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We have created a program that estimates @ Conclusions and Future Directions

the locations of the unmapped APs using
the locations of the mapped APs and the
Markov Chain. The program solves a system
of equations where the coordinates of each
unknown AP are a weighted average of all
other AP coordinates.

From the heatmap, we were able to observe the general movement of foot traffic in the center across time as well as significant
“hotspots” such as Griffith Theater, McDonalds, and certain hallways. By confirming estimated AP locations in person by visiting
the center, generating animations for various time intervals and dates, and performing numerical analysis on the AP counts data,
we will be able to increase the accuracy of our visualization and further make meaningful observations from it.
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