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Abstract. Accidents to pipelines have been recorded and they often result p%
consequences for environment and society with a great deal of economic loss. Stau s of

methods in risk assessment.

Introduction

The consequences of the risks associated with accidents and
or gas pipeline are especially serious because, in gene
environment. It is therefore of vital importance to de
assessment to mitigation, which require a reliable anal
difficult task, mainly due to the nature of the data bei
highly unlikely and, in turn, are due to many causes usu
historical data may not be effective.

The immense explosion in the data occa
models emphasizes the importance of developi

isk assessment, from
odel. Risk analysis is a
tentially dangerous events are
the mere statistical analysis of

pments in pipeline risk assessment
inductive approaches to risk analysis
e process of exploring large amounts of
data in search of recurrent patte ips. It utilizes methods at the intersection of
artificial intelligence, machine leg )
mining process is to extract J@loTTIgEC grlata set and transform it into an understandable

structure for further use. Asjgt aw analysis step, it involves database and data management

Risk is goy€rned by the probability of a risky event and the magnitude of loss, called in this
context failure and consequence, respectively. Risk assessment is the most critical and most difficult
stage to implement because, in short, no one may be able to determine when or where a failure will
occur. However, we can estimate which the most probable failure is, the places most affected are, as
well as, the probability of occurrence and severity of the consequences are. A risk assessment model
should enable us to determine the value of risk in any sector of the gas pipeline, based on all the
factors that influence in the failures and consequences. All risk models, even the simplest ones, use
statistical methods. That is, from a model that bases its decisions on the experience of experts on the
subject to more rigorous mathematical models based on the failures history of the system.

Fault Tree Analysis is an effective method to evaluate the reliability and security of large complex
system. Using this way, the failure of oil and gas pipelines is discussed. The fault tree of oil and gas
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pipelines is established by considering two major failure modes of pipelines: leaking and rupture. All
me minimal cut-sets are got through qualitative analysis. The basic risk factors are investigated that
cause failure of pipelines. Fault Tree is also a model that quantitative analysis is based upon.

The Figure 1 shows the logical relation of FTA model that contributes to the probability of failure
and the factors.

In conventional FTA, the failure probabilities of system components are treated as exact values.
However, for many systems, it is often very difficult to estimate the precise failure rates or
probabilities of individual components or failure events in the quantitative analysis of fault trees
from past occurrences. In other words the crisp approach has difficulty in conveying imprecision or
vagueness nature in system modeling to represent the failure rate of a system component. This
always happens under a dynamically changing environment or in systems where available data is

necessary to work with approximate estimations of probabilities. Under these cong
inappropriate to use the conventional FTA for computing the system failure probdt

data for use in the FTA. Instead of the probability of a failure, it may be

its possibility.

Data mining builds models from data, using tools that vary both | built and,
within each model domain, by the type of algorithm used. At the I nomy of data
mining separates models into two classes, predictive and descri

One of the most common learning tasks in data mini ation.“Classification is a

supervised way of learning. The database contains one
table and these are known as predicted attributes,
predicting attributes. The popular algorithms of supcilised learnifig techniques include decision
trees, artificial neural networks, and so on.

When the data are unlabelled and each instag iven class label the learning task
is called unsupervised. If we still want to idcgh hich instances belong together, that is, form
natural clusters of instances, a clustering algorit o plied. Clustering techniques can be used
to identify stable dependencies for risk

Another unsupervised learning h is afociation rule discovery that aims to discover
interesting correlation or other the attributes. Association rule mining was
originally used for risk analysj

mining models. It is a
section of pipe with t is calCulated on a section as a product of the probability by the

, numerical values are assigned to each of the conditions and

weights given to variables.
€ consequences are the indexes of the model. The probability of failure is

importance of£ach in contributing to total risk.

Methods

It has been observed that the risk analysis models are essentially the same for all activities or
processes, implementing them or the significance of its primary variables are what differentiate the
activity to be monitored.

Data mining is the set of techniques and tools applied to the non-trivial process of extracting and
presenting/displaying implicit knowledge, previously unknown, potentially useful and humanly
comprehensible, from large data sets, with object to predict automated form tendencies and
behaviors; and to describe automated form models previously unknown. The term intelligent data
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mining is the application of automatic learning methods to discover and enumerate present patterns
in the data. For these, a great number of data analysis methods were developed, based on the statistic.
In the time in which the amount of information stored in the databases was increased, these methods
began to face problems of efficiency and scalability. This is where the concept of data mining
appears. One of the differences between a traditional statistic based analysis of data and the data
mining is that the first requires that the hypotheses are already constructed and validated against the
data, whereas the second supposes that the patterns and the associated theses are automatically
extracted from the data.

The tasks of the data mining can be classified in two categories: descriptive data mining and
predictive data mining; one of the most common techniques of descriptive data mining are the
de01510n trees (TDIDT) the productlon rules and self organized maps. On the other hand, an

variables involved in the phenomenon; in the systems that need to predict thg
unknown variables based on certain known variables, a representation of the

examples are given. The example objects from which a classifi i ped are known
only through their values of a set of properties or attribut isio trees in turn are

Se of fault trees for risk
ds don’t allow exploiting into
, We propose to investigate the
scheme of knowledge discovery

In the field of industrial processes, there is a tr
assessment, based heavily on the experience of expert
the maximum potential the knowledge of failures histo
use of these techniques to perform risk analy:
process is presented in Figure 2.

ATTRIBUTE
QUERY DISCOVERY RULES

6
P NT: [ DATABASE] [KNOWLEDGE] [ OBTAIN ]

Knowledge discovery process
a universe of objects that are described in terms of a collection

Wdifferentiate between these objects with reference only to the given attributes.
In such a c@atiributes will be termed inadequate for the training set and hence for the induction
task.

As mentioned above, a classification rule will be expressed as a decision tree. Leaves of a
decision tree are class names; other nodes represent attribute-based tests with a branch for each
possible outcome. In order to classify an object, it starts at the root of the tree, evaluate the test, and
take the branch appropriate to the outcome. The process continues until a leaf is encountered, at
which time the object is asserted to belong to the class named by the leaf. Only a subset of the
attributes may be encountered on a particular path from the root of the decision tree to a leaf; in this
case, only the outlook attribute is tested before determining the class. If the attributes are adequate, it
is always possible to construct a decision tree that correctly classifies each object in the training set,
and usually there are many such correct decision trees. The essence of induction is to move beyond
the training set, to construct a decision tree that correctly classifies not only objects from the training
set but other objects as well.



Applied Mechanics and Materials Vols. 347-350 2171

In order to do this, the decision tree must capture some meaningful relationship between an
object's class and its values of the attributes. Given a choice between two decision trees, each of
which is correct over the training set, it seems sensible to prefer the simpler one on the grounds that
it is more likely to capture structure inherent in the problem. The simpler tree would therefore be
expected to classify correctly more objects outside the training set.

The problem in which knowledge discovery was focused was identifying knowledge pieces
(rules) associated with the risk involved in an incident of any kind produced in the gas pipeline
network. A data query is applied to Pipeline Example Incidents Data base and a view with the
identified class attribute and related ones is built. This resulting database is used in the TDIDT based
knowledge discovery process to obtain rules that characterized each class associated with the
different values of the identified class attribute.

Process Results

To a first approximation to the problem was to start with a simplified pnly
considered the most significant threats to the pipeline network are third
corrosion (CORR). Furthermore, the incident is classified as the thr igte: PD or

CORR and depending on the Risk of it: High (H), Medium (M) or L undertaken

to discover rules of behavior from the data set available can be su ized i ing results.
If the incident was caused due to corrosion of the pipe, the , unless the pipe

diameter is greater than 7 inches and is located in Capital; 1 e, dep€nds on the type of

pipe.

If the incident is due to third party damages, the riskgof it does not dep®hd on the location and is
high, except in the case where the diameter is less thaf® inches and the type of pipe is S. Another
conclusion to be drawn from these results is that the s
the severity of the incident. This does not imp sure does not affect the value of
risk calculated according to the quantitative ove, indicates that there is not one
relevant variable of the problem to determine a i
e mitigation actions. For example, from
take mitigation actions of corrosion in pipes of
larger diameter.

We have begun working wi which includes all the variables that feed the risk
of achieving the qualitative feedback and quantitative
model. Rules of behavig pCher than those presented, to have more variables and

the one hand, to have a feedback between the model and rules of behavior to
estimate ma eurately the relative weights associated with each variable that underpin the model.
Secondly, idegify the relevant variables in risk management when defining a single procedure for
collecting information. The next steps will determine the validity of the proposed method with a
more powerful database, both in number of incidents and in many characteristics of the pipe at the
time of the incident revealed.

Furthermore, we will investigate the exploitation of the information collected with other
intelligent tools such as Bayesian networks, which would identify if there is some degree of
interdependence between the variables in the model from the construction of so-called
interdependence weight tree and predictive learning.

It is expected that the development of the novel techniques taken from the intelligent systems, as
data mining, results in the improvement of risk assessments models and could be successfully used
in the risk management program of the gas pipeline under study.
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On the other hand, we expect the model to predict the potential risk for failure and to anticipate or
mitigate the consequences, as far as possible. The mechanism of risk prediction using these
techniques could be used in the prediction of all types of industrial risks, for which the probabilistic
analysis is not always effective.

Data mining can be used to enhance risk assessment. Pipeline operators of today are faced with
the challenge of integrating a wide variety of design, historical and inspection related information
into risk management program. Advances in data technology have overwhelmed corporations with
information, and generated an urgent need for new techniques and tools that can intelligently and
automatically assist in transforming this data into useful knowledge. Data mining has appeared as
one of the tools to better explore engineering information and develop a risk management model.
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