . & O o v oo o =i 9 v o ' 2 o o
Wudruannmus Mnuuiiluussdagnnieddy  azlddrvssanuiasiudmsy

woansal laedienszwing 0 8 1 wazfsdwladduasnn3fia (losarithm) ¥AAIWININAY

AMUUREUN ATNITOUIAT Loss Lansauns 2.7 F4a7 Loss Mnatusafainuvanelaans

31 Hinge loss 1899970 Hinge loss manzdmiunisduwundoyadengy (Binary

v a ur

classification) waziilotsnldtumsdnuntayavalenauyinlifidevnsdn Hinge Loss fiun

Feihlvenlunisinusiafieudunsaeal Loss Miinandlsddusavdusing

ef

3

L =-log (2.7)

Aniti - fodily0 IR LuuifDIpIsanT -Loss Ay —f —ABAstun R A o3
o3 M =i [V I
was f, Feazhuuilavin f(x, 1) Mdenmmduil | veaaw@an

MSMIAT Loss veduAasnm ssidpuinziuiilaann [, W) wdhileddy

a3 ynnete s duilings f Loss Aniusiidiisuasiramnihaaduiin
A #in Loss TifintuagiiAniigs saagnentaves Loss dettaiFugeriiuiind denw 14 was
diotien Loss Aliluudaznmumdnaioasdidn Loss siommiie 1.08 lnus Loss ALY
Hartdumorisiudindiidnionnda Hinee loss 9anam 17 7ildn Loss vanuafie 3.8267 aA
Loss ldlaidusawduiindfirniisnny iesnfinsufuasuuitiéon f (x,, W) liuussvia
gruniaving iliemildorauminasduiifdusewing o fs 1 dafurn Loss AlsSa
fifdoildnd Hinge loss lesmnfledduserdusindlifimsminuninesiduremnndgy
AewthumiAN Loss Javilwen Loss #ilatiAtioanda Hinge toss Alaitdsintsviilimiuussvi

Fuvsowanmninsdunowiumm Loss
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y = NyaziAz
{owyanfic |aez 12396 | |02
. ax ormalze L = - .
dwdsr | 117 Pl sz 0.02 o35 = osl0.72)
v oy = 0.14
il | 379 44.25 0.26
azuyudttdon fix.w) Arinasiy
y= fiautdsn
wyands {507 L 0.74
. exp ormalize
daoinn 1.G4 5652 0.26 Loss = -log{0.26)
s> .07 652 =059
asuuuildann fix w) arnisiiy
wydsidi: (25 2 0.97
4 exp ormalize L = -loe(G0n
damiin | -1.09 034 0027 0ss = -ogl0.303)
drailn | 502 205 0003 =252
pztudlEan fix Wi araniwaiy

Loss Avun = (0.14+0.59+2.52) /3

=1.08

AW 14 A39813n1597A7 Loss daswsndugenauing

TAssteUszamileanuuin (Deep neural networks)

ar

Tassdevssamifian (Neural - networks) Aesana3iuiisnansnisinauues
apufiqimedlvianunsovinaudmaelfuauesowywd Usznouluioigaduszam
(neurons) AewulnysEINana (processing elements)  #ilanans (nucteus) (Tumine
Vsznananan neudeyadsheledssamingi (dendites) uditayagnasoandeuny
Yszamhaeen (axon) uazifeurossviaadussammugausvaulssam (synapses) il

AR (weight) seninembossinanalulasyineyssam
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B wo

——@_synapse
‘lxnnfon"'am.uror! ynap
. Woelg

impulses carried
ll:ward celi body
branchas

demlnlesqf of axon
\ & »

nucleusiw aK(OP__._ el

2 ‘/ \ impulses carm,-d

away from cell body B

sy

7" celi body

Z wig; + b

! (X @z, + b)

oulpul axon
aclivalion
funclion

axon
terminals

cell body

nw 15 gYwuuraugadussamnsdainen (d1e)

LAZUVVINADBUTARUSEEMNIIARIRANERT (U77)

flun: Fei-Fei Li, Andrej Karpathy uag Justin Johnson. Stanford university

1NN 15 FPnuumainnuvaasadUizamndaiven (o) Tnourasivad
VssavaelaivdyananloUssamindinazndndyngndseaniudunuyszamiiosn

a0 ar e W '3 = o Al [T T4
wiedwsiely diloUssamnindmensadussamiu q Mdeuseiudiegnlszanyssam way

UWUIEBIYadsaadszaMNSRaiafEns (10) ﬁmumu'lmﬁ wsunknudszaminesn (w,)
ﬁL"i‘iamiaﬁuagmUsuamﬂwﬁm (w,) A Lﬁaé’zycmmmuqmﬂssmuﬂ'ssa'mmﬁq'lu
UszamiLn é’ay,ty;lmﬁ'uﬁwﬁwﬁ’nﬂ3qnﬁ'wﬁwﬁaﬁ‘ﬁm%qm'sf;]m (muttipticative function) ¥
Thleidganae (wyx,) slunan 15 @) Mevszamindhdnaesdyan (wx, w,x,) il
Mrteadtyan st wiead (Cell body) ssgminnsafulagindifaidunszau (activation

function) usadyanludunilssavioan

TrsvineUssamiisuwuuanusodedniidnvas lnsasratufeaiulasstedszam

Wawuydsnd laglassiedssamidsuuvudniaegluvszsinnlaseiionsteyuyulal

v
v o & &r  wt

daundy (feed-forward) firfmualiiinssedayasn Input Layer qumwuﬂlwmumﬂu‘uu

v
to oo Qs

wsndn LU Hidden Layer figndousguasdeioluss Output Layer flagdriudugatie
ﬁqﬁ"’um‘sﬁaﬁagmsgnﬁﬂuﬁﬂmatﬁmﬁuwﬁa Output Layer Inglliifinsdoundu 3alasadne
UssamifiouulngnimnliSouideyadsinldonafius nnues Hidden Layer way
ansnfousldasounquimuda 1fun aanunthe (width) AN (height) uasAuEdn

P o a1 o o o = ' o
(depth) wpanIw lmpfimwdnfodesdveiuuusiansd RGB JdlpsavnuUssamifiouwuy
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de¥munns (Convolutional Neural Networks w3a ConvNets) Wunitsludsnisveslasetine

stmmﬁammuﬁnﬂﬁé’ummﬁﬂnu,axQnﬁwm‘l*ﬂumm’%’wilﬁmﬁ’unm‘lmmamg

height

o

oulpui [ayer

Inpur layer width

hidden layer 1 hidden layer 2
n 16 Tasseusza ey 3 Sdutu (@) TaseineUssamiisuiuusn (w3)

fan: Fei-Fei Li, Andrej Karpathy uaie Justin Johnson. Stanford university

[
@ e o

PN 16 lasseUssamifivanuy 3 d1dusu o) Uszneulusedidutuingh

o o v o @ w o ' % o e 4 . o e .
(nput Layen) i 3 vaya éviuduiignden (Hidden Layer) 2 draudundasdudl 4 19ad

s uarE Ui uETEen (Output Layer) lnamsazaduiuae [ idunsedulung
Usewnawa unviudnutinieen ilpswnautmheengminlyldlunsununsuuuesangs

Ewviunsduun) wasdmsulassdevssamiiisnuuan (0 TuSulnsadeeslasete

Tawnsavszunanaluniladidutulavieanuiis (aundng AIE wazaamudn) lnounag

v
o e o od q

awiuiuresdassiipvznladoyaindivvaniflidudeuaineonuuuandtveiae

u

Lr
v e [

fadunszduluwadvszam luiogneniw 16 dduiuind @uns) Aenmidgming
tesaie danmlundadudndn q seddiuduiigngou G wadsstaludduduiign
doulinlUisuiziiananinuinvesnn (RG8) imasiayatuddvurudaludfiovszna

& e o 9 v o & o
sunsenslatoyafiannamhlviddmiutuneunissuwun

aruturedlandigdssamifivunuudsinuinis (ConvNets layers)
lassdgdszamifisuwuudsYnuimsussnaulydaedrsiutu Convolution Layer

Pooling Layer way Fully-Connected Layer Invatnstiasfasiianuddudusainaiiunoesiv
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foufiumulassainwadassedssamiiion Wedvuiuaznisduunysunmesgutoyadi

gninnly deuszneulumedutudmaluil

Input Layer foddutuimiudoyaniwunsgndeyatin (Training data) uazyadeya
vaday (Test data) lngneglunuudnessdl RGB warvwinvaanmiuagiuiuudiasave
Tasviwiiunld dedadunuuiasswsdassedldnmmaiuniie 32 mugs 32 sy

Hoya 1 0w winiu [32x32x3) Taw 3 Aoduiutesvesdnwuuiiassd RGB

Qe;-wuiutiun-'myer-ﬁaﬁﬁﬁ’uﬁ?ﬂﬁﬁmﬁﬁqumﬁfﬂﬁém\%‘mﬂﬁmﬁ%ﬂﬁﬁﬂ
Furtpumi Fmeanugasovaunis 2.3 Tagldrnhminiednses 7) fuitufidandn q
vostiaya (x) AFuandiumis (0,0) maaﬁ'y’aa&aL{J’ﬁt?{auluﬁaxﬁ]mmwmn%’walﬂmmaz‘uu
GRIRN wmaumwﬁaa&mﬁﬂﬁgwm fptatu Tayaidn [32x32x3] waseaniag [5x5x3] 15te

wnaamgne ladetaniwlng [28x28x1] fifianudneiafu 1 dunmw 17

32x32x3 image

activation map

/ 5x5%3 filter

32 28

32

AM 17 @298199949 Convolution Layer ﬁ'ﬁagmﬁﬂ [32x32x3] uaraNTo [5x5x3]

nsideushumisvasinsesluiiazganin (stide 1) wosfayaidn (32x32x3] Kanw
17 \lamnagoign Wiethdanses [5x5x3] deusngadudy  (0,0) ndwlvenluiia
g Tnglaidniu 2¢ldl 28 diumis uararnuuasainsld 28 dumis Wenmarngaves
uiazfumisesdoyadniuinses erlideyanwlmiiiBonda activation map #iluun
[28x28x1] Fethsnniinisuiu stride svdawaliivunaues activation map Wasuly W

v [ a o a 1 o
doyauin [32x32x3) uazAinsas [5x5x3) lnoidourumisveafiniadlufias 2 qanw
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(stride 2) dovhmadeuluauisiumisi 14 wuihhiawnsadourslinseunquieyadnld
navun madesnInTRaeuIwavesieyaseniufivuauila awnseruialdenaunis

2.8 Iﬂﬂﬁmmﬂmaaﬁm‘gmﬁﬁﬂ (N) vunvesiingss (F) wassuiuiiideudingos (stride)
Outprt =((N —F)/ stride) +1 (2.8)

tunsnsaeaauimnlideyadi [32x32x3] wazdinges [5x5x3] Tag stride 1 Yun

wosloyaesniiiu (32-511) + 1 =28 wamflowdvwlu stride 2 vuaitléwiiiu

e
‘o
<

-
N~
—

—
oo
ha

v 18 fethanstiudaya 0 sau q dayaidh [7x7] wagsinges [3x3]

wingvInsimvuauinvesdayasen aunsoirlddenisifivdaya 0 sev 1 Yeya

u

WmSeiend zero-padding %ﬂ‘lhEJI‘IEE‘I']Uﬂ‘ﬁﬂﬁ‘lUF‘IM‘UUWﬂ‘UENﬂ'}’E)J‘J,aBOﬂ‘lﬁ w9 lunsdia
nasmsimunvunvesdoyasentiiivuravifuruavesioyaidh venvintasliaunse
muammmwm‘b’agaaan‘lﬁué’uﬁu nsld zero-padding Sataeliannsaiumsiasied
foyausinnveuvesnwldaziBomnnty fogunsld zero-padding fmusls doyaLtil
nne [7x7) Mndnfiadiona 0 sou 4 feyafmevinawiniu 1 ilideyaudndivumiiuiuiu
[9x9] fianw 22 lathdansas [3x3) 1 stride 1 vilvivunavestoyaasniviniu (9-3)1) + 1

= 7 w50 [7x7] %atﬁwﬁuﬁagatiﬂdamﬁu 0 Wy niunsou
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winfissnsinuinvostoyssen (A mlnifidndu) funtu awnsoilddsnis
WinduauvesInges W el 6 §nspa [5x5x3] i Convolution  Audeyatiuin

[32x32x3] vilvlatoyanmlni (28x28x6] Aflaudnuvhiufanses danw 19

activation maps

ConvalutionTayer

3
a7 19 F788719909 Convolution Layer Wiitoyait [32x32x3] uaz 6 fansea [5x5x3]

fla: Feikei Li, Andrej Karpathy waz Justin Johnson. Stanford university

Convolution Layer siodldfansesdlunsiudeuninndnuowninein 3 35 @ouaidn)

v

ifimnudinuihivdusuvesinsasiild 910w 20 fregeves 96 snseadmiumaidenus

Tuwuudnaealassdiovos Alexet [20] Tnoudasiansasdivuin [11x11x3] Ineld stride 4

24

wasshlldludduduusnveddassi eutawmnawdwdafiiivue 227x227x3] Wilmed

L3

theen (227-11)/4) +1 - 55 friteyaeanvesaduiuiliiounn (55x55x06)

AN 20 129879 96 fINTDUR4 AlexNet udavdansaafivuin 11x11x3 [20]
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. | ° [T R o v A
Pooling Layer fladduiufigminunlddnoin Convolution Layer Ingvmiindian

JumTBIUBYAR MY (representation) WaanUSunmvaswiimesuasnsAuadugsy

%uﬁm'lu‘[mﬂmm*mmuqumﬁﬁwmmlﬁﬂswﬂquﬁmaalﬁ Haifungninanlddmsvantun
woadeyaliiinunaidnasiio Max pooling Hldinses (2x2] wax stiide = 2 @odnanléiy
Foyadmihlivunvestoyaisnun fuuasrgsanaseiamily lavidoyaiinasdnatoya
weg 25 9% loldends max 'lunwsmﬂb’aagamnﬁqmwaﬁaadadauﬁgnuﬁﬂﬁﬁﬂmm 2x2

Jmu 4 da danw 21 Ainsliviafsidu Max uas Average Fadloldidds Average auvia

T ] 1’4 T = T ) s W e oM v ] . =
ATSWIANEALYBITBYALDETNULUINILIA 2x2 $10IU 4 diu dafudayalniflieadudwede
Yoy,

Max pooling

llG

Average pooling

N 21 Max pooling fiu Average pooling laald@ansas [2x2] uaz stride = 2

Fully Connected Layer AadnduduilidoudafugadUssaniausuaaileridy
nsesiludutuneuni feusurunvostoyaliiiflomilia (one-dimensional) s
vibibidannsald Convolution Layer a7 Fully-Connected  Layer wasuuusiansves
Tassheusvamisnnuudainuinsld Fuly-Connected  Layer iiuddudusioanes

TAs9Ue

wruinassvadlassireUszamifisauuudaiauanas (Conviets models)

woutaesraslastieseamifsnwuudainuins Aemaiudazsvuuncee
o 4 o q' b es o ] ’ u
fliumuguuuufignesnuuu Tnswuudaesiilasuarmiisuduunmmainnisudedy The

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) firuslunisudeiuluusasi

[
L

I
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150
s
1660

ﬁm"mmnq =

LeNet [21] Ieignifansdndud 1998 Tne Yann LeCun Sefoindunuudaoasnuee 0 3 207, 256

1 = s = or o t o o o o ve w w I, o 9 ( 5 ?
Iﬂi&‘U’IUU‘Stﬁ’WIL‘VlEluLLUUE“i\‘]’JGI‘U'Iﬂ’]'iWﬂﬂ‘WﬂJ‘u’]LW’BI’UE']WE'ULLEJWWaLﬂ‘ij‘lJﬂTﬁﬁJ’M’]BﬂE‘éLtaB 26
y 1]
#atat lneillaseainedisid INPUT -> [ CONV -> POOL J*2 -> FC = FC
. G3: 1. maps 166 10x10
'3“;‘,55’; %gg:lzl.ge maps S4it Sgps 16@ 55
géhrmps Fﬁ“" G layer FEE‘; layer QUTPUT
J Full conneclion Ga(;sglan conneclions

smpling Convolutions  Subsampling Full conneclion

N 22 wuuaed LeNet [21]

as

PMAIN 22 LUUTI1a09 LeNet 'l‘ﬁﬁmsUuawwﬁmﬂ'}’unﬁﬁﬁhﬁqﬁnmLLasﬁ'na‘uﬁ'ﬂﬁ

[
o w

fud Convolution (C1) Taeld 6 Fanses

v
o e oW

dutu Input Juwm [32x32x11 Jadleriagdi
[5x5x6] virlléidoyn Feature maps [26x28x6] 9miuwinsanuunestayaasiuidy
$u Pooling (52) vililfuua [14x1ax6) wihdsdoyariagandudu Convolution (€2) Tngld
16 fnsea [5x5x16] Filiilddaya Feature maps [10x10x16] MndAhinsanvUIRTBsTaYa

7]
ar  ar

asdnAwod AUty Pooling  (54)  vililduwn [5x5x16]  anvudhgdrdutiu Fully-

= 1

Connected W&q9zls Output AflvuawTY 10

AlexNet [20] Qnﬁwm%ﬂﬂa Alex Krizhevsky uagane 33 AlexNet (unuusinasdl
lisuarufisustrsuindmivlassvisyssamifisusuudaiauinis esnuuuinans
AlexNet  wuzmisudsdu  ILSVRC Tul 2012 Taouwuusiasansnfiannsatininiy
wuuaedd RGB wldlnvedewioyszuanansind (GPU) Tuntsuszuana feanan
Tumstszmanatuniisseuvesmsifous iliwouseuilGeudannsaussnanalfnnty
Tnsatheuas AlexNet fiddududanm 23 fanansodeuiliinseunquiindein sun ward

Ypannithaieu
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S
¥7] s 0ag \dense
hY
N\ \
1 [s dense’]  dense
1060
128 Max L
Max Tae Max paaling 148
pooling poaking

TTA—23— 0TI AleXNeE120]

ZFNet [22) gniianniulag Matthew Zeiler was Rob Fergus niafidntuda zrnet
(Zeiler & Fergus Net) Aivuznmsusisd I SVRC Tull 2013 Tan ZFNet huwuushassdi
wuudiaes Alexiet sndfutsslmt  Galdiinsusundauiniaaay stide idnasn
AexNet (CONVT) #0301 [11x11] was stride = 4 Wil ZFNet (CONVI) [7x7] waw stride

= 2 wagtlsuiudnnuesimsadidunalwgduluy (CONV3, CONVA, CONVS) Tnwde

910 384, 384, 256 Mnsadlilu 512, 1024, 512 fnged AUEIWU S9N 24

image size 224 110 .26

i

filter size 7

C
409 4095 class
uniis| | unit softmax

siride 2 — stride 24 | norm
N !
\ 55(L.]-. 11 D'.Ij

Layer 1 Layer2 Layer 3 Layer4 Layer 5 Layer6 Llayer? Output

o LA St
id Ix} mar
stride 2 mrnATodU‘—“'“':’%\ ;Mﬂconunil
nalm-
5

Input Image

AN 24 wuvdnaes ZFNet [22)

GoogleNet [23] QnwmunYuvn Christian Szegedy uwazmAm lapviruiivism
Google wazgusnsRIaty ILSVRC Tul 2014 wuudians GoogleNet Wanu 9 INWUIAR

. = e o v = o o a o
Inception  Module  AlWlassdnsilnuiniidouniudndniidaniw 25 ileandiuiy

wisiweslulassievildvuisrenuudiassiivuintisonia AlexNet  seasagunlG



27

- Average pooling Tudéutu Fully Connected waanmisninnesilifirnuddyoon Fai

TAnuusaes GooeleNet ifvuaitdnas

&
seafnefal 3y

it

i

AH 25 ®UUIIaDd GoogleNet [23]

Inception  Medule  AawuiAaiinainnistdidudu Convolution ¥avunm 1x1,

3x3, 5x5 wayaAwudu Pooling 3x3 wdwnaaIntayanlavnasuiunaunti (Previous

v
o  ar  ar Al | f

layer} 9wntAnidoyailaluusiazdrdutuanitossiy (Concatenation) fanw 26 (F1e) ¥

Milddeyaarnnisdnniinudnmniu wivsilifonsimesidugstiludiud
Convolution 9m 3x3 U 5x5 lavwsfiwaiveshiutude (mudnussdduturnaunin)
x @D INTod) x (YUIRUEIFINTO) WINABINTITANTTULIDRT IR asEnIaY
dFnemaiiiuswutu Convolution 1 1x1 WanAnmteuiiarlddduth Convolution
U 3x3 11U 5x5 uasiudiudu Convolution 11in 1x1 Wnvdsondrsudy Pooling

3x3 Weandnnuvestnyafeuiivsdmaludidutudaly danw 26 ()

N1H 26 Inception Module wuuLisr (48) Inception Module wuvanvum (991) (23]
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Inception Module lagnwmunegnsialios las Inception-v2 [24] Téiinnsiin
Batch Normalization Iiffuyndrduiuwes inceptionvi iiedalinsiindudeyadinam

pnABURLINATY Audls Inception-v3 [25] 1iiin13U3U Inception Module Tusi Tnewaou

u

1
o w oar

a1u9u Convolution Aum 5x5 Tduassddudu Convolution U9 3x3 WLRIATH 27
tWaanNsUTzInana lVilouad WindnmnIsiluuin 5x5 w‘h’fl,aa'flum'sﬂizmawaganfiﬂ

o of ot et o w (e
fangsaniivun 3x3 lunidifidunuusssianiaaviady

Filler Concat
Fllter Concal
o
=
.’—//
bx5 3Ix3 ix1
[T T oy e
1x1 1x1 Poal X .
|1x1| |1x1 | lPool' I x1 |

N 1274 "_;,::;"/"/ ~ | e

MW 27 Inception Module (5uil 1, ¥18) Inception Module (§ufl 3, ¥27) [25]

Batch Normalization [24] siidtumaiiandmuneinuitvm Google fIgisanMm3)
e . ot %] = | = 2 =
Tunsfinduveslasainayssannion sanadsuilasanade (mean) TWvinfu 0 wae

. [ Q s . e . 1 R . o -
AMULUsUTIU (variance) winnu 1 @50 non-linearity input (19U Sismoid #39 RelU) t#p

. U R ¢ Y X o "
anlaymn Intermal covariate shift VNATUINNNTATEIBTDYA (input distribution) Fe1I14

7]
ar LY

gadeyatiniudeyanaaou dmivniisanuuulassisyssamiiouasinnisunsn §iudy
Batch Normalization 3zmiwdudu Convolutions wazardudu Activations e
waguuasteyaifldaindriutu Convolutions Wiluussiingrudivaiu deudtosddluds
ddudiu Activations nstiuddutu Batch Normalization daelWuszanBnmeuam

padoanazasIlunisgidn (Convergence) dwiunsyurumsiinduvealassinuiinu
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Residual Network [26, 27] QnﬁFMU'l‘ﬁuIﬂU Kaiming He wazmy Fuznisutelu
ILSVRC Tud 2015 Tnaldinausinaia Identity mapping ﬁ'rﬁlu shortcut connections 10
duduraumi (input) usmiuteyailsimndwuiudaly (output) wWeuFulvideyaly
dutudaluiidriniu (output + input) wasUiuTU R AR (dimension) Wiy Sevinly
fanadnudioya (Residual Representations) anddudurioumiTld fanw 28 Se3Enst
sahsmr’iﬂsym‘l’?iﬁnam’an"nsvﬁuﬂs3ﬁ‘n%mwm’mgnxﬁ'awmn'ssu*:unﬁﬁ'aué'ﬁm%’uiﬂsﬁhﬂ

Ussamiiisaidianudndrunann 1wy Deep Convolutional Neural Network (DCNN)

identity

N1 28 Residual learning : 1 nga [26]

@4

MNBAEITwarNRLTIAR e lnasuns iy Tt nm@dva wuudiaed ns

Seuguenaios nsaingadnyne nsduunaiw isduundade didunnugode

o e

dwiunasdiuun Hedduganiuiing lasatieUszamidsuauvudn siouduvoslasetie

Ussamiiivunuudsinuinis wassiansvedasameussamisunuudainunis Wunidy

'
<4

ey 15y audSuiuil luihdednudeya delidloviimannisuasngeiang q
o as v o - o 2 o a s Iy
dwiumsinudayadindrifomaiuauavdnnsididny Tnauisodnwufiudulien

Lrd

ura81989 tuehure 3sduliumadulassuwliluundaly
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Ui 3

= ©

A5AIUIUYIVY

Y o o oer of o v i o Qe 8 o o, as
Tuunindunsdienaswas mddeiinerteefilddnuunldludumoiitunyise
Wswimsduiiunusendu 3 du dsi maiusanesudeyanmomsine msdouivse
=1 ] =1 v os = Ll r = [
HnsulasatnedssamidesuudsSauanis wazmiUszdiuavedlasatieUseamiiiynwuuds
Foung

mafuszeioudoyaniwemsivg (THFOOD-50)

Wumusmnmdsons ineldduamiion 50 Ussinn Solusunsufum (search
engine) 910 Goosle, Bing, wag Flickr FaurazUssuaniidrusutszann 200 81 700 A way
‘lﬁ'fﬁﬁa:damwn'wﬁ"wnmu:u'qaantﬂuaaqﬁauﬁaﬁm%’agaﬂn (Training  data) fuyadaya
npdoy (Test data) Gauvsdoyaniudndou 90% : 10% uazusdayamudagou 50% : 50%

laeudvanagasnminsliiinountis 256 ganiw (Pixel) uaza1ga 256 nIw (Pixel)

el v AT U w0 T e a o IS Tae SU8S LRSI EL ] TUU 1008 AT U U e TN DU U A O AUNTS

naEsugvEoRndulassyssamsuuuudeiauinis (Learing)

nsSougviserndulas e Uszamisnuuudsinuints sunsotihuuuiiaesdilésu
autiulunisudedy The ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
WU UuUIand Alexiet, GoogleNet waw ResNet wiineuliiulasaiisyUssamiiomite
Seugnwedionusive denisigedeyalinvosnimdisomsudayUssnmn@eufidem
SoyailduviunaduvSoUsaay

nseankuuuvuTiaseslassieyszamfisuuuudsinuinis dwiunsidn
mwichgewisingldeannuuiazianuuudiansdau 2 u Teeldiuuafa inception
Module ¥a4 GoogLeNet fanw 29 ($10) nUSuiaeuss

NU-Inception 1.0 Ufuil@suain 3x3 Max pooling MU 1x1 Convolutions Wiy
1x1 Convolutions U 7x7 Convolutions muddiy iWethdnsasfitlvum 7x7 wilily

WIAA Inception Module #anw 29 (nana)
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NU-Inception 1.1 lfimsudutdsunin Nu-nception = 1.0 Tnowdsusidudu
Convolutions #iivutaunndt 3x3 il double 3x3 unu 5x5 nay triple 3x3 unu 7x7

NN 33 (127) WalERINT09%09 Convolutions WAWIZTUNM 1x1 LAY 3x3 Wit

fnception NU-Incepticn-1.0

AW 29 Inception Module (&) NU-Inception 1.0 Module (nanq)

tag NU-Inception 1.1 Module (927)

1. NU-InNet

wuudaesitimundugninnlilunisidinmadesmisined g wdeya THFOOD-

50 lagtanwz uazlddsTouuudianadindnn “NU-nNet” $40311910 Naresuan University

< of

Inception Network lasniseanuuunyuiiagslamiaiomieninudivasamsnivuduman

. dvvibwuudaesdanamiiarmdniiobitdwuiudonSouiouiueuuinesdu 1 1iisan

o

= v o = W v v Vo efel a4 Y Voo . =
Vanansténiymiudy sosiialilinaniugnaasuniaisnng 34ldih NU-inception 7

YSuBeuaniu@n Inception Module arildl NU-RNet

GoogleNet NU-InNet-1.0 NU-InNet-1.1

9 Inception B e
maodules by
LerE

#17 Convolution

o 52 Dropout

2% MaxPool . :

=% Concal 67 Fully connected
) o &8 Softmax

4% AvgPool

NN 30 GoogleNet (%"18) NU-InNet 1.0 (na19) uaz NU-InNet 1.1 (a)
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" uvudiaes NUdnNet 10 ldin NU-Inception 1.0 filéi#u 1x1 was 7x7
Convolutions 1 TneldfvuaanimiinGud (weights initialization) sne “Xavier” 93]
aruldes (bias) Wiy 0.2 ’lugmmummﬁ' (constant) wazAvualinisanaun
(down sampting) vasleyald Max pooling fifidhnyes 3x3 uay stride Wiy 2 WWoanuua
‘uaa“ﬁ'ai‘l,a'lﬁmﬁaﬂ%wﬁq waveuvinevsawuusandld Average pooling lagsiuasbunvoa
wuudaas NUAnNet 1.0 eglun1sna 1 waziifevhivuanduguuvunsvosldfanom 30

{nana)

A1579 1 LWUUdNaae NU-InNet 1.0

Type Patch size / Stride Cutput size
Input image v 224x224x3
Convolution TxT/2 109x109%96
Max poaol 3%3/2 50x54x96
Convolution 1x1/1 50x50x96
Convolution 5x5/2 25x25x96
Max pool 3x3/2 12x12x96
1 x NU-Inception-1.0 200N 30 (nang) 12x12x256
Average pool - 1x1x256
Fully Connected - 1x1x50

wuuTaes NU-nNet 1.1 161 NU-nception 1.1 fiWaiu1anann NU-nception 1.0
senslifnsesamzuuin 1x1 waz 3x3 Convolutions whthiluuuusiase Fslddey
90 5x5 Convolutions (U double 3x3 Convolutions uag 7x7 Convolutions 1Ju triple
3x3 Convolutions wasfinvuaamimiinEud (weights initialization) #s “Xavier” i
armlifudes (bias) wiriu 0.2 Tuguuuusimsil (constant) wazfvualinzanunm (down
sampling) vaedioyald Max pooling AififInses 3x3 wae stride Wiy 2 ieanuuIAYDY
Foyaliindond il uazdivhevesuusasdd Averace  pooling Tngsneasidunyos

wuudtans NU-InNet 1.1 aglumens 2 wasidiothlduandlugduuunsaslifanm 30 (1)
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#1379 2 LUUIEe9 NU-IinNet 1.1

Zero
Type Patch size / Stride Output size
padding
Input image - . 224x224x3
Convolution 3x3/2 - 111x111x32
Convolutton 3x3/1 - 109x109x32
Convotation 37371 1 T09RTO9%6Y
Max pool 3x3/2 - 58x54x64
Convolution 1x1/2 - 27x27x96
Convolution 3x3/1 - 25x25x96
Convolution 3x3/1 1 25x25x96 -
Max pool ) 3x3/2 - 12x12x96
1x NU-Inception-1.1 NN 30 (377) r \ % 12x12x256
Average pool 3 ) 1x1x256
Fully Connected - 3 1x1x50

Tunseenuuulesshoyssamilouimundssinrsandnnilunsussunana
wazvuInvowuuTiaeslimgauivgunsalani sl Sedaseanuuulasevieidl
UszdnSanluntaidrviaitontv GoogleNet — wtaarlupisUszananalasIuIAYe
wuudneewasiagndt GoogleNet Fadpwinisdnaudnueuuudiass NU-InNet e I
widnlfies 1 Module (GooeleNet 1 9 Module) fianw 30 Favzansanailunisivinana
LasYUIAYBILUUTResas wilisantamluns i esanasieduiy dnimndesnisiiu
Usgdnnmlumsidiannsald Batch Normalization (BN [24] wa Convolutions nndndy

Ilj L = A ci ' a. 1 v = s
PULULABINY ResNet {26] FensntiofinAaugnassan aisusle
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2. Deep NU-InMNet

Tunmeanuuvanianenssuveslassvrodszamioulvivsz@nsnwluduennu
QNABIYEI NU-nNet  1.0/1.1 w1 Inofoumsauuusansfenamnzaunay
annsmbhlvdauuugunsaimninivule laeléid NU-nNet 1.0/1.1 VRIS NU-
Inception Module Tunsiagsedu (scale) woanm [56x56, 28x28, 14x14, 7x7] Woiiase
?'J'ayanMmEJEJEJNaSLEiUﬂmnﬁu A18n1514 NU-Inception 1.0/1.1 luusiazszavuosnm ne

fuunliaudnysiwuuiiandilisdueniudn (Depth) Wy 4, 8, 12 (N=1,_ 2, 3)

vt Anuin? 8 (N=2) Usznauluso NU-Inception 1.0/1.1 $1u7 4 Block (wway
Block i NUHnception 1.0/1.1 91uau 2 Module rafiuluuaynsy) waztmsiag Block 11
oariudeu (stack) fulagil Max Pooling layer Aunaisizwitunas Block Inefifivue ka7

. I ar ° v o 73 v o o4 o . v ' w
N394 3x3 Lag stride WAy 2 ivihianuunavesdeyaliidnasnsviuavdafeyanoluda

Block makl

f1519 3 WUUS1aas Deap NU-InNet aAruANKINL_4, 8, 12 (N=1, 2, 3)

Type Patch Size / Stride Output size

Input Image - 220%x220x%3

Convolution 5x5/2 113x113x64
Max Pool 3Ix3/2 56x56x64
NU-Inception x N NN 29 56x56%64
Max Pool 3x3/2 28x28x64
NU-Inception x N PINATH 29 28x28x128
Max Pool 3x3/2 14x14%128
NU-Inception x N VNN 29 14x14%256
Max Pool 3x3/2 TX7x256
 NU-Inception x N AINATW 29 TxTx512
Average Pool - 1x1x512

Fully Connected - 1x1x50
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UDNIINNSLANT LD NU-Inception  1.0/1.1 1ilslilassinganunsniagay
ﬁayamwlﬁ'{mn%uLtﬁaé’q”l,ﬁﬁ'mﬁtﬂﬁﬂuuﬂﬁ MSRA  Initialization  [28) un Xavier
Initialization wagfindudu Batch Normalization w&sadwiud Convolutions V}ﬂﬁ’]ﬁl}‘ﬁgu
ety BN-Inception 24] tiedsliuseAnsnmnsiindugidrnnugniodlfidtuas

Iﬁwaﬂmugﬂﬁmuﬁuéw ALY Tm&maam’ﬁﬂmmﬂ ndnenssulu \‘I'IU’JQEJ%UﬁEJf{I:[Uﬂ'ﬁ'N

3 wasiliohlusansluguwuunsvaslddenam 31

NU-InNet-1.0 NU-InNet-1.0 Depth {N) = 1,2,3

2 i

1 Convolution
MaxPool

33 Concat

A% AvgPool

=5 Fully connected
#63 Softmax

AW 31 NU-InNet 1,0 (§78) uag Deep NU-InNet 1.0 Depth (N) = 1,2,3 (2727)
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msUsafiudtvaslasieUssamifioy (Evatuation)
a a et v a ' tr a v m 1o )
mythwvviassitndunldussdiuvamosninugnees Insddeyaiilidmiunagay
(Testing set) wmaasufuwuuTaeaieseyifeyadnaneglungula dwnnfinsszyndu

14 °

= vy v o = & P vy
ngnAnsasyhlirmnugnAsswauuiasdianiu Jdumsvsadiuddandnlilidoya
= ' & W @ v w ' oM w o = v v v
fignuiseaniduioyadmivnaaey Tavtayadsndnlildgminludeus widhmndeants
t ° e v v : =t L1y
ANgNABIveIkuUIaasilndumsgwdayanmesemsivie Faanunsald Kfold cross-

validation lunsmsavaeulavasviimsuusdoyanweoniu 10 dannving fu smhnhdeya

9 & U AR UTAS S EUsSa mMIIoN W 1 auvinasin [BasunagauUUs 6 e
wawiraugndos Tnpashmsidvudoyadmumaaotuiiazdan sunsyiaruia 10
30U AN 32 mm‘fuﬁ%i’m’mgnﬁawauwiazsaulunwsﬂndummfiuaé"a WialddAay
gnieweauuTassinrufsgudayan e ing

11 0t

4
= Training ;
£ o Validation
o 1y SN

%4——“ The Wliole Dutuset *-*-->|

AN 32 K-fold cross-validation

Hun: Zhang, Yudong, and Shuihua Wang. "Detection of Alzheimer’s disease by

displacement field and machine learning.” PeerJ 3 (2015): e1251,

Mndunoumsaniivanddons 3 dwdredu WWedueseazsiBonveaniaiivuay
wisutayanmemsingdietunaitadeya sluiinsesanvuuuudasufieldnng
euviednduraslasaeyssamifisnuuudsinuans uasnisusafiuamaugndasyns

TﬂN*U"\UﬂismmﬁauLLuua‘*’ﬁmmmﬂﬁdwniwwnqst%ﬂuﬁuﬂLtﬁq
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Ui 4

Han1anmnaad

S luuniisznanienamaasinng q wansenkuULas AILILUUSIaDY tieNnaaas
wagifivsvradeyalilasiSuaud nsnaasassnitauuudiass NU-nNet fuuuusiaasi
YUSNMIUTITU (ILSVRC  n19maaeassinauudias Deep  NU-InNet  fuluusnans

GoogleNet nInAaasuUdIaes NU-InNet fiu Deep NU-InNet vuaanivlau nsvnass

= UgWU091A08 NU-NNet  NTTRTBNaan 50% NUTAU0Ranaaoy 50% n1snnanuoy

MUUAIRDY NU-InNet U SqueezeNet uagnsiwswideiinwainuauusians NU-InNet

1 o or L3 E’ 1 o
ATIIARNDITENINLVUDES NU-InNet AULUUIA2INTUSAITIYIUL ILSVRC

Tunszuuntstindulfthuuudassilddunnulionannisudsiiu 1t SVRC desznau
lUimewuudiass Alexiet (ILSVRC 2012) uaz GooeleNet (I SYRC 2014) unidisuiiiouiu
wuuSaes NU-InNet 1.0 uag NU-nNet 1.1 #iimnndu sneF8n1si3ousuuy From scratch

Insusdncdeyaves THFOOD-50 dataset (umndouafindu (training data) 17w 90 %

waggndeyanAany (test data) $1uaw 10% Lnuld 10 fold cross-validation tensavaaurn
mmgnfissratudasiuuiaes shnsUssinanauiaiamaniiomefussAnBnings (High-
: performance computer) lapilosdUszneudnueianasisi mibeUssananaudn  (CPU)
Intel(R) Xeon(R) E5-2683 v3 @ 2.00GHz7 91u7u 56 unuvian (Core) MIBAMUSIMEN
(RAM) S 64 nzlud (GB) waznianlszananansiing (GPU) NVIDIA Tesla K80 vingty
vusEUuUfAnTs Ubuntu Server 14,045 fifingts Caffe [29] Sl Framework fisenuuy
wd@miunumulasselssamiisuuuudaiaunnms (W) Tnoawaz
TunmaaesilansaudeiadTaililnduduasdundniesiuussangnin
(Performance) wazsumuaunsalunmaadoudne (Portability) Tnslududseandam
Usznevlufremsiausvandnmanugndasithsanugndosasia 10 fold  cross-
validation 1 MR LARY Lﬁaﬁué’ummgnﬁawameiammuaham Inguanagunuuam
gndesluniswensniveadiuil 1 (Top-1 Accuracy) fudwuit 1 8a 5 (Top-5 Accuracy)
waz  dansaRnsannardmsvnisusrunanavedudasuuusiass Tnensiavun
WI5MiAes batch size winffu 1 '[ufi'lﬁ’u‘ﬁ"’u‘&’auua (Data layen) olwlassdrolssamfion

. Uszlnanalites 1 58V (teration) #9 1 Ay ﬁmmsejumwmﬂizmamaﬁqﬁu 500
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59U TaUanspgluUluuTes Average  Forward-Backward  d@dudiuadtuanunselunis

wasudotumdTadensliviberuduassuaiuiidmsunisiafunuusiand

AN 4 UszdvBamanuaagnaeasznitauudiass NU-InNet fu

3 = + ar
LUUIIR9INYULATINYITU ILSVRC

Accuracy (%)

Model — : -

Fep-F Fop-5

AlexNet (ILSVRC 2012} 58.10 86.38
GoogleNet (ILSVRC 2014) 68.40 91.71
NU-InNet-1.0 70.25 . 9325
NU-InNet-1.1 73.04 94.42

1. UszAnGamanuatugneies (Accuracy)

PN = v v o o =] 1 e
V]rlﬂWﬁ]']'im’lU'iSﬁﬂﬁﬂ'lWﬂ']Uﬂ?'mQﬂﬂi)ﬁﬂ\ﬂﬂ']'i'l@ 4 UDIULUUITABINTUZNTUYIT U

ILSVRC wurinUszavsnmauanugndadlunisnensaianiuil 1 geauuudiase AlexNet fu
WUU1a89 GoogleNet Wyl 1M iy 58.10% Lay 68.40% miud iy ManR9 150
Usgdvdarudiuanugndestunisnensaldduil 1 fa 5 yeanuusiane AlexNet fu
wuuF1803 GoogleNet Alifi ity 86.38% was 91.71% nud1iy JoyauseRnBamdnu

“ o < W w 1 o =i
ﬂ')']llQﬂﬁ\BQ‘UﬂQLL‘UUQ'Iaaﬁﬂ‘ﬁugﬂ']'iu’ﬂ@mu ILSVRC LLﬁﬂQ‘LWLﬁU'YII.LUUﬁ]'IﬂEN Googl eNet 3

'
LA |

UssivBannwanuanugndesganidtuuuiians Alexiet £110.3% lunisnensaidaeiud

waz 5.33% dnsunsneinsaidnud 1 035

v oot
= =l

wuu1ans NUAnNet Aignianniulusuidoiu ol fun NUInNet 1.0
4ag NU-InNet 1.1 %agnﬁ’wmﬁwumﬁm Inception module %84 GoogleNet il
UsrvSamiuagndeslumsfinduwasnennsailfuiugunniunuuyusians AlexNet
NnaNTIRaDwBILUUTIan NU-nNet  ludmisedndawamugnsieslumswennsal
wuramgniestumnenselddiuil 1 499 NU-InNet 1.0/1.1 §iF1 70.25% uaz 73.04%
sudrfudmiuarnrugniiesluniswensalddudl 1 fe 5 ves NU-nNet  1.0/1.1  {ifin
93.25% uav94.42% sy endeyadsnanuandliliuinysensnmiuanugndes
UBUUUTIEBY NU-InNet 1.1 fanugadaannniuuudiaes NUAnNet 1.0 &1 2.79%

° 'Y o @ ed co e ol
dwmiunaweanialawiui 1 way 1.17% Tuniswensaldaun 1 64 5
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y ndeyauseRnimuauaugnAeIvealuuees NU-nNet 1.0/1.1 farinanaun
9199 WUTIMUUINEa NU-InNet ﬁgqaa\ﬁ:uﬁUszﬁw‘ﬁ‘nWwﬁmmmgnﬁaqﬁw%miwmnsrﬂ
ddtuit 1 @I uuUIIan GoogleNet fis 1.85% uaz 4.64% nuddiv drunswenanl
adudl 1 s 5 gandwuudians GoogleNet 1 1.54%  uas 2.71%  snudrdu 1ileagin
#UUI1aDY NU-InNet gnﬁﬁuuW%umﬁaamiﬂ%'mwimn'ﬁ]mﬂnﬁuu.asiﬂﬁaa%’wwaﬂﬂiwm

o

Yszamiienll wiolinzauiundeyantmieennsine Fauuudiass NU-InNet 1.0 ld

Basreideyanmasluuragseiy [226x224, 109x109, 50x58, 25x25, 12x12] waiiviies

:Eﬁﬂ%ﬁﬂﬂﬁiﬁﬁﬁﬁﬂ%@#ﬂ@ﬁb@ﬂﬁm%%ﬁ%mmﬁ%sﬁoﬁ-rﬁus‘s‘aﬁ
I§anmsiased Sadifeyasmuminiy  [12x12x256] sufunuavesn i sdasudy
Average pooling vilvidayadildviniy [1x1x256] Fsvnoauindiuiuninany 1 nw i
HuAsEUILN1s AT dandn e (Feature vector) 9119y 256 @ avly
WisuidpuiuLuudass AlexNet iU Googl eNet ﬁqnﬁmuﬁummﬁa‘l‘ﬁﬁ’u'qwﬁm‘ga ILSVRC
ffigauau 1,000 Ny ﬁﬂﬁﬂmé’ﬂumwmLLUUﬁﬂaaaﬁaaaqﬁiwuqu 1,024 A1 e
wuusaesisgeanldiuyadaya THFOOD-50 uinliiigndnuasiduitinmiuly deene

denaliusyAniamaunugnaosanas ialiouifisunvuyuudiass NU-InNet 1

ANANBNEI0T 256 A1 agUsenaunuiuUiTaes NU-nNet Vikianty Batch Normalization
[24] wdadsuiu Convolutions Fsvintiuuudiaes NU-InNet UseEv3n wamMUAINgNaDs

valumsweinseldwiui 1 uagddui 1 83 5 gandmuudnasd AlexNet U GoogleNet

A58 5 UTeBNBATWAILLIATSER I MUUEIaDe NU-InNet AU

HUUTIADIABUZNITUL AT ILSVRC

Average Forward-Baclkward Total training time
Model
(ms/image) (hours)
AlexNet (ILSVRC 2012) 13.9026 60.90
GoogleNet (ILSVRC 2014) 40.1308 175.80
NU-InNet-1.0 12.5398 54.93
NU-InNet-1.1 20.4518 89.59

2. UszANSn1mAnuLan
) YaEAvS Amsuavinetianiinse innaivevudandlasseussadiouilyd

Tumsuszanananie 1 o Snbodhudiadiuni (ms/image) Insuanapgluguuuy Average
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Forward-Backward 'ﬁﬁfmfﬁﬁ’nu’;muawwu'sawaﬁmm‘luLwiasﬁ'lﬁ’uﬂu’uﬁuaauumi’mm 1A
AU IEANSAIMATULIAY 91AATI8 5 LUUSIADY AlexNet ougnsudatiy ILSVRC Tudl
Asaadng1Y 2012 THarluntsUsyanana 1 aw de 13.9026 Had3unT wastuus1ans
GoogleNet wun suuady ILSVRC Tulladaddnsv 2014 THnalunisuseanana 1 nw sl
40.1308 TaFIuit aumnuuusIaes GoogLeNet Winalunsusznarasnnniuuus aas
AlexNet §9 26.2282 fadiund  1iee9nuuudiane GoogleNet gnasaiu ey

Uszdnnmwiuanugndissdmiunisidinmeie v ldinmsesnuuulassaiasesuusans

ﬁuu%L‘;Net:ﬁﬂﬂﬂﬁi‘tiﬂ‘f@h:ttﬂ#ﬁmm@mm@u@ﬁmmﬁﬂalwﬁﬁﬂgﬁﬁ—
audumnniud iy 9 module vilfaildlunsusunanadufiviumnmihluwseudiou
AULLUUTIEeT Alexiet

HoRons s A ATAIUIAITDIUUS A8 NU-InNet ﬁgqam'i"uwud"nu,waham
NU-InNet 1.0 Tonattunisuszaiama 12.5398 Tadiuniide 1 0w uazuuusians NU-nNet
1.1 Mnanlunisuszinana 20,4518 TadTuiien 1 0w Sewuiuusias NU-inNet 1.1 14
wanlumsuszanaiunniu 7.912 Sadiurdide 1 aw AAIINLUUINED NU-InNet

v oo < e =i o U & £ ot o
1.1 1mwmmmmn NU-InNet 1.0 fidsuwasuanudu Convolutions NUYUIMAINTDY 5X5

WRE 77 VA TBA T U Convolutions TiianTas 3x3  S7Ua0 2 dd Usunasawuth
Convolutions flfNTaa 3x3 $1uam 3 drdudu suddy iWeviniswavudduiudnem
Tunuusiass NU-nNet 1.1 iilfiduduvesiuusnediinmudiinniy dawal NU-InNet
1.1 Wamlunmsussinaiuanmilude

ndoyaussdnininduanessuudnant Alexiet, GoosleNet, NU-nNet 1.0
was NU-InNet 1.1 91914 wudtnuudiaes NU-inNet 1.0 Tarlunisyszananalndifeenu
wuudnaes AlexNet lagldiamiasniudies 13628 Tadiuniida 1 naw wsiletwianiildnas
Ussananauoanuuinaos NU-inNet 1.1 snuSouiitauiuuuudians GoogleNet wirda
wuudtaed NU-InNet 1.1 T6nantoaninfs 19.679 fiadiuniive 1 nmw

uonaninflefinsanailitindufmun (ﬁmum’lﬁmsﬂnduﬁuamaasa'u_ # 100
wazld 10 fold cross-validation) tun1snmassissleivufingsesinanlunisiindy  (Total
training time) YadusiazuuSasd fams1e 5 waasbiuiuuusassiildinatlunsindu

pufigABLUUTIABY NU-InNet 1.0 Minaseua 54.93 Falue uaswuudraesiildinaunn

= e

= o v < 4 v ar 1 L (Y]
gnAouvudtaes GoogleNet THaawssuu 175.80 42lae Fedoyadsnanasnadosty

<

ayadiz@vininannian (Average  Forward-Backward) #ilfannn1s1a 5 sy suansly

=4 1

WuTMuUTIaes NUAnNet 1.0 Tiadndugadoyaldsnduuudians AlexNet unasii
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wuud1aea NU-nNet 1.0 uaz NUInNet 1.1 Tdatindugadoyaldifiniuvuiiaes

GoogleNat

M1919 6 NMSIEWLIBAINTIVANRATIUNAA MU AR ULUUS 18045211

Wuug1aas NU-InNet fu nuudtassfivusnisudsdy ILSVRC

Total memory [only forward] Model size
Model
(MB/image) {MB)
AlexNet {ILSVRC 2012) 8.96 217
GoogleNet (ILSVRC 2014) 40.96 39.9
NU-InNet-1.0 2712 1.67
NU-InNet-1.1 30.84 1.47

3. YUBAMUDT AT VUIRE T UT AL UL LU

Uadsvosniseanuuulassrodssamiisunuudsinuinisans i unserileteianty

Tt I RN (RAN) A oA i an584 (Storase) o9 1AseneUsTaTh
Wignuuudeinuinisiinesinsiesidaganivdiodoniseeismiuinuesniwliiuaniu
daalildmizrnusivdnduaunn  Middwarenssuiumstindudssudusesldwize
Uszanansindfiinnagueanisanudmdnsuaumnisuides iy vensiniing
sanuuulasstolisadavuindmiuiaiunuuiaesuineanudidnse s Wewnuiunu
w"agalmwiasﬁwﬁwsugna"fmﬁuaq‘lugﬂuuwhﬁmﬂ’n (weight) Wioi5sndndad “wisfines”
dethwniivwefinsutusdreslfnnadmiudndunusant (Model size)
WofinsunislimizeanusimdavesnisUsanasavesiassswuulidoundu
(forward) 9IRS 6 TPIMVUTIABITITUENITHTITY ILSVRC MuTuusIass AlexNet 19
wihea i wdn 8.96 wnglus de 1 aw wimbunGeufisuiuuuusiass GoogleNet 14
wihwarismanDs 40.96 winglud sia 1w awsfiinslimnsrmus mdniditanniugs
32 MB vnilesvinmssanuuurestuusiass Googl.eNet Idiusururesddutnniy
Lﬁaﬁamﬁzﬁ‘&’m&a‘lﬁasLé‘ummnﬁundmuuﬁwam AlexNet FevinlRuuvINaes GoogleNet 19
wihsenuimdnuaziaunssnamiinnatunduuusiass AlexNet
mnRIsLuUIaes NU-InNet ﬁ':aam's"u WuUTUUd1ae NU-nNet-1.0 was NU-

InNet-1.1 Tduudrsanusvdnse 1 a1w 97u2u 27.12 wnelud waz 30.84 winglue
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amawiv Ingfinuudiens NU-nNet 1.1 gwmgildmihsanuswdninafuniuvudass
= [ a o s

NU-InNet 1.0 tilasnaniinensnmarlasdaineuasuuiians NU-InNet 1.1 Sidnwus
WAEAULUUIIE09 NU-InNet 1.0 wilanstafunssfiuuusnass NU-inNet 1.1 l61dsy
o L 5 - Eid o 1 L2 = =l i E‘.‘ Q. a

a1mutie Convolutions MHAINT2WINNTT 3x3 WSatiey 3x3 LNTUY LaztWLI T IUYDY
avudis Convolutions Tuumvaun vlwuuusaas NU-InNet-1.1 Sgsudnfinuindy 3
dwalilfmbearudnfindudnn 3.7 wnglud - wimbdeyansldeumineanasmsn

o lJ 1 ar 2 a u‘; . =i ) kL
VAILUUIIE@DIVITR—ENTUYITU ILSVRC NULUUIMADE NU-InNet ‘VNﬁBQ‘i“L!SJ’ILU‘iUULWEJUﬂu

o

= ' -
Antipsfgefiess-9cmaviur-ne-aaw-uauifis

Umyudias GoogleNet uUTyuiiisunuuuusians NU-InNet fituuadia Inception
module 1USuasy wuiuudass NU-InNet vl usvidnanasie 10 waslus
UBNA1NNI5 1T IUNLI AU VAL TUIRE S UT AL vwuuIaesaclu

vthepnuddsodlaudfgeiuieiu Jedeidmadaunadmsuinfiueuusiass Wua

L
o oar

anUnanisunaglaseasiaveinuudiant lnonuuiiass GoooleNet IMdenldaaud

Convolutions iliANad 1x1 A isiiazasuuievasnnudnasteudwialusigiduta
P

S er

Convolutions ALAINTDS 3x3 w5D 5x5 IWnlwadudundanniildsiingos 1x1 fwisiiaes

“ﬁﬂﬂmﬁaﬁmmﬁﬁw%’vﬁ’mﬁuu:UUii’ﬂaa'awmtmﬁ"lﬁw(ioogl_eNet ERGRGN MBI ER RN
AlextNet 9 177 winzlud wiailes 39.9 wnglus wavdwsuuuudiaes NU-nNet faaoagu
thaléfdn Inception modute wUundeilni Tnofigamsldisiutu Convolutions fifianTes
1x1 Wi IiurUUS1aI GoogleNet isanduaunIsiimesas igawAluudans NU-
InNet Faaseguiiild NU-Inception module 1 1 module (it unneefuwuusass
GoogleNet Al Inception module §i4 9 module mnuzmﬁaﬁquummswﬁl,ma'a’ﬁgwumuam
Thhudiuiidmsudniunuusiass NUGNeE1.0 uay NUSnNet-1.1 anaadies 167 wng

Tud way 1.47 winzlud audeu
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- AlexNet  +-» GoogLeNet -~ ~NU-TnNet-1.0 “-NU-InNet-1.1

Top-1 Accuraey

0 10 20 30 40 50 ol 70 80 90 100
Epoch

A 33 Top-1 Accuracy 199 AlexNet, GoogleNet, NU-InNet 1.0 wag NU-InNet 1.1 .

Tunsguaunmstlnduldnmvuas Leaming rate (LR) Sudmd 0,01 wazldansnnuas

10 winluwday 25 sou (Epoch)  eu1 Top-1 Accuracy U89LUUs1889  AlexNet,
aley Ey '

GoogleNet, NU-InNet 1.0 uay NU-InNet 1.1 #Elnduaseduuuansluudaziounnanig

Bty agleidann 33 ieiansadoyalsvdvnmaiuansgndosvesuusaosiivusns

wiadu ILSVRC ¥ilsivisruiiuuudiany Alexiet  fiuss@viaindrunugndasgands

voou
ar LYY i

wuuTaes Googl eNet Tunsfineusauit 1 89 20 wihiiu amiusausisoud 26 Wusly @R
U 0.001) wuUINABd GoogleNet né’uﬁﬂisﬁwﬁmwﬁﬁﬁuuaxqanimuuﬁ’laaq AlexNet
sunsshaauannsinduluseudi 100 UszavBnmaiuanugniasrednuuinasy Alexet i
A1 Top-1 Accuracy TifNnduuUsIaad GoogleNet i1 10.3% LaziniianTnlsangnIm
frumnugndasresuuudiags NUInNet wuduuudiaes NU-nNet fageasuilen Top-1
Accuracy AilndiAsaf Tagiuudians NU-nNet 1.1 ivsgdndnmaunugndasgends
Luusaess NU-InNet 1.0 seiliiloviluiGoudioufuuusans GoogleNet HUIWUUTI@D
NU-InNet: ﬁgaamiuﬁ’uﬁﬂisﬁw%mwﬁ'\uﬂfnugnﬁaujrﬁﬂﬁﬁLLaxqqnfhuuuﬁnam
GoogLeNet fauansiindusaudl 1 fa 100 FJauuusians GoogleNet Léu@:wﬁ'ﬂ'lu'sauﬁ 26 fia
50 (LR wirifu 0.001) vmifusaudseud 51 f 100 e Top 1 Accuracy ¥8IuUUSTABIHILA
Tttt uamsliiiuisawinemsfindulusoud 1 s 30 fu NU-InNet Wrsasguliten Top 1

ol e - e & v -y =
Accuracy fiiiUszdnEaAndt GoogleNet vidlumurianlunisguiuasUszaniamanu
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gneied wazndaninnisiindudugaadluseudl 100 wuudians NUInNet saosfuling

ATMARBINNNTY GoogleNet fla 1.85% wag 4.64% auddy

# Average Forward-Backward (msfimage)  \ Model size (MB)

250

200

150

100

30 20.45

0 sow 16 mEm 147
AlexNet GoogLceNet NU-InNet-1.0  NU-InNet-1.1

AW 34 UsgdnBmwanuatuaziiuiidaiiuuas AlexNet, GoogleNet uag NU-InNet

dolassoUssamiionuuudsiaums W Rugunsaianiniiy S1iuses
ﬁﬁﬁaﬁwszﬁw%n1wv'1’1unmLmz‘umﬂﬁuﬁ%’mﬁuu:uuii"]aaq'lﬁt.mmzaua‘i'm%’uqﬂnicﬁam%w
Truiiiinswennsedesaie saiunisiuuusiaes AtexNet Aflsnafidnfusuusasann
fa 217 wazlud - SdlivanzdmiuilviannuugUnsalasinli winfisrsanounitu
Jauituapanuudnans GoogleNet filuuta 39.9 winglud fasasnnuuus aes AlexNet sn
f9 5.4 Wi udvuavauUTIans GoogleNet Finsisnailuoiiuly tszaniinuung

1 PR v - ' I v o B VL b o o o
udeinsiilvitiviayalifisanedonimdosmsuesdlden vl lifesdansneunshing

[ ]
By = 8

wevwdnduildiiuisiununnoonld fufuminfivrsanuunareauusiasssiag 9 VAW
38 aunsaagUliinuusiass NU-InNet saosqu imnedtasillinuuuadninunn
fign innzliRuiidmivindiudier 167 warlud uas 1.07 wnglud mudidy dloly
Wisuifisuiunuudiaes GoogleNet fiffuunaia 39.9 winglus Suilifuiidmiusauiy
wuusiaaswes NU-nNet 1.1 Svunailidnniwuusiass GoogleNet fq 27 i wenvnilile
H1suUsEAngnmaua (Average Forward-Backward) Tuniw 38 wutuusiany NU-
InNet 1.0 Mdinandmiudssnanasio 1 aw ifiss 1254 fiadhunil Fanaiilddosnd

wuus1aes AlexNet uaz GoosteNet Uszant 1.36 wag 27.59 fadiurdise 1 nm mudsiu
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AMTNAABDITENINUUUIADY Deep NU-InNet fiunuudnasd GoogleNet

NHRINNAARIVBILUUT 188 NU-InNet ﬁ)slcsﬁ’LLuua‘i'}amﬁmu'lsﬁuﬁw%‘uqﬂmnﬁ
aunsvlvuAanuudiass NU-nNet fgdssdniamduninugndasgsiian THnarlunns
U‘ésmawauawmﬂwaﬁuﬁ%’mﬁuﬁaaﬁqm dwifunuudnaed NU-InNet 1.1 fusz@ngmw
ﬁﬁummgnﬁaqﬁﬁﬁﬂ Top-1 Aécuracy qaﬁqmﬁwﬁ'u 73.08 % warilvuinvasiuidaiv
wuudiaeafies 1.47 M8 lunmsvasssiiddlfiuuudians NU-AnNet Waaasjunuulgaie

winUseavBnmanugnaedligaty lnednaunavesiiuiidafunuudaedimngsu

[

) ﬂﬁlﬁﬂﬁﬂﬁﬂ%ﬂﬂnc@pﬁcm@dukﬁumﬁiﬂﬂwm
DI [56x56, 28x28, 14x14, 7x7] ifiedarevideyanmiwadnsandosunniy Tnud
AANTBILULTIA090d 3 seAUlAuA 4, 8 way 12 (N=1, 2, 3) dwSunszumnistineuls
1huuusaes GoogleNet, BN-Inception iay NU-InNet 1.0/1.1 #i1 4 Auidn (Depth=1, 4,
8, 12) muSuuguuu from scratch lasrvsiatayaues THFOOD-S0 Mudndnyntoyndinay
dnnu 90% uazgadoyanamoudiuim 10% lagld 10 fold cross-validation elduszarnana

UUATDIADLTTILAD T 53 EME 0 17Es

AR T U VB A IR g R avs e T N0 USTAeY Deep NU=IRNSt

AUBUUINAEY GoogleNet

Accuracy (%)

Model Depth

Top-1 Top-5
GoogleNet 9 68.40 91.71
BN-Inception g 72.27 93.29
NU-InNet 1.0 1 70.25 93.25
NU-InNet 1.0 4 79.68 96.00
NU-InNet 1.0 8 78.62 - 95.68
NU-InNet 1.0 12 75.44 94.36
NU-InNet 1.1 1 73.04 - 9442
NU-InNet 1.1 q 80.34 96.27
NU-InNet 1.1 8 79.75 9593

NU-InNet 1.1 12 75.69 94.34
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1. YsvnSnwaiuaiugneos (Accuracy)

VINNEINUIEENEAIMINUANINYNADININGNT 7 YBILUUTIABe GoogleNet way
BN-Inception wuiszdvsamduaiiugadasluniswensaldrdui 1 vesuusiass
Googl.eNet iU BN-Inception danuviniu 68.40% v 72.27% Aay wazussansnimenu
arugndesluniswensaldrdiuil 15 veauudraes GoogleNet iy BN-Inception 5iein
Wity 91.719% §U 93.29%  mwdidu 9ndayaUszAunwsnuaiugndaueiades
nuudrasduanslififuituuusnans BN-Inception WAL GoogleNet §aunsify
dagushs Batch Normalization (BN} 1faurldwdsdadudh Convelutions wasrpudadudy

Activations Yilansnsatriiudssavinmiarugniedlaniu

s o

dmiuuuud1aes Deep NU-InNet Usznaulumisuuudnass NU-nNet §u 1.0 fu

L |

1.1 Tuweiazsuilanudniiamn 4 ssduldud wwudiaos NUInNet (asfndl 1) wousiana
NU-InNet (A w@ndl @) fllassaisvaduuusiaosihii NU-Inception module anldsuau 4
module Tuwsiazseiuuoinw [56x56, 28x28, 1ax14, 7x7] Luudiasa NU-InNet (A1uind
8) filazaairaiuifio iy wuusians NU-nNet (anwdnd a) Taolifinswruens NU-

Inception module TuumazszAuuoinm vilksuumas NU-Inception module tvifiv 8

medulﬁkﬁmm%aawwnNerﬂﬁﬁﬂﬁ—l—ZHﬁﬁ?‘imiﬂmwﬂerUrinception—mvdule
Wnlusazszauroaniw vildidiuaumns NU-nception module iy 12 module o
hdeyausyavinduanugnaosewuusaes NU-nNet §u 1.0 71 4 porudin wudman
s auwes NU-nception  module 1.0 wrlulunuusianssuiu 4 module deraly
UsgAndamsuanugnasaluntswetnsaidduil 1 ity 9.43% uaziderftusuauves
NU-Inception module 1.0 wilUTuiuudtaos 8 uag 12 module Favinlviuseansnmeu
amgasiasluniswensaldwivi 1 \iaiiu 8.37% Wag 5.19% audidy uasiloRs
WUUSIaea NU-nNet 1.1 ¥ 4 aadn wudsEAnS nweua g e wmd9INNELRY
d3u NU-nception module 1.1 Wluluuuusians 4 module fimiiiudu 7.3% wazilo
\RuFIIU NU-nception  module 1.t Wiluluuuusians 8 way 12 module 3avili
UsgAvBnwdunruigndeniiniu 6.71% uaz 75.69% wazmnfisanAUgnApdlung
wensald il 1-5 veauuuFIas NU-nNet gy 1.0 waw 1.1 wuiuuusaesiiiadn
4 module fiussAnsamnmugniesgsgasuiienfuniswensaidadud 1 dufudeh
UssAndnmdrumugadesvesuuusians BN-nception  iil¥nafigendtnuudnass

GooglLeNet anU3nuiiiguiuuinaes NU-InNet #iflaatudin 4 module viagu 1.0 uay 1.1
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WUTY NU-InNet 1.0 uaz 1.1 (anuidindi 4) fussBvBamdiuarugndsslunisneinsoidiy

#1 1 ganduuudana BN-nception (AywdEndl 9) i 7.41% uay 8.07% sude

71579 8 UizAnanmnuansndnauuinans Deep NU-InNet

AULUUYTa89 GoogleNet

Average
Total training time
Model———— Depth— Forward-Backward
(hours)
(ms/imaee)

GoogleNet 9 40.1308 175.80
BN-Inception 5 63.2429 277.04
NU-InNet 1.0 1 12.5398 54,93
NU-InNet 1.0 q 37.6629 164.98
NU-InNet 1.0 8 66.0797 28946
NU-InNet 1.0 12 95.4761 _ 418.23
NU-InNet 1.1 1 204518 B9.59
NU-InNet 1.1 a 40.8012 178.74
NU-InNet 1.1 8 71.7156 314.15
NU-InNet 1.1 12 100.504 440.26

2. Uszansnmdaua

WINHITUITEANSAMWNULa110IMUUTIaBY Deep  NU-InNet fukuus1ans
GoogleNet T3llUfisluuT1a8e BN-Inception  Mign¥ianinsnainiuus1aes GoosLeNet Tng
nsnTvianisussinanade 1 aw Admbeduiadiund wasuandlugluuy  Average
Forward-Backward nd931nas29¥aseuienud aelddimnste 8 Jailedrnvusians
GoogleNet  Auwuus1aad BN-Inception unU3suiibuiy wuindiefivd ety Batch
Normalization il lusuudians GoogleNet vihlrusedvEaweinuaewmuyusans BN-
Inception Wiy 23.1121 Tadhuniise 1 nw uasndemnnssurunsiinduiatody Waeto
wuusrasaldiaalunsiindu 175.80 Falus way 277.0¢ dalus mudeiy

ilorhdeyaussAniamdunatvessuusines NUnNet 1.0 %1 4 aanaidn 1

W50 wuddlalAud Iy NU-nception module 1.0 910 1 module 1y 4 module
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daalinatlunsuszinarausmuusnans NU-nNet 1.0 wisdudiu 37.6629 fadiuniiee 1
MW WINiMINL NU-nception module 1.0 1y 8 module aniildlunisuszanana
vty 66.0797 fiadiundisie 1 nm wasifladiud iy NU-Inception module 1.0 1{u
12 module ¥iliraniililunisszinanadiuthniiv 95.4761 fiadduiise 1 nw il
fnsanludiuveaiu 1.1 % 4 el wudmnadissiuoy NU-Inception modute 1.1 1y
4 module Ramlilunmussmasafinthudy 17874 fiadiufise 1 nw winfiusoy
NU-Inception  Module 1.1 {u 8 Modute tia1filslunsussananaiindudu 71.7156
_ fig@iunilde 1 o uasdlafivdiugy NUnception Module 1.1 1§y 8 Modulenaaitldly

msUssnanafivduiy 100500 Tadunisn 1 ,
NNMSHALTIILIDI NU-nception module thifinaldinuinuasuuusiasuiiuiy
vildaarlunsUssinanadongun wnfarsunaadlumsindundmnnssuinms
fnduadediv wui"ll.",-m'lunﬁ?}nduqﬁ"uwuﬁmﬁ’unaﬂun'ﬁﬂizmamaﬁia 1 nw lag
wuusEes NU-InNet 1.0 A11380 4, 8 wag 12 [narlumsilndusisiun 164.98, 289.46
uag 418.23 $alus muEHU tazLUusae NU-RNet 1.1 anudng 4, 8 uax 12 Taatlu

ARnruivin 178.74, 314.15 uay 440.26 il audiv andayadsndruansldidiuin

= P . & » v i
oRRIRTE - NU-Inception—roedute-#rit-dwainatiunasdssinanabmasam

o 4w og v <l <t o = & v ow oa & = =5 o
LWHIUY QQVI"II'WLTﬂ'Wﬂ‘m‘uﬂ"l'iF»]ﬂNumq%ﬂJﬂLWﬂﬁluﬂ?UL‘ﬁunu ﬂQUUM']nLU'ifJUlVIEIULrJa'IW‘L‘;ﬂu

msUssnanase 1 0w funaildlunisnduremusvsanuusiasg Deep NU-InNet iy
wuUSIaet GoogleNet Wudmuudaas Deep NU-InNet 7iilansidn 4 modute Manluntg
Usranauaiio 1w isuminnuudianiwuudiant GoosleNet 7131 Inception module
103 9 module tpavrnnTresnuuulasIAS s BUUSIARS Deep NU-InNet (A wdnd]
@) ld9urn module foandiuuudiasy GoogleNet UANUUT1a99 Deep NU-InNet  1¢hin
ddut Batch Normatization srlddeanngasusiu Convolution ndadudu Seildnandd

T4lunsussinanafiuty
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1319 9 MsTdwinsauIwdnnazIund v USARLLUUS a0 9559 Ie

wUUT1ae9 Deep NU-InNet iunuustaas GoogleNet

Total memory

Model Depth [ontly forward] Model size

(MB/image) (MB)
GoogleNet 9 40.96 399
BN=tnception g 636 40.0
NU-InNet 1.0 1 2712 1.67
NU-InNet 1.0 4 25.96 3.66
NU-InNet 1.0 8 36.52 7.70
NU-InNet 1.0 12 a7.09 : 11.7
NU-InNet 1.1 1 30.84 1.47
NU-InNet 1.1 q : 28.24 3.65
NU-InNet 1.1 8 41.04 1.69
NU-InNet 1.1 i2 53.84 11.7

3. wiwanuTasvindwiudanuuwuusiass

vayanistimirenudnazvundwmiuiniiuiuudiane Deep  NUAnNet  fiu
WUUdIaes GoogleNet 390159 9 wansiadrdayanisliniieaudwassadmiu
Jaufiuwuuians Deep NU-InNet amamndldmiuarusifosniuuusiass BN-Inception
Tuynguuasnanuinvawuuiiass Deep NU-InNet s2ldfavuadmiudmfunuusians
Deep NU-IniNet ﬁ‘uu’mﬁLﬁnnthLUUﬁ'mm BiN-Inception lnawuudiaay Deep NU-InNet
AMuEnit 12 Aeuuudraesiild module unilan wifvunadmiudaivuuudasufios 11.7
wnzlud eflunaftuanrasuuuusians 8N Inception #a 40 winglus

ndeyalunting 9 wardlidhrituuudans Deep NU-AnNet fifiaanadnuinat
WUUS1889 BN-Inception ldmihoamustariuiadmiuiafiunuudiasstioonia iloswn
Snnuvesdeyaildnnssuiumstinduviofitondt audnune (Feature) T 512 ¢
detfuniuuusians BN-Inception fi1 488 A1 NYs80NLULYBIUUUTIABY Deep NU-InNet
fufidnnuvesfeyathesn  Gildsnusias NU-inception  module)  fivunadiidnnia

Inception modute 18U wWUUTEDY Deep NU-InNet #Alinnudn 12 module wraz module
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ifoyaoondl 64, 64, 60, 128, 128, 128, 256, 256, 256, 512, 512 wax 512 F1 was
wuuTans BN-Inception Aiflmnin 9 module uiay module fidoyanieondail 256, 480,
512, 512, 512, 528, 832, 832 wax 1024 A1 eRosandeyaildanudiay module vhls
WUimuud1aes BN-Inception sisanisiiasignnwliiaudnuon s auinn lnavery
Snnugeseymbeandin@udon q Jniliiunmsdimesfdudusumen uide
fnsandoymheenouuudiast Deep NU-nNet wudmistinseinmesiuegiumauin

o ar 1 . = [ a ] v . o
94 module AIMBYNINNATINIAD ‘um‘;amaanﬁlmmn NU-Inception module 91 2 way 3

Eﬁ@%@%ﬁ%%%ﬁ%ﬁ%ﬂﬂ%\'F’ﬁUME'UUS-Iﬂaﬂ"f:}eep—NUﬂﬂNEt

Jilvnsldmeanuduasyuadmiuinfvivuiassivunefidnneuusians BN-

Inception
| ---BN-luception -+ NU-InNet-1.0 Depth 4~ === NU-InNet-1.1 Depth 4 —|
80% - e R e Sk e e R R ST a R S R TR e e
s
? P I S L M e by b i km e e S g g e
0% S
'.“'4"’:!'_4}?
_60% - o
a\ A ’f
550% | &0
# s i 'f
< 40% g p
: 7
Eao |
Cf
20% "g'{
3
10% |
f
0% A 1 1 1 1 1 1 1 1 1 J
90 1o

0 10 20 30 40 50 60 70 80
Epoch

N7 35 Top-1 Accuracy ¥auud1aad BN-Inception, NU-InNet 1.0/1.1 (Audni 1)

Tunssuumstinduldimuedl Leaming rate (LR) Sudufl 0.1 warldansuivag
10 wirluwsiag 25 sou (eth Top-1 Accuracy UB4LUUINRDY BN-Inception, NU-InNet 1.0
uag 1.1 (MEn# 4) Mnduadedunuandduusazsovvaamsingy seldfenm 35 e
WU sEavEnmauaugnABITeayUSIaBY NU-InNet 1.0 waz 1.1 (@udnii 4)
wuinili Top-1 Accuracy AlndiAseiu maudsoudl 1 89 100 uidioRvrsaUsyavinmey
ATINQARBIVBILUUTIADS BN-Inception 5eMinasavul 1 i 25 (LR wiaiu 0.1) vilsimsnudn

WuuTmes  BN-Inception wewmengiinldlndidsaiuuuudiass NU-InNet 1.0 was 1.1
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(rwdnit - @) laeiiaunsoguin il ndfanluseut 25 delddn Top 1 Accuracy ity
66.50% wdsNTouTl 26 (LR winitu 0.01) Wusuly dn Top-1 Accuracy U0auUUI A NU-
inNet 1.0 way 1.1 (mwdndl 4) Wudiuia 109% Tuvneivuusiaes BN-Inception sy
wins 5% laeuszAnSnwiuarugnasmeniauuuiasdimaiaunseisiasouit 100
nntayadsnanuanstiiuinssuiamsiindulusoud 1 v 25 tu Hauuusiaes NU-InNet
1.0 uaw 1.1 (audndi a) firuilumaguinldfuazgenituuustane BN-Inception was
vidrommstindhidugaadusouil 100 wuusiaes NU-nNet 1.0 was 1.1 (raaidnit 4) Trina

Top_1 Accuracy 84031 BN-Inception 84 7.41% as-8.07% Aiuaae

# Average Forward-Backward (ms/image) = Model size (VMIB)

60
45

30

15

3.66 : 3.65

BN-Ineeption NU-InNet 1.0 Depth 4 NU-InNet 1.1 Depth 4
= ' & ool ° .
w36 Yseandnmwdiunaitazvunaiuidnivvenuusass BN-Inception

NU-InNet 1.0 waz 1.1 (a9 udnit @)

unmhuuudaesldtugunsalaunivlsu Suliudosiasanyszandnmiuian
wagmnmiuiiTafiuruuSaedimzard MU vy dwduuuusians Deep NU-
InNet 1.0 waz 1.1 lWdonamudnd 4 urld Lﬁmﬁ)ﬁnﬁﬂisﬁw%mwﬁ'ﬂummgnﬁmqqﬁe\m Je
Iéthuvudiaes NU-InNet 1.0 uae 1.1 (wdndt ) sniSeudisuussansnmsnunauas
wiauidaiv  Suuuudaes BN-Inception fsnw 36 iflafiansunimuushans BN-
Inception fiflmnafuiidatiuswau 40 wnzlus Wi RUanTng orovnlslimnsay
ilesvneuavasiuidaiulsiuis 40 wnelud %qé‘;’a’lu’tﬁs'suﬁas‘gaﬁwLﬁmﬁuﬂwnnﬂsﬁmuw
wevmAiaduin wazilethinsufundesiiviunavesendiedulivuninnndt 40 wne
Tud datmafinisanuumuessuusass NUInNet 1.0 way 1.1 (Rudnd 4) Ailnunaves

wWos 3.66 winglud WerhlunSsuflsuiuuudians BN-Inception Wéni wuimuusiass
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NU-InNet 1.0 wag 1.1 (A1wdndl 4) awsnasvuisiuiisaavadddunis 10.9 wh Tngi
UszAvBanwdiuniiugniesgandinuusias BN-nception uenvndiieRansmun
UsgiviBnmanuan (Average Forward-Backward) Tunw 40 wuin wuusians NU-InNet
10 way L1 (ndnil 0) MWoadmiudssmanade 1 0w fise 37.66 fad50n7 was
40.80 fiadiund maddu Faldandosnimuusiaes BN-Inception Uszu1ty 25.58 way

22.44 fiad3udine 1 AW ANaI6Y

L M5Ragsuudiass NU-InNet fu Deep NU-InNet yusiasuiviy

vasnsiUSsuifisudssdvsamiunamemuusiasiing 4 tuldldneuinnesly
nsmiaa¥a Tuwdeiiliiuuusiassn 4 10599 TauugUnsnfanivlvhiifiesdusenau
fusndauainall wiheUsEnana (CPU) Intel(R) Atorn(Th) Z3580 fifieangaundim 2,33
Inzidied (GHz) 9109 4 wnuudn (Core) wazminaTLs mEN (RAM) S1mu ¢ Snylud

(GB) ¥iuuuszuuUunngs Android 6.0.1

f11571% 10 N1 InsEans nwamuranlunsuszaaanavugu vy

Loading time Execution time

Model Input: Image size
(ms) (ms/image)

AlexNet 1080x1080 4333.22 589
Googl eNet 1080x1080 553.16 937
BN-Inception 1080x1080 684.70 1448
NU-InNet 1.0 (Depth 1) 1080x1080 45.25 554
NU-InNet 1.1 (Depth 1) 10801080 50.96 - 633
NU-inNet 1.0 (Depth 4) 1080x1080 98.40 603

NU-InNet 1.1 (Depth 4) 1080x1080 110.64 699
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dwfunsmininnaiveanuusiasing 9 Ussneulumsaosdie naniildlunis
Wawevwdtadu (Loading time) uazafilElunsinm (Execution time) Waaasdouey
wanveduladiund dinnsns 10 dAwdunsnsratanaildlunsauenwitndu 2ucy
ﬁuﬁu'msiﬁmiLilﬂuawwﬁmﬂ'f'uﬁ"umwnwﬁ'aLLawwﬁm-ﬁ"uw%’anﬁmzﬁ'mu‘lﬁ AT indui
fasniluiaafiuenmiinduldussquuusassiiiinduadsdudlulumsvhen sasdmsy
nmﬁ"’[ﬁ'ﬂumﬁLTJmmew?im*ﬁ"uﬁmmﬁnF’icgasm?iar-’iacgl‘ﬁ’mu Lﬁaamné‘l%’qwudau‘lwmﬁaqnﬁ

arusrtumsldamenniivady sniunisdanwuusessiiiamilunsiasenndady

= | (Y o
q qx =Iq

=l
U0 aus

A oy ={

nswiisds ILSVRC wudwuudians AlexNet Tnanlunsifauanwwiiady 4333.22 fadiurit
ievlunSsuiusuudian GoogLeNet filfnailumsDiauewndiadu 553.16 fiadhuni 3¢
vlinsuiiuuu§ians GoogleNet fifluwinvasiumsaiuiios 39.9 wn=lud Woatlums
Wawawndinduldiianduuudians AlexNet filunavesiuitdmiy 217 amelud ndoua
dandnuanslitiuivuavesiiuidmdutafivuvusiansdinadioinaitldlunisOn
womwdivad duilofiarsnnuuuiians NU-nNet 1.0 waw 1.1 (awidnd 1) mudtisans

wuvdnaadltanlunisilawenndtadiudios 45.25 Ta39und way 50.96 Tad3unil anudiey

T T T AU TS DS A UNU U 7888 NUTRNGE 1.0 wae 1.1 (FwEnd 1) Sun
Wee 1.67 MB uay 1.47 MB mudy andudiouuusiass NU-InNet 1.0 way 1.1 (A
anfl @) snmseianuiildian 98.40 Haduni uay 11064 Siadind Saslovmiidluns
Wanewndtaduiuusiaos NU-Inet 1.0 wae 1.1 (rudndl 6) Wivouiusuudass BN-
Inception WUILLUUT@as NU-nNet 1.0 wae 1.1 (ewdndl 4) WWiantasniiie 6.9 uas
6.1 Wi ey

vdsnuerwiledundeulduduudssud :Tmm'l,uehumaanmﬁ'hﬂumsé’ﬁwmw
Idimsmnaoninmdiiiuen 1080x1080 9an1w g iniayasainnald :inae
iodloRvrsannaiililunisiiinmeessuustaesiisusnsudedu ILSVRC wuiwuudhass
AlexNet Tinalumsisinm 589 fladdundt de 1 nw Favfeundtuuusdiass GoosleNet
16181 937 fadiunil sie 1 nw Tasnanisnaeevpsdiuiidnvusudsfunsia
Ussandnmiunatuunouiinned Jsfinausnmssentuulageairve siazuusiaes
winkuusasdinududounnazdmalifldiailunisusznanadivinniy wasdlefusan
wuuTaes NU-nNet 1.0 waz 1.1 (rowdndl 1) wudviaeswuudraestiaatumsdsanm
554 uay 633 TadIudl fio 1 0w mWEIAU WaEMINRINTLUUTIAa0Y NU-nNet 1.0 uay

1.1 (Anudnd 4) 'wm'wﬁaaaqwuUﬁhaml‘ﬁnm'lumsé’ﬁwmw 603 way 699 liadiuni so 1
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aw ey Mindeyasnarnandsifiuiuuudiaes NUInNet wed Tuailunisddnm

WoENIWMULIIEaY GoogleNet tay BN-Inception

¥ Total time (second)

0.00 0.68 0.70 0.81
53 et S B . S < B "
AlexMNel GoogLeNet  BN-Inception NU-InNet 1,0 NU-InNet I.1 NU-InNet 1.0 NU-InNet 1.1
(Depth I) (Depth 1) (Depth 4) {(Deptih 4)

o= = W A th &N

A 37 il dUauovmaintuuazitaniwaiednuaug 1 aw vuauninlvy

diehnaldlunmslawenviinduuazioaiisimwmediuam 1 0w wsaiy e

asiananddlinesnisiiinmemediuau 1 aw deddiaumila Tsaunsouanmadns

Wil Taouaeslumiisvesivit damyn s iefiormuudmofsnenmawei
ILSVRC wuinuuudiaes AlexNet  Aldarmnnitands 4.92 3und - dwdusuusiass
GoogleNet ldanfivs 1.49 Junit navdwdunuudians BNnception  Aiwauann
wuuans GoogleNet Tdivan 2,13 Funil wazilofiosnnvsuuusians NUAnNet 1.0 fu
L1 (audindl 1) e NU-nNet 1,0 fu 1.1 (adindi 4) wudilinatlunsidnimdae
Fan 1 o i 1 Suiikenn dddaaniosniuuusiaesiivusnisuseiu ILSVRC fviy
mnﬁaamsﬁ’mmtawwﬁm%"uﬁm%fug"ﬁi'"lmwsi'lﬂmwﬁ'lmauuﬁuﬁﬂwu AIsEONLUUT a9
NU-InNet §u 1.0 fu 1.1 (A9adnil 1 wF0 @) losnnadlanenniia fusasdsinmde
vaMuuTand NU-InNet Titaaiies 0.6 s 0.81 Jundl
HANTNARBITIN 3 NSNAADY wansils nssenuuulAssai wBILUUSaRad My

ms§inmemsing selasueussamifnuydnuuanniniv Sudus Moy
UsgdvBawiasuarmgndes  narldlumsianans  uaennadwiuiaiueuy
$rassilosnuuuianfunuuimesfivuznsudeiy ILSVRC  wndldveanniuuuiiassii
POALUUIINNTSUUUTIADY NU-InNet mU%’uU‘guﬁaLﬁuUi::avn%mwa'hum’mgnﬁmlﬁgﬁyu
wﬁqmnwmaam%aéﬁlﬁﬁwme"mmﬁaanLLUU;Jm‘sfai]";’ﬂ*dizﬁw%mwﬁmnmuﬁqminﬁ

Aunsnlviu
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HANTNARADY

AANYIAZMINARBITENTIMUUS a0 NUARNet Sukuuitansiisuenisetedu
1 SVRC shuditladeludnssudnmanugndes nanitdlunisuszanana saludsmld
wihwa s seanladefedsideshiadadefautenndrduuuaniinliu annas
NARDINUIUUUTIADY AlexNet Tilseanimuduaugndaan Taanlunmsyszunanan
wazwuudmasdivunlng dmivnsuiiass GoogleNet Huszdndamauanugnaiags ¢
valunsvszaneraliunans wazuuudiassdouimiiunans amiukuuiianss NU-InNet

vedosquiilssdninmdiumiugnipgs Tfadlumsuseinanam waguuudaasdinug

T ESIeENERReE s An SRS MR A AN B R AT
wiedy ILSVRC ieirlulduumninivumoguteyanwaisemsive ssenuuudiaes
NU-InNet fioonuuusnudniuiilssdninmduarnugndaaiidsligann Jeenwuvuas
Wauwuvsiaadlnl denisdadnuendnseasuudisoddinniy Tnsldmeasai
ATRIBN 3 SedU ARATIENT 4, 8 uay 12 AnuLuusiaes Deep NU-InNet F3Usznauly
wuusaesiu 1.0 was 1.1 wdazfuiinmdnd o 4 suiv loun awdEndl 1 amnudndt 4
AINANT 8 Az ANANT 12 99NA1SVRaRIsENINaLUUEIaDd Deep  NU-nNet Ay

nuudians GoogleNet agifiulddnnisifindnuaunauandrlulunuudtans NU-InNet

AR IUTE AV N T TUATINGNH 93101 317 14 [ UN 13U I aRALAZ TN T0Y
wusmesitguidnieaty dfusgdurniniivssdiaminenufviaafe ssifuam
anft 4 FeiiusednBnmdungndesas 80.30% dwdunsneinsaididud 1 Woantunts
UszaanaUnunad sazwuudeesdivindn 3.66 winglud

wdmnnssuaumsiinduedadu Jddhudasuuiaosiildannnisnaassdiaiy snasete
wafigldiasnisiinmiodiu 1 mw deslinaiile foezuanwadndlirugldls
nmsas it linadwiiuuudians Alexet 190a71 4.92 Jurfl wuvdtaes
GoogLeNet 11901 1.49 11l wazuuudians NU-nNer §u 1.0 fu 1.1 (rmdnd 1 fu a)
Tgiaan 0.6 64 0.81 Tl andeyanandvitiuiwuudiass NU-inNet THaalumsidnam
hiffmdsiund fadudlofonsandeyaildonnsmeassisaaansoasuliin wudiaes
godlassolssamifiouuudniiFouiihondeyanmansennsingdnau 50 Ussan il
YsraAnsnmieiumugndes tanfildlunsusznana wasnavesuusass sy
figadmiuihlulduuugunsalmnivlvy Asuuudiaes NU-InNet u 1.1 aowdnd 4 il

wuudIaesn 3.66 winglun warldnanfdruuamndvlvu 0.81 Jund



57

Uymuazuuamieanisualy

[T 7]
= <

d o = o < L =3
ywiiwuainnsvinasddeduilfe nssuiunstiniuvedasstnedssamiipauy
o a o [ v P ¥ of oy a a da o i o . v
andntudedineufinnesniiusedninmgsnfndanhodssinanansidnduazamnsald
swlamaan 24 Flue WawinnszuuNsHndLYLRasLUUTaasidiiaInue 50 o 440
Falas dmivgadoyanwiieonniing 50 Uszian T wunmienanun 15,770 i v
Wimmmassaufisasraiawaviivdeyalunsa suuusmassliardwuunisseniunadws
o . = = i I = e e o
winhlansdedssarmisnuuudnluilindudrnyadoyadu q AllvSuiavesnmdnumn

LUy gAtaya ILSVRC w3e Places365  oredwmabinatilddmiunisdnduunuda 1 ey

F A T T S BT A DA TR BT T oS oAU TN AW O
Uszinm wmhamaieiiiemisunndd 1 Ysaananlderevsililseininmeuaiiy
gnRasanas wumanisuilefe laigseyiumiiesomislunin (Object detection) wis
TgsavTorvadmiliiiendosivamnsannainaim (Image seementation) (iagIgan
mmﬁﬂwa'm'ﬁﬁmmsxﬁﬂﬁﬂlunﬁ%ﬂ;ﬂﬁﬁﬁi’ﬁﬂ’nﬂdwmmiﬁ'm‘[ﬂmhaU‘szmmﬁammuan
dmfuruuiianedlassinol ssamdisusuuiniinduviesusfugadeyaniiudag
UsrdvBmgs wiloranldiuyatayadu q erevilililiussansaminfioafuyadoys

' A a o = o v w v '
LI LU LHDUTLUUITADINUUE NI LD ILSVRC u'l‘l‘tlﬂU‘f{ﬂ‘?Jﬂl‘Jjaﬂ']‘Wﬂ'l‘EJﬂW%’}‘ilﬂEJ 50

USElm WUTILUUSIa0a70u Mewiedn ILSVRC 1UszAsnWioeniuUsIans NU-InNet
fosnuvunaziinnniiluanddoiuil desnudasiuudaaddgnesnuyunasnanosiuyn
fayaiiu 9 ol nutugaioyeaduiilinadnstunnsatu dafumndeinisnilasee
Ussamidienuuinlulitugadoyadu msfizosnuuitasrnasaiofsuisuuudiass
filarumnsanfugndoyaiivnnliige dwivgadoyadaliindudruddydmiy
Tsshevsvamiionuuuin snnszunumsiSauiinaesoidonsSsuiuuuiifae
Fastnaluyudilaudeyald ilinmsaeyadeyadesdimmamanvaisvesnmdwnielu

] o A e of £ e 0 o ' = =5
ngusBUszIN VALY SevniUinudinugesmmnn bilasssUszamieuwuudn

3
= o =

auninFsuiivizdngamannd afildnanresursiaamlidrsduiu nsiaun
wewwddudmiviinmomnsinedelaseiamisuuuinuusniislunuise
Fuil Wmnandldgatoyanwaaomisinesiuau 50 Ussnnwinhy iisliuuuiaes NU-
InNet fiszAnSamitindefio Ssmminuudiass NU-inNet Tunagsuiugatoyanmdig
o1m5BU 1 19U yadeyanmase Iy (UEC-100 uas UEC-256 (30) o yndeya
awgngemsmETusn (Food-101) [31] sy lesmnusasyndeyaiivssinnuasemns
WA 100 Yssinn wagmindesnaifisszansnmlifuuuusiass NUInNet msiuun

° ° v = v o v = o vy o =
IumwEnuasInnuandnuaetidlimnsaudugadeyaiinnSous viadiumnila



58

A1 9 1ty Wiy wedle Identity  Mapping 91nkuus1ane ResNet  Taafatsanauaml

v =) LY (3 @ 4
wansauNNYadayavieinguarasdrsamsitUlgem




59

VTIIYNTH

[1] C. M. Fastrnan, "Vector versus raster: a functional comparison of drawing
technologies," Computer Graphics and Applications, IFEE, vol. 10, pp. 68-80,
1990.

[2] A. A. DESAI, Computer Graphics: PHI Learning, 2008.

{3} R. Hassanpour, A. Shahbahrami, and 5. Wong, "Adaptive Gaussian mixture

model for skin color segmentation,” World Academy of Science, Engineering
and Technology, vol. 41, pp. 1-6, 2008.

(4] M. W. Schwarz, W. B. Cowan, and J. C. Beatiy, "An experimental comparison of
RGB, YiQ, LAB, HSV, and opponent cotor models," ACM Transactions on
Graphics (FOG), vol. 6, pp. 123-158, 1987.

(5] P. Shih and C. Liu, "Comparative assessment of content-based face image
retrieval in different color spaces,” International Journat of Pattern

Recaenition and Artificial Intelligence, vol. 19, pp. 873-893, 2005.

(6] S. Tangkawanit and S. Kanprachar, "Performance of HSV Color System in
Vehicle Detection Application under Different flumination Intensities,”" ITC-
CSCC: 2009, pp. 525-528, 2009.

[7] S. Y. Kung, Kernel methods and machine tearning. Cambridge University Press,
2014,

(8] S. Dumais, J. Platt, D. Heckerman, and M. Saharni, "Inductive learning
algorithms and representations for text categorization,” in Proceedings of the
seventh international conference on Information and knowledge

_ management, 1998, pp. 148-155.

9] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, 8. Thirion, O. Grisel, et al.,
"Scikit-learn: Machine learning in Python," The Journal of Machine Learning
Research, vol. 12, pp. 2825-2830, 2011.

{10] I Guyon, S. Gunn, M. Nikravesh, and L. A Zadeh, Feature extraction:
Joundations and applications vol. 207: Springer, 2008,

[11]  H. Su, M. Sun, L. Fei-Fei, and $. Savarese, “Learning a dense multi-view

representation for detection, viewpoint classification and synthesis of object



(12]

(13]

[14]

60

categortes,” in Computer Vision, 2009 IEEE 12th International Conference on,
2009, pp. 213-220. )

A. Kuznetsova, S. J. Hwang, B. Rosenhahn, and L. Sigal, "Exploiting View-
Specific Appearance Similarities Across Classes for Zero-shot Pose Prediction:
A Metric Learning Approach,” 2016.

G.-X. Yuan, C-H. Ho, and C.-J. Lin, "Recent advances of large-scale linear
classification,” Proceedings of the IFEE, vol. 100, pp. 2584-2603, 2012.

R. Moore and J. DeNero, "L1 and L2 regularization for multiclass hinge loss

[15]

(16]

[17]

models, i MESEP, 2011, pp. 1-5.

L. Rosasco, E. De Vito, A Caponnetto, M. Piana, and A Verri, "Are loss
functions all the same?," Neural Computation, vol. 16, pp. 1063-1076, 2004,
K-B. Duan and S, 5. Keerthi, "Which is the best multiclass SYM method? An
empirical study,” in Muliiple classifier systemss, ed: Springer, 2005, pp. 278-
285.

D. Meyer and F. T. Wien, "Support vector machines,” The Interface to libsvm
in package e1071, 2015.

(18]
{19]

[20]

[21]

[(22]

(23}

C. M. Bishop, "Pattern Recognition,” Machine L earning, 7006.

B. Krishnapuram, L. Carin, M. A. Figueiredo, and A. J. Hartemink, "Sparse
multinomial logistic regression: Fast algorithms and generalization bounds,”
Fattern Analysis and Machine Intelligence, IEEE Transactions on, vol. 27, pp.
957-968, 2005.

A. Krizhewvsky, |. Sutskever, and G. E. Hinton, “imagenet classification with deep
convolutional neural networks," in Advaences in neural information processing
systems, 2012, pp. 1097-1105.

Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner, "Gradient-based learning
applied to document recognition,” Proceedings of the IEEE, vol. 86, pp. 2278-
2324, 1998.

M. D. Zeiler and R. Fergus, "Visualizing and understanding convolutional
networks,” in Computer vision-ECCV 2014, ed: Springer, 2014, pp. 818-833.

C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S. Reed, D. Anguelov, et al., “Going
deeper with convolutions," in Proceedings of the IEFE Conference on

Computer Vision and Pattern Recognition, 2015, pp. 1-9.



(24]

(25]

[26]

61

S. loffe and C. Szegedy, "Batch Normalization: Accelerating Deep Network
Train-ing by Reducing Internal Covariate Shift," in Proceedings of The 32nd
International Conference on Machine Learning, 2015, pp. 448-456.

C. Szegedy, V. Vanhoucke, 5. loffe, J. Shlens, and Z. Wojna, "Rethinking the
Inception Architecture for Computer Vision,” arXiv preprint arXiv:1512.00567,
2015.

K. He, X, Zhang, S. Ren, and J. Sun, "Deep Residual Learning for Irmage
Recognition,” in Computer Vision and Pattern Recoenition (CVPR), 2016 IECE

[27]

(28]

[29]

K. He, X. Zhang, 5. Ren, and J. Sun, "ldentity Mappings in Deep Residual
Networks," in Computer Vision—-£CCY 2016, 2016,

K. He, X. Zhang, S. Ren, and J Sun, "Delving deep into rectifiers: Surpassing
human-level performance on imagenet classification,” in Proceedings of the
IEEE International Conference on Computer Vision, 2015, pp. 1026-1034.

Y. Jia, E. Shelhamer, ). Donahue, S. Karayev, J. Long, R. Girshick, et al., "Caffe:

Convolutional architecture for fast feature embedding,” in Proceedings of the

[30]

[31]

22nd ACM international conference on Multimedia, 2014, pp. 675-678.

K. Yanai and Y. Kawano, "Focd image recognition using deep convolutional
network with pre-training and fine-tuning,” in Multimedia & Expo Workshops
(ICMEW), 2015 IEEE International Conference on, 2015, pp. 1-6.

L. Bossard, M. Guillaumin, and L. Van Gool, "Food-101-mining discriminative
components with random forests," in Computer Vision-ECCV 2014, ed:

Springer, 2014, pp. 446-461.



62

NIARNUIN

or

- NaUIdp ﬁgnﬁﬁuﬁmmms’ UTBLANITIEATT THAUVUTUITIR
Termritthikun C, Muneesawang P, Kanprachar S. "NU-InNet; Thai Food
Image Recognition Using Convolutional Neural Networks on Smartphone.”

Journal of Telecommunication, Electronic and Computer Engineering (JTEC)

9.2-6 (2017): 63-67,

“HAINNNE N AN NS Useaa 91013 SShUUTIEA
Termritthikun C, Kanprachar S. "Accuracy Improverment of Thai Food
Image Recognition Using Deep Convolutional Neural Networks." Electrical

Engineering Congress (IEECON), 2017 International; 2017.




NU-InNet: Thar Food Image Recognition Using
Convolutional Neural Networks on Smartphone

Chakkrit Termritthikun, Paisarn Muneesawang and Surachet Kanprachar
Department of Electrical and Computer Engineering, Faculty of Engineering,
Naresuan University, Phitsanulok, Thailand.
surachetka@mnu.ac.th

Abstract—Currently, Convolutional Neural Nefworks (CNN)
have been widely used in many applications. Image recognition
is one of the applications utilizing CNN. For mest of the
research in this field, CNN is used mainly to increase the
effectiveness of the recognition. However, the processing time

application since more image processing is needed. To
overcome such problem, one possible approach called
Convolutional Neural Network {CNN) can be adopted. At
present, CNN has been used widely with image recognition.

n=the=trmgoNet-karpe—Svale-Vtisunal-Recognition-Challenge

and the amount ol The paramefers {or model size) are not faken
into account as the main [actors, In this paper, the image
recognition for Thai food using a smariphone is studied. The
processing time and the model size are reduced so that they can
be properly used with smartphones. A new networl called NU-
InNet (Naresuan Universily Inception Nefwork) that adepts
the concept of Inception module used in GoogleNet is
proposed in the paper. Tt is applied and tested with Thai food
database called THFOOD-50, swhich contains S0 kinds of
famousThai food. H is found that NU-IuNef can reduce the
processing time and the model size by (he factors of 2 and 10,
respectively, comparing to those obfained [rom GoogLeNet
while maintainjng the recognifion precision fo the same level as
GoogLeNet, This significant reduction in the processing lime
and the model size using the proposed nefwork can certainly

smartphone,

Index  Terms—Deep  Learning;  Food  Recognitton;
Convolutional Neural Networks; Smartplhone; Thai Food;
Dataset; Inception.

I. INTRODUCTION

Food image recognition is one of the erucial applications
used these days. It allows smartphone users to know the
name of the food. This is quite important for fravelers who
travel to foreign countries. It also lielps them to be able 1o
order food properly and know the information about the
food, for example the amount of calories, possible allergies,
and so on. Currently, image recognition application in a
smartphone mainly requires a computer [1,2] since the
recognition process requires a considerably amount of
resources to serve the used database. If the size of the
database is large, the limited resource in a smartphone
cannot keep up processing the data. Thus, the smartphone
must send the data to be processed at the third-party
computer. The effectiveness of the recognition in this case
then depends on the performance of the computer and the
speed of the internet connection.

Research on food image recognition, however, has been
mainly focused on the correctness [2-6] of the food name
for the given food image. Many techniques are applied, for
example using image segmentation [7, 8] to separate the
food from the background image. This technique will
increase the effectiveness of the food identification.
However, it is not appropriate to be used in a smartphone

(ILSVRC) for the year 2012, AlexNet [9] won the
competition by using the resized RGB (Red, Green, and
Blue) images as the inpul for CNM to learn and produce the
oulput probabilities of the categorized classes. Further, CNN
has been adopted by the winning competitors of ILSVRC,
that are GoogLeNet [10] and ResNet [11]in 2014 and 2015,
respectively,

CNN has been continuously siudied and developed so that
the recognition of (he effectiveness of CNN is higher than
ihat from the conventional techniques used in computer
vision, CNN can help extracting the features including
colors, textures, and shapes. Moreover, image classification
can also be done by CNN. In a research [12]}, CNN has been

| . —satisly wsers for Thoi-feod recopnition application In a  applied to food image recognition-by adepting-AlexNet {9}

and tuning the oulpul in the fuily connected fayer from
4,096 lo 6,144, With a large-scale food database of 2,000
calegories, the pre-training technique was done with the
tuned AlexNet, resulting in the extracted features with 6,144
vectors per image. These extracted features were tesled with
food images from the dalabases UEC-FOOD!00 and UEC-
FOOD256. It was found that the correctness of the food
image recognition was improved. However, with AlexNet
[9,12], the storage required is quite large; that is, at least 240
MB, which is not suitable to be used with a smartphone.
SqueezeMet [13] has been developed to reduce the storage
size, while keeping the effectivencss of the recognition. The
storage size was lessened by the factor of 50 that is, 4.8 MB,

To further improve tie effectiveness of recognition,
GoogLeNet [10] was proposed by Google. It was developed
under the concept of Inception nodule that allows CNN to
analyze an image with %1, 3%3, and 5x5 filters. Having
done these, the oblained effectiveness of recognition was
better than that of AlexNet. Additionally, the dimension
reduction can be achieved by adding a [xt convolutional
layer prior to the 3x3 or 5%5 convolutional layers. The
required storage was reduced by the factor of 4.8, in
comparison to that of AlexNet, in which only 51.1 MB was
needed.

Considering the Food Image Recognition in a
smartphone, it can seen that not just the correctness of the
recognition, but the processing time and the required storage
{or parameters) are important as well, In this paper, all these
three important factors are faken into account. A new
network called NU-TnNet (Naresuan Universily Inception
MNetwork) is proposed. The concept of the inception medule
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adopted by GoogLeNet was utilized and further improved.
The aim is to reduce the processing time and the parancters
in comparison to those obtained from GoogLeNet, whilc
mainfainiog the recognition accuracy to be at the same level.

The organization of this paper is done as follows. The
related technelogy is given in Section II. The propesed
network in this paper is explained in Section IIL. In Section
IV, the obtained resuits are presented and discussed. Finally,
the conclusion is given in Section V

II. RELATED TECHNOLOGY

Considering the current computer lechnology, if is seen
that the data can be processed much faster ulilizing GPU
(Graphics Processing Unit) to function with CPU (Central
Processing Unil). This then allows the deep learning
technique, which is widely used in ebject detection and
image recognition, to perform much better in terms of the

Fully-connected layer is the layer pul al the end of the
network. All activations in the preceding layers are
connected fo this layer. The layer reduces the size of the
data Lo be one-dimension data,

CNN has been developed Lo recognize the data in the deep
level by adding more hidden layers to the network. An
image can be recognized in three dimensions: the width, the
height, and the depth, The network will divide the image
into parts and analyze each to extract the important features,
for example, colors, shapes, textures, and so on. These
features can certainly be used to classify (he image.

B, Deep Learning Framework {14}

In order to develop CNN, the framework lo be used must
be specifically designed. The designed framework can be
chosen depending on the computer language or the
operation system thal users are working with. Considering
this research, it is focused on the applicalion to be used with

Convolutional Neural Network (CNN), one of the variants
of deep learning technique, is adopted in this paper to be
used for Thai food image recognifion. In this seclion, the
detail about CNN and retated ones will be given.

A Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN) is a lype of feed-
forward artificial neural network (ANMN). It confains
difterent layers, including the input layer, convolutional
layer, pooling layer, and fully-connected layer. These layers
are stacked on top of each other according to the CNN
architecture in order to do the recognilion tasks. These
layers are explained briefly as follows.

Input layer is the layer that contains images of the training

.—__Lesulting_accuracy_in_dctection._and_;ecagniﬁon.—ﬂmdmid:smmphmmm;onﬁpmﬂblﬁ-eimieﬂg_me—f

framework called Caffe, which is widely used, developed
with C++. Normally, to develop an application for an
Android device, Java is commonly used. Hence, to work
with Caffe framework in order to develop an Android
application, cerlainly C/C++ has to be adopted, Native
Development Kit (NDK)} has to be used.

IIT. THE PROPOSED NETWORK

In this section, the datasel, the proposed network
architecture, and the implementalion of such network in
Thai food image recognition in a smadphone will be
described.

data and testing data. These images are in the format of
RGB and the image size depends on the model used in the
network. For example, an image of 256 = 256 pixels, the
data contained in such image cqual [256%256%3], where the
number 3 refers to the 3 channels of RGB.

Convolutional layer is the important layer of CNN where
the dot product between the filter and the particular volume
of the input data is determincd according to the filter size.
The product starts from the position (0, 0) of the input data
and moves one pixel (stride [) at a time from the left to the
right and from the top to the bottom of the image. The
obtained outpul from these products is the activation map,
For example, wilh a data of [224%224x3] and 96 3%3 filters,
moving the filter 2 pixels (stride 2} al a fime, the size of the
achieved activation map will be [111x111x96).

Pooling layer is the layer put after a convolutional layer in
order fo reduce the representation parameters of the
network, resulting in a less computational process for the
following steps. The function to be used in this layer can be
one of the non-linear functions, for example max pooling,
average pooling, L2 pooling, and so on. Among these
functions, max pooling is currently the most ¢common
pooling to be used since it has shown to give a better
performance. For the max pooling, the maximum value of
the considered elements in the filtering area will be selected.
The parameters of the whole network will be reduced
depending on the size of the filter and the striding step. For
example, with the input data sized [111x111%96], using a
33 filter with striding step of 2, the resulting data size will
be reduced to {55%55%96].

A THFOOD-50 Dataset

The dataset of 50 kinds of Thai popular food images were
collected as shown in Figure 1. These images were collected
from search engines, namely the Google, Bing, and Flickr,
In each kind of Thai food, there are approximately 200 to
700 images. These images are divided into 2 groups; that is,
Y0% of the images are in the (raining group and 10% of the
images are in the testing group. The images are resized to
have the size of 256x256 pixels suiting the CNN model to
be used.

Figure I: Examples of Thai food images in the THFOOD-50 dataset

B.  Proposed Network Architecture
Inception module used in GoogLeNet!0 is adopled in the
proposed network. Two versions of the nelwork are
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proposed. The archilectures of these inception modules are
shown in Figure 2.

i
NW-Incepiten-1.0

t

Incepton NU-Incaption-T.1

Figaze 2: Medule architecture of Inception (lell), NU-Inception-1.0
(middle}, and NU-Inception-1.1 {righr)

Table 1
Delail of layers in NU-InNet 1.0

 Type - Patcli*Size/Sieldé - 10 7" Oulpui Size

C. Implementation

The speed of data processing and the size of model are
very crucial in designing a neural network, especially for its
usage wilh a smariphone. In the proposed networks, one of
the benchmark is the recognition accuracy that has to be al
least not poorer than that from GoogLeéNct, while He
processing time and model size have to be lower. To obtain
these properties, the number of modules in the proposed
nelworks is sel to be one module; while in GoogLeNet, nine
modules were used as seen in Figure 3. The use of less
number of modules decrease the processing time and model
size; however, the recognition efficiency is also lessened. To
improve the recognition efficiency, Batch Normalization
[16] has 1o be put at the end of each convolutional layer as
performed in ResNet [11]. By deing this, the training
accuracy can be improved,

Input Image - 224x722473 Gaoglehet NU-Inel-1.0 NU-inNet-1.1
Convolution Ix712 109x100x96 1 + ¥
Max Pool 3x3/2 54x54%96 1. i
Convolulion 12171 54%54x96 ‘2 A
Convolulicn 5x5/2 25x25%x96 Ty e . - d
Max Pool 3%3/2 12%12%94 B o] v 1 FIERE
1% NU-Inception 1.0 Asin Figure 2 127 (25256 ) ' 0 4
Average Pool - 112256 | inception 734 VoY
modules ui:;
Table 2 % 0 "
Delail of layers in NU-InNet 1. L, d
1 1 Convolutlon g, Fully connected
Type Patch §jze/Siride . . Omtput Size® ,'; 2‘::;“' 69 Soltmax
Input Image - 224x224»3 s ;‘: MQPOLI £7% Dropout
Convolution Ix3/2 PEIE11x32 Fits)
Convolulion In3/ 109210932
Convolution 3Ix3/1 109 [09x64 Figure 3: GoogleNet, NU-InNet 1.0, and NU-TnNet 1.1 archileclures
Max Pool 3x372 54x54x64
Convolution 1x1/1 5dx54x64 1V, RESULTS AND DISCUSSION
Convolution S5 254 25=496G
3, x K]2X
Ix NG?T'EB;ELH L1 As is Fjigire 2 |122,< |122qu66 The proposed networks were used in Thai food image
Average Pool i 1%1x256 recognilion. For the training process, a HPC (High-

a. NU-InNet 1.0

The inception module {as shown in Figure 2 (left)) is
modified by changing its 3x3 max pooling layer and 1x]
convelutional layer to be 1% | and 7%7 convolutional layers,
respectively, as shown in Fig.2 (middle). The filter weights
are sel by “Xavier” with a constant filter bias of 0.2. And,
for down sampling the size of the activation map after
convolutionai layers, the average pooling layer with a stride
of 2 is used. The detail of this proposed NU-InMet 1.0
network is shown in Table | and Figure 3. There are totally
16 layers used in this network as shown in Figure 3
{middle). The details of these layers are given in Table 1.

b, NU-fnNet 1.1

For this proposed network, the NU-Inception 1.0 module
is modificd by changing [15,16] any 5x5 convolutional layer
to be 2 3%3 convolutional layers and changing any 7x7
convolutional layer to be 3 3%3 convolutional layers. These
changes can be viewed in Figure 2 (right). By doing this, the
processing time in the mosule will be lessened. Similarly,
the detail of this proposed NU-InNet 1.1 network is shown
in Table 2 and Figure 3. There is a total of 21 layers used in
this network, as shown in Figure 3 (right). The detail of
these layers is given in Table 2.

e-1SSN: 2289-8131

Performance  Computer)  with  specifications  Inter{R)
Xeon(R) ES5-2683 v3 @2.00-GHz 56-Core CPU, 64-GB
RAM, and NVIDIA Tesla K80 GPU were used with the
operating system Ubuntu Server 14.04.5 and Caffeld. For
the testing process, a smartphone with specifications
Intel(R) Atom(TM) 23580 @?2.33-GHz 4-Core CPU and 4-
GB RAM was used with Android 6.0.1 operating system.

A Comparisons  between NU-InNets and  Winning
Models from ILSVRC
For the ftraining process, AlexNel, GoogLeNet,

SqueezeNet, NU-InNet 1.0, and NU-InNet 1.1 were trained
from scratch. The database was divided into 2 parts; that is,
90% for training and 10% for testing. To get reliable testing
resulis, |0-fold-cross-validation was used. The following
hyper-parameters were used: adaptive gradient solver, mini-
baich size of 64, learning rate of 0.01, weight decay of
0.0005, and epoch size of 100,

Three aspects of performance were studied. The first one
was lhe accuracy obtained from the average of 10-fold-
cross-validation. Top-1 and Top-5 accuracies were reported.
The second one was the processing time required by each
model, Batch size was set to be one in the data layer in order
to allow CNN to process one iteration per image. 500
images were randomly selected and the average forward-
backward time required per image was determined. The last
one was the portabilily which contains two parameters; that
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is, the total number of paramelers and 1he storage required to
store Lhe trained model.

Table 3
Pecformance of NU-InNet 1.0, NU-InNel 1.1,
and the winning models lrom ILSVRC

8. Thai Food Image Recoguition Application for
Android
After the Iraining process, the proposed models and
GoogleNet were applied to use with an  Android
smartphone in order to test for the required execution time.
- The tested image size 15 1080x1080 pixels. The execution
lime for each model is shown in Table 4.

L N CiAve T TCAverage L e
PR S o -AGEH : Forwatd-" - [’ara- : qud N Table 4
-+ "Model Y, _MElérs -Bize
ST Topl '~ Tops’ " Backward G109 - (MBJ Exccutien time required by GoogLeNet, NU-
M (%) (%) -(ms/imagc) - o InNet £.0, and NU-InNet 1.1
AlexNet [9] 531 86.4 13.90 5848 217
SqueezeNet [13] 582 8§74 24,53 0.75 2.86 “Model . . Exccufion Time {ma) -
GoogLNet [10] 684 917 40.13 10.45 39.9 GuooglLeNet Y06
NU-IaNct 1.0 698 923 18.16 0.38 337 NU-IoNet 1.0 151
NU-InNet 1.1 68.7 92.3 36.52 0.89 3.42 NU-InNei 1.1 691

The peiformance of the proposed models and the winning
models from ILSVRC is shown in Table 3. Considering
Top-t and Top-5 accuracies, it is seen that the proposed
NU-InNet 1.0 and 1.1 are better than the winnming models

From Table 4, it is seen that the use of NU-InNets
significantly reduces the execution lime in comparison to
that from GoogLeNetl. A reduction of 555 and 215 ms/image
van be obtained from NU-InNet 1.0 and NU-InNet ],

from TLSVRC. For example, for Top-1 accuracy, the best
accuracy is from NU-InNet 1.0, that is 69.8% accuracy.
However, censidering the average forward-backward time,
it was found that the smallest one is from AlexNet (that is,
13.90 ms/image) since the architecture of AlexNel is less
complicated. For the number of parameters and model size,
it is seen that SqueezeNet requires Lhe smallest number of
these two factors, that are 0.75x106 and 286 MB,
respectively.

Comparing NU-InNets with AlexNet in terms of the
average forward-backward time, NU-InNet 1.0 requires
slightly longer time to process, that is, 4.26 ms/image
longer. While NU-InNet 1.[ requires the average fime of
approximately 2 times larger than that from Nu-InNet 1.0

respectively. The faster execution time in NU-InNets can
then result in a fast responding time in the Thai Food Image
Recognition  application. Certainly, the use of these
propoesed models in the application improves the satisfaction
of smartphone’s users. '

V. CONCLUSION

In this paper, NU-InNet 1.0 and 1.1 have been proposed.
The inception concept in GoogleNet was adopted and
modiflied in the proposed models. A new Convelutional
Neural Network (CNN) was designed. The main objective
of the proposed models was 1o reduce the processing time
and the model size, while keeping the accuracy not to be

since the number of Tayers in NU-IniNef 1.1 15 larger than ilie
number of layers in NU-InNefl 1.0, Additionally, considering
NU-InNels with SqueezeMNet in terms of the required
number of parameters and the model size, it is scen that both
NU-InNets require small numbers of paramelers and model
size similar to SqueezeNet.

From the previous discussion, it has been shown that ihe
proposed NU-InNel 1.0 and L] can deliver the accuracy
with the same range as thal from GoogLeNet, Moreover, as
shown in Figyure 4, the cbtained average of the forward-
backward time, the number of parameters, and the model
size of the proposed medels are smaller, especially for the
number of parameters and the model size, These impressive
performances allow the proposed models to be appropriately
utilized in a smartphone at which these factors are very
limited.

% GoopleNet = NU-InNet-1.0  « NU-[nNet-1.1

5 g o 399
30 7
.
w16
15 N .
R 337 342
0 DN Y

Average Forward- Model size (MB)

Bockward (ms/image)

Figure 4: Comparisons belween GoogLeNet, NU-InNet 1.0, and
NU-InNet 1.1

can be used in a smariphone, The proposed models have
been fested with the dataset THFOOD-50 which contains
images of 50 lamous Thai menu. I is found that the
aceuracies obtained fram NU-InNet 1.0 and 1.1 are slightly
beiter than that of Googl.eNet. The required processing time
is reduced by a factor of 2 for the case of NU-InNet 1.0
comparing to GoogLeNet. The model size from both
proposed models is less than one-tenth of the model size
required by GoogLeMNet. It is clearly shown that the
significant reductions in terms of processing time and model
size from the proposed NU-InNet 1.0 and 1.1 can lead to a
more suitable Thai Food Image Recognition application in a
smartphone.
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Abstract-- To improve the performance of the convelutional
neural nelworks, it is normally dene by increase the deepness or
put more layers to the network. By doing such, the number of
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prior to the 3x3 or 5%5 convolutional layers. Additionally,
pulting a [x] convolutional layer after the 3x3 pooling layer,
the number of filters to be used in each layer can be lessened.

———————arameters 15 mereased; - Im this—paper;, - NU=InNet,whith—was

: developed fron GoogleNet, is modilied by adding more [ayers to
the network in order to improve the accuracy of the nehwork
while keeping the number of the parameiers to be suitable for
being used in a smar(phone, Testing (he proposed model with a
database containing 50 well-known kinds of Thai food, it is found
that the processing time nnd size of the parameters of NU-InNet
with a depth of 4 are less than these of BN-Inception network by
1.5 and 11 times, respectively. Importantly, the aceuracy of NU-
InNet with a deptl of 4 is higher than fhat of BN-Inception
network by 8.07%.

Keywords— deep learning; food regcoguition; couvelntional
neuwral networks; smartphone; Thai food; BN-Inception

Inception module has been continuously developed; for
example, in Inception-v2 [5], batch normalization has been
added to every layer in Inception-vl in order to improve (he
correctness of the training process. In Inception-v3 [6], each
5%5 convolutional layer has been replaced by two 3x3
convolutional layers so that the required data processing is
reduced.

The inception module adopted in GooglLeNet has also been
utilized in NU-InNet [7] by redesigning the structure of CNN
in order lo minimize the processing time and the model size for
being suited for a smartphone application. NU-InNet has been
tested with a Thai-food dataset (THFOOD-50) inchuding
images of 50 famous kinds of Thai food. It has been shown that
lhe processing time and the model size were reduced by 2 and

I INTRODUCTION

To allow a computer to learn from a huge amount of data
like a human, an algorithm called deep learning has been
developed. Segmenting the considered data and assipning a
number to each segment, deep learning algorithm can help
studying the data; e.g., pholos, voices, and videos, This
algorithm is widely used in photo analysis [, 2] since lhe
characteristics in each class of photos are different but can lead
1o the same meaning. Normally, the analysis is done by using
image deteclion and image recognition. There has been a
contest in this field every year called the ImageNet Large Scale
Visual Recognition Challenge (ILSVRC) [3] in ocder to find
the best algorithm in image recognition with a provided datasel
of images. One crucial algorithm called Convolutional Neural
Network {CNN), which is a kind of deep learning algorithm,
has been adopted in this contest. This algorithm has been
shown to be a pgood fechnique in improving the image
recognition performance. A new model called GoogLeNet {4}
proposed by Google has won the ILSVRC in the year 2014.
CNN was adopted by GoogLeNet with a coneept of inception
module. The data from the preceding layer is calculated and
used in 1x1, 3x3, 5x5 convolutional layers and 3%3 pooling
layer. Then, the determined data is concatenated increasing the
depth of the data. By doing this, the number of parameters in
3x3 and 5%5 convolutional fayers is growing significantly, To
reduce such number, a x| convolutional layer can be placed

978-1-5090-4666-9/17/831.00 ©2017 [EEE

10 times, respeclively, comparing to GoogleNet, while
keeping the imape recognition accuracy in the same level.

In this worl, NU-InNet, which has a model size between
3.37%10° ~ 3.42210°%, is adopted and further improved in terms
of its image recognition accuracy by adding bateh
normalization [5, 8] at the end of each convolutional tayer to
increase the training efficiency. According to the wide residual
networks [9], the width of the proposed network is also
increased 5o that the fealures can be analyzed more in detail.
Additionally, Xavier is replaced by MSRA (Microsoft
Resenrch Asia) initialization [10] to make the convergence of
the training improved.

The organization of this papur is done as follow. The
related technology wiil be given in Section [1. The design of
the propesed network will be provided and explained in
Section III. And, in Section IV, the testing results will be
shown and discussed. Finally, the research work is summarized
in Section V.

1. RELATED TECHNOLOGY

A. NU-InNet [7]

NU-InNet has been developed starting from the inception .
module from GoogLeMet as shown in Fig.1 (leR) by reducing
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the parameter size and the processing lime in image
recognition. There are 2 versions of NU-InNet module; (hat is,
NU-Inception 1.0 and NU-Inception 1.1. These two are
explained below.

e  NU-Inception 1.0 is the module that the 3x3 Max

pooling layer and 1x1 convolutional layer are changed,

to be 1%l and 7x7 convolutional layers, respectively,
as scen from Fig.l (middle).

e NU-Inception LI is the module that adopts NU-
Inception 1.0 and replaces euy 5%5 convolutional layer
by two 3x3 convolutional layers and any 7x7
convolutional layer by three 3x3 convolutional layers,
as shown in Fig.1 (right).

ey

From Fig.2, 12 images; that is, 4 kinds of Thai food, cach
with 3 different images, are represented, These images are
example images of THFOOD-50 dataset, which contains
15,770 images of 50 famous kinds of Thai food. In each image,
onlty one kind of food is presented. This dataset will be used in
the training and testing processes later.

For the proposed nctwork, the accuracy of the image
recognition will be improved comparing to those of NU-InNet
1.0 and 1.1 while keeping the model size and processing lime
to be in the level that suit to be used in a smariphone. This is
done by increasing the number of NU-Inception modules in
each level of the image scale [e.g., 56x56, 2828, 14x14, 7x7]
so that the image can be analyzed deeply. It is assigned the
depth of the model to be 4, 8, and 12 (that is, N = [, 2, 3,
respectively). For example, with a depth of 8 (that is, ¥ = 2),
the network will consist of 4 NU-Inception 1.6/1.1 blocks and
in each block there will be 2 NU-Inception 1.0/1.1 modules
cascaded. Belween each block, a max pooling layer is placed

with-a-patehi-3ize-613%3-and-stride-ol-23o-thaF-the-dala-size 1o
be transferred to the next block will be reduced by one half,
The detail of the proposed network is shown in Table [ and

ST KR R I v ¥ :
o a— =r e
N/ / \\&[Af,-/'
f»'?»’:'fj £ .
e o W Fig.3.
Inceptlon HU-lnceplion-1.0 HU-Inception-i.1

Fig.i. NU-InNel archilectures [7].

As explained previously, MU-InNet has been developed to
suit the smartphone application; (hus, only one module was
used so thal the model size and processing time can be reduced
significantly.

B. Batch Normalization [5]

Balch normalization or BN is (he technique developed by
Google to. accelerate the convergence of neural network
training process, It is doue by changing the mean and variance

of the nonlinear input (for example, Sigmoid and ReLU
responses) to be O and 1, respectively. By deing this, the
problem according to the internal covariate shifl between the
training and testing data sets will be lessened. In a neural
network design, BN layer will be put between a convelutional
layer and an activation layer in order to normalize a smaller
size of data called mini-batch so that it can help increasing the
accuracy and the speed of training process,

1. PROPOSED NETWORK

First, as discussed, the proposed network will be tested with
THFOOD-50 dalaset. Example images of Thai food are shown
in Fig.2.

Fig.2. Examples image o

TABLE L DETAIL OF 1L AYERS IN NU-INNET 1.0/1.1

Type Patch Size/Stride Qutput Size
Input Image - 224x224x3
Convolutional 5%542 113x113x3
Max Poof 3Ix3/2 56x56m64
NU-Inception * & Asin Fig. | 56%56%64
Max Pool 3x3/2 28x28%64
NU-Incepliun N Asin Fig. | 28%28x128
Max Peot 3x3/2 ldx14%]28
NU-Inception x & Asin Fig. | 14=14x256
Max Pool 3x32 T=x7x256
NU-Ineeplion x N As in Fig. | 7x7I%512
Average Pool - IxIx512
Fully Connceted - =1 =50)

From Fig.3 (right), il is clearly seen that the depth of the
proposed network 1s longer than that of NU-InNet since more
NU-Inception modules are added. The output from each block
is shown in Table 1. 1t is seen that starting from the input image
of 224x224x%3, the oulput from the first block is 56x56x64,
The process is done repeatedly for 4 times and at the end of the
network, the output size is 1x1=50.

Additionally, in the proposed nelwork, MSRA initialization
is adopted instead of Xavier initialization. And, batch
normalization is placed after every convolutional layer in order
to improve the convergence of the training process,
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NU-inNet-1.0

NU-InNet-1.0 Depth {N) = 1,2,3

TABLEII. RESULTS FROM TESTING YARIOUS MODELS Wittt THFQOD-

50 DATASET
. Avg .

Palra Torward- ,[f\v[;; TA‘ gﬁ

Model Depth | MO | packward op- op-

- N Size fime Acc. Acc,

L) 0, 0,
B} (<109 (ms/image) %) (%0)
: _ GoogLeNel [4] 9 10.45 40.13 68.40 91.71
|

- N BN‘“[‘E]"“"“” o | 1046 | 6324 7221 | 9329

1 043 12.54 70.14 9322

NU-mNetio | 4 | 095 | 23766 7968 | 96.00

- N g 8 2.01 66.08 7862 | 95.68

— - 12 106 95.48 75.44 94.36

21< Convolution :
S axP ool = T 04d 20.03 7374 99,53
< 5 [

81 Concal S L N NU-InNet 1.1 4 094 | 4080 80.34 | 9627
445 AvgPool S 7

454 Fully connected - i 2 nn 72.15 95.93

£6% Softmax 12 305 160.50 75.69 94,14

Fig.d. Proprosed network architecture.

IV. RESULTS AND [JISCUSSION

For testing the proposed network, the training process is
done by wusing a high performance computer consisting of
Inter{R) Xeon{R) E5-2683 v3 @2.00GHz 56-core CPU, 64
GB RAM, and NVIDIA Tesla K80 GPU. The operating systeim

From Table I, considering NU-InNet 1.0 and 1.1, il is seen
that, in terms of the accuracy, adding more modules to the
network can increase the recognition accuracy. For NU-InNet
1.0, the top-1 accuracy is increased from 70.14% to 79.68%,
78.62%, and 75.44% [or the depth of 4, 8, and 12, respectively.
The highest top-1 accuracy is from NU-InNet 1.0 with the
depth of 4. An increase of 9.54% in terms of top-1 accuracy is
obtained. Similarly, for NU-InNet 1.1, the top-l accuracy is

is Ubuntu Server 14.04.5 with an installed Caffe [11], which is
the framework for developing CNN with C++ Aad, the
training process is done from scratch.

The data to be used in the lraining and festing processes is
THFOOD-50 which is the dataset containing 15,770 images of
50 famous kinds of Thai food. The data is divided into 10 sels
to be used in 10 fold cross-validation, It is assigned that in each
experiment, 90% of the data is used for training process and the
rest (that is, 10%) is used for testing process. All images are
resized to be 256%256 pixels.

In the training process, to compare between different kinds

of network, GoogleNet, BN-Inception, and NU-InNet 1.0/1.1

with the depth of I, 4, 8, and 12 arc used, With 10 feld cross-
validation, the following hyper-parameters are assighed:
Stochastic Gradient Descent (SGD) solver [12], mini-batch size
of 64, learning rate starting at 0.1 and reduced by 1/10 every 25
epochs, weight decay of 0.0005, and epoch size of 100.

In the experiments, 3 major factors are focused; that is, the
parameter size, the processing time in terms of the average
forward-backward time per image, and the accuracy both top-!1

" and top-5 accuracies. It is seen that these performance factors

are quite imporiant, especially, as mentioned previously, for the
case of being used in a mobile or smartphone. The parameter
size and the processing time should be as small as possible
without affecting the recognition accuracy. The results from the
experiments are shown in Table 1.

increased from 74.24% to 80.34%, 79.75%, and 75.69% for the
depth of 4, 8, and 12, respectively. The highest top-1 accuracy
is from NU-InNet 1.1 with the depth of 4. An increase of
6.10% in terms of top-1 accuracy is obtained. Comparing all
NU-InNet results, it is found that NU-InNet 1.1 with the depth
of 4 provides the best top-1 accuracy. Further considering
about the number of parameters and processing time, it is seen
that increasing the depth of the network results in an increase
of both number of parameters and the processing time.
However, as seen from the lable, the numbers of parameters
shown for NU-InNet 1.0/1.1 with all depths are lower than 3.06
x10% which is still small and suited for a smartphone
application. For NU-InNet 1.0/1.1 with the depth of 4, which
convey the best top-1 accuracy, it is seen that the parameter
size is 5till less than [0° Furthermore, the processing time (i.¢.,
the average forward-backward time)} for NU-InNet 1.0/1.1 with
the depth of 4 is less than 41 msfimage, which is still in the
acceptable range for a smartphone application.

Since, as discussed, the NU-InNet [7] is based on the
inception idea from GoogLeNet and in this work the concept of
batch normalization is adopted, to suitably compare the
proposed network, BN-Inception network should be also
tested. BN-Inception network hds been developed from
GoogLeNet with an addition of batch normalization to the
network. All three major factors for BN-Inception, NU-InNet
1.0 (depth = 4), and NU-InNet 1.1 (depth = 4) from Table IT are
shown graphically in Fig.4.
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4 BN-Inceplion = NU-InNet LO (N=1} & NU-InNet-1.F (N=4)

60
45 7.
G %
o e TN %
5
15 g%:%&g 10.46 %
RN s N
Average Forward- Paramelcry A\crnge Top |
Backward (millions) accuracy (%)
(misfimage)

Fig.4. Comparisons between BN-Inception, NU-InNet 1.0 (depth = 4}, and
NU-InNet 1.1 {depth = 4).

From Figd, it is seen that for the average forward-
backward time, BN-Inception requires the longest time; that is,
63.24 ms/image while NU-InNet 1.0 and 1.1 require 37.66 and
40.80 ms/image, respectively. This then means that both NU-
InNet networks use less processing time than BN-lnception

V. CONCLUSIONS

In this paper, the NU-InNet network is modified in order to
increase the image recognition accuracy while keeping the
parameter size and processing fime to suit a smartphone
application. More layers are added to the network so that the
data analysis can be done more in delail. The proposed network
is trained and tested with a dataset confaining images for 50
famous kinds of Thai food. It is shown that considering three
key performance factors, NU-InNet [.0 and 1.1 with a depth of
4 are better than that of BN-Inception network. The top-I
accuracy from NU-InNet [.]1 with a depth of 4 is 80.34%
which is 8.07% superior to that of BN-Inception network. And,
the processing tine and the parameter size from NU-InNet 1.0
and 1.1 with a depth of 4 are approximately 1.5 and |1 times
lower than those of BN-Inception network. These show that
better recognition accuracy with a small processing time and a

small parameter size can_be obtained from the proposed NIJ-

—  network—Considering-thenumber-ofparameters,-itisscenthat

both NU-InNet networks require less than 1x10% of parameter
size while for BN-Inception network, the parameter size is
about 10.46x10° or more than 10 times larger, Considering the
top-1 accuracy, it is seen that the [owest accuracy is from BN-
Inception network; that is, 72.27% accuracy is obtained. The
top-1 accuracies from NU-InNet 1.0 and 1.1 are 79.68% and
50.34%, respeclively. These two top-1 accuracies are higher
than that of BN-Inception metwork for 7.37% and 8.07%,
respectively. It is clearly seen that the better performance in
terms of the processing time, the parameter size, and the top-1
accuracy can be obtained from the proposed networls with the

depth of 4.

[ ---DN-Intepilon

+rs NLi-loNel-1.0 Deplh 4 Ni-laNet-1LE Depah 4 |

InNet 1.0/1.1 network with a depth of 4.
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