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Abstract: Various gas pipeline networks used for the transit of energy sources are some of the most
important infrastructures. However, carrying gas from one point to another is not the only concern
when planning the construction of a new network or expanding an already existing one. The reliability
and environmental impact of the system are crucial when evaluating the network and risks posed by
potential gas leaks, fires, explosions, etc. Even though everyone admits that reliability is a key aspect
of any system, its constraints will still be most likely neglected in the assessment of the pipeline
project. How much energy is wasted by pushing an additional amount of gas through the pipeline
network, which will eventually gush out of the pipeline because of one crack or another? Moreover,
if this additional power or fuel consumption and related environmental impact are significant, how
could it be reduced? In this paper, an approach is introduced for the simulation and quantification
of how much more power would be required if the pipelines are regarded as unreliable (i.e., by
leaking, rupturing, or even exploding). By employing stochastic simulations and time-dependent
topology (topology determined by the value of a variable representing time) of the pipeline network
as a case study for the selected representative gas transmission network, the amount of additional
power consumption in gas compressor stations due to uncertain cracking and the leaking rate was
evaluated. Although the analysis of power consumption was performed for a hypothetical network,
the estimates of the cracking rates, detection effectiveness, and leaking rates used were as close to the
real cases as possible.

Keywords: stochastic simulation; natural gas; transmission network; pipeline cracking; time-dependent
topology; power consumption; uncertainty and sensitivity

1. Introduction

Gas pipeline networks used for the transit of energy sources have been some of
the most important infrastructures since their origin in 1890, when leak-proof pipeline
couplings were invented [1]. However, carrying gas from one point to another is not the
only concern when planning the construction of a new network or when expanding an
already existing one. There are many questions, such as what size should the pipelines
be, what kind and how many compressors are going to be needed, where should they
be placed, what is the topology of the network needed, etc. This is far from a complete
list of gas network planning questions that beg to be answered. One attempt to answer
them is through mathematical optimization, which is usually formulated as a cost-benefit
optimization issue. The literature on this issue is numerous and diverse, spanning from
the outdated modeling of a simple single-sourced steady-state tree-like network [2] to a
time-dependent simulation of a complex network with detailed models of compressors,
valve stations, and valves without remote access, electric motors, etc. [3]. Reviews of the
optimization issue and relevant modeling can be found in [4,5].

However, according to the author’s knowledge, there are a few but not many papers
focusing on the network reliability issue in optimization problems, whether it is cost
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minimization, consumed fuel minimization, or other similar tasks. There are still issues
and a lack of clear answers for questions such as, how severe is the influence of the
pipeline’s cracks and leakages over compressors’ power or fuel consumption, what will
be the total costs if we choose one pipeline coating or isolation over another, how much
power consumption in the network will be affected by failures, etc. Any complete research
done to address the related issues, except for a brief mention of the importance of reliability,
was found to be an example of strategic planning [6], optimal management [7], or optimal
design [8]. An important contribution to this topic can be found in [9], where the authors
provided an extensive review of the chronic leaks and their detection. In this paper, for
the sake of demonstration, the effect of cracks and leakages on gas compressor power
consumption is considered. There is no a priori knowledge about it, while, according to the
current knowledge, no relevant research has been done. It was mainly noticed that there
is an increasing concern over the economic and environmental side effects of the gases
released into the atmosphere due to cracks in the whole body of the network. Somehow, the
focus is just on the nature of the beast: cracks appear and grow unnoticed causing a flow
of natural gas out of its body. Methane, which is one of the main constituents of natural
gas, has a hand in the climate change process by being a more potent greenhouse gas than
carbon dioxide. It has even been discussed that the leakage of natural gas would offset the
carbon dioxide emissions reduction benefit of switching from coal to natural gas [10].

On the other hand, consumers suffer from skittled-away gases as well as natural gas
pipeline leaks, costing consumers billions [11]. In the USA, it was estimated that consumers
paid at least $20 billion in almost ten years’ time for gas they never received [12]. That is
because utilities are not quick enough to replace old pipeline systems that are generously
pouring gas into the environment through multiple cracks and holes in the network.

Having these points in mind, other related questions can be raised: how much energy
is wasted by pushing an additional amount of gas through the pipeline network that will
eventually gush out of the system at one crack or another? Furthermore, if this additional
power consumption is significant, how could it be reduced? The conclusions will be of
great value in the network’s complete optimization problem that was discussed before:
complete optimization means that objective functions in optimization must consider the
unreliability of the pipelines.

The paper’s structure is as follows. First, the proposed simulation approach is intro-
duced. Second, the model of gas flows and model simulations of the defects or cracks,
their growth, and an estimation of the cracking and leaking rate (leakage rate through
those cracks) are presented. For this, a brief discussion is given about the Bayesian esti-
mation of uncertain reliability characteristics, as they will be needed to simulate cracking
as realistically as possible. Finally, concerning the case study, the power consumption of
the compressors in the network, the dependence on the probability of detection (POD) of
cracks, the initial number and other characteristics of cracks, etc., are explored.

2. Approach to Simulation

It was assumed that the network is composed of pipelines, compressors, and load or
consumption points. Valve modeling was of no interest in this work. The topology of the
network is not necessarily tree-like [2] and closed loops might be considered. Suppose that
at each load point, the gas consumption follows some stochastic time series of flow rates.
Time is measured in days and the point in time series is an average flow rate over one day.
Such time discretization is required because the authors did not intend to model transient
flow; instead, steady-state flow is assumed with all the physics that follows from this
modeling assumption. Additionally, this enables the modeling of crack growth dynamics
with more continuity, rather than abrupt jumps in case time would be measured in years.

It is assumed that a crack is a pseudo-consumption point (while the gas flow rate
simulations will be presented in the following sections). Hence, at different time slices, a
different number of gas consumption points will be active. This leads to the time-dependent
topology (topology determined by the value of a variable representing time) of the network
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and a different number of equations and variables to solve for simulation. While the
cracking process was modeled to be stochastic, the size of the system of equations was also
stochastic; hence, it cannot be pre-programmed a priori.

In the following sections, the following questions are considered:

1. How can a network with a time-dependent topology be modeled?
2. How can the development of the cracking and leaking processes be modeled?
3. What is the model for the stochastic nature of cracking occurrences and how can it

be reflected?

Summarily, the entire network modeling or high-level algorithm is based on the
Monte Carlo simulation and can be divided into two major parts: one for crack-detection
dynamics simulation and another for the simulation of gas and power consumption (see
Figures 1 and 2, respectively).
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To obtain results as close to reality as possible, parameters validated and presented in
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crack occurrence rates were taken from our study [13], where several different databases
(like EGIG [14], UKOPA [15], NEB [16], and OPS [17]) were used to estimate rates as
accurately as possible.

2.1. Time-Dependent Network Topology and Power Consumption

As previously stated, due to the assumption of a crack or hole in the pipeline occurring
at a random gas consumption points, the systems of equations (i.e., the number of equations
and number of unknown variables) representing flows and pressures are time-dependent
and stochastic. With each occurrence and repair of the cracks, the system of equations
has to be altered to add or delete corresponding variables. The location and time of crack
occurrence are random. This unforeseeable nature prohibits one from pre-programming a
system of equations and reusing it at each time series point. At a random moment in time,
the system of equations has to be changed. That is why an algorithm for the automatic
construction of the system of equations and its solution is needed.

Next, flow simulation in a network is discussed. Each new topology of the network
is handled by the same solution algorithm. The algorithm proposed for a formulation of
co-tree flows [18] is adopted and basic ideas are briefly presented.

To represent the steady-state condition of the network, one must use the system
of nonlinear equations expressed by the so-called potential equations (i.e., cut-set equa-
tions or the equations that reflect disconnection of the loop), the so-called flow equations
(i.e., the circuit equations or continuity equations), and the so-called resistance equations
(i.e., the equations that reflect pressure loss). Therefore, the system of these equations (in
matrix format) is:

K · Q = 0, reflecting n − 1 equations of cut − sets;
C · P = 0, reflecting p − n + 1 so − called circuit equations;
P(Q) = R(Q), reflecting p so − called resistance equations;

(1)

where K is the cut-set matrix (minimal cut-set is a minimal set of links, which disconnects
some nodes from the others); Q is the flow rate vector; C is the circuit matrix; P is the
pressure loss vector, which depends on Q; R is the resistance coefficient, which depends on
Q; p is the number of pipe-links; and n is the number of nodes.

Then, by applying some matrix and graph theory-based analytical manipulations [18],
the system can be solved with less demanding calculations as the following representation
is derived: {

F(QT) = P(QT) + CT P(QT) = 0;
with QT = Ct

TQT̃ + STD;
(2)

where CT is the matrix obtained from the partition C =

[
I 0 CD
0 I CT

]
, QT̃ is the discharges

for co-tree chords as obtained from the initial network graph, and along the tree branches,
STD is the discharge vector assuming that the co-tree chords are discarded.

In addition, the compressor performance equation is proposed as follows [19]:(
Pd
Ps

)m
= K(Ac + BcQ + CcQ2 + DcQ3) + 1, (3)

where K is the constant depending on the properties of the gas, Ac = 6.35× 10−5, Bc = −7.08 × 10−5,
Cc = 2.54 × 10−5, and Dc = −2.92 × 10−6 are compressor constants, and Q is the output
flow. Additionally, the power of the compressor needed to create discharge pressure Pd is
proposed as follows [20]:

Power = 4.0639
γ

γ − 1
QT

Zs + Zd
2

1
η

(Pd
Ps

) γ−1
γ

− 1

, (4)
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where Q is the inlet flow rate, γ is the ratio of specific heats, T is the inlet gas temperature,
Zs and Zd are the compressibility of inlet and discharge gas, and η is the compressor
adiabatic efficiency.

All information that is needed to solve the equations is the adjacency (or connectivity)
matrix A of the corresponding graph, flow rate at gas consumption or load points, a physical
parameter of the pipelines (like length, diameter), and working parameters of a compressor
in the network.

Each time the crack or hole occurs or is repaired, i.e., each time a new gas consumption
point is created or destroyed, the adjacency matrix A must be automatically altered. Since
other parameters like pipeline length and diameter stay unchanged, all that needs to occur
is the enabling of random changes in the network topology to appropriately alter the
adjacency matrix A.

Finally, from a computer implementation perspective, a procedure or the program
without human interruption creates a system of equations as presented above and solves it
by using adjacency matrix A information as needed.

2.2. Stochastic Simulation of the Cracking and Leaking Features

In general, two features need to be considered for the gas flow rate simulation, namely
the occurrence of the crack and leak, i.e., cracking rate and leaking rate. To address
the modeling of the first feature, a probabilistic model was used: as the cracks occur in
the pipeline network, the initial sizes, and the growth rates were all assumed to be of
random nature.

To simulate the occurrence of the crack the pipeline, incident databases were used and
occurrence rates were estimated [13]. This allows a more realistic estimation of cracking
and leaking rates. A more in-depth discussion of these estimates are presented in the
following section.

To simulate the initial crack size (defect length) and the crack growth (corrosion) rate
(see Figure 3), the information provided in the reference [21] was used. For demonstration
purposes, the generating model is based on a lognormal distribution [22]. It should be
noted that sensitivity to the type of distribution was not assessed in this work, as it aims
to show the methodology at work rather than a benchmark-type analysis (this is set for
future work).
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Furthermore, there is one more issue: how long does the crack grow until it is detected?
This question is discussed in the case study, where different POD curves are used to reflect
the influence of various inspection effectiveness and their influence on power consumption.

As for the leaking rate, because a steady-state assumption in calculating the flow was
considered, the leaking process was assumed to be similar. For the case study, the leaking
flows into the atmosphere and the pressure in the pipeline at the leak point is much higher;
one has a sonic flow through the orifice with the rate equal to [23]:
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Q = AcrP

√√√√ M
ZRT

k
(

2
k + 1

) k+1
k−1

, (5)

where Acr is the area of the crack, P is the pressure at the crack point, M is the molecular mass
of natural gas, Z is the compressibility factor of gas, R is the specific gas constant, and k is the
ratio of specific heats. The values used are M = 19.5 kg/kmol, R = 9.314 Pa ·m3/(mol · K),
Z = 0.9, and k = 1.27.

Hence, using the cracking rate and leaking rate, the simulated gas flow rate was then
further used at a gas consumption point and added to the network topology as a separate
node with the appropriate alteration of the adjacency matrix A.

2.3. Consideration of the Uncertain Number of Cracks

The question of how many new cracks occur during a given period time is difficult
to answer due to the two-fold uncertainty issue: the cracking process is stochastic and
uncertain; hence, statistical estimation techniques must be applied. On the other hand, to
perform statistical inference, sample data have to be collected. However, the unfortunate
nature of the issue is that cracks of a certain size cannot be detected with complete certainty,
i.e., with the detection probability being equal to 1.

To account for the uncertainty due to the stochastic nature of cracking, the Bayesian
inference techniques were used and estimates were obtained using joint analysis of data
collected from various pipeline incident databases like EGIG [14], UKOPA [15], NEB [16],
and OPS [17]. Estimates of the authors’ previous research [13] are used and only the basic
issues tackled in the estimation process are presented below.

Each database has its own data collection or registration criteria, which itself might
change over time (e.g., OPS database incident criteria were changed three times since the
1970s). Thus, one has to have a model to take those different criteria into account. For this,
a criteria-dependent Poisson (CDP) model was devised to consider data collected under
different criteria [13]. Another problem was to join information from different databases
for one analysis and not to lose information about the between-database uncertainty, i.e.,
to include the variability of crack occurrence rates caused by the varying environment
conditions, maintenance conditions, etc. For this, the hierarchical Bayesian method proved
to be of great use in this issue [24]. Thus, the dynamics of the cracking rate were estimated
by using the hierarchical CDP model. The resulting trend and the uncertainty bounds are
presented in Figure 4.
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The resulting average rate of crack occurrence and related 95% uncertainty bounds
are presented in Figure 4; however, the more realistic best estimates are even higher as
some cracks could be not detected at all for a while. This means that the presented curve,
in this case, is an underestimation of the real cracking rate in the pipeline network. To
evaluate how much this affects the overall leaked gas amount and consumption of power,
the sensitivity analysis can be performed by slightly varying the cracking rate.

3. Case Study and Results

The case study and calculations are based on the proposed approach performed for a
hypothetical pipeline network. However, it was intended to have a topology as flexible and
representative of the real world as possible. Moreover, the results and calculations were
more focused on the demonstration of qualitative investigations rather than quantitative
ones, i.e., the authors intend to obtain insights on how large the effect of network leakages
is because of stochastic cracking on the consumption of power in compressor stations.

3.1. Gas Pipeline Network

Initially, we assumed the network topology as in Figure 5, including one gas com-
pressor (which could be treated as a compressor station), with each line (a segment of the
pipeline) of equal length (100 km) and equal diameter (1000 mm). Since calculations are
theoretical, a simple network topology with a few lines was considered, which is complex
enough for this paper and demonstration purposes.

Energies 2022, 15, x FOR PEER REVIEW 8 of 13 
 

 

 
Figure 5. Pipeline network used for calculations. 

Then, the adjacency (or connectivity) matrix A for 7 nodes in the case study is as 
follows: 

𝐴 =
⎝⎜
⎜⎜⎛

0 1 0 0 0 0 01 0 1 0 0 1 00 1 0 1 0 0 00 0 1 0 1 0 00 0 0 1 0 1 10 1 0 0 1 0 10 0 0 0 1 1 0⎠⎟
⎟⎟⎞. (6) 

The adjacency matrix A is the only information necessary to automatically create a 
set of equations for network flow. When a crack appears in one of the lines, additional 
rows and columns are added to the adjacency matrix A and this new matrix is then used 
to automatically generate the set of the equations presented in the proposed approach. 
Such automation is very handy since, to establish valid estimates, multiple iterations need 
to be handled, and it would not be possible in practice to alter the code by hand. 

Next, it was assumed that there was a possible gas consumption at each point. For 
the demonstration purpose, the consumption time series are generated from the lognor-
mal distribution: each point has its unique time series. Nonetheless, this allows an estima-
tion of the gas low rate in the network and power consumption at the compressor. An 
example of a gas flow rate time series at a point is presented in Figure 6. 

 

Figure 5. Pipeline network used for calculations.

Then, the adjacency (or connectivity) matrix A for 7 nodes in the case study is
as follows:

A =



0 1 0 0 0 0 0
1 0 1 0 0 1 0
0 1 0 1 0 0 0
0 0 1 0 1 0 0
0 0 0 1 0 1 1
0 1 0 0 1 0 1
0 0 0 0 1 1 0


. (6)

The adjacency matrix A is the only information necessary to automatically create a
set of equations for network flow. When a crack appears in one of the lines, additional
rows and columns are added to the adjacency matrix A and this new matrix is then used to
automatically generate the set of the equations presented in the proposed approach. Such
automation is very handy since, to establish valid estimates, multiple iterations need to be
handled, and it would not be possible in practice to alter the code by hand.
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Next, it was assumed that there was a possible gas consumption at each point. For the
demonstration purpose, the consumption time series are generated from the lognormal
distribution: each point has its unique time series. Nonetheless, this allows an estimation
of the gas low rate in the network and power consumption at the compressor. An example
of a gas flow rate time series at a point is presented in Figure 6.
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The average gas flow rates at gas consumption points are representative of the average
in a real network. However, for simplicity, seasonality in the gas consumption process is
not included.

3.2. Simulation Results

At first, simulations were run as if the network was perfectly reliable without any
cracks occurring in its entire body. The distribution of average power consumption per day
is visualized in Figure 7.
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Figure 7. Power consumption distribution for a perfectly reliable network over 25 years.

The simulation results for the perfect network serve as a baseline for comparison with
cases when the occurrence of a crack or hole in the pipeline has a nonzero probability.

A total of 500 simulations (runs) were used, each time taking a random sample from
the posterior distributions of pipeline cracking rates (see Figure 4). Each such sample
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contained around 12,000 points as the simulation ran for 25 years. Finally, the simulations
resulted in an average power consumption point. Since each simulation out of those
500 ran under different cracking rates (as sampled from posterior distributions), a random
sample of average power consumption was obtained. The distribution of the average
power consumption in the imperfect sample and its comparison with the consumption in
the perfect (ideal) network is presented in Figure 8.
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These results demonstrate how significant the influence of leakages through cracked
pipelines is (possibly due to degradation or human-induced damages). The difference
between the expected values of the compressor station power’s consumption for ideal and
imperfect network cases is approximately 8%. This difference would possibly result in the
same percentage increase in daily costs. Over a year or several years, this would result
in the loss of a large amount of money or the loss of other resources, which would result
in an increase in gas prices for consumers. Thus, even from this point of view, one can
see the necessity to include reliability considerations in overall gas network planning and
complete optimization.

In such a way, the simulation-based evidence that the influence of reliability parame-
ters on overall network performance can be significant was established. Next, since the
cracking rate as presented in Section 2.3 could be an underestimation of the real rate (due to
a fraction of leakages or cracks not observed by various inspection techniques), a sensitivity
analysis for the cracking rate (observable variation range [0.2, 0.7] events per day per
1000 km) was performed. Additionally, it was taken into consideration that we might not
know the true ability to detect the cracks in the pipelines; hence, we used three different
POD curves for variation of detection effectiveness.

Just for demonstration purposes, it was assumed that the probability of detection
follows a flexible gamma distribution with scale parameters equal to 0.007 and shape
parameters PD equal to 20, 30, and 40. Corresponding POD curves are presented in Figure 9.

Results from the sensitivity analysis are presented in Figure 10. As can be seen from
these results, the average power consumption increases almost linearly concerning the
cracking rate. This implies that the true difference between the average power consumption
of a compressor station in the ideal network and the imperfect network will differ by
more than 8%, as estimated in the above analysis (see Figure 8). That is because the true
cracking (failure) rate might be slightly higher than that estimated in studies without POD
consideration [13].
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Furthermore, the difference by which average power consumption increases (by
increasing cracking rate) depends on the effectiveness of crack or leakage detection.

4. Conclusions

In this research, the possibility to include the reliability characteristics of the gas
pipeline network in power consumption estimation at the compressor station was ex-
plored. The main guidelines were drawn on how to perform such an inclusion and how to
implement it by applying the proposed stochastic simulation approach.

Even though assumptions and simplifications were made along the way, such as
steady-state flow instead of transient flow, as much realistic information and dynamic
features as currently available were included: crack growth parameters and age-dependent
cracking rate. Additionally, average gas consumption rates were taken to be representative
of the real network. A validated orifice gas consumption model was used as well. Therefore,
one can be confident that the approach and results may be taken as a good practice.

The main conclusions of this work are that costs due to compressor station work and
power consumption may be significant if one includes network reliability characteristics
as compared to the case of an ideal (in terms of reliability) network. Power consumption
and the cost of running compressors are tightly related to the level of network reliability.
In the long run, roughly 8% will be added to the network operating cost due to the
leaking pipelines.

We also conclude that detection level, i.e., its effectiveness, has a significant impact
on the average power consumption. The better the inspection, the more leakages will
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be traced down and resolved, leading to reduced power consumption. However, since
the maintenance strategies cannot be improved indefinitely, eventually the aging effect
or degradation process will “outperform” the maintenance and the leaking rate might
start to increase. This challenge—the improvement of maintenance and balancing of the
degradation process—is out of the scope of this paper and cannot be taken into account at
this stage due to a lack of a general maintenance model.

In addition, there is another dimension to the problem of significant gas leaks from
the pipelines: the environmental aspect. A total of 8% of the power consumption increase
means that a significant amount of gas is wasted in the atmosphere while it increases the
amount of greenhouse gas.

Even though inferences were made about the cracking process’s influence on the
overall power consumption in compressor stations, it is not the only aspect of network
unreliability or risk that will eventually lead to additional spending. In this work, risk
due to gas fires or explosions (e.g., [24]) was not considered. The main focus was on the
aspect of power consumption due to the additional load only caused by wasting gas in
the atmosphere.

Future work might focus on the benchmark type of analysis. In this paper, more
focus was given to the illustration of the methodology. In future work, there could be a
plan to incorporate various inputs from the industry and the data provided by the gas
network operators.
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