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*Why do this things?

*How do this things?

1. a partition-and-group framework
2. a formal trajectory partition algorithm using the MDL
3. adensity-based clustering algorithm for line segments(DBSCAN)

4. discover the representative trajectory

*Experimental evaluation

*Discussion and Conclusions
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MDL(minimum description length)
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MDL(minimum description length)

Definition

MDL, .. (p;,p;) = MDLcost(= L(H) + L(D/ H))

par
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i<k<j
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*a formal trajectory partition algorithm using the MDL
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exact solution

l‘ﬂ)l.par(pl. p4) > MDLnopar(pl. p-t)
l‘ﬂ)l.par(pl. pS) < MDLnopar(pl. pS)
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«discover the representative trajectory f @) 16 T S
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*Experimental evaluation /@wg;gﬁgmg

H(X) =Y plai)logy —os = =3 (e loga p(a),
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where p(zi) = and n = numi,

Z;1=1 | Ne(25)|

QMeasure = Total SSE + Noise Penalty (11)
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Figure 16: Entropy for the hurricane data.
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Figure 18: Clustering result for the hurricane data.
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Figure 17: Quality measure for the hurricane data.
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Figure 19: Entropy for the E1k1993 data.

D&d rav

A /[~ "““‘*/ T

590000 //

e~/ .

530000 +— \/ \:/// —a— Minlns=9
—ﬁ—M'tlﬂ_ns=10

25 26 27 28 29 30 31

Eps

Figure 20: Quality measure for the Elk1993 data.

Figure 21: Clustering result for the Elk1993 data.
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epartition-and-group framework

*have performed extensive experiments using two real data sets

»support undirected or weighted trajectories.
»extend our algorithm to support various types of movement patterns, especially

circular motion.

»extend our algorithm to take account of temporal information during clustering.
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