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ABSTRACT

Dogs are man's best friend. A dog is an important member of the family. Losing a dog can be
a distressing and painful experience for the dog itself as well as the owner. If they cannot find a

way home, they will be living on streets and become problem for community.

We developed this project to help dog's owner reunite with his or her dog. Community can
help look out for lost and found dogs. When a dog is lost or found, user gives information to the
system. Such information includes breed, age, gender, marking, color, lost or found location,
date/time and image. With image processing and data mining techniques, the system is able to
suggest possible matches from similarity of dog faces. Other information is used to narrow down
the result. The application will reduce number of homeless dogs by reducing time of finding lost
dogs and increasing chance of encountering. In addition, the application will give an opportunity

to users, who want to adopt some dog, can choose the dog that has a look they need.
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2.13 malulagnly

2.13.1. SQL Database
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2.14 1950330 N%
2.14.1. MEnAlFlumswann

2.14.1.1. Python

@ python’
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2.14.2. Library A4 lumswemn

Scikit-learning

machine learning in Python
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2.14.3. IDE f1¥lumsiann

2.14.3.1. Android Studio
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A Studio
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3.2 Inssa31avesszuy

Recognition
RESTful Web Quality
Service Improvement
Lost dog owner's Service
smartphone A
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| \
D—“J Database
Lost dog
encounter’s
smartphone
Server
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