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Abstract: This paper presents an integrated approach using both data-driven and hydraulic model-
based methods to localize anomaly events in near real time (NRT). Upon detecting an NRT anomaly
event, the pressure drops at sensor locations are calculated, followed by estimating the pressure
drops at junction nodes via an inverse-distance weighted interpolation method. Clustering is then
performed based on pressure drops at junction nodes and network topology to segregate and reduce
the search areas. Afterwards, a genetic algorithm optimization is performed with hydraulic model
simulations to further pinpoint the anomaly hotspots. The integrated method has been tested
on real leakage events with field data, where the localized leak hotspots are within 300 m of the
ground-truth leaks.
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1. Introduction

In urban cities, water utility companies supply potable water to users via water
distribution networks (WDNs). It is inevitable to have water losses in WDNSs such as
underground pipe leakages and overflows from storage tanks, which contributes to the
nonrevenue water (NRW). Detecting and localizing unreported hidden leaks at an early
stage can generally reduce NRW and prevent unreported leaks from developing into
service-disruptive water main break events. Recently, the rapid development and reduced
cost of the internet of things (IoT) have made it possible for the real-time or near-real-time
detection and localization of leaks in WDNSs. The centralization of different data sources
such as IoT sensors and SCADA systems also makes various types of data (flow, pressure,
acoustic, operation conditions, et al.) available for leak analysis in near real-time (NRT).
Consequently, there are growing numbers of studies that focus on data-driven approaches
to model the complex problem.

Despite decades of efforts in methodology improvements for water loss reduction,
we identified that the main challenges as well as trends in leak localization research and
software implementation include (1) localizing simultaneous multiple leaks by taking the
advantages of both spatial correlation and hydraulic model-based approaches; (2) conduct-
ing leak localization based on anomaly event detection results; (3) efficient and effective
leak localization in near real time; and (4) validating the effectiveness of leak localization
approaches in real systems with real data.
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In this study, an integrated approach is developed to combine the benefits and mean-
while to overcome the challenges of both data-driven and model-based approaches for
anomaly (leak or sudden demand increase) localization. We target to localize anomaly
events (including simultaneous multiple events) in real WDNs with real data accurately
and efficiently. The entire localization framework is fully automated and incorporated in
the software named Anomaly Leak Finder (ALF). In collaboration with PUB, Singapore
National Water Agency, near-real-time anomaly detection and localization are conducted
using ALF. This paper focuses on anomaly localization only, and the entire framework
from data preprocessing to outlier detection, system leak event detection, and model
recalibration is detailed in previous publications [1,2].

2. Methodology

An integrated framework has been developed for anomaly localization, mainly con-
sisting of data-driven and model-based methods, as shown in Figure 1. This framework is
implemented in the ALF software with the purpose of not only accurately determining the
leak locations but also to facilitating the daily operations of WDNSs for leak searches.
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Figure 1. Integrated anomaly localization framework.

Once there is an NRT anomaly event detected by the upstream functions of the
software, data-driven localization is triggered. The pressure drops of sensors are calculated
based on the NRT monitored pressures and the baseline pressures, and the pressure drops
at junction nodes are estimated using inverse-distance interpolation. In the case study with
field data, the baseline pressure of a sensor is predicted using the deep belief network with
the extended Kalman filter (EKF-DBN) in our software [3], which is able to adapt to the
WDN operational changes.

In the above data-driven approach, junctions with the highest estimated pressure
drops represent the areas of possible anomaly events or hidden leaks. To facilitate the field
search for leaks, it is important to narrow down the search areas and meanwhile to avoid
missing possible multiple concurrent leaks. As such, a network topology-based search
method is formulated to cluster the pressure drops into individual search areas. The search
begins with the junction node having the maximum pressure drop among the available
junctions, and the connected chains are traced down until the boundary is reached, when
the pressure drop at the next junction starts to increase with a preset tolerance. The visited
junctions in all the chains are grouped into a cluster. The available junctions are updated
by excluding the clustered junctions, and the search proceeds until the maximum pressure
drop in the available junctions falls below a preset threshold.

Then, the hydraulic model-based localization searches for a few leak hotspots and their
individual emitter coefficients via genetic algorithm optimization [4]. The leak hotspots are
emulated as emitters at nodes where leaks are modelled as pressure-dependent demands in
addition to real consumptions. The emitter locations and coefficients at possible leak nodes
are the decision variables to be optimized such that the cost function is minimized. To speed
up the optimization, the GA optimization is accelerated by integrating Darwin Optimization
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Framework (DOF) [5], in which the GA engine is decoupled from the fitness evaluation,
so that the manager—worker MPI parallelization scheme is adopted for accelerating the
overall optimization process.

3. Applications

The case studies are based on a real WDN in Singapore, as shown in Figure 2a. The
WDN consists of 11,410 pipes (total 313.8 km), 9299 junctions, 1875 valves, and 2 service
reservoirs. The pipe diameters range from 50 mm to 2500 mm. There are 35 pressure
sensors and 1 flow meter at the inlet of the WDN.
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Figure 2. (a) Pressure drops of sensors across the WDN on 16 August 2022; (b) Estimated pressure
drops of junction nodes; (c) Leak search areas (red-coloured pipes) after clustering and leak hotspot
(blue dot) via Darvin localization; (d) Reported ground-truth leak (red dot) by WDN operators on 19
August 2022.

In this test case with field data, the flow data and pressure data are collected every
5 min and resampled every 15 min. The raw data are preprocessed to deal with data errors
such as missing or duplicated time steps. The NRT duration is emulated with the historical
data during August-September 2022. There are two events identified by the NRT anomaly
event detection in the software that started on 16 August 2022 and 13 September 2022.
Table 1 summarizes the localization results. For both detected leaks, the search area after
clustering contains the ground-truth leak, and the localized hotspot is within 300 m to the
ground-truth leak, which would significantly reduce the leak search time.

Table 1. Localization results of the detected leak events in field tests.

. Clustered Search Areas Covering Distance of Localized
Starting Date of Detected Leak  Date of Reported Leak the Ground-Truth Leak? Hotspot to Ground Truth (m)
16 August 2022 19 August 2022 Yes 250 m
13 September 2022 14 September 2022 Yes 220 m

The localization results for the 16 August leak event are depicted in Figure 2. Figure 2a
shows the pressure drops of the three event sensors: S_13 shows the highest pressure drop
at 2.53 m H,O, followed by S_12 at 2.25 m H,O and S_37 at 1.21 m H,O. The pressure drops
at junction nodes are estimated, and there is an area of high pressure drops near the three
event sensors, as shown in Figure 2b. After clustering, there appears a cluster forming the
search area of the anomaly event in Figure 2c, consisting of 8.6 km of pipes, which are used
as input to further pinpoint the leak hotspot via hydraulic model-based optimization. The
leak hotspot in Figure 2c is located near S_12, although the highest pressure drop is at S_13,
suggesting good accuracy of the hydraulic model-based localization. The detection and
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localization results are verified by a reported leak event on 19 August 2022 near S_12, as
shown in Figure 2d, which is only 250 m to the localized hotspot. The leak hotspot serves
as a good reference to the starting point of the field search.
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