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Ensemble-based machine learning approach for improved
leak detection in water mains
Thambirajah Ravichandran, Keyhan Gavahi,
Kumaraswamy Ponnambalam, Valentin Burtea and S. Jamshid Mousavi

ABSTRACT
This paper presents an acoustic leak detection system for distribution water mains using machine
learning methods. The problem is formulated as a binary classiﬁer to identify leak and no-leak cases
using acoustic signals. A supervised learning methodology has been employed using several
detection features extracted from acoustic signals, such as power spectral density and time-series
data. The training and validation data sets have been collected over several months from multiple
cities across North America. The proposed solution includes a multi-strategy ensemble learning
(MEL) using a gradient boosting tree (GBT) classiﬁcation model, which has performed better in
maximizing detection rate and minimizing false positives as compared with other classiﬁcation
models such as KNN, ANN, and rule-based techniques. Further improvements have been achieved
using a multitude of GBT classiﬁers combined in a parallel ensemble method called bagging
algorithm. The proposed MEL approach demonstrates a signiﬁcant improvement in performance,
resulting in a reduction of false positives reports by an order of magnitude.
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State-of-the-art machine learning (ML) algorithms are used for solving the leak detection
problem in water mains.
A large number of acoustic signals and data are collected and used along with dimensionality
reduction techniques as input features to ML algorithms.
A novel multi-strategy ensemble-based algorithm is applied to improve further the performance
of the investigated leak detection classiﬁcation problem.

INTRODUCTION
Safe drinking water is supplied to homes and businesses by

and Canada during the 2012–2018 period (Folkman ).

water mains laid down decades ago that are nearing end of

Even more concerning is that break rates of cast iron and

life. The break rate of water mains has increased by 27%

asbestos cement pipe, which make up 41% of the installed

from 11.0 to 14.0 breaks per 100 miles per year in the USA

water mains in these two countries, have increased by more
than 40% over the same period. It is estimated that water uti-

This is an Open Access article distributed under the terms of the Creative

lities lose 10% of clean water due to leakage (Folkman ).
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Out of sight, water leaks may go undetected for a long time

and redistribution for non-commercial purposes with no derivatives,
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supply water and the need to preserve an important natural

Another popular method to leak detection is the tracer

resource are pushing water utilities to invest in new methods

gas method. Pressurized non-toxic and insoluble gasses are

to detect, locate, and ﬁx leaks efﬁciently (Yang et al. ). To

infused into the water mains. If a pipe is leaking, the gas

improve operational efﬁciency utilities are now considering

will escape and it could be detected from above ground

automatic remote monitoring systems to obtain real-time

using speciﬁc detectors, identifying the location of the leak

information for large-scale water distribution networks,

(Hamilton & Charalambous ). This technique requires

which provide early detection and localization of leakage.

a human presence in the ﬁeld and the process is laborious.

Several technologies have been developed during the

Among the aforementioned methods, acoustic monitoring

past decade to address this issue. Some rely on hydraulic

devices are the most applied approach due to their accuracy,

measurements such as minimum night ﬂow (MNF) analysis

low cost, and easy to set up capabilities (El-Zahab & Zayed

and inverse transient analysis (ITA) (Liggett & Chen ),

). The technology relies on detecting acoustic signals gen-

others use acoustic devices (Hamilton & Charalambous

erated by the release of pressurized ﬂuids. Acoustic waves

), infrared thermography (Fahmy & Moselhi ),

propagate over long distances in water mains and could be

tracer gas (Hamilton & Charalambous ), ground-pene-

detected using vibration sensors, such as piezo-electric acceler-

trating radar (Eyuboglu et al. ), leak detecting robots,

ometers, or hydrophones. The typical sensor spacing ranges

and satellite imagery.

from 100 m to 1 km, depending on the speciﬁc attenuation

MNF analysis in district metered areas (DMAs) is the

of acoustic waves for the given pipe speciﬁcations (Gao

traditional approach to leak detection (AL-Washali et al.

et al. ; Perrier et al. ). Consequently, the sensors

). This method uses the input–output ﬂow balance

could be installed on accessible appurtenances, such as exist-

during night time to estimate water loss and the variance

ing hydrants or valves, providing a non-invasive and non-

of pressure and ﬂow readings as a measure of water

disruptive alternative to detect and locate leaks in buried

consumption. While it can detect ﬂow rates as small as

water mains. With this arrangement, acoustic leak detection

5 gal/min (Hamilton ), it is often difﬁcult to separate

systems can detect leaks of 5 gal/min or more, assuming a

real losses (leaks) from apparent losses caused by meter inac-

minimum pressure of 30 psi in the pipelines. It is not uncom-

curacy. Another limitation comes from the inability to locate

mon that leaks as small 1 gal/min could be discovered if they

the leaks. For these reasons, utilities apply DMA analysis as a

occur in the immediate proximity of the sensors.

survey for water loss, while they employ other technologies to

Many researchers have used acoustic signals as part of

locate and repair water mains defects. This process involves

their leak detection systems (Fuchs & Riehle ; Hunaidi

periodic inspections and costly manual work.

& Chu ; Khulief et al. ; Mostafapour & Davoudi

ITA was proposed by Liggett & Chen () for the task of

). The methods range from utilizing signal processing

leak detection and localization. The method relies on minimiz-

techniques to application of machine learning (ML) algor-

ing the error between pressure and ﬂow measurements and

ithms. Gao et al. () focused on plastic pipeline systems

their corresponding signals obtained through numerical simu-

and applied several signal processing techniques to improve

lations. The parameters of a given network are adjusted until

the shape of the cross-correlation function for leak detection

the best match is achieved. The difference between the refer-

using acoustic signals. Wu et al. () developed a novel

ence model and the resulting conﬁguration identiﬁes possible

denoising method by using acoustic signals sensed by a

defects in the pipe network. The numerical simulations require

dynamic pressure transducer (DPT), improving the robust-

signiﬁcant computational resources and the results depend on

ness and the stability of the detection system. Ting et al.

the accurate knowledge of the water network. This require-

() used dual-tree complex wavelet transform (DTCWT)

ment is a signiﬁcant obstacle in applying this method on a

to reduce the noise in the acoustic signals and improve the

large scale, because detailed and reliable information about

localization error. In this study, the acoustic signals will be

buried infrastructure is often difﬁcult to obtain. In short, ITA

processed using ML, which is capable of recognizing the

provides reliable results in a known network, but the process

inherent patterns from input–output data relationships

is computationally intensive and difﬁcult to scale.

rather than analytical analysis of true signals.
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As one of the effective means for tackling hydrosystems

with ANN and Random Forest methods. They also studied

management problems, ML techniques have recently

the beneﬁts of using hydraulic and spatial predictor variables

received notable attention (Maier & Dandy ; Han

(average pressure and pipe break density variables) to further

et al. ; Jung et al. ; Ebtehaj et al. ; Gavahi

increase the accuracy of time to failure prediction. Cody et al.

et al. , ; Tyralis et al. ; Alipour et al. ;

() used singular spectrum analysis (SSA) to extract leak

Jafarzadegan et al. ). This is due to their capability of

components from noisy measurements and showed that

mapping complex input/output relations that are often

SSA is efﬁciently capable of extracting hydro-acoustic signals.

hard to fathom or inconceivable by humans (Solomatine

They combined the SSA decomposition of leak-free data with

& Ostfeld ). Especially in pipe leak detection, ML tech-

an ensemble one-class SVM and demonstrated the effective-

niques can utilize network hydraulic and water-quality

ness of SSA in combination with an ML technique for leak

parameters for real-time pipelines monitoring (Cantos

detection in water pipeline systems. As an emerging type

et al. ). To provide some examples, artiﬁcial neural net-

on neural networks, convolutional neural networks (CNNs)

works (ANNs) have been extensively used for identifying

are recently being used due to their ability of automatic fea-

failure events or predicting failure patterns in pipe systems

ture extraction (Shen ). Chuang et al. () and Zhou

(Pudar & Liggett ; Mounce et al. , , ;

et al. () utilized CNN for pipe leak detection using the

Mounce & Machell ; Romano et al. , ).

images from the conversions of the reconstructed signals.

Mounce & Machell () trained two types of static and

Their result showed that CNNs are capable of leak detection

time delay ANN using data recorded in a real water distri-

and their corresponding location. These research studies

bution system. The result showed that the networks were

show the growing interest in using ML techniques for leak/

able to learn the leaks’ patterns and the time delay ANN out-

burst detection of pipelines at the district metered area.

performed the simple multilayer perceptron network. The

The focus of this work is to contribute to the development

support vector machine (SVM) method was used by

of an effective water pipe leak detection system using acoustic

Mashford et al. () to interpret batches of data collected

techniques and various ML methods. In particular, we pro-

from pressure sensors and ﬂow measuring devices to be

pose a multi-strategy ensemble learning (MEL) approach

able to predict location and size of the leaks in a water

(Webb & Zheng ) for the leak detection problem in

pipe network. Mamo et al. () developed a decision-

water mains. The leak detection is formulated as a binary

making framework based on multiclass SVM to capture

classiﬁcation problem to identify leak and no-leak cases

the presence of leaks in various sizes and locations. They

using acoustic signals. Detection features used in this binary

showed that their framework is successful in identifying

classiﬁer are extracted from power spectral density and time-

pipelines that required urgent action and can provide an

series reports collected over 3 months from several locations

early leak detection and monitoring model to the system

in the USA and Canada. Initially, three binary classiﬁers

operators and water utility companies. Romano et al. ()

have been considered, namely K-nearest neighbors (KNN),

utilized a combination of artiﬁcial intelligence (AI) and

ANN, and gradient boosting tree (GBT). Since the best per-

statistical analysis techniques and proposed an automated

formance has been obtained using GBT, several GBT

near-real-time methodology to detect events such as pipe

classiﬁers have been combined then using a parallel ensemble

bursts and abnormal pressure variations at the district

method called bagging algorithm (BA). The performance of

metered area level. The techniques included wavelets trans-

the proposed MEL algorithm for leak detection is evaluated

form for denoising ﬂow signals, ANN for short-term

in terms of sensitivity, speciﬁcity, and accuracy.

forecasting of ﬂow values, and Bayesian inference systems
for representing the probability of detected events and
alarm raising sensitivity. Snider & McBean () investi-

ACOUSTIC WATER PIPE LEAK DETECTION SYSTEM

gated a gradient boosting ML technique to improve the
accuracy of time to failure prediction for individual pipe seg-

The industrial partner of this research is Echologics, a div-

ments and demonstrated its better performance compared

ision of Mueller Water Products, a world leader in water
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technology. Echologics provides leak detection services

power but the source is not a leak, while the devices

using acoustic technology for water utilities in North Amer-

marked green are not detecting any change in acoustic

ica, Europe, and Asia. Echologics uses proprietary wireless

power.

sensors (EchoShore ®-DX) that are located inside ﬁre

When one sensor detects speciﬁc vibration patterns it

hydrants (see Figure 1) and are listening for suspicious

alerts a central hub, which then uses data from neighboring

noise originating from water mains.

sensors to classify the event and locate its source. This

Leakage events generate acoustic waves with speciﬁc

paper discusses supervised learning algorithms to solve

characteristics that propagate through the water mains and

this speciﬁc classiﬁcation problem. Detection features are

eventually reach the acoustic sensors.

extracted from acoustic reports collected from multiple
®

Figure 2 shows an example of EchoShore -DX deploy-

nodes over time. For adequate performance, the training

ment; the devices colored in red are excited by a nearby

data set must exceed 10,000 acoustic samples collected

leak, the devices colored in yellow detect elevated acoustic

from at least 100 distinct locations with different hydraulic
and acoustic characteristics to ensure sufﬁcient diversity in
the data set.
Each node collects acoustic samples each day using the
following process:

•

Acoustic signals are recorded during night time to mini-

•

The sensors record data using a statistical sampling

mize spurious ambient noise.
approach. Over 2 h, the sensors collect a total of 3 min
of acoustic signals sampled at different moments in
time, spread uniformly across the recording interval.

Figure 1

|

Acoustic leak detection system (EchoShore®-DX).

This approach prevents collecting all data during a loud

•
•
•

external event such as rain, wind, or trafﬁc.
The sound is recorded with a sampling rate of 4 kHz.
Power spectral density and time series of sound loudness
are computed.
Relevant detection features are extracted.
The detection features could be segmented into three

distinct classes, including (1) features obtained from the
variation of sound loudness in time, (2) features obtained
from the power spectral density of each sample, and (3) features obtained from the change in acoustic power.
The variation of loudness in time characterizes the
ambient noise recorded at a speciﬁc location. The sound
power is computed over each frame of 0.25 s resulting in
a time series of 720 data points (see Figure 3) for each
sample. A similar time series is produced using the instantaneous peak value for each frame. Statistical features are
extracted from these two time series to characterize the
Figure 2

|

Example of leak detection sensors deployed on a water pipe network. Please
refer to the online version of this paper to see this ﬁgure in color: https://doi.

acoustic context during a recording. The average power

org/10.2166/hydro.2021.093.

and the maximum instantaneous value for each frame k
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Power spectral density and long-term average spectrum.

data and its long-term average of the spectrum. The long-

Variation of acoustic power in time.

term average spectrum is computed using a recursive exponential ﬁlter with a time constant Tc.

of length N are, respectively, calculated as follows:

Pk ¼

X
1 kN1
x2
N i¼(k1)N i

(1)

SAVG ( f, t) ¼ SAVG ( f, t  1)
þ

and

1
(S( f, t)  SAVG ( f, t  1))
Tc

(4)

The third class of features is extracted from the change
between the recent spectrum and a long-term average. The

Mk ¼ max {jxi jj i ¼ (k  1)N . . . kN  1}

(2)

change features capture several aspects of change, such as
the maximum and average change in power spectral density,

where xi are the acoustic samples.

the variance of spectral change, the histogram of change

The power spectral density (spectrum) is estimated using
the Bartlett’s method of averaging periodograms. The periodogram is computed for each frame k of length N as the
absolute value of the Discrete Fourier Transform. The
power spectral density S( f ) for the frequency component f
is expressed as follows:

 n  
NF N1
X

j2πf
1 X

N 
S(f) ¼
xn  e

NF k¼1  n¼0


across frequency bins, and the frequency range with the
dominant change in power spectral density.
In total, 48 supervised features have been created from
the three classes of available information.
Leakage events have been automatically located by the
DX system using cross-correlation between acoustic signals
recorded by adjacent nodes.
Figure 5 shows an example of cross-correlation signal

(3)

used for leak location. The acoustic waves generated by
the leak propagate through the pipe system and eventually
reach the monitoring sensors. Depending on the distance

where ‘NF’ is the total number of frames. A Fast Fourier

between the source and each sensor, the acoustic waves

Transform algorithm is used to accelerate the computations.

will arrive at different times. Each sensor receives a similar

The reported spectrum is organized into 16 frequency bins

signal component originating from the same source. This

harmonically ranged between 0 and 2000 Hz. Figure 4

similarity produces a peak in the cross-correlation function,

shows an example of power spectral density (spectrum)

which indicates the time delay Δt between the received
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Cross-correlation function indicating the location of a leak.

signals. Using the speed of sound c, the distance between

parameters could not be measured accurately. The pipe

sensors L and the time delay Δt one can compute the

dimensions may vary within certain tolerances. A certain

location from one sensor L1:

variation of the elastic properties of pipe materials is
expected due to variations of the manufacturing process.

L1 ¼

L  cΔt
2

(5)

The propagation of acoustic waves in water pipes is governed by the same laws of physics that apply to any pressure
wave. Of particular interest is the propagation of the ﬂuidborne axisymmetric coupled mode which can travel long
distances in pressurized water mains (Muggleton et al.
). For this reason, this dictates the speed of sound in
water mains. The velocity of this particular pressure wave
could be modeled using the water-hammer equation:
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
K
u
u
u
ρ
c¼u
t
KD
1þα
Eh

Sometimes, the exact pipe speciﬁcations are not known
due to incomplete records. The bulk modulus of water
varies with temperature; a variable difﬁcult to measure as
it requires sensors placed in the water column. Given
these uncertainties the typical speed error is within 2%.
Assuming a maximum sensor spacing of 300 m, the
maximum location error caused by speed inaccuracy is
about 6 m.
Another source of error is the time synchronization
between sensors. The Echoshore DX system uses a GPS
time synchronization system with an accuracy of less than
500 μs. Consequently, the location error due to time inaccuracy is expected to be less than 1 m.

(6)

Each leakage event has been located using the crosscorrelation method. Then, each leak location was veriﬁed
on-site for accuracy.

where c represents the speed of sound in the pipe system, ρ
is the density of water, D is the inner diameter of the pipe, K
and E are the ﬂuid bulk modulus and Young’s modulus,
respectively, and h represents pipe thickness. α models the

MACHINE LEARNING BASED WATER PIPE LEAK
DETECTION CLASSIFIER DESIGN

pipe support (whether the pipe has expansion joints, or it
is axially constrained) (Wylie & Streeter ).

Leak detection in water mains is a classiﬁcation problem

For metallic pipes, the speed of sound ranges from 1,100

that can be solved by designing a binary classiﬁer to identify

to 1,350 m/s. The range of variation is further reduced

leak and no-leak cases using acoustic signals. The schematic

if the pipe speciﬁcation is known. Nevertheless, certain

for this binary classiﬁer-based water pipe leak detection
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system is given in Figure 6. The main components are the

a labeled data set (leak or not leak). The input consists of

acoustic signal data collection, the feature extraction

a set of features derived from physical principles. Popular

algorithm, and the binary classiﬁer. Having explained in

ML algorithms may include KNN, ANNs, decision trees,

detail in the ‘Acoustic water pipe leak detection system’ sec-

support vector machines, etc. By training multiple classiﬁ-

tion, the acoustic data collection from water mains and the

cation models, it is possible to develop an ensemble of

feature extraction procedure using signal processing algor-

diverse classiﬁers to boost performance. Random forests

ithms, this section provides details on the binary classiﬁer

and gradient boosting trees are prominent examples of this

design for detecting leaks in water mains.

type of ensemble learning algorithms. Finally, the Test

It is well known that the classiﬁcation problem is one

Model module is responsible for evaluating the performance

of the major tasks very effectively solved using ML tech-

of the trained classiﬁcation model on the testing data set

niques. Typically, a classiﬁer or classiﬁcation model for

using

a

procedure

known

as

cross-validation.

For

solving binary or multiclass classiﬁcation problems is

general classiﬁcation and regression problems, commonly

designed and developed using the general framework, as

used cross-validation procedures hold out cross-validation,

shown in Figure 6. In this framework, the ﬁrst step is to

K-fold cross-validation, and bootstrapping-based cross-

gather the larger and more diverse data sets that will be

validation.

divided into training and testing data sets and used later

In addition to overall classiﬁcation accuracy, the follow-

in the pipeline by the Train Model and Test Model mod-

ing performance measures are considered for effectively

ules, respectively. Next, the Design Features module is

evaluating classiﬁcation models: confusion matrix, pre-

responsible for extracting quality features from the raw

cision, recall or sensitivity, speciﬁcity, and the receiver

data which can be a very application-dependent and chal-

operating characteristic (ROC) curve and its area under

lenging task as described in the previous section, where

the curve (AUC) measure. The confusion matrix provides

good features are extracted from raw acoustic data. It is

a more effective means to evaluate the performance of a

also well understood that in order to develop a classiﬁer

classiﬁer. In a confusion matrix, a target class is represented

with high performance, it is crucial that we need to pro-

by a row, while each column represents a predicted class.

vide it well-designed features.

For a binary classiﬁer, the four entries of this confusion

Having extracted good features, the next step involves

matrix are true positive (TP: positive class correctly classi-

training a classiﬁcation model by selecting an appropriate

ﬁed) and false positive (FP: negative class wrongly

leaning algorithm for the problem at hand. ML algorithms

classiﬁed) given in the ﬁrst row followed by false negative

are broadly categorized into supervised, unsupervised,

(FN: positive class wrongly classiﬁed) and true negative

semi-supervised, and reinforcement learning types. In our

(TN: negative class correctly classiﬁed) given in the

speciﬁc case, the proposed learning model is supervised.

second row. Using these four entries of the confusion

The input and the output of the model are known. The

matrix, the other performance measures can be deﬁned as

output is the expected outcome of the model as deﬁned by

follows. The overall classiﬁcation accuracy is given by the

Figure 6

|

Leak detection system components.
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The GBT algorithm consists of three major components,

following ratio:

namely a set of weak learners, a loss function, and an addiaccuracy ¼

TP þ TN
TP þ FN þ FP þ TN

(7)

tive model which combines many weak learners into one
strong learner to provide the desired GBT classiﬁer.
Decision trees are usually selected as base learners for devel-

The accuracy of the positive predictions is given by the

oping the GBT classiﬁer. Decision trees are generated in

performance called the precision of the classiﬁer and is

greedy manner, choosing the best split points to minimize

given as follows:

the speciﬁed loss function. The base learners can be
chosen as short decision trees having a single split or they

TP
precision ¼
TP þ FP

(8)

For classiﬁcation, the GBT algorithm typically uses log-

The ratio of positive instances correctly identiﬁed by the
classiﬁer is known as the recall or sensitivity or true positive
rate (TPR) of the classiﬁer and is deﬁned as follows:

recall or sensitivity ¼

functions which are differentiable can be used as well.
This ﬂexibility of allowing any differentiable loss function
the need for deriving new boosting algorithm for each loss

TP
TP þ FN

(9)

function the user may want to specify, and this is a major
beneﬁt of the GBT algorithm.

classiﬁer is known as the speciﬁcity or true negative rate
(TNR) of the classiﬁer and is given as follows:
TP
TP þ FN

arithmic loss function, but many other standard loss

to be used within the gradient boosting framework avoids

The ratio of negative instances correctly identiﬁed by the

specificity ¼

can be large trees with maximum of up to 8 levels.

In gradient boosting, weak learners are added in
sequence one at a time using an additive model in which a
gradient descent strategy is employed to minimize the loss
function. In fact, gradient boosting algorithm casts the problem of combining weak learners into a strong learner

(10)

(ensemble model) as a sequential gradient descent optimization problem: at each iteration, after calculating the loss,

The ROC curve is a plot of TPR (or sensitivity or recall)

to perform the gradient descent procedure, a weak learner

versus 1 – speciﬁcity or false positive rate (FPR). The area

is added to the model that reduces the loss by parameteriz-

under the ROC curve is commonly used to compare classi-

ing the decision tree and modifying its parameters to move

ﬁers. This deﬁnition implies that better performing

in the gradient decent direction. Generally, this approach

classiﬁers have bigger areas under the ROC curve, and the

is called functional gradient descent or gradient descent

classiﬁers having their ROC curves closer to the upper left

with functions. The output for the new tree is then added

corner (corresponding to a TPR of one and an FPR of

to the output of the existing sequence of trees in an effort

zero) in the grid are preferred.

to correct or improve the ﬁnal output of the model. A
ﬁxed number of trees are added, or training stops once
loss reaches an acceptable level or no longer improves on

GBT classiﬁer

an external validation data set.

GBT classiﬁer is a powerful ML algorithm that employs a
sequential ensemble learning approach to convert multiple

MEL APPROACH

base classiﬁers also known as weak learners (typically
decision trees are used as base classiﬁers) into one strong

Ensemble learning is an aggregation of multiple learners

learner with improved classiﬁcation performance. In general,

(classiﬁcation or regression models) using some combi-

the GBT algorithm can be applied to perform classiﬁcation,

nation methods to form a strong learner (ensemble

regression, and feature ranking tasks (Hastie et al. ).

model). Unlike ordinary learning approaches, which try to
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construct a single model from training data, ensemble learn-

models should be as accurate as possible, and as diverse

ing methods try to construct multiple models to solve the

as possible.

same problem. Ensemble learning generally provides sol-

Depending on how the base learners are generated,

utions with improved accuracy and/or robustness in most

ensemble methods are divided into two types: sequential

applications due to the availability of accurate and diverse

ensemble methods and parallel ensemble methods. In

multiple models for combining them into a single solution.

sequential ensemble methods, base learners are generated

Well-known ensemble learning algorithms include stacking

sequentially and the above-described GBT algorithm is a

(Wolpert ; Breiman a), bagging (Breiman b),

good example of this type of sequential ensemble methods.

and boosting (Freund & Schapire ) algorithms.

In parallel ensemble methods, the base learners are gener-

Generally, ensemble learning is implemented in three
phases as shown in Figure 7, including (1) generation of

ated in parallel and some details on this type of ensemble
methods are given below.

base models, (2) selection of base models, and (3) aggregation of the selected base models using some combination

Parallel ensemble method

methods. In the ﬁrst phase, a pool of base models is generated, and the pool may consist of homogeneous base

The main motivation of parallel ensemble methods is to

models (same model types) or heterogeneous base models

exploit the independence between the base learners to

(mixture of different model types). Base learners are

improve the generalization performance of the ensemble

usually generated from training data by a base learning

model generated by combining the independent base lear-

algorithm such as decision trees, neural networks, or

ners. Well-known examples of this parallel ensemble

other methods. In the second phase, a subset of base

paradigm include bagging, pasting, and random forest

models is selected. Finally, a model is formed by aggregat-

methods. Popular mechanisms to generate diverse and inde-

ing the selected models using a combination method. The

pendent homogeneous base learners include data sample

generalization ability of an ensemble is often much stron-

manipulation and input feature manipulation methods. Bag-

ger than that of base learners. To get a ﬁnal model with

ging

improved generalization, it is essential that the base

manipulation approach for generating diverse and indepen-

and

pasting

methods

adopt

the

data

sample

dent base learners, and some more details on these two
parallel ensemble methods are given below.
For data sample manipulation, bagging employs the bootstrap sampling mechanism to generate different random data
subsets for training the base learners. In bootstrap sampling,
training data instances are generated by sampling with replacement, which means some original data instances appear
more than once while some other original data instances
are not included at all in the chosen training data set.
When this sampling is performed without replacement, the
resulting ensemble method is called pasting. Once all the
base learners are trained, for classiﬁcation task, bagging
and pasting methods typically adopt a voting strategy (also
known as majority voting) for combining the outputs of the
base learners. That is when provided with a new input data
instance, bagging/pasting collects the output labels of base
classiﬁers and then performs voting to decide the winner
label as the ﬁnal prediction. The pseudo-code of the bagFigure 7

|

Ensemble learning process.
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Pseudo-code of the bagging/pasting algorithm.

Typically, the computational cost of constructing an

CASE STUDY

ensemble of base learners is not much larger than creating
a single base learner. This is because typically we need to

The data set used in this study includes over 14,000 acoustic

generate multiple versions of the model for model selection

samples collected from more than 300 locations spread

when we want to construct a single model, and this is com-

across the USA and Canada. The acoustic sensors have

parable to generating base learners in ensemble learning,

been installed in distribution water networks on a variety

while the computational cost for combining base learners

of metallic pipes. A combination of cast iron and ductile

is often small.

iron pipes was selected for this study. Different pipe diam-

As noted above, parallel and sequential ensemble

eters, ranging from 6 to 12 in. have been included. The

methods are implemented by different mechanisms depend-

average static pressure varies among locations from 50 to

ing on how the base learners are generated. Therefore, it

120 psi. The operational data set includes 13,861 negative

might be possible to enhance performance by combining

samples and 54 leak cases observed over 3 months. The

these two ensemble-based methods. For example, bagging

observed ﬂow rates range from 5 gym to 50 gpm. Some

and AdaBoost algorithms as representatives of parallel and

leaks occurred directly on water mains, while others devel-

sequential methods exhibit the following different perform-

oped on service lines.

ances, respectively; AdaBoost is good at reducing both

One difﬁculty is related to the asymmetrical compo-

bias and variance, and bagging performs better in reducing

sition of the data set as it includes a relatively low sample

variance more effectively than AdaBoost (Bauer & Kohavi

count of positive events. Indeed, there are very few leaks

). Therefore, a model combining these methods may

occurring naturally in urban networks, so most of the

retain advantages of both (Webb & Zheng ), motivating

samples collected were non-leaks. To increase the number

researchers to investigate MEL approaches by combining

of leakage events, we resorted to simulations by creating

simple ensemble learning methods. We adopt in this study

artiﬁcial ﬂows on the network. With these controlled exper-

a MEL approach by combining multiple and diverse GBT

iments, we created a simulated data set of 240 samples,

classiﬁers (sequential ensembles) trained as base learners

consisting of 194 non-leaks and 46 simulated leaks.

using the bagging/pasting algorithm (parallel ensemble) as
shown in Figure 7.
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release of ﬂuid under pressure is expected to have similar

of missing a leak is set much higher than creating a false

characteristics to a leak as the physical phenomena are simi-

detection. Because of this, the classiﬁer was forced to

lar. While similar there are some notable differences: when

detect all the leakage events while accepting a larger

ﬂowing a hydrant, the ﬂuid is released in the atmosphere,

number of false positives. In fact, the performance of the

while in the case of a leak, the ﬂuid is released in the sur-

classiﬁers is compared on how many false alerts are gener-

rounding soil. The back pressure of the soil and the water

ated, while all the leakage events are classiﬁed correctly

saturation of the surrounding medium may affect the

and no leak goes undetected.

sound generated by the leak.
On the other hand, there are several similarities. The fre-

The two sets combined present 100 leaks and 14,055
negative events.

quency range is similar for both real and simulated events.
The lower frequency is dictated mainly by pipe speciﬁcation
and sensor technology. Accelerometers act as high-pass

RESULTS AND DISCUSSION

ﬁlters (Gao et al. ) for the low-frequency range. The
wavelength of the acoustic waves is related to the pipe

General results

diameter and material. Larger pipes propagate longer wavelengths, thus lower frequencies. The acoustic waves in

In order to demonstrate the performance of the proposed

plastic pipes have lower frequencies compared with metallic

ML based approach for the acoustic water pipe leak detec-

pipes (Muggleton et al. ). In general, the lower bound of

tion system for discriminating between leak and no-leak

the frequency range is below 200 Hz (Gao et al. ). High

cases effectively, in this subsection, classiﬁcation results

frequencies attenuate faster when the acoustic waves are

obtained using a simulated data set are presented. First, a

propagating through the pipe network. It means that there

simulated data set with 540 data samples (or instances)

is an upper bound of the frequency range given the pipe spe-

and 48 features as described in the ‘Acoustic water pipe

ciﬁcations and the distance from the source (Almeida et al.

leak detection system’ section is used for designing different

; Perrier et al. ). To ensure the diversity of the train-

classiﬁers, namely KNN, ANN, and GBT. In this data set,

ing set, the simulated events have been placed at various

446 data instances (83%) are in the Leak class and 94

distances from the sensors. The distances from the leak to

data instances (17%) are in the No-Leak class.

the sensors varies between 50 and 500 ft. The real leakage
events occurred within 100–350 ft from adjacent sensors.
Another similarity is that both acoustic sources are
broadband, exciting a wide range of frequencies.

Given this data set with 540 data samples, it is necessary
to reduce the dimensionality of the input features at least
in the case of ANN classiﬁer design without overﬁtting.
For this purpose, a well-known dimensionality reduction

It is also remarkable that the acoustic characteristics of

technique called principal component analysis (PCA)

leaks could vary signiﬁcantly among cases including both

algorithm was employed. PCA algorithm projects the given

real and simulated events. Difference in pressure, soil, pipe

data onto a lower-dimensional hyperplane while maintain-

material, and pipe conﬁguration can affect signiﬁcantly the

ing the variance within the data as much as possible.

sound measured by the sensors. The spectrum of leakage

Using the PCA algorithm, the ﬁrst eleven principal com-

events is not ﬂat; the variation is caused by sound reﬂections

ponents are found to be explaining 90.21% of the variance

from appurtenances and water network topology.

within the above data set with 540 data samples. Therefore,

The simulated leaks preserve the characteristics listed

the ﬁrst 11 principal components are selected as input fea-

above. For these reasons, this approach was considered

tures that can be used to design KNN and ANN classiﬁers

suitable to increase the sample size for classiﬁer training.

for detecting water pipe leaks. To illustrate the discrimina-

At the same time, speciﬁc differences have been con-

tive power of the reduced number of features obtained

sidered. The classiﬁer was trained using a combination of

using the PCA algorithm, the scattered plot of leak and

simulated sources and real events. Another constraint

no-leak cases from the above data set is shown in Figure 9

was applied to the cost function of the classiﬁer: the cost

using the ﬁrst two principal components.
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number was changed in order to have different randomly
selected training and test sets. Table 1 compares the classiﬁcation performance values (averaged over multiple runs) on
the test data set for the above-mentioned classiﬁers.
Table 1 presents the average performance results along
with their spread values (given within brackets) obtained
from 20 repeated runs of each model using a bootstrap strategy. The ANN classiﬁer shows an improvement of 5.1, 5.3
and 2.6% over the KNN classiﬁer in terms of average classiﬁcation accuracies for leak, non-leak, and the overall cases,
respectively. However, considering the spread values given
in Table 1, the difference in performance values between
KNN and ANN classiﬁers is not very signiﬁcant. The GBT
classiﬁer illustrates a further improvement of 7.8, 21, and
Figure 9

|

Scattered plot of leak and no-leak cases from the simulated data using the ﬁrst
two principal components.

12.2% over the ANN classiﬁer in terms of average classiﬁcation accuracies for leak, non-leak, and overall cases,
respectively. The GBT classiﬁer shows a reduction of 45.2

As baseline classiﬁers based on the simulated data set,

and 40% in average False Positive Rate compared with the

KNN and feedforward ANN classiﬁers were designed

KNN and ANN classiﬁers, respectively. The comparison

using the ﬁrst 11 principal components as input features.

results shown in Table 1 clearly demonstrate the superiority

For the KNN classiﬁer, K was chosen as 5, and a single

of the GBT classiﬁer in detecting leak and no-leak cases

hidden layer with 15 neurons was selected as the architec-

accurately.

ture for the ANN classiﬁer.

A particularity of the leak detection classiﬁcation problem

A GBT classiﬁer was also designed using all 48 features

is that high sensitivity is easier to achieve than high speciﬁcity

extracted as explained in the ‘Acoustic water pipe leak detec-

and precision. The leak detection network is designed in such

tion system’ section. For this GBT classiﬁer, the maximum

a way that the sound generated by potential leaks has a high

number of trees and the maximum tree depth were chosen

probability of exciting the sensors. The sensor placement

as 300 and 3, respectively. A greater number of trees allows

takes into account the statistics of acoustic power generated

better learning capability for the GBT classiﬁer; however, it

by leakage events and the attenuation of acoustic waves in

can also lead to slowing down of the training process as

water pipes. Thus, sensitivity depends greatly on the quality

well as resulting in an overﬁtting situation. The tree depth

of the hardware and system conﬁguration. A system able to

represents how deep each tree can be built, and the deeper

detect changes in sound power originated from leaks for the

the tree, more information about the data can be captured

majority of cases has a relatively high sensitivity (Equation

by the GBT classiﬁer. Higher depth values will also lead to

(8)). The no-leak cases are more difﬁcult to classify as the

overﬁtting of the data by the classiﬁer. Therefore, it is important to choose these hyper-parameters of the GBT classiﬁer
appropriately either by some trial and error experiments or

Table 1

|

Classiﬁcation performance (averaged over multiple runs) on test data for KNN,
ANN, and GBT classiﬁers

using a parameter sweep procedure. For developing the
above classiﬁers, the simulated data set were randomly
divided into 75% for the training set and the remaining
25% for the testing set. After that, the non-leaks points (the
minority class) in the training set were randomly oversampled. Then, the classiﬁers were trained and validated by
performing multiple runs, and during each run, the seed
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ANN-PCA

GBT using all
features

Accuracy

KNN-PCA

Overall

81.2% (2.35%) 83.3% (1.08%) 93.5% (0.97%)

Leaks

85.2% (2.69%) 89.5% (1.24%) 96.5% (0.98%)

No-Leaks

62.4% (3.36%) 65.7% (2.76%) 79.4% (1.16%)

False Positive Rate 37.6% (2.97%) 34.3% (2.54%) 20.6% (1.68%)
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Classiﬁcation performance (averaged over multiple runs) on test data for GBT

This is reﬂected in Table 1 by the higher classiﬁcation rate
Accuracy

GBT using all

GBT using top

Bagging on GBT

features

30 features

using top 30 features

Overall

93.5%

93.8%

95.6%

no-leak classiﬁcation accuracies further. As discussed

Leaks

96.5%

96.5%

97.5%

before, the GBT classiﬁer is well known for its capability

No-Leaks

79.4%

81.0%

86.2%

to perform ranking of inputs or features based on their

False Positive Rate 21.6%

19.0%

13.8%

The proposed MEL approach is aimed at improving the

23.2

classiﬁer

such as trafﬁc, wind, rain, or other ambient noise sources.
for leaks (over 85%) and lower ﬁgures for no-leaks.

|

relative importance. Typically, in ML applications, rarely
all the input or feature variables play equal to inﬂuence on
the output response. It is often useful to know the relative

In order to demonstrate the performance improvement

importance of each feature variable in predicting the

achievable with the MEL approach for discriminating

output response, and this knowledge is provided by

between leak and no-leak cases effectively, a parallel ensem-

the GBT classiﬁer. In order to exploit this capability for fea-

ble method is employed to combine multiple GBT classiﬁers

ture ranking, the relative importance of the 48 acoustic

trained as base learners (using a sequential ensemble

features (as extracted in the ‘Acoustic water pipe leak detec-

method) using the above-mentioned simulated data set.

tion system’ section) of the simulated data as shown in

Here, the parallel ensemble method is implemented using

Figure 10 is utilized to select most relevant features for

the bagging/pasting scheme which employs an out-of-bag

designing the GBT classiﬁer with better generalization per-

evaluation method along with a majority voting technique

formance. Table 2 shows the performance comparison in

to implement the MEL approach. During the phase of gen-

terms of classiﬁcation accuracy (averaged over multiple

erating base learners, the data set is randomly divided

runs) between the GBT classiﬁers designed with all 48 fea-

using a 75–25% split into a training set and a testing set

tures and the most relevant 30 features. For both of these

which are also called out-of-bag instances (in the case of

GBT classiﬁers, the maximum number of trees and the maxi-

bootstrapping-based data split). It should be noted that

mum tree depth were chosen as 300 and 3, respectively.

these out-of-bag instances are not the same for all base learners. When multiple runs are used to generate base learners,
where during each run a base learner is generated, a given
data instance is not seen by on average about 37% of the
base learners. Therefore, for each data instance, around
37% of the base learners can take part during the majority
voting process. Using this scheme of out-bag-evaluation
with majority voting, the proposed multi-strategy ensemble
classiﬁer was developed using the GBT classiﬁers with top
30 features as base learners. The resulting classiﬁcation performance values are compared in Table 2 against those
obtained with the base learners.
The comparison results shown in Table 2 clearly illustrate the advantage using the proposed MEL approach
which employs the bagging method to combine multiple
and diverse GBT classiﬁers to further improve the classiﬁcation accuracy for no-leak cases. Reducing the number of
features from 48 to 30 shows statistically similar performance, but a signiﬁcant reduction in classiﬁer complexity.

Figure 10

|

Relative importance of the acoustic features for the simulated data.

Downloaded from http://iwaponline.com/jh/article-pdf/23/2/307/859146/jh0230307.pdf
by guest

Thus, the ensemble method used the same reduced feature

320

T. Ravichandran et al.

|

Ensemble learning for leak detection in water mains

Journal of Hydroinformatics

|

23.2

|

2021

set. The ensemble classiﬁer implemented using the bagging

testing data instances were chosen from 90% of the node

method shows an improvement of 8.6 and 6.4% in terms

segments. During these training and testing data splits, all

of no-leak classiﬁcation accuracy over the GBT classiﬁers

the data instances from any given node are kept in either

using 48 and 30 features, respectively. Compared with the

training or testing data set but not in both. As before, the

base GBT classiﬁer, the ensemble bagging method shows a

leak points (the minority class) in the training set were ran-

reduction of 27.4% in False Positive Rate. These improve-

domly oversampled.

ments were due to the unique aspect of the bagging

Using the above-mentioned combined data set, multiple

method in utilizing the diversity of multiple GBT classiﬁers

GBT classiﬁers were trained as base learners (based on a

to improve the classiﬁcation performance over individual

sequential ensemble method) using 48 features along with

base learners.

the maximum number of trees and the maximum tree depth,
chosen as 300 and 3, respectively. Then, a parallel ensemble

Further results on the multi-strategy ensemble

method was employed to combine these multiple base lear-

classiﬁer

ners. As done before, the parallel ensemble method is
implemented using the bagging/pasting scheme which

In order to further demonstrate the effectiveness of the

employs an out-of-bag evaluation method along with a

MEL approach for the acoustic water pipe leak detection

majority voting technique to implement the proposed MEL

system for discriminating between leak and no-leak cases,

approach. Using this scheme of out-bag-evaluation with

classiﬁcation results obtained using two different ﬁeld

majority voting, the proposed multi-strategy ensemble classiﬁer

data sets combined are presented. First, a simulated

was developed using the GBT classiﬁers as base learners.

data set with 240 data instances (collected from 23

During the phase of generating base learners, multiple

node segments) along with 48 features as described in

runs were performed by changing the seed number to have

the ‘Acoustic water pipe leak detection system’ section

a different random data set during each run. Testing was per-

is considered for designing base learners (GBT classi-

formed using 1,000 runs with 30% of randomly selected data

ﬁers). In this simulated data set, 46 data instances

samples from each class. This design strategy ensures that

(from 10 node segments) are in the Leak class and 194

the resulting classiﬁer is general and does not over-ﬁt to a

data instances (from 23 node segments) are in the No-

particular data set.

Leak class. Second, a real-ﬁeld operation data set with

The ‘best’ single GBT classiﬁer is found to yield the fol-

13,915 data instances (collected from 302 node segments)

lowing performance: Overall accuracy: 99.28%, Sensitivity:

along with 48 features is considered for designing base

100%, Speciﬁcity: 99.27%, and False Positive Rate of 0.73%.

learners (GBT classiﬁers). In this ﬁeld data set, 54 data

To build the ensemble learner, we selected 25 ‘top’ per-

instances (from 6 node segments) are in the Leak class

forming GBT classiﬁers. Diversity was also considered, by

and 13,861 data instances (from 302 node segments)

ensuring that the outputs of these classiﬁers were uncorre-

are in the No-Leak class. These two data sets were com-

lated. Based on the combined all data instances, the

bined to develop the proposed multi-strategy ensemble

ensemble classiﬁer provides the following classiﬁcation per-

classiﬁer using the following data split for training and

formance: Overall accuracy: 99.84%, Sensitivity: 100%,

testing sets.

Speciﬁcity: 99.84% and False Positive Rate of 0.16%.

For the Leak class from both data sets, data instances

The overall accuracy is relatively high in all cases due

from 70% of the node segments were considered for the

to a large imbalance in the labeled data set: the vast

training data set, and the testing data instances were

majority of samples are no-leak cases (14,055) and only

chosen from 30% of the node segments. For the No-Leak

100 samples are leaks. Most no-leak cases are quiet and

class from the simulated data set, the same 70–30% data

do not generate a change in acoustic power; these no-

split was considered. However, for the No-Leak class from

leak cases can be easily classiﬁed with simple detection

the ﬁeld data set, data instances from 10% of the node seg-

rules by monitoring changes in acoustic power. This classi-

ments were considered for the training data set, and the

ﬁcation was provided directly as the output of the current
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CONCLUSIONS

this ‘rule-based’ detection is presented as a baseline for
comparison.

In this paper, a MEL approach was presented as an effective

All classiﬁers have been tuned to achieve a Sensitivity of

solution for the development of an improved water pipe leak

100%, which ensures that all leak events are detected. Thus,

detection system using acoustic techniques. The leak detec-

the classiﬁers are compared in terms of Speciﬁcity and False

tion was formulated as a binary classiﬁcation problem to

Positive Rate.

identify leak and no-leak cases using acoustic signals. Detec-

The confusion matrices for the ‘rule-based’ classiﬁer, the

tion features used in this binary classiﬁer were extracted

‘best’ single GBT classiﬁer, and the ensemble classiﬁer are

from power spectral density and time-series reports col-

given below, and the classiﬁcation performances for these

lected over 3 months from multiple cities across North

three classiﬁers are compared in Table 3.

America. In total, 48 acoustic features were created from
three classes of available information for the development
of binary classiﬁers to detect leaks in water mains. To
demonstrate the performance of the proposed ML based
approach for discriminating between leak and no-leak
cases effectively, a simulated data set with 540 data samples
and 48 features were used for designing different classiﬁers
such as KNN, ANN, and GBT. PCA was used for dimension-

The comparison results shown in Table 3 are directly

ality reduction before training KNN and ANN classiﬁers.

calculated from the above confusion matrices. Overall, the

Results indicated GBTs performed better than KNN and

results demonstrate the advantage of the ensemble classiﬁer

ANN in maximizing detection and minimizing false

over the single GBT classiﬁer. Both ML classiﬁers perform

positives.

better than the ‘rule-based’ solution. The ensemble classiﬁer

To further demonstrate the effectiveness of the proposed

shows a reduction of 90.5 and 78.1% in False Positive Rate

MEL approach, classiﬁcation results were obtained using

compared with the ‘rule-based’ and the ‘best’ single GBT

two different ﬁeld data sets combined. To implement the

classiﬁers, respectively. The above confusion matrices and

proposed MEL method, several GBT classiﬁers were com-

the results in Table 3 show that the MEL method shows sig-

bined using a parallel ensemble method also known as the

niﬁcant improvement by reducing the False Positives by an

BA. It was demonstrated that performance and robustness

order of magnitude (from 238 to 23) while correctly identify-

enhancements were possible by adopting the proposed

ing all leakage events (100% Sensitivity). These results also

MEL approach beneﬁting from the BA. The binary classiﬁer

demonstrate that performance and robustness enhance-

designed using the MEL method showed signiﬁcant

ments are possible for the design of a leak detection

improvement. It reduced the number of False Positives by

system for water mains by adopting this proposed MEL

an order of magnitude (from 238 to 23), and all leakage

method.

events

were

correctly

identiﬁed.

These

performance

improvements were due to the unique aspect of the MEL
method to combine the individual strengths of sequential
Table 3

|

Classiﬁcation performance on test data for multi-strategy ensemble classiﬁer

Accuracy

Rule-based

‘Best’ classiﬁer

Ensemble classiﬁer

Overall

98.32%

99.28%

99.84%

Leaks

100%

100%

100%

No-Leaks

98.31%

99.27%

99.84%

False Positive Rate

1.69%

0.73%

0.16%
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and parallel ensemble methods in achieving both the bias
reduction and variance reduction simultaneously.
A reduction in false positive events has signiﬁcant operational implications for water utilities by reducing the cost
to investigate these events. For future work, it is possible
to utilize a model-based leak detection and isolation
system using hydraulic simulation models to generate
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training data for building a more diverse ensemble of multiple classiﬁers and improve further the performance of
the proposed approach.
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