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Oil and water transport pipeline systems are susceptible to damage due to harsh environmental condi-
tions and operational factors. Hence, ongoing maintenance and inspection are required. The development
of continuous and reliable monitoring will ensure the safe usage of these structures and assist in the
extension of their life spans. In this study, the monitoring and assessment of pipelines are performed
using a network of Fiber Bragg Grating (FBG) sensors mounted in the longitudinal and circumferential
directions pipelines. The sensitivity of these measurements to assess pipe pressure and flow variations,
and leakage detection and localization were evaluated. Water, at a controlled pressure and flow rate,
was pumped into the designed 6-m pipe testbed. Leakage was simulated by opening one of the four des-
ignated valves installed on the pipe. Support Vector Machine (SVM) algorithms were implemented, using
the collected data, to assist in the prediction of the structural condition of the pipe under various oper-
ational conditions. Pressure variations inside the pipe highly impacted the amplitude of the measured
strain, increasing it significantly up to 20%. A flow rate increase of 5 GPM had the inverse effect, resulting
in a 5% decrease in the amplitude of the measured strain. A change of leakage hole size greatly influenced
the measured signal, resulting in a 55% change in amplitude between a 2-cm2 and a 5-cm2 hole. To deter-
mine the leakage location, only the temporal aspects of the signal were affected, resulting in slight shifts
in sensor response times. The developed SVM classifiers reached accuracies of 88% for flow rate classifi-
cation, greater than 95% for pressure classification, and 100% for leakage size classification. The accuracy
of leakage localization did not exceed 72%. These results are promising for the monitoring of the struc-
tural conditions related to leakage detection and localization, based on the patterns observed.

� 2020 Elsevier Ltd. All rights reserved.
1. Introduction

Pipeline systems are remarkable for their practicality, effi-
ciency, and cost-effectiveness in transporting large quantities of
dangerous substances [1], such as crude oil and petroleum prod-
ucts [2], compared with other modes of transport. These pipeline
systems can be used for transport over short distances (within
refineries or between neighboring installations), as well as over
long distances. Oil and gas products from hundreds of thousands
of wells, many of which are located in remote and hostile areas,
are transported through pipelines [3].

The deployment locations and large size of pipeline networks
make this transportation method susceptible to various types of
failures. Such failures may not only cause product loss but also
environmental damage as well as hazards and potential threats
to life [4,5]. Pipeline failures, depending on their location and the
nature of the transported substance, can have many negative
effects on the economy, the environment, and public health. A
recent pipeline failure, for instance, spilled 1.4 million liters of
bitumen mixed with a diluent in Keystone, North Dakota [6]. The
diluent, which quickly evaporated, rendered the air toxic, and the
bitumen remaining in the ground produced a foul odor. Similar
incidents have also occurred, and their consequences have been
intrusive and destructive. Some examples are the 120,000-liter
spillage in Garfield County, Oklahoma, the 300,000-liter spillage
in Miller Grove, Texas, and the 40,000-liter spillage in Alberta,
Canada, which all happened in 2019 [7–9]. No spillage-related
injury or wildlife impact were reported from these events [10,6].

Given the immense scale of the pipeline networks and the
severity of possible leakage repercussions, the structural health
monitoring (SHM) of pipelines is a challenging yet necessary task.
The methods developed over time are strictly nondestructive, as
they must be applied to installed and running pipelines. Several
methods have been developed for this purpose [11].
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In this paper, the operational and structural condition assess-
ment of steel pipes using a sensor network of fiber optic Fiber
Bragg Grating (FBG) sensors was performed. Fiber optic sensors
(FOS) were chosen for this application due to their superb capabil-
ity to provide measurements over long distances. Further, they do
not require electrical installations, making the application of this
method on previously laid pipelines plausible [12]. The main aims
of this study were to (i) investigate the efficacy of FBG strain sen-
sors for the monitoring of the structural health and operational
conditions of pipelines, (ii) investigate the effect of the number
and orientation of sensors needed for high prediction accuracy,
(iii) develop a good understanding of the effects of flow and leak-
age conditions on the surface strain of pipelines, and (iv) develop
learning algorithms, based on FBG data, for the automation of the
monitoring process.
2. Literature review

The methods of inspection that rely on externally mounted
sensors to detect pipe leakages are called sensor-based methods.
They include negative pressure wave (NPW), ultrasonic, eddy
current, and electromagnetic flux methods [13]. Their main
advantages are quantification and application without the inter-
ruption of normal pipeline operation. Jin et al. [14] worked on
localizing leakages in gas pipelines using acoustic and pressure
sensors mounted on the surface of the pipe. The authors man-
aged to detect a leakage in a 170-km pipeline with an error of
720 m. Zhu et al. [15] mounted piezoelectric (PZT) wafers on a
pipe and localized leakages based on the NPW theory [16]. They
managed to locate leakages with an error of 2% on a 55-meter
testbed.

Methods based on intelligent pigs have also been developed for
the inspection of pipeline systems [17]. These methods are partic-
ularly useful for detecting and localizing changes in pipe wall
thicknesses. However, pipeline operations may need to be dis-
turbed to perform these tests, and the monitoring process is not
continuous. Mishra et al. [18] discussed the application of intelli-
gent pigs using the magnetic flux leakage technique to assess the
structural health of pipelines. Alnaimi et al. [19] worked on design-
ing a PIG with enhanced performance over traditional pigging
devices. These authors developed a prototype able to monitor
pipes of different diameters, perform cleaning tasks, and reduce
the effect of water hammers, which are sudden peaks in pressure
that can harm the pipe.

Further, single measurement analysis methods which work by
detecting peaks or dips in the measurement of certain flow condi-
tions are widely used. Any sudden change in the flow rate or pres-
sure inside the pipe can indicate a potential defect. These methods
are easy to implement but lack quantification and localization
capabilities. Akib et al. [20] showed how such methods work.
Given that these methods rely on comparing current data to previ-
ous data collected during normal running operations, the set-up
requires the gathering of data, which can be time-consuming.
Therefore, they showed how data for these methods can be gener-
ated using simulations.

Other methods are based on the uncompensated volume bal-
ance method in which the sum of flows entering the pipeline and
the sum of flows exiting the pipeline are compared. Depending
on the size of the network, this difference can fluctuate within cer-
tain limits. If, however, the difference is noticeably large, it can
indicate a leak in the network. Martins et al. [21] compared mass
balance methods and NPW methods. They concluded that mass
balance methods are more precise for the calculation of leakage
rate, but acoustic methods can detect the leakage faster and local-
ize it with better accuracy.
Model-based leakage detection methods [22,23] in which a
model of the pipeline under study is simulated can accommodate
the closing of valves or changes in other control parameters in
the pipeline. Flow properties at certain locations in the network
can then be compared to flow properties at the same locations of
the simulated network. This method needs highly accurate inputs
and a computer capable of delivering good results in a reasonable
amount of time. The SHM of pipelines can be compared to that of
bridges and other large-sized civil engineering structures. In such
cases, the use of different types of sensor data or machine learning
(ML) algorithms can be used to facilitate the SHM process [24,25].

Of the above-listed methods, the most effective leakage local-
ization methods in a pipe during normal operation are the ones
with externally mounted sensors. Two of these methods are partic-
ularly effective: the NPW method and temperature-based
methods.

The NPW method is concerned with the NPW that is generated
when a pipe starts leaking fluid (change in pressure). This NPW
travels through the fluid in the pipe to neighboring pressure sen-
sors that pick up this change in operational conditions [16]. The
leakage is then localized using the time difference for the NPW
to reach the sensors upstream and downstream of the leak
location.

On the other hand, temperature-based methods are based on
monitoring the temperature of the medium surrounding the pipe.
Even though these methods generally yield better outcomes and
higher precision than the NPW method, they are subject to noise
and errors caused by weather abnormalities or third-party intru-
sions [26].

Some other methods were developed for leakage detection. One
of these was developed by Spirin et al. [27] who developed a casing
that is sensitive to petroleum hydrocarbons. It consists of a poly-
mer that reversibly swells when in contact with certain hydrocar-
bons, such as gasoline. An FBG sensor is then coupled to this casing
for the detection of strain variations. An obvious disadvantage of
this method for long pipelines is that the leakage must be in the
vicinity of the sensor for the leaked fluid to contact the polymeric
coating.

Another leakage detection method was developed by Lee et al.
[28] who coupled PZT wafers to fiber optic FBG sensors. This
method can detect liquid leakages by sending an acoustic wave
in the longitudinal direction through a fiber optic cable. The stretch
of the fiber between the transmitter and the FBG then acts as a sen-
sor. When a leakage occurs, the fluid that comes into contact with
the fiber attenuates the ultrasonic wave traveling along that fiber.
The FBG sensor then detects a decrease in amplitude, signaling a
leak. Although this method is highly effective, it compromises
the benefits of using an FOS, as it requires electrical wiring along
the pipe to actuate the PZT wafer.

All the previously mentioned methods generate different types
of data that must be analyzed to determine the structural health of
the tested structure. Analysis can be done by an operator, but its
automation can be achieved by introducing artificial intelligence
and training ML models to identify and quantify various types of
flaws in the system [29–31]. The automation of the detection pro-
cess starts by finding a trait in the signal that points to a leakage/
flaw. Khodairy et al. [32] worked on developing a classifier that
detects metal loss and cracks with an accuracy of 97.7% by looking
at the magnetic flux leakage data collected for the tested specimen.
The authors also developed a classifier that can determine the
severity of the material loss using the same set of data, reaching
an accuracy of 98.3%. The application of ML has been extended to
the detection of cracks in self-healing concrete structures [33].
An interesting application of ML is a deep neural network, which
evaluates the flexoelectric effect in truncated pyramid nanostruc-
tures under compression [34]. While applying ML algorithms, it
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is very important to obtain well-balanced data for robust classifica-
tion. Given that large amounts of abnormal data may not be avail-
able (specifically in real structures), the generation of artificial,
abnormal samples using certain techniques [35] can dramatically
improve the accuracy of the classification.

The SVM algorithm has proven to be efficient when applied to
SHM data. This tool is especially useful because of its adaptability
to different types of data, including strain, temperature, and vibra-
tion. For instance, it has been used in a one-vs.-one setting for the
assessment of paint conditions based on collected hyperspectral
signatures [36]. A multiclass SVM algorithm was applied for dam-
age detection in steel beams using critical statistical features
extracted from ultrasonic wave data [37]. Sheng et al. [38] further
worked on fault diagnosis in turbopump rotors using a multiclass
SVM algorithm.Widodo et al. [39] used SVM classification to assess
the structural health of bearings in machinery by training their
classifiers using simulated acoustic emission and vibration data
collected under different simulated loading conditions. Oh et al.
[40] used SVM algorithms to estimate the dynamic properties of
concrete strength based on ultrasonic harmonic waves collected
using PZT wafers. Moreover, Park et al. [41] conducted SHM of rail-
road tracks using guided waves by developing an SVM classifier for
damage detection and classification.

Moreover, ML has been used in many applications for pipeline
structures. Chen et al. [42] developed a classifier using SVM ML
to detect the NPW in a signal and differentiate it from other types
of pressure drops, reaching a testing accuracy of 90%. Ying et al.
[43] worked on leakage detection in pipes by collecting data from
PZT sensors while pressurizing and depressurizing the pipe.
Extracted features from each set of measurements were fed to an
ML algorithm that was able to detect leakages with an accuracy
greater than 90%. The best-used ML technique was a combination
of an SVM algorithm and AdaBoost, which correctly identified
damaged specimens with an accuracy of 93.5%. A leakage detection
and warning system was developed by Qu et al. [44]. These authors
used a distributed fiber optic vibration sensor to collect data while
simulating a leakage, digging around the buried pipe, and walking
in the neighborhood of the buried pipe. They managed to create an
SVM classifier that was able to distinguish between those three
events with an accuracy of 95%. These authors were also able to
locate the event within 200 m on a 35-km pipe. Moreover, Chuang
et al. [45] developed an ML algorithm using collected acoustic data
from the surface above a buried water distribution pipeline. The
authors trained classifiers using different inputs and different ML
algorithms to detect damaged and leaking sections of the pipe. A
detection accuracy of 99.4% was obtained using a Convolutional
Neural Network (CNN), and a detection accuracy of 98% was
obtained using an SVM classifier. Similarly, Santos et al. [46]
detected pipeline leakages based on acoustic signals. These authors
developed two neural networks that were respectively specialized
in the detection and localization of the leakages. A localization
error smaller than 2 m was achieved on a 60-m testbed.
3. Methodology

This section describes the developed methodology used in this
study. The design of the testbed, the tested scenarios, and the
development of the classifiers are discussed.
3.1. Sensing using FBG sensors

FBG strain sensors were used in this study to gather data. This
sensing method works by sending a spectrum of light through a
fiber optic cable on which an FBG is engraved. When that spectrum
reaches the FBG section of the fiber, part of it is reflected to the
interrogation unit, and the rest of the signal is transmitted through
the fiber [47,48]. The reflected part of the spectrum is centered
around a single wavelength of light called the Bragg wavelength.
This wavelength can be calculated using Eq. (1), where kb is the
reflected wavelength, neff is the effective index of refraction, and
K is the grating period of the FBG.

kb ¼ 2neff :K ð1Þ
Given that this reflected wavelength depends on the grating

period, changing the distance between the gratings by stretching
the fiber or changing its temperature results in a shift in wave-
length that can be detected by the interrogation unit. The sensor
response to an applied strain (e) is given by Eq. (2).

dkb ¼ 2Kdneff þ 2neffdK ð2Þ

dkb
kb

¼ dneff

neff
þ dK

K
ð3Þ

In Eq. (3), dneff
neff

can be written as fn
2
eff

2 p12 � m p11 þ p12ð Þ½ �eg where

p11 and p12 are Pockels coefficients of the strain-optic tensor, and
m is the material’s Poisson ratio. Also, dK

K can be substituted by
the fiber strain e. With further mathematical manipulations and
grouping of constants, the strain detected by the FBG can be linked
to the shift in wavelength by Eq. (4).

dkb
kb

¼ Kee ð4Þ

In this equation, Ke ¼ 1� n2
eff

2 p12 � m p11 þ p12ð Þ½ �. Given that Ke is
the only constant in this equation, it defines the strain sensitivity
of the FBG.

For temperature sensing (T), similar derivations can be per-
formed by taking into consideration the thermal-optical tensor f
and the fiber’s thermal expansion coefficient a.

dkb ¼ 2 K
dneff

dT
þ neff

dK
dT

� �
dT ð5Þ

dkb
kb

¼ dneff

neff dT
þ 1
K

dK
dT

� �
dT ð6Þ

dkb
kb

¼ fþ að ÞdT ð7Þ

dkb
kb

¼ KtdT ð8Þ

The temperature of the FBG can then be linked to the shift in
wavelength by Eq. (8). Kt , being the only constant in this equation,
characterizes the fiber’s temperature sensitivity.

In this work, FBG sensors were used as strain sensors, mounted
directly onto the pipe surface. Some of the sensors were regular
FBG strain sensors, whereas the others were temperature-
compensated strain sensors. These units encase two FBGs, one of
which is tightly connected to the frame and is therefore used to
measure strain, and the other is mounted onto a different piece
of metal that is insusceptible to changes in strain and is therefore
used to measure temperature. By using these two wavelength val-
ues as well as the host material’s modulus of elasticity and the
thermal expansion coefficient, the interrogation unit can calculate
the temperature-compensated strain of the sensors.

3.2. Experimental approach

Experiments were conducted by recording the strain data of the
FBG sensors in multiple scenarios with different pressures, flow
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rates, leakage locations, and hole leakage sizes. The main concern
was to replicate possible leakage scenarios in actual transportation
pipelines. The sensors were placed on the pipeline in different loca-
tions and orientations (longitudinal and circumferential) to study
the effects of these factors on the collected measurements and,
consequently, the obtained results. The data recording was per-
formed for all the sensors simultaneously for each experiment,
eliminating any variability in the parameters that may occur
between experiments.

All collected data was gathered from the interrogation of the
FBG sensors. As previously mentioned, by attaching the fibers
directly to the pipe’s surface, the measured fiber strain and its vari-
ation were expected to reflect the properties of the flow inside the
pipe. By performing tests under different flow and leakage condi-
tions, the effects that these parameters have on the output signals
can be determined.

By comparing the signals obtained in various scenarios (by
changing one parameter at a time), it was possible to observe the
effects that a specific parameter had on the readings.
3.3. SVM ML implementation

Classifications were performed for pressure, flow rate, leakage
location, and leakage size using an SVM algorithm. The choice of
the ML algorithm was based on preliminary tests that were per-
formed using different approaches, including deep learning meth-
ods such as a CNN [49] and an SVM algorithms, which revealed
that the later classifiers performed well on the gathered strain
data.

An SVM algorithm can be used for binary, multiclass, and
regression classification problems [50–52]. SVM algorithms works
by separating the initially given data (training data) by hyper-
planes and decision surfaces with a maximal margin. When points
are not linearly separable, they are mapped into a higher-
dimensional feature space using different possible kernel func-
tions, such as polynomial, Gaussian, and radial basis, among others.
Initially, SVM classifiers were only capable of solving binary prob-
lems. When the problem consists of differentiating between more
than two types of data points, the implementation of binary trans-
formation allows the use of an SVM algorithm for multiclass prob-
lems. The one-vs.-one binary transformation works by separating
Fig. 1. Example showing the differences between (a) one-v
the data belonging to two classes at a time, building hyperplanes
and decision surfaces for each pair of classes. The one-vs.-all trans-
formation, however, works by separating the data belonging to
each class from the data belonging to all other classes [53]. These
two transformations were tested in this study. An illustration of
the differences between these transformations is shown in Fig. 1.

In the case of linearly separable problems, consider a training
set of N samples xi; yið ÞNi¼1 2 Rn, where xi is the input vector labeled
by yi 2 0;1½ �. An SVM algorithm seeks to separate the binary data
by finding the optimal hyperplane that can maximize the distance
between the binary points belonging to different classes [30]. The
hyperplane is defined by parameters x and b with the equation
x:xþ b ¼ 0. The maximum margin hyperplane can be identified
as the solution of the following minimization problem:

z ¼ 1
2
x:xþ C

XN
i¼1

ni ð9Þ
s:tyi xxi þ bð Þ � 1� ni; i ¼ 1; � � � ;N ð10Þ

where the C
PN

i¼1ni component is used to control the number of mis-
classified points, andCis the penalty parameter.

To predict the class of a new point x, the decision function is
computed as follows:

f xð Þ ¼ signð
XN
i¼1

yiai < xi; x > þbÞ ð11Þ

Thus, all the training points have a ¼ 0 except for the support
vectors, which have a relatively small percentage of the entire
training points, or xi. Therefore, to make a prediction for the new
point x, the inner product between xand the support vectors must
be calculated.

SVM classifications are performed on the processed signals
using MATLAB. To choose the most adequate and efficient learning
settings, preliminary tests were performed using different combi-
nations of kernels (linear, second-degree polynomial, and Gaus-
sian), learning approaches (one-vs.-one and one-vs.-all), and
standardization. These tests revealed that the best learning set-
tings for this application are no standardization and a Gaussian
kernel. For flow rate classifications, a one-vs.-one binary transfor-
s.-one and (b) one-vs.-all binary SVM transformations.



Fig. 2. The sequence for training and testing the machine learning classifiers.
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mation is preferable, whereas a one-vs.-all transformation is more
accurate for the classifications of pressure and leakage location.
When it comes to leakage size, the results were equally good using
both approaches.

The classification of data was approached in two ways: (a) a
classifier was established and evaluated for each parameter i.e.
pressure, flow rate, leakage size, and location and (b) classification
of the testing data was performed using a combination of the clas-
sifiers [from (a)] for all parameters (labels) combined.

The sensor data obtained in each experiment were concate-
nated into a 1 � 120,000 array. The arrays corresponding to each
experiment were then concatenated to form the final
720 � 120,000 array. When testing the behavior of different sensor
combinations, the input data for training and testing were modi-
fied so that they only contained the concatenation of the signals
of the required sensors. The distribution of data between the train-
ing and testing sets was randomized.

The data were randomly divided into a portion consisting of
90% of the data for training and testing individual parameters,
and a global testing portion composed of 10% of the data for the
combined labels.

The classifier of individual parameters was established by ran-
domly subdividing the 90% data set into 80% for training and 10%
for testing. When another classifier needed to be developed, the
training and testing portions were randomly selected from the
90% data set, excluding the initial 10% of the data set placed aside
for global testing. The pressure, flow rate, leakage location, and
leakage size classifiers were each tested using the redistributed
10% of the data and the global testing data. This procedure is
described in Fig. 2. The complete process was repeated 10 times
to ensure the repeatability of the results.

ML was also used as a tool to optimize the number of sensors
and the placement of sensors on the structures. In this work, given
the small size of the testbed and the small number of sensors, all
the possible combinations were tested; however, for larger sensor
networks that are mounted onto longer pipes, some optimization
techniques should be considered [54,55].
4. Experimental set-up

4.1. Testbed design

A testbed was specifically designed to demonstrate the feasibil-
ity of the application of FBG sensors in monitoring the operational
and structural conditions of the pipelines. The testbed consists of a
5.95-m-long, black steel pipe with a nominal diameter of 1000 and a
thickness of 5 mm, resulting in a total inner volume of 0.2782 m3.
The full experimental set-up is shown in Fig. 3.
Multiple design components like valves and pressure gauges
must be mounted on the pipe; hence, the choice of material and
wall thickness is critical to allow the welding of threadolets onto
the surface for the attachment of the fittings. To facilitate the
manipulation and transportation of the pipe, it was initially cut
into four segments, which were reattached using flanges that were
welded onto the extremities and connected with M10 bolts and
nuts. Rubber gaskets were placed between the flanges to make this
assembly watertight.

Six holes with different purposes were drilled into the pipe in
the radial direction on the pipe. Two holes served as the inlet
and exhaust of fluid through the pipe, while the others were used
to simulate leakage. At the inlet of the pipe, a ball valve, pressure
gauge, flow meter and pressure-reducing valve were installed. At
the exit hole, a ball valve was the only needed fitting for flow con-
trol. The holes needed for leakage simulation were each equipped
with a ball valve as well.

When a leak needed to be simulated from the different leakage
points, an extra ball valve was placed over that point. The purpose
of this addition was to allow the experiments to be replicated at
specific leakage flow rates. The valve connected directly to the pipe
therefore acted as an on/off switch for the leak, and the additional
valve on top of it could be set to a specific opening size.

All necessary connections were established using 1-inch nomi-
nal diameter pipes, elbows, and T connections. Two 1-inch flexible
connections were also used to connect the inlet to the pump and
the exhaust to the tank, which also acted as a sump.

As for the instrumentation, two different types of sensors were
used in the set-up; these were supplied by Micron Optics. The sen-
sors placed in the longitudinal direction were temperature-
compensated FBG strain sensors (os3155). They were spot-
welded onto the pipe surface, as their design included spot-
welding locations. The sensors mounted in the circumferential
direction were optical strain gages (os3100) that were epoxied to
the pipe’s surface. The six mounted sensors were named S1
through S6, starting from the sensor closest to the pipe’s inlet. Sen-
sors S1, S3, S4, and S6 were mounted in the longitudinal direction,
whereas sensors S2 and S5 were mounted in the circumferential
direction. Data were collected using the Micron Optics si255 Hype-
rion interrogator at a rate of 1 kHz.
4.2. Tested scenarios

Experiments were performed by arranging the pipe in its nor-
mal running condition at a certain pressure and flow rate. Data
recording was then initiated and set to record for 1 min. At the
30-second mark, the leakage hole equipped with the second valve
was opened. This process is shown in Fig. 4.



Fig. 3. Detailed layout of the (a) testbed experimental set-up and (b) testbed dimensions and sensor placement.
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The collected data, therefore, corresponds to the readings
obtained during 30 s of regular pipe operation under normal con-
ditions followed by 30 s of operation with leakage under the same
conditions.

Tests were performed at three different pressures (0.6, 0.8, and
1 bar) and three different flow rates (10, 15, and 20 GPM). Classi-
fying these flow properties can then be used to assess the severity
of the impact of the leakage. These variations also provided the
other classifiers with a wider variety of data for learning, making
them more robust and diverse. In combination with these scenar-
ios, four leakage locations and two leakage sizes [small (~20%) and
large (100%) leakage valve openings] were tested. The leakage size
was controlled by specifying the opening of the secondary valve, as
previously mentioned. The variations of this parameter further
increased the variability of the data and ensured that the other
classifiers can perform reliably, regardless of the leakage size.

The possible combinations of these parameters are shown in
Fig. 5. Tests were performed on each of these combinations and
repeated 10 times. The total number of tested scenarios is there-
fore 72, and the total number of readings is 720.

4.3. Sensor data

The data recorded by the interrogation unit contained noise
that masked the signal. The signal-to-noise ratio (SNR) ranged
between 1.85 and 10.23, depending on flow and leakage condi-
tions. The data were therefore processed using MATLAB to reduce
the noise. A moving mean of 400 ms was first applied for the
smoothing of the data followed by a low-pass filter with a factor
of 10–5. The signal coming from each sensor was then zeroed and
trimmed to 15 s to eliminate redundant data. This sequence is
shown in Fig. 6.

The changes in surface strain measured in this study can be
compared to results reported in previous studies. For instance,
tests performed at a pressure of 120 kPa (1.2 bar) yielded a change
of 5 to 6 le on the surface of the pipe [56]. Other tests performed at
a much higher pressure of 1.2 MPa (12 bar) inflicted 90–120 le on
the surface of the pipe [57]. These tests were both performed on
sections of pipe similar to the one used in this work. Oil transporta-
tion pipelines typically operate at much higher pressures than
those used in the testbed in this study [58], and hence, at a much
higher hoop stress. Therefore, in the presence of leakage, these
high pressures will increase the observed strain drops due to the
higher-pressure amplitude of the NPW, guaranteeing a higher
SNR and more easily observable and clear strain drop/ patterns.

5. Results and analysis

In the following section, the effects of pressure and flow varia-
tion, as well as leakage size and location, on the collected strain
data are scrutinized. Each of these parameters was studied and
analyzed. In this section, only data from sensors 1 and 2, which



Fig. 4. Experimental procedure flow chart.

Fig. 5. The various tested scenarios.
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were placed 75 cm and 125 cm from the pipe extremity on the
inlet side, are presented. It is important to note that any sensor
combination yields similar results. The choice of these two sensors
was specifically made as they best display the patterns (with max-
imal variation in the amplitude). Also, these sensors were placed
on the pipe in different directions, showing the effect of sensor ori-
entation on the results (sensor 1 was aligned longitudinally; sensor
2 was aligned circumferentially). Moreover, this section contains
the ML results.

The gathered data contains signals obtained from experiments
performed with all the possible combinations of leakage and flow
properties. To study the effects of a change in any single parameter



Fig. 6. Steps followed for signal preparation: (a) raw data from one sensor (S1), (b) signal after noise reduction, (c) trimmed and zeroed signal, and (d) stacked signals of six
sensors.
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on the shape of the signal, the data were grouped based on that
parameter. For instance, to study the effects of a change in pres-
sure, the signals gathered at each value (0.6, 0.8, and 1 bar) were
grouped. These data however contained signals obtained at differ-
ent flow rates, leakage locations, and leakage sizes. Therefore, to
specifically observe the effects of changes in pressure, multiple
comparisons had to be made to ensure that those observations
were true, regardless of the change in the other parameters. For
example, one plot compared signals gathered at a 10-GPM flow
rate and a large leakage at varying pressures, and another com-
pared signals gathered at a 20-GPM flow rate and a large leakage
at those same pressure variations. If the observations made in
these two cases are similar, the conclusion that this observation
is independent of flow rate becomes reliable.

5.1. Effect of flow rate variation on strain measurement

To observe the effects of flow rate on the measured strain, the
values measured for different flow rates in four different scenarios
are presented. The different scenarios also provide insight into how
different parameters, such as leakage location and leakage hole
size, can change the observed effects of flow rate variations.

The first scenario consists of measurements taken at a pressure
of 0.8 bar for a small leakage size and leakage location (L1) (closest
to the inlet valve and the presented sensors). Fig. 7 shows a
decrease in the strain level that resulted from the increase in flow
rate. Both circumferential and longitudinal sensors were able to
detect this decrease in strain level. A drop of approximately 3%
was noticed between flow rates of 10 and 15 GPM and a drop of
approximately 10% between flow rates of 15 and 20 GPM.

The second scenario consists of measurements taken at the
same pressure (0.8 bar) but with a change in the leakage position
to L4 (farthest point from the inlet). Fig. 8 shows the decrease in
strain drop that resulted from the increase in flow rate. In this case,
where the leakage is far from the sensors, both sensors detected a
drop of approximately 4% between flow rates of 10 and 15 GPM
and a drop of approximately 9% between flow rates of 15 and 20
GPM. The results shown in Table 1 reveal that the data are very
similar to those observed in the previous scenario, suggesting that
leakage location has a minimal or negligible effect on strain
amplitude.

The third scenario is similar to the first scenario but with an
increase in the leakage size, that is, a pressure of 0.8 bar with a
large leakage size at leakage location L1. By comparing this sce-
nario to the first, information about the effects of leakage size on
the measured strain can be obtained. Fig. 9 shows the effects of a
change in flow rate on strain measurements when a large leakage
occurs. In this case, the strain drop is larger than that resulting
from a smaller leakage. For any given flow rate and any given sen-
sor, the observed strain drop is increased by more than 40%. When
comparing flow rates, the sensors detected changes that differed
from the ones observed for a smaller leakage. When shifting from
a 10-GPM to a 15-GPM flow, longitudinal sensors were shown to
detect a 10% decrease in strain drop, whereas circumferential sen-
sors detected a 3.5% decrease. However, when shifting from a 15-
GPM to a 20-GPM flow, the longitudinal sensor strain drop
decreased by 5.5%, and the circumferential sensor strain drop
decreased by 8%.

The fourth scenario consists of measurements taken at a pres-
sure of 0.8 bar with a large leakage size at leakage location L4.
The observations made in this scenario will help determine
whether the leakage location affects the strain drops differently
when a large leakage occurs. Fig. 10 shows the effects of a change
in the flow rate on the strain measurements when a large leakage
occurs far from the sensor position.

The observation that was made in the third scenario (i.e., a lar-
ger strain drop relative to cases with a small leakage) is still
observable with a large leakage size at a distant leakage position.
The strain drop variation, however, is minimal in this case and var-
ies by a maximum of 3.5%. The drop values obtained at a 15-GPM



Fig. 7. Flow rate comparisons at (a) 10, (b) 15, and (c) 20 GPM at 0.8 bar at leakage location L1 with a small leakage size.

Fig. 8. Flow rate comparisons at (a) 10, (b) 15, and (c) 20 GPM at 0.8 bar at leakage location L4 with a small leakage size.
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flow rate at both leakage locations are similar, varying by only 0.01
microstrain, suggesting that flow rate in a pipe with a large leakage
at a distant location, relative to the size of the pipe under study,
has a smaller effect on the observed strain drop.

5.2. Effects of pressure variations on strain measurements

To observe the effects of pressure on the measured strain, the
values measured for different pressures in four different scenarios
are presented. Similar to data presented earlier, these scenarios
will allow analyses of the effects of pressure variations under dif-
ferent flow and leakage conditions.

The first scenario shows the effects of different pressures when
a small leakage occurs at a location that is close to the sensors (L1).
The main difference in the measured strain between pressure and
flow rate variations is that an increase in flow rate results in a
smaller strain drop, whereas an increase in pressure results in a
larger strain drop. Fig. 11 shows the increase in strain drop that
results from the increase in pressure. The longitudinal and circum-
ferential sensors detected increases of 31% and 18%, respectively, in



Table 1
Strain values recorded for different flow rate variation scenarios.

10 GPM 15 GPM 20 GPM

Strain in l� for flow rate variation at 0.8 bar at leakage location L1 with a small
leakage size

Longitudinal –1.03 –1.01 –0.89
Circumferential –2.18 –2.08 –1.89

Strain in l� for flow rate variation at 0.8 bar at leakage location L4 with a small
leakage size

Longitudinal –1 –0.95 –0.89
Circumferential –2.17 –2.09 –1.88

Strain in l� for flow rate variation at 0.8 bar at leakage location L1 with a large
leakage size

Longitudinal –1.84 –1.66 –1.57
Circumferential –3.08 –2.98 –2.74

Strain in l� for flow rate variation at 0.8 bar at leakage location L4 with a large
leakage size

Longitudinal –1.71 –1.65 –1.64
Circumferential –3.01 –2.97 –2.87
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strain drop when the pressure was changed from 0.6 to 0.8 bar
(33% increase in pressure). Both sensors also detected a 13.5% aver-
age increase in strain drop when the pressure was further
increased from 0.8 to 1 bar (25% increase in pressure).

The second scenario consists of measurements taken at a flow
rate of 15 GPM with a small leakage size at a distant leakage loca-
tion (L4). When the leakage location is far from the sensors, the
pressure variation seems to have a slightly smaller effect on their
measured strain. These effects are presented in Table 2, which
shows the similarity between the values recorded for the first
two scenarios. The longitudinal and circumferential sensors
detected increases of 15% and a 13%, respectively, in strain drop
when the pressure was changed from 0.6 to 0.8 bar. When chang-
ing the pressure from 0.8 to 1 bar, these values changed to 18% for
the longitudinal sensor and 12% for the circumferential sensor.
These patterns can be seen in Fig. 12.

The third scenario consists of measurements taken at a flow
rate of 15 GPMwith a large leakage size at leakage location L1. This
scenario serves as an indicator of the effects of changes in leakage
Fig. 9. Flow rate comparisons at (a) 10, (b) 15, and (c) 20 GPM
size compared to the first scenario. Similar to the case shown in
Fig. 9, a larger leakage size increased the strain drop relative to a
small leakage size. The larger leakage size also accentuates the
effects of pressure variations. This fact becomes evident when
comparing Fig. 11 and Fig. 13. The longitudinal sensor’s measured
strain increased by 32% and 15% when the pressure changed from
0.6 to 0.8 bar and from 0.8 to 1 bar, respectively. The measured
strain of the circumferential sensor increased by 24% over each
pressure increment.

The fourth scenario consists of measurements taken at a flow
rate of 15 GPM with a large leakage size at leakage location L4.
The strain values obtained with a large leakage at a far leakage
location are similar to those obtained at a close leakage location
with the same leakage size, as seen by comparing Figs. 13 and
14. The strain values varied by a maximum of 0.05 microstrain,
indicating that the leakage position has little to no effect on the
strain drop (given the size of the testbed under study).
5.3. Effect of leakage size variation on strain measurement

As inferred from the variations of pressure and flow rate, the
smallest strain drop occurs when the pipe flow is at a small pres-
sure and a high flow rate. The largest strain drop occurs in the
opposite configuration. Comparing the measured strain in these
two cases for different leakage sizes can provide insight into the
extent of the effects of leakage size.

As shown in Fig. 15, using longitudinal sensors, the strain drop
difference between a large and a small leakage is 70% when com-
paring maximal drops (a and c) and 64% when comparing minimal
drops (b and d). Circumferential sensors, however, detect a 41%
change in both scenarios. This finding indicates that longitudinal
sensors may be more sensitive to changes in leakage size than cir-
cumferential sensors.
5.4. Effect of leakage location on strain measurement

Although leakage location does not affect the magnitude of the
strain drop, it does affect the shape of the strain curve. To observe
at 0.8 bar at leakage location L1 with a large leakage size.



Fig. 10. Flow rate comparisons at (a) 10, (b) 15, and (c) 20 GPM at 0.8 bar at leakage location L4 with a large leakage size.

Fig. 11. Pressure comparisons at (a) 0.6, (b) 0.8, and (c) 1 bar at 15 GPM at leakage location L1 with a small leakage size.
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this effect, leakage location was varied in different scenarios. To
observe this change, the scenarios in question are the ones that
yielded the largest and smallest strain drops using both large and
small leakage sizes. The most easily observable difference between
the signals obtained by changing leakage location was the gap
between the intercepts of sensors 1 and 2, using sensor 10s final
steady-state strain value. This gap is highlighted in Fig. 16.

The time difference between the two intercepts appears to
increase the more distant the leakage location is relative to the
sensor’s position. With few exceptions, this pattern holds for dif-
ferent flow rates, pressures, and leakage sizes. These data are pre-
sented in Table 3.

5.5. ML results

The classifications of pressure, flow rate, leakage size, and leak-
age location were performed using different sensor combinations
to study the effects of sensor position and orientation on the



Table 2
Strain values recorded for different pressure variation scenarios.

0.6 bar 0.8 bar 1 bar

Strain in l� for pressure variations at 15 GPM at leakage location L1 with a small
leakage size

Longitudinal –0.77 –1.01 –1.14
Circumferential –1.76 –2.08 –2.37

Strain in l� for pressure variations at 15 GPM at leakage location L4 with a small
leakage size

Longitudinal –0.84 –0.97 –1.10
Circumferential –1.80 –2.13 –2.39

Strain in l� for pressure variations at 15 GPM at leakage location L1 with a large
leakage size

Longitudinal –1.31 –1.73 –2.00
Circumferential –2.38 –0.97 –-3.69

Strain in l� for pressure variations at 15 GPM at leakage location L4 with a large
leakage size

Longitudinal –1.30 –1.68 –1.96
Circumferential –2.42 –3.02 –3.64
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results. Classifiers for each flow and leakage property were devel-
oped by training and testing multiple times on different sets of
data. In this section, the accuracy of these classifiers and an analy-
sis of senor configuration are presented.

Classifiers were developed using all possible sensor combina-
tions. With the six sensors present on the testbed, 63 different con-
figurations were possible. Also, one-vs.-one and one-vs.-all
learning approaches were established, resulting in 126 different
configurations for each of the four classifiers.

5.5.1. Flow rate classification
As suggested earlier, flow rate variations result in changes in

the maximal strain drop. However, these changes may be caused
by a variation in pressures, flow rates, and leakage sizes.

The performance of flow rate classifiers and the choice of the
number of sensors and sensor configurations that work best for
flow rate classification are presented in this section.

Table 4 shows that when using certain sensor combinations, the
accuracy of the prediction can be as high as 88.33%. The average
Fig. 12. Pressure comparisons at (a) 0.6, (b) 0.8, and (c) 1 bar a
testing accuracy for flow rate classification was 80%, and the lowest
obtained accuracy was 57%. These findings show that classification
accuracy lies on a large spectrum and requires certain sensor con-
figurations to perform well.

The best performing sensors and the most efficient number of
sensors were found by counting the number of instances where
each sensor appeared or where a certain number of sensors
appeared in the top 40 results (top 32% of results).

The number of sensor combinations possible changes with the
number of sensors used. For example, six sensor combinations
are possible with single sensors, whereas 20 combinations are pos-
sible with three sensors. The number of appearances was thus nor-
malized, as seen in Table 6.

Table 5 shows that flow rate classification works best when a
high number of sensors is used. It also shows that combinations
consisting of fewer than three sensors have a very low chance of
yielding good results.

As for specific sensors, Table 6 shows that sensor 2 positively
influences the classification, as it is the most abundant in the top
performing 32% of classifiers. Sensor 5, however, is the least com-
monly found sensor in the top-ranking classifiers. These findings
show that sensor orientation (both sensors 2 and 5 are mounted
along the circumferential direction) does not have a direct effect
on the results. This finding may be due to the fact that sensor 2
has the highest gain (high SNR), and therefore, less information
was lost in its signal due to filtering.
5.5.2. Pressure classification
Similar to the case of flowrate classification, pressure classifiers

were developed because of the similarities that changing pressure
and flow rate created in the patterns. This classifier was therefore
used as a tool to differentiate between such cases.

The performance of pressure classifiers and the choice of the
number of sensors and sensor configurations that work best for
pressure classification are presented in this section.

Table 7 shows the 10 best ranking pressure classifiers based on
the testing accuracy. As shown in the table, pressure classification
can be performed with high accuracy. The best ranking classifier
t 15 GPM at leakage location L4 with a small leakage size.



Fig. 13. Pressure comparisons at (a) 0.6, (b) 0.8, and (c) 1 bar at 15 GPM at leakage location L1 with a large leakage size.

Fig. 14. Pressure comparisons at (a) 0.6, (b) 0.8, and (c) 1 bar at 15 GPM at leakage location L4 with a large leakage size.
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was trained and tested using the data from sensors 1, 2, 3, and 5,
achieving a 96.92% training accuracy and a 95% testing accuracy.
The average testing accuracy for pressure classification was 90%,
indicating that pressure classification can be performed efficiently
with a wide variety of sensor combinations.

The best performing sensors and the most efficient number of
sensors were found using the same method as used for flowrate
classification.
Table 8 shows that pressure classification yields poor results
when only one or two sensors are used for the training and testing
processes. The performance is best when four, five, or six sensors
are used. Table 9, on the other hand, clearly shows that sensor 2
positively influences the classification, as it was the most abundant
in the top performing 32% of classifiers.

Similar to the case of flow rate classifiers, sensor 2 may be the
best choice because of its high gain, which further accentuates



Fig. 15. Measured strain in the largest and smallest drop cases for a large leakage (a and b) and a small leakage (c and d).

Fig. 16. Variations in leakage location at a pressure of 1 bar, a flow rate of 10 GPM, and a large leakage size for leakage locations (a) L1, (b) L2, (c) L3, and (d) L4.
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the strain drop which was the main observed difference between
cases with different flow rates.

5.5.3. Leakage size classification
Changes in leakage size had the most significant effects on the

amplitude of the strain drop. However, in some extreme cases,
changes in flow rate and pressure may be mistaken for a change
in leakage size. Leakage size classifiers were therefore developed
to overcome that uncertainty.

The performance of leakage size classifiers and the choice of the
number of sensors and sensor configurations that work best for
flow rate classification are presented in this section.



Table 3
Intercept times and time differences for sensors 1 and 2 recorded for different leakage scenarios.

Time intercepts for pressure variations at 15 GPM at leakage location L1 with a small leakage size
The intercept of sensor 1 in seconds (s) The intercept of sensor 2 (s) Time difference (s)

L1 7.525 6.104 1.421
L2 8.029 6.296 1.733
L3 8.552 6.374 2.178
L4 8.544 6.564 1.980

Time intercepts for pressure variations at 15 GPM at leakage location L4 with a small leakage size
The intercept of sensor 1 (s) The intercept of sensor 2 (s) Time difference (s)

L1 7.626 6.381 1.245
L2 7.547 6.212 1.335
L3 7.939 6.468 1.471
L4 8.152 6.552 1.600

Time intercepts for pressure variations at 15 GPM at leakage location L1 with a large leakage size
The intercept of sensor 1 (s) The intercept of sensor 2 (s) Time difference (s)

L1 8.147 6.775 1.372
L2 9.133 7.118 2.015
L3 9.118 6.775 2.343
L4 9.327 6.992 2.335

Time intercepts for pressure variations at 15 GPM at leakage location L4 with a large leakage size
The intercept of sensor 1 (s) The intercept of sensor 2 (s) Time difference (s)

L1 8.091 6.520 1.571
L2 9.284 6.675 2.609
L3 9.843 6.690 3.153
L4 9.081 6.497 2.584

Table 4
Ten best ranking results and result variation trends for flow rate classification.

Rank Used sensors Training accuracy (%) Testing accuracy (%)

1 2, 3, 4, 6 95.26 88.33
2 2, 3, 6 94.93 87.77
3 2, 3, 6 95.53 87.77
4 2, 3, 4, 6 96.00 87.08
5 1, 2, 3, 4, 6 96.37 87.08
6 1, 2, 4 95.29 86.94
7 2, 6 94.39 86.94
8 1, 2, 3, 4, 6 95.81 86.80
9 1, 2, 3 96.49 86.80
10 1, 2, 3 95.13 86.80
20 2, 4 94.30 85.69
30 1, 2, 3, 4, 6 94.65 84.44
40 2, 4, 5 95.00 83.47
50 1, 3, 6 95.59 83.19
60 2, 4, 5 93.76 82.36
70 1, 3, 4 95.67 80.27
80 1, 3, 6 96.85 79.58
90 1, 3, 4, 5 95.46 79.02
100 1, 5 94.27 77.22
110 3, 4, 5 95.41 74.86
120 3 93.21 67.63
126 4 95.08 58.61
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Table 10 shows that when using certain sensor combinations,
the prediction accuracy can easily reach 100%. In the case of leak-
age size classification, accuracies ranged from 100% to 90%, with an
average of 98.77%. These findings show that leakage size affects the
signal in such a way that the classifier can easily detect it, regard-
less of the sensor combination used.
Table 5
Number of appearances of instances with different numbers of sensors in the top-ranking

Number of sensors One sensor Two sensors

Number of appearances 1 5
Number of appearances normalized 0.17 0.33
5.5.4. Leakage location classification
The pattern that emerged from changes in leakage location, as

shown earlier, was unreliable for its sole use in the determination
of leakage location. This is because of the higher number of
exceptions found in these patterns. Leakage location classifiers
were therefore developed for the ML algorithms to potentially
identify other patterns that could help determine leakage
locations.

The performance of leakage location classifiers and the choice of
the number of sensors and sensor configurations that work best for
flow rate classification are presented in this section.

Table 11 shows that when using certain sensor combinations,
the prediction accuracy can reach 72%. The average testing accu-
racy for leakage location classification was 60.25% and ranged from
80.56 to 41.8%. These findings indicate that leakage location classi-
fication only works with certain sensor combinations. The best
performing sensors and the most efficient number of sensors used
were found using the same method as used for both pressure and
flow rate classifications.

Table 12 shows that leakage location classification works better
when a larger number of sensors is used. The only two instances
(each using a different binary transformation) where all six sensors
were used ended up in the top 32% of the results. Table 13, on the
other hand, shows that sensor 4 was the most abundant sensor in
the top performing 32% of the classifiers, closely followed by sen-
sor 2. The sensitivity of sensor 2 may be a factor contributing to
its good performance, whereas the effects of sensor 4 on yielding
good results are possibly caused by its location on the testbed
(closest to the middle).
flow rate classifiers.

Three sensors Four sensors Five sensors Six sensors

12 13 7 2
0.6 0.87 1.16 2



Table 6
Number of appearances of each sensor in the top-ranking flow rate classifiers.

Sensor S1 S2 S3 S4 S5 S6

Number of appearances 20 40 24 23 15 24

Table 7
Ten best ranking results and result variation trends for pressure classification.

Rank Used sensors Training accuracy (%) Testing accuracy (%)

1 1, 2, 3, 5 96.92 95.00
2 1, 2, 3, 5, 6 96.99 94.44
3 2, 3, 6 97.20 94.44
4 1, 2, 3 97.56 94.02
5 1, 2, 4, 6 96.52 94.02
6 2, 3, 4, 5, 6 96.85 94.02
7 1, 2, 3, 5, 6 95.90 93.88
8 1, 2, 3 96.90 93.75
9 1, 2, 6 95.85 93.75
10 2, 6 96.80 93.75
20 1, 2, 3, 4, 5, 6 97.04 93.33
30 2, 3, 5, 6 96.90 93.05
40 2, 5 94.80 92.22
50 1, 2, 3, 4, 5, 6 96.71 91.80
60 1, 5 96.14 91.25
70 1, 2, 4, 5, 6 96.47 90.83
80 1, 3, 4 96.11 89.58
90 3, 6 95.81 88.61
100 3, 4, 6 95.76 88.05
110 6 94.86 86.52
120 6 93.00 84.44
126 5 92.70 73.75

Table 9
Number of appearances of each sensor in the top-ranking pressure classifiers.

Sensor S1 S2 S3 S4 S5 S6

Number of appearances 23 39 24 18 20 21

Table 10
Ten best ranking results and result variation trends for leakage size classification.

Rank Used sensors Training accuracy (%) Testing accuracy (%)

1 1, 5 100 100
2 1, 5 100 100
3 2, 5 100 100
4 2, 5 100 100
5 3, 5 100 100
6 3, 5 100 100
7 5, 6 100 100
8 5, 6 100 100
9 1, 2, 5 100 100
10 1, 2, 5 100 100
20 2, 4, 5 100 100
30 1, 2, 3, 5 100 100
40 1, 4, 5, 6 100 100
50 1, 2, 3, 4, 5 100 100
60 1, 2, 3, 4, 5, 6 100 100
70 1, 2, 6 100 99.16
80 1, 2, 3, 6 100 98.75
90 1, 3, 4 99.07 98.33
100 4, 6 98.90 97.77
110 1, 6 98.54 97.36
120 3, 4 97.53 95.27
126 4 95.74 90.41

Table 11
Ten best ranking results and result variation trends for leakage location classification.

Rank Used sensors Training accuracy (%) Testing accuracy (%)

1 2, 3, 4, 6 94.79 72.22
2 2, 4 96.59 70.69
3 1, 2, 4, 6 97.84 70.27
4 1, 2, 3, 4, 6 98.43 70.13
5 2, 3, 4, 5 98.09 69.44
6 2, 4, 5, 6 98.14 69.44
7 1, 2, 3, 4 95.48 69.16
8 1, 2, 4, 5, 6 98.50 69.02
9 1, 2, 3, 4, 5 98.43 68.88
10 1, 2, 4 94.65 68.47
20 1, 3, 4 95.19 67.08
30 1, 4 99.21 65.13
40 1, 2, 3, 5 98.52 63.47
50 1, 2, 3, 5, 6 99.06 62.63
60 2, 5, 6 97.88 60.69
70 1, 4, 5, 6 95.78 59.72
80 1, 2, 5 97.82 58.88
90 1, 3, 4, 5 95.29 58.05
100 1, 6 99.04 56.25
110 4 99.27 52.91
120 6 98.81 47.91
126 3 90.46 41.80
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5.5.5. Classification of all parameters
It was mentioned earlier that the data were initially divided

into two portions, one of which consisted of 10% of the data and
was called global testing data. In this section, this portion was used
to test the four classifiers. These tests were performed 10 times,
and an analysis of the results and their repeatability is presented
in this section.

Table 14 shows the 10 best ranking sensor configurations when
it comes to all the classifiers. When each classifier was tested using
global testing data, an average of their accuracies was calculated.
This average was then averaged over the 10 iterations. The num-
bers presented in this table, therefore, reflect the quality of the sen-
sor combinations in all the classification tasks.

The calculated average testing accuracies ranged between
88.06% and 68.9%, with an average of 82.87%. These findings indi-
cate that some sensor combinations perform better than others. In
this table, the combinations involving one or two sensors tended to
score lower than the ones with more sensors. This result agrees
with the observations above, where it was shown that these com-
binations were the least likely to be in the top 32% of the results for
each classifier. Also, the standard deviation was low, with the high-
est being 3.04%, which indicates that the classifiers are generally
consistent over 10 iterations.
6. Discussion

The recorded strain measurements present clear patterns that
can be analyzed to determine pipe flow properties and leakage.
Table 8
Number of appearances of instances with different numbers of sensors in the top-ranking

Number of sensors One sensor Two sensors

Number of appearances 0 6
Number of appearances normalized 0 0.4
The patterns observed when any variable is changed remain stable,
regardless of other flow and leakage properties. Strain drops are
the most informative values, since three out of the four interro-
gated aspects directly influence the maximal strain drop. Each 5-
GPM increment in flow rate yields a decrease of around 6% in max-
pressure classifiers.

Three sensors Four sensors Five sensors Six sensors

11 16 6 1
0.55 1.07 1 1



Table 14
Ten best ranking configurations for all the classifiers.

Rank Used sensors Average testing accuracy (%) Standard deviation (%)

1 2, 3, 4, 6 88.06 1.54
2 1, 2, 3, 4, 6 87.92 1.77
3 1, 2, 4, 6 87.60 1.86
4 1, 2, 3, 4 87.57 2.40
5 2, 4, 6 87.43 2.08
6 1, 2, 3, 4, 6 86.94 1.77
7 2, 3, 4, 6 86.81 1.82
8 2, 4, 6 86.81 1.29
9 1, 2, 4 86.67 1.28
10 2, 3, 4, 5 86.60 2.23

Table 12
Number of appearances of instances with different numbers of sensors in the top-ranking leakage location classifiers.

Number of sensors One sensor Two sensors Three sensors Four sensors Five sensors Six sensors

Number of appearances 1 5 14 13 5 2
Number of appearances normalized 0.17 0.33 0.7 0.86 0.83 2

Table 13
Number of appearances of each sensor in the top-ranking leakage location classifiers.

Sensor S1 S2 S3 S4 S5 S6

Number of appearances 23 31 21 34 12 21
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imal strain drop. Pressure, however, affects maximal strain inver-
sely, as each 0.2-bar increment results in an increase of strain drop
by around 20%. The last property that affects maximal strain drop
is the hole leakage size. The difference in maximal strain drop
observed at instances with small and large leakages is an increase
of around 55%, making this property the most prominent. Leakage
location does not have any direct effect on maximal strain drop.
However, leakage location affects the time it takes the sensors
(based on their distance from the leakage) to reach steady-state.

Some of these properties are intertwined. For instance, the
increase in leakage hole distance from the sensors dampens the
effects of flow rate variations. The values presented here apply to
the specific pipe used for testing. The behavior of the sensors
towards any changes in flow properties was generally identical
for longitudinal and circumferential sensors. However, the circum-
ferentially mounted sensors had a higher gain and were hence
more sensitive. This has helped reduce the effect of noise, which
makes the collected signals reliable.

The classification of leakage size was easily achievable, with
results reaching 100% accuracy with most sensor configurations.
Pressure classification followed with good results, reaching 95%
testing accuracy and a high accuracy for a large variety of sensor
configurations. As for flow rate classification, the results were
good, reaching 88% accuracy using the right settings. Finally, leak-
age location classification was performed with good results. Using
the right settings, leakage location classification reached an accu-
racy of 72%. This task needs the use of a high number of sensors
to achieve such results.

In the case of the classification of leakage location, there was a
noticeable gap between the training and testing accuracies. The
training accuracy, being much higher than the testing accuracy,
indicated a case of classifier overfitting. However, training
attempts that were performed with a smaller training data set
(60% of the total data) still gave similar results. A possible explana-
tion is that the pattern that emerged from the changes in the loca-
tion of the leakage was too subtle and inconsistent to be used for
classification. A longer testbed may help improve the accuracy
and coherence of these numbers by accentuating and standardiz-
ing the differences between the signals generated by simulating
leakages at different locations. Moreover, the pattern that emerged
with a change in leakage location was related to time and, there-
fore, was weakened by the use of the moving mean filter that
was necessary to reduce the noise in the data.

The results of pressure and flow rate classifications showed that
it is possible to obtain better results using fewer sensors. In some
cases in the literature, a greater number of sensors guaranteed bet-
ter results, but the use of fewer sensors could provide a reliable and
more cost-effective damage detection method [59]. However, in
our specific case, a restrained number of sensors was capable of
producing reliable results, as was the case with other instances
in the literature [60–62], possibly because the pressure and flow
rate trends were simple enough for classification using a restrained
number of sensors. Increasing the inputs may only complicate the
process. When the monitoring process is extended to a larger pipe,
more sensors are needed, and sensor faults may be more frequent.
Further, a sensor fault diagnostic method, like the one suggested by
Huang et al. [63], can be applied to ensure the integrity of the sen-
sor network.

By monitoring the temperature-compensated FBG strain data, it
is possible to differentiate changes in the data caused by leakage
from those caused by environmental factors and boundary condi-
tions. This point was specifically studied by Chen et al. [42] who
worked on developing SVM classifiers that were able to differenti-
ate drops in pressure caused by a NPW from those caused by other
external factors.

In terms of sensor performance, the tests showed that sensors
placed in the circumferential direction enhanced the performance
of all the developed classifiers. This finding is mainly due to their
higher gain, which reduces the loss of valuable information in
the data due to noise reduction and highlights the changes in the
signals captured under different flow and leakage conditions. As
for leakage localization, the position of the sensors played an
important role in classification accuracy. The tests showed that
using sensors placed near the center of the pipe tended to improve
the accuracy of ‘‘leakage location” classifiers.

Broadening this monitoring method for real-life applications
was facilitated with the use of FBG sensors, given their multiplex-
ing capabilities that allow the daisy chaining of multiple sensors on
each fiber strain. Further, FBG sensors are able to span long dis-
tances (up to 250 km) because of very low attenuation within
the fiber [64]. Further, temperature-compensated FBG sensors
can be used to negate the changes in the strain caused by the ther-
mal expansion (environmental conditions) of the pipeline.
7. Conclusions

In this work, it is clear that pipeline leakages that occur under
different operational conditions generate different amounts and
variations in the strain patterns on the surface of the pipe. In all
the tested scenarios, leakage always resulted in a drop of the strain
measured on the surface of the pipe. The amplitude of that drop
increased with an increase in pressure, a decrease in flow rate,
and an increase in leakage size. The location of the leakage, how-
ever, had no effect on the amplitude of that drop but rather on
the shape of the signals measured.
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These observed patterns are sometimes subtle and can overlap.
The shape and rate of the observed strain drop, although tied to
pipe flow and leakage properties, will always have the same gen-
eral aspect. These variations can rarely be differentiated by simple
observations.

An SVM algorithm was used to implement multiclass classifica-
tion to learn the patterns from the data collected. Using various
sensor combinations, high accuracies were obtained, reaching
100% for leakage size classification, 95% for pressure classification,
88% for flow rate classification, and 72% for leakage location clas-
sification. Determining the size of the leakage resulted in the high-
est accuracy for the SVM classifiers, perhaps due to the fact that
leakage size changes the signal most noticeably and consistently.
SVM classifiers proved to be suitable for such applications, as they
were able to determine the interrogated properties with good
accuracy.

Based on the above results, FOS can be effectively used for the
operational assessment of pipeline conditions. With the help of
artificial intelligence, leakages can be localized, and a theoretical
assessment of the damage can be performed from the moment
the leak is detected.
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