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Data-Driven Application of MEMS-based Accelerometers
for Leak Detection in Water Distribution Networks

Abstract

Water scarcity is a global concern; 68 countries are facing extremely-high to medium-high risk of water
stress. In this era of crisis, where water conservation is an absolute necessity, the water distribution
networks (WDNs) globally are experiencing significant leaks. These leaks cause tremendous financial
loss and unacceptable environmental hazards, thus further aggravating the water scarcity situation. To
minimize such damage, the adoption of advanced technologies and methodologies for leak detection in
the WDN:Ss is absolutely necessary. In this regard, we have investigated the application of cost-effective
MEMS-based accelerometers. Experiments were conducted on real networks (metal and non-metal
pipes), over the course of ten months, and the acquired acceleration signals were analyzed using a
monitoring algorithm. Monitoring index efficiencies and standard deviations for every leak and no-leak
case was extracted. Two individual [KNN and Decision Tree] and two ensembles [Random Forest and
Adaboost (Decision Tree)] based machine learning models were developed for the accurate
classification of the leak and no-leak cases using extracted features; and separate models were
developed for metal and non-metal pipes. Random Forest outperformed the other machine learning
models and the overall accuracy reached 100% for metal pipes and 94.93% for non-metal pipes. The
machine learning models were further validated using unseen/unlabeled cases and were highly effective
in detecting leaks. This study demonstrated the applicability of MEMS-based accelerometers for leak
detection and established real network-based machine learning models thereby contributing to the

research scarcity in this important area.
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1. Introduction
Recent statistics show that around 27% of the global population has been living in water-scarce areas since
the mid-2010 with a predicted escalation to more than 42% in 2050 (UN-WWAP 2018). Additionally,
around 50% of the world’s population inhabits areas that suffer from water scarcity at least one month a
year (Boretti and Rosa 2019). To alleviate the severity of this situation, it is necessary to improve the
network capacity and financial operations of existing water distribution networks (WDNs) through effective
water management strategies, such as the minimization of non-revenue water (NRW) (El-Zahab and Zayed
2019). USEPA (2010) reported that NRW typically exceeds 30% in most WDNs, and the percentage can
even be as high as 50% in older networks (Kanakoudis and Muhammetoglu, 2014). The main sources of
NRW include illegal connections, ineffective metering, and leaks (Tariq et al. 2020). However, leaks
usually constitute the largest portion; sometimes reaching 70% of the total NRW (Van Zyl and Clayton,

2007), thus, reduction of pipeline leaks alone can effectively enhance the WDN capacity (Hu et al. 2021).

In Hong Kong, freshwater and seawater are distributed through a pipe network of over 8600 kilometers.
About half of the pipes were laid around 40 years ago as a part of major urban and town development at
that time (Yue and Tang 2011). Subsequent deterioration of the pipes due to aging has resulted in the loss
of water through leaks which was estimated at 25% in 2000 in government-operated water mains (Wong
2018). Consequently, the Water Supply Department (WSD) launched an extensive rehabilitation and
replacement scheme the same year to improve water conservation in Hong Kong (Yue and Tang 2011).
Following the scheme, water loss through leaks was reduced substantially to 15% in 2017, however,
significant improvement is still required as 8,512 leaks were reported in 2017 (WSD 2020). In monetary
terms, this enormous scale of financial loss from water leaks is costing Hong Kong US$173 million
annually (Gupta 2017). Therefore, the Hong Kong government is urgently looking into enhancing its

existing leak detection approaches to curtail the damage.

Vibro-acoustic technologies based on piezoelectric transducers are the most commonly used leak detection

approach in Hong Kong as in other parts of the world (Bakhtawar and Zayed 2021). However, piezoelectric



70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

technology-based leak detection has certain limitations that make these devices less suitable for a congested
city urban landscape like Hong Kong (Tarig et al. 2020; Hamilton and Charalambous 2013). These

limitations are listed as follows.

e Plastic pipes make up around 35% of the total network in Hong Kong; noise loggers and other
piezoelectric transducers are not-so-effective for plastic pipes due to the attenuation of the sound
signals and frequently leads to false alarms. Other than the type of pipe material, the efficiency of
these technologies greatly varies with pipe diameter and the surrounding environment. In terms of
research, the scale of experimentations using noise loggers and piezoelectric accelerometers is
typically carried out on the lab and test rig scale, with little validation over real networks, thus,
failing to significantly improve the current situation.

e Hydrophones are inconvenient to deploy although effective for plastic pipes.

e The initial cost of deployment for both noise loggers and hydrophones is high.

To overcome these challenges, non-invasive technologies such as using accelerometers can prove helpful.
Accelerometers are vibration-based sensors which are easy to deploy and produce high-frequency signals
with fewer distortions as compared to other sensors like geophones, hydrophones, and pressure sensors
(Almeida et al., 2015; Brennan et al., 2019). In addition, all these prevalent technologies rely on experts
who have to make regular visits for data collection and can only detect leaks effectively over a short distance
(Ismail et al., 2019). These limitations make long-term and long-range leak detection tedious. Technologies

based on Micro-Electro-Magnetic-Sensors can be of great potential to circumvent such limitations.

MEMS-based accelerometers can be more effective for leak detection, combining the benefits of both
MEMS and accelerometers for real networks. They offer a three-dimensional sensitivity, better accuracy,
affordability, and the option to transmit data wirelessly, proving more desirable for Hong Kong conditions
as compared to many other sensing options (Tariq et al., 2020). MEMS accelerometers can provide
significant power and communication savings as compared to other piezoelectric transducers. However,

challenges related to time synchronization, long-time communication, and implementation for real pipe
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networks are frequently cited (Shinozuka et al., 2010). Additionally, there is limited work available on
modeling approaches effective for vibration/acceleration data collected through MEMS-based
accelerometers. For example, Shinozuka et al. (2010) used a Pipe TECT wireless sensing system based on
MEMS accelerometers and employed frequency domain analysis for detecting water leaks. El-Zahab et al.
(2018) employed statistical modeling approaches coupled with the monitoring index methodology
developed by Martini et al. (2017). However, current studies are not insightful for the purpose of
experimentation on real-life networks and real leaks. Thus, to explore the accuracy and efficiency of such
methods, the current study uses MEMS-based accelerometers for real water networks. The current
objectives of the research are three-fold: 1) investigating the capability of cost-effective MEMS-based
accelerometers in detecting leaks in the WDN; 2) developing the leak thresholds using a monitoring index-
based algorithm to identify the leak and no-leak cases in real networks; and 3) establishing accurate machine

learning-based leak detection models, thus minimizing the handling of false alarms.

2. Literature Review
Accelerometers are versatile and sensitive sensors used for acceleration measurements. These small-sized
devices are non-destructive, easy to deploy, and convenient to use for efficient leak detection in water
pipelines. Pipe vibrations caused by leaks have higher acceleration values on the surface as compared to
other vibration sources. Based on this principle, accelerometers can detect the constant difference between
acceleration values over time so as to differentiate between leak and no-leak situations (Marmarokopos et
al., 2018). Various studies have demonstrated the use of accelerometers for detecting water leaks. For
example, Hunaidi and Chu (1999) and Gao et al. (2005) investigated the application of piezoelectric
accelerometers in small diameter metal and plastic pipes. Martini et al. (2015) developed an algorithm
enabling early detection of burst leaks in service pipes. The algorithm was expressed as a ‘monitoring index’

developed using the standard deviations of the leak signals expressed in Equation 1.

N
1
Ml = NZ(%) (D)
k=1
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where g; ;. is the kth element of the vector including the N lowest standard deviation values of the jth
dataset. Using threshold values, the algorithm serves as a useful tool for the characterization of acceleration
data in the leak and no-leak cases. Martini et al. (2017) further compared two mono-axial piezoelectric
accelerometers measuring radial and axial accelerations, respectively, with a hydrophone. Small diameter
plastic pipes were used for the experimentation under different scenarios to check the performance of the
sensors. It was found that the radial accelerometer covered a much narrow frequency bandwidth as
compared to the axial accelerometer and the hydrophone. Thus, it is only effective for leak detection over
short distances. Both the accelerometers failed to detect distant leaks, even after pre-filtering the data, as a
result of the signal attenuation in the plastic pipes. Marmarokopos et al. (2018) also supported this finding
by showing the applicability of accelerometers for detecting near-distant leaks in plastic pipes. Their study
used a high signal-to-noise ratio piezoelectric accelerometer in a laboratory setting and analyzed the signals
in both time and frequency domains. El-Zahab et al. (2016) demonstrated the same algorithm as Martini et
al. (2015) on a lab scale using a more sensitive type of accelerometer based on micro-electro-mechanical-
system (MEMS) technology. The experiments were performed on both metal and plastic pipes. This study
established the accuracy of MEMS accelerometers by varying the distance between leak and
accelerometers. Encouraged by the results, EI-Zahab et al. (2018) further designed machine learning-based

models which provided highly accurate results on lab-scale experiments.

Among the more recent studies, Ismail et al. (2019) compared different vibration sensors on the basis of
their sensitivity, accuracy, power consumption, and cost. The study conducted testbed experimentation
which indicated the superiority of tri-axial accelerometers for plastic pipes over other sensors. Okosun et
al. (2019) used a highly sensitive piezoelectric sensor, integrated with an amplifier to ensure a low signal-
to-noise ratio over a wide frequency range. Their sensor system showed the viability for long-term leak
detection in plastic pipes. Kampelopoulos et al. (2020a) used adaptive filtering to reduce noise and

established thresholds for leak detection parameters such as kurtosis, correlation, power spectral density,
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and energy. Their system showed particular efficiency in detecting high power leaks up to a distance of

75m.

However, existing studies have some major shortcomings. Firstly, the scale of experiments and the
implications of their findings to real networks are limited. Most of the studies use laboratory and testbed
settings with artificially simulated leaks to study different parameters that impact on the leak problem in
water pipes. For example, Zahab et al. (2016) used a lab setup with simulated leaks to study the effect of
pipe material and diameter on the leakage. EI-Zahab et al. (2018) used a similar setup to test one leak at a
time where the leaks were simulated using valve openings, and claimed high accuracy for the tested
algorithms in their ability to detect leaks. Although such studies demonstrate the possible ability of
accelerometers to detect leaks in a water distribution system, however, in real pipe networks, there may be
more than one leak and their locations are not so obvious to predict in the system. Additionally, the nature
of the acceleration data collected under real conditions is expected to be very different because of ambient
noise impacts. For the case of accelerometers, the ambient noise effect can be a big problem resulting in
high pre-processing efforts. It should be noted that noise signals may not follow the assumptions stated in
most correlation models while predicting leaks. In such situations, false alarms pose a threat and may result

in high repair costs.

Secondly, the pipe geometries used in the reported experiments are also relatively simple. Most of the
experiments used a straight pipe or a pipe with bends to demonstrate the leak problem (Martini et al., 2015;
Mostafapour & Davoudi, 2013). However, the real pipe networks in urban environments are not represented
by such simplifications. There is also limited information available about the underground conditions and
records available concerning repairs and pipe replacements so it is difficult to assess the leak environment
accurately. The leak experimentation for real networks is also hindered by site condition factors e-g the
shape or size of the valve may not be suitable for accelerometer deployments or the site may be difficult to
access. It is also possible that there may not be any consecutive valves available to carry out cross-

correlation studies. The dynamics of leak detection in real water distribution networks are, therefore, much
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more complex as compared to controlled experiments. In the context of this discussion and the highlighted
limitations, it becomes necessary to demonstrate accelerometer technology in real water networks. Our
current research, thus, uses MEMS-based accelerometers for leak detection experimentation on real
networks in Hong Kong WDNs. The demonstrated analyses method extends the MI methodology
developed by Martini et al. (2015) on rich real leak and no leak data. MI-based leak thresholds on real leaks
are also suggested. Using statistical rationalization and initial inferences, useful inferences about the leak
and no leak classification of the data are suggested. Further, machine learning-based classification models
are developed and demonstrated for more efficient and accurate leak detection helping decision-makers in

timely repairs and pipe rehabilitation planning.

3. Research Methodology
The overall research approach for our study, illustrated in Figure 1, consisted of four distinct phases: 1)
research background and conceptualization, 2) data collection on real networks, 3) data analysis, and 4)
development of machine learning models. The first phase dealt with (a) leak problem identification in Hong
Kong, (b) literature review of accelerometers-based studies, algorithms for handling acceleration signals,
and machine learning-based classification techniques, and (c) finalization of the research methods. The
second phase lasted over ten months and acceleration signals for both leak and no-leak cases from different
pipe types and materials were collected. The third phase occurred in parallel to the second phase. In this
phase, we (a) examined the collected acceleration signals, (b) analyzed the collected acceleration signals
and developed leak thresholds using a monitoring indexed-based algorithm, and (c) provided the necessary
monitoring index efficiencies (leak thresholds) and standard deviations which were used to develop
machine learning models in the fourth phase. Performance measurement and validation of the developed
models were also conducted in the fourth phase. For developing machine learning models, both individual
and ensemble methods were applied. Among the individual methods, Decision Trees and K-Nearest

Neighbor (KNN) were applied due to their ability to effectively handle numerical data. Among the



192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209
210

211

212

213

214

215

ensemble methods, 1) Random Forest which is an ensemble of Decision Tree, and 2) Adaboost to boost

Decision Tree were used.

[Insert Figure 1]

4. Leak Thresholds: Procedures and Development

4.1. Data acquisition system

A MEMS accelerometers-based high time-synchronized data acquisition system from the German brand
‘Beanair’ was used for experiments on real networks. The complete system comprised five triple-axis
accelerometers (model AX3D with a sensitivity of £2g), a gateway, a beanscape software (data acquisition
software), and a laptop (for storing data and visualizing signals). The gateway had to be connected to the
laptop using an Ethernet cable whereas the accelerometers transferred signals through the gateway
wirelessly. The maximum sampling rate of the accelerometers with all three-axis in use was 1,000
samples/second and with one-axis in use was 3,000 samples/second, respectively. However, on-site
preliminary investigations revealed that only measurements taken along the radial sensing successfully
detected leaks. The measurements along the axial directions in real networks are often impractical as
accelerometers are placed on valves not the actual pipes. Therefore, this study only used the radial sensing
direction for signals collection with a sampling rate of 3,000 samples/second in the streaming mode. The

complete MEMS-based data acquisition system is showed in Figure 2.

[Insert Figure 2]

4.2. Experimental design and protocols

A rigorous experimental campaign was designed to collect acceleration signals, from pipes of all sizes and
materials, across various sections of the WDN in Hong Kong. The objective was to collect signals for both
leak and no-leak cases to establish leak thresholds. Therefore, signals were collected at the time of leakage
and after repair. However, it was necessary to establish leak thresholds before starting experiments for

collecting leak signals; no-leak signals during normal network operations confirmed as no-leak sites by the
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Hong Kong Water Supply Department (WSD) in advance, were collected for several hours (multiple mid-
nights), and analyzed using a monitoring algorithm (details are given later). Signals collected after repair

added an additional layer of confirmation for the leak thresholds.

The procedures for taking measurements at the leak site in collaboration with the WSD and a local
contractor were as follows: 1) the WSD received alarms of a potential leak and informed the local contractor
of the site location; 2) our research team along with the local contractor visited the site the same day at
midnight. Mid-night was selected to keep night flow at a minimum and reduce background noise from

traffic and other sources.
4.3. Data collection

The experiments were conducted over the course of ten months from October 1%, 2020 to July 31%, 2021.
At any particular potential leak location, the accelerometers were placed on the available gate valves or fire
hydrants near the leak location. The actual placement of accelerometers in the field is shown in Figure 3.
The duration of signal collection varied from 300 seconds to several thousand seconds depending upon the
number of site locations to be covered each night, the distance between different site locations, and the site
conditions. A snapshot of the acceleration signal is given in Figure 4. Besides signals, notes were taken
regarding 1) the distance between the potential leak and the accelerometer, 2) the distance between
accelerometers if more than one accelerometer was used, and 3) any nearby noise-generating sources. Later,
the leak/no-leak status was confirmed with the WSD. If the WSD stated that it was a false alarm, the case
was closed and signals were stored as no-leak signals. If the WSD confirmed it as a true leak, our research
team and the local contractor again visited the site at midnight on the same day of repair and again collected
the signals. Following the above-mentioned protocols, leak and no-leak signals of 993 cases in total from
75 different sites in Hong Kong were collected. The collection of signals from such a large number of sites
at different locations brought representativeness of the whole WDN as most of the boundary conditions and

functional characteristics of the distribution system were taken into account.
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[Insert Figure 3]
[Insert Figure 4]

4.4. Signal processing

Our study used a standard deviation-based monitoring algorithm developed by Martini et al. (2017) for
signal processing and the development of leak thresholds. The main advantages of this algorithm include
1) its suitability for raw signals derived from accelerometers; 2) no additional requirement of any signal
pre-processing; and 3) proven effectiveness both in lab-based and field-based experiments. El-Zahab et al.
(2018) used this algorithm to differentiate between leak and no-leak states employing lab-scale
experiments, whereas Martini et al. (2017) found its efficacy in real networks for above-ground service
connection pipes. However, none of the studies tested the practicality of this algorithm for underground
pipes. Our preliminary studies in the Hong Kong water supply network, before designing the actual
experiments, confirmed the applicability of this algorithm for underground pipes. This utility was further
confirmed by the local contractor, who has been involved in the leak detection process for over 20 years in
Hong Kong. Throughout the course of our study, the standard deviation-based monitoring algorithm has
been found to be extremely effective in detecting leaks, even more than all the other traditional feature-
based algorithms (tested in our study) which required extensive signals pre-processing. The mathematical

approach behind the algorithm can be summarized in the following steps:

1) Acceleration readings per second (g) were collected as mentioned in the previous sections;

2) Every 100 seconds, the standard deviations of the g readings were computed. For example, for an
hour-long (3600 seconds) reading, 36 standard deviations were computed (Figure 5);

3) To establish the leak thresholds, only a subset of the 10 lowest standard deviations of no-leak
signals were used for each mid-night in equation 2.

MI; = mean (0},10) ............(2)
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The selection of the subset helped to minimize perturbations caused by external sources. The lowest
leak threshold was named as the monitoring index (M1,). Monitoring indexes were established for
different pipe types and diameters as given in Table 1.

4) Since the presence of a leak in a pipe causes the M1; values to increase and the comparison of such
values with M1, can be used for providing a warning about the leak. Therefore, the monitoring
index efficiencies M1 of each pipe type were established using equation (3) which provided a clear

indication of a leak in case the value was exceeded.

MI;

4 - (3)

Mlg, =—.........
Ex MIO

5) In case of a leak, the MI; values were computed and compared with the M1 values for specific
pipe types. Typically, the MI; values of the leaked pipes exceeded the M1, values of non-leaked

pipes (Figure 6 for example).

[Insert Figure 5]
[Insert Table 1]
[Insert Figure 6]

5. Development of Leak Detection Model

Leak detection in WDNSs is a binary classification problem that can be solved by applying machine learning
algorithms to accurately recognize leak and no-leak states using acceleration signals/data (Ravichandran et
al. 2021). The main component typically include 1) collection of acceleration data from lab or field-based
experiments (field-based in our case); 2) feature extraction using a signal processing algorithm; 3) the
development of machine learning algorithms-based leak detection models using extracted features; and 4)
application of machine learning models to reach a binary decision on leak or no-leak classification on the
a) testing dataset; and b) validation dataset. It is now a widely accepted fact that machine learning is an

effective approach in dealing with binary classification problems (Ravichandran et al. 2021). A simple
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schematic diagram representing the general framework of such a binary classification process is given in

Figure 7, explained as follows.

[Insert Figure 7]

As per this framework, firstly, a large set of diverse data is collected. This data are then divided
into modeling and validation datasets. Likewise, the acceleration data in our case was divided into
modeling and validation datasets. The validation dataset was separated randomly before the
application of machine learning whereas the modeling dataset was divided into training and testing
datasets using the ratio of 80/20 (i.e. 80% of the data was used for training the models and 20%
was used for testing the models).

In the second step, the data was used to extract quality features that are very crucial for the
performance of machine learning models. These features vary with the type of application and
without extracting good features, the development of accurate machine learning models is not
possible. In our case, the signal processing algorithm was used to extract the useful M1 values for
developing the high-performance machine learning models.

In the third step, machine learning models were developed using different machine learning
algorithms. The choice of machine learning algorithms is again application dependent and depends
on factors including training data size, output accuracy, speed of training time, data structure,
number of features, trial and error, etc. Machine learning can be supervised, unsupervised, and
reinforcement type. In our case, supervised machine learning was used. Machine learning models
were developed using KNN, Decision Tree, Random Forest, and Adaboost algorithms. The process
involved training the models using the training dataset. This process was repeated for each machine
learning algorithm.

In the fourth step, the performance of the trained machine learning models was evaluated on the
testing data and the average AUROC (area under receiver operating curve) was derived for each

model. However, AUROC might be misleading for an imbalanced dataset (Wang et al. 2021), so
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other performance measures including class precision, class recall, and F1 scores were computed
for the testing dataset. Finally, the performance of the trained machine learning models were
compared on the testing dataset and the best models were selected. The best-performing models

were then applied to the validation dataset.

The overall procedure of developing machine learning models for our study is illustrated in Figure 8.

[Insert Figure 8]

5.1. Input data for machine learning models

The input of the model was 1) MI; values acquired through the signal processing algorithm for each leak
and no-leak cases in the modeling dataset, and 2) standard deviations of g (acceleration) values of the same
cases. Other combinations such as M1 values and the averages of the g values; M1 values alone; standard
deviations of the g values alone, etc. were also attempted as inputs but didn’t provide desired results. An
open data science software RapidMiner, specially designed for developing predictive models using machine
learning, was used in our study. Out of the total of 993 cases, 816 cases (166 leak and 650 no-leak cases)
were used in the modeling dataset while the remaining 177 cases were separated randomly before applying
the machine learning algorithms to be used as the validation set. The dataset comprised cases from 1) metal
pipes including stainless steel (SS), galvanized iron (GI), cast iron (CI), and ductile iron (DI); and 2) non-
metal pipes included polyethylene (PE), Un-plasticized poly-vinyl chloride (UPVC). Pipe diameters ranged

from 50mm to 300mm.

5.2. Input data pre-processing

Input data pre-processing was carried out to understand the data before applying machine learning
algorithms. Since most machine learning models work on the balanced class principle, an imbalanced
dataset should be preprocessed for reliable classification (Choi et al. 2020). Imbalanced datasets are
typically challenging for almost all machine learning algorithms as they tend to neglect minority cases.
Therefore, the imbalanced data should be resampled to produce a class-balanced dataset.
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In binary classification problems, a balanced dataset can be achieved through under-sampling and
oversampling (Wang et al. 2021). Under-sampling balances the dataset by deleting the majority of
observations arbitrarily. However, under-sampling suffers from the risk of discarding useful cases, thus,
deteriorating the majority class distribution. Oversampling doesn’t suffer from such risks as oversampling
increases the minority observations. The synthetic minority oversampling technique (SMOTE) is the most
representative example of oversampling which generates artificial minority cases by interpolating existing
minority cases (Wang et al. 2021; Choi et al. 2020). Since SMOTE can effectively overcome overfitting to
large extent, this technique was applied to the modeling dataset to address the class imbalance problem.
The leak cases were segregated from the modeling dataset and duplicated to attain the same number of leak
and no-leak cases. Data balancing was only conducted on the modeling dataset; the validation dataset was

still imbalanced.

5.3. Performance evaluation of machine learning models

For binary classification, the performance of machine learning models can be evaluated using statistics
derived from the confusion matrix. This matrix basically provides information about the predicted and
target classes by a machine learning algorithm and contains four entries, as depicted in Figure 9, where true
positive (TP) represents the number of positive cases identified correctly; true negative (TN) represents the
number of negative cases identified correctly; false positive (FP) represents the number of negative cases
incorrectly identified as positives; and false-negative (FN) represents the number of positive cases
incorrectly identified as negatives. From these statistics, the ROC curve can be plotted considering two
metrics simultaneously, namely true positive rate (TPR) and false-positive rate (FPR). TPR, as given in
equation 4, is the ratio of the number of positive cases identified correctly to the number of true positive
cases, whereas FPR, as given in equation 5, is the ratio of the number of negative cases identified as positive
cases to the number of true negative cases. AUROC indicates the models’ capability to successfully

differentiate between positive and negative cases. AUROC ranges from 0 to 1; the higher the AUROC the
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better the performance of the model (Wang et al. 2021) and a value lower than 0.7 is considered poor (Choi

et al. 2020). The overall accuracy of the model is defined in equation 6.

TP
TPR= ———— e . (4)
TP + FN
FPR = — 5
=sp ()
TP +TN

- (6
aceUracy = b Y FN + FP + TN (6)

[Insert Figure 9]

However, AUROC is not sufficiently sensitive for an imbalanced set, therefore, class precision, class recall,
and F1 scores were computed to evaluate the classification performance. Class recall, as given in equation
7, is basically the same as TPR. Class precision, as given in equation 8, is the ratio of the number of correctly

identified positive cases to the total number of positive cases.

TP
classrecall =TPR = TPFEN ™ 7

TP

class precision TP + FP

-(8)

The F1 score, ranging from 0 to 1, provides a harmonic mean between class precision and recall. The higher
the F1 score, the better the performance of the model. This score provides information about the model’s
preciseness (i.e. how many cases are classified accurately) and robustness (i.e. how many hard-to-classify
cases are missed) (Kampelopoulos et al. 2020b; Mishra 2018). The formula for calculating the F1 score is

given in equation (9).

1

classrecall =2 X 1 1 N )

— +
class precision ' class recall
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5.4. Model implementation and performance

The application of machine learning models for leak and no leak classification in water distribution
networks (WDN) is relatively new. Therefore, a thorough literature review of studies involving similar
applications was conducted for the selection of appropriate algorithms. For example, Fan et al. (2021) used
a hypothetical EPANET hydraulic model to mimic real WDN conditions and used an artificial neural
network (ANN) to train and test the model. At the DMA level, Cantos et al. (2020) developed similar leak
detection ANN and support vector machine (SVM) models based on hydraulic data. Guo et al. (2021)
presented another classification model focusing on efficient leakage detection under noisy conditions. The
study found the time-frequency convolutional neural network (CNN) performed more accurately under
different signal-to-noise (SNR) conditions as compared to other machine learning models. El-Zahab et al.
(2018) used Decision Tree, SVM, and Naive Bayes to develop leak detection models using acceleration
data from the lab-based experiments. Ravichandran et al. (2021) used ensemble-based algorithms and
established machine learning models for leak detection using acoustic data from WDNs in North American
Cities. They further compared the performance of machine learning models with K-nearest Neighbor
(KNN) and ANN. Due to the scarcity of the relevant work published in the literature on leak detection using
machine learning modeling in real WDNSs, it is useful to learn from other similar applications of supervised
learning. Machine learning models for leak detection in gas pipelines offer an interesting reference point.
Kim et al. (2021) recently presented a deep learning-based model for leak localization and leak size
estimation in subsea gas pipelines. da Cruz et al. (2020) used acoustic data for developing an ensemble-
based leak detection model for low-pressure gas pipelines. Likewise, Ramotsoela et al. (2019) used two
machine learning-based models based on SVM and decision trees for leak detection in noisy industrial
conditions. They found SVM to perform better in noisy conditions. Apart from gas pipelines, supervised
learning has also been employed in condition assessment and failure prediction of sewer pipelines. Moradi

et al. (2019) elaborated on the use of several machine learning and deep learning-based models for the
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purpose, especially CNN, for sewer defect classification, defect detection, and classification. However,

training of CNN-based models is expensive.

The literature review provided ample insights into various requirements of implementing machine learning
algorithms for real WDNSs. For example, ANN and ensembles work well on large data and are not-so-
sensitive to outliers (Kayaalp et al. 2017; Kutylowska 2015). KNN and SVM are less prone to overfitting,
however, KNN is computationally more efficient (Ayadi et al. 2020; Kang et al. 2017). Decision Tree
provides an easy interpretation of results through visualization (Winkler et al. 2018). Besides, all these
above-mentioned algorithms are stable and robust (Alobaidi et al. 2019). Our study applied all these
algorithms to check their viability in real WDNs and made a comparison of the results to establish the best
models. Since signal attenuation is higher in non-metal pipes than metal pipes, therefore, it was appropriate
to develop separate metal and non-metal-based models. For the sake of the development of accurate models
and provide a suitable comparison, the algorithms that didn’t achieve good accuracy for both metal and
non-metal pipes were dropped for further analysis. For example, ANN and SVM didn’t achieve acceptable
accuracy for both metal and non-metal pipes whereas Naive Bayes failed to achieve acceptable accuracy
for non-metal pipes. Therefore, Decision Tree, KNN, and two Ensemble algorithms (Random Forest and
Adaboost) based machine learning were implemented and compared. The best performing models can be
used standalone for leak detection or can be used in a voting system i.e. a case will be declared as a leak if
the majority of algorithms predict the case as a leak. 8:2 training and the testing datasets were used for each
model and parameters for machine learning algorithms were kept the same for both metal and non-metal-

based models.

5.4.1. Decision Tree

Decision Tree is one of the most widely used supervised learning-based algorithms. It gives a flow-chart-
like structure with internal nodes, branches, and leaves (terminal nodes), where each internal node
represents a test on the attribute, each branch donates the test outcome, and each leaf provides the class

label. The main advantage of a decision tree lies in its easy interpretability through a visual flowchart and
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requires little effort for data preparation. However, decision trees tend to overfit the data (EI-Zahab et al.

2018; Hamoud et al. 2018; Sharma and Kumar 2016).

The parameters for Decision Tree were set as follows: Criterion = gain_ratio; maximal depth = 10; apply
pruning = yes; confidence = 0.1; minimal gain = 0.01; minimal leaf size = 2; minimal size for split = 4;
number of pre-pruning alternatives = 3. The results for Decision Tree models for both non-metal and metal-
based pipes are given in Tables 2 and 3, respectively. The Decision Tree approach showed a very high
accuracy of 99.18% for metal pipes and didn’t miss a single leak, and its class recall for leaks reached
100%. However, the Decision Tree model for non-metals pipe showed a relatively low accuracy of 84.78%

and missed 14 leaks, therefore, the class recall is on the lower side at 79.71%.

To check the quality of retrieved data per class, class precisions were computed. The class precision for no-
leak data is higher in the case of the non-metal-based model but was the same for the metal-based model.
F1 scores almost reaching 1.00 show the robustness of the metal-based model. Figure 10 shows the Decision

Tree model for metal and non-metal pipes.

[Insert Table 2]
[Insert Table 3]
[Insert Figure 10]
5.4.2. K-Nearest Neighbour

KNN predicts the category of new data, on the basis of similarities with K training data which are nearest
to new data (Quy et al. 2019; Soldevila et al. 2017). Afterward, KNN places the new data in the category
with the highest probability. KNN is typically very effective for large datasets and provides good results
even for small datasets if the data is noise-free and labeled, however, finding the K number that provides
the highest accuracy can be complex and time-consuming (Fereidooni et al. 2021; Ravichandran et al.

2021).

The parameters for KNN models were set as follows: K = 5; weighted vote = yes; measure types = mixed

measures; mixed measures = mixed Euclidean distance. The results for KNN models for metal and non-
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metal pipes are given in Tables 2 and 3, respectively. The accuracy of the metal-based KNN model was
exactly 96.72%% and the model classified both leak (except 1) and no-leak cases (except 3) precisely. For
the non-metal-based model, the accuracy of the model was 89.86%. KNN, however, missed 8 leaks, and
therefore its class recall 88.41%. The quality of retrieved data per class was similar in the case of no-leak
and leak cases as depicted from class precisions of the non-metal-based model. In terms of F1 scores, the

model showed similar performance for both leak and no-leak cases.

5.4.3. Ensembles

Ensemble modeling is the process of generating diverse models and using their combinations to predict the
outcomes (Rayaroth and Sivaradje 2019; Kayaalp et al. 2019). Ensembles techniques are typically deployed
to boost performance or reduce the likelihood of errors from one single model (Ravichandran et al. 2021;
Shirzad and Safari 2019). Our study adopted two popular ensemble learning algorithms: Random Forest
and Adaboost. Random Forest relies on multiple decision trees, built from the sub-set of the dataset.
Random forest takes votes on predictions from each tree and based on the majority votes predicts the final
outcome (Shirzad and Safari 2019; Butterfield et al. 2018). The parameters for Random Forest were set as
follows: Number of trees = 100; criterion = gain ratio; maximal depth = 10; apply pruning = no; random
splits = no; guess subset ratio = yes; voting strategy = confidence vote. Adaboost, on the other hand, assists
in combining weak classifiers into one single strong classifier, by putting more weight on the cases that are
difficult to handle than on the cases which are already handled well (Desarda 2019). Our study attempted
Adaboost using Decision Tree as a weak classifier following the suggestion of Thongkam et al. (2008) and
Kim and Upnega (2014). The parameters for Adaboost (Decision Tree) were set as follows: Iterations = 10;
Criterion = gain_ratio; maximal depth = 10; apply pruning = yes; confidence = 0.1; minimal gain = 0.01,;

minimal leaf size = 2; minimal size for split = 4; number of pre-pruning alternatives = 3.

Both ensemble models, Random Forest and Adaboost (Decision Tree) increased the accuracy of individual
Decision Tree models for non-metal pipes. The accuracy of Random Forest and Adaboost (Decision Tree)

came out to be 94.93% and 94.20%, respectively. However, Random Forest increased the class recall to
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91.30% and the model only missed 6 leaks. Adaboost (Decision Tree), on the other hand, missed 10 leaks.
Therefore, its class recall for leaks was 85.51%. As a matter of fact, KNN missed a fewer number of leaks
than Adaboost and its class recall is higher at 88.41%. In order to check the overfitting, F1 scores were
computed which also showed extremely good results. Again, Random Forest showed better results in F1

matric among all the models.

For metal-based pipes, both machine learning ensemble models performed remarkably well. The accuracy
of Random Forest reached 100%. The accuracy of Adaboost (Decision) came out to be 99.18%, exactly
similar to the individual Decision Tree model and Adaboosting didn’t help in increasing the accuracy. None
of the ensemble models and Decision Tree missed any leak. Decision Tree and Adaboost (Decision Tree)

missed one no-leak case.

5.5. Comparative ROC

Since SMOTE was used for data balancing, comparative ROC curves were plotted to further confirm the
performance of the models (Figure 11). Figure 11(a) shows that the AUROC values for all four metal-based
models were higher than 0.9. Among the non-metal-based models, the AUROC value for the Decision Tree
model was less than 0.9, relatively lower than the other three models. Therefore, this model was dropped
for the validation analysis. This omission was also justified from the accuracy histograms in Figure 12
which clearly shows the inferior performance of the Decision Tree non-metal-based model. In addition, this
model missed the highest number of leaks in comparison to other models (Figure 13) and caused the highest

number of false alarms (Figure 14).

In terms of comparative performance, Random Forest achieved the highest accuracy among both metal and
non-metal-based models. All four metal-based models performed equally well in detecting leaks, as three
of the models, except KNN, didn’t even miss a single leak. However, Random Forest missed the lowest
number of leaks among non-metal models. Metal-based models in general performed better than non-metal-

based models.
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[Insert Figure 11]
[Insert Figure 12]
[Insert Figure 13]
[Insert Figure 14]

5.6. Model correlations and sensitivity

The relation between independent variables and dependent variables can be checked through correlation
coefficients. A positive correlation means that by increasing the value of the independent variable, the value
of the dependent variable increases. In the case of binary classification (leak and no-leak), it means that by
increasing the value of the independent variable the no-leak state changes to the leak state. Both independent
variables (standard deviation and MIE values) are positively correlated to the dependent variable which
shows the importance of both variables in detecting leaks. However, the correlation coefficient (0.211) of

the MIE values is a bit higher than the correlation coefficient (0.140) of the standard deviation values.

To check the importance of independent variables and model sensitivity, the models' accuracy and the
number of leaks missed were checked by training models using one independent variable at one time (i.e.
models were developed using MIE values alone and standard deviation values alone) and the results were
compared with models trained using both independent variables. From Table 4, it is clear that the models
built on both MIE and standard deviation values together outperformed the model trained using single
variables. Standard deviation-based models, nevertheless, performed better than MIE-based models. In fact,
the standard deviation Adaboost model, in the case of hon-metal pipes, missed fewer leaks in comparison

to the original MIE plus standard deviation model, however, the overall accuracy was lower.

[Insert Table 4]

6. Validation of Models and Utilization

The models were validated through the validation of 177 cases which were separated from the model after
the data collection. Data balancing was not conducted on the validation set, which contained 102 metal

cases and 77 non-metal cases. Validation of the metal cases was carried out using all four models, however,
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for the validation of non-metal cases, the Decision Tree model was omitted due to its low accuracy on
different performance metrics. Machine learning models were not supplied with leak and no-leak labels for
the validation set and the accuracy of the validation set was later checked by comparing with the real leak

states and the results were computed manually.

The results of both metals and non-metals pipes are given in Table 5. It is interesting to note that all models
correctly identified no-leak cases for metal pipes. For metal pipes, although the accuracy of all four models
was similar on the testing set, KNN detected the highest number of leaks accurately and only missed one
leak. All the other three models missed three leaks and surprisingly all of them failed to correctly identify
the state of the same three cases (IDs = 957, 958, and 959). KNN, however, was successful in identifying
the leak state for cases 957 and 958, however, failed to identify case 959 with 59% confidence. For non-
metal pipes, Random Forest and Adaboost (Decision Tree) correctly identified all leak and no leak cases.

KNN also identified all leak cases correctly, however, failed to identify five no-leak cases correctly.

In Hong Kong, noise loggers lead to a high percentage of false alarms, achieving such a high accuracy with
accelerometers in detecting leaks is quite promising. Both metal and non-metals were unable to classify
only a very few cases (considering both training and validation set) which is acceptable as this classification
accuracy can be enhanced by looking at the results of different models simultaneously and continuous
training of models with new data. The accuracy of non-metal pipes can be further increased by developing

models for individual pipe materials such as polyethylene-based models.

[Insert Table 5]

7. Conclusions, Limitations, and Future Works

This research investigated the application of MEMS-based accelerometers for leak detection in real pipe
networks. The leak detection problem was formulated as a binomial problem to identify the leak and no-
leak cases using acceleration data. Firstly, a Monitoring index-based algorithm was used for signal analysis

and to distinguish between 993 leak and no-leak cases collected from 75 different sites in Hong Kong. The
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cases were collected from sites of different pipe materials and types. Secondly, monitoring index
efficiencies obtained from the data analysis and standard deviations were used to demonstrate the
effectiveness of machine learning models in detecting leaks. 816 cases were utilized to develop individual
[KNN and Decision Tree] and ensemble (Random Forest and Adaboost (Decision Tree)] machine learning
models. The remaining 177 cases were used as a validation set to further verify the performance of the

models.

All types of individual and ensemble metal-based models acquired very high overall accuracy in leak
detection; Random Forest, in fact, reached 100% accuracy. Apart from 1 missed leak by KNN, all the other
models accurately identified all the leaks. However, on the validation set, KNN performed the best and

missed only one leak. The other three models missed 3 leaks each.

Among the non-metal pipes, ensembles models performed well and the accuracy reached over 94% for both
the models. Among individual models, KNN reached almost 90% accuracy. Decision Tree, however, didn’t
perform so well and reached around 85% accuracy and hence, drop for subsequent validation analysis.
KNN, Random Forest, and Adaboost (Decision Tree) were also unable to classify some leak cases, with
Random Forest missed the lowest number of leak cases at 6. The ensemble models performed remarkably
well in detecting no-leak cases and only provided one false alarm each. The performance of KNN and
ensemble models was further confirmed with a validation set. Ensemble models worked perfectly with the
validation set, and KNN led to five false alarms. From the results, it can be safely deduced that all the
selected metal and non-metal-based models can be extremely effective in detecting leaks using MEMS

accelerometers in real networks.

MEMS-based accelerometers provide a cheap technology in comparison to noise loggers, and our study
has proven the effectiveness of this technology in leak detection, however, there are certain limitations that
might hinder the application of MEMS accelerometers-based leak detection models in water networks.
Firstly, the accelerometers used in our study were battery-powered devices and a single accelerometer can
only provide data for 30 minutes after charging. Therefore, these devices can only be used for temporary
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monitoring and require personnel to replace accelerometers every night. Secondly, the accelerometers can’t
be placed very far from the gateway unless a long-distance transmission antenna is used which might be
costly. Basically, the technology used in our study needs further maturity in terms of wireless connectivity
and data transfer. The third limitation is about the leak detection models themselves as the models were
developed using monitoring indexes and standard deviations. The models didn’t use traditional features
such as spread, level, frequency centroid, etc. The impact of the inclusion of such features on the models’
accuracy needs to be checked. Fourthly, ideally, separate models should have been developed using the
dataset for each pipe type and diameter. However, due to the limitations on the data collection, two types
of models, metal and non-metal-based models, were developed and tested on the different types of pipes
and materials. Although the model succeeded in detecting leaks for a vast majority of cases, however, its
accuracy can be further enhanced by developing individual models and administrating a large-scale

validation.

Considering the limitations, future work will be conducted on developing feature-based machine learning
models for accelerometers. These models will use the traditional features such as spread, level, maximum
amplitude, peak frequency, kurtosis, etc., extracted from the acceleration signals collected in this study.
The accuracy of the developed models will be compared with the models presented in this study. Later,
feature-based machine learning models and the models presented in this study will be combined to further

improve the leak detection accuracy and performance.
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List of Tables

Table 1: Monitoring indexes for the no-leak state of various pipe type

Pipe type Pipe diameter (mm) Ml,
Polyethylene 50 0.005133
Polyethylene 80 0.001192
Polyethylene 100 0.001162
Polyethylene 150 0.001434
Polyethylene 200 0.001549
Galvanized Iron 50 0.001352
Galvanized Iron 80 0.001614
Galvanized Iron 100 0.001385
Ductile Iron 100 0.001546
Ductile Iron 150 0.001225
Ductile Iron 300 0.001221
Stainless Steel 100 0.001254
Un-plasticized Polyvinyl Chloride 40 0.006291
Un-plasticized Polyvinyl Chloride 100 0.001138
Asbestos Cement 150 0.001126
Table 2: Leak detection results for metal-based models
Models Results
Accuracy=96.72% True No True Class F1
Leak Leak  Precision  score
Predicted as No Leak 58 1 98.31% 0.97
Predicted as Leak 3 60 95.24% 0.97
Class Recall (%) 95.08%  98.36% - -
Decision Tree Accuracy=99.18% True No True Class F1
Leak Leak  Precision  score
Predicted as No Leak 60 0 100% 0.99
Predicted as Leak 1 61 98.39% 0.99
Class Recall (%) 98.36% 100% - -
Random Forest Accuracy =100% True No True Class F1
Leak Leak  Precision score
Predicted as No Leak 61 0 100% 1.00
Predicted as Leak 0 61 100% 1.00
Class Recall (%) 100% 100% - -
Accuracy=99.18% True No True Class F1
(Decision Tree) Leak Leak  Precision score
Predicted as No Leak 61 0 100% 0.99
Predicted as Leak 1 61 100% 0.99
Class Recall (%) 98.36% 100% - -
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Table 3: Leak detection results for non-metal-based models

Models Results
KNN Accuracy=89.86% True No True Class F1
Leak Leak  Precision score
Predicted as No Leak 63 8 88.73% 0.90
Predicted as Leak 6 61 91.04% 0.90
Class Recall (%) 91.30%  88.41% - -
Decision Tree Accuracy=84.78% True No True Class F1
Leak Leak  Precision score
Predicted as No Leak 62 14 81.58% 0.85
Predicted as Leak 7 55 88.71% 0.84
Class Recall (%) 89.86%  79.71% - -
Random Forest Accuracy =94.93% True No True Class F1
Leak Leak  Precision score
Predicted as No Leak 68 6 91.89% 0.95
Predicted as Leak 1 63 98.44% 0.95
Class Recall (%) 98.55%  91.30% - -
Adaboost Accuracy=94.20% True No True Class F1
(Decision Tree) Leak Leak  Precision score
Predicted as No Leak 68 10 87.18% 0.93
Predicted as Leak 1 59 98.33% 0.92
Class Recall (%) 98.55%  85.51% - -
Table 4: Comparative analysis of models developed by changing the number of attributes
Model Missed Accuracy
Type MIE Std MIE+Std MIE Std MIE+Std
KNN Metal 4 3 1 95.08% 95.90% 96.72%
Decision Tree Metal 5 2 0 95.90% 96.72% 99.18%
Random Forest Metal 3 2 0 95.90% 97.54%  100%
Adaboost (Decision Tree) Metal 5 2 0 95.90% 96.72% 99.18%
KNN Non-metal 13 12 8 86.96% 89.13% 89.86%
Random Forest Non-metal 16 9 6 84.78% 91.30% 94.93%
Adaboost (Decision Tree) Non-metal 15 8 10 86.96% 92.03% 94.20%
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Table 5: Validation set results

Models Results
Metal-based models
KNN Accuracy=99.02% True No True Class F1 score
Leak Leak  Precision
Predicted as No Leak 39 1 97.50% 0.99
Predicted as Leak 0 62 100% 1.00
Class Recall (%) 100% 98.41% - -
Decision Tree Accuracy=97.06% True No True Class F1 score
Leak Leak Precision
Predicted as No Leak 39 3 92.86% 0.96
Predicted as Leak 0 60 100% 0.98
Class Recall (%) 100% 95.24% - -
Random Forest Accuracy=97.06% True No True Class F1 score
Leak Leak Precision
Predicted as No Leak 39 3 92.86% 0.96
Predicted as Leak 0 60 100% 0.98
Class Recall (%) 100% 95.24% - -
Adaboost Accuracy=97.06% True No True Class F1 score
(Decision Tree) Leak Leak Precision
Predicted as No Leak 39 3 92.86% 0.96
Predicted as Leak 0 60 100% 0.98
Class Recall (%) 100% 95.24% - -
Non-metal-based models
KNN Accuracy=93.33% True No True Class F1 score
Leak Leak Precision
Predicted as No Leak 19 0 100% 0.88
Predicted as Leak 5 51 91.07% 0.95
Class Recall (%) 79.17% 100% - -
Random Forest Accuracy=100% True No True Class F1 score
Leak Leak Precision
Predicted as No Leak 24 0 100% 1
Predicted as Leak 0 51 100% 1
Class Recall (%) 100% 100% - -
Adaboost Accuracy=100% True No True Class F1 score
(Decision Tree) Leak Leak  Precision
Predicted as No Leak 24 0 100% 1
Predicted as Leak 0 51 100% 1
Class Recall (%) 100% 100% - -
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