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Mining Interesting Locations and Travel Sequences

from GPS trajectories (Zheng, WWW'09)

= GeolLife Project

Microsoft Research Asia
Mobile phone with GPS

= Purpose: Recommendation
= |nteresting location
= Travel sequences

Using Tree-based index
structure
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EXP1: Comparison of Sync & Async

Comparing the #patterns and cputime for

FPMsync and FPMasync algorithms
Setting

® Area 100.0 x 100.0

® 400 trajectories of
length 100 generated

sync async

#patterns found

patterns B patterns B

true patterns 40 40 by random walk with
FPMsync 40 0 step 1.0 and angle
FPMasync 41 43 +90deg

® 5 inplanted copies of
each of 40 random
patterns of length 10

FrE M AL 12/ 3—U MIELKR D2 TS

total time sync async within width 1.0x1.0

g Patterns g patterns Mining with
FPMsync 0.640 sec | 0.640 sec max width 1.0x1.0, min
FPMasync 0.733 sec | 0.686 sec length 10, and

AFrE#Re, d£X, 2014/03/10
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frequency at least 5.
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Experimental Results
EXP2 Speed-up by Geo-index
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EXP3 Faster Enumeration
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Setting: N = 25 to 200 trajectories of length 40
in which N/10 patterns x 5 copies are implanted

Setting: N trajectories of length 40. Other
parameters are same to EXP2:
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