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Abstract

This project uses Deep Learning and Expert
System to develop a integrated website of pet
information. Its main functions include: (1) Establish
a integrated website of pet information to integrate
various pet adoption and breeding information. (2)
Use Deep Learning to classify the animal photos of
the adoption website, and then recommend the pets
that are suitable and accurate according to user
preferences. (3) Use Crawler to capture pet medical
information for analysis and integration, and write
CLIPS to establish a pet medical Expert System.
After entering pet symptoms, the users could get
corresponding disease diagnosis suggestions to assist
the owner to judge or make immediate treatment. (4)
Get the user's location in combination with Google
Map, which could display the information of nearby
parks or pet stores. The user could choose the
destination and make a route planning. (5) According
to the different breeds and ages of individual pets, as
well as the user's operating situation on the website,
they are screened and integrated to find recipes
suitable for personal pet breeding and recommend
them.

Index Terms: Collaborative Filtering, Crawler, Deep
Learning, Expert System
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