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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, there are
some problems found on the diversity of ancient creatures especially Himmapan animals in Thailand.
This study presents a Chatbot system for identifying Himmapan creatures in the museums using deep
learning techniques. For each particular museum, a small-scale model was constructed by using
MobileNetV2  along with a data augmentation technique to increase the diversity of input
photographs. The experimental results showed that our model was able to effectively classify 8
Himmapan animal types 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.

Keywords: Cultural tourism, Himmapan animal, Deep learning, Chatbot system
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8. Transfer Learning (Mario Milicevic, Krunoslav Zubrinic, Ivan Grbavac , Ana
Keselj, 2019)
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