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Abstract

Leakage Detection and Localization (LDL) is one of the greatest challenges to achieving sustainable management 
in Water Distribution Systems (WDS). As an essential element for the evaluation of LDL approaches, we recently 
developed LeakG3PD, a simulated dataset that represents WDS behavior in various leakage scenarios, providing 
all variables and network structure data. Unlike most works in the literature, this article explores the feasibility 
and advantages of using water demand Automated Meter Reading (AMR) devices, rather than pressure sensors, as 
the main data source for LDL. To evaluate such an approach, a derived dataset is generated from LeakG3PD using 
WDS inlet flows and pressures, along with, mainly, consumption demand data. As an introductory work, intuitive 
and transparent algorithms are applied for LDL. Calculated loss demand is used for detection based on historical 
thresholds and localization output consists of an ordered list of the pipes in which the insertion of the estimated leak 
demand causes minimum flow residuals in WDS sources (reservoirs and tanks). A one-step hydraulic simulation is 
performed to determine the residuals for each candidate pipe. The main difficulties are discussed to provide future 
improvements. Even though the fundamental step of model calibration is not executed, results indicate promising 
localization performance for future works. The derived dataset LeakG3PD-OD and the LDL Python programs are 
made available online for the academic community to contribute with more sophisticated algorithms.

I.	 Introduction

Social and environmental issues, as well as population growth, 
have caused the emergence of policies in order to protect the 

environment and guarantee the rational use of resources. The United 
Nations (UN) has established the 17 Sustainable Development Goals 
(SDGs)1 to its members, a collaborative roadmap for lasting peace 
and prosperity for both people and the planet. Among the SDGs we 
highlight the : "Ensure availability and sustainable management 
of water and sanitation for all". In Brazil, law number 14,026/2020 
updates the basic sanitation rules, establishing several obligations to 
public service delegates, especially the reduction of losses in Water 
Distribution Systems (WDS) to be achieved until 2033.

1  https://sdgs.un.org/goals 

In parallel, technological development has led to the concept of the 
Internet of Things (IoT), along with an impressive amount of sensors 
distributed in the most diverse applications and increasingly cheaper.

Once adequate sensors are installed in a WDS, we can acquire their 
signals and store them in a server as a real dataset, representing the 
system state over time. Using such a dataset, among other things, it 
is possible to detect leakages, find their locations and mitigate losses. 
Despite technological solutions, monitoring of WDS in Brazil and 
many other countries is still very incipient and, in most cities, not 
even customer water consumption measurement is automatic yet. 
Furthermore, this kind of data is usually not public. As a result, real 
datasets are not available for research. Considering this problem, we 
recently developed LeakG3PD [1], a simulated dataset, as an alternative 
to design and evaluate monitoring systems focused on LDL.
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The direct hydraulic solution of a WDS model is obtained by 
inputting node demands, WDS parameters (elevation of nodes, pipe 
dimensions and roughness, etc.) into a set of non-linear equations 
related to energy and mass conservation, as well as friction headloss 
on pipes or headgain on pumps. Such equations are solved by a 
numerical computation algorithm, such as Newton-Raphson. The 
output solution is comprised of link flows and node pressures.

As we shall explain, most papers in this research field consider the 
use of pressure sensors for LDL. In a different direction, this paper 
evaluates the use of water demand Automated Meter Reading (AMR) 
devices as an important source for WDS management and LDL.

Here we use a subset of LeakG3PD, consisting of flows and pressures 
registered from WDS inlets, and, mainly, the consumption demand 
data, intentionally embedded with missing data, demand fraud and 
reading errors, as if measured from a real system. This is used to 
generate a derived dataset incorporating files for calculated flows and 
pressures along the network. Such dataset, named LeakG3PD-OD, is 
used to evaluate our LDL approach.

As an introductory work, the LDL algorithms applied are 
intentionally intuitive and transparent.

Calculated loss demand is used to determine normal condition 
thresholds, which are used for leak detection.

Localization requires finding an ordered list of pipes in which the 
insertion of the estimated leak demand causes minimum flow residuals 
in WDS inlets (reservoirs and tanks). Brute force is applied on every 
candidate pipe. However the computation involves direct hydraulic 
simulation to determine the residuals and only evaluates for the leak 
start time, so computational effort is reduced.

The main difficulties observed are discussed to provide future 
improvements. Model calibration was skipped, which affected 
localization performance, revealing the importance of that step and 
the quality of LeakG3PD concerning model uncertainties. Even so, 
results are promising for future works.

The main contributions of this paper are as follows: detailed 
discussion comparing AMR devices and pressure sensors for WDS 
management and LDL; a step-by-step road map on LeakG3PD 
usage to obtain the specific derived dataset; simple and transparent 
LDL algorithms along with thorough discussion on functioning and 
difficulties observed; and online availability of produced dataset and 
programs for the academic community.

This paper is organized as follows. Section II positions our work 
among other related literature contributions. Section III justifies our 
choice to focus on demand AMR devices comparing them to pressure 
sensors. In Section IV we explain the method to generate LeakG3PD-
OD and the principles behind the LDL algorithms applied to it. Section 
V presents the results obtained. Section VI discusses the results, 
limitations observed and solutions. Section VII is the conclusion, 
where we point out directions for better results in future works and 
provide the LeakG3PD-OD access link.

II.	 Literature Overview

A.	AMR for LDL as an Underexplored Approach in the Literature
Literature review paper [2] states that "Until recently, online 

demand data using AMR has not usually been considered in the 
literature, as their installation on real WDNs is not currently 
extended". However, the opposite causal relationship may also be true. 
It may be argued that if studies are conducted proving the effectiveness 
of using such data for LDL, the installation of these devices could be 
increased, considering the various associated advantages, as we shall 
discuss in Section III.

The same author [2] continues his explanation by saying that "To 
remark the usage of this kind of meters in the BattLeDIM2020 
articles, the facilitated benchmark included them in one area 
of the WDN. It is interesting to remark that the BattLeDIM2020 
case study did involve a section with AMRs, so that the methods 
in this contest also use this information". However, as observed in 
paper written by one of the BattLeDIM2020 winner teams [3], demand 
data was used only to calibrate the network consumption base demand 
and pattern, while the main signals for leakage localization were from 
pressure sensors.

Another literature review [4] presents a pie chart of sensor 
technologies used for LDL in academic papers where 26.4% correspond 
to pressure sensors while only 2.6% are relative to flow rate sensors.

B.	Classification of LDL Approaches
According to [4],the kind of LDL system proposed here is 

defined as static (or software-based), where sensors' data is 
transmitted, centralized in a server and used to identify, localize, and 
pinpoint leaks. On the other hand, dynamic (or hardware-based) LDL 
systems are those that rely on moving leak detection devices, such 
as listening sticks or vibration sensors, to the suspected leakage area, 
pinpointing the leakage in loco.

Literature review article [2] indicates that software-based methods 
are divided according to the underlying information available about 
the WDS. When a high-fidelity model is available in a simulation 
software, the methodologies used are named model-based and the 
LDL process is realized comparing incoming real world data with 
simulated information. On the other hand, when a model is not 
available, data-driven methodologies are applied, mining knowledge 
from real datasets. Finally, when a WDS model exists but is not precise 
enough, mixed model-based/data-driven approaches are used, where 
calibration, complexity and modeling errors issues don't affect the 
results directly since the model is used only for training, whereas a 
machine learning algorithm is primarily responsible for LDL, using 
real world measured data.According to such classification, the 
work conducted in this article classifies as model-based.

Model-based LDL methodologies are divided according to the kind 
of algorithm used. Inverse-problem approaches are the most numerous 
and apply numerical computation in the contrary direction of direct 
hydraulic solution, this is, based on a set of measured pressures 
and/or flows, the hydraulic equations are set, using optimization 
algorithms, such as Levenberg-Marquardt, to find leak demands 
and their locations. In Sensitivity-based methods a Fault Sensitivity 
Matrix (FSM) stores the effects of each possible leak on every node of 
the network, based on simulation, prior to the operation of the LDL 
algorithm. There are also Bayesian, Fuzzy logic and, finally, other 
methodologies, which don't fit exactly any of the previous groups.
Considering the kind of algorithm, our work is classified into 
other methodologies.

C.	Related Works
Aiming to compare to other previous works in this research field, 

we use Table I, which is a subset of the one presented in paper [2].

At a first glance, Table I indicates that paper [5], has sensor type 
and densities similar to ours, with few pressure sensors and demand 
AMR devices in all nodes. However, actually reading that work, we 
observe that the measurements assumed by the author are actually 
only 4 pressures and 4 flows from WDS inlets. Demands are indirectly 
obtained using a Weighted Least Squares Estimation technique. 
Basically, the demand estimated as higher than others indicates 
the leak node. Detection is not addressed, but rather considered as 
a previously realized step. The synthetic network is unrealistic 
with many simplifications and no uncertainties are considered. 
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Once that work was conducted 25 years ago, real customer demand 
measurements probably weren't considered as a feasible hypothesis, 
given the technological solutions and prices at that time.

A more recent work [6] was applied on data obtained from a real 
WDS: a large-scale pilot project conducted at the Scientific Campus 
of the University of Lille [10]. Data from flow sensors at system inlets 
and consumption data from AMR devices are subtracted to obtain loss 
demand, which is analyzed using Machine Learning techniques to 
define a leak multinomial likelihood indicator of severity for system 
nodes. The geolocation depends on previously labeled data, as many 
data-driven LDL methods, and only one case of localization is depicted 
based on a real leak event, but the resulting indicators don't seem to 
pinpoint the leak position accurately.

In paper [7] a graph partitioning approach is conducted. It requires 
that all supply and demand flow rates be measured, similarly to our 
proposal. However, a quite odd procedure must be executed in that 
LDL method: portable ultrasonic flow meters are required to be 
available for various measurements in loco, implying the need for 
sequential excavations.

The algorithms we applied in this work are in fact intuitive 
for detection and based on brute force for localization. So there is 
resemblance to the work developed by the 5  place winner of the 
BattLeDIM2020 [8], where leaks are detected through "an engineering 
judgment process of the measured inflows and water demands" and 
localization "is performed by carrying out simulations of every possible 
leak, and computing the error between each obtained pressures set 
and the actual ones from the network, selecting the pipe that yields 
the lowest error".

The last work worth remarking corresponds to the 1  place 
winner team [9] of the BattLeDIM. Their LDL algorithm involves the 
generation of a dual model that automatically converts small pressure 
deviations caused by leaks into sharp and localized signals in the 
form of virtual leak flows. It's related to our work by the fact that 
the measured pressures are reproduced in the dual model by means 
of EPANET reservoir elements, in the same way we shall present in 
Section IV. The authors state that "...the sensitivity is much higher in 
the dual model. Inverting the problem acts as an amplifier of leaks. 
Another advantage is that the imbalances and the value in question 
(leaks) have the same unit of flow. The sum of all the imbalances 
normally gives a good first estimate of the size of the leak."

III.	Advantages of AMR Devices Over Pressure Sensors

In this section, we present Table II, comparing water demand AMR 
devices and pressure sensors in terms of the advantages provided.

The comparison table indicates that water demand AMR devices 
would represent a large-scale investment, which could, however, 
be offset by cost savings from eliminating manual meter reading. 
Although the number of required devices is massive, the installation 
process could be quite easy, with no need for original water meter 
substitution, depending on the adopted solution, which would reduce 
costs, environmental effects and water losses. When it comes to 
system operation, an Internet of Things solution would be required 
for data transmission, but once these devices will be near to each 
other, in urban spaces, Wi-Fi communication between them would 
allow synchronized summation of water demands by blocks, reducing 
throughput. Individual customer data could be directly saved through 
their home networks, which could perhaps also be used as gateways 
to reach the water company main server.

Pressure sensors do not reduce billing process costs. They are, 
however, very important elements to maintain WDS pressure limits 
and to allow leakage mitigation when used along with pressure 
reducing valves [19]. The required quantity of these elements for LDL 
is usually much smaller, then network throughput is not a problem. 
However, depending on optimal placement analysis, installation 
points might require excavations and pipe sectioning, representing 
water loss and temporary service outage.

As stated in the literature [9], "The performance of leak detection 
and localization depends on how well the system roughness and 
demand are calibrated". Except for fraud and unmeasured demands, in 
our approach the use of AMR devices reflects the exact demand values 
over time, so demand calibration requires less effort, resulting in a 
much more accurate model.

When a customer has a particular tank in his property, water 
demand is related to WDS pressure and depends on the pipe section 
characteristics between the WDS derivation point and the tank, the 
elevation of the tank and the float-valve orifice area [20]. This means 
that water demand AMR devices could also be used to provide indirect 
WDS pressure measurements, requiring, however, the insertion of 
these particular customer tanks in the WDS model and the execution 
of a systematic calibration process.

The advantageousness discussion will not be concluded in this 
article, because it would require a more rigorous and pragmatic 
approach, perhaps through a case study of a real system. Such a 
case study should consider the technological water demand AMR 
solution to be adopted (which could considerably change the analysis 
framework) and the number of WDS customers. Costs should be 
carefully considered regarding: billing process dismissal, installation, 
maintenance and operation.

TABLE I. Related Works

Article

Problem  
D= Detection,  
L= Localization,  
SE= Size Estimation

Multiple 
Leak?

Sensor Type  
P= Pressure,  
F= Flow,  
D= Demand

Sensor Density 
A= Analysis of 
Different Sensor 
Configurations

Model and Data Types  
RN=Real-Based Network,  
SN= Synthetic Network, 
SD= Synthetic Data

Uncertainties Considered  
M= Model, S= Sensor,  
D= Demand, V= Various 
or Variable leak sizes

Benchmark?

Andersen and 
Powell (2000) [5]

L  (P,D) (4, 36)/36 SN - -

Cantos et al. 
(2020) [6]

D-L  (F,D) (93/398, 80/412) RN(SD) V -

Rajeswaran et al. 
(2017) [7]

L  (F,D) A RN(SD) - EXNET, DTown, ...

Marzola et al. 
(2022) [8]

D-L(SE)  (P,D) (33, 82) /785 RN(SD) M, S, D, V BattLeDIM2020

Steffelbauer et al. 
(2022) [9]

D-L(SE)  (P,D) (33, 82) /785 RN(SD) M, S, D, V BattLeDIM2020

This work D-L(SE)  (P,D) (3, 82)/92 RN(SD) M, S, D, V Net3
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Finally, it's important to note that UNESCO [21] defines the 
installation of AMR devices as a fundamental step for Smart Water 
implementation, prior even to LDL.

IV.	Methodology

23To evaluate the proposed approach, based on water demand AMR 
devices, we used our previous work, LeakG3PD4, as starting point. In 
this section we:

•	 present LeakG3PD briefly;

•	 describe the process to generate a derived dataset named 
LeakG3PD-OD, suited exclusively for water demand AMR based 
LDL algorithm development and evaluation;

•	 picture an intuitive leakage detection algorithm;

•	 describe the application of a brute force algorithm for leakage 
localization;

2  https://www.microsensorcorp.com/Details_Water-Pressure-Sensor-Work-
in-Utility-Water-Systems.html
3  https://www.tisales.com/resources/how-do-ultrasonic-water-meters-work/
4  https://github.com/matheuspilotto/LeakG3PD

A.	LeakG3PD
LeakG3PD [1] was introduced as a tool to generate simulated 

datasets in Water Distribution Systems (WDS), focusing on LDL. It's 
actually an improved version of LeakDB [22], described by the authors 
as "a benchmark dataset for leakage diagnosis in water distribution 
networks". In both works, automatic simulations based on EPANET 
[23] models were developed using the WNTR [24] [25] [26] Python 
package to represent the behavior of hydraulic networks under 
the existence of leakages, providing high temporal variability and 
plenty of scenarios for the evaluation of LDL algorithms. LeakG3PD 
is composed by 500 scenarios, each of them with up to 25% random 
uncertainties in pipe parameters (length, diameter and roughness) to 
take into account the fact that a real WDS is always different from the 
WDS model, usually based on implantation projects. Each scenario, 
except the first, has one or two random pipes embedded with random 
size leakage nodes. The simulation of these scenarios generates .csv 
files containing pressures, demands and flows for all nodes and links. 
Additionally, network EPANET .inp file is provided, along with .csv 
files for leak demands and labels indicating the presence of a leak for 
each timestamp. This dataset has the complete states of the network 
operating ruled by hydraulic laws. LeakG3PD provides datasets for 
3 networks. For this paper, we used the Net3 [27] network dataset 
because it's the biggest and more complex up to now.

TABLE II. Comparing Water Demand AMR Devices to Pressure Sensors

Feature Water Demand AMR devices. Pressure Sensors.
Allow real time water loss calculation, improving 
management

Yes. No.

Cost reduction relative to human reading of water 
consumption, representing return over investment

Yes. No.

Customer property leakage, abnormal use or water 
meter violation diagnostics with alert messages

Yes. No.

Statistics for customers, boosting awareness and 
reduced water consumption

Yes. No.

Customers' reliance on billing process is increased Yes. No.

Installation removes the need for excavation
Yes, devices always placed in easy access 
overground locations.

No, the optimal sensor location [11] [12] [13] 
might be underground.

Installation removes the need for pipe sectioning, 
avoiding water loss

Maybe, some solutions might avoid the need 
for water meter substitution [4] [5] [6].

No, a Tee fitting is necessary.

Power supply
Batteries and/or customer electrical AC power 
supply (usually near water meter location).

Batteries and/or water distribution company 
electrical AC power supply (only for sensors 
near pumps or system tanks)2

Quantity of sensors or devices required
One for each customer. For Net 3, in this work, 
92 AMR devices were necessary.

Depends on the specific network and leakage 
location precision. Paper [17] indicates the 
need of 17 to 21 pressure sensors for Net3.

WDS pressure monitoring for leakage mitigation and 
operational safety

Limited. The demand of customers with 
particular tanks is related to WDS pressure, 
but such data might be useful only while the 
tank is filled.

Yes.

Sampling period
Depends on technology. Ultrasonic devices can 
measure up to 4 times in one second3.

Down to milliseconds [18].

Requires new device installation as the number o 
clients increases

Yes, even though LDL algorithms can deal 
with missing demand data a new AMR should 
be installed for each new customer to avoid 
performance reduction.

No, the number of sensors is determined by 
WDS physical extension.

Communication network and server requirements

Higher, the quantity of data is much bigger. 
However, demands can be totaled by area 
before transmission, reducing requirements at 
the cost of not registering individual customer 
real time demands.

Lower, small quantity of sensors.

Removes the need for periodic demand calibration
Partially. Fraud and unmeasured parcels should 
need to be calibrated for better results.

No.
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B.	Definition of Real System and System Model
Hereinafter, we will refer to LeakG3PD scenario models as Real 

System, because in fact it is the source from which we measure as if 
it were a real system. On the other hand, the original model, with no 
embedded leakage points and no pipe parameters variation, will be 
referred to as System Model. Such definitions are illustrated by Fig. 1, 
which is further explained in Section IV.E.4.

Scenario 324: System Model

Scenario 324: Real System

(b)

(a)

River

Pump 355

Tank 3

River

Pipe 355

Tank 3

leak_node1

Fig. 1. Graphical representations of Net3 - Real System x System Model.

C.	Pipe Equivalent Length
In order to understand the leakage localization results that will 

be presented in Section V, we shall introduce the empirical Hazen-
Williams formula [28], which can be rearranged for SI units as shown 
in Eq. 1 [29]. It is used to calculate head loss due to friction in pipelines.

	 (1)

where:

 is the head loss (m)

 is the volumetric flow rate (m³/s)

 is the length of pipe ( m )

 is the pipe roughness unitless coefficient

 is the pipe diameter (m)

As generated by LeakG3PD, maintaining the original idea of 
LeakDB, Real System has random parametric variations in length, 
diameter and roughness of each pipe of the network with individual 
values in aleatory ranges up to 25%. For example, a scenario in 
which uncertainties ranges were defined as 20%, 10% and 15%, 
respectively, a pipe from System Model with unitary parameters 
could have length = 0.85 m, diameter = 1.1 m, and roughness = 0.9 
in Real System.

These variations individually don't seem to be so relevant, but 
let us analyze the effect on head loss. Inserting uncertainties into 
Eq. 1 and rearranging as shown in Eq. 2 we obtain the Real System 
equivalent length parameter based on System Model original length 
and uncertainty values, considering all the uncertainties concentrated 
in length variable as if diameter and roughness had their original 
values unchanged. Note that for the example described in previous 
paragraph, Real System equivalent length maximum value would 
occur for =0.2, =-0.1 and =-0.15, so  m. Following 
the same reasoning, we calculate  m.

	 (2)

where:

 is the equivalent length of pipe in Real System considering that 
diameter and roughness had their values maintained ( m )

 is the length of pipe in System Model ( m )

 is the unitless length uncertainty

 is the unitless diameter uncertainty

 is the unitless roughnes uncertainty

D.	Leak Demand Modeling
Leak demand is modeled by Eq. 3, which refers to the flow over an 

orifice whose vertical dimension is small in comparison to the head 
[28]. In fact it's the same equation used by WNTR simulator to model 
leakage [25].

	 (3)

where:

 is the leak demand/flow rate (m³/s)

 is the discharge coefficient unitless constant

 is the leak area ( m² )

 is the gravity acceleration constant (9.80665 m/s²)

 is the pressure (gauge head) at the junction (m)

E.	 LeakG3PD-OD
Based on LeakG3PD, a derived dataset was developed using 

basically demand data files, therefore, it was named LeakG3PD-OD, 
where OD refers to Only Demands. Pressures and flows obtained from 
simulation on System Model are part of the LeakG3PD-OD dataset. 
Such variables will be referred to as estimated, because they are just 
approximations based on a limited set of variables measured from Real 
System.

In this subsection we describe the steps to generate the LeakG3PD-
OD dataset.

1.	Selecting Data From LeakG3PD
Keep in mind that the use of any data from LeakG3PD dataset for 

LDL purpose, such as node pressure, node demand or pump status, 
for example, presupposes the installation of a sensor in the real world 
network. Therefore, the feasibility, costs, and operational complexities 
of sensor installation and maintenance must be taken into account.

Our approach presupposes the use of the following LeakG3PD data 
files:

•	 Node demands relative to system consumption points. This 
corresponds to the installation of water demand AMR devices at 
the system outlets, i.e., at the customers' water supply input points;
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•	 Node demands relative to system supply points. This implies the 
installation of high capacity flow sensors, at the system inlets, i.e., 
at the water treatment plants' output points;

•	 Node pressures and demands relative to water tanks. This requires 
the installation of water pressure, level or high capacity flow 
sensors for tanks. In this case, any of them is enough, because 
these variables can be inferred from one another;

•	 Node pressures at the pumps' end nodes. This requires the 
installation of water pressure sensors at the system inlets, i.e., at 
the water treatment plants' output points.

2.	Addressing Realistic Data Acquisition Issues
In real WDS, especially in developing countries, fraud constitutes 

an important parcel of apparent water losses. Furthermore the AMR 
installation process would require time to be completed. Therefore, in 
order to represent situations related to complete frauds and customers 
without water demand AMR devices, up to 5 random node demands in 
each scenario have been set to 0.

Some customers maintain a water meter at the same time they 
deviate water directly from upstream, as a deception strategy. To 
represent such partial fraud issue, up to 5 node demands in each 
scenario have been reduced by a random factor of up to 50%.

Since all measuring devices inevitably produce reading errors, 
demand values have been changed by a random factor within -5% to 
+5% in each scenario.

3.	System Model Pressure Reproduction Artifices
In this strategy, pressures in Real System water sources are 

measured. In order to reproduce such pressures, artifices were applied 
to the System Model.

First, System Model tanks have been replaced by reservoirs, 
because the latter can be attributed with head patterns according to 
the pressures measured from Real System over time.

Then, System Model reservoirs have been attributed head patterns, 
according to the measured pressures. Pump links have been replaced 
by negligible roughness pipes, avoiding head loss. These pipes have 
been attributed controls to open or close according to original pumps' 
behavior.

4.	Graphical Explanation of System Model Pressure Reproduction 
Artifices

Observe in Fig. 1 that (a) Real System has Pump 335, Tank 3 and 
leak_node1; exact pipe parameters are unknown (length, diameter and 
roughness). In (b) System Model, Pump 335 has been replaced by a 
negligible roughness pipe, named Pipe 335; Tank 3 has been replaced 
by a reservoir; both reservoirs have been attributed head patterns 
in order to reproduce measured pressures; leak_node0 is not in the 
network; pipe parameters values are known, although they are up to 

  different from real system ones.

Note in Fig. 2, that estimated pressure in node 1 (Tank 1) tracks 
the real model pressure perfectly as a result of the artifices realized. 
However, estimated pressure in node 61 (Pipe 335 end node) tracks 
real pressure perfectly only in the moments in which Pipe 335 is open 
and the difference between real and estimated pressure increases 
when leak starts, near 5605h.

5.	Data Generation
LeakG3PD-OD was generated for 500 scenarios by means of 

a demand driven simulation5 of the System Model conditioned 
by the pressure reproduction artifices and application of realistic 
consumption demand values derived from Real System measurements. 

5  https://usepa.github.io/WNTR/hydraulics.html

The dataset directory structure is shown in Fig. 3. Note that each 
scenario folder contains the Real System and System Model .inp 
files, however only the latter shall be used for LDL. Leak folder was 
copied from LeakG3PD dataset and since leak nodes are not present 
in the System Model, leak link information files were generated so 
that each leak point is referred to by its distance to leak link start 
node. There are files indicating fraud and unmeasured demand 
junctions. Real System pressure, flow and demand files were deleted 
and System Model realistic demands, estimated pressure and flow 
files were added to scenario folder. The dataset folder contains the 
original System Model .INP file, without the application of pressure 
reproduction artifices. A summary file was generated to characterize 
scenarios by their most relevant features. The detection results folder 
and localization Results.csv file shown are generated by the LDL 
algorithms, as we shall explain in the following sections.

F.	 Leak Detection Method
The conservation of mass principle[? seth2019hydraulics] implies 

that, considering water as a non-compressible fluid, if we calculate the 
algebraic sum of all node demands in a WDS, the result shall be zero. 
When reservoirs and tanks have positive output flows their demands 
are negative; customer node demands are positive when they have 
positive input flows. In our specific case, the algebraic summation 
of all available demands won't be zero due to the unmeasured node 
demands, frauds, leaks and reading errors. If we multiply that algebraic 
summation by -1, it will actually represent the system loss demand, as 
expressed by Eq. 4.
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Fig. 2. Scenario 324: Nodes with measured pressures.
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where:

 is the demand for node n  System_Model_Nodes

To illustrate Eq. 4, in Fig. 4, graph (a), we plot measured loss demand 
and real leak demand signals together over the one year simulation 
period of LeakG3PD-OD scenario 88. Note that the real leak demand 
file was copied from LeakG3PD just for comparison in this figure, but 
in our strategy framework it is an unknown signal to be inferred based 
on loss demand.

Graph (b) in Fig. 4 is an amplification, focusing on the moment 
in which leakage starts, around 6910h. In this scenario there are few 
unmeasured/fraud nodes and measurement error is 0%, so, when 
fraudsters are not consuming water, measured loss demand assumes 
minimum values, which are coincident with real leak demand values.

In this work, we intend to detect and locate leakages based on the 
loss signal. The leak detector algorithm developed works as illustrated 
by the flowchart in Fig. 5. UpperDLT is equal to historical maximum 
loss value, and LowerDLT is set as the historical minimum loss plus 
20% of the difference between the historical maximum and minimum 
loss values. Historical maximum and minimum values are calculated 
every 7h while a leakage is not present nor under suspicion.

G.	Leak Localization Method
Analyzing the estimated link flows out of the System Model water 

sources (tanks and reservoirs), we observed that they were different 
from the demands measured from Real System, especially after a 
leakage starts, as illustrated in Fig. 6. Note that in scenario 324 there 
are two leakages (see Fig. 10), starting around 3000h and 5600h, 
respectively. This occurs because the water that flows to fraud and 
leakage nodes in Real System, doesn't have such destination to flow 
in System Model. Once pressures are fixed in tanks and reservoirs, 
according to measured values, estimated flows have values so that 
hydraulic laws and principles are attained. Based on that observation 
and assuming that leak demand be the biggest parcel in loss demand, 
our localization strategy consisted of finding the pipe where the 

EPANET Net 3_OD
┣ Detection Results
┃ ┣ leak_det_labels_sc_102.csv
┃ ┣ leak_det_labels_sc_103.csv
...
┣ Scenario‐99
┃ ┣ Leaks
┃ ┃ ┣ Leak_leak_node0_demand.csv
┃ ┃ ┣ Leak_leak_node0_info.csv
┃ ┃ ┣ Leak_leak_node1_demand.csv
┃ ┃ ┣ Leak_leak_node1_info.csv
┃ ┃ ┣ Leak_link0_info.csv
┃ ┃ ┗ Leak_link1_info.csv
┃ ┣ EPANET Net 3_OnlyDemands‐99.inp
┃ ┣ EPANET Net 3_Scenario‐99.inp
┃ ┣ Fraud_junctions_info.csv
┃ ┣ Labels.csv
┃ ┣ OD_Estimated_Link_flows.csv
┃ ┣ OD_Estimated_Node pressures.csv
┃ ┣ OD_Node_demands.csv
┃ ┣ Scenario‐99_info.csv
┃ ┗ Unmeasured_demand_junctions_info.csv
...
┣ EPANET Net 3.inp
┣ Results.csv
┗ Summary.csv

Fig. 3. LeakG3PD-OD Dataset - Directory Structure.
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Fig. 4. Scenario 88: Loss x leak x estimated pressure.

Initial 4 days period:
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anomaly counter=0

anomaly timer=0
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current loss>UpperDL T anomaly counter+=1
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update detection level
thresholds(DL T)
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anm cntr threshold leak detected=1

Proceed to
localization

no

no

no

no

Fig. 5. Leak detection algorithm simplified flowchart.
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insertion of a demand equal to the loss demand would minimize the 
differences between System Model flows and measured node demands 
for tanks and reservoirs. The algorithm is presented in Fig. 7 as a 
simplified flowchart.

V.	 Results

In order to evaluate the detection and localization results, a 
spreadsheet was automatically created, including:

•	 Summary characteristics of scenarios, such as number of leaks, 
leaky pipe names, leak magnitudes, quantities and names of fraud 
junctions and unmeasured junctions, demand measurement error 
percentage, scenario parameters uncertainties, total magnitude of 
fraud and unmeasured junctions demands;

•	 Evaluation metrics for leak detection, which are Accuracy, 
Precision, Recall and F1-Score;

•	 List of guess pipes in ascending order relatively to residuals 
products, as defined by the localization algorithm;

•	 Column "True localization found?" that has value 1 when the first 
pipe on guess list is exactly the leaky one;

•	 Column "True localization is within the list?" that has value 1 
when the leaky pipe is within the list;

•	 Column "True localization is linked to pipe within the list?" that 
has value 1 when the leaky pipe is linked to any of the pipes within 
the guess pipes list.

In this work, as an initial approach, we focus only on scenarios 
with one leakage point. Of the 500 hundred scenarios, 272 have only 
one leakage.

A.	Leakage Detection Results
The results obtained in leakage detection are those shown in Table 

III. We didn't include Accuracy in the table because it also increases 
when the number of True Negatives is higher and our algorithm is 
prone to classify as Negative too easily, so it is not a good metric in this 
case. On the other hand, F1-Score is a more complete metric combining 
Precision (out of the instants classified by the detector as leaky, how 
many were in fact leaky?) and Recall(out of the instants where a leak 
was present, how many did the detector classify as leaky?). High F1-
Score also means early leak detection, which is fundamental to mitigate 
losses over time. Some detection approaches using exclusively system 
inlet minimum night flows method may require one entire day to 
conclude about the existence of leakage.

Leak detection results were registered in the dataset sub-folder 
named "Detection Results" in the form of .csv files containing the real 
label from LeakG3PD dataset and the detector label for all timestamps.

TABLE III. Leak Detection Results

F1-Score range
Number of scenarios 

within range
Percentage of scenarios 

within range
99%-100% 201 73.90%
90%-99% 31 11.39%
3%-90% 14 5.15%

0% 26 9.56%
Total 272 100%

Previous steps:
1. Loss demand calculated
2. Leak detected
3. Leak start time registered

for p in pipe list:

4. Copy System Model instance
5. Add test node in the midpoint of pipe p 
6. test node demand = loss demand
7. Simulate for t = leak start time

8. Calculate residuals:

 
a[p] = (simulated pipe 335 flow +
measured River node demand)^2

   

b [p] = (pipe 10 flow +
measured Lake node demand)^2

 

   

c [p] = (pipe 40 flow +
measured Tank1 node demand)^2

 

 

d [p] = (pipe 50 flow +
measured Tank2 node demand)^2

 

    

e [p] = (pipe 20 flow +
measured Tank3 node demand)^2

 

next p

9. product = a*b*c*d*e

10. guess_list = product ordered ascendingly

end
for

next p

Fig. 7. Leak localization algorithm simplified flowchart. Note that water source 
node demands are negative when flow out of them is positive, so the residual 
relatively to estimated flows in their output pipes, is obtained by sum instead 
of subtraction.
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Fig. 6. Scenario 324: Difference between real and estimated flows in water 
sources. Leakage start time near 5600h.
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B.	Leakage Localization Results
Leakage localization statistics were taken within the 201 one 

leak scenarios that had detection F1-Score bigger than 99%, and are 
summarized in Table IV. Note that the table results were divided by 
ranges of Real System equivalent length of pipes (as defined in Section 
IV) and maximum leakage demand. The table layout was organized in 
that manner to reflect more clearly the impact of those two factors upon 
algorithm performance. In fact, WDS model parameters calibration 
is a fundamental step, usually addressed before the application of 
LDL algorithms. In this work, calibration was intentionally skipped 
to highlight its importance and to demonstrate that LeakG3PD is a 
challenging dataset for the evaluation of LDL algorithms, in terms of 
model parameter uncertainties.

Leak localization results were registered in the dataset Results.csv 
file, which also contains detection results (Accuracy, Precision, Recall 
and F1-Score) and all important information on each scenario.

Detection and localization results will be discussed in more detail 
in Section VI.

VI.	Discussion

A.	Leak Detection Discussion
Leak detection was not our main focus in this work, so leak 

detector functioning was very simplistic and it has parameters that 
were empirically defined through iterative tests. We will discuss the 
implications of increasing or decreasing these parameters in the next 
paragraphs.

The detector anomaly counter threshold was set to 4 and the 
anomaly timer threshold was set to 16. This means that if within a 
period of 16 consecutive time steps the loss signal has 4 anomalous 
values, i.e., higher than the upper detection level threshold 
(UpperDLT), without dropping under the LowerDLT a leak is detected. 
In Fig. 8 we illustrate scenario 83, where F1-Score was zero with no 
True Positives. Note that, even though the loss didn't drop below 
the LowerDLT, its value didn't count 4 consecutive anomalies. The 
anomaly count mechanism was used to reduce leak detection delay 
time for high leakage situations, because in such cases, in only 4 time 
steps leak is detected. On the other hand, leakages with low demands 
relatively to maximum fraud/unknown demand are not enough to 
cause the detection. To solve this, we could remove the anomaly count 
mechanism and use just the anomaly timer, detecting leak after the 16 
consecutive time steps without loss demand drop below LowerDLT. 
The obvious disadvantage would be bigger detection time delay and 
the advantage would be the possibility of detecting smaller leakages. 
Setting anomaly timer threshold inferior to 16 could result in False 

Positive detections if the loss signal had an occasional time period 
without dropping below LowerDLT.
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Fig. 8. Scenario 83: Detection F1-Score=0.

After the 16 consecutive time steps relative to anomaly timer 
threshold, if a leakage is not detected, the detection level thresholds 
are updated incorporating natural seasonal variations in frauds or 
even new frauds that started recently. Such mechanism represents 
an attempt to avoid False Positives related to small loss variations 

TABLE IV. Leak Localization Results

Real System pipes 
max. equivalent 

length in relation to 
System Model (%)

Real System pipes 
min. equivalent 

length in relation to 
System Model (%)

Max. leak demand 
range (L/s)

Number of scenarios 
in range

True localization 
found? (Number of 
scenarios in range/ 

Percentage of range)

True localization 
is within the 

list? (Number of 
scenarios in range/ 

Percentage of range)

True localization is 
linked to pipe within 
the list? (Number of 
scenarios in range/ 

Percentage of range)

100-36518 37 4 / 10.8% 25 / 67.6% 34 / 91.9%

148-250 48-43 13.7-100 32 1 / 3.1% 10 / 31.2% 18 / 56.2%

2.4-13.7 11 0 / 0% 0 / 0% 2 / 18.2%

100-36518 63 4 / 6.3% 31 / 49.2% 43 / 68.2%

250-516 43-25 13.7-100 49 3 / 6.1% 15 / 30.6% 28 / 57.1%

2.4-13.7 9 0 / 0% 2 / 22.2% 2 / 22.2%

Total 201 12 / 6% 83 / 41.3% 127 / 63.2%
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caused by new frauds over time. However, some adjustments are 
necessary. Scenario 360 had precision around 48% (see Fig. 9), due to 
False Positives. The main reason is that LowerDLT was updated based 
on a singular minimum value around 4810 h (see graph (b), noting 
that the represented DLT red lines are relative to real leak start time). 
That event also prevented the detection of leakage end around 8220 
h (see graph(c)). To solve that, lower detection level thresholds could 
be updated based on the mean of historical minimum values, filtering 
singular extremes.

The detector parameters were clearly set heuristically. However, for 
future works, adjustments can be done automatically using LeakG3PD 
dataset and Machine Learning methods for optimization.
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(b) Zoom at False Positive detection
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(c) Zoom at leakage period

Fig. 9. Scenario 360: Detection F1-Score=65%.

B.	Leak Localization Discussion
The list classified by the algorithm has 10 pipes out of 114, which 

implies that a random guess about the exact leaky pipe corresponds to 
0.88% chance to be right and the chance of guessing 10 pipes in which 
one of them is the leaky pipe is 8.8%. So in Table IV we observe that 
for small leakages, with maximum demand inferior to 13.7 L/s, results 
were worst than random guess, as if the algorithm was induced to 
error. On the other hand, when maximum demand is superior to 100 L/s 

and Real System pipes equivalent lengths in relation to System Model 
are in ranges nearer to 100%, the algorithm found a list of 10 pipes at 
least linked to the leaky pipe in 91.9% of scenarios. These results are 
explained by two main reasons:

1.	 We assumed loss demand to be a rough approximation of leak 
demand. Maximum total fraud/unknown demands range is 0.09-
54.07 L/s, with mean value equal to 17.30 L/s. For bigger leak 
demands results are increasingly better, because the first two 
parcels in Eq. 4 become negligible, so ;

2.	 As explained in the leak localization results subsection, the 
apparently reasonable Real System uncertainties embedded by 
LeakG3PD are actually excessive in terms of the corresponding 
equivalent length variations produced.

Proceeding, about the second reason mentioned above, note 
that four years after developing LeakDB, the authors created the 
BattLeDIM dataset, in which pipe parameters uncertainties are limited 
to % instead of . This indicates that they may also have 
considered such uncertainties excessive. During system implantation, 
pipe lengths may have slightly bigger or smaller sizes due to cutting 
processes; diameters and roughness will also have slightly bigger or 
smaller values relative to fabrication. However, after the implantation, 
considering network aging, the most common situation is that all 
network pipes will only have roughness increased (C factor decreases) 
and diameter decreased due to internal corrosion and deposits [30]. 
However, as we observe in Table IV, in the same Real System network, 
one pipe can have equivalent length of 516% at the same time other 
pipe might have equivalent length of 25%, in relation to System Model. 
Such extreme and opposite simulated variations are actually unreal 
and will considerably decrease the performance evaluation of any 
model-based leak localization algorithm.

In order to solve the problem caused by model uncertainties, 
following the common practice in related model-based literature, 
a calibration process must be executed prior to the LDL algorithms, 
optimizing the parameters of System Model to reflect the ones in Real 
System, based on the measured variables.

Back to leak demand estimation, it's a very important process to 
work on in order to detect smaller leakages. The situation shown in 
Fig. 4 (1 unmeasured node, 1 fraud node, 0% measurement error) will 
rarely occur. The most common scenario will be similar to the one 
shown in Fig. 10. To deal with such challenge statistical tools will be 
necessary.

It is important to register that our first attempt to reach leakage 
localization was through the correlation between estimated pressures 
(calculated by simulation) and the estimated water leak demand 
(inferred from loss signal). To do so, we would rely on Eq. 3.

Note that in Fig. 4, comparing graphs (b) and (c), the estimated 
pressure for node 115 visibly tracks the real leak demand more closely 
than the others. Not by coincidence, node 115 is actually much nearer 
to the leakage point in scenario 88 than the other two. However, 
in other scenarios (see Fig. 11) considerable differences between 
estimated and real pressure are observed when leakage starts, which 
led to poor localization results by correlation method, even if real leak 
demand is used instead of the one inferred from loss demand.

Once the algorithm is based on brute-force residual minimization, 
it may face scalability and generalization limitations considering 
multiple and pre-existing leaks. One insight to address such problem 
might be the insertion of candidate leak nodes, ruled by Eq. 3, in 
all pipes, initially positioning them in midpoints and defining leak 
node areas such that calculated loss demand was somewhat divided 
between them, representing the algorithm parents, for example, 
five parents, each one equivalent to single leakage points in well 
distributed areas of the WDS. After that, a Genetic Algorithm could 
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be applied in two steps. First, leak node areas should be iteratively 
changed according to the generated sons, towards the combination 
with smaller flow residuals for System Model inlets over time until 
a convergence criterion was satisfied. In a second step, maintaining 
the leak node areas, node positions along the pipes would be worked 
out similarly in order to pinpoint leakages. The final step would be 
the insertion of the localized leak nodes in System Model, generating 
an alert message for maintenance staff. After repair, they should be 
excluded from System model, restoring the process back to continuous 
repetition of the algorithm.

VII.	Conclusions, Future Works and Data Availability

Water demand AMR devices are underexplored in the literature 
about LDL, when compared to pressure sensors. Nonetheless, in 
this work, we presented them as a promising alternative for model-
based LDL. Such an effort is fundamental to boost Smart Water 
implementation based on AMR devices, which shall be a growing 
research field in the near future6. As an example of that affirmation, 
we can cite the recent R$3.8 billion (US$ 731 million) investment 
established by the Brazilian public company SABESP to install around 
4.4 million AMR devices in São Paulo and São José dos Campos7.

6  https://www.bluefieldresearch.com/ns/global-smart-water-metering-
market-hits-us6-8-billion-as-digital-transformation-accelerates/
7  https://www.enlit.world/library/brazil-s-sabesp-set-for-major-iot-smart-
water-metering-project

The proposed LDL approach is promising, however, several related 
limitations were addressed in Section VI. Therefore, we intend to work 
on the following future improvements:

•	 Generate a new dataset based on a bigger network, but limiting 
parameter uncertainties to reasonable ranges according to the 
literature;

•	 Include particular tanks for random customers to explore 
indirect pressure inference based on the consumption demand 
measurements, as a strategy to increase data spectrum using the 
same demand AMR devices;

•	 Apply a calibration process to System Model prior to LDL;

•	 Explore statistical methods to characterize unmeasured/fraud 
demands and to infer leak demand out of loss demand more 
precisely;

•	 Evaluate the use of Genetic Algorithms to address multiple and 
pre-existing leakages as discussed in the last paragraph of Section 
VI;

•	 Study about methods to localize unmeasured/fraud demands, 
under the proposed framework.

The approach presented in this work should be further 
considered in the literature. We, therefore, made LeakG3PD-OD and 
the LDL Python algorithms accessible in a GitHub repository8 for 
the academic community.

8  https://github.com/matheuspilotto/LeakG3PD-OD
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Fig. 11. Scenario 324: estimated node pressures near leak may have considerable 
difference to real pressures when leakage starts.
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loss than in scenario 88, see Fig. 4.
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