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Step 1 Step 2 Step 3 Step 4
Data Collection

Multidimensional Trajectories of Neighborhood 
Change - Ling & Delmelle 2016 

4000 Census Tracts across 8 cities, 11 variables, 
5 timesteps (1970, 1980, 1990, 2000, 2010) 

Self Organizing Map

Traclus Algorithm

Parameters:
epsilon: specifies how close points should be to 
each other to be considered a part of a cluster; 
minPts: specifies how many neighbors a point 

should have to be included into a cluster. 

Parameter sensitivity

Parameter sampling:
• Define parameter range and granularity

• Run Traclus for each combination of parameter 
values

• Compute matrix of co-occurrence

3c. Traclus Algorithm (Lee, Han and Wang 2007) 

Results with 4 different combinations of parameter values Matrix of 
co-occurrence

As the algorithm progresses, a trajectory is partitioned into a set of line segments at characteristic points, and then, similar line
segments in a dense region are grouped into a cluster. The main advantage of TRACLUS is the discovery of common sub-
trajectories from a trajectory database. To show the effectiveness of TRACLUS, we have performed extensive experiments using
two real data sets: hurricane track data and animal movement data. Our heuristic for parameter value selection has been shown
to estimate the optimal parameter values quite accurately. We have implemented a visual inspection tool for cluster validation.
The visual inspection results have demonstrated that TRACLUS effectively identifies common sub-trajectories as clusters. Overall,
we believe that we have provided a new paradigm in trajectory clustering. Data analysts are able to get a new insight into
trajectory data by virtue of the common sub trajectories.

We want to cluster a set of trajectories into groups. This procedure has many
applications: analysing the movement shipping vessels, animals, humans,
assessing neighbourhood change, to name a few. In general, trajectory
classification enables us to understand change, which occurs along several
dimensions: space, time, or literally any feature attribute one can think of.
Trajectory Clustering aims to group spatial trajectories into clusters. The
TRACLUS framework has been defined which first splits trajectories into line
segments.

Understanding the processes through which urban neighborhood
change over time is of utmost importance. Though this project , we
seek to identify neighborhoods that have followed similar pathways
according to multiple attribute dimensions. It begins by projecting
temporal, multidimensional data onto a two dimensional output
space using SOM algorithm. The location of each neighborhood is
then traced on this output space to establish temporal trajectories of
change and finally these trajectories are classified using Traclus.

3. Methods

Identify stable clusters

Pick maximum values in matrix of co-occurrence.
Use hierarchical clustering to identify segments 

that form stable clusters.

Partition and group framework Distance MeasuresGrouping based on DBSCAN

s2 s3 s4
s1 12 10 6
s2 5 0
s3 9

Hierarchical clustering

epsilon: distance threshold
minPts: minimum number of 
segments per cluster

Segmentation: MDL principle

Optimal trade-off 
between preciseness 
and conciseness

c1 c2 c3
s662 s664 s1477
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