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ABSTRACT

The aim of this thesis is to solve the problems of alcohol measurement delays
and reduce the issue of contamination that arise from alcohol breath analyzer. Therefore,
we designed a novel infrared (IR) camera-based alcohol detection system with deep
learning technology which can operate on a mobile phone. This system consists of 2 parts.
The first part is an infrared camera (FLIR) used for collecting both IR and normal images
and the second part is an image processing part for alcohol detection with based on deep
learning technology operating on an iPhone operating system (iOS) mobile phone. Our
handheld IR based detection system achieves accuracy of 57.14% (28 population)
accuracy with 4 levels of classification (sober, 1 glass, 2 glasses, or 3 glasses) and 78,57%
with binary identification (Normal that contain sober and 1 glass or Drunk that contain 2
glasses and 3 glasses). Each glass contains 200 ml of beer (alcohol 6.4% vol). That is 10
grams of pure alcohol then equal to BAC 0.026% approximately. After that we increase
the image database by horizontally flip them but it has not significant improve the
efficiency of model.
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Class: sober Class: 1 beer Class: 2 beers Class: 3 beers Class: 4 beers
FT°C: 334 ( ) FT °C: 33.8 (33.80) FT°C:33.5.(33.55) FT °C:33.3( ) FT °C: 32.4 (33.29)
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AT g/L: 0 (0.0) AT g/L: 0.372 (0.1746) AT g/L: 0.672 (0.3696) AT g/L: 0.803 (0.5931) AT g/L: 0.805 (0.7754)
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2.2 Blood alcohol concentration (BAC)

Blood alcohol concentration (BAC) [7][8]4uA® USuukaanasea (Lofiakaanasaa

739 LONIUDA) TUNTELALADAVBIAN T4 BAC 0.10% WUNU18AI1UINTUNTEWaLd 9nUDIAU

USunaveaweanagednileaiulunn 1000 dveuden delulsemalnenguunglassyliingdu

i
Y

saynuianfivsuiuueansgedludoniiu 0.05% w3e 50 fadnsuesidudduliangune 39

Yaduang o NdemaneUsinuueanegealudentuiifmelull

*  FIWINVDINNNINTIZIY

P Y A I3
o LA UlUNSRINANLEANDERA

o Umindivesfuueansses

o arUsznouTaniluINNIBYBALLEANaTRd

o nsadUsnaneuleisig o warseauieulydvesiuueanssed

* ALAzIYAURTlULTONERULEANDERE

o nshieveinuueanased

® NI

F9t99861149 & INANNIILANARDNTZUIUNTIINAYUOAN DDA MUNTEALADN YilHUTUa

LOANDTOALULADANULANANAY IASUSUIULDANDTDA MILADANUILNANIENUADIN1NIYFINIT1N

2.1 §ei
USunad BAC NANSENUNI9519N18UazIN e
(%)
0.01 - 0.03 Liinansenuiitaou onsualidudntos
0.04 - 0.06 Santounay, §ﬁﬂiﬁ'wﬂmfju§u, annskvaratazaudandos GR
luussalnafedmangrunemniiusuna BAC u1nn31 0.05%
0.07 - 0.09 NNSN59HI NISAUNU WANSUBAAUUNNTBNEN LB
0.10 - 0.12 asmuRuLazn1sanaulaunnsssstauldtataziionnisiuae
0.13-0.15 gudenismuauuasnsef emnsih Buflensmeladuan Gan
98 NIzdunIza)
0.16 - 0.30 fionmsaauld endeu Insiusnegisgunss ldanansaduldemies &
21NTdUAU
0.35 - 0.40 aydoad uazisuilonslan
0.40 ey annsladuasilenadeddaidosainssuumeladuman
110A

A1519% 2.1 WARINANIENUNNTNN8LarInlavesUSunuLeansgedluden




Standard drinks %39 AuN1RIgIU AevitheIaUsuNuLeanagadetwie tnen13in
Uunamumaspunduisnienganae Ininldnuweanegedluunnuinlsudi@avuussysiusives
s a 1 ' I & a & Y a Ja ;- B v
woanaseaviiaig 9 linnezlulind 1es wan Jan IUsunanuuesgiussylineainveaussy
fuat vildesan1sAnUSIUANLINSIUARY

' '
I =

Tngpumaspiutuazlulsunaweanaseausgrsiiannudiluleg 1 Auumsgiuee

=

USunuleanegea 10 n3u

APPROX. 30g
rrs 20g
= o

Standard 10G OF ALCOHOL
Drinks”

JUN 2.4 uanalSinnueanageadmsu 1 Auumsgu (8]

[

dTULEaNeTRAR1Y o) 1 1 ANNINTFINTURLUSIIMALANA1T A

1.9,

330ml 100ml 30ml
bottle glass of of straight

of beer @ wine @ spirits @

4% alcohol 12.5% 42% alcohol

alcohol

JUT 2.5 uansSunann3eanuiingie 9 de 1 Ausnsgu (8]



330ml can 750ml bottle r‘
of beer at of beer at L
4% alcohol 4% alcohol
‘ APPROX. ' - = ‘ APPROX '
Standard Standard
Drinks™ Drinks”
50ml bottle 100ml glass
of spirits at of wine at
37% alcohol 12.5% alcohol

AeTROX Approx v
\EE/ e \W/ -
Standard ! Standard
Drinks™ Drinks’

!I
K|

- J PO s mem . — e (o AVWEE 0404 - —

JUT 2.6 UansuSunamuunsgnululesesmkeanageaniussadueiuaned 9y [8]

ansmImUSunaueanagedludienyss Widmark [9)[10](11]

lunism BAC e Usunanaaneseatuiiantuaiunsaussanuelalagaunis widmark
formula #sAnAwlae Erk Widmark @aduinddeyaaiimusezdugunidnliunnsidedeiiuie
MueaviseneanagadnsluianeuLed dsaun1s widmark formula aglddayailawuigy
wntln, we ke Usuaueanegeannutalulugiaianiu Fwstdumenuiinsgiunseusuiu
sav vo & ) g = @ S
weanegeailasuiliunsy widmark formula fieaunis 2.1 sl

Alcohol consumed in grams

BAC »% = x 100 (2.1)

Body weight in grams X r

Toedl r AeAAsnvounFlaginAgIadial 0.68 d@rulwAnaNLaA 0.5

wazdatkulUriamieiazaunsarunUsINaweanesadnviadaanislusanglalae
auns 2.2 aaluil



BAC% — (elapsed time in hours X MR) (2.2)

Tne?l MR AoAasiilunsnaIguoanageadsazianaeiulnenarisazda1uszunad 0.015
uaznAngIazilAUsENad 0.017

fvg1alunisAuinUsunuweanasadludentagldaunisvas Widmark wiu wdsne 1nnin 80
Alansupuueanages 3 Aunesgiuluidunan 2 9alue Wulumuaunisi 2.3 waz 2.4

BACH =310 74100 = 0.055 2.3)
80x1000x0.68

BACv% = 0.055 — (2 *0.015) = 0.025 2.0

2.3 e aUNIIA

Tumsideviesuai s uidndueuasiunsdieiu 2 e vouimouduuazngus]
wiwdnlatihdRedesiunguiedu winquimeusulilfiduisouuiu eswnitldannsn
oSunaifsUITIngMIninssuNukarUNn M salAunsnduldegsdpiau dmsuimnsliin
vidotsilsFeuimnssumasaing daulvgfliiimaiuaduguiamsousasnuszgndliunnni

TreNs20
W2005.05-99 11:14:28 40 . +120 e=0.97

SUN 2.7 naangannaesaunsien [12]



2.3.1 dunsusa Aeazls [12]

ANAIINUAANDUAANLIE 3L ENITIIIXNN

MICROWAVE

o al

U7l 2.8 §adBums e [12]

$edduns s wee Sedanudeou Wurduwimanliihedanisukinainaefing $ed
wimdnlui1annaaseniindiuiivarsuiing swraraiaduiauenaausdieiy Wy wasiion
ueaAu (Visible light) ﬁmmmma’ﬂ'uaqizmﬁa 400 -700 wnlutuss, Seddans1lalolan
(Ultraviolet radiation) fima1se12AaY 1 - 400 Ulwiuns, S98unusn (Gamma ray) A21817
AAutfounda 0.01 uluuns, 93809 (X-ray) A21N81IAAR 0.01 - 1 wiluiwns Wudu dmsu
$edBusnse Fruenadu 700 uiluwaes- 1 fadwes Wuedudfifauddannmiuived

v a

undaen aywddalianmnsanewiusad@dursnen winidnianuiould dudaduivin wu g
Usvanduiaseddunsisnaiunsansiuimuniswesndols laensdulasaddunsnsnd s
20N11INIINEYewnBe WelanlasuFidainaisering lanazunsadasiounaugusseniea
\5anq $9dlan (Terrestrial radiation) @ Wi us @8unssalupduend dunna1931n$a
Bunsusnnavenfinddudugismaudu suuniudaletuazaisuaulneenledluusseinimez
fUsuamemunzuazaInise aadunasaududll vild laniivausoulieylusedud
Winzauran13m s Invesay dnduaziy ludagtulimsihSsddunsusaundssendldaunany
1 £ LY ' Y & (Y N ¥ a & L e A
ag19ndeiu 1w Iidudinanslunsdearsvesaunsallsmevasydanalnsdniiiiofiauas
ABNNILADS NHOIBUNTNIATaITaTuN LA L TunaINa19AY d18adNaIuNITITE91N
University of Arizona wansliiiuinssdnsenasdunsusaiuaunsadiunuszendldussleviou
vy oA a ¢ 3 [ = a ¢ & i
9 laon Tnglanized19din1sanalinziwasuzisy sulufsnisienetansiuloulunmas

$I9 9
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JUT 2.9 awenauyudlugiu mid-infrared Wunmiliinainsidnnudeudiuieanunainau [13]

2.3.2 Infrared thermography / naasdunsnsa [13]

Na9uNI1IA (Infrared thermography) #58nA8IABAINDUNTILIA KIBNADINILAIN
A3 (thermal image camera %3® thermal imager %38 Tl - camera) uedesiiovn
gumgiinAavesing vinnulase fevannisuisaddunsnsn (nfrared radiation) senaining o
Junsdauuulddudauazlavihaneng LLazLﬁumﬁmqmuqﬁquﬁuﬁ duusgnaudAyved
NADINIBAINAILTOU Usznounle taud (lens) Aans199uTa@dunsLsn (Infrared detector)
N3 oLwuleasvdndunsLsn (Infrared sensor) 193381aANTeNNE (Electronic circuit) Lavalu
wanswa (display)

v v Aa

v o IS dy U Y Y aa o v d' !
MANN1IINULAL A1n5293UTedBunsise i msussddunsise (Infrared) AN
pananIngudvang (Target) HrulaudvasiAIoailedn (Instrument) udwdasseddunsisn
wianillvegluguvesdyaaumelilil Inessddunsusanfiinsadusuludulsenauniededn

v

Tl vungul 80NN TINAUTIETLNIINTINDUNS 09 INFIWINA DALY DUDBNIINAIVDY TR

9
s

Wminng (anumguinisunssdainuiewTheory of thermal radiation) a1ntwisasdianynseiing
gyimtfinasdeyanfunandinsiaduiasiiliuaniifiiuaniuna Jee1auaninasanuly
sULUUYRIIaY & w3ensm wens 3 Uiy

naestennANTeulTENRUMLIUTR TYTin T ILIAVANER UiagiIuanINaaani
lugduuuresdnunndnaiunugamniivesgatuy 9 Inevaly Gundaninavesusiunioumal
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IS a a

guuagihRuuananavresusnuniloumgin viielnudalnuananaresusnuniloumaigs uay

Y Y Y

of

Inudlinuaninaveausiinilgamiinn navewiazaanlnainugesusiaydy Weuhusuiu
agUszneuludunin Feni1 "nmaneAmseu (Thermal image) " Fen1sudassad@dunsisnd
wULwesn5193UlA g lunuievesgung do1dungues Planck (Planck's law) wag Ny ues

Stefan-Boltzmann (Stefan-Boltzman's law) é’ﬂwmsmiﬁwmuamﬁﬂgﬂﬁ 2.10

Lens

Electronic circuit

NN~ E _—

Targel Altmaosphere Detector Display

SUN 2.10 szuumsingamgillagendunisunseddunsisnvasing [13]

AUONABS (Accuracy) vesanmininldannassdisnmaiuioudueyiv

Y
a

- ﬁuﬁﬂLLazé’ﬂwmzﬁuﬂwaﬁmqLﬂmmw%"ifmqﬁé'mmﬁmqmmu

- szggissyninaasesioauar inqudmene Tagannusaianden (Eron) e1atinan
M5iAA BURvesT AN LT INAS WU e neiidl o Aty ArevTorduazesanszansey dasing
wiehigadundenuudmanisdteufiviaioletn shldwdsnuiisumes (Sensor) asad
I#fiAnanas Sadefiiliafifnldaarandoulduniuiinnsin ude Arveuuanisueadiuing
(Field of view : FOV) Yaendessingn1naiusou

Arvg1IMsUszandldundasaisninalnuion

nsldrumesnaesdnenmanudoutiudinnmienisiusia q ldsaudu msnsate
19, Fumnuseulugnavnssuoms, qmammm?ﬂu 9, Sudmsageumsslvavestinged
uaz ganuoulunuiiesnasig q faguil 2.11 89 2.16



P
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2.11 mannvindasdefiazdulsaldninunuazldninlngianeiugiveiz009 [12]

JUN 2.12 msUszendldnunaeddieninainuseulugnamnssuemis [13]

12



13

SUN 2.14 msuszendldnundesdunsisaiunsnsisaauszuulnh [12]

2T0F

100

AF

JUN 2.15 msUssendldnunaesdunsusaiuanamnssutinsiad [12]
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204 B°F
. 200

- 150

-'0‘0

03 5°F

JUN 2.16 M3dsgendlinunaesdunsisatuauesona [12]

2.4 Tasevngleyssamiaiion

lasevreleUszamadion (Artificial Neuron Networks) [14] fiRsyuuaauiImesan
Tuwansadinenans [iiedasinsynnuvesenowesdnd laswheUstamalaiouausaSous
flazvhauiueumnels :mnmsideuiiiusiods Tnghigalusunsusaenginasimesiuuy
spuUdalusiR onfoehay Tunisuszanananin pexfianesivinufeszuulassisuszam
[enaziBsuimsiuungunmusalsannislidhegagunniimilasgdeulusunsudn “iu
wn” vide “laifiuusn” aniudwadwsalaluldszynmusludegigunmdu 9 Tsunsu
laswnedseamdisuanunsasenies JUnmLanlalag Usaainnsausneunii 91 7w’ fe
ovls (9771 wnfivu Dyunau 1136 e wudadldnnuiiend s lasstevssamidiohns
szususnlnednludBremsszydnevians anyadodsiiaslauszinana

N1TUTZUIANAMNT o) yadlasstelsramiaiiondntulumheUssmanates 3endn
Tun (node) Bslyunidunissnaasdnuaenisinmuananwednisdedyyin seninalvund
Feuseu S1aunannsdeusevadeusyam wasunulszamlussuulszamuataues
uywdanelulyun enidourensazqn dmnuadeadsiugaUszanudssam (Synapses) luaues

fiawannsatunisasdygraduduvaduszamaadou o Mdeureiuiiuld Wudegui 2.17



15

Hidden
Input
Output

SUN 2.17 uandlasstheUszanniailouniiniswensonurungulvug [14]

2.4.1 lassvngyszamiiiganaulgtu

lassngUssamifisnneuligdu (Convolutional Neural Network: CNN) [15][16] laifie
wé’nmaﬂﬂmﬁaﬂizm‘mLﬁamau‘[’@%’uﬁamiﬁiﬁﬁ Layer giafiae 7iSanin Convolution layer
Sevinmihflariniendusiieg veanwesnu 1y iduveUYesIRgHIee Lﬁdﬁmmammmﬁauﬁ
anwagranmlaegaiusEansamuazuiug lasseussanniisunouligtuagly
Convolution layer nUsgnauiu Layer windu 1y Pooling layer watNgu Layer Aenanun
fouso fiu lnee1adsn Hyperparameter U98879 1uwuInes Filter layer @adudumils
299 Convolution layer) kazd1uiu Channel 984 layer 330131 1AIURIE nUsznouiul
Fonindulassains (Architecture) Teslassneyssamifisuasulgtuddivansuuy Loy
LeNet, AlexNet, VGG, ResNet, Inception Network WHudu

TasstheuszamidiouaeuligfugnianllusuuuuleadiannsaiSeuiuazidonld
dnwauziAw (Feature extraction) ¥asgunnlasieitetenae Tunavziseusuasiiondnune
s mldAn Ty feduasiili IdnsUssinanaiiusiugunnm dounndsainlasedng
ledszamiation fe abwiindlddueynientunun Sadunianamainvilufeinideds
Fonld Tasseuszamifisunoulgiu wneildlaselovszamationnidulinaszsos

Seuianihmtnduunnlagldisnisunsndu lngdeyaiinvedlasaneussannineuasuligiu
umEndannmsudasnanguam
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2.4.2 TasedngUszamiiisunuuiungu

Tnssteuszamiieunuuaundy (Recurrent Neural Network: RNN) [15] tu38nnsiign
thul4lunsideieiuns3sndes (Speech recognition) wagnsUTEUIAHANTHIETINYR
(Natural Language Processing) N15¥119149a9RNN fansiotsadnsiiléannisiuiadeundy
swnldifudoyariiidnadsdeislonioshannlutoyaifaudedentu feyaidsstony
WiouwdiuAsUnIMLeInn

TnswgleUszamaiiouduiiituniudeyaduasyszinanassnunludeyaseniag
laseingledsvamialiouasuastoyaitiusagsueniutaau liduseiu wavteayaidiniudily
eiimsiesaisueglsnld FlasangleUszamalioussUssunanalidoyasenumiliowsy

o Y = ' A = o v N Y] Y o w
mudeyaitn dalasengledszamiaiisuaviUymnudeyaniudidiu Wuteaiu @16y
FIDNWT), LEEY (B1RULIINUDINIA), A0 (B1AUYDINNLALLHE) LLazsﬁagaﬁL‘ﬁuqu Time

. ! < v
Series 119 LUUAY

a

ImaﬁdwﬂizmmﬁamLLumuﬂé’UQﬂaaﬂLL‘UUMLﬁaLLﬁ'ﬁtgmﬁm%’mmﬁ%’a;gamﬁﬁﬁu
Tngldnannisihanuenegluveslua nauunduteyadlusgiutoyaduuudng Sondn
an1uygeu (Hidden State) w3ganugnelu (Internal State) Fellunadnguiuu (Pattern)
Yasawuteyalin (Input Sequence) IhaslassasadlasstneUsyamidionsuuiundududs

Ul 2.18
@ Unfold
V Cj> 7—\; h, IT Z;t.,.l .

! tu T

@@ @

JUN 2.18 lassasnavaslasedngyssamiietiuuiungu [15]

o

¥

d
c

@

2.5 N13538U3LT9An (Deep Learning)

n9Feudidadn [17] [18] [191Aear&s (Algorithm) figna1stusniiion1sifouives
\Aasdnsuiawniosrouiiuned nogamdsiasliduniosinsaumsaUssinanadeyadiuau
1 FensfasuaietnsUszamuuuidetiuluanesvesuywd 1HuASnswidses Machine
Learning‘ﬁwmﬂ’mL%quﬁgﬂ’liLLMU%@H&@EJNS?U?%?%%J\’]W 1 gﬂmwwﬁﬂmmsa wnulandu
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nnwesvasnuaieafiniea vieuadussiugatu Wudavesweuvesingiieg wioussin
Lﬂuﬁuﬁ%aqgﬂiwﬂmﬁiﬁ mnmummwmaﬁqna'n%v‘iﬂﬁmiL’%&Juiﬁwﬁwmu@mqﬁﬂé’dweﬁu
Lideadunsdeuiandilunimsenisiiinisuanioennisdii

39399 udrmsSeusiedniae lassinelevszamaiiou (Arificial Neuron Networks)
Tnomaluladnindoudidedn wag lnssnslevssamaiiondusaneifinfignadaduunie
Machine Learning ufimanuuansessninanmsiseusidsdniulassigledssannaion Afosedu
hidden layer #lumsi3sudisdndutl hidden layer snnniilulassielevszamiaiiou

"Non-deep" feedforward Deep neural network
neural network

hidden layer J hidden layer 1 hidden laver 2 hidden layer 3
> input layer

E‘U‘ﬁ 2.19 ANLLANFIN9EUIN Non-deep WAz Deep neural network [19]

InelassrneleUszaniadiou (Artificial Neuron Networks) dusideiuidniazinaiia
31nn1391uresssutlassislayssamlussuuyssainvony s laed1aoanisvinau
willourunqusadUszamidenlestulussuuuszamiianunsasuivate g adunanieaiu
mensUsEIRanawuuvLU (Parallel Network) vitlviszuuaninsadaaulalalndifsaiuuyue

lngndnnsveansseudidedn Aendulassigleyssamaiounidulvuanansqdu
wazagldn1sussanananuuauiu (Parallel Processing) sinlvasnnsaussananalansiazanuiy
110 9liMachine Learningasnsaluwaanslunisenaulawazannisallafuindsaiu wWisula
funsasedygrunisusaiu nsznevlusmentiowadnee) wu lusiunduisusesuda
doyarauadinarsdudyarauszamnionssualszam lusAvinzuseneuluiie wadsy
uie (Rod cell) uaziwadzunsae (Cone cell) wadsuuvisihnnuluniuasadiuazyiliiinniadu

Y o 1 3 1o Y a < 1 LY a & ¥
sUMYI duassunsewiviliiansmiluginatsiudugud Wusu
A oo v & ¢ P . . a a ¢
wsosunlandumansuuusmilavss Machine Learmning MAsunuuszuUgaaUszamly
aueavawyue (Neural Network) feliuauaninsavesiy luewanenvasmilonywd 1eswin
aunsaLiunasUszuanala lidin
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U 71220 msmamaﬂmaﬂmaaﬂivmm [17]

faesguidnlUlwadUseam waagdl svdunndt duleudofuiduyseamvane idu

a3y
dendrites
\ 'k'\/r@ nucleus
) &% el
:‘m \5( fJ
eSS RS xK
42w;;%3§ body & j
axon
A terminals
in,
. out
m2
in
n

SUN 2.21 nsiewsievauwadUIEam [17]

annsasiassiuiuunld Tnedl @uusramuaswaduszam (Node) senundulassine
ToUszammiadioumnANNITNAISYINTUVDIA 1A LAY ELD “Lﬁamamtﬁugﬂﬁawm FRVRNT
gnihlUuszanana @eszanasgnalslsl3) uazlddnoudn dRevin”
5’13%7&1?13\15&’1818U5“8’W1Lﬁﬁ’e)mﬁafﬁ’m@\‘ﬁmﬁ/ Axla 3 dau
~ Aefiediufiae mput—mamamu TufidAne el
- AafiszuuwadusvanviluauesUssanana Wieuldiu hidden layer
- AdflanesmeundsUsyananainiifetemun Ao output layer— wadns
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output layer
input layer

hidden layer
Uil 2.22 Tasatheleussanmaiiou [17)

(%
L 2KY)

AadU dussauUoulang Hidden Layer Wonsosening input kag output 9@11158
aswiuduanlanignannsyed Machine Learning

Traditional Programming

Inputs = Computer 3 Outputs

Program
Machine Learning
Inputs ——
i Computer | Program
Outputs ~ )

;J‘Uﬁ 2.23 Traditional Programming & Machine learning [17]

Tneunfuds aedeulusunsudiield $u input Waluuwdaldmneu output
input + programming = output
Windnn15783 Machine Learning e n13Td Input waz Output wnluifielilélusunsy laildla
TUsunsunluliduuendineu l@lounautannis
input + output = programming
dleld input output W lUwa Tumafidunisinnduiimesin Theehslslilgmnouil
“gaii winlidnludednatewinnueisls iihiuAusnetheivdnns”
\iesuA $1aeeuiu au concept Ainanaluduun Td Input war Output 1LY Tuiea
zgnNAaBY Trial and Error mdaiunzaud viusaz Node warmuduiusuosusas
Node Tudos Tifunamsuinaudu Tnsilaunsliluuiazasnay 3U7 2.24 asfiunmanniy
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F13naudu Hidden Layer Sufoyaain Input snfwiadldaamia udafuliidu Temp. Value
euaggnadluAnaenunludneudni

Bedrooms

Sq. Feet

Neighborhood
(mapped to
an id number)

SUN 2.24 fegrsveansieusiean [17]

udluTinase aussAududoundtuin Mtuazfowin Hidden Layer iiluiooys) T
Ansogiuluisesy 138n11N19SEUFTEN
a Y oa = oA | a a " Y d'
N13138U31898n Ae lasetigleUssamialiounsl Hidden Layer viangduiuies iive

=
i
ANMNANNNTALUASARNLINATINUNR kazavTiaualasnulARTY

Simple Neural Network Deep Learning Neural Network

@ nput Layer ) Hidden Layer @ Output Layer
JUN 2.25 M3iSguiideanideiivany Hidden Layer [17]
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Weon19i38usliedn dnane Hidden Layer vilviduaninsaruineglsndudoulaiuay
11N wazdsaunsaldmeadaiga lduntuie Hddyiaade furewe Ansgradutwduneauls
AagUN 2.26

Deep Neural Network

Output Layer

Input Layer

Hidden Layer 1 Hidden Layer 2 Hidden Layer 3

edges combinations of edges object models

JUN 2:26 M3vuveInIsiseusigaan [19]

2.5.1 Usglevilvaanisiieuiigegn [19]

walulaBnsZeudiddnhlizendunidnunsandinmias dosouniosinaimmuiu
1 auansahluseseminduneundiaty gunsal wieuinsesulayl fanunsaidounuy
Audunyed auewyuwdAnezlsla andreslsld wenuwezerlslinsSeuiidednidvilalisig
Nnauesesyyd AsarlinnnnisBousigadnlaun

- nsuenaw : Lunisuenuezluntdivesusnazau 1w nsiauiinly Google+ waz
Facebook

- mausningiilaldau  Wunsusnuezdedfidin Wy wenuuioenaingtiy nsuen

AdlaifiFin 1wy uenlfzoanaininid

- wonides : Wunswenuezdndesnisnabidunivideuwaziianie
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- wanmsusienie : Wunsuenlailasudsilugladidesiuing udnauedeyaindidod
wwalnuegiinu
U3sNNUa9 Machine Learning[20]
anusawueanliilu 3 nqulng9fe supervised learning , unsupervised learning

ey reinforcement learning

Meaningful
Compression

Structure Image

) e Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai h Classification Diagnostics
Visualistaion Reduction Elicitation Detsction 8!

Recommender . B Advertising Popularity
Systems Unsupervised Superwsed Prediction
Learning Learning Weather
Forecasting
Clustering M h . Regression
Targetted Population
Marketing a'c I n e pGrowch Market

Forecastin,
Prediction &

Customer

Segmentation Le a. r n i ng

Estimating
life expectancy

Real=time decisions

Reinforcement
Learning

Robot Navigation SkillAcguisition

Learning Tasks

3‘1.]17{ 2.27 Uszunued Machine Learning [20]

1) Feuilasiidoyaunaau (Supervised learning)

INPUT RAW DATA QuUTPUT

5 e l®

55INg

Model Training Model Trained

2.28 N1SVIIUVDL Supervised learning [20]

CaN
c
=p
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supervised leaming Wunguuessaneiiuiiiuaounenfinneslasnisdnwaindeya
fete 1w Fesmslrneuinmes usnammesnanamdnivindy q desdideyanmiiedie
vosmndouliroufiunesiindrgunnddnuasdaduansinfonmmn vie drdosnisli
oufiamosUszinananauiiinvedudensldsunmseyiivield desimsngusiiegiaile
wnaeunoNfinmesauiifdnuazuuud fuseiinmstusuuinseysiviedivs ity
wuuildasoydd asufedzunuumstssdudaauidwihouudwadndldu videgnuiefin
$15Bendeteilivinsasuly GeaziFennadwsvesinenaildlunisaeudn label

Tnedruluglunisld supervised leaming ludiinasadngnirluldununisiaiuiuy

rule base Aefingu3oguuuuMTYsuAmeing saIsaes UBIMANaeni deE TRy

fegraulunsdimsveduide Wgundudusazanaseziidotmuandn lunisiasuiey
wdridndivss ifnstusuutl ergussannl Buieunuud { qeantnsoudesauielusaiulily
Auinls a3e9auesRqaznuInlainsld supervised learning fiuaeg1981IUIL BE1LIAAN
wlvsidhaufiannvessuiasludmsnuiidusudnums rule base winnusuasw
\tiees wnivhauiideunse senior AvdaaieaBunenseasuidiignAunduiesiney
dnFuvionsuiuazdesindumeunind 12 3 audfnsondeyaudildnadnsuuuiiotnis
mﬂw‘%aaauﬁum%aamgid fofetmiseimsiauuuy supervised learming NAUGAU

2) Feu3laglifideyadeu (Unsupervised learning)

7

$& £

Y

%‘;&4 —> Unsupervised
Learning

i‘

{

gﬂﬁ 2.29 WAMIN13YIN9IUBY Unsupervised learning [20]

unsupervised learning ungudane3iuiilaiil label vionsaousgadaauindiiau
wdaldnadwsuuuimnedagnviein degratu drilau 100 Auluresudavhnisudangu 100
autiud 2 nau Tunsdidldfingdaauidesutanne, eng, Aidevseduy uAuusoonu iy
2 ngudsenaazuiaiilasegnauviosdruniideongu 1 dawlasegaiaiesmdsdongy 2
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921 ulA3111599ULUY unsupervised learning agtdun1sviaunuulid label 3o
ngfinneda a1nfaeen 2 Medradisiursiiuiifanisuuseulufoady 2 ngunsanisansy
Toyav1n 24 columns 18y 2 columns Lﬁmmﬂmiﬁmum&hLawﬁummmmﬁQ’a%’mﬁuiw
NzaTaaY

3) M3EPUIAUANINKINGDN (Reinforcement learning)

( Input Raw Data ) (—-( Environment ‘)H

—>
>

State Selection of
Algorithm \ b

\—-}( Agent )—J

E‘Uﬁ 2.30 WAPINITYINIIUVOY Reinforcement learning [20]

Rewatd Best Action

Y y

€

Reinforcement learning Liungusanesiuifizuuuuiidusoundt 2 uuuusnann
lnendnvas Reinforcement learning aztdujuvuvesnisUszuaana action luvn 9 n1s
wasulmvesreuiamesegnty Alphago Aiinsfuamisdeniuusasadefiiununn base
IndeyafiinelFsugnT use M5119IULe robot i UsEIIANALABNNTEYI action 971
anmwIndendiuaeuly

MIUNANUDL Reinforcement learning 98in15 set goal 138 reward UpIABUNILADS
o1lidesmsazlresiumesiaivnuezlvseudas action fa1 reward wils 91nifufivh
MslisuS suTRINan WILARde% 9199811910 sensor w3 input TugUluUs19971 dufn
input Wanuuuiududen action wuudaviildidlng coal wdelssu reward Wudwsinls ite
11 base choice 989 action mﬁmaﬂﬁuzﬂ13€Uﬂ

Fregnsieluiausydfunuiaglindifesiunisiiaiuees reinforcement learing fie
Tinamindudfeduduneunanduiiieaindoduludaln Tnewssunsdalidy coal
drufiowazvndu sensor o3y input awmﬁaﬁaQsauﬁaﬁ@uﬁnﬁﬂﬂiuﬁaa nnaAAun
lufloungunazdudadeinerluroniiovilidindugnimaiitiluss switch Tuduiel arntdud
Uszanana action Tuimidaluinasidudevieudeufianis
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Supervised Vs Unsupervised Learning [21]
Iﬂﬂﬁlﬂﬂgﬂﬁ 2.31 azidun1sesuneinAuLANAIYDs Supervised ey Unsupervised Learning
Apagls Ansldnuunnansiuegials
nsiseuilaeiidoyaunaau (Supervised learning) lunsiseusiuuiiiunisiungves
luna9gnas1alag 8931NUaLaYARSNNTBUNINATNEUDINITIUIETINITTeUTRUULITUUS
panlu 2 Uselnm WewUsmunadnsiagnsnavaued Ao
. = 1 [~ . @ 1 ~ v & A Y 1 [~ Y] 1 ~
® Regression 98L38NINYU Regression NABLUBNAANTUIDAILYIA19UUAILUINDLU DI
(continuous variable) Wy WWusuy, a1sunsasia
® Classification 9i38n3LUu Classification Asellanadnsusosuusaiee Wududsly
folleg (Discrete variable) wu labels
a Yy 4 . a v & I3
n13isuslaglilidagauidau (Unsupervised learning) Tunisieusuuuiiazidunis
wilassaisuazgUvesteyalasaziseniniunis Clustering

Machine Learning Techniques >

UNSUPERVISED N \ VR
LEARNING l CLUSTERING

Group and interprat
data based only
on inpul data

——— -

T

MACHINE LEARNING | CLASSIFICATION

J ( SUPERVISED i
LEARNING
Develop predictive
model based on both (= 37
input ond eutput data
REGRESSION
A V& V.

E‘U‘ﬁ 2.31 Machine Learning Techniques [21]

2.6 Confusion matrix
”LumﬁmwaﬁummiL%uiv‘t‘iﬁﬂf\i’%ﬂuﬁmﬁmii’@ﬂizﬁwﬁmw‘[uLmadaudﬂul,maﬂjjuﬁ
Uszavsnmidlomediaviuniamn wie thluldougiusneg Ssmsiaussansamiuaaulng
92IMA19IN confusion matrix w%a@jﬁmm?iu 9 191 Accuracy Sensitivity 1Uugu
Confusion matrix [22][23] A® miwﬁlﬂu Error matrix ﬁamammaé’wémiﬁﬂmmm
danasfiueng ¢ Tun1svin classification



Actual Values

Positive (1) Negative (0)
(%]
ab}
T=U Positive (1) TP FP
et
g=
w
S
g Negative (0) FN TN
(=8

'gﬂ‘ﬁ 2.32 f79819 confusion matrix VIR 2x2 [23]

¥

YNNI LA o fadl

True Positive (TP) Ao A9lUshATNYiuIed) “a39”7 wae dandy “ase”

True Negative (TN) Aa &alusunsuyiuiedn “laiade” wag a1 “ldase”

IS

Ia

False Positive (FP) fia #991lUsunsuvinungdn “ase” we dendu “liese”

False Negative (FN) fia @eilusunsuvinuiein “lalase” ud andu “ase”

v @

Tngluumvziiiianieuldiulunuidowaznisviausng 9 egdsaunisaeluil

Sensitivity, recall, hit rate %39 true positive rate (TPR)

DR 220 LB

P~ TP+FN

Specificity, selectivity va true negative rate (TNR)

TN TN
TNR = — = ——
N  TN+FP

26

(2.5)
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Precision w38 positive predictive value (PPV)

ppy = £ _ 2.7)
TP+FP

Accuracy (ACC)

TP+TN _ TP+TN
P+N  TP+TN+FP+FN

ACC =

= =& add o vy P A d ' L.
ANUNITNULTRAB F1-Score [24] F9ApAMRAYWUY harmonic mean SE1INg precision Lag

recall F1-Score 1Ay single metric AiiaANasnsaveslang Haunisael

o [T (precision*recall) \ ¥ 2TP 29)
I3 precision+recall) = 2TP+FP+FN ’

Tneausaratliinazdy Precision, Recall wse F1-Score fimsthluldfuananeiuniuaing

WilNzaueInsvinaea classification Tuldau

Precision 38 positive predictive value (PPV) azihluldlunsdlit idnn1sviiuneiia 3y

(Predict as positive) wu wadnfgy vueinduauiuma Hudu

Sensitivity, recall, hit rate 38 true positive rate (TPR) avihluldlunsdldl 1Annns

viwnefin 1ldiu (Predict as negative) wu fialdio HIV winan1svihuiguenin la@ete

F1-score Wumuszansnimlagsiu As n15uA Precision way Recall 1niansansiudu

v

WaANULINEMAYANATUNIU WU N15YR1 Fl-score Livealaseiviu
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AB81EIUNTITOTUNY BN laNNTY

Actual
Spam Ham
Spam 20 12
Prediction
Ham 18 50

v
Y

SUT 2.33 a9E3 confusion matrix ugBLIAMNA N=100 [24]

Tunsdinseennui lumavaasuiudwwaliu fo megndesindu Spam 9113
WU YUNBTTIVNS 100 atuLsIdesld Precision ffe = 20/32 = 0.625

walunsdinis1eennnsIuan Jeaia1a39lu @1u15an5399U Spam tagndeseuintuu an

Spam Email save 1518edl4 Recall 983n13m59980 Spam Aife 20/38 = 0.526

duddieantsmuszansameduwanisvinned Adediianismegndesi email Mwetiuduy
a = v By ) vy 2y = 1% = 2
spam 334 9 waglurasdeiunfowmsiadiu spam lamesnideadentd F1-Score Faluy

ALadei Precision wag Recall BN 24(0.625%0.526)/(0.625+0.526)) = 0.571
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2.7 52UUUfUANT i0S

syuuUfuanisleletea (i0S) [25] fde1Andn iPhone OS I3 udusen19.dnfv0
iPhone Wilefuil 29 fquieu 2550 szuvdfdinsleletea (0S) WusyuvuUfiRnsdmivaniy
T (Smartphone) vauauilla Tnaduduiaudmsuldlulnsdnd iPhone warldwawseld
#1115V iPod Touch tag iPad ImaizwﬂﬁﬁﬁmiﬁmmsaLgﬁ'amialﬂé’q AppStore @11TUnN1T
dndsdaweundiadu (Application) 11nn31 300,000 1 Fainsamilnanlusnninfiiugiu
A¥3 uaUlTalddniswanusuUssdmsu iPhone, iPad uay iPod Touch HIUMNT¥UY Tunes
Aolusunsum d1m3u Mac ua PC ldguilsilanasuuasufinnes suvisdassdovuns sync
nﬂs]asiwq LLazLfJu%meSﬂmuﬁumquuﬂauﬁama%, YU iPod touch, iPhone Wag iPad ﬁﬁnﬂﬂ
ogedmivan Tuynfluagyninen fauszuuinvieaaeadelidenududa deifete
Isuseu Weifleuiugus

Wisuieunsldausendneszuudgianig i0S fiu Android
i0S Wuszuudfufnisngniamulaeuisn Apple Feldlundninminuien Apple 1lu
HEn Unsaldeansnielegvie Apple 1 iPod, iPad ag iPhone

e

=%

2 L4

2.34 feyanwalvessgsuuufunnig i0S [25]

=)

U

Y

Yaf fio 3 Application na1nuaty 1u3n13 App Store waglusinsy iTunes aduayy
msdnnsgunsaifimunisldau siasuazdiladne TUsunsy Web Browser (Safari) nauaues
[Ceplles

v = S 1% 1 % d' 2 ¥ ¥ 1
Jaide Ao {liauldarunsaeenwuuusuilivuningelanuaiiudenis lawnse
aulendouiunantsas wu llaiuisafanasndauits Web Browser tiialda1uduLnasidin

5]
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%

Android [26] {JuszuuuuRnsfignitmuilaau3en Google Faduszuuufifnisuuy

Y
=

Open Source FaduszuuUfUuAn1suuuiUavsouuunsiues Auindnlnsdnviniouiivag
Tablet Fsflauin Android Tl du OS wu HTC, Samsung lunszng Galaxy

sUfi 235 Anydnwalves Android [26]

Po7 fe Wunmsgrulaviliianunainraisiazdl Application Tdenlduinune
LaranunsaLdeuseiuUIN1IHIues Google ldawman i Gmail, Goosle Talk, Google Maps
ey Goosgle Search Engine

faide Ao lilrdosiaunin i0S waznmsiiduszuuavinliiounsalildszuuivansdve
nawUUINUL190 1A Application 1199 fiaanaIuIeanuIdImIsalgule Lawwzjuwhﬁ?u
dowinenafindymides aruninswemtnge sy
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Welcome to Xcode

P, Creste s new Neode project

&

gﬂ‘*‘?’; 2.36 llsunsn Xcode [27]

2.8 Xcode

'
& = o v v v

Xcode [27] WueSaadiodmsuinwaulusunsy waswaunataduuunnannasy OS X
wag i0S vualninlnuiInAudeduaundiaduuy iPhone dmiutinimuififaanisagimun

waUNALATUUL I0S Tusndusddl XCode IDE fadslulaiasmpuiiaasnay UanantiuLalfas

(%
(%

fnRg I0S SDK Bndaeniiilnan XCode 187 https.//developer.apple.com iavin1sins

=3

2

Wdaealamlusunsy Xcode IDE Fuun aziiundrsnaduduliideniauiwaUunaindy 14
nanuangguLuy weUnalatuias WU ldty aviidaus Cocoa Uu Mac OSX uavunanwesy
994 105 FIWRLILoUNAATUUY iPhone way iPad %agﬂuuuuaﬂwﬁm%’uﬁlmé\’u MnRufisiae
Single View Application tufiddwaunldund iloswdaziidiutes Master Detail Application
Wit uung edorves Master Detail Application U Xcode 4.3 Wufaidunisdaifnwaun

2/ a Y 2/ I < % =
anansaasraenndintulaegtesinsilaelineadeulusunsd


https://developer.apple.com/

2.8.1 N15h91U Xcode wuuLUasIAu

1. AnAslusunsy Xcode Tlwanlusinsu Xcode 210 App store 9ntiulalusunsuaunn vin

N138519 Xcode project Fransnalufl Create a new Xcode project ﬁﬂgﬂﬁ 2.37

"

Welcome to Xcode °©
P songlorghel
P, Create o sew Xeode project WA 5101 Asvgrment
\"\' Sae) BG4 Sew MIC, o P o B i -
Wi cangn trore ora of 1he A el tamplon * Mo Prosstis

Ut Kionde b steg simd soune oty festhrey o
—rh T gt B DT

’ Sorte framewarn -

Loaim shedt uiing Niede ract P Wark\pac
l Tagiort tre Frade dewrosmewt ITvi e et e * t“’»“’ SN W ~
e Noide & Lrer Conde
N el amewers

Ca t» Appie 3 developer portal 8
VAt e W and 108 Dev Camer wetpans o
e Tar AP 0T LI gpened Todiy 1] T4 W

Sl
i)

U7 2.37 ARl Create New Xcode Project [27]

Y

—_ TAm AT WA W ST W — AW WA AT ——— ~——

fw-*hmr@o)qe @ @ @ |

N T \ et
R - |} A =S {+]
Fratraecnh &1 00y ~ N
5 ! Wi Oeead Dt ® Gavs P Tingle view
@ S oix ! Aok o Apcixsren Asotaiioe
FE  iwces v 4
[ e Y R
- Ao o Pug o [ 1 x ,,,,,,
e Mg =
L Tatwhe f Agsd cpt = Wiy Asp e wom oy Al o on
4
I ;
' &
¢ '
\
Canced | — Do s

JUN 2.38 JULUUTDIN1IASABUNAATY [27]

[

2. 93U 2.38 Tutas i0S lvidan Application : mMuyNElMUUUILNG 7 kuy Ml
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2.1) Master-Detail Application > d@uiusaniuulay Master-Detail wangloiiusenis

-> 518a%LYN

2.2) OpenGL Game > dwsuaiisenlusuuuuves Game nmiadoulmnLdin

2.3) Page-Based Application > @isuaUianunsaasulavaisgntn Aaneiuniseu

VDSED



2.4) Single View Application > wauiazuansnannagangluningaifien
2.5) Tabbed Application > wuuilazianasanaavtnee lneazld Tab (Wusdafmvuna

2.6) Utility Application > wuufinziUdsuniiaelaems Flip View Tudnmdmils

'
a

2.7) Empty Application > wuuang Wunuufi@nansaideniuunufidesnisia

¥
v A

o an v a v Y & o a ) A . .
WaQQWﬂWIWLLUUWm@QﬂqsLLaQ A Next 3NUUNINTABLDUNALATULAZLaDN Device Fam|ly
AIUN 2.39

Froduct hame q SN\ Sl S h S}

Company ienther -lm-;u” = 2

Bundle JGeatifeer | WANOvL Mol N
Cldss prefin vz

} Device Family | Phoee

& Use Stonbord
o use Automatic Reference Counting
! & chuge Unit Tests

[V
v A

5U#l 2.39 AsteueundiAdu [27)

3. 91ntuden Local Wiiulusiaaudang Create ioasnslusiansiagui 2.40

. : T Y — I~ d F. v —
S TR m‘.'.‘ Wi v | Kl Oesktop. S1a
& All My Files ' &80 Documenss . Sl Dnamma
: i Downlaads il micterm_exam et
./\‘ Applicatl \ B Movies «ram 2
| 5 Desktop W Music Wl PhotoADp
i Documents S Pctures wid P Blogger
oA . L N Publc Ll Screenshors
o Downloads ‘ § soa Upgrade
1 Movies e rif
w - ViewTest
L Wow
3 Pictures 88 Xcode Dev
SMANED il Xcode Dev 2
masiers

| Source Control. ¥ Create local git repository for this project
X e A pr OCt e T werLox oty

Rl Sl Cancel {,m rea -l

Ul 2.40 Fenlnainesiiavainslusian [27]

4. \@598unsase Project
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MeTTldRaLUL Xcode §f 2 mwAe Swift waz Objective-C

2.8.2 Swift

aelusunsy “swift” [28] Wunelusunsulnidd Apple leadsmazoanwuuanlm
i eliinanldiaunlusunsuuu Mac OS X uag i0S Tnglusfinauisiagiunwiilide
Objective-C way Swift lunwfleenuuulsiiiuszavamgauaz inedensiannlnetihdofives
ATy lund L INIUINUNY LU Type Inference, Clean Syntax, No semicolons, Closures,
Generics FanuanuRiinannunuegafifogudrluntu Objective-C wiily Swift duazagaan
11nPu N1 Swift Ssgnesnuuuliliamudasnselunadeulusunsunndu fedlildmadeu
Tsunsuvazdusanarazliing URmsuuauy uiluanudasadeludvesnsiauw vilian
fofiawannvaslusunsufiiauiy andaag gy

- ldougalvisismudsnldldgnrimuaelulusunsy
- lldeuduudydnual * (Asterisk) vtuzUsynaasalUs Pointer
- ASIABUNITHINUAINIARUAZEIEATDIT AT IUAY

v = & | o v
- Agdpaliswindulnniaseudiuvediusunsuviegneldteululae

JUN 2.41 Swift Logo [28]

2.8.3 Objective-C

Objective-C #38 Obj-C [29] \Hunwilusunsudeinguazdantfnisazyiou Tneusnisy
A1 Objective-C Wannduannundlasfinsnudnumsresnvndlinsunnuszniafioaud i
syuvastanY (Messaging) wuuLiienfunTeateadnasndluwiniu (Objective-C runtime)
tlagiun1w Objective-C faniantAduAaAnNMITAUIAIM Objective-C 2.0 TnguTn
uauila


https://th.wikipedia.org/wiki/%E0%B8%A0%E0%B8%B2%E0%B8%A9%E0%B8%B2%E0%B9%82%E0%B8%9B%E0%B8%A3%E0%B9%81%E0%B8%81%E0%B8%A3%E0%B8%A1%E0%B9%80%E0%B8%8A%E0%B8%B4%E0%B8%87%E0%B8%A7%E0%B8%B1%E0%B8%95%E0%B8%96%E0%B8%B8
https://th.wikipedia.org/w/index.php?title=%E0%B8%AA%E0%B8%A1%E0%B8%9A%E0%B8%B1%E0%B8%95%E0%B8%B4%E0%B8%81%E0%B8%B2%E0%B8%A3%E0%B8%AA%E0%B8%B0%E0%B8%97%E0%B9%89%E0%B8%AD%E0%B8%99&action=edit&redlink=1
https://th.wikipedia.org/wiki/%E0%B8%A0%E0%B8%B2%E0%B8%A9%E0%B8%B2%E0%B8%8B%E0%B8%B5
https://th.wikipedia.org/wiki/%E0%B8%A0%E0%B8%B2%E0%B8%A9%E0%B8%B2%E0%B8%AA%E0%B8%A1%E0%B8%AD%E0%B8%A5%E0%B8%A5%E0%B9%8C%E0%B8%97%E0%B8%AD%E0%B8%A5%E0%B9%8C%E0%B8%81
https://th.wikipedia.org/wiki/%E0%B8%9A%E0%B8%A3%E0%B8%B4%E0%B8%A9%E0%B8%B1%E0%B8%97%E0%B9%81%E0%B8%AD%E0%B8%9B%E0%B9%80%E0%B8%9B%E0%B8%B4%E0%B8%A5
https://th.wikipedia.org/wiki/%E0%B8%9A%E0%B8%A3%E0%B8%B4%E0%B8%A9%E0%B8%B1%E0%B8%97%E0%B9%81%E0%B8%AD%E0%B8%9B%E0%B9%80%E0%B8%9B%E0%B8%B4%E0%B8%A5
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A10bjective-C d1UBULMDIIING (@interface) uagduNAILWNTY (@iImplementation)
sxgnuenaananiu Tunsujifdninuarndumesivaliluwily h wezdbundwumduly .m
wagdagUuldiianwn Swift Ge¥uuu 10S Wufuldiiuseansamdianit Objective-C uidnnimn
Objective-C feealddnvinazidrladnenin dafusuimuiuasuain Objective-C luiu
Swift sioly

sUfl 2.42 Objective ~ C Logo [29]

2.9 Core ML

Core ML [30][31] Fundu Framework fiaelanansalday Machine Learning model
s Al Platform was Apple ldthuos wi i0S, watchOS, tvOS wag macOs Tngwdnnsie
masenldulunatildsunisaeundiniuueunindy Tngasiinisimun Input was Output
vadluaeld Tintufansaldouliegiaiegas

Fan15a3r9laina Core ML %150 mimodel 226 0ald coremltools @18 python
package Tho1l3uUadlnaaain ML Framework @39 Keras, Sci-kit learn, Caffe Tinaneifu
Core ML Model tfnas

gy onsadrsanaly ML Framework singqduilpanuen-delduindu weded
nUsrasATatusay Framework s ﬁfuayjﬁumuﬁﬁ]ﬂ% 19U Image Classifying, Regression
130 Tree #7199 %ﬁiﬁ?ﬂaﬁmiﬁ'}u Machine Learning wesaens uanfunasil Framework ianiiiju
4 Co+ o Python ghe anvezliadniin dwsuiniauiild swift

Core ML

5U7l 2.43 Core ML Logo [31]
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2.10 lsand1u1safnsalanisiiane

Tsafanusafnsalaniainany [32] deefunad

2.10.1 ldwnin

duin 132) ulsaiidadetuldirenn udeglndaudunin wioduiuduieadu 19
yasagaunsmiy Aavdsudonindgiunmelduda fddninsssumarlilalsafifroussn
wizanansomeldeanielu 5-7 fu wifdosszTansdsudelduntalugidnan asflennisguuse
unniuazordedialdnnisaunsndou feeldbutufosiadu Tsaldnialvg HINL, Tsa
TwTaun waeadniemsiduialvguanieainldniasssunedidls Wielidunndaies

iw¥nlvg) Wulsrfndossuumadumelaegiadeundu Afstuanideliadungieu
91 (Influenza virus) viefisanduluioveadslasalininlvg Tnadolsaviadivomn 3 ae
g b

- wel¥aldvialugjaesiug A (nfluenza A)

- L%@h’%’ﬂl‘i’fﬁi’mslmga’mﬁua: B (Influenza B)

- Welasaldwialugianesiug C (nfluenza O

U 2.44 1w eilva) [32]

2.10.2 ARdNLEU (Strep throat)

poduay [32] Aidudnuilslsafinuldves mnldnaongruvdeduuiufolfuauis
HeouvafiFonsu 1o awsulnaenda Tuthane vieenavudevluthynuasiaume Fallelésudea
wsularendaingsrsnelnenisraned sielivessmfuauiitieidulsarosniay axiildas Uan
Aiswy vundu ieons Suee uazanifuaemintunouiinduems d1d1uingasiiiudision
VouTauae ddnvaueanienues J8mdes 9 UnAuuulIvewiounauda LasnInaedus oy
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1%

[ I - V=2 ! 1 < [ LB, 2/ ] 1 14
Unmdesnineazidninuim egulsiannulsaredniaulilelsaiioustesls dwlngmeldaiedu 7
Ju watlumnue wuevzlienuTuzaniu Fazdelimeditunielu 3 Ju

2.10.3 Isallawinuan (Hand-foot-mouth disease)

® @ ® Q‘ ® @
T 2 TR .
= b4

U7l 2.45 Tsmilawinn [32]

sedlalldifndusuing windy wsglvgAtiavsidulsastowhanlalasmetu ueliies
Faufudeduiudinuiedlnyfifide videudle awsldtu ARndeolsud

o sidanaiuldiiiovasfife wwEuanild funaluiinadisunadouly uasiiiuiu
Hugauns vizeifuruiiladuiinm dhile dhwh daa wou 91 danlvgernisazliguuss aunsn
meldes witlasthefmsgadou vgaau Wnshvidsitiudssana 1 dUani iioayldlaly
undielvifuaudy

yinfndelsadianiiuin aewudieumelshia (BV) 71 wnatideudsdunme e
AowonisiAnlsaunsndeuiiguusmuilindediald fufumnlastiedeniunnudriionistu
gouuss Fnnsean dedu Wl desiulunuuwmdlaedan mSeudiFedlsasiowinniiudy tie

ALAUATIAULAZAIAMLIIUAND

2.10.4 @199 (Mumps)

Tsamay [32) fluBnlsaniefinuvesludn wiglngfiduld lsadifnandelisalu
naunsdinte (Paramyxovirus) shldeminaefivnunnysnay a1sdsuanls Judufiunves
Felsanayu Andefuldlaenssainnisle snddiu iamﬁaﬁuﬁaﬁwmaﬁuamuﬁﬂwLi‘;Jummuu
W mstuiuazomslagldmsur iy

Auftasanayuaedld indswy Vindlenided oommns doumds uazianlugyvio
n¥syuaisAen nduemns videwsinseiaun viannduagiiomsuaniidrsyviownaslnsau
lianusaiRremantesunnldngn uiflilslsnfiousedn insgannsamelfiosansly 7-
10 Yu upsiilethoneuudiedmistedgidutunasnly aeslsin Tsatlaunsatastulddus



38

v 8 o o & < ¢ = N vy Y A o @
gauan lagns@aiadusiudy 18y 8135 (MMR) Feaunsadalanaueiy 1 3IULALADIRABNATY
Aeu1Y 7 VIV Tudnasadneinisvedsanuliazidendudndnia

2.10.5 Iﬁﬂ‘lgﬂ‘l’fﬂﬁ!ﬂ (Molluscum contagiosum)

ya [32] Toguansuin uddAnsoannislivesdiusisiuiuaudu lidasduudan
nagagaun dudaia soaii AdosseTs 'yadiaan' 6@ lsadiinandelada Molluscum
contagiosum virus (MCV) &nvasaufio awdusuitevunndn fdfeafuianil sulau faye
Seululiuadeldyn Tsesyunsinanedieasse nardudussnaglaansdudrsdluadiednan
fnFunug vios wou o1 $0ud lumdh eren vty Vinaelsme uierlidFndurdaliu
mnilnfduiud Tsadazmeluldiosnielu 2-0 ou (ads 23 ifew) wininillsaunsndoues
Tvaaunudud

2.10.6 Tsarsunun (Herpes Simplex)

fulan MuushasulUnkayyiligan Au Uinnaudinseu Nisendn By [32] Uuiia

a & ) f ~ v o S0 | % o a 2
NNISAMY olIsa - Herpes virus (HSV) Fadnlasaninazusvegluiiane dunies n3e
winseiieagd LLaz%L%ﬂgjiﬁﬁmmmmﬁmﬂ’a LWaLlonwaztayteUIn 3NN1TANUILAT
Wwearu Tvessainiu sauvianasgudin

b2 @ a v [} 3 1 = =1 g =

adulspisunmuasmalaeanigly 2 §Uat uenindennisuanuin dunvdeslva
2ONUININANWNE FeA1BADINT Lazdlliaenda 38 asrwalen AsUNULITENT1ETULART
FUTUTUANNTAAYBL?

2.10.7 1a5aRudnidu (Hepatitis)

haadudniay [32] fvaeaneiug Helaadusniau o 9 @ Tuauidhdadudnay 3 ue
IhSafusniaviinnsefulamsemsuazihauislsasusnieay 1o (Hepatitis A) wazlaSadu
$niau 8 (Hepatitis E) amsvashisadusniay e fiawnsadanalddde Jl4 fdeu seumds
Heewns aauld endeu UinviesuTnamielaseum fiesirs Jaanzezsuifidy 9aasdde
wazfionsiundes amdesiiSendafany

dauenmsvedhdasusnay 3 Tufazmsleutubhadusniay o Wewdaziennsigiu
Tiudaaunin uwazdndulsalhidadudnau enazd ninezmedndedddinaiuszua 1 wou
RENIGER

2.10.8 AaRU (Diphtheriae)
andlldsng Wuee Weemis wag femssuduledessios ndue misauin 813
a o = v & Ao a a ° v a & & |
melafadn vieu Inasiewsy lusieniiennsgunss Awaneerudsyiviin demeiduwiuid
Tudrmensenasnay vinlvumelaliesn @edinlaay saiusgrdeusuladnvin wsizlsaduns
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nndnaunidlugdnaunilslddonisle 9 mslddmessiudiu vieduiatuiauvzvesaudiiu
Tsnnofiuvdenuiiinidenafiu [32]

mnliinedatedutiosiulsanefvanneu Ailonadesfiaztaslsadindoutumnld
naagatsmiuaudunefiu viveglndifnmanddilileedntadu dufuiodestulsads
ansalu@aindusuaefvwazuianednuilad wiuinlauazding (Tdap) 13ld dmsuian
anunsdatadutiostiulsarefiulddusieny 2-3 ou

2.10.9 \evfuanssdniay (Meningitis)

Tsafiflormssuussdeduyman musn Wusungnesiminaufauddinld ogne Bev
auesdniau'[32] Ataumanilananmsduiauaylidawesimiuauteuiu bitasduraen
anth ufath Fouden nelsadanlvgiinanmsindouadide 1hia uazs WoRndoasdld
a1 UanAsuzgunss aeuds aduldendou ¥n mduadhild mnsnwiliiueivzionnisguuss
faftuenluthesi nidsdilsadu  Allenmsadiofulsaidoruatessniauagiig

2.10.10 lUn19udewau (Meningococcal meningitis)
Léﬁyaﬁ'ﬁﬂﬁﬁmiiﬂisﬁmwwé’aLLa'u [32] @@ Neisseria meningitidis Gz'fw‘juiiﬂﬁm%ya
LLUﬂwLiwummsuLLiqmn furndfeaunsafndeduldniunisnismela le 9w winsesia
Sufatyn v1iae iemsresiidunmevienuiidulseAidesiadeldud Taedoaskiudnly
T o A e e A W)
wimniaidnsendgnssudlafimviesruudsvamaiunanld on1svedsaassunsedu
Suandernsadelinin 1iuns o Vindsee Tldas mnduasifulunus Snvuzediegn
Fonoen waztuuanadenninsyate dadudnuagiamizveslse
mnideluiieruauesasshliinlsmboruatessniay fonininAsuesuns o1doy
nouds lidesddnd duau enafloinsdnings ndwsuudald delifuiimnvesdelsaldnmds
ueutues Tusmefisuusnedidensenludlduasdoumuinls sauvannegiidendudaiududa
71151978 (Waterhouse-Friderichsen Syndrome) auiinennisdenuazidedinluiian lngeinns
fomiianintuniglusreznmdudu o1adetinldnielu 48 $lu
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3.1 nsiiudayanin

MIEInIlalinassdunsisn FLIR ONE Pro fadundesiisnsastdennsn ¢ famsa

Specification FLIR ONE Pro
Certifications MFi (iOS version), RoHS, CE/FCC, CEC-BC,
BN61233
Operating temperature 0°C-35°C(32°Fto95°F
Size Width 68mm Height 34mm Dept 14 mm
Weight .36.5 ¢

160 %120 px. With 17 pm pixel size
| /1640 x 1080 px.

Thermal resolution =

Visual resolutiqﬁn

HFOV/VFOV. - NN 55°+1°/43° + 1°
Frame rate $ 4= 8.7 Hz [
Focus , | Fixed 15cm - infinity

AT 3.1 LEAITIBAZLBEARIY ¢ VDINABIDUNTUIA FLIR ONE Pro 1nua video A1

Tandesdunsusasananideuseriuteundiaduuy i0s 1Hlunsaieguenaatasuszaas 50
au Tngawguduay 4 sUsiooranaling 1 au Feiiisnisiivdeyaguamsauandlugui 3.2 s
Huvivue 200 30 uasndsnniuidisglendatananzamilildduueanased Tuusas
yimaileriiusunateyadnuszain 50 3U Tasnsifiudeyanieormainsiude i 3
uiusasuiiiusunn 200 fladansdsiiueanasedusuna 6.4% tngUsuns deiududium 1
Fumigiunie TUSunuueanesed 10 niu fsdsoraainswaeetmn 55 Alanfu fu
Dof 1w USun 200 faddnsasiiusunnueanesedluiden (BAC) Uszuia 0.026% fatu
vnoraasinsssna s fudesld 2 uhazlivsunausanesedluidenysuna 0.052% Geaziiu
NVNEAIUAY
Fupsunsifunimanduluagui 3.2 TasdBuanlfermadasdain 5 uiidiels
$umerhadulnivdinniuandunsiesy Tumsfvieyasdatiasliermalingiy 1Tes7
fiwoanased 6.4% TneUiams Usinas 200 fadanslnglufvudeuasdosiulinuamelu 5 uni
- vhmsaegusendesdunsusafieiiuidusuamnguil 1 Aelsildfiuusanesed udi
AsAueANDsaALAIT 1
- thse 15 wiilitelinisgaTuneanssed andurhmamieguaiadl 2 ieriuidusunin
nauTl 2 Ao Auueanesed 1 um wdwinmsuLeanaseduif 2
- thse 15 wiiliteliinisgaduneanssed andurhmstieguaded 3 iewfuidusunin
N7l 3 Ae Auueanesed 2 wh udPhnsiuLeanesedlii 3
- thse 15 wiiliieliinisgeTuneanssed andurhmstieguaded 4 iewfuidusunin
nauil 4 e Auneanesed 3 wi iunguaninevessunmitoun
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U7 3.2 Gumeun1siiudoyann

lumsaneguaInnaesdunstinaeinistd filter contrast wagynsdandadiefslifu
ysandeafioldlifinisiusunmosguam Sdumafuamazdissunmeraiadasiomn
meluviesniiinsesuSuainia samgiivszana 26 sariwaldea Taemegdunsanesy
Sunsusmdulnugui 3.3

aa <

3. ’JﬁﬂﬁiLﬂU{J)@i;IJaﬂ']W
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3.2 N1598NLUUDANDINNVAIIUSHNTUUSSUIANE

Tudruwesmsuszanananmiy lausandniildlunisussanana Ao TensorFlow 1y
Taus13dmsuldwamn Machine Leaming 1w Open source (@eusag Python) Aivauilay
Google fiaudangunazuszuranalaiss szaunsafsinddlunisuszuianaanniinge
(Graphics Processing unit %38 GPU) anldldoensiiusyansamiituneunsynauded

3.2.1 Msnlgudaya

Tumswieudeyaiieldlunmsasluaiiiensaaiauinausanssed avdeuldeyadaiudeya
f¥imevagudn Tuiidfogunmvssenanasinsfudeya input uazUSmnaeanssedian a4
Judeya output wazlnldnmitldazdosdianalwdidu jpg, joeg wio png mﬂﬁ?uﬁﬁagaﬁlé’mﬂ
praasiasia 50 Ay udAuenUssvitewSedmiunisaouliee Tnsagiinsuendssamdu
2 ueUnALAdu Tudau Binary Classification azungunimidu wn Av T dsainusunaue
angedluldon (BAC) fid1uIniann Widmark formula aifuldinmneanadasmaseyinin
55 Alansu Audes 1 ufh U 200 fadansezdivsinaueanesedluiden (BAC) Uszana
0.026% Fafumneraratasanaa Audesll 2 ufazduiinausanssedludonyiuna
0.052% G?fwmﬁuﬂg]wmamuqu ﬁ’mfummﬂagﬂﬂszmwl:u'Lmﬁaﬂizﬂauvl,ﬂﬁwgﬂmwsuaa
oraaiaslifiueanssedluauishuneanesed 1 um dauguussanUsenaulumesunm
¥99AuTi A uLeANegeduInnI1 400 Haddns (2 uin) Snueunatadund afie 4 level of
classification IzuusUsEINNgUeRnilY 4 Ussamsnudwiuteaneseddina Ao liifiuueanesed,
Pl 1 Ui, P 2 Wi way P 3 uia

Binary Classification 4 level of Classification

o L (0-1 un7) . lifuuoanegead
. 11 (2 uiruly) A1 ut

. Hu2um

. Hu3um

JUN 3.4 Msuvassanvasguam
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3.2.2 Msmsgunazaaulaunanaly

nagInvileald TensorFlow Tunisaeulaaalagld TensorFlow hub Wulausiiiend

#8ann13 Transfer learning FauduidsMachine Learninglaefiunlunaiigniauudanduuildl

Tmduluwasusudmsuanuselld Insluswunsunisasulunalnaiisned

Tnanlndwazinamasnazyinnisasuliluina

wusnweanu 3 4n train 80% test 10 % uag validation 10 %

Tanlumanaean1sa1n Tensorflow hub

AAIAILUSHS o) MUTIFONT

@519 bottleneck ﬁLﬂu cache files

BUNSAe Ul ARTLA LU AReALY

WNSHaRsANAL NEIWEIT R I SEHRUTAT LR

Taanuuiugipssgevneveslumameguniniineaeuliiung

nswnlanaluds Directory nAviun

U 3.5 duneunisaeuliing
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[

Fagdavilaasislueaduun 2 lna luwawsnAsluina Binary Classification %1013

wonsEnIAuUnd (luAuLeanogodhasA ULeanasaa 1 kA1) AUANNLDINISTULN (AL
weaneged 2 wag 3 uA1) 14 transfer learmning wanluna EfficientNetBO. Tasidauuslunis

[

doulina As19Rs

- 4,000 training steps

- 0.01 learning rate

- Evaluate step interval = 10

- Train batch size = 100

- Test batch size = 1

- Validation batch size = 100

Ixemnsusiugvedduinalssana 78.57% wazlunafiaesiiasnsgufiaoluma 4 level

of Classification 7vhnsuenU3unaiueaneseadiay (200 dadansreut) rudlinuueanesed,
A 1 uffa, Ay 2 uf uag fn 3 wi ald Transfer learning 11a7ntuna mobilenet v 025 224
Tnedishuuslunsaeulanansia o fil

- 4000 training steps

- 0.01 learning rate

- Evaluate step interval = 10

- Train batch size = 100

- Test batch size = 1

- Validation batch size = 100
TaamuwiugveslnaUszNI 57.4 %

e : Wunsuaw python wazisaslausisegluniamuan

3.2.3 lassasnsvaslunanly
luma EfficientNetBO [37Ldulunadasrd@ulaediiusiunmilouiulunaduy o Aell

<9

Stem Wag Final layers ﬁﬁg‘d‘ﬁ' 3.6
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B - e

Stem

Final Layers

gﬂ‘ﬁ 3.6 wanlATIA319989 Stem wag Final Layers ve9 EfficientNet [37]

wag EfficientNet 928l Module 8n31W3u 5 Module nillassasaunnsnaiumugui 3.7

Module 1 Module 3

Module 5

U7 3.7 wanslaseainauas Module 914 5 w4 EfficientNet [37]

18991n1UEY Module 619 9 NiFesiudaziilassasiennsiululag EfficientNetBO qzil
1A59a319R93U7 3.8



a7

Block 1 Block 2 Block 3 Block 4 Block 5 Block 6 Block 7
Stem Module! = Module 2 4 Module 2 /,! Module 2 f Module 2 ,! Module 2 f Module 2 - Final layers
/’ [l /| [ /
f / ‘f/ f“ f ’\
. I By A
BEEEE
 — l J ,/t aulll ke ‘ -
M| . Add : Add % a A }:
S |
1 E; ’ b Q’ i .
| B /A ‘J‘ \ P l [Mwmn] \
"A (G | | ‘ \ |
Epig L L[N |

\
\
\

R B A |\ N R
X2

U7 3.8 uanslassasisvasluna EfficientNetBO lnafl x2 nunedis Module angluradudithin
91 2 59U [37]

3.2.4 MsAsIRFeUANUgNABLLaznTIduvasiung

ndaniivhnamsulueaSeuiesudn destimsvaaeuliinafingiuaguannaooni
TugUvessautssing 4 luidneninuslasuansaoonuifas confusion matrix #sagldiniw
Python wagldlausi3 Pandas uaz seaborn Tasnsld confusion matrix atldfugadeyaiiuen
ponudu validate set $1uan 10% voagUnwiamanda I ntuii1 confusion matrix vasusiag

lumanndSeuiiguiiiedonluinanilanivsnzauunign

3.2.5 115 FLIP AMnwazd5unisidinasnng o

iesnnsaunmiimuailisiuuiitoss a3 enisnisiiy Dataset Tunnd ety
f18n135 FLIP ﬂww%"’ww‘iﬂﬁ%@u@ﬁm%’umﬁ@uhLmaﬁﬁi”]muﬁumﬁu Tnonswanndunimiiu
9514 Image) Fudulusunsufianunsaldan image processing 59183015 Analyze s 9 6
annsanriulnanldan [38] lueidsetiarld Image) wloyiinis Horizontal flip Taefiisnns
Fastoluil

1. vM3Ua Image) Juan WWUNTUILUARIITNA1RAIIUN 3.9
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i Image) —
File Edit Image Process Analyze Plugins Window Help

B olc|ol 4]+ |\ AlQ|a|@] cro /o]~

Polygon selections

U7 3.9 hanTusunsa Image)

2. N3 import Image sequence ##184n13 Horizontal Flip

} Imagel)
Edit image Process Analyze Plugins Window

e ASJATQ B ¢
4 Open... Ctri+O Jes. or arrows {right click to -

OpenNext ~ Ciri+Shit+0 P |- 0= ] \

Open Samples » i |

Open Recent » |

LUT .

Tavk Imanas

g‘d‘ﬁ 3.10 w&@men13 Import Image Sequence T Image)

3. 4115 Horizontal Flip 91nA144 Image = transform



t Process Analyze Plugins Window Help

Type

||| crlow| /] & #] |

Adjust
Show Info...
Properties...
Color
Stacks
Hyperstacks

Crop
Duplicate...
Rename .
Scale...

Zoom
Overlay

Lookup Tables

>
Ctri+l
Ctri+Shift+P

Ctrl+Shift+X
Ctri+Shift+D

Cirl+E

» i Flip Vertically

| FlipZ

"7, Rotate 90 Degrees Right
Rotate 90 Degrees Left

>

Rotate...

Tranciate

gﬂﬁ 3.11 u@neaon1s Flip Horizontally Tulusunsy Image)

ANl Horizontal flip auidudsgui 3.12 FaUSeuiisussningunoundnnauway

PAINNANNAULA?

NAUWA
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JUT 3.12 uansiegieguninivininisndnndu laenmdreidunimasiu amwadunmdingn
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weNAINITMINANNFUFUA LAY uinisuumsiiwesane 9 TunsaeulinanisSoufidan

e ldAAugnAes TINfwINzaNsiauil Fan5dnesang o 1 Learning rate, training

steps, Evaluate step interval, Number of epochs, Batch size

3.2.6 wlaslaaiiat T luneaundind

Tuwaildndeannnisinsu azdulnd 2 TWd output.pb way output.txt Fslalaunse
Y1197 smartphone T et us ss1dudi azdeavinisudadtid b ulag mimodel s
TensorFlow filaus13 i anunsauvasindlusdu mimodel 14@ 93031 tfcoreml T8 funawn
python Iagld input i

'
=

- fegvadlumanifiosnisazutaniu mimodel

=

- Falwd mlmodel N1RaIns
- YUALAZIUINYDY input
e Waknsun1w python uazdsadlausseglunananuan

3.2.7 &319 Machine Learning Ul iOS A28 Core ML

Hunasyilfainnsasu machine leaming 13uu Mobile Device l¢ wailuinadi agld
wdfpdegly format 189 Core ML sheiiudsiianalwd mimodel dsldinsasuuasudasung
T Tnenseunaunaedu agldniwn Swift 5 melusunsy Xcode 10.2

Fadnyhdesnisasns 2 ueundiadu fle (1) uaUnaiadu Binary Classification (2) uay
walAd 4 level of Classification fituneussll
1. Download Xcode 10.2 210 https://developer.apple.com/download/ W@ install

2. @579 project



Choose a template for your new project:
i0s tvOS macOS  Cross-platform

Application

-
£l P
1 % S

Single View App Game Augmented Document Master-Detail App
Reality App Based App

oo, O,

Page-Based App Tabbed App Sticker Pack App iMessage App
Framework & Library
Cocoa Touch

Framework

Cancel

sU7l 3.13 1don Single View App

Choose options for your new project:

Product Name: Binary Classification
Team: | Pisit Elamudomchai (Personal Team)
Organization Name: Front
Organization Identifier: Front
Bundle Identifier:
Language: | Swift

Use Core Data
v Include Unit Tests
¥ Include Ul Tests

Cancel Previous

JUT 3.14 savauazidannwfilaidu Swift

3. 279 View lu Storyboard lngdl UllmageView, UlBarButtonltem tay UlLabel



g < EB. )mB

¥ [B Image Classification Vi...

al Effect...
ion Bar

—» Storyboard Entry Poi...

=) . W view ) B image view < & > B8

] View as: iPhone 8 {.C ~R)

U7 3

Y

g

V.ary' for Traits

52

import UIKit

import CoreML
import Vision
import ImagelO

class
ImageClassificationViewCon
troller: UIViewController

{

@IBOutlet weak var
imageView:
UIIm [
CIBOutlet |
cameraButton:
UIBarButtonItem!
ATRNu+1a+ wasl av

.15 219 View u Storyboard

4. vnmsanlwd mimodel istaenstiidlulu project fisgu Taeluea ResnetV2  train 1

1y $U input L1 image color (RGB) w1 224x224 du Output 9ztduile Class vs3Uilluina

yunele

¥ Machine Learning Model

Name NewResnetV2_50_224 binary

Type MNeural Metwork C

Size
Author
Description

License

¥ Model Class

¥ Model Evaluation Parameters

Name

102.8 MB

50_224_binary ©

Type

¥ Inputs

Placeholder_0

Image (Color 224 x 224)

¥ Qutputs

SUMN
Y

Dictionary (String -+ Double)

String

Description

3.16 S19a88Av8d ResnetvV2.mlmodel 7 Xcode 814
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5. finddlusunsuasuy i0S lagagy

i G _

Binary Classification

no drunk Cancel
Binary Classification

Take Photo

Add a photo. Choos@Photo

Cancel
=

Classification:
(1.00) normal

SUN 3.17 WHagtnNveLLaUNARTUL oRnRIaIuY I0S

Y
=

6. NIEIDUNALATULIURDUNITES T aUNY BAAsulumanagldlun1syinuieveanazLey

€

naAdu
ngme : Wswnsuiildedlu aauuan

-4 -4
3.3 g130LL29
191lUsunsu Autodesk Inventor TUn1598nkuUf R sE NN NS AN LasNADIDUNT LT

f95U
U

JUN 3.18 CAD filinseninglnsdmyiuazndasdunsnse
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uni 4
NaN1SNAasIkazanUsIgna

walulagnisiSeusidedniunsanainlSunuieanegedmendo@unsim Ty
sruuvhueunrannukeanegeduaslinuweaneged

4.1 nswiudayanin

NMsAutoyanin 19’1’31J§u%|smﬂﬁgwmﬂizmm 200 3U wialu 4 nqu fe laidla
weanesad 50 U, iu 1 uffa 50 3V, flu 2 wih 50 JU uazAu 3 ui 50 U wagdnfunmaud
lifuueanesedLiindn gavneldnm lifluueanesed 164 3U, fiu 1 35 U, fw 2 ui 38
5U, Az 3 4 38 3U s Usvana 275 5U Aftunsgumeludesmnislddnuensuilsl
anansaldaulaiu vsguldwiuneumenin lunihegsainnaeaiuly Tumheglndanndes
Auly wie idenlvualunsdieguiin sUBunsnInTanunagivun 480x640 pixels uadl
resolution 96 dpi %Wﬂﬁuﬁ’lﬂ’l’il,ﬁaﬂgﬂﬂ’lwﬁimﬂLaaﬂsﬁ%’ filter contrast, grey Wag antarctic U3

NADIBUNTININ Lansdsgy

2FLIR

'gﬂﬁ 4.1 a) filter contrast, b) filter grey, ) filter antarctic

inmaiudeganinma 3 filter nagdavindenue filter contrast wihtuiluaeu
Tuwareswnn Wedunanmlaesiuudivziiuanuuandisszninnaneuliiuweanegeduay
AURLLBANDTRAYaY filter contrast ¥INTIgR wazileasstilnInyia 3 filter lgoulumauanudn

filtter contrast AflAAMILIUEINTIgN
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4.2 aanNNsaauluAaLazn15USUNISIANDIAG 9
msaouluaslunuideiagyhnmsaeusedeya 90% uazdn 10% awthlunaaeulina Tngan
gﬂmwﬁu’mm 275 g'ﬂﬁ’u %Lﬂugﬂmwﬁﬁﬂﬂaau 247 gULLazLﬂugﬂﬁﬁﬂﬂmaau 28 5U lnegu
negeUTuIzAasfunIsIuILUsELAMTiTegnsa 10% Nansveaeulunad iy binary
classification uazuandlifiufmad 4.1

luLnadInsu Binary classification

Yaluina YUAFUNN AULLUEN
EfficientNetBO 224x224 78.57 %
mobilenet v1 75 192 192x192 71.43 %
mobilenet v1 75 224 224x224 71.43 %
EfficientNet-Lited 300x300 71.43 %
mobilenet v2 050 224 224x224 71.00 %

A13NT 4.1 WaRAIANLLUET 5 SuRuasanvedalaadImsU Binary classification

dwsuluma Binary Classification 9zidanluwng EfficientNetBO Jadinanuwaiug 78.57
% fvunlnauszann 15.6 MB Tunisasnsluiaa Binary Classification won output aentdu 2
Uszianfie w Au liinlesuudiliunde Normal Bsusgneulusnesunmitlifuusanesed
fuduueanesed 1 umdsazdl BAC hiiungmnednun drudnUsziamie wn Drunk Uszneu
luesunmitiuteanssed 2 uiaduly Aauusiugildayiaain confusion matrix vasns
naaeuluiaasietoyayanadey 28 SUAldvinnnsdaLeneanluneunsasulung lngasd

eazdynnagy
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- 25

Actual
1

All

]
0 1 All
Predicted

5U7 4.2 uand confusion matrix veslama EfficientNetBo Tagil 0 Aolin way 1 Aswn

TRgNNAANEVINAUAINNTaAUILa LT s upenu T uAIR awUTA 9 Telduan True

positive, True negative, False positive, False negative, sensitivity, F1-score Wudu (?fﬂ’gﬂ
population: 28
P: 8
N: 28
PositiveTest: 12
NegativeTest: 16

=
i
|

LRN:
DOR: 21.0
FOR: 0.0625

U7 4.3 uansArsudsianasg « fildannlauea EfficientNetBo
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FonnveyazunnitldasunsazUssinniinnTuriilimianuuiuggealunmy w1y

I3 a

waiugn 78.57 % Adaliiduniumels dwudmnniniuduudeyazunmeniagaiunsowi

ANuwiuglrunTudnle Tneluwa EfficientNetBO H31WIULALEDSI9NUA 967 Laeas At

Placeholder : 1

Sub : 1

RealDiv : 1
PlaceholderWithDefault : 1
MatMul : 1

AddVv2 : 1

Softmax : 1

Add : 9
DepthwiseConv2dNative : 16
Mean : 17

BiasAdd : 32
FusedBatchNormV3 : 49
Conv2D : 65

Sigmoid : 65

Mul : 66

Identity : 311

Const : 331

luwmadnsu dlevel of classification

1AN

Jaluna

ﬂjumgﬂmw

AULUUEN

mobilenet vl 025 224

224x224

57.14 %

mobilenet v1 75 224

224x224

50.0 %

mobilenet vl 025 128

128x128

50.0 %

EfficientNet-LiteO

224x224

46.42 %

EfficientNet-Lited

300x300

46.42 %

M397 4.2 wandA1ANuuiug 5 Sudugagavetlumadmiu dlevel of Classification
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Tunisaeuluinaaziiula Y1lutnad daoruunueruind gl ud oluina
mobilenet v1 025 224 sfipauwsiugrog 57.14 % wazdivuialnduseuia 1.03 MB
ANLUELAEInaIn confusion matrix vesn1snAaeulunamedeyatanagey 28 UNLA

hnsAnkeneentuieunisaeulung lnedsiinasidennsgy

-25

Predicted

U1 4.4 uans confusion matrix ¥8sliiaa mobilenet vl 025 244 lngiavlunaununsuas
UDULNUTIUIULAIVDILDANTDE WU 0 A, 1w 1Huduy

warannmegeulaanannsasafmulslunisianasing 9 sanuladsgy



Class Statistics:

Classes (0]
Population
P: Condition positive 15
N: Condition negative 13
Test outcome positive 15
Test outcome negative 13
: True Positive 11
: True Negative z)
False Positive 4
False Negative 4
(Sensitivity, hit rate, recall) 0.733333
TNR=SPC: (Specificity) 0.692308
: Pos Pred Value (Precision) 0.733333
: Neg Pred Value 0.692308 5 5 0.88
False-out 0.307692 5 5 0.0434783
False Discovery Rate D.26 7 o o ©.333333
: Miss Rate - 67 0. 0.6
C: Accuracy 0.714286 8. .821429 0.857143
F1 score 6.733333 8.222222 D.444444 8.5
MCC: Matthews correlation coefficient ©.425641 0.8761387 1.342624 0.441473
Informedness 0.425641 ©.60833333 8.375 0.356522
Markedness 0.425641 ©.0695652 .313043 0.546667
Prevalence 0.535714 0.142857 .142857 0.178571
LR+: Positive likelihood ratio 2.38333 1.5 4 9.2
LR-: Negative likelihood ratio 0.385185 B:9 = 0.627273
DOR: Diagnostic odds ratio 6.1875 1.66667 14.6667
FOR: False omission rate 0.307692 0.130435 0.6 8.12
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U7 4.5 wansrsudsianasng 9 filsdennlaing mobilenet vi 025 244

[

Tneluina mobilenet vi 025 244 JTUIULALDTTINUA 863 LALYDIHIY
Placeholder : 1

AvgPool : 1

Squeeze : 1
PlaceholderWithDefault : 1
MatMul : 1

Addv2 : 1

Softmax : 1

FakeQuantWithMinMaxArgs : 2
Reshape : 13
DepthwiseConv2dNative : 13
Conv2D : 14

Rsart : 27

Relu6 : 27

Sub : 28

Add : 54
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FakeQuantWithMinMaxVars : 56
Mul : 82
Identity : 250
Const : 291

Mnnamsnaaeulumadduardaunaliianuuudiiligannaadniesainvae
Padunisadrslina 4 level of Classification 1ulumafiuen output eenilu 4 Ussnnsndud
wdedddeyasunmiloey Ineguiamuadiiuszann 275 5U dutvsmsaousondu 4 Uszan
wiuiudazeaatudsuiudoyaussann 35 5U sntusuitlifuweanosedifisu 160 U
MntugUianuadsdoautseandu 4 dau Test set 10% validation 10% unseen test set 3n
109% Fandeguiildaeuluinasis q ue 70 % Fauaiaruusiugiddigennn s unseen
test set ﬁu'uﬁf{f"nmugﬂmwumﬁm 28 gﬂwhﬁgu WAMINEILNRAT sensitivity 139 True positive
rate gIIAYeAaE 0 WidTuR Ut RlungTinana 1, 2 way 3 Tuilaivesanngaiy
wgduteyadlivaseulueaveseata 1 89 3 dulisauiidosdofioutuaaa o delife
160 gUsstumsdavindniindnsfudoyasunimiissnniuazannsadandu Ussansam
voslainatuld

Mnuantsasuluinatisfud o3 fstgmvesdiuiugunmisildnnuives Jufanis
NAgOUNINANNGULRIFUNIMMTe Horizontal Flip s‘iaﬁm’fuﬁ]’ml,l,aﬂgﬂmw Test set aanlunau
20% Uszanu 56 3U (N=56) mﬂ‘lfuﬁﬁﬂgﬂmwefm%’uaauiuLmalﬂ‘v‘hm'ﬁ Flip Tulusunsu
Image) Hadnsldaeddiuuguildaoulinnarionan 438 5U (N=438) 1niuidenlusaiinfian
Mnuansngeuiiaiun 3 lunaudavinisaoulinalnlngldgunmi fip wdrnduiily
naaoulanameyngUaIn Test set (N=56) iilegusyans nnveslunadi liwadnsladuds
AN5197 4.3 Waruand confusion matrix AUATRILUTIARGAIS 9 vaslanafifiaauuiuguIn
feluguil 4.6

lunadmsy Binary classification #13in1s FLIP Uayauan

Faluma YUIAFUAIN AU
EfficientNetBO 224x224 71.43 %
mobilenet v1 75 192 192x,192 69.64 %
EfficientNet-Lited 300x300 64.28 %

M15N7 4.3 UanIAIANLUggeEn 3 SuAuves Binary classification lunaiivinisasuiu
Joyai FLIP ui
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population: 56
P: 16
N: 40
PositiveTest: 20
NegativeTest: 36
- 50 : 10

N: 30

: 16

1 6

40 : 0.625
: 0.75

D. 5

A EEEEEEEEEEEEEED

Actua

30 1 0.25
5!
.375
.7142857142857143
20 F1_score: ©.5555555555555556
MCC: ©.35355339059327373
informedness: 0.375
markedness: ©.3333333333333335
10 prevalence: 0.2857142857142857

All

0 1 All
Predicted

JUN 4.6 uans confusion matrix kagaiUTInNan1e 9 vasluiaa EfficientNetB0 Miaeulng
sUn W FLIP wa Tned 0 Aaldun way 1 Aol

nTuimsnedaunuluma 4 level of classification 34MANBAMULUUTIAINITIN 4.4 way

confusion matrix fiufuusinnasiie q vadinainilauuiugunnigalususl 4.7 uae 4.8

ALEIAY
Tuwnadmsy dLevel of classification 7013 FLIP doyaudn
Feluina VUIMFUAN AULLUED
mobilenet vi 025 224 220224 44.46 %
mobilenet vl 75 224 228x224 53.57 %
mobilenet vl 025 128 128x128 41.07 %

M1397 4.4 wandA1ANULiug1geEan 3 suauves dlevel of classification lumanivinisaeuiu
Uayai FLIP uad
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Actual
2

36
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0} 1 2 & All
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JUN 4.7 uans confusion matrix vedldina mobilenet_v1 075 244 fideulaggun1ni FLIP
warlaetaul U N UAILAS LBULNEIIUIULAIVDILaNSDa WU 0 WA, 1 Wwin tuduy
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Class Statistics:

Classes (2]
Population
P: Condition positive 33
N: Condition negative 23
Test outcome positive 33
Test outcome negative 23
TP: True Positive 27
TN: True Negative 17
FP: False Positive 6
FN: False Negative 6 T 6
TPR: (Sensitivity, hit rate, recall) 6.818182 0.125 8.25
TNR=SPC: (Specificity) 0.73913 0.918367 0.854167 0.8125
: Pos Pred Value (Precision) 0.818182 (i} S .181818
: Neg Pred Value 0.73913 0.865385 0.854167 .B66667
: False-out 0.26087 0.0816327 0.145833 0.1875
: False Discovery Rate .181818 1 0.875 .818182
: Miss Rate .181818 1 0.875 8.75
.C: Accuracy . 785714 0.883571 0.75 . 732143
F1 score .818182 5] 0.125 .210526
MCC: Matthews correlation coefficient .557312 -0.104828 -0.0208333 0.8550482
Informedness .557312 -0.0816327 -0.0208333 0.0625
Markedness .557312 -0.134615 -0.0208333 0.0484848
Prevalence .589286 8.125 0.142857 0.142857
LR+: Positive likelihood ratioc 3.13636 (0] 0.857143 1.33333
LR-: Negative likelihood ratio 8.245989 1.688889 1.02439 0.923077
DOR: Diagnostic odds ratio 12.75 (0] 0.836735 1.44444
FOR: False omission rate 0.26087 0.134615 0.145833 0.133333
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U7l 4.8 wansdrmuusianas 9 fildainluea mobilenet vi 075 244 figeulassunwil
FLIP 43

MNHAENET AR Binary classification uag dLevel of classification agiiulaiaaainaey
ﬁaa%’auﬂaﬁﬁmi Flip udriuliifinisiiutuegraiiteesddyvesssansamaedduma dsenady
wrAANsaagUamUnAfugUnniiins Flip uddulaifianuuwnnssegnedioey
ﬁﬂﬁ@,mqgmmﬂﬁﬁmmLmﬂshqﬁ’maaﬁm?uimmﬁﬁaﬁmi Flip sUnwlaiduasieuszansnn

Ya9lLna
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JUN 4.9Uaneiiageveigunn (a) U mneou Filp (b) suammmias Flip Belaidninuunnened

dsnanaUsyansninvedliing

NUUWINITNAGEUNITUSU hyperparameter 613 ¢ Ta9n13d0UliLAA 11 Leamning rate,

Training step wagTrain batch size Inenaasuiuluna EfficientNetBO ¥4 Binary

classification FIlAKAANEFAIAI19 4.5, 4.6 way 4.7

Learning rate Training step Train batch size Accuracy
0.1 4000 100 75%
0.01 4000 100 78.57
0.001 4000 100 75%
0.0001 4000 100 75%

AT 4.5 Lannan13U5u Learning rate lnaa1du o Al
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Learning rate Training step Train batch size Accuracy
0.01 500 100 75%
0.01 1000 100 75%
0.01 2500 100 75%
0.01 6000 100 75%
0.01 8000 100 75%

AN9971 4.6 uARINANISUSU Training step tnsaTBY 9 Aafi

Learning rate Training step Train batch size Accuracy
0.01 4000 2 78.57%
0.01 4000 10 78.57%
0.01 4000 50 78.57%
0.01 4000 150 78.57%
0.01 4000 200 75%

PISNTN 4.7 UanINan15U5U Train batch size lagA1du & AN

NUaNIUSU hyperparameter f14 9 wandliiiuiaanzauiugndoyaveusidl Leaming

rate 7 0.01 @ Training step slu 4000 @ Train batch size @unsaldzas 100 14

4.3 Nan1snaaunN1sUTTNIanavas CoreML Ul iOS

waUnalatulansuauUnaLaty, Binary Classification, 4 level of Classification 70814

NSYINUAIFUT 4.10 wag 4.11 sudwiulaenigluweundiaduasianstausunaiady sunind

NsAnkenUszny navesnsvinenieurisanuiasdy wazdudmiuidensunimiie

1N1YINUNY




66

=

LIR

Binary Classification Binary Classification

Vi

*

¥

Classification: Classification:
(1.00) normal ) (1:00) drunk

(@) (b)
JUN 4.10 Msvinuveswaundiady Binary Classification (a) Wananaansluiwn (buansuadns
a7

o

N

Classification:
(0.99) three

Classification:
(0.85) two

(@) (b)
U .11 mevihauveauaundladu 4 Level of Classification
(Q)LARINAGNS 3 N2 (D) WARIHAGNG 2 kA2
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4.4 n5Us2NaUTNIALIS

NAINYINA50BARUUMIBAINS AN TUNSBIBUNSLSARYIINSRLNLUUENLNRDaNL LA
thluuszneudulnsdmiitedeatulallslnsdmitundesdunisiisavaneenaniudsgui 4.12,
4.13 way 4.14
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uni 5
dguna

5.1 #5UNaN1539Y

1nMsideranismaasaiuandeyasuniwdursisarianun 275 Uutadu laif
ueanesed 164 U, Au 1 Ui 35 U, Al 2 Ui 38 3U, uavdu 3 wh 38 JU Jamnsvozriiaves
miiraufundesiniuiulufazfinnuianaiavesdoyaiiosaindaddusisnaziinng
Wasuwadludwsnilusunsafivinnensiuieanssed Tagsjuchililumaaunsaviungldi
oraatashudefluans wu 1 uia, 2 uia, 3 ui wiolilarmaedundn J9a1n Widmark
formula azanusaAuInUSINMLeanesealulionnTe BAC ldlagussaname 1 uia Ussaiu
0.026% ueaneseaUszaunas 10 03y, 2 winvzduuiuim BAC 0.052% lneUszana uasdadidn
wilsluipadiansnsaviuislddreaddaswniolinn d9isnsailunanaiouiidadn
Usgnauluetunsunisaou dunaunInTIEey WAzt UNELNITNAGEY 9INN1TNAARTDY
Tuwafignasuudalusiutunounisaon uaztusaunsnmndou udmuiiluma EfficientNetBo
Aeluiafifianausiugnniign 13U Binary Classification Auenszsandlaitn (0-1 uff) Ay
191 (2-3) Wi Bedleanuusiugedi 78.57% drulimaifianuwiuginniian &5 4 level
of Classification fiwgnsgninclufuneansged, Ay 1 i, 2 ufa wae 3 ufasrelunaild o
mobilenet v1 025 224 fienaasiugiegil 57.14%

nnduinsiudnudeyaguandunsisadaennanndudsitlildsudmsvasy
Tunaviovnn 438 3U widmdanyhmsaeulinadsgadeyadandnflmumafinduogied
foprdrdnualszansamvesluaa sudnidesainnisnanndugnmlaldfianuunndieiu
wniin adnefulusuiiaumastulslifnaogeddsssddyfuussansamuedanna Snitah
nsmeaaumsUiusasuUslumsaoulinafenng 4 amngldandsd Learning rate = 0.01,
Training step = 4000 &3u Train batch size @unsalgaagaiusyan 100 1

A15¥158UUUsTNaNa0e CoreML Uy 05 9 auun 2 weUnaLady Ao Binary
Classification Waz 4 Level of Classification Ineidenlflunafisiinanuuiugigsignainnsly
Transfer learning mulaum%" TensorFlow LLazLLUmT,mmmﬂuimﬂaﬁsaﬁu CoreML G?'fqu,aﬂ
WaLATU Binary Classification 14luina EfficientNetBO d@uaunaiatu 4 Level of Classification
14Tuina mobilenet vi 025 224 \ievnisiadweundinduasuy 0S wda weundindu
anunsaldnuldund Snnsuszinanasinds uidlonaaeslduseundnduwdinuiinadilely

i a I o = a v a
ABYUAITULLUUYN Lu@\‘i"ﬂqﬂmzﬂi‘Uﬂ'ﬁa@‘LﬂuL@au@EJLﬂ‘LnfU
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uiLeUndiatuliaunsndiesuanndesdunsisalfidesain APl dmsunisBenldau
NaIdUNILIA FLIR One Pro $895ULANI%1 Objective-C d@ulunisilsuloUnaiaduinuienis
fundessndusodld Framework va1 CoreML &asasfuamizaiw Swift uazldlduelu i0S 12.0
Fuly

aglsimumalulagnisiseudiddinuuweunfindudmsunisnsiriaweanssednie
v a Y 2o AY o w 1 1 1 @A a o g‘, < a

napduNsIIAtUASEiveTinsig 9 agutedeife woundntutiuunyseinneanidunishy
= 6§ o dl v & 1 Y o 1 A 1 v o a v v
Wesdnuuaunmsenldyinuginuunseliwn winagansaAiuiausana BAC 11 1 uia
Uszanas 0.026% uangluag v UminuagsnsINISINaIuesiazyana waziilosan
waluladildndosdunsusaluimaisnn@aysnsdsiesadmusouniuaeanuiainluniives
uaranaumnIyaratiulld dfeunse senmdnie egnatswan Aenmvzrilinisldnuluea
naseusitdnlufiuszansnimminiiaas Snnsaufiaunins1anewdauseislutulidesining
wanEnauINgnluNsANLeaneses 1, 2 use 3 M Faintinisiiuisvedueatuduldlaein
Funalaanndsed@nsamvealuina dlevel of classification WU penIil olyiguny Binary
classification wazgavnefdadeyasunimdunsisasuatuiivainyaradywidlneeny
Uszan 20-24 U Famnilumailuldnuauglsunsauawsnienakilausedansnnwiiing i
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Asnisasdlausslunisdouluna

1. auluam Anaconda
2. ¥MA158519 Environment Taanadnlufl Environments = Create

’.j*'??i':} avigato V 7 - -_— - g 5

Eile  Help

{7) ANACONDA NAVIGATOR

ﬁ‘ Home
| Search Enviranments Q ‘ | Installed v| Channels Update index
WP dhvironments Ez=a (bt Name ~ T Description Version N
abslepy 7y Aese ! python cemmen libraries, s2e Nttps//sicnut. com/abseil/absel oro
. autokeras BY.
W Learning
M al { igurabl ibl 7.1
w - M alabaster ) Configurable, python 2+3 compatible sphinx theme. 0.7.12
.
= Community — asnicrypto ) Python asn.1 library with a Feeus on perfermance and a pythenic api 0.240
astor () Read, rewrite, and write python asts nicely 0.7.1
) Aabstract syntax tree For pythen with inference support. 210
Name ‘ Jewenviroriment name ‘ {2 utilities o internationalize and lacalize python applications 260
Location
{) specifications For callback Functions passed in to an api 0.1.0
Packages: Pythen 3.6 |~
» 10
Or mro v
Decumentation
i) Easy, whitelist-based html-sanitizing too 310
Cancel Y
Developer Blog icates ) Certificates For use with other packages. 2019.1.23
= certifi {2 Python package For providing morzilla's €3 bundla 201841y
L 4 2 L] a ]
Creat] Cloneg} Import Remove 142 packages available

£
v

AiToLAzZIA0N version B4 python UaINA create
3. NALIYIN terminal LAYIIN1IATAVADU version V89 python 11ATIAINTIABINITHTD
WaeAIEs python —-version
B, =

AWIND O

(tf-gpu) C:\Users\FrontMe>

4. a4 Tensorflow - GPU #afds conda install tensorflow-gpu Fards conda auidu
nsadlausi3iieesiulausBudnliie
5. aslaus3sugRei
Bottleneck==1.3.2

importlib-metadata==4.4.0

Keras-Applications==1.0.8
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Keras-Preprocessing==1.1.2
kiwisolver @ file:///tmp/build/80754af9/kiwisolver 1612282414123/work
Markdown==3.3.4
matplotlib @ file:///tmp/build/80754af9/matplotlib-suite 1613407855456/ work
mkl-fft==1.3.0
mkl-random @ file:///tmp/build/80754af9/mkl random 1618853974840/work
mkl-service==2.3.0
numpy @ file:///tmp/build/80754af9/numpy_and_numpy base 1620831194891/work
pandas==0.23.4
pandas-ml==0.6.1
tensorboard==1.15.0
tensorflow==1.15.0
tensorflow-estimator==1.15.1
tensorflow-hub==0.12.0
termcolor==1.1.0
tqgdm==4.61.0
6. vhnsidananunsaldlausitiedulsndelnuienisind python uwdmusie import

laus3ndesns wafilaazlaill error Judssy
& CA\WINDOWS)\system32\c! 3 th n N b] l 6‘ e O %

(tf-gpu) C:\Users\FrontMe>python --wversion
Python 3.6.8 :: Anaconda, Inc.

(tf-gpu) C:\Users\FrontMe>import
"impor ) ed as an internal or external command,
operable pre or batch file.

1915 64 bit (AMD64)] on win32
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TUsunsun1w python fldelu

https://github.com/tensorflow/hub/tree/master/examples/image_retraining

FnsaslaussiuniswladlanatietlUlgluweundnduy

[

Talaus3 tfcoreml @il dependencies Midoan1sesil

e tensorflow >= 1.5.0
e coremltools >= 0.8
e numpy >=1.6.2

e protobuf >=3.1.0

e six>=1.10.0

. G 1A a o A 3 1 Y Y £ o <) A 2
91 dependencies AgLAUINNlaUIITUIIN version lupssiuitpeasl) 3991 dufiagses
@319 Environment Julusiiieasonizlausisinerdas

L%

TUsunsunaw python lded

t tfcoreml a: tf_converter
tf_converter.convert(tf model path = ""home/thorlabs/python/pangfront/RetrainTR/Forbinary/MODEL FOR 012/ResnetV2 _50/ResnetV2 50 same/output_graph.pb',
mlmodel path = '/home/thorlabs/python/pangfront/RetrainIR/Forbinary/MODEL FOR 012/ResnetV2 50/ResnetV2 50 224 binary2.mlmodel',
output_feature_names = ['final_result:0'],
image input_names = 'Placeholder  0',
input_name_shape dict= {'image": [1,224,224 3]},
class_labels = "home/thorlabs/python/pangfront/RetrainIR ‘Forbinary/ MODEL FOR 012/ResnetV2-50/ResnetV2 50 same/output labels.txt',

image scale=2.0/255.0)

tf_model path fe directory vadlwg pb

mlmodel path @@ directory 904l1d mimodel fiffasnsae save
output_feature names k) %asuaq output

image_input_names Ao Joves input

input_name_shape_dict A UALAEUIUINTBIFUATN input

class_labels A9 directory veslwa output.txt
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-2
ho)
Do
]
Q)
Zo
=D

<] o . ope .
WWeULaUWALAYY Binary Classification
ation } ¥ iPhone 6 Bimary Classification | Build Binary Classification: Succeeded | Yesterday at 22:02

0a ¢ EB. BB B B . N view ) [B imageview < A& > B8

e , " L] L]
B Image Classification View...

import

ion Vie... s Clan J:.I‘I[JI'J :
import Visio
import ImagelO

. Image View
» M Toolbar internal class
» [l visual Effect View ImageClassificationViewCon
» [l Navigation Bar troller :
» |2l Constraints UIViewController {
. First Responder .
B Exit @IBOutlet weak inte

U af eWiew . 1z
. var imageView:
— Storyboard Entry Point g,
UIImageView!

@IBOutlet weak inte
var cameraButton:
UIBarButtonItem!

y CIBOutlet weak inte

classificationLabel:

] View as: iPhone 8 (.C R) Tag
lazy internal var
i classificationRequest:
; D\’ﬂw:;fﬂf - VNCoreMLRequest {
i : get set }
|

Origntation

All Qutput
Storyboard

Code
/*
See LICENSE folder for this sample’s licensing information.

Abstract:

View controller for selecting images and applying Vision + Core ML processing.
*/
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import UIKit

import CoreML

import Vision

import ImagelO

class ImageClassificationViewController: UlViewController {
// MARK: - IBOutlets

@IBOutlet weak var imageView: UllmageView!
@IBOutlet weak var cameraButton: UlBarButtonltem!

@IBOutlet weak var classificationLabel: UlLabel!
// MARK: - Image Classification
/// - Tag: MLModelSetup

lazy var classificationRequest: VNCoreMLRequest = {
do {
J
Use the Swift class "MobileNet' Core ML generates from the model.
To use a different Core ML classifier model, add it to the project
and replace ‘MobileNet" with that model's generated Swift class.
*/
let model = try VNCoreMLModel(for: NewResnetV2 50 224 binary().model)
let request = VNCoreMLRequest(model: model, completionHandler: { [weak self]
request, error in
self?.processClassifications(for: request, error: error)
)
request.imageCropAndScaleOption = .centerCrop
return request
} catch {
fatalError("Failed to load Vision ML model: \(error)")
}

10
/// - Tag: PerformRequests

func updateClassifications(for image: Ullmage) {

classificationLabel.text = "Classifying..."
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let orientation = CGImagePropertyOrientation(image.imageOrientation)
guard let cilmage = Climage(image: image) else { fatalError("Unable to create

\(Climage.self) from \(image).") }
DispatchQueue.global(qgos: .userlnitiated).async {

let handler = VNImageRequestHandler(cilmage: cilmage, orientation:
orientation)

do {

try handler.perform([self.classificationRequest])

} catch {

Ve

This handler catches general image processing errors. The
‘classificationRequest'™'s

completion handler “processClassifications(_:error:)" catches errors specific
to processing that request.

po

print("Failed to perform classification.\n\(error.localizedDescription)")

}

}

/// Updates the Ul'with the results of the classification.
/// - Tag: ProcessClassifications

func processClassifications(for request: VNRequest, error: Error?) {
DispatchQueue.main.async {

guard let results = request.results else {

self.classificationLabel.text = "Unable to classify
image.\n\(error!.localizedDescription)"

return

}

// The ‘results” will always be "VNClassificationObservation's, as specified
by the Core ML model in this project.

let classifications = results as! [VNClassificationObservation]

if classifications.isEmpty {
self.classificationLabel.text = "Nothing recognized."

} else {
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// Display top classifications ranked by confidence in the UL

let topClassifications = classifications.prefix(1)

let descriptions = topClassifications.map { classification in

// Formats the classification for display; e.¢. "(0.37) cliff, drop, drop-off".
return String(format: " (%.2f) %@", classification.confidence,
classification.identifier)

}

self.classificationLabel.text = "Classification:\n" +
descriptions.joined(separator: "\n")

}

}
// MARK: - Photo Actions
@IBAction func takePicture() {

//-Show options for the source picker only if the camera is available.
guard UllmagePickerController.isSourceTypeAvailable(.camera) else {
presentPhotoPicker(sourceType: .photoLibrary)

return

}

let photoSourcePicker = UlAlertController()
let takePhoto = UlAlertAction(title: "Take Photo", style: .default) { [unowned self]
in

self.presentPhotoPicker(sourceType: .camera)

}
let choosePhoto = UlAlertAction(title: "Choose Photo', style: .default) { [unowned
self] _in

self.presentPhotoPicker(sourceType: .photolibrary)
}

photoSourcePicker.addAction(takePhoto)
photoSourcePicker.addAction(choosePhoto)

photoSourcePicker.addAction(UlAlertAction(title: "Cancel”, style: .cancel, handler:
nil))

present(photoSourcePicker, animated: true)
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func presentPhotoPicker(sourceType: UllmagePickerControllerSourceType) {

let picker = UllmagePickerController()
picker.delegate = self
picker.sourceType = sourceType
present(picker, animated: true)

}
}

extension ImageClassificationViewController: UllmagePickerControllerDelegate,

UINavigationControllerDelegate {
// MARK: - Handling Image Picker Selection

func imagePickerController(_ picker: UllmagePickerController,
didFinishPickingMediaWithinfo info: [String: Anyl) {

picker.dismiss(animated: true)

// We always expect ‘imagePickerController(:didFinishPickingMediaWithInfo:)" to
supply the original image.

let image = info[UllmagePickerControllerOriginallmage] as! Ullmage
imageView.image = image

updateClassifications(for: image)

}
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Generic i0S Device ¥ A: {}

BER < B . =] . . P| came..utton 4+
-

B Image Classification View... -

. Image C ation Vie... import UIKit

4 Level of Classification import CoreML
[El safe Area import Vision

B image view import ImageIO

> . Toolbar
» B visual Effect View
» [l Navigation Bar
| 3 Constraints
. First Responder
= Exit

—» Storyboard Entry Point @IBOutlet weak var

class
ImageClassificationViewCo
ntroller:
UIViewController {

imageView:
UIImageView!

@IBQutlet weak var
cameraButton:
pIBarButtonItem!

@IBOutlet weak var
classificationLabel:
UILabell

Tag
lazy var
classificationRequest
] View as: iPhone 8 Plus (. C »R) : VNCoreMLRequest = {

All Dutput

Storyboard
Code
e
See LICENSE folder for this sample’s licensing information.
Abstract:
View controller for selecting images and applying Vision + Core ML processing.
*/

import UIKit
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import CoreML
import Vision
import ImagelO
class ImageClassificationViewController: UlViewController {
// MARK: - IBOutlets
@IBOutlet weak var imageView: UllmageView!
@IBOutlet weak var cameraButton: UlBarButtonltem!
@IBOutlet weak var classificationLabel: UlLabel!
// MARK: - Image Classification
/// - Tag: MLModelSetup
lazy var classificationRequest: VNCoreMLRequest = {
do {
e

Use the Swift class ‘MobileNet™ Core ML generates from the

model.
To use a different Core ML classifier model, add it to the project
and replace "MobileNet™ with that model's generated Swift class.
74
let model = try VNCoreMLModel(for: nasnet_4dclassify().model)

let request = VNCoreMLRequest(model: model,

completionHandler: { [weak self] request, error in
self?.processClassifications(for: request, error: error)
)

request.imageCropAndScaleOption = .centerCrop
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return request
} catch {

fatalError("Failed to load Vision ML model: \(error)")

10
/// - Tag: PerformRequests
func updateClassifications(for image: Ullmage) {
classificationLabel.text = "Classifying..."
let orientation = CGlmagePropertyOrientation(image.imageOrientation)

guard let cilmage = Climage(image: image) else { fatalError("Unable to create

\(Climage.self) from \(image).") }
DispatchQueue.global(gos: .userlnitiated).async {
let handler = VNImageRequestHandler(cilmage: cilmage, orientation: orientation)
do {
try handler.perform([self.classificationRequest])
} catch {
/*

This handler catches general image processing errors. The

‘classificationRequest™s
completion handler “processClassifications(_:error:)* catches errors specific
to processing that request.
*/
print("Failed to perform classification.\n\(error.localizedDescription)")

}
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}

/// Updates the Ul with the results of the classification.

/// - Tag: ProcessClassifications

func processClassifications(for request: VNRequest, error: Error?) {
DispatchQueue.main.async {
guard let results = request.results else {

self.classificationLabel.text = "Unable to classify

image.\n\(errorl.localizedDescription)"
return

}

//-The ‘results” will always be "VNClassificationObservation's, as specified by the
Core ML model in this project.

let classifications = results as! [VNClassificationObservation]

if classifications.isEmpty {

self.classificationLabel.text = "Nothing recognized."

}else {

// Display top classifications ranked by confidence in the Ul

let topClassifications = classifications.prefix(1)

let descriptions = topClassifications.map { classification in

// Formats the classification for display; e.g. "(0.37) cliff, drop, drop-off".

return String(format: " (%.2f) %@", classification.confidence, classification.identifier)

}
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self.classificationLabel.text = "Classification:\n" + descriptions.joined(separator:
"\nll)

}

// MARK: - Photo Actions

@IBAction func takePicture() {
// Show options for the source picker only if the camera is available.
guard UllmagePickerController.isSource TypeAvailable(.camera) else {
presentPhotoPicker(sourceType: .photolibrary)
return
}
let photoSourcePicker = UlAlertController()

let takePhoto = UlAlertAction(title: "Take Photo", style: .default) { [unowned self]

_in
self.presentPhotoPicker(sourceType: .camera)
}
let choosePhoto = UlAlertAction(title: "Choose Photo', style: .default) { [unowned
self] _in

self.presentPhotoPicker(sourceType: .photoLibrary)
}
photoSourcePicker.addAction(takePhoto)
photoSourcePicker.addAction(choosePhoto)

photoSourcePicker.addAction(UlAlertAction(title: "Cancel’, style: .cancel, handler:
nil))
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present(photoSourcePicker, animated: true)
}
func presentPhotoPicker(sourceType: UlimagePickerControllerSourceType) {
let picker = UllmagePickerController()
picker.delegate = self
picker.sourceType = sourceType
present(picker, animated: true)
}
}
extension ImageClassificationViewController: UllmagePickerControllerDelegate,
UINavigationControllerDelegate {
// MARK: - Handling Image Picker Selection
func imagePickerController(_ picker: UllmagePickerController,
didFinishPickingMediaWithinfo info: [String: Any]) {
picker.dismiss(animated: true)

/1 We always expect
‘imagePickerController(:didFinishPickingMediaWithinfo:)" to supply the

original image.
let image = info[UllmagePickerControllerOriginallmage] as! Ullmage
imageView.image = image

updateClassifications(for: image)
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FLIR[]

The FLIR ONE Pro gives you the power to find invisible problems faster than ever.
Combining a higher-resolution thermal sensor able to measure temperatures up to
400 °C (752 °F)with powerful measurement tools and report generation capability,
the FLIR ONE Pro will work as hard as you do. Its revolutionary VividIR™ image
processing lets you see more details and provide your customers with proof that
you solved their problemright the first time. The updated design includes the
revolutionary OneFit™ adjustable connector to fit your phone, without taking the
phone out of its compatible protective case. Animproved FLIR ONE app lets you
measure multiple temperatures or regions of interest at once and stream to your
smartwatch for remote viewing. Whether you're inspecting electrical panels,
looking for HVAC problems, or finding water damage, the new FLIR ONE Pro is a
tool no serious professional should be without.

VividIR IMAGE PROCESSING

See It & Solve It.- Sharpest Mobile Thermal Imaging
Performance Lets You Detect Problems with Precision and
Accuracy, then Document Your Fix for the Customer

* Most advanced image resolution enhancement detects the thermal details you
need to find problems fast

o With 160 x 120 thermal resolution, FLIR ONE Pro uses FLIR's highest resolution
micro thermal camera and can measure temperatures as high as 400 °C (752 °F)

© FLIR MSX® embosses visible edges from the 1440 x 1080 HD camera onto thermal
imagery to create a sharper, easier to understand picture

OneFit CONNECTOR

Leave Your Case On - Adjustable Connector Means You Don't
Have to Choose Between Thermal Vision and Safeguarding
Your Device when Using Compatible Protective Cases

 Adjust length of USB-C and Lightening connector up to an additional 4 mm
* Reversible connectors for Android and i0S

* Secure the FLIR ONE to your mobile device while keeping your phone safe

HARD-WORKING APP

Work Like a Pro - Work-Based Features Include
Advanced Capabilities for More Professional
Problem Solving and Functionality

o Use multiple real-time spot meters and regions of interest

® Access real-time thermal tips and tricks in the FLIR ONE app followed by
professional reporting through FLIR Tools

® See around corners and in awkward spaces by connecting to your Apple Watch
or Android smartwatch

QFLIR The Werl's Sixth Sense




Specifications

General

FLIR One Pro

Certifications

Operating temperature
Non-operating temperature
Size

Weight

‘ Mechanical shock

‘ Thermal and visual cameras with MSX
F —_— — —
‘ Thermal sensor Pixel size 12M, 8= 14pM spectral range

Thermal resolution 160x120

Visual resolution

HFOV / VFOV B
Frame rate

Focus

Radiometry

Scene (fdellllC range
Accuracy

Thermal sensitivity (MRTD)

Emissivity settings

Shutter

Battery life
! Bzm;y (;mrg(z tlm‘e
Interfaces
Video

Charging

Video and stillimage
display/capture

File formats

Capture modes

Battery charge monitor

MFi (i0S version), RoHS, CE/FCC, CEC-BC, EN61233

0°C-35°C(32°Ft095 °F),
battery charging 0 °C to 30 °C (32 °F to 86 °F)

-20°Cto 60 °C(-4 °F to 140 °F)
68mm W x34mm H x14mm D (2.7in x 1.3in x .6in)
36.59
Drop from 1.8m (5.9ft)

1440x1080
5594 1%/43°£1°
8.7Hz

Fixed 15¢m = Infinity

-20°C10400°C{-4 °Fto 752 °F)

+3°C (5.4 °F) or+5%, typical Percent of the difference
between ambient and scene temperature. Applicable 60s
after start-up when the unit is within 15 °C to 35 °C (59 °F to 95 °F)
and the scene is within 5 °C to.120 °C (41 °F to 248 °F)

150mK ATAA W
Matte: 95%, Semi-Matte: 80%, Semi-Glossy: 60%,

Automatic/Manual

Approximately Th

40min

Male Lightning (i0S), Male USB-C (Android)

Female USB-C(5V/1A)

Saved as 1440x1080

Photo - radiometric jpeg
Video — MPEG-4 (file format MOV (i0S), MP4 (Android))

Video, Photo, Time lapse

Gray (white hot), Hottest, Coldest, Iron, Rainbow,

0-100%

CORPORATE
HEADQUARTERS

FLIR Systems, Inc
27700 SW Parkway Ave
Wilsonville, OR 97070
PH: +1 877.773.3547

SANTA BARBARA
FLIR Systems, Ine.
6769 Hollister Ave
Goleta, CA93117
PH: +1 805.690.6600

www.flir.com
NASDAQ: FLIR

17-1746-OEM-FLIROne_Pro
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CHINA

FLIR Systems Co., Ltd

Room 502, West Wing, Hanwei Building
No. 7 Guanghua Ave

Chaoyang District, Beijing 100004, China
Phone: +86 10-59797755

EUROPE

FLIR Systems, Inc
Luxemburgstraat 2
2321 Meer

Belgium

PH: +32 (0) 3665 5100

Palettes
‘ Contrast, Arctic, Lava and Wheel )
o - : 7 o o b o . > Equipment described herein is subject to US export regulations and may
Spot meter 0ff/°C/ °F. Resolution 0.1 °C/ 0.1 °F require a license prior to export. Diversion contrary to US law is prohibited
. e . B oy T s 1 1 BOY v Imagery for illustration purposes only. Specificatio re subject to change
Adjustable MSX distance 0.3m — Infinity without notice. ©2017 FLIR Systems, Inc. Al rights reserved. 06/06/17

www.flir.com/flirone
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Uszannweu
Yo-uuana WeNAYg DAty
T 1hiou Yiin 6 danAw 2539
o 110 ngjUnuantiad 9983una1 19/2 QUUTINAT WYIIAARIELUTELA

WRAIANTEUY FNIANTUNNUMIUAT 10520

UsgIRns@Anw 2562 ANITUAEASUMNRN @1U1TN5wNNG (NesANeUdUAU 1)
g umaluladnszasuina A satansyUs

AUTIUTYLANIZATY

1) msweulisunsululasaeulnsaaes
2.) MaAeulUsAsN python

3.) WYULUUEUIR

4) M3ReulUIUATUNITLTIUIITEN
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