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(01 ABSTRACT

People movement data can reveal much hidden information about people’s behavior and their area of interest. The problem can be divided into two sub-problems. The
first sub-problem is to determine the location of the individual based on the sensing data such as GPS coordinates. The second sub-problem is to extract useful information
from a large amount of sequential location data obtained from the first sub-problem. The first sub-problem for the outdoor setting has been well-investicated by
estimating the location from the GPS data. However, the indoor setting is still ongoing research using several types of sensors. The second sub-problem is often categorized
as trajectory mining, which still open for many research questions. This research is interested in indoor trajectory mining. Due to the limitation of time and resources, the
trajectory mining problem is performed on the outdoor dataset while the experiment for the first sub-problem is conducted by collecting data from 3 beacons inside the
Science building, Srinakharinwirot University, to determine the best algorithms for the indoor positioning. The positioning prediction obtained K-Nearest Neighbor, Random

Forest, Support Vector Classification 4.45 meters in error on average. The trajectory mining problem in this research aims to find the area of interest of people given a set

O 2 of coordinate positions from the Geolife trajectory dataset implemented by the DBSCAN method.
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