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Abstract. Football match data potentially cover a wide scope of resource modalities, such as video/audio streams, free-text news reports,
structured online reports and structured data. One of the partial tasks
in the K-Space project is to analyse multimedia resources together with
resources that are complementary to them: texts and structured data.
Eventually, the events (such as goals, fouls or substitutions) contained or
automatically detected in different resources should be mapped to each
other, so as to ease automated retrieval from ‘difficult’ sources via the
‘easier’ ones. In this paper we concentrate on the possibility of using association mining over each resource separately, however, with the aim of
detecting relationships that could help an expert formulate criteria for
future mapping across the resources.
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Introduction

Football match data of various types, including the actual video, relevant news
articles or tables with statistics, are of high interest for a large community of
sports fans, and, consequently, a large quantity of such data is generated and
consumed. This makes the football domain well suitable for experiments with
analysing similar information in different modalities, such as video, text and
structured data. This analysis can result e.g. in faster retrieval of a desired
match, sequence of video or the like.
One of the partial tasks in the K-Space project3 is to analyse multimedia resources together with resources that are complementary to them: texts and structured data. An ongoing effort described in [2] among other deals with matching
the events detected in video, which are represented at a relatively low level (such
as audio peaks, close shots etc.) but with fine-grained timing (in seconds), with
events described in textual and structured (XML) data, which are more ‘semantic’ (e.g. goals, yellow cards) but with coarse-grained timing (in minutes). This
paper however focuses at a side-issue of this temporal matching: detecting typical relationships among different attributes that describe the events in a single
resource—video, structured data, and texts, respectively.
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Datasets Available

The first resource involved is the SmartWeb dataset4 compiled at DFKI, Germany and consisting of:
– Structured match protocols in XML format.
– A corpus of textual match reports (free-text or semi-structured documents
in German and English) that are derived from freely available web sources.
The bilingual documents are not translations, but are aligned on the level
of a particular match (i.e. they are about the same match).
– An ontology on football that is integrated with foundational (DOLCE), general (SUMO) and task-specific (discourse, navigation) ontologies.
– A knowledge base of events and entities in the World Cup domain that have
been automatically extracted from the German documents.
In the structured reports, there are on average 12 events per match; these consist
in goals, substitutions, and yellow/red cards. They are assumed to contain official,
approved data, and thus can act as ‘gold standard’. An excerpt from a structured
report (listing the cards given in one match) is in Fig. 1.

Fig. 1. Fragment of structured protocol

The second major resource consists in the results of football video analysis
in terms of identified candidate events with time points and confidence values. Both resources have an intersection in terms of matches covered, among
other, those of World Cup 2006. There are typically between 200-300 events
per match. They have been detected using Machine Learning techniques (SVM)
based on the values of six low-level detectors focussing on, respectively: crowd
detection, speech-band audio activity, on-screen graphics tracking (dealing in particular with score-board absence detection), motion activity measure (possibly
detecting e.g. a celebrating player), close-up shot detection, and field line orientation (possibly detecting events that take place near the end of the field). The
analysis, carried out at Dublin City University, has been described in [4].
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First Mining Experiments on Timeless Data

A straightforward transformation of structured XML data into relational form
suitable for tabular data mining was relatively easy: we created one record per
event, resulting, for example, for WC2006 qualification matches, in about 15 000
records (of which about 2 500 goals, 3 500 cards and 9 000 substitutions). We then
could apply the LISp-Miner tool [3], which can find various types of associations
in such data, possibly with complex combinations of allowed values (subsets,
intervals, cuts etc.) within one element (literal) of an association.
Using LISp-Miner, obvious relationships have primarily been found, such
as “a player who was substituted cannot obtain red card (and vice versa)” or
“goalkeepers are much less frequently substituted”. There were also a few less
obvious ones, which might deserve expert interpretation, such as “players who
scored a goal are more often substituted”.
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Towards Using LISp-Miner for Temporal Mining

All events in data, both the explicit ones (in structured and textual data) and the
implicit ones (in video analysis data) are of temporal nature. It is thus desirable
to capture the temporal aspects of these events in a way that would make them
exploitable by the data mining tool.
We are currently preparing a transformation of structured data such that
it would also include in each record (corresponding to individual event) the
information about the minute-offset from the previous event of a certain type
(e.g. “with respect to the given substitution event, the last red card event was
8 minutes ago, and it was a card to the team of the substituted player”). When
mining on such data, we could take advantage of the capability of LISp-Miner
to suggest value intervals at runtime, possibly arriving at hypotheses such as
“teams more often substitute within 5-10 minutes after getting a red card”.
The same approach could be taken with textual data, in principle. In this way
we could obtain richer information including match events that are not part of
formal protocols such as rushes, corners, shots, passes or (keeper’s) saves. In our
ongoing research, we managed to successfully apply ontology-driven information
extraction on this data, resulting in event lists such as in Fig. 2 (coverage of
one minute of match). However, the data obtained via textual information extraction is often noisy and there are discrepancies in temporal stamps across
different resources, so further pre-processing is needed. In addition, having possibly several tens of event types instead of 4–5 as in structured data would lead
to a significant increase of the number of attributes, and thus require a more
sophisticated method of building analytic questions to be tested, so as to avoid
high computational overhead.
The situation is even more difficult with video analysis data, where we have
a huge number of ‘events’ but these lack clear semantics. We plan to pre-process
the data via assigning to each event (i.e. data record) specific attributes for each
of the aforementioned detectors indicating how much time (in seconds) passed
since the detector reached a certain pre-defined value threshold.

Fig. 2. Sample of data extracted from an online textual report
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Possible Applications of Discovered Associations

The analysis of ‘clean’ structured data, and perhaps also of textual data, could be
seen as method for discovering new relationships to be inserted into the domain
ontology or knowledge base, respectively. Similar relationships have been used in
the same (football) domain to correct errors and to solve inconsistencies during
the analysis and merging of match reports [1], which is also our interest.
In contrast, mining over video analysis results should rather give us a better
insight into these data (otherwise rather obscure for a non-expert in signal analysis) and possibly even give feedback to the developers of the underlying video
analysis tools
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