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Abstract

Location data traces sourced from devices like GPS, Mobile Signals etc. have important uses in travel pattern
applications. Location data traces are arranged as trips and pattern mining algorithms are applied to extract
underlying patterns. Many of these algorithms/techniques are dependent on similarity of these trips made by
users for example vehicle turn prediction, similarity in route traveling, frequent patterns in traveling the route, user
travel route prediction etc. This paper presents an efficient way to establish the similarity between the trips
using clustering technique. Proposed technique for trips clustering is efficient in data storage as well as
computational time.

1 Introduction

Traffic analysis and user scenario analysis are two most important branches of application which uses trip data [1].
Traffic oriented analysis is used to estimate patterns related to Road networks like travel speed, time dependent use
of Roads. User Scenario analysis focuses on mining interesting and useful pattern in user travel behavior.

User travel data is a sequence of GPS traces location po, p1, p2 ... . . ppcaptured from location capturing
device. This sequence is a collection of trips. For example a user travels from home to a shopping mall and stays
there for some time and return backs to home consists of two trips. First trip is sequence of all the location data for
traveling from home to shopping mall Ty = py, p1, P2 - - - Pm and another trip is for returning from shopping mall
back to home T = pi+1, Pm+2 - - - Pn- EXisting techniques uses these underlying trips for establishing similarity in
trips and pattern extraction. These approaches require massive storage in database and are computationally
expensive. In this work proposed is to apply a preprocessing step of mapping trip location data to edges of road
network using a process called map-matching [3,4] —

PoPLP2 - -Pn— €0,€1,€2 ..... Dk
and then apply trip similarity. This required only storing edges of road network and hence less storage requirement
and additionally because of lesser amount of data, computational clustering algorithm runs faster too.

The GPS logs are continuous set of location points. It requires decomposing these set of location points in units of
trip. This process is called trip segmentation. Trip segmentation is discussed in section 3.1. Outcome is the set of
trips in the form of set of location points. For each trip map matching is applied. It requires Graph of Road network.
We discuss Road network graph in section 3.2. Finally algorithm for matching location data to road networks is
applied to each trip. Matching process is discussed in section 3.3. Clustering Algorithm for establishing similarity in
trips is discussed in section 4.

2. Related Work

Work in [3] considered the trips as a set of location data points and then performed mining to extract frequent
patterns in traveling the route. The trips were segmented based on the time gap between the two consecutive trips.
Then cells were created around the points. The movements of the objects are represented as transition from on cell
to another. All the cells were assumed to be continuous. Whenever any gap between the two cells were reported,
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interpolation is done and new cells were introduced in the trip. A snapshot of plotting the cells on the map is as
shown in the fig 1:

Fig 1: User travel data in cellular zones

This research did not take the structure of the underlying network. This research focused on tracking the
route followed by the by the person and not by the vehicle, and hence it can be assumed, the person traveled on the
roads. This approach cannot be directly applied for the vehicles which are supposed to follow the roads.
Actual road segments travelled cannot be determined.

Authors in [2] also considered the trips as a set of location points and then clustered the similar trips. The similarity
between two trips is established as follows:

1. For every location coordinate latitude-longitude pair p,, (x,, y») in trip T 4 find the closest trip segment in trip T'z.
A trip segment is a line feature between two adjacent temporal location coordinates.

2. Add location segment distances to compute the total distance between trip T4 and trip Tp denoted by
TDistance (TA: TB) .

3. Calculate similarity score Score(T 4, Tg) by dividing T pistance (T4, Ts) by the number of data points in T 4. This
score Score(T 4, Tg) is asymmetric which represents the similarity from T,to Tgbut and may not be same as
Score(Tg, T ) which represents the similarity from Tgto T ».

4. Repeat the above steps for calculating Score(Tg, T4) but this time compare trip Tgto trip T 4.
5. Final score is calculated as

(Score(T 4, Tg) + Score(Tg, T p))/2
A lower score indicates more similarity.

6. Finally, store the results in a similarity matrix.

The similarity matrix stores the scores as calculated above. Then trips are clustered which are more similar. In the
similarity matrix the two trips, with minimum value are merged to form one trip. In each iteration two trips are
merged in the same way until some threshold is reached. Thus it is a clustering approach on trip (as set of location
points). Means when the similarity score is more than this threshold, further clustering is stopped. The clusters with
large number of trips merged, represents the frequently traveled trip.

Any underlying road network was not considered. This approach has following problem:
1) Even when there is no common edges in the two trips but since similarity is computed based on location data only

and can end up clustering the two disjoint trips as one trip. This problem can be overcome by proposed process of
clustering which is based on performing clustering on edges of road network.
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Trips as set of Roads
location points

Fig 2: Disjoint trips clustered as one route

2) Whenever it is required to plot the most traveled route, in that case it will be required to map the clustered trips on
the map. But this approach looses the information as it is just an approximation of the trips and it will not be
possible at all as shown in Fig 2.

Proposed a trip similarity process proposed in [18] is based on text mining of the nodes of the road network names.
Each nodes on the road network in named and two trips are considered same when the names of the places in user
trips matches.

Place 4

Place 2

Place { Place 3

u Place §
PlﬂCEE Plﬂcg T
m
Blyce 3 Placel0
O

Fig 3: Nodes on the map and data of the two trips

In figure 3, the nodes are shown and also the location points captured are also shown. These Trips will be
converted to the textual form and will be output as:

Placel-Place2-Place3-Place4
Place8-Place6-Place7-Placel0

Once the trips are in textual from, they applied BM25 Mining algorithm to find similarity between the trips.

But this algorithm too has shortcomings as well. In this approach is based on geometrical comparison only. It is not
mentioned as if for any GPS points are equidistant from two nodes, then how to resolve it. The inaccuracies in the
GPS data are not taken care off. Although the inaccuracies are inherent due to hardware limitations of the GPS
device. By using only geometrical comparisons and in absence of use of topological relations, it may not be possible
to map the GPS points to unique nodes on the map in the areas where density of the nodes may be higher. Consider
the example below, where the nodes on the map are shown by solid circles and the roads by polylines and the
captured GPS points are represented by hollow circles as in Fig 4.

Pled  Placell Plae f1 Place 2 Plsets Ploes 14 Place 5
F 1 5 Y 1 -
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Prd e 5

Place 3 Place Plce 7 Place 8

Fig 4: lllustration of shortcomings in Place name based Trip Similarity

It is quite visible that the trip made by the user is
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Placel- Place2- Place3- Place4- Place5- Place6- Place7- Place8
But by using the geometrical comparisons and in absence of use of topological relations can create the trip as
Placel- Place2- Place3- Place4- Placell- Place6- Place7- Place8

The mapping of GPS Points also depends upon the neighboring location points as well [4].
If the mapping of the points is incorrect then the errors will propagate to result as well.

3 Conversion of Trips from set of location points to set of edges of Road network
3.1 Trips

GPS devices log the positional information in log files. Example GPS traces stored in database is as shown in Figure
5.

Fig 5. GPS traces stored in database

Decomposing these data into smaller units of trips is known as Trip segmentation. GPS devices log the continuous
positional information in log files. Decomposing these data into smaller units of trips is known as Trip segmentation
[5, 6]. For example a user travel log contains continuous location ordered  sequence
P1 P2 - - - P1 Pit1 - - - Pn FEPresenting user has traveled from py, p; ... . . p;and halts there for some time and then
travels p;, pi+1 - --- - pn then this represents two trips. One realistic scenario representing this is user travels to office
in morning and end of day goes to a restaurant is two trips. Further user goes back home after dining then that will
be considered as another trip [7]. An example of trip calculated after trip segmentation is as shown in Figure 6.
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Fig 6. Trip calculated after trip segmentation
3.2 Road Network Graph

Digitized road network is digital representation of real network of any given area. Set of vertices in network are road
intersections or important locations in the area. Road segments in the real road network represent the edges of the
roads. Road network edges are assigned weights as the length of road segment [6, 8]. Digitized road network is
stored in relational database which is spatial enabled. In this work storage is done in Postgres database with PostGis
layer enabled to handle geometrical data type. Vertices are represented in database by a point object and road edges
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are represented by Multiline String [9]. An example of road network data obtained from Open Street Maps (OSM)
and stored in database is as shown in Fig. 7.

Fig 7. Road network data stored in database

3.3. Mapping of Location Data to Road Network

Research on Map Matching started in 90’s and today, Algorithms with high accuracy and efficiency are available.
Map Matching deals mapping location traces information to digitized road network [10].

Map matching is a well-established in literature which deals with locating user’s location on the road network and
has many use cases in different applications which depends on moving object data like route recommendation,
traffic prediction, route prediction etc. [11]. When user travels on a road network the GPS location captured may
have some inaccuracies which may be because of various factors like error in reading obtained from satellite,
hardware limitation of receiving device and in many cases error in digitization of road network. This makes difficult
to locate exact position of user on road network and many a times introduces ambiguity in determination process.
Map matching process make use of GPS location data and digitized road network and maps user’s exact position on
road network [12, 13]. In this work, user trips represented by sequence of GPS data points are converted to sequence
of road network edges using Map Matching. Fig. 8 shows GPS points in Fig 7 mapped to network and Fig. 9 edges
of road network for mapped locations.

Map matching algorithms can be an offline or online process. Offline matching process finds the overall route of the
vehicle after the completion of trip by user whereas the online matching process determines user exact location of
user on road network in real time. In case of online matching the look-ahead are not available and the algorithm is
bound to use only current and previously obtained positional data. While in earlier case look ahead is available [14].
We also adopt offline matching strategy.

Approaches for matching of location data found in literature can be categorized into three groups geometric,
Topological and advanced [8]. A Geometric map matching algorithm only considers the digital road network
geometry to map a given location coordinate (latitude-longitude) to digitized road network. These algorithms are
unaware of topology of road edge segments and only are based on shape of road segment geometry [9, 12]. Map
matching algorithms which utilizes geometry of the road segments as well as connectivity relationships of the links
is known as topological matching algorithm [10]. Advanced Map matching algorithms uses more complex logic in
addition to geometrical and topological information. Some algorithms uses look ahead information, some uses fuzzy
logic and some algorithms are developed for handling various kind of uncertainties.

A raw trip composed of GPS location traces is as shown in Figure 8 and resultant data when trip is mapped to road
network is as shown in Figure 9.
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Fig 9. Trip converted to sequence of network edges using map matching

4. Trip Similarity: A Clustering based approach

As described in previous sections, GPS points are segmented as trips (as set of location points) and by use proper
map matching algorithm trips are converted to set of edges (of road network). The schema of the table storing the
trips is as follows:

Trips_as_edges(id,tripnum,sequence,edge_id,the_geom)

Each Trip is now a set of edges, and hence trip can be represented as string (composed of edge id‘s of the
constituent edges). In order to do the clustering of the trips, it requires a metric to calculate the distance between the
trips. Unlike the approach of [2] whose distance metric (Hausdroff Distance) clusters the trips which are most
spatially closer, we use Leveinstein’s distance to calculate the similarity between the trips. Leveinstein’s distance is
used to calculate the similarity between two strings. Unlike approach of [18] where the trips are expressed as strings
but strings are composed of names of places and not the path followed between those places. If between two places
if more than one path is available, it cannot be distinguished as which path is followed between the two places. In
our work the strings represents the segments of the path followed and hence it can distinguish between the different
paths followed between the two places even if multiple paths are available.

Distance metric
Levenshtein Distance, is the basic edit distance function whereby the distance is given simply as the minimum edit
distance which transforms stringl into string2. Edit Operations are [14]: Copy character from stringl over to string2
(cost 0), Delete a character in stringl (cost 1), Insert a character in string2 (cost 1), Substitute one character for
another (cost 1).

For example, the Levenshtein distance is calculated below for the term "BOMBAY" and "MUMBAI", the final
distance is given by the bottom right cell, i.e. 3. This score indicates that only 5 edit cost operations are required to
match the strings. Strings “BOMBAY” and “MUMBAI” are three distance apart. Using this distance metric, a
square matrix representing all pair distances between trips is calculated. This matrix is used to calculate inter-cluster
distances while clustering the similar trips.
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Clustering of trips

Hierarchical methods is used in this work to perform clustering of trips composed if sequence of road network
edges. Clustering starts either start with one cluster and then split into smaller clusters (top down approach) or start
with each object in an individual cluster and then try to merge similar clusters into larger and larger clusters (bottom
up approach). In this approach, in contrast to partitioning, tentative clusters may be split based on some criteria [15,
17].

The trips clustering naturally have hierarchical structure, so the agglometric clustering technique is used. The
agglometric clustering method tries to discover the hierarchy in given datasets. The basic idea of the agglometric
method is to start with n clusters for n trips that each trip is a cluster in itself [16]. Using the measure of distance
(leveinstein distance), at each step of the method, the method merges two nearest clusters, thus reducing the number
of clusters and building successively larger clusters that include increasingly dissimilar objects. In its standard form,
the clustering continues until all the data are put into one cluster or is stopped if required number of clusters is
obtained. In trip clustering where two trips can have some similarity only if there is some edges are common and
also it is not known in advance as how many clusters will be formed. So the clustering is stopped when no two
clusters have any trips which have overlapping edges. The method is as described below:

. Allocate each Trip to a cluster of its own. Thus start with n clusters of n trips.

. Create a distance matrix by computing distances between all pairs of clusters using farthest link metric.
Sort these distances in ascending order.

o Find two clusters that have the smallest distance between them.

. Remove the pair of objects and merge them.

. If there is no two clusters with trips having some overlapping edges then stop.

. Compute all the distances from the new cluster and update the distance matrix after the merger and go to
Step 3.

For example let the trips be,

Tripl: 17619, 17617, 17615, 17613, 17611, 176090
Trip2: 17619, 17617, 17615, 17613, 17611, 32195, 32197
Trip3: 17617, 31961, 32167, 32165, 32163, 32063, 32061
Trip4: 32255, 32253, 17617, 17615, 31933, 31935, 31937
Trip5: 32255, 32253, 17617, 17615, 31933, 31935, 32265

The initial distance matrix thus formed is as follows

[1] [2] [3] [4] [5]
[1] 0.0 2.0 7.0 5.0 5.0
[2] 2.0 0.0 7.0 6.0 6.0
[3] 7.0 7.0 0.0 7.0 7.0
[4] 5.0 6.0 7.0 0.0 1.0
[5] 5.0 6.0 7.0 1.0 0.0

Each trip is a distinct cluster. So there are 5 clusters:

(1] [2] [3][4] [3]

Clusters at the minimum distance are [1] and [2] so they are merged to form a new cluster [1 2], and the new
distance matrix is:
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[1.2] |[3] [4] [5]
[12] |00 |70 |60 |60
[3] 70 |00 |70 |70
[4] 60 |70 |00 |10
[5] 60 |70 |10 |00

Clusters at the minimum distance are [4] and [5] so they are merged to form a new cluster [4 5], and the new

distance matrix is:

[1.2] | 3] [4,5]
[1,2] |00 |70 |60
[3] 70 |00 |70
[45] |60 |70 |00

Clusters at the minimum distance are [1 2] and [4 5] so they are merged to form a new cluster

[ [1 2][4 5]], and the new distance matrix is:

[[1.2][4.5]] | [3]
[[L.21[3.4]] | 0.0 7.0
[3] 7.0 0.0

Clusters at the minimum distance are [[1 2][4 5]] and [3] so they are merged to form a new cluster

And here the clustering stops.

[[[1.2][4.51][31]

This Clustering can be represented graphically as:

i

Fig 10: Graphical representation of the

Proposed Trip clustering Algorithm

Text representation of the Agglometric tree is as follows:

(U]
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5. Implementation

We took Road Related data from Open Street Maps (OSM). Road network data is sourced from Open Street Map
(OSM). OSM s open platform from where digital data like road network, land usage, water bodies, national and
international boundaries can be downloaded. In this work road network data from India and China is used. Data is
stored in geo-Spatial enabled data relation base. For this purpose Postgres database with PostGis data layer enabled
for handling geometrical data types. Road network data is preprocessed in Sql format and imported in data base.

Osm2pgsql is a utility with Postgres that can be used to load the content of the OSM file to Postgres database. For
each type of the feature like Road lines, polygons etc., there is a separate file. It is required to load each of these files
separately into the database. The OSM file containing all the data of the whole world is of 15 GB in compressed
form. The size of the file corresponding to different levels may be of different size.

Osm2po is a utility which takes OSM files as input and generates a routable map. The resultant of the tool is a SQL
file which can be directly loaded to Spatial enabled database in our case PostGis [5, 6]. In our algorithm we used
this stored graph to find the topologically connected edges to the current edge in consideration.

In this experiment we used GPS data released by Microsoft collected during the Geolife project. This data is
collected over a span of 2 years and mainly from Beijing area of china [19, 20, 21].

This data is a continuous log of GPS latitude longitude position.
The data collected from location acquisition devices consists of positional information and time stamp. The data
collected for this project has the following format:

< vehicle, Latitude, Longitude, time, Date>

We decomposed it into trips for analysis. Then Map Matching is applied to these Trips. Once the trips are converted
as set of network edges, Clustering algorithm discussed above. Results are as in following section.

Results

The project was evaluated on both the measures- Space and time, and it was observed that it performs well on both
the measures as compares to other implementations. Running time of clustering is as captured in Table 2 & 3 and
visual representation as in Fig 11 & 12.
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Number of Location Edge Database Size
Data Point Database Size (KB) (KB)
5000 1360 16
10000 2648 18
15000 3912 19
20000 5328 21
25000 6728 24
30000 8760 40

Table 2 Growth of database size

10000
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8000 //

7000 /

6000 / == Point Database

5000 / Size (KB)

4000
/ = Edge Database

3000
/ Size (KB)
2000 7

1000
0 T T T 1

0 10000 20000 30000 40000

Fig 11: Graph of Table size

Number of Location |  Clustering as Clustering as Edges (Point to Edge
Data Points (mins) Conversion+clustering) (mins)
5000 L5 5.15
10000 7.25 10.51
15000 18.75 20.22
20000 38.75 23.37
25000 58.9 2545
30000 78.25 335

Table 3 Running time of clustering algorithms on cluster of multiple nodes

90
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Fig 12: Graph of running time of clustering algorithms

Conclusions

The location data collected over a considerable span of time has huge number of travel patterns hidden in it. Those
patterns cannot be extracted through querying the databases. If this data is subjected to appropriate Data Mining
techniques, these patterns can be extracted. Before mining can be done, the data needs to be preprocessed properly.
This includes the organizing the location point data in the forms of trips. Point data of trips can be subjected to map-
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matching process to convert trip as set of edges of graph of road network. Clustering of trips (as set of edges) can
then be done by agglometric clustering technique.

GPS traces from Microsoft Geolife Project [21] are used in this project to form the trips as set of location points.
Road network database is constructed from the arcs and nodes downloaded from Open Street Map. Location data of
each trip is associated to edges of road network to convert trips as set of location point into trips as set of edges. This
work compared the performance of trip clustering algorithm when trips are expressed as points and when trips are
expressed as edges. It was observed that, the approach of trip cluster by first computing trips as edges and then
doing clustering is efficient in both the terms, space as well time.
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