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Abstract

This study proposes a method to cluster public transit stops using an improved DBSCAN algorithm to build
microscopic traffic zones. The classic DBSCAN algorithm considers only the distance between two stops when
determining the neighbor relationship. The proposed DBSCAN algorithm determines the neighbor relationship taking
into account not only the distance but also the text similarity between two stops. The clustering processes using the
proposed DBSCAN algorithm consist of two steps. The first step is a process of creating clusters of three or more
stops. And the second step classifies the remaining stops that are not included in the first clustering step. This study
applied the proposed clustering method to the transit stops in Seoul City and analyzed the results. And compared
it with the clustering results obtained using only the classic DBSCAN algorithm.
Keywords : Public Transit, Microscopic Traffic Zone, Clustering of Transit Stops, DBSCAN
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Figure 1. Comparison of result between k-means and
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Figure 2. Process of DBSCAN algorithm
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Table 2. Difference of retrieving neighborhood between
DBSCAN and Improved DBSCAN

Retrieving neighborhood of DBSCAN
Arbitrary select a data (€D
for VjED
If d(i,j) <eps then add j to NV
Retrieving neighborhood of Improved DBSCAN

Arbitrary select a data (€D
for VjED
If d(i,j) <eps then add j to NV
If eps <d(i,j) < maxEps then
If ¢, and ¢; similar? then add j to NV

Figure 3. Retrieving neighborhood of Improved
DBSCAN
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using an improved DBSCAN
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NodelD | NodeType: NodeName X Y
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Figure 6. Structure of transit stop data
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Figure 8. Three-dimensional graph of each indicator for cluster results
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Table 3. Result of optimal cluster

Average text similarity of cluster
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Indicator Value
Number of lvl clusters 1,294
Number of Iv2 clusters 1,536
Number of noises 748
Average number of stops
. 5.65
in a cluster
Average distance between stops in a 101 44m
cluster
Average text similarity 0.56
Maximum number of stops in a 35
cluster
Maximum distance between stops in 1.203m
a cluster

Average intra flow rate

0.003
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Table 4. Classification according to the number of

stops in a cluster
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Table 5. Clustering result when classic

algorithm applied

DBSCAN

Number of individual stops | Number of Y Indicator Value
. 0
in group groups Number of Ivl clusters 1,317
3-5 848 66 Number of 1v2 clusters 1,878
6-10 335 26 Number of noises 1,239
11-15 70 5 Average number of stops 466
16-20 23 2 in a cluster )
21-25 13 1 Average distance between stops in a 71.89m
26-30 3 0 cluster
31-35 2 0 Average text similarity 0.55
Total 1,294 100 Maximum number of stops in a 24
cluster
Maximum distance between stops in 676m
a cluster
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Figure 9. Comparison between case(a, c, ¢) applying DBSCAN and case(b, d, f) applying improved DBSCAN
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