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Abstract. A system based on Artiﬁcial Neural Networks (ANN ) is proposed to detect and diagnose multiple leaks in a pipeline leaks by recognizing the pattern of the ﬂow using only two measurements. A nonlinear
mathematical model of the pipeline is exploited for training, testing and
validating the ANN -based system. This system was trained with tapped
delays in order to include the system dynamics. Early results demonstrate the eﬀectiveness of the approach in the detection and diagnosis of
simultaneous multiple faults.
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1

Introduction

Distribution of ﬂuids in pipelines must occur under safe and trustable conditions,
because damages may be caused by environmental and weather conditions, as
well as aging or pressure changes. Pipelines are design to support impacts or
internal over pressure, but occasionally pressure surges may lead to line breaks
and leaks. In some cases, pipelines are underground or in the sea depths. And
to complicate the scenario even more, normally the ﬂuids in transport do not
operate under steady state conditions, which makes more diﬃcult to perform a
fault inspection. Additionally, small leaks are harder to detect, because they are
a consequence of corrosion and aging in the pipeline.
There are three approaches for leak isolation have been proposed (internal,
external and hybrid). The ﬁrst approach (internal) is based on physical models, such as, mass and volume balance, pressure analysis and real-time dynamic
models. The second approach (external) is implemented using hardware, such as,
sensors with impedance or capacitance changes, optic ﬁber, gas sniﬃng, acoustic sensors, ground analysis or infrared image. And the third approach is hybrid
methods, which are a mixture between internal and external approaches, for
example: acoustic and pressure analysis with mass and volume balance.
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Leak isolation is still aﬀected by expensive, noisy and vague instrumentation,
uncertainties of the analytical model, and the relation between the operating
point and leaks magnitude. A practical requirement for an automatic supervision
system must be to detect the precise leak location as soon as possible and with
a minimal amount of instrumentation.
In [1] several technologies to solve leak location applying automatic leak ﬁnders in pipelines where ﬂow and pressure head instrumentation can be implemented only in their extremes is developed. In [3], a bank of observers with
ﬁxed leak positions satisfy the leak isolation and detection only if the pipeline is
divided in three sections and two leaks are induced. The approach presented in
[4] is the design of a parametric model in steady state which reduces the search
interval. Although, these methods assure leak detection and diagnosis, they require intense mathematical formulation and a wide knowledge of the process. By
this, there is a special interest in the application of Artiﬁcial Neural Networks
(ANN ) for solving fault diagnosis problems because of their classiﬁcation and
function approximation capabilities. ANN approach is convenient when an analytical model is diﬃcult to obtain. In addition, ANN are highly robust to noisy
inputs and to missing or new input data. Additionally, because of its parallel
structure, ANN -based systems can be implemented for real time applications.
Recently, ANN -based approaches have taken special attention. In [2], two
ANN cascade architecture were proposed, demonstrating that it is possible to
detect leaks in pipeline. This work did not consider transient response when leaks
occur. [6] demonstrated that using a neural-fuzzy system in a water distribution
system makes possible to detect and classify faults in pipelines. A drawback
of this approach is that multiple meters and gauges are needed in order to
obtain the required information. Also, [5] used a fuzzy classiﬁer to detect leaks
in pipelines; this method used the transient response of the ﬂuid in the pipeline,
which requires very precise and continuous measurements. Finally, [10] compared
several approaches for this application versus ANN -based systems.
This paper presents a method for detecting and isolating leaks in a pipeline.
This method uses an ANN -based approach that recognizes the ﬂow pattern
using only two measurements. A mathematical model was proposed based on
experimental data1 .
The paper is organized as follows. In Section 2 the pipeline model is described.
Section 3 presents the proposed scheme. In section 4 the testing procedure that
validates the approach and results are shown. And ﬁnally, Section 5 concludes
the paper.

2

Pipeline Model with Leaks

In [7],[8], [9] and [11] the following mathematical model was introduced. The
model was also validated with experimental data. The dynamic of the ﬂuid
through the pipeline is given by:
1
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(1)

where H is the pressure head (m), Q is the ﬂow (m3 /s), z is the length coordinate (m), t is the time coordinate (s), g is the acceleration of the gravity
(m2 /s), A is the cross-section area (m2 ), D is the pipeline diameter (m), b is the
speed of sound (m/s), and μ = f /2DA where f is the Darcy-Weissbach friction
coeﬃcient.

A leak in point zl will cause a discontinuity in equations (1) Q|zl = λi H|zl
where λi > 0 is a function of the oriﬁce area and discharge coeﬃcient [12].
Because of this, a pipeline with n − 1 leaks will be described by n pairs of
diﬀerential equations, similar to equations (1) with a frontier condition between
each pipeline segment given by:
Qb |zl = Qa |zl + Q|zl

(2)

where Qb |zl and Qa |zl are the ﬂows before and after the leak. Having a pipeline
of length L and assuming that the leaks are equally distributed along the space
z, which can be divided in n segments of length Δz = L/n. It is possible to
approximate the partial derivatives of the pressure and ﬂow with respect to the
spatial variable z as follows:
∂H ∼ Hi+1 − Hi
=
∂z
Δz

∂Q ∼ Qi − Qi−1
=
∂z
Δz

(3)

where, the index i is associated with the variables at the beginning of the section
i, and the frontier condition for each section is described by:
Qi+1 = λi


Hi+1

(4)

Knowing that the frontier conditions are characterized by the pressure Hri and
Hro , at the beginning and the end of the pipeline, and substituting equations (3)
in equations (1), the model could be described as a set of n coupled nonlinear
equations given by:
∂Qi
= a1 (Hi − Hi+1 ) − μ|Qi |Qi
∂t


∂Hi
= a2 (Qi−1 − Qi ) − (λi−1 Hi )uti (5)
∂t

with H1 = Hri and Hn+1 = Hro as system inputs, and parametric constants
a1 = gπr2 n/L and a2 = b2 L/gπr2 n with n = 4, uti = u(t − ti ) is the unit step
function associated with the occurrence time ti of the leak i.
If leaks are not equally distributed, Δz is not constant and parameters a1 and
a2 are function of the distance between leaks. For this study case, H1 and H5 are
constant pressures heads at the input and output of the pipeline, while ﬂows Q1 ,
and Q4 are the measurable ﬂows at the extremes of the pipeline. For this study,
only three leaks were considered each one at the frontier condition, Fig. 1.
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Fig. 1. Pipeline discrete model [10]

3

Proposed Scheme

Fig. 2 shows the implemented scheme. The scheme consists of an ANN that
detects the leak and its location in the pipeline. Tapped delays signal from Q1
(ﬂow measurement at the inlet) and Q4 (ﬂow measurement at the outlet) were
introduced as inputs of the ANN in order to include the system dynamics. The
above resulted as an improvement of the ANN performance.
Many ANN conﬁgurations were tested. All of them were feed-forward multilayer architecture. The classical back-propagation algorithm was used for the
learning step. The basic diﬀerences in each ANN conﬁguration were the number
of neurons and layers; however, the number of delays in the input signals took
the highest impact in the results. The input layer neurons use a tan-sigmoid
activation function and the output layer neurons use a log-sigmoid function.
The leak detector is mainly based on the ANN performance. The ANN uses
only the inlet/outlet ﬂow measurements. The detector system identiﬁes the possible pipeline operating states. And based on the state, the leak can be detected.
The ANN output will generate a leak signature according to Table 1, and it
will be translated into an operating state by the state codiﬁer. This codiﬁer is
based on simple logic rules, which will assign a state due to the outputs generated
by the ANN.
The number of operating states that the codiﬁer can estimate is given by the
number of sections in which the pipeline is segmented. For this case, the pipeline
was split in three segments; therefore, there are eight operating states, Table 1.
Table 1. Operating states of the pipeline
State Activated Leaks
1
No leaks
2
1
3
2
4
3

f1
0
1
0
0

f2
0
0
1
0

f3 State Activated Leaks
0
5
1 and 2
0
6
1 and 3
0
7
2 and 3
1
8
1, 2 and 3

f1
1
1
0
1

f2
1
0
1
1

f3
0
1
1
1
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Fig. 2. Detection and diagnosis scheme

It is important to notice that the outputs of the ANN are activated by a
hyperbolic tangent function; this means that the output can take a value between
0 and 1. A binary fault signature is needed, therefore a ﬁlter is included.
After estimating the operating state, the segment or segments of the pipeline
in which the fault occurs are found. The accuracy of this approach will depend
on the number of segments used in the pipeline.
The ANN was trained with information about all possible leaks. All the possible state transitions are included in the training step based on a Markov chain
simulation. The input data for the training step were the inlet/outlet ﬂows and
their delays; the output data was the leak signature. It is important to mention,
that a better ANN training is possible if variations in the discharge coeﬃcients
are introduced in the generation of the training data set.

4

Results

The proposal approach was validated with 4 tests. Test-1 was the introduction of
never seen-before data to the ANN. Test-2 consisted in adding noise (N ) to the
ﬂow signals. Test-3 corresponds of two experiments for testing the robustness.
First, the nominal pressure was changed from H1 = 11 m and H5 = 5 m to H1 =
14 m and H5 = 8 m; second, the input data was generated with variations in the
value of the discharge coeﬃcients (λ). Finally, in Test-4 the ANN was re-trained
with a training data set that includes variations in the discharge coeﬃcient.
The performance index corresponds to the error generated between the real
states of the pipeline (multiple possible scenarios generated by the simulator)
and the estimated states computed by the ANN.
Fig. 3 displays three plots, all of them represent the activation of leak 1. Top
plot correspond to the real operating states, middle plot shows the estimated
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Fig. 3. Outputs from the ANN. Real state of pipeline; ANN output; ﬁltered ANN
output.

states, and the bottom plot represent the ﬁltered states. This last signal plot is
the one entering to the state codiﬁer; and in combination with the other two
leak signals the operating state of the pipeline is determined.
Fig. 4 shows the operating states estimations. This results proof that the proposal approach gives acceptable predictions of the real conditions in the pipeline.
Table 2 summaries the results. This table shows the error in the training
process, and then the ANN conﬁguration in each experiment depends on the ﬂow
signal delays. As it can be seen, in Test-2 two diﬀerent noise levels are added,
0.01% and 0.015%. As shown in the Table, the ANN that considers more delays
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Fig. 4. State Estimation by the System. Real state of pipeline; ANN prediction.
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Table 2. Summary of the results obtained after the experimentation
ANN

Error

AN N1 0.00218
AN N2 4.9 × 10−8
AN N3 4.4 × 10−8

Network
Test 1
Test 2
Test 3
Test 4
Architecture
N = 0.01% N = 0.015% Set point λ(%)
2-10-10-3
1.37%
1.37%
3.39%
27 4.53%
4-4-4-3
0.4%
3.8%
6.39%
3.79% 3.09
6-6-6-3
0.0001%
0.8%
2.4%
1.4% 12.7 6.13%

a better performance. As expected, having more information about the dynamic
behaviour helps the ANN to recognize the pattern, even with a noisy signal.
In Test-3, two validation experiments were conducted; ﬁrst the head pressures
were modiﬁed (set point), and second the size of the leaks were changed. These
modiﬁcations impact directly the transient response of the ﬂow (a new pattern
is generated), as it can be seen in Table 2; even though, the performance of the
ANN was acceptable.
The diagnosis error index (wrong estimated states/ total real states) was used
as a main indicator of the performance of each ANN. It is important to notice
that AN N2 and AN N3 used as inputs tapped delays. AN N2 used one delay,
while AN N3 used 2 delays for each input signal.
[2] proposed a similar scheme for leak detection. In that research multiple
sensors information was used in order to detect one and two leaks. In the present
work similar results were obtained using only 2 measurements: inlet and outlet
ﬂow signals. The utilization of delayed signal allowed the algorithm to learn from
the transient response, and therefore it was not necessary to use information of
intermediate points in the pipeline.
It is important to mention that using this model allows the simulator to
divide the pipeline in many segments. If there exist more segments, more data
and operating states will be created as a consequence and therefore the accuracy
of the leak location will be improved.

5

Conclusions

The main contribution of this work is that proves to be possible to estimate
the location of the leak or leaks by only measuring the inlet and outlet ﬂow,
disregarding the pressure measurements and the size of the leak needed in [2],
this can be observed in Fig. 3, and in Table 2, in which the AN N errors are
0.00218, 4.9×10−8 and 4.4×10−8 for the AN N1 , AN N2 and AN N3 , respectively.
Using tapped delays as inputs of the network demonstrated to improve the
ANN estimations, because the network is capable of learning the ﬂow’s dynamic
behavior. And this dynamic makes possible to identify the pattern and the different transitions between the operational states. In addition, it can be seen how
the ANN using tapped delays has a smaller detection error, and also are more
eﬃcient in computer cost; require less training time and achieve a better training
error value. Also, it is important to notice that the AN N2 and AN N3 were more
sensitive to the discharge coeﬃcients variation, due to the fact that they learn
the transient response of the ﬂuid dynamic (Table 2).
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The training data set in which the network is trained is decisive. In order to
generate a robust network, choosing a set that includes as many operational scenarios as possible is necessary. Therefore an acceptable detection scheme would
be created. This can be observed in test 4, in which a better design set of training
data were introduced to the networks.
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