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Trajectory Pattern Mining in Social Media	 
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*  Essential entities  
*  Users 
*  Locations 
*  User check in location 
 

Social media is everywhere 
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 Many Geo-Web sites (i.e., EveryTrail, Bikely) allow 
users to share their trajectories 

 

Social	  Media	  with	  Explicit	  Trajectory	  Data	 

My tracks

Every trail
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*  Trajectory data with the detailed routes is generated in a high 
sampling rate. 
*  Trajectory data from check-in data is viewed as low-sampling 

trajectories.  

Trajectory Types  
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Mining	  Knowledge	  in	  Trajectories:	  
Trajectory	  Pattern	 

* A	  trajectory	  pattern	  represents	  the	  frequent	  movement	  
behavior,	  which	  consists	  of:	  
*  Hot	  region:	  areas	  with	  trajectories	  densely	  passed	  by	  
*  Relation:	  sequential	  relationships	  among	  hot	  regions	  

6

A Trajectory Pattern: A à C à B
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Trajectory Pattern Mining

*  Input: a set of trajectories 
*  Output: trajectory patterns 
*  Trajectory patterns: 

*  Hot regions: areas an object usually stays 
*  Relations: sequential or temporal relationships among hot 

regions 

7 
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A General Framework

Trajectories 

Hot Region
 Finding

Pattern
 Discovering

Pattern
 Organization

Preprocessing of trajectories 

Hot regions are generated in this step 

Find relationship between hot regions 

How to organize patterns 

8 
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Applications	  of	  Trajectory	  Patterns	 

*  Pattern-‐aware	  trip	  planning	  	  
*  Smart	  navigation	  	  
*  Location-‐based	  Communities	  	  
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�  Input: a spatial range 
�  Output: top-K trajectories passing the query range	 

PATS:基於使用者移動模式之旅遊路徑推薦系統 	 

Trajectory Dataset
L.-Y. Wei, W.-C. Peng, B.-C. Chen, and T.-W. Lin, ``PATS: A Framework of Pattern-Aware Trajectory Search," Proceedings of 
the 1st Workshop on Uncertain Mobile Data Management and Mining (In conjunction with MDM), 2010. 
教育部 99學年度大學校院網路通訊軟體與創意應用競賽 手機應用組第三名  



Real Dataset
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Crawler	 

GPS 
Trajectories	 

GPX	  Files	 HTML	  Files	 



Real Dataset
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Trajectories	 

Postgres 
Database	 

GPX	  Files	 HTML	  Files	 

Landmarks	 



Trajectory Dataset

•  Taiwan 
– Time: Jun. 2008 ~ Oct. 2009 
– 6,548 trajectories 
– 1,301,192 GPS points 
– 7,311,763 regions (100 x 100 m2) 

•  Density >0: 135,829 regions  

•  Around Hsinchu 
– 1300 trajectories 
– 456,000 regions (100 x 100 m2) 

•  Density >0:  23,600 regions   

Hot Regions
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Framework of PATS
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Pattern	  Discovery

* Propose	  a	  random	  walk	  based	  algorithm	  to	  
score	  spatial	  regions	  

R1: 0.15 
R2: 0.15 
R3: 0.15 
R4: 0.299 
R5: 0.32 
R6: 0.214 
R7: 0.501 
R8: 0.356 
R9: 0.301  
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Pattern-‐Aware	  Trajectory	  Search

Input:	  a	  query	  range	  Q	  
Output:	  top-‐k	  trajectories	  passing	  Q	  
* Trajectory	  score	  S(Tra)=

E.g.,  
 
 
=𝐴𝑆(𝑅2) + 𝐴𝑆(𝑅8) = 0.15 + 0.36 = 0.51

Top-1 trajectory:
 Tra13
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*  Predicting	  your	  destination	  	  
*  Deriving	  personalized	  routes	  	  
*  Estimating	  traffic	  status	  	  

Smart	  Navigation	 

Community-based traffic sharing platforms 
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Predicting	  Destinations

Rule	  Learning	 Rule-‐Based
	  Prediction	  Model	 

Top-‐k	  Destinations	 

Query:	  Source
	  Location	 

Historical	  GPS
	  Logs	 

Representative
	  Region

	  Extraction	 

Data Cleaning
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Personalized	  Route	  Planning

* General	  route	  planning	  
*  Query:	  a	  start	  S,	  a	  destination	  D	  
*  Output:	  a	  shortest/fastest	  route	  

*  Issue	  
*  People	  follow	  some	  regular	  routes	  for	  specific	  

purposes	  and	  these	  regular	  routes	  may	  be	  not	  the	  
shortest/fastest	  routes	  	  

*  Example	  	  
*  A	  user	  usually	  drives	  Route	  1	  	  
to	  work	  	  	  

*  Route	  2	  is	  shorter/faster	  	  
than	  Route	  1	  	   19
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Personalized	  Route	  Planning

* Benefits	  of	  personalized	  route	  planning	  	  
*  Provide	  a	  user	  with	  useful	  real-‐time	  traffic	  

information
*  A	  user	  follows	  some	  regular	  routes	  for	  specific	  purposes	  
and	  these	  regular	  routes	  are	  usually	  not	  the	  shortest/
fastest	  routes	  

*  Facilitate	  a	  user’s	  life	  	  

20



21 COPYRIGHT ITRI  & NCTU 

Personalized	  Route	  Planning

[Problem	  Definition]	  
*  Input	  	  

*  Road	  network	  
*  One	  user’s	  historical	  trajectories	  
*  Query:	  a	  start	  S,	  a	  destination	  D,	  a	  rank-‐threshold	  k	  

* Output	  	  	  
*  The	  top-‐k	  personalized	  routes	  from	  S	  	  to	  D	  

*  Length	  
*  Familiarity	  

21 
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System	  Framework	  

22 Off-line On-line
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Traffic	  Estimation	  on	  Personalized	  
Routes	 

* Goal	  	  
*  Estimate	  speeds	  on	  road	  segments	  

* Data   
*  Traffic database: Road network, GPS data (from vehicles) 

*  Input 
*  Road segments & time 

* Output  
*  Estimated speeds on the road segments at the specified 

time 



Spatio-Temporal Weighted Approach

Query 
(Time, Road Segment)

Traffic 
Database 

Historical Data

Data Selection 
• Temporal Factor 
• Spatial Factor 

Status of the Query Road

WMA-Like 

• Temporal Factor • Spatial Factor 

24 
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Mining	  trajectory	  profiles	  for	  
identifying	  user	  communities	  	  

*  Mine	  user	  communities	  
*  Users	  who	  have	  similar	  moving	  behaviors	  

*  Utilize	  user	  communities	  	  
*  Geo-‐web	  sites	  	  	  
*  Look	  for	  some	  interesting	  traveling/training	  paths	  
*  Find	  traveling/training	  partners	  

*  Carpooling	  service	  
*  Group-‐buying	  	  

25
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Group-‐Buying	  in	  Taiwan	  	 

Where	  to	  meet	  for
	  picking	  up	  your

	  orders	 
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Discovering Communities
1. Preprocess 2. Construct User’s

 Profile 

3. Formulate Distance
 function 4. Identify Community 

Find hot regions 

Use an edit-distance-based approachCluster users by their SP-trees 

Build SP-tree  

T1

0.5

0.3

T2

0.5

0.3

1 2

Community 1 Community 2
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*  Check-in data are sample data points from 
trajectories  
*  Given a set of check-in data, trajectory data mining 

work is a challenging task	 

Trajectories are not “Perfect”
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Foursqaure:	  Check-‐In	  records

*  Top-‐10	  check-‐in	  locations	  
in	  New	  York	  

*  In	  this	  area	  
*  10306	  users	  
*  21704	  trips	  
*  6	  check-‐ins	  per	  trip	  
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Trajectory	  Characteristics	 
*  The	  generation	  of	  trajectories:	  

30

Movement Positioning Trajectory

Spatial	  and
	  Temporal
	  Shifting	 

Noise	 Silent
	  Duration	 
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*  Exploring frequent and regularity of users to approximate 
user movement paths	 

A Regression Approach 

C.-C. Hung and W.-C. Peng, ``A Regression-based Approach for Mining User Moving Patterns from
 Random Sample Data", to appear in Data and Knowledge Engineering. 
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CACT: Clustering and Aggregating Clues of 
Trajectories for Trajectory Patterns and Routes

*  Formulate	  a	  new	  similarity	  measure	  based	  on	  clues	  in	  
trajectories	  
*  Propose	  a	  clue-‐aware	  trajectory	  clustering	  algorithm	  	 

C.-‐C.	  Hung	  and	  W.-‐C.	  Peng	  and	  W.-‐C.	  Lee	  ``CACT:	  Clustering	  and	  Aggregating	  Clues	  of	  Trajectories	  for
	  Trajectory	  Patterns	  and	  Routes",	  Very	  Large	  Data	  Base	  Journal	  (top	  1	  journal	  in	  databases)	  	 

Trajectories	 Clusters	 Trajectory	  Patterns	 



Solu%on	  Framework�
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Clue-‐Graph

Trajectory	  
Clustering	  
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Trajectory	  
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Clue-‐Aware	  
Trajectory	  
Similarity	  
(CATS)

Clue-‐Aware	  
Trajectory	  
Clustering	  
(CATC)
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Trajectory	  
Aggregation	  

(CATA)
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Clue-‐Aware	  Trajectory	  Clustering	 
*  Step	  1:	  Find	  core-‐sets	  
*  Step	  2:	  Exploit	  a	  benefit	  function	  to	  merge	  candidate-‐
clusters	  	  
*  In	  the	  beginning,	  a	  core	  set	  is	  a	  candidate-‐cluster.	  
*  More	  common	  edges	  two	  core-‐set	  are,	  more	  confident	  they	  

follow	  the	  same	  behavior.	  
*  Step	  3:	  Repeat	  Step	  2	  until	  merging	  cannot	  bring	  any	  
benefit	  
*  Merging	  any	  two	  candidate-‐clusters	  leads	  to	  negative	  benefit	  

function	  
*  Step	  4:	  Eliminate	  infrequent	  clusters	  	  
*  Infrequent	  clusters	  contain	  less	  than	  min_sup	  trajectories.	  

34



C1

0.7

0.7

0.8

0.90.8

0.9

v1 v2
0.8
0.9

v6 v7
0.9
0.9

v10

v8

v9
0.7

0.
7

0.
7 0.8

0.8

0.9v5

v3 v4

0.5 0.6

0.8

0.4

0.
4

0.7

C2

C3

C4

Benefit	  Func%on�
� Merge	  two	  candidate-‐clusters	  into	  one:	  

�  Total	  CCOH	  increases	  
�  Total	  CSEP	  decreases	  

�  Benefit	  function	  =	  decrease	  CSEP	  –	  increase	  CCOH	  
	  

	  

Benefit(K1,K3):	  
	  	  	  	  (0.7+0.8)/2	  –	  0.4>0	  

Benefit(K1,K4):	  
	  	  	  	  (0.4+0.4)/2	  –	  0.4*2	  <	  0	  

K1

K4

K3



Aggrega%on	  Phase�
�  Goal:	  derive	  trajectory	  patterns	  with	  representative	  lines.	  

�  Input:	  Trajectory	  clusters	  {K1,	  K2,…,	  Kn}	  
�  Output:	  Trajectory	  patterns	  {P1,	  P2,	  …,	  Pn}	  

�  Concept:	  
�  Select	  a	  base	  trajectory	  
�  Adjust	  spatial/temporal	  information	  of	  other	  trajectories	  
�  Use	  Douglas-‐Peucker	  simplifier	  to	  obtain	  the	  representative	  lines

36

Base	  
trajectory

Other	  
trajectory

Adjusted	  by	  interpolation



Social	  media	  is	  growing	  �
�  “Location,	  Location,	  Location”,	  in	  MDM	  2009,	  
Christian	  S.	  Jensen	  already	  pointed	  out.	  	  	  

� Next	  step:	  understanding	  trajectory	  patterns	  behind	  
users	  	  

� On-‐going	  projects:	  	  
�  Sensor-‐enabled	  cloud	  services	  (with	  NSC,	  Mio	  and	  
ITRI)	  	  

�  BuddySquare	  (with	  ITRI)	  	  
� Mining	  App.	  Usage	  behaviors	  (with	  HTC)	  

37
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