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Mining Coteries Trajectory Patterns for Recommending Personalized Travel Routes

LI Xiao-Xu, YU Ya-Xin, ZHANG Wen-Chao, WANG Lei

(School of Computer Science and Engineering, Northeastern University, Shenyang 110819, China)

Abstract: Coterie is an asynchronous group pattern that finds the group patterns with similar trajectory behavior under unequal time
interval constraints. The traditional trajectory pattern mining algorithm often deals with GPS data with fixed time interval sampling
constraints, which cannot be directly used for coterie pattern mining. At the same time, the traditional group pattern mining has the
problem of missing semantic information, and thus reduces the completeness and accuracy of individualized tourist routes. To address the
issue, two semantic-based tourism route recommendation strategies, distance-aware recommendation strategy based on semantics (DRSS)
and conformity-aware recommendation strategy based on semantics (CRSS), are proposed in this paper. In addition, with the increasing
size of social network data, the efficiency of traditional group model clustering algorithm is of great challenge. Therefore, in order to deal
with large-scale social network trajectory data efficiently, MapReduce programming model with optimized clustering is used to mine the
coterie group pattern. The experimental results show that the coterie group pattern mining with optimized clustering and semantic
information under the MapReduce programming model achieves better recommendation quality than the traditional group pattern travel
route in the personalized tourism route recommendation and can effectively handle the large-scale social network trajectory data.
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Fig.1 Illustration of NnPRBP algorithm
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&% 1. nMR-DBSCAN £y
Input: tra: trajectory data;
Var tra=read input data;
{Step I: running NnPRBP on tra}
S=buildSliceUse2Eps(tra,Eps); /*initializing slices for each dimension*/
p=PRBP(tra); /*running PRBP on tra;*/
P.add(p);
For each partition slice p in P do
For each slice sin S do
If s.total>p.total and s.index>p.index do
If sliceNumber<n and s.total<size do
P.add(s);
Delete p from P;
10. End if
11. End If
12.  End for
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13. End For

{Step I1: running DBSCAN in MapReduce phase}

14. For each partition p in P do /*select partition in Map phase*/

15. DBSCANCIustering(p); /*running DBSCAN on p in Reduce phase*/
16.  For each point Pts in p do

17. If Pts.islnner do  /*storing result of inner points to local file*/
18. Output(partition.index,Pts.index+Pts.id);

19. End if

20. Else /*storing result of boundary points to HDFS*/

21. writeFile(partition.index,Pts.index+Pts.id+Pts.isCore);

22. End else

23. End for

24. End for
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Fig.2 Object trajectories and clusters
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Fig.4 Performance comparison on DBSCAN and nMR-DBSCAN
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Fig.7 Recommending routes by SDRS and SCRS based on closed coterie patterns
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