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1 Modeling failure of oil pipelines

Kimiya Zakikhani, Tarek Zayed?, Bassem Abdrabou®, Ahmed Senouci*

4  Abstract: As the safest means of transporting gas and hazardous materials, pipelines transport
5 invaluable petroleum material. However, a considerable number of accidents have happened on
6 these facilities, leading to economic losses and environment impacts. Several inspection
7  techniques are used to provide safety for these pipelines. Despite their accuracy, these techniques
8 are time-consuming and costly procedures. Some failure prediction and condition assessment
9  models were recently developed to tackle these inefficiencies. However, most of these models only
10  predict one failure source or they rely on subjective expert survey results. This research developed
11  three objective models based on artificial neural network (ANN) and multi nominal logit (MNL)
12 regression to predict failure source in oil pipelines. An ANN model was developed for prediction
13 among mechanical, corrosion, and third-party failures with an average validity percentage (AVP)
14  of 73.7%. Another ANN model was developed for prediction between corrosion or third party
15  failures with an AVP of 72.8%. In addition, a MNL model was developed for prediction among
16  mechanical, corrosion, or third party failures with an AVP of 73.7%. Pipeline operators and
17  decision makers can use these models to identify pipeline failure sources. They can also be applied

18  to facilitate in-line inspection prioritization to take appropriate maintenance measures.
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Introduction

Pipelines, which are critical components in the oil and gas industry, transport invaluable worth of
goods. Compared to rail and highway transportation, pipelines represent the safest transportation
mean of petroleum products. However, statistics show that pipeline accidents can lead to
catastrophic environmental impacts and severe economic losses (Dey et al. 2004). CONCAWE
(Davis et al. 2010), which is a European organization that investigates environmental, health and
safety issues for the oil industry, reported that pipeline failures are due to natural hazards,
operational, corrosion, third party and mechanical sources. It was established in 1963 to carry out

environmental research for the majority of European oil companies (Davis et al. 2010).

Over the past 20 years, new inspection techniques have been developed to detect pipeline
anomalies and defects without stopping production such as ultrasonic testing (UT) and magnetic
flux leakage (MFL). Because these techniques are highly expensive and time consuming,
researchers have developed several failure prediction models and condition assessment procedures
for oil pipelines. These models allow decision makers to prioritize inspection actions to prevent
pipeline failure. However, most of the current models are either dependent on expert subjective
opinions or evaluating only one failure type. Due to these limitations, historical data based

objective models are needed to predict failure sources for oil pipelines.

This research aims to develop several failure prediction models for the identification of failure
types of oil pipelines. The models can predict the failure type, which can be either mechanical,
corrosion, or and third party. These failure types cover more than 80% of oil pipeline accident

sources (Davis et al. 2010). Three failure prediction models are developed;

(i) An artificial neural network (ANN)-based model that predicts failure among mechanical,

corrosion or third-party failures;
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(i) An ANN-based model that predicts failure between corrosion or third-party-failures;

(iii) A Multinomial logit (MNL) model that can predict failure caused by mechanical failure,
corrosion, or third-party failures.
These models can help oil pipeline operators to make decisions on the required actions on pipelines

to protect them against threats and to prioritize inspections.

Background

Over the past decade, significant efforts have been conducted on the prediction of failure in
petroleum pipelines including the probability of failure, rate, consequence, source, age, and
pressure. As one of the most studied parameters, probability of failure has been estimated through
application of different methods such as Fuzzy technique, AHP, Fault tree, and simulation. Kabir
et al. (2016), Bertuccio and Moraleda (2012), Yuhua and Datao (2005), Zhou et al. (2016), Li et
al. (2016) estimated the probability of failure for petroleum pipelines using a Fuzzy technique. Li
et al. (2016), Kabir et al. (2016) and Hasan (2016) determined the probability of failure by
developing a hierarchical risk structure based on expert opinion using AHP method. Omidvar and
Kivi (2016), Yuhua and Datao (2005) and Li et al. (2016) predicted the probability of failure to
specific causes using fault trees. Moreover, Li et al. (2009), Witek (2016), Wen et al. (2014), and
Dundulis et al. (2016) estimated the probability of failure using experimental equations or finite

element analysis results of burst pressure due to corrosion failure or a combination of failure types.

Parvizsedghy and Zayed (2015a) predicted the financial consequences for gas pipelines using
neuro-Fuzzy technique and a bow-tie model. Moreover, Restrepo et al. (2009) estimated financial
consequence of oil pipelines using binary logistic and least square regression methods. Even
though they relied on historical records, the methods were merely capable of predicting monetary

consequences and did not consider environmental and safety costs.
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Few studies were conducted on predicting the cause of failure. Senouci, EI-Abbasy et al. (2014)
established a Fuzzy-based model to estimate the source of failure in oil pipelines based on
historical records. In another study, Senouci, Elabbasy et al. (2014) predicted failure source in
these facilities using a back-propagation neural network and multiple regression. In both studies,
the prediction of failure source has been treated as a predictive problem rather than classification,
which may question the accuracy of the results. In other words, the nominal variables were treated
as numerical values. Moreover, Bertolini and Bevilacqua (2006) developed a multi- regression
model using a regression tree (C& RT) approach, that predicts failure causes using available
records in CONCAWE database (Davis et al. 2010). However, these models lack a validation

procedure, which may question their accuracy.

Several research studies were conducted to predict failure rate and pressure. Liao et al. (2012) and
Caleyo et al. (2009) predicted corrosion rate in gas pipelines, respectively, using a back
propagation neural network and Monte Carlo simulation. Papavinasam et al. (2010) predicted the
internal corrosion-pitting rate of oil and gas pipelines using laboratory experiments on pitting
corrosion rate. The research conducted by Liao et al. (2012) and Papavinasam et al. (2010) was
limited to corrosion failure prediction. Moreover, the methods developed by Caleyo et al. (2009)
and Papavinasam et al. (2010) relied on performing expensive in-line inspection results. In a
similar study, Ma et al. (2013) developed a model to estimate magnitude of failure pressure in

petroleum pipelines using finite element analysis.

Parvizsedghy and Zayed (2015b)developed two regression models to estimate the failure age of
oil pipelines (Parvizsedghy and Zayed 2013; Parvizsedghy and Zayed 2015b). Even though their
diagnostic measures in these studies were satisfactory, the models were based on a combination of

different failure sources. This issue may become problematic since the mitigation measures for
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each failure source is distinct from the others.

The literature review of the studies on the failure prediction of oil and gas pipelines identified few
important research gaps. The first limitation is that few of these studies were limited in the number
of failure parameters considered in the model. Ma et al. (2013), Parvizsedghy and Zayed (2015a)
and Restrepo et al. (2009) only considered one or two failure consequences. Moreover, Hasan
(2016), Omidvar and Kivi (2016), Bertuccio and Moraleda (2012) and Li et al. (2016) only
considered one or two failure types. As another limitation of the reviewed models, few were
subjective, which lead to a lack of generalization. Kabir et al. (2016), Yuhua and Datao (2005), (
Li et al. (2016) proposed models based on expert judgments, which are very sensitive to the
responses provided in the opinion surveys. Finally, few of the developed models were based on a
limited number of records, which limit their generation. The models developed by Zhou et al.
(2016), Dundulis et al. (2016) and Ma et al. (2013) were either based on limited in-line inspections,
finite element analysis, or historical records. Therefore, the application of such methods to other
pipelines may be ineffective (Abdrabou 2012). Most of the developed models were subjective. In
other words, they are not applicable to all pipelines. They are also case specific due to their reliance
on subjective measures such as expert opinions. On the other hand, few models can predict merely
one type of failure among five different failure sources that will be introduced later. Finally, few
of these models were developed using a limited number of records obtained from in-line
inspections, which leads to a limitation in their application to pipelines with different attributes
(Abdrabou 2012).

Failure sources in oil pipelines

According to CONCOWE database, failures in oil pipelines fall in one of five categories, namely,

mechanical, corrosion, third party, operational, and natural hazards. Figure 1 presents the



121 contribution of various failure sources in oil pipelines according to CONCAWE database (Davis
122 et al. 2010). This figure illustrates that 88% of total accidents were due to either mechanical,

123 corrosion, or third party failures (Abdrabou 2012).

124 1) Mechanical Failure: Mechanical failure is due to poor construction or the use of low-quality

125 materials (Dey et al. 2004). This failure can be further classified into two main categories (i.e.,
126 dents and gouges) that appear as deformations in the pipe wall. Dents are radial deformations,
127 while a gouge follows along a surface deformation. These defects usually occur due to
128 construction inefficiency. Depending on the severity, this failure can lead to immediate or
129 delayed failure (Panetta et al. 2001). A mechanical failure can also be a result of design error,
130 use of inappropriate materials, and/or faulty construction (Davis et al. 2010).

131 2) Corrosion Failure: In pipelines, corrosion is a slow process, which leads to a loss of metal in

132 the wall leading to a failure. According to the US Department of Transportation (DOT),
133 corrosion is classified as the second-most frequent failure source in pipelines. This type of
134 failure can further be classified into three main categories, namely, external, internal, or stress
135 cracking corrosion (SCC).

136 e External corrosion: External corrosion is due to atmospheric or subsurface sources. External
137 corrosion can be deferred using cathodic protection and pipeline coating (Muhlbauer 2004).
138 e Internal corrosion: This corrosion type, which targets pipeline inner surface, is usually a
139 function of the transported material. Product corrodibility and corrosion intervention are the
140 two main factors that affect internal corrosion (Muhlbauer 2004).

141 e Stress crack corrosion: This type of corrosion leads to cracking of material due to the

142 combined actions of corrosion and tensile stress. This type of corrosion has two modes,



143 namely, Classical SCC and low-PH SCC. Longitudinal cracks would link to long-shallow

144 flaws in both modes. The formation of this type of flaws is due to having a potent
145 environment, steel pipe susceptibility to SCC and sufficient magnitude of tensile stress
146 (Beavers and Thompson 2006).!

147  3) Third-Party Activity: Third-party failure is a result of damages caused by factors that are not

148 associated with a pipeline. The US Department of Transportation (DOT) pipeline statistics
149 determine third-party activities as the most frequent failure source in oil pipelines. However,
150 third party damage is the least-considered factor in pipeline hazard assessment (Muhlbauer
151 2004). Different factors can affect the occurrence of third party damage including coating, cover
152 depth, public education program, etc.

153  4) Operational failure: Operational failure results from operational upsets such as malfunction, or

154 inadequacy of one or more safeguarding systems or operators’ error (Bersani et al. 2010). This
155 type of failure is rare even though it can cause catastrophic consequences. The application of
156 safety devices in addition to monitoring pipeline pressure may defer operational failures
157 (Muhlbauer 2004). Moreover, the probability of operational failures may be minimized using
158 operational procedures, supervisory control and data acquisition (SCADA) communication,
159 drug testing, etc.

160  5) Natural hazards: This failure type corresponds to natural disasters, which rarely take place.

161 Examples of this failure include flooding, land movement, volcanic activity, and earthquakes.
162 Geotechnical and hydro-technical studies are performed prior to pipeline construction to
163 prevent this failure type.

164  Logistic and multi nominal logistic regression

165  Logistic regression uses binomial probability theory that predicts the probability of having a
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response equal to either 0 or 1. The maximum likelihood method (logistic function) includes
several computational iterations to maximize the probability of observed data (Burns and Burns
2008). For a binary output (Y=0 or Y=1) and multiple independent variables (x1 to X»), a logistic
regression calculates the probability of y equal to 1. A linear regression is formulated using the

following equation (Agresti 2007; Abdrabou 2012):
Yy = W;iXq + WyXy + oo 4+ WpX, 1)

Where y = dependent variable, w1 to wn = estimators, and x; to X» = independent variables. On the

other hand, the logistic regression is formulated using the following equation:

1

p(y=1)=—— (2)
Where “e” = natural logarithm number and “z” = logit formulated.
The variable “z’ is computed using the following equation:
z = (Logit) = wyx; + woxy + -+ wpxy, (3)

From equations 2 and 3 it can be concluded that the logit is the log of odds, as presented in Equation

4 (Agresti 2007).

p(y=1)

Logit =In (1+p(y=1)

) = WX + WXy + o+ WXy, 4)

The assumptions and limitations of logistic regression can be summarized as follows (Burns and

Burns 2008);

e This regression type is not based on a linear relationship between the response and the
independent variables.
e The response can undergo a dichotomy (two-phase) condition.

e The categories must be mutually exclusive.
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e Large sample sizes are required.
e The independent variables cannot not be intervals.

e The independent variables cannot not be normally or linearly distributed.

A multinomial logit (MNL) model is an extension of logistic regression. The Dependent Variable
(DV), which has many categories, has one value of its values set as a reference category. Then,
the membership probability of the other categories of the DV is compared to the one corresponding
to the reference category. For a DV with M categories, M — 1 equations are required to present a
relationship between the response and the explanatory variables (Agresti 2007).When there are
more than two categories for a dependent variable, the following equation is used to calculate the

outcome probability for m=2 to M:

exp (Zmi)
1+Z;\14=2 exp (Zni) (5)

p(yi =m) =
In addition, the probability for the reference category is computed using the following equation
(Agresti 2007):

1
PO =1 = G e ©

Where “z” = Logit as defined in Equation 3.

In this research, the dependent variable (i.e., failure type) is nominal while all independent
variables except pipeline age and diameter are discrete. Therefore, the basic form of logistic
regression, i.e. multinomial logit (MNL), is applied for a binary response. MNL models can handle
categorical variables. Moreover, a probability equation for each output category is obtained which
provides a means to identify the failure that threatens the pipeline.

Artificial neural networks (ANN)

Over the past decade, artificial neural networks (ANNSs) have been applied extensively in
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engineering applications due to their ability to solve complex problems. ANN technique mimics
the human brain’s techniques for learning and recalling patterns. It is useful in problems where a
solution is not clearly identified and the relationship between explanatory and response variables
is not adequately defined (Al Bargawi 2007). Neurons are randomly connected in three main
different layers, namely, input, hidden and output layers to form an artificial neural network. The
hidden layers connect the input and the output layers and have no connection to the outside world
(Zayed and Halpin 2005). Depending on the learning paradigms, there are three main types of
neural networks, i.e. supervised, unsupervised and hybrid types. In a supervised network, the
network is provided with a correct answer (output) for each pattern and the weights are assigned
to help the network calculate outputs that are as close as possible to the real values. Unsupervised
learning does not require the provision of an output to the network. Instead, it perceives the
underlying correlations of data patterns and organizes these patterns into categories. Hybrid
networks combine the supervised and unsupervised learning processes to provide part of the
weights using supervised learning while the remaining weights are provided through unsupervised

learning (Abdrabou 2012).

The most commonly applied neural network is the multi-layer feed (MLF) which is trained with a
back propagation-learning algorithm (Svozil et al. 1997). Back propagation neural networks
(BPNNs) learn by examples, which makes them effective in prediction (Al Bargawi 2007). A
BPNN training algorithm is commonly used to supervise neural networks where the output is
provided to instruct the ANN. The learning process of supervised ANNs using a BPNN learning
algorithm is accomplished by providing the network with datasets that include both inputs and
outputs to be trained. The network pattern is introduced and then the output pattern is estimated
using random weights. The generated output is then compared to the actual value, and the

corresponding error between the two outputs is backward propagated into the network to adjust
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the connections weights. This procedure is repeated until an allowable error or the maximum
number of epochs is reached, or any other stopping condition is satisfied (Al Bargawi 2007). This
process is called back propagation since it involves taking this derivative and adding it to the
corresponding weight starting from the output layer back to the input layer (Abraham 2005). Once
the neural network is trained, it can be used to predict the output for other input patterns through
the connection’s weights calculated during the learning process.

Data collection

To develop the failure prediction models, failure records reported by CONCAWE in 2010 were
collected. The reported failure records cover over 37 years of spillage data since 1971 and 35000
km of pipelines transporting 780 million m® of crude oil and petroleum products across Europe. In
this research, the collected data corresponds to 467 spillage accidents for cross-country oil
pipelines, which satisfy several criteria (Davis et al. 2010). The first criteria is that pipelines
transport crude oil or petroleum product while the second one is that pipelines have a minimum
length of 2 kilometers in the public domain. The third criterion is that pipelines run across the
country, including short estuary or river crossings. On the other hand, the fourth criteria is that
accidents cover pump stations and intermediate storage facilities but ignore terminal facilities and
tank farms. Finally, the fifth criterion is that accidents involve a minimum spillage size of 1 m?,

unless exceptional safety or environmental consequences are considered (Abdrabou 2012).

To develop the proposed failure prediction models, the records related to explanatory and
dependent variables were collected in two datasets. Dataset 1 includes 289 accident records whose
failure type falls into the category of mechanical, corrosion, and third party. On the other hand,
dataset 2 includes 225 accidents corresponding to only corrosion and third-party failures.

Accidents due to operational and natural hazards failures were not collected in this research due to
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their small number. The explanatory variables considered include pipeline age, diameter, service
type, facility type, and land use. The collected data for each model variable is detailed in Table 1

(Abdrabou 2012).

i) Pipeline age: Pipeline age is one of the main factors with direct influence on corrosion failure.

This variable values range between 1 and 40 years.

ii) Pipeline diameter: Pipelines with a relatively small diameter are more vulnerable to third party

damages such as excavation. This variable values range between 1 and 60 inches

iii) Service type: The variable corresponds to the type of transferred product, i.e. crude oil, white

product, or fuel oil.

Iv) Facility type: The variable describes the vertical location of a pipeline, i.e. above-ground or

underground.

v) Land use: The variable corresponds to the type of land use where the accident occurred. The
records related to three land wuse types namely, residential, agricultural, and

industrial/commercial were collected in this research.
Failure model development

Figure 3 presents the methodology used to develop failure prediction models of oil pipelines.
Multinomial logistic regression and neural networks were used to treat categorical variables as
nominal rather than continuous. The models were developed using historical failure records of
cross-country oil pipelines found in CONCAWE database. Two main models, namely Models A
and B, were developed. Model A predicts mechanical, corrosion, or third party failure types. On
the other hand, Model B predicts corrosion and third party types failure types. More specifically,

the models A.1 and A.2 predict the failure type using artificial neural network and multinomial
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logit regression approaches, respectively. On the other hand, model B.1 predicts the failure type
using artificial neural network approach. To develop these models, the datasets 1 and 2 were
randomly divided into 80% and 20% for training and validation purposes, respectively.

ANN Model Development

A back-propagation procedure was used to develop the models A.1 and B.1 using SPSS 19
statistical software with 289 and 225 records, respectively. The corresponding learning rate and
momentum of the neural network were chosen as 0.05 and 0.9, respectively. Moreover, Tanh
activation function was used between the input and hidden layers with a stopping criterion of 10
steps without any error decrease. Depending on the model, the network output can vary between
mechanical, corrosion and third party failures for model A.1 or corrosion and third party failures
for model B.1. On the other hand, the model input includes pipeline age, facility type, land use,
diameter, and service type as presented Table 1. One neuron is used to represent each subcategory
of each nominal variable (i.e., land use, facility and service type). On the other hand, each
continuous variable (age and diameter) is represented by one neuron. Model A.1 consists of an
input layer with 10 neurons, a hidden layer with 35 neurons, and an output layer with 3 neurons.
On the other hand, model B.1 consists of an input layer with 10 neurons, a hidden layer with 26
neurons, and an output layer with 2 neurons. The importance factor analysis results show that the
ranking of the model A.1 predictors (i.e., from the most to the least important) is: 1) service type,
2) diameter, 3) facility type, 4) land use, and 5) age. On the other hand, Table 2 shows that the
ranking of the model B.1 predictors (i.e., from the most to the least important) is: 1) service type,
2) age, 3) land use, 4) diameter, and 5) facility type. Moreover, the training results show that the
models A.1 and B.1 correctly classified 73.8% and 73.3% of the records, respectively. The area
under the ROC curve of the dependent output is another diagnostic measure for the ANN accuracy.

Table 3 shows that the area under the ROC curve for each dependent variable category in both
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neural networks models is generally more than 0.75 for each output, which is an indication of an
acceptable accuracy.

Development of multinomial logit model

As previously mentioned, model A.2 uses multinomial logit regression to predict mechanical,
corrosion, or third party failures. The multinomial regression performs the analysis by computing
the probability of occurrence for each failure type, where the highest probability is set as the
predicted value. The logit model pairs each category to a baseline category. In this context, the last
output category (third party failure) is set as the baseline category and the maximum likelihood
estimate (MLE) method is used to measure the performance level of the MNL model. MLE is the
value of the parameter that makes an observed data most likely. It is usually reported as the Log-
likelihood or the initial Log-likelihood function that is equal to -2 Log-likelihood (-2LL) (Menard
2002). The initial likelihood function (-2 Log Likelihood) is a statistical measure similar to the
total sum square in linear regression. Table 4 presents the initial likelihood function value of
498.091 for the model with no independent variables (constant only) and the initial likelihood
value of 387.59 for the model with all the independent variables. The reduction of this value
indicates the improvement in model’s prediction due to the presence of independent variables. The
difference between the two values is the Chi-Squared (101.49), which has a significance of less
than 0.0001. Therefore, it can be concluded that there is a significant relationship between the

explanatory and response variables (Menard 2002).

As diagnostic measures for multinomial regression models, several pseudo R squares are used to
evaluate model’s goodness of fit. These pseudo R-squares have a scale similar to that of R? in a
linear regression. Cox and Snell Pseudo R-Square, McFadden Pseudo R-Square and Nagelkerke
Pseudo R-Square are derived using equations 7 to 9 as diagnostic measures. Table 5 summarizes

pseudo-square results.
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Where, M= model with predictors; Mintercept= model without predictors; L=estimated likelihood;

and N= number of observations

To identify the importance of each predictor, SPSS software calculates the initial likelihood value
for the reduced model, which is the one that contains all predictors except the one under study.
This likelihood is compared to the one achieved by the model when all predictors are present (full
model). The Chi-square is then calculated for each model by subtracting the full model value from
the reduced model value. The predictor with a high Chi-square and a low significance is considered
as an important variable. Table 6 summarizes the SPSS analysis results, which show that the type

of service is the most important variable while pipeline age is of the least important.

As discussed earlier, a multi nominal logit regression model is based upon the calculation of the
probability of occurrence in each failure source. The logit of each dependent variable is calculated
using equation 10 to compute the probability of each dependent variable.

Logit = Z = B + B X, + B,X, + -+ B, X,, (8)
Where X; to Xn = predictor values and B, By, ..., Bn = variable coefficients as shown in Table 7.
The SPSS program generates the coefficients for outputs one and two. Therefore, the coefficient

for output three (the reference category) can be calculated using the following equation:
P3 = 1- (P1+P2). (11)

Finally, the Logit equations for each output are listed in equations 12, 13, 1nd 14.
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Z1 = 2.005 + 0.0097D — 0.008A4 - 1.45351 — 1.49352 - 2.351F1 - 0.193L1 + 0.044L2 (9)
Z2 = 3.949 + 0.008D + 0.016A4 - 3.358S51- 4.552 - 0.307F1 - 1.213L1 + 1.823L2 (10)
Z3 = 0 (Reference Category) (14)

Where, D = pipeline diameter in inches, A = pipeline age by year, S = type of service, F = facility
and L = land use. The probability of occurrence of each failure source in oil pipelines are presented

in the following equations:

eZl

Py = (Mechanical Failure) = ——— (11)
z2
P, = (Corrosion Failure) = m (12)
z3
P; = (Third Party Failure) = Mim (13)

Model validation

The developed models were validated using the remaining 20% data. The input of the validation
dataset was fed into the trained model to obtain the predicted failure type values. The average
invalidity percentage (AIP) and the average validity percentage (AVP) for the testing dataset were

computed using equations 18 and 19, respectively.

arp =, 1= hym (14)

AVP =1 — AIP (15)

Where, “E;” = predicted value while “C;” = actual value.

The validation results for models A.1, A.2 and B.1 are summarized in Table 8. Moreover, the
validation outputs and actual failure sources are shown in Figure 4.

Table 8 shows that the percentage of correct predictions in all the models is approximately 70%,
which is acceptable. The results obtained are more reliable than those published in similar studies
that considered the dependent variable as numerical. Such consideration is highly important since

failure source identification is a classification problem with discrete dependent variables. On the
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other hand, some of the contributing factors in the failure of oil and gas pipelines are missing in
the database including thickness, operating pressure, and yield strength. Such limitations can be a
leading factor in reducing the prediction accuracy of the models. Moreover, access to large number
of failure records is complicated in the oil and gas industry due to confidentiality matters.

In this study, the accuracy of all the three models is almost similar. Moreover, ANN and
multinomial regression models exhibited identical performances. However, the prediction of the
failure source using two failure sources (corrosion and third party) leads to better results compared
to the one with three failure sources (corrosion, third-party and mechanical damage). The
multinomial logit model was used herein to estimate the probability of occurrence for each major
failure source that may target pipelines, given five pipeline attributes. By knowing this probability,
the most probable failure source is identified through probability measures. Even though the
validation results using neural network and multinominal logit regression were similar, the latter
has the following two important advantages:

e MN model presents an equation, which can be used in practice.

e MNL model provides the probability of each failure source, which helps operators to have a

better awareness of most critical failure sources.
Sensitivity analysis

A sensitivity analysis was carried out to examine the effect of variation in explanatory variables
on the model response. An accident, where the diameter, service type, facility type, age, and land
use were set equal to 11, 2, 1, 40 and 1, respectively, was selected. Next, each predictor under
study was altered between its maximum and minimum values while keeping the other predictors
constant. The procedure was repeated for each input variable. When there was no change of the

output variable related to a particular input, other inputs were then maintained at a different value,
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one at a time to study the correlation between inputs. The sensitivity analysis results for model A.1
almost confirmed the inputs’ importance that was previously determined by the importance factor
analysis where ‘service’ was the most sensitive predictor while ‘age’ had the smallest effect. The

following subsection presents the sensitivity analysis results for this model.
Service Type Variations:

Figure 5(a) presents the effect of service type variations on failure causes. The results show that
the failure source would be third party if the service type were white oil. However, if the service
type changes to crude oil or hot products, the failure would originate from a corrosion source due

to the associated heating and the presence of impurities.
Facility Type Variations:

Figure 5(b) shows the variations in failure source due to variations of facility location. If the
pipeline is buried, the failure source is predicted to be third party. On other hand, the predicted

failure source changes to mechanical failure for aboveground pipelines.
Land Use Variations:

For the selected accident record, no variations in the resulting failure source were observed due to
land use variations. Therefore, other input variables were altered one at a time to identify the
correlation between the inputs. Figure 5(c) shows a significant correlation between land use and

age, diameter, and service.
Diameter Variations:

Figure 6(a) represents the effects of diameter variation on the failure source. The pipelines with
small diameters were vulnerable to third party failure. On the other hand, a variation in failure

source occurred when the pipeline diameter increased.
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Age Variations:

Figure 6(b) shows the impact of age variations on failure source. Variation of pipeline age did not
alter the failure source. However, Figure 6(c) shows that for larger diameter (i.e. 30 inches)
pipelines, failure source variations occurred due the age variation. In other words, pipeline age has

more impact on failure source for pipelines with larger diameters.

Conclusions

This research proposes several models for failure source prediction in oil pipelines. These models
were built using historical data from real failure incidents. They can help oil pipeline operators
and decision makers to plan for the actions required to maintain pipeline safety by estimating
pipeline failure sources. These models predict the source of failure targeting a pipeline based on
specific physical, operational, and environmental characteristics. The first two models (A.1 and
B.1) were developed using ANN technique. Model A.1 was able to predict three failure sources,
namely, mechanical, corrosion, third party, with an accuracy of 68.5%. On the other hand, model
B.1 was able to predict two failure sources, namely, corrosion or third party, with an accuracy of
72.2%. This marginal accuracy increase may be due to the inclusion of mechanical failures in the
prediction model. Therefore, model A.1 is more beneficial, as it can predict failure among three

different failure sources, which count for more than 87% of accidents in oil pipelines.

An MNL approach was also used to develop the third model (model A.2) for the prediction of
three failure sources with a prediction accuracy of 68.4%. It is worth noting that the results
obtained using model A.2 are close to those obtained from using model A.1. The MNL model
calculates the probability of occurrence for each failure source, which can be helpful for decision

makers in identification of the most probable and critical failure sources.

The product type and pipeline age have the most and the least impact on the failure source,
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respectively. The developed models will help pipeline operators avoid performing excessive
inspections and prioritize them. These models provide a clear view of the failure sources that
threaten a pipeline, allowing decision makers to take the actions required to mitigate risks and

maintain the pipeline in a safe condition.
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Table 1. Data collected for model development

Variable Type Unit | Scale/subcategories
age Continuous | Year 11040
diameter Continuous | Inch 1to 60
residential
Land use Nominal - agricultural
Industrial/commercial
aboveground
Facility Nominal - underground
crude oil
Service Nominal - white product
fuel oil (HOT)
Mechanical
Failure type Nominal - Corrosion
Third-party

Table 2. Importance analysis of predictors in ANN

Normalized
Importance

Importance

Model Model Model Model Model
Inputs 1A 1B 1A 1B

Service 0.27 0.418 100% 100%
Facility 0.193 0.93 71.70% 22.2%
Land use 0.142 0.166 52.80% 39.8%
Diameter 0.263 0.149 97.40% 35.7%
Age 0.132 0.174 48.90% 41.8%
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Table 3. Area under ROC curve for ANN models

Area under ROC

) Model Model
Output categories 1A 1B
1-Mechanical Failure 0.75 -
2-Corrosion Failure 0.79 0.84
3-Third-Party Failure | 0.78 0.84

Table 4. Fitting information for model A.2

Model -2 Log Likelihood | Chi-Square Sig.
Intercept Only 489.091 N/A N/A
Final 387.592 101.499 0.000

Table 5. Pseudo R-Square Values for model B.1

Pseudo R-Square Values
Cox and Snell 0.354
Nagelkerke 0.42
McFadden 0.205
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Table 6. Likelihood Ratio Test for Model A.2

Effect 2 LL of Reduced Chi-square Significance
Model
Intercept 387.592 0
Diameter 399.623 12.031 0.02
Age 389.872 2.279 0.320
Service 436.608 49.016 0.000
Facility 404.405 16.813 0.000
Land Use 398.546 10.954 0.027
Table 7. Variable Coefficients in model A.2
Variables Coefficients (Outputl) Coefficients (Output2)
Intercept 2.005 3.949
Diameter 0.097 0.008
Age -0.008 0.016
Service 1 -1.453 -3.358
Service 2 -1.493 -4.5
Facility 1 -2.351 -0.307
Land Use 1 -0.193 -1.213
Land Use 2 0.044 -1.823




579 Table 8. Results of the validation phase

model Correct AVP AIP
Prediction

(%) (%) (%)

Al 68.5 73.7 26.3

A2 72.2 72.8 27.2

B.1 68.5 73.7 26.3
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