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Summary
In this paper, a data-driven model is applied to derive optimum 
maintenance strategy for a petroleum pipeline. The model incorpo-
rates structured expert judgment (classical model) to calculate the 
frequency of failure, considering various failure mechanisms. Opti-
mization models are applied to derive optimum maintenance inter-
vals for petroleum pipelines on the basis of the frequency of failure 
estimated. Two separate maintenance-optimization models are pro-
posed. The first is a use-based optimization model that minimizes 
the expected total cost from a petroleum pipeline. The second is a 
benefit/cost (B/C) -ratio model that seeks to maximize the benefit 
derived from the pipeline, while minimizing operation and failure 
costs. The B/C-ratio model is less data intensive, and it has been 
used to optimize failure data obtained in the classical model. In this 
approach, the maintenance optimization is a further attempt at re-
ducing the influence of subjectivity in maintenance decisions.

Introduction
According to Gabbar and Kishawy (2011), integrity of pipelines is 
the cornerstone of many engineering systems, which explains why 
pipeline maintenance is taken very seriously by major service com-
panies, especially those involved in the transmission of oil and gas. 
The huge impact of pipeline failure on operational costs has neces-
sitated the development of more-effective risk-management strate-
gies to help mitigate potential risks. Ideally, most pipeline operators 
ensure that during the design stage, safety provisions are created to 
comply with a theoretical minimum failure frequency for the pipe-
line. Quantitative risk assessment (QRA) has been a valuable tool 
to operators in minimizing risk and complying with the minimum 
safety requirements for engineering structures. 

QRA of pipeline networks is complex and can sometimes be 
laborious because of the differences in the system networks. Ac-
cording to Li (2007), one approach to simplify the QRA process 
is the use of the hierarchical approach. Hierarchical approaches, 
such as fault-tree analysis, event-tree analysis, and failure-mode 
event analysis, have found applications in risk assessment for com-
plex structures, as explained in Dhillon and Singh (1981). However, 
such methodologies are data intensive. The rupture of pipelines oc-
curs rarely in most countries, and as such, the data of failures are 
often insufficient to carry out a thorough hierarchical approach. 
Also, when failure data are gathered, the classifications may not 
cover all the known failure mechanisms and attributes.

A systematic approach to integrity maintenance of pipelines has 
been proposed in this paper using the classical model proposed by 
Cooke (1991). The model is a structured expert-judgment-based 
approach and is able to provide rational probability assessments. 
According to Cooke and Goossens (2008), the classical model 
has been applied successfully to more than 45 expert elicitation 
case studies, covering both academic and industrial areas. One of 

the benefits of the approach is that the level of subjectivity in ex-
pert judgment is reduced reasonably. This is because of the perfor-
mance-based calibration of the experts used in the model. In other 
words, the inputs from the experts are used on the basis of the con-
sistency of the experts during the elicitation process.

In this paper, the frequency of failure because of rupture for 
an existing petroleum-pipeline system is determined. The pipe-
line system is divided into three different segments on the basis of 
the uniqueness of physical and process parameters, and the prob-
ability of failure for each segment is determined. Five failure mech-
anisms are considered: external interference, corrosion, structural 
defects, operational errors, and minor failures. On the basis of the 
frequency of failure obtained using structured expert judgment, 
the expected cost of failure and maintenance cost for each of the 
pipeline segments can be determined. Furthermore, maintenance-
optimization models are presented and applied to derive optimum 
maintenance intervals for the pipeline segments. The frequency of 
failure obtained in the classical model serves as an input to the op-
timization model.

The approach presented in this paper can be used both under 
limited data and when failure data are available. The findings of 
this research are very beneficial both academically and in the in-
dustry. The expert-judgment study, for example, is capable of re-
ducing the level of subjectivity inherent in expert-judgment-based 
decision making. In addition, the maintenance-optimization study 
will be very beneficial in maintenance planning, both to the pipe-
line operator and the society at large. Moreover, the maintenance 
framework can be applied to existing pipelines and can provide an 
adequate benchmark for new pipeline installations. It is also hoped 
that the study can be extended to other production facilities.

Study Data 
The case study is a petroleum pipeline that was commissioned in 
1989, supplying petroleum products nationally. Some figures in the 
failure data of the pipeline have been modified slightly for con-
fidentiality reasons. The pipeline has a diameter of 24 in., a total 
length of 340 km, with a design pressure and an operating tem-
perature of 100 bar and 26.8°C, respectively. The material of the 
pipeline is fabricated from API5LX42 carbon steel, with a con-
crete-type coating. The pipeline is basically located onshore, but 
connects to a compressor station located offshore.

In the analysis, the entire pipeline is classified into three seg-
ments (X1, X2, and X3), in line with its natural stretch. The clas-
sical model is used to assess the frequency of failure for each 
pipeline segment. The failure parameters also can be used to ar-
range the segments of pipeline into a hierarchical ranking of risk. 
The aim of the analysis is to obtain the frequency of failure for 
the pipeline, which could serve as input to integrity-maintenance 
initiatives. The analysis takes into consideration various failure 
mechanisms that may occur in any segment of a typical, onshore 
petroleum pipeline.

To begin the classical model, six pipeline experts from the com-
pany were invited and trained on the application of the model. A 
failure-data sheet for each pipeline segment was made available to 
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the experts. The failure-data sheet contains information related to 
pipeline repair history, design parameters, inspection records, and 
current operating conditions. All the experts are familiar with the 
pipeline and pipeline segments under study. They all participated 
in the structured expert judgment to obtain frequency of failure for 
the pipeline segments. 

Estimation of Failure Frequency Using the Classical Model
In the classical model, the failure mechanisms of the pipeline can 
be seen as target variables. In total, 28 variables were obtained, con-
sidering five target variables for each segment of the pipeline and 
10 seed variables that are used to calibrate the experts. The seed 
variables are obtained using generic equipment-failure rates from 
literature and textbooks to calibrate the experts. Initially, the ex-
perts were elicited on the values of the seed variables. Thereafter, 
each of the experts was required to provide 5, 50, and 95% quan-
tiles for the uncertainty distributions for the frequency of failure (in 
km/a) by rupture because of the failure mechanisms for Segments 
X1, X2, and X3 of the pipeline.

Expert Calibration and Robustness Analysis. The experts’ re-
sponses were processed using EXCALIBUR software (Cooke and 
Goossens 2008). The optimal decision maker (ODM) was also 
computed. The ODM was obtained as the normalized weighted lin-
ear combination of the experts’ distributions. In EXCALIBUR, the 
experts’ distributions can be combined using either global weight, 
item weight, or equal weight. However, in this approach, global 
weight was used because it possesses the best calibration and un-
normalized weight, which is the combined score of the experts. In 
addition, a robustness analysis is performed on the seed variables 
and the experts. In the robustness analysis, the variables of inter-
est are removed one at a time and the analysis is repeated until all 
variables have been covered. The robustness analyses performed 
on the experts indicated that the calibration score for the experts 
ranged from 0.474 to 0.55. These scores are much greater than the 
calibration scores of 0.29 and 0.114 obtained for the item-weight 

decision maker (Item DM) and equal-weight decision maker (Equal 
DM), respectively, in the software.

Resulting Solution. The resulting solution is the combined deci-
sion-maker (DM) distribution of values assessed by experts that 
contribute to the ODM. The DM optimization is achieved at a 
significance level of 0.0358, giving a 96.4% acceptable level. The 
acceptance level is sufficient, and the outcome of the structured ex-
pert judgment on the frequency of failure of the pipeline because of 
the identified failure mechanisms for the segments of the pipeline 
(X1, X2, and X3) is satisfactory. Detailed results of the calculation 
of failure frequencies are given in Table 1. The 50% uncertainty 
frequencies of failure for Segments X1, X2, and X3 are 2.28E–3, 
1.75E–3, and 1.73E–3 km/a, respectively. 

The overall failure frequencies compare favorably with results 
reported in the literature. For example, Little (1999) reported a 
value of 0.42E–3 km/a for frequency of failure in western Euro-
pean petroleum pipelines, 0.3E–3 km/a for cross-country oil pipe-
lines in the United Kingdom, and 0.53E–3 km/a for total failure of 
the US Department of Transportation liquid pipelines. The differ-
ence between these values and the frequency of failure obtained for 
the case study could be because of factors such as difference in lo-
cation and physical and process properties of the pipelines. These 
factors have been shown to have significant influence on the fre-
quency of failure of pipelines, according to Restrepo et al. (2009). 

From Table 1, using a 50% quantile estimate, it appears X1 is 
the most vulnerable among the three pipeline segments, having the 
highest frequency of failure, followed by X2 and then X3. However, 
it is interesting to note that X3 has the highest frequency of failure 
because of operational error. This can be explained partially by the 
presence of more control valves that involve manual operations in 
X3 compared with X1 and X2. 

Maintenance Optimization 
A life-cycle maintenance model can be derived for the failure at-
tributes on the basis of the failure parameters developed in Table 

TABLE 1—RESULTING SOLUTION FOR THE DM 

Item 5% 50% 95% Failure Mechanism 

Segment X1 

1-X 0.00025 0.00132 0.00479 External interference 

2-X 9.29E–5 0.00045 0.00402 Corrosion 

3-X 3.97E–5 0.00022 0.00064 Structural defects 

4-X 5.37E–5 0.00016 0.00080 Operational error 

5-X 2.37E–5 0.00013 0.00041 Other failures 

 4.6E–4 2.28E–3 10.66E–3 Total failure 

Segment X2 

1-Y 1.02E–4 0.00114 0.00332 External interference 

2-Y 3.20E–5 0.00022 0.00317 Corrosion 

3-Y 1.64E–5 0.00016 0.00054 Structural defects 

4-Y 2.14E–5 0.00012 0.00059 Operational error 

5-Y 1.02E–5 0.00011 0.00033 Other failures 

 1.82E–4 1.75E–3 7.95E–3 Total failure 

Segment X3 

1-Z 8.20E–5 0.00122 0.00244 External interference 

2-Z 2.67E–5 0.00021 0.00241 Corrosion 

3-Z 1.36E–5 0.00012 0.00040 Structural defects 

4-Z 1.76E–5 0.00020 0.00048 Operational Error 

5-Z 6.97E–6 0.00008 0.00024 Other failures 

 1.47E–4 1.73E–3 5.97E–3 Total failure 



42 Oil and Gas Facilities  •  December 2012 December 2012  •  Oil and Gas Facilities 43

1. There are many techniques that can be defined to solve a main-
tenance-optimization problem. These techniques include functions 
such as the optimization of reliability and minimizing downtime, 
production loss, quality loss, and expected total costs per unit time. 
The functions are defined on the basis of a number of variables, in-
cluding the type of production systems, the production philosophy, 
and the level of demand of the product (Chareonsuk et al. 1997). 

The maintenance-optimization technique proposed in this paper 
involves the combination of two approaches:

1. Minimizing the expected-total-cost function.
2. Maximizing the B/C ratio. 
The total-cost function E[C | τ] is applied to achieve a robust 

maintenance optimization. A major benefit of this approach is that 
it measures failure cost spread over time. Other benefits of the ap-
proach, such as its reliability and robustness, have been demon-
strated in Restrepo et al. (2009). The determination of the total-cost 
function can be challenging, especially because of the difficulty 
in measuring potential safety loss in monetary terms. This is very 
controversial and somewhat political. In addition, the total-cost 
function is data intensive, as it will be demonstrated. Another short-
coming of the expected total-cost-function E[C | τ] model is that 
statistical parameters of failure b and q have to be available before 
maintenance optimization can be carried out. As might be expected, 
it is generally difficult to obtain these parameters when adequate 
failure data are not available. 

The B/C ratio measures the amount of benefit derived from con-
ducting maintenance activity relative to the cost expended in car-
rying out the maintenance. The limitations in the total-cost-function 
model generally make it impractical to apply the model to achieve 
maintenance optimization in which failure parameters have been 
estimated in a classical model. Therefore, the B/C ratio serves as a 
buffer in the case that E[C | τ] cannot be applied or if its applica-
tion fails to achieve a global optimum. 

In analyzing an operating facility for maintenance optimization, 
there are indeed instances in which minimizing the expected total 

cost would not necessarily lead to optimality (Dawotola et al. 2012, 
in press). In such cases, maintenance optimization can be extended 
to include maximization of the benefit derived from risk reduction 
(Jiang et al. 2006; Natti 2008). An additional benefit of the model 
is that it is less data intensive and can be applied to both qualitative 
and quantitative risk models. The B/C model is thereby presented 
to allow the application of maintenance optimization in the clas-
sical model.

Expected-Total-Cost-Function Model. The expected-total-cost-
function E[C | τ] model optimizes the maintenance interval and 
searches for a balance between preventive and corrective mainte-
nance costs on the basis of the time-based failure behavior of the 
pipeline. For a single maintenance cycle τ, it is computed math-
ematically as

E C C P t C P tr p| | |τ τ τ[ ] = × { } + × − { } 1 ,  ......................... (1)

where Cr and Cp are corrective maintenance and preventive mainte-
nance costs, respectively. The corrective maintenance cost consists 
of replacement cost, downtime cost, and consequences of failure 
(damage cost). The preventive cost, on the other hand, is obtained 
from inspection cost and downtime cost. It is expected that the 
downtime cost resulting from the preventive-maintenance cost will 
be less than or, at most, equal to the downtime cost because of the 
corrective-maintenance cost.

The term P{t | τ} is the conditional probability that the system 
survives failure at time t, given that it did not fail until τ. The reli-
ability function is described by R(t)=1-P{t | τ}. The mean time 
before failure can be obtained from R(t) or vice versa by solving

MTBF R t t= ( )∫
∞

d
0

.  .................................................................. (2)

Similarly, the expected length of the maintenance cycle E(τ) is 
given as
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Fig. 1—Maintenance optimization of pipeline under external interference.

Fig. 2—Maintenance optimization of pipeline under corrosion.
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E R t tτ
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The cost per unit time (Q), otherwise known as the asymptotic 
cost rate, is the ratio of the expected cost over a renewal cycle to the 
expected length of the renewal cycle. It is given by van der Weide 
et al. (2010) as

Q
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P{t | τ}, which is the conditional probability described earlier, can 
be further expressed as
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Using T=t+τ for the interval from t to T, Eq. 1 becomes 
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Eq. 6 is the equation for maintenance cost of the pipeline during 
the interval t to T. Assuming that the service life of the pipeline is  -
T then the preceding expression for the expected total cost can be 
generalized into

E C T C P T C P Tr p| τ
τ

[ ] = ( ) + − ( ) { }1 .  ................................ (7)

Substituting for R(T), the equation becomes

E C T C P T C R Tr p| τ
τ

[ ] = ( ) + ( )  .  .......................................... (8)

The failure frequency of any failures that can be described by a 
homogeneous Poisson process has a constant value (λ). In addition, 
its failure-distribution function and reliability function are given as 
P(T)=1-e–λt and R(T)=e–λt, respectively. The expressions for P(T) 
and R(T) can be substituted into Eq. 8 to obtain E[C | τ] for the ho-
mogeneous-Poisson-process case.

Similarly, for the power-law model, the failure-distribution 
function at any given time t is given by

P T t t t( ) = ( ) = 





>
−

λ β
θ θ

β 1

0, ,  ............................................... (9)

where the parameters of b and q are the shape and scale parameters 
of the failure-intensity function, respectively. The intensity function 
decreases if b<1 and increases if b>1. If b=1, then the power-law 
model reduces to a homogeneous Poisson process with intensity 
function λ(t)=1/q. If λ(t), then the system is improving.

The maximum-likelihood estimates of b and q, for time-trun-
cated data having N number of failures, is given as

log
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where N equals the number of failures recorded before failure was 
truncated at time t. 

Similarly, the reliability function for the power-law model is 
given as

R T t( ) = −
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Fig. 3—Maintenance optimization of pipeline under structural defect.

Fig. 4—Maintenance optimization of pipeline under operational error.
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Eqs. 9 and 12 are substituted into Eq. 8 to obtain the final expres-
sion for E[C | τ] under the power-law model. The optimum main-
tenance interval τ is the time that minimizes Eq. 8. It is obtained by 
solving for τ that satisfies Eq. 8.

B/C-Ratio Model. The B/C ratio for a repairable system can be 
defined by considering the cost of failure and the benefit derived 
from preventing the occurrence of failure. The benefit derived from 
periodic preventive maintenance, B(τ), can be defined as the prod-
uct of the average difference in the reliability of the equipment with 
and without maintenance and the incidence cost, Cinc (Lapa et al. 
2006). The cost of failure can be estimated from the expression for 
expected cost of failure E[C | τ] in Eq. 8. 

This expression for determining B(τ) is stated as (Ghosh and 
Roy 2009):
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where Cinc is the incidence cost, which is the cost resulting 
from lost production and financial losses because of equip-
ment failure, and λ is the equipment-failure frequency. 

The B/C ratio caused by maintenance activity is defined as

B/C ratio = ( )
 

B
E C

τ
τ

.  ............................................................ (14)

Eq. 8 can be maximized to achieve optimum maintenance in the 
case of constant failure frequency.

Application of the Maintenance Model 
The B/C-ratio model defined in Eq. 14 was applied to model the 
maintenance optimization of Pipeline Segment X1 using direct 
enumeration. The parameters defined for the failure mechanisms 
(external interference, corrosion, structural defect, and operational 
error) in Table 1 were used to determine the optimum maintenance 
schedule for the pipeline segment. The outcome of the maintenance 
optimization presented in Figs. 1 through 4 shows that external 
interference requires preventive maintenance every 2.5 years, cor-
rosion requires preventive maintenance every 3 years, structural de-
fect requires preventive maintenance every 5 years, and operational 
error requires preventive maintenance every 5.5 years. 

The plots show that external interference requires more regular 
preventive maintenance compared with the other failure mecha-
nisms, while operational error requires the least. This is indeed ex-
pected, owing to the fact that external interference and operational 
error result in the highest and lowest frequency of failure, respec-
tively, among all the failure mechanisms. Similarly, the corre-
sponding B/C ratios and the maintenance costs required to achieve 
the maintenance cycles are depicted in Table 2.

Conclusions
A decision-based model has been presented for integrity mainte-
nance of petroleum pipelines. The model uses structured, expert 
judgment to predict the frequency of failure for a given pipeline. 
It has been demonstrated that optimum decision making can be 

achieved with the use of structured, expert judgment on the basis 
of the classical model. The model reveals that only three out of the 
six experts actually contribute to the optimum decision making. In 
addition, the subjectivity inherent in the model can be minimized 
through estimation of uncertainties in the expert elicitation and by 
carrying out maintenance optimization.

The case study revealed some interesting conclusions, which 
show that location plays a significant role in pipeline integrity be-
cause expected costs of failure vary along pipeline segments. For 
the case study, external interference is found to be the most impor-
tant failure criterion, representing more than 50% of all failures. 
The high likelihood of failure by external interference is because 
of a somewhat high occurrence of acts of sabotage and mechanical 
damage around the pipeline location. Therefore, increased surveil-
lance along the right of way of a pipeline would help improve pipe-
line reliability. Maintenance optimization requires that the pipeline 
segments be subjected to regular preventive maintenance.

The equations and building blocks for maintenance-optimiza-
tion models—expected cost of failure and B/C ratio—are defined 
in this paper. However, because of the limited availability of data, 
the B/C ratio was applied to determine optimum maintenance du-
ration for all the failure mechanisms. For Pipeline Segment X1 in 
particular, the optimum duration of 2.5, 3, 5, and 5.5 years is found 
for external interference, corrosion, structural defects, and opera-
tional errors, respectively. To minimize the occurrence of failure 
because of these mechanisms, the pipeline should be maintained, 
generally, at a duration earlier than the optimum points. 

The result also confirms that equal allocation of maintenance re-
sources to pipeline segments may not always be the optimal main-
tenance decision. For example, in the allocation of maintenance 
resources for the pipeline under study, Segment X1, with the highest 
expected failure cost, should receive more attention than the other 
segments. In addition, Segment X3 will require more maintenance 
resources than Segment X2. The maintenance manager will find 
this approach to be beneficial in formulating the annual inspection 
and maintenance policy for the company’s assets. In general, the 
accuracy of the optimal maintenance interval calculated could be 
improved further as more pipeline-failure data become available.

Nomenclature
 Cinc = incidence cost 
 Cr = corrective-maintenance costs
 Cp  = preventive-maintenance costs
 N = number of failures
 Q = cost per unit time
 t = time
 b = shape parameter of the failure-intensity function
 q = scale parameters of the failure-intensity function
 λ = equipment-failure frequency 
 τ = single maintenance cycle

References 
Chareonsuk, C., Nagarur, N., and Tabucanon, M.T. 1997. A multicri-

teria approach to the selection of preventive maintenance intervals. 
Int. J. Prod. Econ. 49 (1): 55–64. http://dx.doi.org/10.1016/s0925-
5273(96)00113-2.

TABLE 2—MAINTENANCE OPTIMIZATION OF PIPELINE SEGMENT X1 

Failure Mechanism 
External 

Interference Corrosion Structural Defect Operational Error

Frequency of failure (per km year) 1.32E–3 4.50E–4 2.20E–4 1.60E–4 

Expected maintenance cost ($m) 0.86 0.45 0.25 0.20 

Maintenance interval (years) 2.5 3.3 5.0 5.5 

B/C ratio 3.07 6.64 9.13 9.69 



44 Oil and Gas Facilities  •  December 2012 December 2012  •  Oil and Gas Facilities 45

Cooke, R.M. 1991. Experts in Uncertainty: Opinion and Subjective Prob-
ability in Science. New York: Environmental Ethics & Science Policy, 
Oxford University Press.

Cooke, R.M. and Goossens, L.L.H.J. 2008. TU Delft expert judgment data 
base. Reliability Engineering &amp; System Safety 93 (5): 657–674. 
http://dx.doi.org/10.1016/j.ress.2007.03.005.

Dawotola, A.W., Trafalis, T.B., Mustaffa, Z. et al. In press. Risk Based 
Maintenance of a Cross Country Petroleum Pipeline System. J. Pipe-
line Syst. Eng. Pract. (submitted 2012).

Dhillon, B.S. and Singh, C. 1981. Engineering Reliability: New Techniques 
and Applications. New York: Wiley Series in Systems Engineering & 
Analysis, John Wiley & Sons.

Gabbar, H.A. and Kishawy, H.A. 2011. Framework of pipeline integrity 
management. International Journal of Process Systems Engineering 
1 (3/4): 215–236.

Ghosh, D. and Roy, S. 2009. Maintenance optimization using probabilistic 
cost-benefit analysis. J. Loss Prev. Process Ind. 22 (4): 403–407. 
http://dx.doi.org/10.1016/j.jlp.2009.01.007.

Jiang, Y., Zhang, Z., McCalley, J.D. et al. 2006. Risk-Based Maintenance 
Opti-mization for Transmission Equipment. IEEE Trans. Power Syst. 
21 (3): 1191–1200. http://dx.doi.org/10.1109/TPWRS.2006.879257.

Lapa, C.M.F., Pereira, C.M.N.A., and de Barros, M.P. 2006. A model for 
preventive maintenance planning by genetic algorithms based in cost 
and reliability. Reliability Engineering & System Safety 91 (2): 233–
240. http://dx.doi.org/10.1016/j.ress.2005.01.004.

Li, H. 2007. Hierarchical risk assessment of water supply systems. PhD thesis, 
Loughborough University, Loughborough, Leicestershire (March 2007).

Little, A.D. 1999. Risks from gasoline pipelines in the United Kingdom. 
Contract Research Report CRR 206/1999, Health & Safety Executive 
(HSE), Norwich, UK http://www.hse.gov.uk/research/crr_htm/1999/
crr99206.htm.

Natti, S. 2008. Risk Based Maintenance Optimization using Probabilistic 
Maintenance Quantification. Models of Circuit Breaker. PhD disserta-
tion, Texas A&M University, College Station, Texas (December 2008).

Restrepo, C.E., Simonoff, J.S., and Zimmerman, R. 2009. Causes, cost con-
sequences, and risk implications of accidents in US hazardous liquid 
pipeline infrastructure. Int. J. Crit. Infrastruct. Prot. 2 (1–2): 38–50. 
http://dx.doi.org/10.1016/j.ijcip.2008.09.001.

van der Weide, J.A.M., Pandey, M.D., and van Noortwijk, J.M. 2010. Dis-
counted cost model for condition-based maintenance optimization. 
Reliab. Eng. Syst. Saf. 95 (3): 236–246. http://dx.doi.org/10.1016/j.
ress.2009.10.004.

Alex Dawotola currently works for SBM Offshore in Houston. His cur-
rent research interest is in risk assessment, pipeline reli¬ability, main-
tenance optimization, and statistical analysis of repairable systems. He 
has presented and published part of his research work in leading jour-
nals and conferences in Asia, Europe, and North America. Dawotola 
holds a BS degree in mechanical engineering from University of Lagos, 
Nigeria, and an MS degree in mechanical engineering and a PhD in en-
gineering from Delft University of Technology, The Netherlands. He also 
holds an MBA degree with a special concentration in energy from the 
University of Oklahoma, where he was a Russell and Margaret Frakes 
Memorial Scholar. Dawotola is a member of SPE.

Pieter van Gelder is an associate professor of probabilistic methods  
in civil engineering at the Delft University of Technology. He has  
been involved in research and education on safety and reliability  
for more than 15 years. Van Gelder’s research interest is in risk-based 
hydraulic structural design and extreme value statistics for hydraulic-
loads determination.

J.K. Vrijling is a professor of hydraulic engineering at the Delft Univer-
sity of Technology and an advisor to the Civil Engineering Division of the 
same university. His expertise is in hydraulic structures and probabilistic 
design. In April 2011, he was appointed Officer in the Order of Oranje-
Nassau by Her Majesty the Queen of The Netherlands for his note-
worthy scientific contributions.


