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Abstract. The development of automatic methods to produce usable
structured information from unstructured text sources is extremely valu-
able to the oil and gas industry. A structured resource would allow re-
searches and industry professionals to write relatively simple queries to
retrieve all the information regards transcriptions of any accident. In-
stead of the thousands of abstracts provided by querying the unstruc-
tured corpus, the queries on structured corpus would result in a few
hundred well-formed results.
On this paper we propose and evaluate information extraction techniques
in occupational health control process, particularly, for the case of au-
tomatic detection of accidents from unstructured texts. Our proposal
divides the problem in subtasks such as text analysis, recognition and
classification of failed occupational health control, resolving accidents.
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1 Introduction

Health, safety and environment (HSE) issues are priority matter for the offshore
oil and gas industry. This industry is frequently in the news. Much of the time it
is because of changes in prices of oil and gas. Other —less frequent but perhaps
more important— subject of media attention is when disasters strike, as is the
case of offshore oil drilling platform explosions, spills or fires. These incidents
have a high impact on lives, environment and public opinion regarding this
sector. That is why a correct handling of HSE is a determining factor in this
industry long–term success.

Today, with the advances of new technologies, accidents, incidents and occu-
pational health records are stored in heterogeneous repositories. Similarly, the
amount of information of HSE that is daily generated has become increasingly
large. Furthermore, most of this information is stored as unstructured or poorly-
structured data and. This poses a challenge is a top priority for industries that
are looking for ways to search, sort, analyze and extract knowledge from masses
of data.



The development of automatic methods to produce usable structured infor-
mation from unstructured text sources would be extremely valuable to the oil
and gas industry. A structured resource would allow researches and industry
professionals to write a relatively simple queries to retrieve all the information
regards transcriptions of any accident. Instead of the thousands of abstracts
provided by querying the unstructured corpus, the queries on structured corpus
would result in a few hundred well-formed results. This would obviously save
time and resources while also empowering the decision maker with consistent
and valuable information.

On this paper we propose and evaluate information extraction techniques
in occupational health control process, particularly, for the case of automatic
detection of accidents from unstructured texts. Our proposal divides the problem
in subtasks such as: (i) text analysis, (ii) recognition and (iii) classification of
failed occupational health control, resolving accidents. We present an ontology-
based approach to the automatic text categorization.

An important and novel aspect of this approach is that our categorization
method does not require a training set, which is in contrast to the traditional
statistical and probabilistic methods that require a set of pre-classified docu-
ments in order to train the classifier. Also relevant is the use of a word thesaurus
for finding non-explicit relations between classification text and ontology terms.
This feature widens the domain of the classifier allowing it to respond to complex
real-life text and more resilient to ontology incompleteness.

The rest of this work goes on by describing the theoretical foundations that
support it. After that, in Section 3, we describe the elements that are involved
in our proposal, that is: (i) the elaboration of the ontology, (ii) the use of a
thesaurus as a crawling tool and (iii) the use of the ontology as a classifier.
Subsequently, in Section 4 we present the prototype that has been developed
under the scope of this work. Finally, some conclusive remarks are put forward.

2 Foundations

Automatic text categorization is a task of assigning one or more pre-specified
categories to an electronic document, based on its content. Nowadays, automatic
text classification is extensively used in many contexts. A typical examples is
the automatic classification of incoming electronic news into categories, such as
entertainment, politics, business, sports, etc.

Standard categorization approaches utilize statistical or machine learning
methods to perform the task. Such methods include Näıve Bayes [1], Support
Vector Machines [2], Latent Semantic Analysis [3] and many others. A good
overview of the traditional text categorization methods is presented in [4]. All
of these methods require a training set of pre-classified documents that is used
for classifier training; later, the classifier can correctly assign categories to other,
previously unseen documents.

However, it is often the case that a suitable set of well categorized (typically
by humans) training documents is not available. Even if one is available, the set



may be too small, or a significant portion of the documents in the training set
may not have been classified properly. This creates a serious limitation for the
usefulness of the traditional text categorization methods.

Ontologies [13] offer knowledge that is organized in a more structural and
semantic way. Their use in text categorization and topic identification has lately
become an intensive research topic. As ontologies provide named entities and re-
lationship between them, an intermediate categorization step requires matching
terms to ontological entities. Afterwards, an ontology can be successfully used
for term disambiguating and vocabulary unification, as presented in [5]. Another
approach, presented in [6], reinforces co-occurrence of certain pairs of words or
entities in the term vector that are related in the ontology.

The use of descriptions of neighboring entities to enrich the information
about a classified document is described in [9]. Interesting approach, although
very different, is presented in [10]; where authors automatically build partial on-
tology from the training set to improve keyword-based categorization method.
Other categorization approaches based on using recognized named entities are
described in [11] and [12].

The knowledge represented in a comprehensive ontology can be used to iden-
tify topics (concepts) in a text document, provided the document thematically
belongs to the domain represented in the ontology. Furthermore, if the concepts
in the ontology are organized into hierarchies of higher-level categories, it should
be possible to identify the category (or a few categories) that best classify the
content of the document.

3 Proposal

In this section we introduce a novel text categorization method based on leverag-
ing the existing knowledge represented in a domain ontology. The novelty of this
approach lays in that it is not dependent on the existence of a training set, as it
relies solely on the entities, their relationships, and the taxonomy of categories
represented in the ontology.

In the proposed approach, the ontology effectively becomes the classifier.
Consequently, classifier training with a set of pre-classified documents is not
needed, as the ontology already includes all important facts. The proposed ap-
proach requires a transformation of the document text into a graph structure,
which employs entity matching and relationship identification.

The categorization is based on measuring the semantic similarity between
the created graph and categories defined in the ontology require a training set
of pre-classified documents that is used for classifier training; later, the classifier
can correctly assign categories to other, previously unseen documents.

Our strategy is to use an ontology as the key component of our text classifi-
cation heuristic algorithm. Besides the ontology itself, the algorithm is composed
of the following set of modules:
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Fig. 1. General view of the ontology for health, safety and environment in oil industry.

1. A lemmatization, stemming and stop-word removing preprocessing. In this
work we applied for this task the functionality provided by the Apache
Lucene framework [15].

2. A thesaurus for locating words appearing in the text in the ontology. In
our case we used a customized version of OpenOffice Brazilian Portuguese
thesaurus [16].

3. Set of ontology elements tagged with its corresponding classification label.
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Fig. 2. The anomaly concept of the ontology for health, safety and environment in oil
industry.

4. A thesaurus crawling algorithm that takes care of determining the matching
degree of text words with a corresponding ontology term.

There are some other proposals that also employ mechanisms that rely on on-
tologies, for example, [7, 8], and many more. However, in our case, the use of the
thesaurus makes the approach more flexible and capable or handling real-world
applications. An ontology describes the application domain in a comprehensive
but inflexible way. Natural language is, on the other hand, highly-irregular some-
thing rather impossible to grasp by directly using an ontology. The use of the
thesaurus along with lemmatization and text processing bridges this gap effec-
tively.



3.1 Health, Safety and Environment ontology

As part of this work, we devised a domain ontology for Health, Safety and
Environment (HSE) for oil and gas application contexts (see Figure 1). This
ontology was elaborated after interviewing field experts, an extensive reviewing
of related literature and the analysis of the existing data sources.

We also obtained the inferences that describe the dynamic side and finally
we group the inferences sequentially to form tasks. Principal concepts of the
ontology, see Figure 2, are the following:

– Anomaly: Undesirable event or situation which results or may result in
damage or faults that affect people, the environment, equity (own or third
party), the image of the Petrobras System, products or production pro-
cesses. This concept includes accidents, illnesses, incidents, deviations and
non-conformances.

• Neglect: Any action or condition that has the potential to lead to,
directly or indirectly, damage to people, to property (own or third party)
or environmental impact, which is inconsistent with labor standards,
procedures, legal or regulatory requirements, requirements management
system or practice.

∗ Behavioral neglect: Act or omission which, contrary provision of
security, may cause or contribute to the occurrence of accidents.

∗ Non-behavioral neglect: Environmental condition that can cause
an accident or contribute to its occurrence. The environment includes
adjective here, everything that relates to the environment, from the
atmosphere of the workplace to the facilities, equipment, materials
used and methods of working employees who is inconsistent with la-
bor standards, procedures, legal requirements or normative require-
ments of the management system or practice.

• Incident: Any evidence, personal occurrence or condition that relates
to the environment and/or working conditions, can lead to damage to
physical and/or mental.

• Accident: Occurrence of unexpected and unwelcome, instant or other-
wise, related to the exercise of the job, which results or may result in
personal injury. The accident includes both events that may be iden-
tified in relation to a particular time or occurrences as continuous or
intermittent exposure, which can only be identified in terms of time pe-
riod probable. A personal injury includes both traumatic injuries and
illnesses, as damaging effects mental, neurological or systemic, resulting
from exposures or circumstances prevailing at the year’s work force. In
the period for meal or rest, or upon satisfaction of other physiological
needs at the workplace or during this, the employee is considered in
carrying out the work.

∗ Accident with injury: It’s all an accident in which the employee
suffers some kind of injury. Any damage suffered by a part of the
human organism as a consequence of an accident at work.



function: ClassifyText ! :! Γ, !  
input: !: string – the text to be classified. 

output: Γ ∶= !!,… ,!!  – set of ontology terms that can classify the current text. 
 !: integer – level of similarity of the terms. 
  

1 Ω = PreprocessText(!) – yields a set of words after lemmatization, stemming 
and stop-word removal. 

2 ! = ∞  – best similarity level. 
3 Γ = ∅. 
4 for each !! ∈ Ω do 
5  Θ! = ComputeSimilarityLevels(!! , 0). 
6  for each !! , !! ∈ Θ! 
7   if !! < ! then 
8   Γ = !! . 
9 ! = !!. 

10 else if !! = ! then 
11 Γ = Γ ∪ !! . 
12  end-if 
13 end-for each 
14 end-for each 
15 return Γ, ! . 

 

Fig. 3. Pseudo-code description of the algorithm used to compute the levels of simi-
larity between a given word found in text and ontology terms.

· With leave: Personal injury that prevents the injured from re-
turning to work the day after the accident or resulting in perma-
nent disability. This injury can cause total permanent disability,
permanent partial disability, total temporary disability or death.

· Without leave: Personal injury that does not prevent the in-
jured to return to work the day after the accident, since there is
no permanent disability. This injury, not resulting in death, per-
manent total or partial disability or total temporary disability,
requires, however, first aid or emergency medical aid. Expres-
sions should be avoided “lost-time accident” and “accident with-
out leave”, used improperly to mean, respectively, “with leave
injury” and “injury without leave.”

∗ Accident without injury: Accident causes no personal injury.

3.2 Classification Algorithm

As already mentioned, the classification algorithm proposed in this work relies on
the previous ontology, a thesaurus to establish the degree of matching between a
given text fragment and some terms of interest that are present in the ontology.

The algorithm is presented as pseudo-code in Figure 3 as function Classify-
Text(). It proceeds by first filtering and rearranging the input sentence in order
to render it in a format suitable for processing (PreprocessText() method in
step 1 of Figure 4). We have employed Apache Lucene text processing tools for
stemming, lemmatization and stop-word removal.



function: ComputeSimilarityLevels(!!, !!): Θ 
input: !!: string – the word to be processed. 

 !!: integer – initial level. 
global: !max: integer – maximum number of levels to be reached. 
output: Θ ∶= !!, !! ,… , !!, !!  – set of pairs of ontology term and level of similarity. 

Each pair represents how “close” is word !! to w. 
  

1 if !! = !max then 
2        return Θ = ∅ – max. number of levels reached. 
3 end-if 
4 if OntologyContains(!!) then 
5        return Θ = !!, !!  – the word is a term of the ontology, no further search 

is necessary. 
6 end-if 
7 Υ = Thesaurus(!!) – determine the synonyms of !!. 
8 Θ = ∅. 
9 for each !! ∈ Υ do 

10        Θ! = ComputeSimilarityLevels(!! , !! + 1).  
11        Θ = Θ ∪ Θ!. 
12 end-for each 
13 return Θ. 

 

Fig. 4. Pseudo-code description of the algorithm used to compute the levels of simi-
larity between a given word found in text and ontology terms.

Having the filtered text represented as a set of words, the algorithm proceeds
to identify which terms of the ontology are most closely related to that set.
It carries that out by invoking for each word the function ComputeSimilar-
ityLevels(). This function —which is described in Figure 4— returns the set
of ontology terms that are related with a given word by recursively traversing a
thesaurus up to a given number of levels. If a connection between a word and
a term is established that term is included, along with its level of similarity in
the set of related terms Θ. The level of similarity is defined as the number of
jumps needed to get from to word to the term using the thesaurus. A lower level
implies higher similarity.

The result of the classification is one or more ontology terms that are most
closely related to the text, or, posed in other words, the terms with minimal
level of similarity. It should be beard in mind that the two functions presented
here have been simplified for didactical reasons, and in practice some a harder
to read but more efficient option is used.

4 Results

The classification algorithm proposed herein has an adequate computational
performance. However it has some clear drawbacks when confronted to complex
and contradictory texts. This is not an issue for our application domain. In
spite of the texts are written in a natural language, for this particular domain,
unstructured texts are written in a very direct discourse and there was no a large
variation in the amount of information in each text, issues that were good for
the step 1 (see Figure 5).



Fig. 5. Preprocessing and algorithm results.

5 Final Remarks

In this paper we introduced a novel text classification method based on lever-
aging the existing knowledge represented in domain ontology. We have focused
our approach on a real-life high-relevance problem: the health, safety and envi-
ronment issues in the oil and gas industry.

The novelty of this approach is that it is not dependent on the existence
of a training set, as it relies solely on the entities, their relationships, and the
taxonomy of categories represented as an ontology. It might be argued that the
synthesis of such ontology is comparable at some degree with the preparation of
an annotated training set. However, when analyzing this issue at a deeper level
it may be realized that an ontology-based solution is better mainly because an
ontology can be easily contrasted and verified, both by formal means and by
members of the research team. Therefore, this approach is less prone to bias,
inconsistency and prejudice. Similarly, the resulting ontology is a relevant asset
on its own right.

This approach has the additional novelty of incorporating a thesaurus for
overcoming the possible narrow classification domain imposed by the limited set
of terms that are present in the ontology. This feature makes the method more
flexible and resilient to real-life texts that are hardly written in a homogeneous
or exact form.

It must be said that this paper presents a set of results that is susceptible of
being improved. In particular, we are interested on using the ontology to provide
a more granular classification.
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