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Trajectory  Clustering




T-­‐clustering


q  Trajectories	
  are	
  
grouped	
  based	
  on	
  
similarity	
  

q  Several	
  possible	
  
no8ons	
  of	
  similarity	
  
q Start/End	
  points	
  

q Shape	
  of	
  trajectory	
  

q Shape	
  &	
  8me	
  

q Etc.	
  
Nanni,	
  Pedreschi.	
  	
  Time-­‐focused	
  clustering	
  of	
  trajectories	
  of	
  moving	
  objects.	
  	
  	
  J.	
  of	
  Intelligent	
  Informa8on	
  Systems,	
  2006.	
  	
  

Rinzivillo,	
  Pedreschi,	
  Nanni,	
  GiannoJ,	
  Andrienko,	
  Andrienko.	
  Visually-­‐driven	
  analysis	
  of	
  movement	
  data	
  by	
  progressive	
  clustering.	
  J.	
  of	
  Informa8on	
  Visualiza8on,	
  2008	
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Trajectory  Clustering


q  Ques8ons:	
  

q Which	
  distance	
  between	
  
trajectories?	
  

q Which	
  kind	
  of	
  clustering?	
  

q What	
  is	
  a	
  cluster	
  ‘mean’	
  
in	
  our	
  case?	
  

l  A	
  representa8ve	
  
trajectory?	
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q  Average  Euclidean  distance  (SpaDo-­‐temporal  distance)

















q  “Synchronized”  behaviour  distance


q  Similar objects = almost always in the same place at the same time 

q  Computed  on  the  whole  trajectory


	
   	
  Which	
  distance?	
  

distance	
  between	
  moving	
  objects	
  τ1	
  and	
  τ2	
  at	
  8me	
  t	
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Average  Euclidean  Distance  Sincronized


q  Align point temporally 

 

q  Eventually assign penalties to non matching 
points 



Common  DesDnaDon


q  Select last point Plast for each trajectory 

q  D(T,T’) = Euclidean(Plast, P’last) 



Common  Origins


q  Select first point Pfirst for each trajectory 

q  D(T,T’) = Euclidean(Pfirst, P’first) 

 



Route  Similarity


q  Alignment of points, multiple matches 

q  Average Euclidean Distance 

q  Penalties for non matching initial points (no 
penalties for destinations) 
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Which  kind  of  clustering?


q  General	
  requirements:	
  
q Non-­‐spherical	
  clusters	
  should	
  be	
  allowed	
  

l  E.g.:	
  A	
  traffic	
  jam	
  along	
  a	
  road	
  =	
  “snake-­‐shaped”	
  cluster	
  

q  Tolerance	
  to	
  noise	
  

q  Low	
  computa8onal	
  cost	
  

q  Applicability	
  to	
  complex,	
  possibly	
  non-­‐vectorial	
  data	
  

q  A	
  suitable	
  candidate:	
  Density-­‐based	
  clustering	
  
q OPTICS	
  	
  	
  (Ankerst	
  et	
  al.,	
  1999)	
  	
  →	
  T(rajectory)-­‐OPTICS	
  

q  Evolu8on	
  of	
  basic	
  DBSCAN	
  



Density Based Clustering 

K-means Density-based 



Clustering:  K-­‐means  (family)

•  Find	
  k	
  subgroups	
  that	
  form	
  compact	
  and	
  well-­‐
separated	
  clusters	
  

K=3	
  

Cluster	
  compactness	
  

Cluster	
  separa8on	
  



Clustering:  K-­‐means  (family)

•  Find	
  k	
  subgroups	
  that	
  form	
  compact	
  and	
  well-­‐
separated	
  clusters	
  

K=3	
  

Cluster	
  compactness	
  

Cluster	
  separa8on	
  







Density Based Clustering 



Density Based Clustering 



Density Based Clustering 



Density Based Clustering 



Density Based Clustering 





23	
  

A  sample  dataset


q  A	
  set	
  of	
  trajectories	
  
forming	
  4	
  clusters	
  +	
  
noise	
  (synthe8c)	
  



Ad-­‐hoc  distance  funcDons


q  Coloca8on	
  –	
  	
  
q  Link	
  predic8on,	
  	
  

q  Seman8c	
  behaviors,	
  	
  

q  GSM	
  data	
  

q  Spa8o-­‐temporal	
  Coloca8on	
  –	
  	
  
q  Link	
  predic8on,	
  	
  

q  Seman8c	
  behaviors,	
  	
  

q  GSM	
  data	
  

Start	
  and	
  End	
  inclusion	
  
Car	
  Pooling	
  Matching	
  

Align	
  to	
  end	
  –	
  	
  
Incoming	
  flows	
  

Align	
  to	
  start	
  –	
  	
  
Outcoming	
  flows	
  

	
  



Clustering:  K-­‐means  (family)

•  Find	
  k	
  subgroups	
  that	
  form	
  compact	
  and	
  well-­‐
separated	
  clusters	
  

K=3	
  

Cluster	
  compactness	
  

Cluster	
  separa8on	
  







Density Based Clustering 



Density Based Clustering 



Density Based Clustering 



Density Based Clustering 



Density Based Clustering 
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A  sample  dataset


q  A	
  set	
  of	
  trajectories	
  
forming	
  4	
  clusters	
  +	
  
noise	
  (synthe8c)	
  





Ad-­‐hoc  distance  funcDons


q  Coloca8on	
  –	
  	
  
q  Link	
  predic8on,	
  	
  

q  Seman8c	
  behaviors,	
  	
  

q  GSM	
  data	
  

q  Spa8o-­‐temporal	
  
Coloca8on	
  –	
  	
  
q  Link	
  predic8on,	
  	
  

q  Seman8c	
  behaviors,	
  	
  

q  GSM	
  data	
  

Start	
  and	
  End	
  inclusion	
  
Car	
  Pooling	
  Matching	
  

Align	
  to	
  end	
  –	
  	
  
Incoming	
  flows	
  

Align	
  to	
  start	
  –	
  	
  
Outcoming	
  flows	
  

	
  



Access  paRerns  using  T-­‐clustering


A12 Sud 
Cascina 

Marina di Pisa/Tirrenia 
Lucca 



Marina di Pisa/Tirrenia 

A12 Sud 

1,50% 

2,90% 

  Origin  
distribuDon


Characterizing the access patterns: origin & time 

Distribuzione Origini

Pis a
Marina /T irrenia
A12	
  (Nord)
FiPiL i	
  (Em poli)
A12	
  (S ud)
Lucca
A11	
  (Pis toia )
C olles a lv etti
Pons a cco
S S 12	
  (Nord	
  Lucca )
Monteca tini
Torre 	
  de l	
  La go
C a lc i
As c iano
Altre 	
  orig ini
R um ore



Studying  the  aRracDveness/efficiency  of  a  service  with  GPS  
tracks
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Progressive  clustering


q  First,	
  create	
  a	
  large	
  clusters	
  of	
  trajectories	
  using	
  the	
  “common	
  ends”	
  distance	
  func;on,	
  	
  

q  Concentrate	
  on	
  the	
  (big)	
  cluster	
  of	
  inward	
  trajectories	
  (routes	
  towards	
  the	
  city	
  center)	
  

q  Refine	
  by	
  crea;ng	
  subclusters	
  using	
  a	
  more	
  sophis;cated	
  distance	
  func;on	
  (route	
  similarity)	
  

Clustering	
  Data	
  
(Common	
  Des8na8on)	
   Select	
  a	
  Cluster	
  

Clustering	
  Data	
  
(route	
  similarity)	
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Len:	
  peripheral	
  routes;	
  	
  	
  	
  middle:	
  inward	
  routes;	
  	
  	
  	
  	
  	
  	
  right:	
  outward	
  routes.	
  

Clustering	
  trajectories	
  on	
  “route	
  similarity”	
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Trajectory  paRerns


	
   	
  Are	
  there	
  groups	
  of	
  objects	
  that	
  move	
  together	
  for	
  
some	
  8me	
  or	
  in	
  a	
  similar	
  way?	
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Relative Motion Patterns  
(Laube et al. 04, Gudmundsson et al. 07) 

n  Flock	
  (m	
  >	
  1,	
  r	
  >	
  0):	
  At	
  least	
  m	
  en88es	
  are	
  within	
  a	
  circular	
  region	
  of	
  radius	
  r	
  and	
  they	
  move	
  in	
  the	
  same	
  direc8on	
  

An	
  example	
  of	
  a	
  flock	
  paqern	
  for	
  p1,	
  p2,	
  and	
  p3	
  at	
  8th	
  8me	
  step;	
  also	
  a	
  leadership	
  paqern	
  with	
  p2	
  as	
  the	
  leader	
  



Moving  Trajectory  Flocks


M.	
  Wachowicz,	
  R.	
  Ong,	
  C.	
  Renso,	
  M.	
  Nanni:	
  Finding	
  moving	
  flock	
  pa4erns	
  among	
  pedestrians	
  through	
  collec7ve	
  coherence.	
  IJGIS	
  25(11):	
  1849-­‐1864	
  (2011)	
  

l  Group of objects that 
move together (close to 
each other) for a time 
interval 

l  Discover all possible: 
l  sets of objects O, with |O| > min_size  and 
l  time intervals T, with |T| > min_duration 

l  such that for all timestamps t ∈T the points in O|t are contained 
in a circle of radius r 
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Moving	
  Clusters	
  

n  A	
  moving	
  cluster	
  is	
  a	
  set	
  of	
  objects	
  that	
  move	
  close	
  to	
  each	
  other	
  for	
  a	
  long	
  8me	
  interval	
  
	
  

	
  

	
  
	
  

	
  

n  Formal	
  Defini8on	
  [Kalnis	
  et	
  al.,	
  SSTD’05]:	
  
n  A	
  moving	
  cluster	
  is	
  a	
  sequence	
  of	
  (snapshot)	
  clusters	
  c1,	
  c2,	
  …,	
  ck	
  such	
  that	
  for	
  each	
  8mestamp	
  i	
  (1	
  ≤	
  i	
  <	
  k),	
  |ci	
  ∩	
  ci+1|	
  /	
  |ci	
  U	
  ci+1|	
  ≥	
  θ	
  	
  	
  	
  	
  	
  (0	
  <	
  θ	
  ≤	
  1)	
  

time 



T-­‐PaRerns


q  A sequence of visited regions, frequently visited in the 
specified order with similar transition times 

Gianno\,	
  Nanni,	
  Pedreschi,	
  Pinelli.	
  	
  
Trajectory	
  pa_ern	
  mining.	
  Proc.	
  ACM	
  SIGKDD	
  2007	
  



T-­‐PaRerns


 
q  ti = transition time,  Ai = spatial region 

 

MuseumCastleStation ⎯⎯ →⎯⎯⎯ →⎯ .min65.min20

n
n

n AtAtAtA ⎯→⎯⎯→⎯⎯→⎯ − 1
2

1
1

0 ...



Finding  regions  
A  usage-­‐based  heurisDc


1.  Impose a regular grid over space 

2.  Find dense cells (i.e., touched by many trajs.)‏ 

3.  Coalesce cells into rectangles of bounded size 



Discover frequent time interval using a tolerance (5 
min): 

 

 

 

 

 

 

 

A	
  
B	
  

C	
  

Temporal	
  component	
  

1.  	
  10	
  min	
  
2.  	
  15	
  min	
  
3.  	
  30	
  min	
  
4.  	
  30	
  min	
  

1.  	
  5	
  min	
  
2.  	
  10	
  min	
  
3.  	
  25	
  min	
  
4.  	
  40	
  min	
  

t1	
   t2	
  

t1	
  

t2	
  

A	
  
B	
  

C	
  10-­‐15	
  
min	
  

5-­‐10	
  
min	
  



T-­‐PaRern  discovery


1- Find Regions of Interest 

2- Find similar Trajectory in space and time 

3- Extract patterns: 



A  T-­‐paRern




Sample	
  Trajectory	
  Paqern	
  

Data Source: Trucks in Athens – 273 trajectories) 
A → B → B and 
A → B’ → B’’ 



Simpler  case:  GSM  trajectories


q  Each trajectory in 
the database is a 
time-stamped 
sequence of 
predefined areas 
(antennas) 

 

q  A T-pattern is a 
sequence of such 
areas that occurs 
often in the data 
with similar travel 
time 
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