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Extension

Together Models

- Categories
« Application




Moving Patterns

* Company Patterns

* Aggregation Patterns
* Divergence Patterns
* Leadership PWns
e Popular Patterns

* Mutant Patterns

So......where’re Moving Together Patterns?
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To identify similar movements in a collection

viotion Fatterns

of MOPs(moving point objects)
REMO analysis

A trar}s_fprmation of lifeline data to a REMO
matrix featuring motion attributes(i.e. speed,

acceleration or motion azimuth)

Match of formalized patterns on the matrix
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I Pa rt 1 Relative Motion Patterns
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AR example:
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Relative Motion Patterns

Basic Motion :

Constance: sequence of equal
motion attributes for r consecutive
timestamps

Concurrence: incident of n
MPOs showing the same motion
attributes at time t

Trend-setter: one trend-setting
MPO anticipates the motion of n
others
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otion Patterns
Basic Motion + Spatial Constraints(proximity measure)

The maximal length of the cumulated distances to the mean or

median center

The average Ie”ﬁ'é?h of the Delaunay edges of the group

MBB(i.e. a ellipse)

The indication of a maximal border length of the convex hull
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1 Relative Motion Patterns

Concurrence + Spatial constraints
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1 Relative Motion Patterns

2adership:

Trend-setter + Spatial constraints

Data Mining Lab | UESTC



.

gregation/Disaggregation Motion Patterns

Convergence: Set of m MPOs at interval i with motion azimuth
vectors intersecting within a range R of radius r

Encounter: Actually meeting within R extrapolating the current
motion .

Divergence: The opposite of the Convergence

Breakup: The opposite of the Encounter
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I Pa rt 1 Relative Motion Patterns
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example:
Convergence
without cluster
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Relative Motion Patterns

dWDJCKS:
 Hard to define an absolute distance between two objects
* Hard to define r (i.e. Lossy-flock problem)
* Asingle ris unrealistic
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y-Based Motion Patterns
Allow the capture of trajectories of arbitrary shape

e Convoy: Density-Based Flock
* Swarm: Time-Relaxed Convoy -~

* Moving Cluster: A sequence of spatial cluster
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I Pa rt Density-Based Motion Patterns

oving Cluster:

A set of objects that move close to each other for a time
duration

\(::t I.h,,lf_-_:tJrl‘ -

spatial cluster
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I Pa rt 1 Density-Based Motion Patterns

ocK:
* Adisc of rigid size
* K consecutive timestamps

Convoy:.
 Dense-based clustering
Swarm:

K (non-consecutive)
timestamps

Data Mining Lab | UESTC



Dense Area Detection: Drawbacks

U5
EIDD
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Pa rt 2 Gathering Patterns

Gathering Patterns

* Key Attributes

* Definitions
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| Part 2 oo

* The trajectory of a movingobject ——— ~  ~
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Definitions
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| Part 2 couomen

Indexing cluster with R-tree:
Amin (M(Ci); M(Cj) < dp (¢, Cj) '
* Indexthe MBRs of the cluster in C by a R-tree
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I Pa rt Z Gathering Detection
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BVS(Bit Vector Signature)
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Part 2 .o

TAD & BVS
* Test Step

« /Count the 1 bitsin B(o) with bit operation

1) Let m1 = 01010101,

z = (z&ml) + ((z > 1)&m1) = 01011000
B ) Let m2 = 00110011,

r = (z&m?2) + ((z > 1)&m2) = 00100010
3) Let m4 = 00001111,

O r = (x&md) + ((x > 1)&m4

p——
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How does it work

| Part 2

Discovering gathering incrementally

Crowd Extension:
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| Part 3 ccon o

Urban Black Holes: STG(spatial-temporal Graph)

. Black lmEﬁ/Volcano_ <—_T@'fﬁc Flow

e —

)

- -
- 5 -
- ' ~ T'\’.
| .t N3
- . .



S

| Part 3 ccon o

Urban Black Holes: STG(spatlaI -temporal Graph)

_ . D;t;&ﬁ.w VESTC
N ' v‘ . : "




&




