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ABSTRACT

Cultural tourism plays a crucial role in generating sustainable incomes for Thailand.
More importantly, knowledge about ancient or cultural objects must be promoted. With the
advancement of artificial intelligence techniques, effective object recognition models can be
constructed. Meanwhile, a Chatbot provides a convenient way for tourists to get more
information. Unfortunately, diversity problems in the most ancient creatures especially
Himmapan animals still exist. This work presents a Chatbot system for identifying Himmapan
creatures in the museums using deep learning techniques. For each particular museum, a small-
scale model is constructed using MobileNetV2 along with a data augmentation technique to
increase the diversity of input photographs. The experimental results show that our model
effectively classifies 8 Himmapan animals in the Bangkok National Museum (98% accuracy). In
addition, our model can be flawlessly integrated into Line chatbot which makes our system more
convenient to use. Furthermore, this work can be used as a guideline to promote cultural tourism

for museums or other ancient sites.
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NN 2.4 MNMIAHOUAD Line Messaging API

#1301: https://developers.line.biz/en/docs/messaging-api/overview/#how-messaging-api-works

2.5 mMiadszansmnvealuma (Confusion Matrix)
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o aa a 4 [ 4 o A 9 <3 a A
NN Nada wnInganuduay lagadieianisansielvueuriulssansninos
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ganesny ¥ laena ludraziilun1sisou Supervised Learning HAAZHAIVDUNNT NFLAA
=KX a o a .. ~ 1 v d =K a 4
DIBUAUAUTIUADITITI (Actual Conditions) TUIULNUADEADANUNTAIDIDUA AU 11

{ s
AANENA1ANI5a! (Predicted Conditions)


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

Predicted condition

Total population

Positive (PP Negative (PN

N (PP) gative (PN)
False negative (FN

- . True positive (TP), s (FN),

= Positive (P) hit type II error, miss,

— 1

'E underestimation

8

] ..

False positive (FP
-E . s (FP), True negative (TN),
« Negative (N) type I error, false alarm,

correct rejection
overestimation
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fan: https://en.wikipedia.org/wiki/Confusion matrix
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Jason Wang , Luiz Perez (2017) 11%398i384n15%11 Data Augmentation {Noa314
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MNN 2.6 NNAIDE1Y Augmentation YBIITUIVY

Mark Sandler, Andrew Howard , Menglong ZhU, Andrey Zhmoginov , Liang-
. aw A a A A [ Y = a A
Chieh Chen (2018) 111398130913z an5n mves Tumanlvna@nuadInalssansnIngs
o 1L 9 o o
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9 9 AaA 9 a’; o A aa d v A v 9 9y =K ana g
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Network | Top 1 | Params MAdds | CPU
MobileNetV1 70.6 42M 575M 113ms
ShuffleNet (1.5) 71.5 34aM 292M -
ShuffleNet (x2) 73.7 5.4M 524M -
NasNet-A 74.0 5.3M 564M | 183ms
MobileNetV2 72.0 | 34M  300M | 75ms
MobileNetV2 (1.4) | 74.7 6.9M 585M | 143ms
conv 1x1, Relu6 o 1‘% e
T Dwise 3x3,
stride=2, Relué
Dwise 3x3,
stride=s, Relu6 T
t Conv 1x1, Relué
@u@: [ nput ) C_ input >

Stride=1 block Stride=2 block

MobileNetV1 MobileNetv2
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Standard CNN architecture
(eg. VGGNet, ResNet, Inception, etc.)

= -

transferring
the network weights

. ENSEMBLE
METHODS

custom top
layers

PREDICTIONS

o & | MODEL(S)

MNH 3.4 A NAI061975 19 Transfer Learning

f3: Mario Milicevic, Krunoslav Zubrinic, Ivan Grbavac and Ana Keselj, 2019
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3.2 msth 1%y (Deployment)

Line(Application

X Platform
Input Image Programming

Interface)

(Heroku)
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3.2.1 Input Image
) H
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3.2.2 Application Programming Interface (Line)
4 J a 1 [ J ad 4
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J1dU5msuay LINE wiumsdamlugiuuy JSON $1n1515euaeny Line messaging APT 428
Webhook H1UN14 Botnoi SME Platform
3.2.3 Platform (Botnoi SME Platform , Heroku )
Y a A 1 a J < A o w
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3.3 WamMIMHUI801INHIN00 Line Application
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3.4.1 /¥ Python programming language
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3.4.2 Tsunsu Line API
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3.4.3 Jupyter Notebook
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3.4.4 Tlsunsu Google Colab
< a . o
11U Software as a Service (SaaS) laaa 11sunsw Jupyter Notebook U Cloud
910 Google IA8a13150 &319 Notebook ¥ 11/51n5un11 Python lav3uasil GPU, TPU 1%
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M99 4.1 agdwanmanfseumenlszansammsdumunglnm

precision recall fl-score support
NUUS 1.00 1.00 1.00 8
AFN 1.00 1.00 1.00 8
AFNYAUIN 1.00 1.00 1.00 8
NN 1.00 1.00 1.00 8
wnszing 0.89 1.00 0.94 8
N9 1.00 1.00 1.00 8
GRIECEM 1.00 0.88 0.93 8
viad 1.00 1.00 1.00 8
accuracy 0.98 64
macro avg 0.99 0.98 0.98 64
weighted avg 0.99 0.98 0.98 64
Confusion matrix o
7
6
" 5
a
g 4
-3
-2
-1
—0

MNA 4.1 91519 Confusion Matrix

Predicted labels
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Lﬂﬂﬁ]’lﬂg‘]JVIu‘JJﬂafNVlWﬂﬂﬂﬁ FINTUTY Probability ll'J'E]fJ'VI 39.4%

U

25 1
= train loss
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