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ABSTRACT

The Thai funeral wreath is a symbol of commemoration for the deceased which
was influenced by western culture, then modified and utilized to show Thai uniqueness.

The wreaths cost high price and can only be used once. This inspired the concept
of wreath adaptation by using recycled materials such as fans, blankets, towels, clocks, or
trees, then decorating them with artificial flowers from waste material to increase product
value and conserve resources.

When sending a funeral wreath to express sympathy to the funeral host, the
sender’s name is displayed on a large black or white card on the top of the wreath. This lets
the bereaved know the senders and gives the hosts a chance to thank them later.
Therefore, the hosts likely need to keep a record of the senders. It is helpful to use modern
technology such as artificial intelligent, which has made a lot of progress in learning and
memorizing messages from photos of wreaths, and Chat Bot technology for recording data
of several types of wreaths.

Thus, this project presents a Chat Bot system for reading and classifying types of
funeral wreaths by creating small sized categorical models using MobileNetV2 techniques
and increasing the diversity of photos through the Data Augmentation technique.

Test results show that the model is of high quality with 98% accuracy in reading
messages on photos of wreaths and classifying the types of wreaths into 4 categories.
Furthermore, the model was tested using the Chat Bot system via LINE and was able to

provide data from mobile phone photos effectively and conveniently.



This project can be modified for use in other ceremonies, such as wedding
ceremonies or official promotion ceremonies, to allow organizers to record details of the

event conveniently.

Keyword: Deep learning, Chatbot system, Wreath
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delinsiluldenuldaumnumingay 1un nsidunaiia Transfer Learning (Mario  Milicevic,
Krunoslav Zubrinic, lvan Grbavac, Ana Keselj, 2018) anldd@msudnvinlanavunndnilusyansaimn
LLazLﬂ/lﬂﬁﬂmim%w%am”aimElmw‘ﬁ Data Augmentation (Jason Wang, Luiz Perez, 2017) LﬁaLﬁﬂJ
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(Deep Learning) #ii5nin Convolutional Neural Network (CNN) wazidonldlunadifiawindnuas



fluszavsamiiade MobileNetv2 (Mark Sandler, Andrew Howard, Menglong Zhu, Andrey
Zhmoginov , Liang-Chieh Chen, 2018) a1uunn1u Application Programming Interface (API)
iielduansnamaniinaslnsfwiinuuenndindy Line Tunsruiunmsiauszinisfugunmsiou
wonnaady WunsiSenldlusunsu (Application Programming  Interface) ﬁasﬂium%Wnaﬂﬁ
ansaduunylnvesnin (mage Classification) uazdaandusndsfld naléainnside wuiy

Tumanidenldanunsadunviinvesingauriinfiivuale

1.2 InUIzaaAvaInuidY
etauslinaszuvandmwisame Uy usedivg dmsuldluniseugunm duing
e uuNTinvesnase wastufinnanuaufen1svesldnu iuauazain $3059 LU

nsanduney wazusanuaulunMIniveya

1.3 YaULIRNUIY
1.3.1 NMSIUNTIUIUUTEANNINIA 4 B9

1.3.2 NISARUAAINAZLDIAYDININ

1.4 Usgleninaiainazlasu
141 wiodwesesdiolunstufindoyawaznn
142 Webidwesu antuneulunsiaiudeya

143 DALY wazsresallunsine wien1sdniudeys

1.5 Qaudwi
151 MobileNetv2 1Ju lasegyszamiieuunuunieiiannsainnsdniunyinves
a I~ ] 1 %
sunm Ingdvunaidniesenisidanu
152 MSE (Mean squared error) #1884 ANRAYUDIAINARIALARDUENAISIEDY
153  Accuracy AemiANLiugvesimaniglunisweinsal
154 Precision Aem1uendlunane1nsallidn 939 gnasainlus

155 Recall Aasfilumang1nsalladn 939 Wudnsidruinsiieuiuredasaianus
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uAnyATeiiingUsvasdifietiausluma (Application Model) szuuandmamin

melyaUsedvg  dmsuldluniseuguam Fuinguiteduunviinvomaawda uagtufinuaniu
ANuFeINIsvesfldann Iimmazan IS sullufenisantuneu wazkseuadlunisdnh
Joyamenisuszandldnisiseuiiiedn (Deep Learning)  lnedndudesdnuwionaisuazauide
Rertestimenmssellil

2.1 M33eu3LA9EN (Deep Leaming)

2.2 Msiw3eudeya 3N LabelMe

2.3 CNN MobileNetV2

2.4 Imqszqumﬁgamﬂauh@u%’u (Convolution Neural Network: CNN)

2.5 Application Programming Interface

2.6 Line Application

2.7 Google Sheets

2.8 frinUszansnmaeasluaa (Confusion Matrix)

2.9 UITLNNYITD4

2.1 Msi38U31898n (Deep Learning)

maFoudidednfunwsgesmsouivonaiosding (Machine Leaming) Aififiugiuain
TasateUszanyiiten (Artificial Neural Network : ANN) fuiSasaiieviliiadesdnsanansaisous
Iannmsldauiuussuuyssamueuyue Imaiﬁ%’a;gaLﬁﬁﬂﬂiu%’jumi%’u%’aaﬂa (Input Layer) 90t
idosdnsazindeyailldzuluussinanalududeu (Hidden Layen) udraztinausdeyanadnsly
Fuuansua (Output Layer) Faustazauazgnuiauendes uaznszaisoonlufusardanosiiuves
madsuiveaedosinsiigninlieglusuuuuresdidiuiu uasseiilesiu Tnsluudazdu (Layer) azgn
afrstupunadnsandunounti anduwsiarduargnuszneviudulassisussamiion T

wilauduisnisnszarenisuidaymvenwaduszamluanesuywd niasunlaindunisaziou

(%
= £ 4

ANSHIUYDIAUDIAY  FIDANDSNUVDINITLIIUSLTIANUUAAIYAUNITVINIUVDILATIATITEUU

Y
=% a [ J

Uszan LngNLAaLlsaausean L T0UABTINULALNY SIUDINNSEITNAaTERINWTanUTEEN

Y
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Simple Neural Network Deep Learning Neural Network
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. Input Layer Hidden Layer . Output Layer

AN 2.1 g NIATIETI LA SURILUUTIABINSISEULTIEN
un: Vithan Minaphinant - 2018

2.2 maw3sudaya 310 LabelMe
mim%m'famuaﬁrm LabelMe Lﬂu%umaumiﬂizmama (data processing) (enaaia
Fullydsug, 2552) lunsafndeyanamareiievanidudeyafitans nnwes Yszneumedeya
UssLaning vunnvesing (object size) dumisvesing (object position) twUszneuliield
finsanmfvlassairsainaninsou Welddeyansuiuazindgnszurumsdmdoniioes flddu
n5vieu fail
2.2.1. mslianumnginguiauiinteya lagldld LabelMe (Russell, et al., 2008 ; Torralba,
et al., 2010) WuiAIeailofilasuniseonsueg19aninewang dwsuauidesiu Computer Vision 1y
wendlatuaunsavhauldedaiuguuuuuuivludnvazvoaaiedleliainumng (Web-based
annotation tools) wansiiegslunnit 22 (n) Yagduiliaquuamiignlfarumanesiuuinnia
400,000 $18M15 vl ldaunsairfslusunsuriumaasedigesulalade vlllgldnudinl
ammngnwldanang weiitugiuvesnisliaumnefuandafun uauannsovesudas

' o [ <

unna Toyarmanazgnimiuasuugiudeyanseuduguainiignuiin fregananduning 2 (v)

Y

'
1 P

Joyarmaniignuiinudazuanilimeunile agladeyarmanvesinguuninusznouneniu grass,

snorkel, snorkel, kid, kid, ball, ball, flipper Wag flipper éfﬂﬁ?ui’mquumwgﬂiﬁmmwma51";&F‘J%mi

738071 Labeled Object ¥3e ufin (tag) (Mezaris, et al, 2003) wazdnfudeyalusuusie Oi

={01,02,..012} LLan'ﬂ,ﬂﬁi’wLLuﬂ%’amUamwLﬁuﬂﬁzmumiqmﬁw AaNINUsENDU



(n) (v)

o A

Mil 2.2 uansenndndu LableMe n. Msuiinunawesing @ Adnivesingiignuiinuunin

222 msanadeyaiining (Feature Extraction) lagldlaseairsainaInseu (Structure
Skeleton) wUszanAlddmsunswlanunanenIn Asansdiegslunma 2.3 (n) nungufves

Rudolph Amheim (Arnheim, 1974 : 11-15) na1il¥d Mssuisuiianuaulaninasusnuas

Ao 1 !

uyEgNLTY 9esuTTngndanvanuneu T Tngivuiuasiluingluluiiinaanim uaz aedeq

[ ]
=

fuuavesinggiiesne nszariuingegauraurainIm nsenudeweinmazsui viseaula

9

PouauaIusa iy 1nsAndudndi1uannauAuAUYUIN LAZAILALUSUUAIN Falanssnagslunin

71 2.3 (v) Useneaudie sea, sky, sand, kid, ball uas dog lneivuavesingiiilu sea, sky waz sand

o

ddy A t:l' o w 1A a [ . = 1 a & } %
wANUNUINNFARWAWY weitiloRTalAendann15ved Rudolph Amheim giiiudnilauyudsus
A7 (huran perception) A3wusn azduinguywdlianuaula uazezegiunisfinaanin way
= a & W ' a a o 3 a & . < o
fyweidiuannne wsizaziumedslunmi 2.3 (A) Aiiuyedar aulauiniaase kid Wuddu
wsn 1nnINzaule sea widrazdvwaiilugninuininy  nsizaziuannguidisuieu

'
=

Uszendlditeumantuaunismevesingiivsnguunin waglirmvesingiinadnuasuansg

1
Y v A

fiu devesinguandiaiume awnssaesuield dedl



Main hidden Iinc

| {
|_Hidden line lzl

e

(n) () (M)

o . P %] a P a
A#l 2.3 713 Mapping Mudnglassaisainaninseu (n) lassadsainnnsnseu

(W) ameeg1egnuindednyt () n1wgn Mapping nglassaisainanseu

1) NSAUINIUIAYRLING (calculated object size) lunsAvuAvUINUBITAY

v A

(Object size: i s) Hunmstuduugaiinaniunvesusazingfignuiinlinds Ineinguuinlug

Y 9
(%

wsaiiiununuansinfidnuugafinwauinnininguuiaanaziiinuuiineatos  wisiunives
° v . A ) ad A& . .
fuuali Oi €{01,02 ,...on} Inefluray oi agfiiuiidu ( ) (,)iiiregiono € xy

2) MsAIuAmMLeIng (calculated object position) lunisiumiising (Object
position: pi ) UATIATNANARTATOUNDININT Mapping ULAIN FIUTUNINITAIUIUAIFTLALY

Y9939 warANNTNULAIN NLATESAimUalT wansddiegslunIndg 3 (9) e Nl

I ¢ d'

voringeganaudnansaziinnudAguinni Ingiiegdausy ¥3eveun1n AMlaAna1INIMAIT Y

9

U U Y o ! - CY 14 a ! o/ o 1d J
ﬁ\‘I‘UUﬁ]\‘i‘l@ﬂ’Wi‘LIG]ﬂ’]“U’eNU’]WUﬂU‘UIﬂiQﬁTNﬁLﬂﬂmﬁ@]'ﬁ@u‘l]@ﬂLLWa%Lﬁu Qﬂﬂ’]‘VIUWLU‘NﬂT’Ua\T { } L®

OLOL O, . 12 € iduiusiuduuulasaig | € {u2,. L}

saa a a

2.2.3. M3finidenTikaes (feature selection) umsdnidendeya wieTiwesniussdnsam

wuldlunisussutana tlesaindeyaidiuiuuin i ldaudnvazulrsdiivesdaya

Y 9

= v & v A a

Tl ndudaald msizaziuiosinisdndantayanfivoiuussansnnveen1svinune saudanis

Y
dupseilunalasinditu eanaududouvesdoya levinisidendanesfiu chi- square uae

'
[

information gain Fadudane3fiuninanuaiunsavesiiwesnniiuseuiiisuiu
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2.3 CNN MobileNetVv2

Convolutional neural network (CNN) L*fJuLWiaJﬁs‘ﬂﬁaﬂaaﬂmemﬁamﬁmummq
MUANABINTVRE Y NaunlaeuIem Google Weneulanddaymvedluwa CNN Talufiduwind
Tng) wardodldnineinsang q lun1suszutana Wu niieAI N8 wagmiteUsyutanadd

Usgansnmgs 1usiu
Ao

MobileNetV2 a5un1simunduunain MobileNet 7fiTngusyasniiaannistansnenns

9

flvuadn viaulensy wiienuudugiazanasludhadiedisuiulueaniivusivg winegluszau

caa 1

foousuld uazdouldiugunsalifivunidn wu Insdwidiedo 1udu Tnsiauied sieiios

Tuve  dinldduugesdyyiafvuindnas ng Projection  Layer atedoyaniiiidaya

Y

(@oedygray) Susnnbilunugesniisuudandinid

~\
\J
1x1 “Expansion” Layer
Batch Normalization
RelLUs
'
3=3 Depthwise Convelution
Batch Normalization
RelLUs
|
1=1 “Projection” Layer
Batch Normalization
-—

Bottleneck Residual b!ock

29N 2.4 Tassas1aaeasvaaluing MobilenetV2

fisn: https://machinethink.net/blog/mobilenet-v2/



https://machinethink.net/blog/mobilenet-v2/
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2.4 lasevnguszamaauligdu (Convolution Neural Network: CNN)
Tasstneuszamasulagdu (CNN) 1Wuiidndid daiieatuisosnissousidsdn (Deep
Learning) deiinsldlusuidovats q fu 1wy nnsdangudeya msutesuaiw uaznisisidye
Hudu lunaneTandianilnenssy NN Swauannlfgniaueiu 1wy EfficientNet [8], NASNet [10]
wazsoulu U A.¢.2015 dn15Waun Visual Geometry Group (VGG) lag Simonyan wag Zisserman
[11] ua¢ InceptionResNet [15] a1nuvinendeeenalasn fyauszasdifladaduuos CNN Foniy
VGGNet adlaldludunaulagiu 16-19 u wussananamemnsesnundnesdunoulgiu Tasd
vavestayathidn (input) Suun 224x224 fina Tuusazduuavesteyaszgnanunmadlngly
N3£UIUNTT max pooling wazwwIAvastuiidniiandauunn 7x7 finiea ndsintuazaumndedy
L%auimaugiai (Fully Connected: FQC) S'Tiaﬁsumﬂ 4,096 4,096 1,000 AIUA1FAU LLazguqmﬁ%u

[ & 4 NS z-s' a vo &
softmax 1 Uutugaviny dvunsuniunindsenauil 2.5 aunsaesuiglanall

Feature Feature Feature Feature Feature Hidden
Inputs maps maps maps maps maps units Outputs
1@48x48 64@48x48 64@24x24 6H4@24x24 64@12x12 128B@12x12 3072 7

| - ! \ \
Convolution Max-pooling Convelution Max-pooling Convolution Fully Fully
5x5 kernel 3x3 kernel 5x5 kernel  3x3 kernel  4x4 kernel connected  connected

Al 2.5 andnensaulassieuszamaeulagdu (Convolution Neural Network:CNN) [4]

2.4.1 Fusudeya (Input Layer)

gusudeyalutuusnvasszuunismaulagasnininilunisiudeyazunin Surun

a

ALES (Height) MNUN319 (Width) uagaaudn (Depth) veagunin Tngamnugauay auninedy

a1 1w

1 < a = < = 1 = =
nioduines wagaudnazlluavniud i Awana (Gray Scale) AgdAN WAU 1 LagnIng
(BGR) agilawiniu 3

2.4.2 Fumauligdu (Convolution Layer)

[% ¥
v A

gupsuligtuidutussniiseuiaintuivdeya duivsriminilunisuenauauda
(Feature Extract) 1w @ vou jUnss \usiu andeyaifuunagyinisiseuiiisugunmnsuaindu
Sudeyariuiinged (Filter) lneNvunavesdinseasasnsausulamuanumngay uwiteuldnuunn

3 x 3 dwsunmiivwaldlnguin 5 x 5 dwmsuamndaualng@uun azviulaenisiidasly
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Y1AYe4 Filter inaufudiarluvuinvesguamidumiansaiu filter wazvitnisidouaindrely

271 VUANANS AIUANUTENDUTN 2.6

1x2 + 2x1 + 3x(F1)+
4dx0 + 5x0 + 6x(-1)+
1 219 2 1 g | 7x1 +8x0+9x1 =8

AN 2.6 FI9E19N1INNNUVRITUABULIGTU VUIR 3x3 stride=1 [4]

2.4.3 Fungds (Pooling)
Fungds (Pooling) tuduivinauseduduaeuligdu [11] asvimiifinernfenisie
A1gean (Max Pooling) %30 Aade (Average Pooling) 31ntuAeuligiutiteanvuInvetoyaniniy

= 1 . | o [ ) i v
YA AR (Pool Size) uddapdliTeinuaizisiuvasioya

2131|145

Max Pooling 2x2 Stride =2
6 7]8]9 21 9
1[5 2|3 5 | &
O[3 ]| 4] 6

AN 2.7 f19819119Y11971U89TU Max Pooling [4]

2.4.4 Fuenlesauysal (Fully Connected Layer) tuiieslesanysal (Fully Connected

< S a4 ' cou & ! = a v < aa Y o | & v ¢ v Y o=
Layer) {utuiiousielagauysaiiudusing o Feasldnuasidu 1 36 udnhlvdiunadns dauds
Juduaavhemszliaunsaily Widupeuligiu viedungds (Pooling) lidn munmusznaud

2.8
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Flattening

Input Layer Output Layer

Fully Connected
Layer

a U ! N 1 ! :.: Y gj d" L3 g.J/ v 6
AN 2.8 AIBYNNILYBUADTEVINTUIUUBLA ‘UUL‘UE]&JIENﬂJJLJﬁm ASYUNAANS [5]

2.4.5 Fuwaaws (Output) Furaaws (Output) Wudulssananadnsilaanduteusenu

wanINaLduALE NI TEYAIUNGUUBIAIRNBY

2.5 Application Programming Interface (API)
AP Huszuunmsi@ensenisviauainszsuunialugdnszuunis welviwendwisaieuen
At wagdmandeya APl Fadudinanafivgviminfinessumdwng o Ussinana waznszviidoya

AINAUAULAYDALUIRA LD UIAUALAINIUNITYINGIU AANISIAY LAZARAIURANAINAS

0 [0 < <

AN 2.9 ANANSLTRUADUDY API

fiyn: https://www.experian.co.uk/business/data-quality/validation/enterprise-application-

integrations


https://www.experian.co.uk/business/data-quality/validation/enterprise-application-%20%20%20%20%20%20%20%20%20integrations
https://www.experian.co.uk/business/data-quality/validation/enterprise-application-%20%20%20%20%20%20%20%20%20integrations
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2.6 Line Application
Line Notifications %38 Line Messaging APl fia N15d8@135enINeUINITVRIAM kazyld

' a

LINE Wunisdeansuuvaesing I Messaging APl azds LL@B%JU%@%&%WJ’NL‘ZIS‘WL’J’E)%‘SUENﬁﬁ’MUW
wazwennAIAdy LINE iudasmadsiiesveamnslat nsdsdneasld APl wuu JSON Messaging
AP Ymsideusiasywing User kumns LINE official account 7s18al3 wiedseanain Server 7
vl Tuguuuy Interactive Timeunnsldatu Messaging APl vhldlnegfldazfoadonsoru LINE
Platform waziiedl User wiy Account LINE iuifiou widededonuriugeamns LINE Platform 9z

yiN1sds Request 1183 Server Msnasmzidunnlifiu LINE account usiudl 38i5und1 Webhook

Foiigldanuidnmilouduilaldneuiuauasa o

YOUR SYSTEM

AW 2.10 amnsideusie Line Messaging AP

an: https://developers.line.biz/en/docs/messaging-api/overview/#how-messaging-api-works

2.7 Google Sheets

Google Sheets Alu Apps lunguwes Google Drive 1Huwinnssulusves Google il
anwalz NMIYINUAGIeY fu Excel 10153319 Column Row axnsalddayanis q aslulu Cell 1o
anansafangaseng 1 1 uiisnisléansduinazuaniiann Excel  lidosiadafindosiid
anunsaltauuy Web 1aviui Imalvxlé%gﬂﬁ’uﬁﬂﬁﬁ Server 984 Google vlvaansalaldanula
vueeulat laidnazeditla 1ilwall Web browser wagdumesidn annsausslndlgdusldauls
wazilszuu Mstufinuuu Real time Save Snlulfd uenvnilfivenunsa Save wie Export 91U
ponuldeuiu Excel nsosiidlasnse vlvnisyauasmnauie andstu Tnenisdendudile
uluiules Google @18 Google account %38 gmail azausadluvieuls  Bldausadn
(Spreadsheet) LiipadsnuLanalsnoundu a¥13dae Google Form mmaa%’u%gamﬂuﬂﬂaﬁu 9

nnsennunls wazdeyatuavgninuduiinbiluenaiseuveds Jeawsadn (Spread Sheet) #ail

evzdiUsloviannlunisunluldau wu Jeyananisiseuvesinten Jadsiesusedny  ase


https://developers.line.biz/en/docs/messaging-api/overview/#how-messaging-api-works
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uunfiitediausdoya suilufmesuvdeuuuaeuniy wuunagevssuladdmiuiiudoya Wud
annsailaudlylndasndn (Spreadsheet) angaldviuil wyfuagiausmduiion q meluase
%0 (Spreadsheet) wignfiu 5095UNMsInN13AUAIS1e ldnasdumsiSesddiu vin au g s wise
flertudug fimseedluasadn (Spreadsheet) Wsunsu Excel wag Google Sheets @un3avienu
nglilldideuderuduneditn sosfunsdalidaiusada (spreadsheet) wuus1a 9 1nang waws
Sy fil

271  a@%eaUsndn (spreadsheet) udl \Uauazuiloasada (spreadsheet) anipsesle
Al Alafls aamavthiiu wiegunsaidu

272 uwiawsndn (Spreadsheet) waryausanfufuAuduY vuasadn (spreadsheet)
Weaiu uazrlunaifeiu

2.73 yhenldnnne uluedlifidumesidn

2.7.4 Ingunuuwad Jow/dniTestoya wagnsvinawsng 9 uualsniin (spreadsheet)

2.7.5 Jufinuussuuaang (Cloud) wazazduiinmsunluteyalagdnlud

2.8 AIaUszansnmvaslana (Confusion Matrix)

Confusion Matrix fie N15IAUTEANEAIMUDILATEND Taetan1zUgueIn1Taunnig
a0f Wwusnganuduau lastadiandnisentislrusaiulssansnnssdanasiu Ineialdudlay
I3 = Y . . | a ¢ = a st a
Jun1siseus Supervised  Learing wiazuaivasuninduanidaduawnudlunaiasss  (Actual
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3.1.4 M3 Train Wag Test Toyalviwuudnaes
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AN 3.6 FIDYIININUTLLANININGA

2) Uszwndn Tddaya 40 7w uus Train 75 % uag Test 25%

AT 3.7 A9g19nNUSELANEN
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3) Uszmiinau Tddaya 40 a1 wua Train 75 % wag Test 25%

AN 3.8 F9g NN NUSLNNNAAL

4) Uszunaulil Tddeya 40 A wus Train 75 % uag Test 25%

AN 3.9 Fregran nuseinnaulsl
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3.2 msulUldeau (Deployment)
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3.2.5 Application Programming Interface (Line)
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