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Abstract. This paper presents a model, and a first partial implementation, for location resolution of string description in the status messages
generated by maritime container traffic. The work was carried out in the
context of the ConTraffic project, which deals with container traffic data.
The model is based on the usage of different data dimensions, such as
string similarity, trajectories similarity and most frequent patterns. The
realized interface integrates these distinct dimensions, and uses them to
provide a map-based view to support a human expert in associating the
string description provided in the raw record to a location.
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Introduction

In the domain of mobility data management and exploration, the use of multiple
and heterogeneous data sources is quite common. When a system uses data
created by different systems, with different semantics and different data models
the need for data interpretation and integration is evident in order to produce
an unified and valuable result for the purpose of a given task [1].
The ConTraffic pilot project running at the Joint Research Centre of the
European Commission is one such system based on many data sources that
need to be transformed and integrated. ConTraffic deals with information on
the status and movement of cargo containers. The aim of this pilot project is to
develop new techniques and processes to help authorities in their effort to control
the flow of cargo containers. It is estimated that today more than 20 million
cargo containers are used worldwide to transport about 90% of the world’s cargo.
The key concept in ConTraffic is the usage of available data sources, currently
not exploited by authorities, and the application of state of the art analysis
techniques on the collected mobility data [2].
The basic information unit in ConTraffic is the Container Status Message
(CSM). Each CSM describes a logistic event of a particular cargo container,
such as the loading of a container on a vessel or the delivery of a full container
?
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to its final destination. Such events can be represented by an ontology [3] and
can be analized using a semantic approach to extract valuable relations [4]. Each
CSM contains the date (and sometimes a precise time) and a textual description
of the location where the event took place, besides other fields.
In order to be able to use the CSMs in various analysis processes, and in order
to be able to integrate the data collected from the different sources, the textual
location description in each CSM must be mapped to a real-world location. In
Contraffic we use the UN/LOCODE [5] taxonomy, that is a set of locations for
trade and transport purposes collected by the United Nations, as a reference
table of real-world locations.
In this paper we address the issue of resolution of strings that represent locations of containers. The method goes beyond string similarity and uses the
trajectories of containers and the fact that many containers follow the same
routes. In ConTraffic, based on the hundreds millions of CSM records available,
one can reconstruct millions of trajectories that represent the movement of containers. This is possible by using the location description and the date/time
of each CSM record. However, in this domain there is a significant uncertainty
about the exact trajectories as the CSM records do not describe precisely when
the movement of the container actually takes place, how the container moves
from one location to the other or for how long the container remains at each
location. Furthermore, the different means of transport used, like vessels, trains
or trucks, have different speeds, complicating even more the estimation of the
real trajectory.
In the next section we define the specific problem we deal with and in the
third section we present our analysis and we propose a possible solution for it.
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Problem Definition

The issue we try to address is when a text string identifying a location cannot be
matched with confidence using string similarity to any particular location in the
reference list. The reasons that lead to this lack of classification can be grouped
in three categories:
1. the string can be matched to one location only, but the confidence is not
strong enough (for example,only a subpart of the string matches).
2. the string can be potentially associated with more than one location, and
none of them with enough strong confidence.
3. no match with any location in the reference list is found.
The above cases can occur whenever the matching process must respect a
“confidence” level regardless of how that level is defined. This means that we
want to be sure enough (the threshold over the confidence level) about the association we are proposing. For the specific purposes persecuted, in ConTraffic
we try to avoid any misclassification of location strings so the rules that define
confidence are quite strict (mostly exact string matches, maybe enhanced with

Fig. 1. The first two dimensions, as represent textually for the location string “ITAPO”

permutations). In these cases, the human expert intervention is required to resolve the string and to associate it with one of the entries in the reference list, if
possible. Sometimes this cleaning process remains unfeasible even for the human
experts.
The concept of the moving point [6] is well-known in the maritime transportation domain, and it can be seen as the abstraction of the movements of a
container.
The concrete problem that we address in this paper is how trajectory information of large sets of similar objects can be used to resolve an unknown
intermediate location in a trajectory of one such object.
In order to consider the problem in its broader and abstract form we give
the following problem definition:
Definition 1. Assume R is a set of trajectories, S is the set of moving objects mentioned in R and consider that each subsegment of a trajectory is called
“trajectory segment”. Assume also that each starting or ending point of each trajectory segment in R is considered a location and it is assigned a location name
(not necessarily unique) and a unique geographical coordinate pair. Let L =
{l1 , l2 , .., lk } be the set of all locations li = (ci , di ) in R, where ci = (latri , lonri )
is the couple of value representing the coordinates and di is the textual string
encoding the name.
Given that x is the text string describing the location where the moving objects M = m1 , m2 , .., mj , with mi in S were at the corresponding time intervals
T = t1 , t2 , .., tj , how can one use R, M , T and L to map x to one of the members
of L with the required confidence level?
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Analysis

To address the problem we will decompose it in smaller independent sub-problems
based on the information used:
[A - STRING dimension] Use the locations names d1 , d2 , .., dk in L to select a number of candidate locations matching x based on text string processing
techniques. In general, for each location li in L one can calculate a confidence
level for the mapping x =⇒ li and then use a confidence level threshold to select
which locations (none, one or many) are the final candidates for x. We can apply

different algorithms to select the confidence level; exact string match, sub-string
match, string distance functions are typical examples [7, 8], but also other are
used [9]. They can be used alone or in combination with a semantic analysis of
the text string x, removing from x redundant words, characters or identifying
the target country (or region of the country) where the location seems to be. In
the best case this technique returns exactly one candidate.
For example, if x is the string “Terminal A at port of Napoli” and in L we expect
that there will be only one location matching this description (namely “Napoli”)
then a sub-string matching technique would return only this as candidate location to map to. Unfortunately locations exist, in France and in Switzerland,
whose name is “Port”, generating a multiple matching that needs to be solved.
[B - RELEVANT TRAJECTORY dimension] Use the relevant2 trajectories
of the objects in M , in combination with the given time intervals T and the geographical coordinates of the locations in L to predict a set of candidate matching
locations that can be associated to x. The prediction algorithm in the first phase
should find candidate locations for each mi in M separately and then combine
the results to produce the final set of candidate locations (for example, using
a set intersection function). Note that if the quality of data is not guaranteed
(like in the case of ConTraffic), then combining the results of the individual mi
may not be straightforward (exclusion of outliers may be needed or probabilistic
fuzzy techniques). There are several techniques to predict grid-based candidate
locations [10]. When choosing this technique, one must carefully understand the
problem domain. For example, in ConTraffic any prediction based on linear interpolation would fail because containers do not maintain any kind of constant
speed or direction when moving from one location mentioned by a CSM to the
next.
[C - TRAJECTORY representatives] The trajectories in R are used to predict
the location x. Typically this can be done by clustering the trajectories to reveal
the common patterns of movement (finding a representative trajectory). Then,
the clusters that contain a relevant trajectory of an object in M can be used to
predict candidate locations for x. Just as in the previous case the independent
results achieved for each mi in M can be combined to reduce the set of candidate
matching locations. This technique can be used in domains where many objects
follow similar trajectories (or at least similar routes). In general the results are
expected to depend a lot on the clustering parameters used and on the topology
of the set of trajectories R. Overall, if more than one of the above techniques
is used, then the obtained results can be combined to improve the results by
reducing the set of candidate matching locations.
3.1

Implementation

Based on the model presented we implemented a software tool to help experts associate the strings with the relative locations. It partially implements the model
2

For each mi and its associated time interval ti = (starti , endi ) at x there can be at
most 2 relevant trajectories of mi in R: the trajectory that ends just before starti
and the trajectory that starts just after endi .

Fig. 2. The Application developed: an uncleaned location ’WORTH, GERMANY ’

presented above– namely the first and partially the second and third approaches–
and uses the computed sets of candidate locations to provide the information to
expert in two formats: textual lists (such the ones in the Fig. 1) and as graphical
elements into a map, as presented in Fig. 2.
The two columns in Fig. 1 represent respectively the candidate locations in
the string distance dimension, and the most frequent location of the trajectories
that share the previous and the next location string with the current analyzed
case x. In Fig. 2 instead are presented the actual interface for the final user,
in which the information is filtered and restricted to a limited number in order
to be useful, when presented on a map. For the string dimension – based on a
metric simile to the Jaro-Winkler[11] one–, the search is bounded to the nation
included in the raw string, if available, and limited to the first 20 most simile
candidate locations in the set. The information is then included in the map as
red pinpoints.
In the relevant trajectories dimension, the ranking is based on frequency
of locations co-occurrence with the same previous and next steps. It is later
limited on the temporal duration of the segment. Here a problem emerges for
the presence of sometimes incomplete timestamps (just composed by the date
part). This dimension is represented in the map as circles, with the centers in the
known location and the radius proportional to the time distance of the events4 .
4

Defining the previous and current location respectively as P L and x –with the associated timestamps TP L and Tx – the radius of the circle RP L centered in P L is

For every trajectory, the previous location is depicted with a green circle, while
the red ones represents the next location.
An initial tentative to meaningful use the information related to the third
sub-problem (use of trajectories to predict the location) was done, as can be
seen in the lower part of the Fig. 2, by showing the 10 shortest sub-trajectories
having in common the previous and next locations (with regards to x and ti for
a given mi ). We choose to represent it as straight lines connecting the previous
and next location, to give an idea of the trajectory, if the unclean location was
not present or not cleanable.
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proportional to the time difference of the events RP L ∝ (Tx −TP L ). The same applies
for the circle centered on the next location N L.

