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Abstract. Buried watermains are deteriorating and pipe failure is increasing in many cities. In 
response, advanced leak location models have been developed to help identify where a leak is 
occurring – which allows utilities to react quickly to pipe bursts and reduce the impact of the 
leak. This paper develops a new leak location model that is designed to identify optimal search 
areas for leak crews using a random forest classification model and the maximum coverage 
location problem algorithm. The model, when compared with other machine learning and 
clustering localization predictions, reduces the search space by over 35%, allowing utilities to 
confirm leak location and mitigate its impact more efficiently. The new model is also highly 
customizable, able to adjust the number of search areas and search size quickly and easily to 
meet leak crews’ requirements. 

1.  Introduction  
Beneath all cities lay a network of underground watermains that deliver drinking water to their 
residents and businesses. Many of these buried watermains have experienced significant deterioration, 
resulting in a major increase in pipe breaks in recent years [1]. The impacts from these pipe breaks can 
be severe, resulting in a loss of service, possible contamination, and impact to nearby infrastructure. 
Therefore, it is a priority for water utilities to locate and repair these leaks as soon as possible to help 
mitigate their impact. However, locating a leak is usually a very difficult task since the length of 
buried watermains that must be checked can be extensively long (for example London, England’s 
water distribution system contains over 20,000 kms of buried watermains [2].  

In recent years a variety of leak location models have been developed that can help predict where a 
leak is likely occurring within the network. These tools aim to improve leak crews’ response time, by 
narrowing their focus, allowing them to locate the leak sooner and mitigate the leak’s impact. 
However, from an operations point of view, these models still leave a lot of room for improvement. 
First, many of the location models developed attempt to pinpoint an exact location of the leak. 
However, leak crews are still required to search in-person to confirm the location of the leak. If the 
leak is not at the predicted location, which is often the case, crews are left wondering where to search 
next. Second, none of the existing models are customized to fit the utilities leak crews’ preferences, 
such as search area size and/or number of search areas, which may be highly dependable on staff 
availability for instance.   

The model presented in this paper addresses these concerns by designing a leak location model that 
identifies optimal search areas for leak crews to confirm leak location. The predicted search area size 
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and number of search areas can be customized to fit the utilities demands at that time of leak detection. 
The model developed applies the Maximum Coverage Location Problem algorithm (MCLP) [3] to a 
node probability prediction from a Random Forest Machine Learning (RF) classifier model. This new 
leak location modelling approach is compared with other machine learning and clustering approaches 
to leak localization to evaluate and ultimately demonstrate its effectiveness.  

The remainder of this paper analyses the effectiveness of the proposed leak location model by first 
providing a quick overview of the literature regarding leak location models. A detailed methodology 
outlines the model’s development. A case study is then used to highlight the impacts of the model’s 
customizable parameters and provide a comparison between other leak location models. 

2.  Leak Location Models 
A digital transition is occurring within the water industry. Many water utilities have begun to realize 
the numerous benefits associated with digitization of their assets and water systems. Remote sensors 
are becoming more popular and leak management models more common. In recent years a large 
increase in leak location models has been developed. The leak location models that have been 
developed use a variety of methods to locate leaks within a water distribution system and can be 
broadly classified into three main approaches: transient based, data driven, or model driven methods 
[4]. 

Transient based methods use high frequency pressure sensors within the water distribution system 
to detect transient pressure waves resulting from a leak occurrence. By analysing this pressure waves 
and identifying the signal variation between sensors, transient based models attempt to identify the 
location of the leak within the WDS. A variety of transient based models have been developed and 
described in detail by various literature reviews [5], [6]. However, transient based models require high 
frequency sensors, which can be very costly and may not be applicable for real-time application or for 
use in large complex water networks [5], [6]. 

Data driven leak location models do not require any specific knowledge regarding the water 
distribution system. Instead, signal processing and statistical analyses are used to detect and locate 
leaks [7]. Most data driven leak models only focus on leak detection, however, it is possible to develop 
a leak location model using data driven techniques[4], [8]. Overall, data driven methods require 
significant amount of historic sensor readings to develop an accurate prediction model and may be 
inaccurate when water network experiences seasonal or festive variation that is common within water 
networks [7]. Due to these drawbacks, the focus of this paper is on the development of model driven 
leak location methods.  

The most popular approach to leak location prediction is via model driven methods. These methods 
rely on hydraulic models of the water distribution system (WDS), comparing simulation reads to 
recorded sensor measurements to help identify where a leak is occurring within the network. Model 
driven methods are able to be calibrated without requiring significant historic sensor readings and have 
been shown to have a high degree of accuracy when hydraulic models are well calibrated [4]. The 
various model driven methods used to detect leak location include sensitivity matrix-based 
approaches, mixed model-based approaches, optimization-calibration approaches, and error-domain 
falsification-based approaches [4]. Instead of focusing on the specific modelling-based method, this 
paper concentrates on the output these models generate, as this has a direct impact on how the model 
is utilized by the utility/leak crews. 

2.1.  Leak Location Prediction Output 
Typically, the leak location models predict a specific geographical point, either through hydraulic 
model node classification, or x-y coordinates using a regression analysis [9]. Using these methods, 
leak crews are sent to the predicted location and if the leak is not there, they are left without any 
guidance on where to search next.  

A few leak location models have been designed to predict a zone within the network that is likely 
to contain the leak. The leak zone prediction models have been developed in two distinct ways; 
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through classification of predefined leak zones / district metered areas [9], [10], or through iterative 
cluster / graph theory partitioning [11], [12]. By splitting up the network into predefined leak zones, 
these location models predict which zone the leak is occurring in. Utility leak crews are then sent to 
search that leak zone and confirm the leak location. These leak zone approaches provide boundaries to 
help guide the leak crews. However, they do not place limits on leak zone size, resulting in some leak 
zones being very large and would take a long time to search.  

Lacking within the literature is a leak location model specifically developed for leak search crews. 
A location model designed for leak crews should identify search areas, based on the crews preferred 
search radius and number of search locations that contain the highest probability of leak. By 
developing this type of model, leak crews would be able to locate and respond to the leak quicker, 
minimizing the overall impact of the leak on the customers, utility, and nearby infrastructure. This 
paper sets out to fill this literature gap by applying the MCLP algorithm to a nodal leak location 
prediction from a RF classification model. This approach allows the specific search area radius and 
number of search areas to be defined by the utility, while outputting the largest probability of 
including the leak within these parameters. 

3.  Methodology 
The following section describes the MCLP leak location prediction model developed as well as the 
development of four other leading leak location prediction used evaluate the effectiveness of MCLP 
modelling approach.  

The overall development of the leak location model involves three main steps: developing a 
training dataset, training the RF classification model, and applying the MCLP algorithm to predict leak 
locations. The overall development of the model is highlighted in Figure 1 with inputs and outputs 
depicted as well. 

 
Figure 1: MCLP leak location model development. 

3.1.  Creating a labelled dataset 
The first step in developing the MCLP location model is to create a labelled dataset to train the RF 
classification model. The dataset is generated by performing several leak simulations for every node 
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within the hydraulic model, storing only the readings associated with sensor values (i.e., flow and/or 
pressure) and the location, or node, of the simulated leak. The simulated sensor values are converted 
into residuals (or z-score) based on a no-leak scenario, as highlighted in Equation 1 below: 

  titititi xavgxz ,,,,              (1) 

where z represents the calculated residual, x the sensor measurement (flow or pressure), i the specific 
sensor, t the reported time step; tixavg ,  and ti,  are the average and standard deviation for sensor 

readings calculated from the non-leak scenario for that particular sensor and time period. For each leak 
simulation a six-hour window of residuals are stored, starting six hours before detection, and ending 
when the burst is detected (which is randomly chosen to occur between 1-4 hours after burst 
occurrence). 

3.2.  Training a random forest classification model 
A random forest machine learning classifier is trained using the labelled dataset. Here each leak node 
represents a class, and the input variables are the residuals for each simulated sensor reading during 
the six-hour detection window. A random forest machine learning algorithm is chosen due to its high 
performance reported in other leak location models [9], [13] and its ease of hyper-parameter tuning 
and robustness against data outliers [14].  

The hyper-parameters are tuned using a grid-search approach for tree-depth and number of trees. 
The tuning parameters are optimized to maximize classification accuracy using a hold-out validation 
dataset. The RF machine learning classifier is then used to predict the probability score for each class 
(or in this case node within the hydraulic model). The predicted probability for each node is used as an 
input to the Maximum Coverage Solution Problem in order to identify the optimal search area(s). 

3.3.  Maximum coverage location problem 
The Maximum Coverage Location Problem (MCLP) is a type of geographical location set covering 
solution that was developed in 1974 by Church & Revelle [3] but has garnered significant attention in 
recent years as large GIS datasets have been developed and used to solve unique problems [15].  

To identify the optimal search areas for leak detection crews, the MCLP is applied to the output 
from the RF classification model. Since the RF classification model predicts the probability of the leak 
occurring at each node within the network, the MCLP can be used to group these results 
geographically, using the node’s geographic coordinates, and locate the search areas that maximizes 
the predicted likelihood of containing the leak event.  

The MCLP algorithm adapted to leak location is as follows: 
1.  


Ii ii yazMaximize  , 

2. IixytoSubject
iNj ji  

    : , 

3. px
Jj j  

, 

4. Iiyi    ,10 , 

5.   Jjx j    , 1 ,0 , 

where: 
Ii,  the index and set of EPANET nodes (i.e. possible anomaly locations); 
Jj,  the index and set of search area centroids; 

ia   the predicted probability at node i; 

jid ,  the shortest distance from node i to search area centroid j; 

S  the search area radius; 

iN    Sdj ji ,|  = the nodes j that are within a distance of S to node i; 

p  the number of search areas to be determined; 
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jx   a binary variable that equals one when the search centroid is located at the j-th node; 

iy   a binary variable which equals one if node i is within one or more search areas. 
To solve the MCLP a list of possible search area centroid locations is required. However, search 

area centroid locations are typically not defined by a utility / leak detection crew since crews are often 
flexible enough to go to any location throughout the network. Therefore, a grid of possible search 
areas that cover the entire network is created using the hydraulic model’s nodes with maximum and 
minimum latitude and longitude coordinates to create a grid boundary. A grid of possible search area 
centroids within this boundary is then generated using a set distance between grid points.   

In addition to the grid of search areas centroids, preferred search area radius and number of search 
areas must be provided to solve the MCLP.  Various grid spacing, search area radiuses, and number of 
search areas are compared and discussed in the results section. 

4.  Case study 
An EPANET hydraulic model representing a UK water distribution system is used to evaluate the 
impact grid size, search radius and number of search areas have on the MCLP approach as well as the 
model’s overall effectiveness.  

A schematic of the case study’s EPANET water network is presented in Figure 2 below. 
 

 

Figure 2: Example EPANET schematic. 

The EPANET network is a gravity fed network, supplied by a single reservoir. The hydraulic 
model is set-up to run with 15-minute extended period analysis and is assumed to have a weekly cycle 
(i.e., steady-state is reached with a weekly pattern of flows, pressures and demands). The overall 
attributes of the model are highlighted in Table 1 below: 

Table 1: Greater Torrington hydraulic model attributes. 

Network attribute Value 
# of Nodes 1005 
# of Pipe Segments 783 
Total length of Pipes (km) 25.25 
Avg. Pipe Diameter (mm) 118 
Avg. Daily Demand (LPS) 13.43 
Avg. Pressure (m) 48.0 
Geographic Area (km2) 12 
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Hypothetical pressure and flow sensors are modelled within the EPANET at thirteen locations 
throughout the network. Sensor readings are obtained by performing a hydraulic analysis using the 
EPANET hydraulic model, with the readings corresponding to the link or node id of the sensor for 
every 15-minute time increment.  

4.1.  Leak simulations 
To build a comprehensive training dataset, six leaks are simulated at every node with random start 
times. The leaks are simulated using EPANET’s emitter equation: 

PCQ                 (2) 

where Q is the leakage flow, C is the emitter coefficient, P is the nodal pressure and  is the emitter 
exponent. The emitter coefficient is randomly selected between 0.5 to 3 and the emitter exponent set to 
0.9. 

To reflect realistic scenarios, noise is added to user demand and sensor readings. Demand noise is 
added to each node by multiplying a noise factor to the original demand at that time step. The noise 
factor is selected from a normal distribution with an assumed standard deviation of 0.25. Noise is also 
added to the simulated sensor readings to reflect measurement inaccuracy that is typical with all 
sensors. The sensor noise is added to the sensor reading and is assumed to follow a normal distribution 
with standard deviation of 0.5.  

The sensor readings simulated during the leak scenario are converted into residuals using the 
residual equation (Equation 1). A six-hour window of residuals is stored for each simulation, starting 
six hours before leak detection awareness. For testing purposes, the leak detection time is randomly 
chosen to occur between 1 to 4 hours after burst occurrence.  

5.  Results 

5.1.  Random forest machine learning classification model 
To tune the RF hyper-parameters, a grid search methodology was employed, and results were tested 
using a validation dataset which included leak scenarios for 100 randomly selected leak nodes. The 
tuning parameters assessed include: 

 Tree depth: [100, 200, 300, 400, 500, 600]; 
 Number of trees: [25, 50, 100, 150, 200, 250, 300]. 

The results from this analysis suggest the optimal tuning parameters were a tree depth of 250 with 
300 decision trees developed. The overall accuracy of the classification model tested on an 
independent test dataset was 7.5%. These results suggest the model can identify important variations 
in sensor data to detect the leak node location, since the model’s accuracy is roughly 75 times greater 
than chance. However, this is still a relatively low accuracy from a leak detection perspective, 
highlighting the importance of identifying leak search areas (that are more likely to contain the leak), 
instead of specific location predictions. 

5.2.  MCLP sensitivity analysis 
A sensitivity analysis is performed for each of the MCLP parameters, which include grid size, search 
radius and number of search areas. All sensitivity analyses were performed using an independent test 
dataset set of 100 randomly generated leak scenarios.  

Table 2 reflects the impact of grid spacing on predicting leaks located by MCLP approach 
assuming two search areas, each with a search radius of 50m. Table 2 highlights the trade-off between 
computation time and accuracy of locating leaks within the MCLP search area by adjusting the grid 
spacing of search area centroids. As the grid spacing becomes smaller, more search areas must be 
evaluated by the MCLP algorithm. This improves the likelihood of identifying the optimal search 
location and its likelihood of containing the leak but results in greater computation time. It is up to the 
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requirements of the utility to determine the grid spacing that works best for them (weighing the trade-
off between computational requirements and leak location accuracy).  

Table 2: Impact of grid spacing on predicted leaks located by MCLP. 

Grid 
spacing (m) 

Computation 
time (sec) 

Predicted probability 
covered 

Leaks 
located 

10 278 40.5% 64% 
15 131 39.6% 64% 
25 51 38.8% 63% 
40 23 36.1% 60% 
60 11 34.4% 60% 
80 8 31.2% 52% 

 
The second parameter analysed is the search radius. This analysis is performed using the 100-leak 

test set for two search areas, with 25 m grid spacing between centroids and various search radii. 
As shown in Figure 3, as the search radius increases the likelihood of the search area containing the 

leak increases as well. However, a large search radius would require leak crews to search a larger area 
before locating the leak. Therefore, choosing a search radius will depend on a utility’s own preference 
for accuracy and total search area (i.e., a trade-off between resolution and accuracy). 

 

 

Figure 3: Search radius versus leaks located within search areas. 

Lastly, the MCLP approach was analysed using a various number of search areas. A utility with 
several search crews may prefer several search areas to be identified to increase the speed of which the 
leak location is confirmed. The following table highlights how the number of search areas impact the 
accuracy of identifying the leak location using the 100-leak test set, with 25m grid search and 50m 
search radius. As the number of search areas increase the accuracy of detecting the leak increases as 
well. However, again a trade-off between total search area and accuracy must be made by the utility. 

Table 3: Impact of search areas on anomaly detection. 

Number of 
search areas 

Predicted probability 
covered 

Leaks 
detected 

Total search 
area (m2) 

1  25% 45% 5,027  
2  40% 59% 10,053  
3  51% 65% 15,080  
4  59% 73% 20,106  
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Overall, the sensitivity analysis performed highlights one of the major strengths of the MCLP 
approach – that is its customizability. The MCLP leak location model can be adjusted to fit the utilities 
specific computation and/or labour resources.  

5.3.  Model comparison 
The Random Forest MCLP model developed is compared with other machine learning and clustering 
localization models. Specifically, the Random Forest MCLP approach detailed in this paper is 
assessed using one search area (MCLP-1 SA) and two search area (MCLP – 2 SA), expanding the 
search radius until 50% of the simulated leaks within the test set are accurately identified within the 
search area(s). The required search areas are then compared with three other leading location models: 

1. A classification random forest model (Classification - 1 SA) - where the node with the highest 
predicted probability being chosen as the centroid for the search area. A single circular search 
area is expanded out from this centroid until 50% of the leaks from the test dataset are within 
the search areas. 

2. A regression based random forest model (Regression - 1 SA) - where the model predicts the 
latitude and longitude of the search area. A single circular search area is expanded outwards 
from the predicted latitude and longitude until 50% of the leaks from the test dataset are 
within the search areas. 

3. An agglomerative hierarchical clustering model (Clustering - 2 SA) – where a random forest 
model classification model is trained to predict probabilities of the leak occurring at each node 
for each simulation. Using this output, an agglomerative hierarchical clustering algorithm is 
performed using a max linkage parameter set to the desired search diameter [16]. The search 
diameter is expanded until two clusters include 50% of the leaks from the test dataset.  

 

 

Figure 4: Comparing search areas for various location methods. 

Figure 4 identifies the geographical search area required by each model to accurately locate 50% 
of the simulated leaks within the test dataset. The results indicate that the Random Forest MCLP 
approach requires the smallest single search area (35% less than leading regression-based model) and 
the smallest two search area (34% less than the clustering model). Overall, these results indicate the 
Leak location model developed in this report is effective at reducing the search space required to 
locate the leak and outperforms the other leak location models assessed.  

6.  Conclusion 
Watermains throughout the world are deteriorating and pipe breaks appear to be increasing [1]. Leak 
location models that are able to predict the location of leaks can be a very useful tool to help utilities 
respond to pipe bursts quickly and mitigate their impact. For these tools to be effective they must be 
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designed with the end-user in mind, which in this case would be leak crews that are tasked with 
confirming the leak location and begin leak mitigation response.  

This paper develops a new leak location model, specifically designed to reduce the leak search area 
required by leak crews to locate and mitigate the leak. Specifically, a MCLP approach is applied to the 
output from a RF machine learning classification to predict ideal search area(s) for leak crews to locate 
a leak.  

The new model is compared with other machine learning and clustering localization models and the 
results indicate the MCLP approach significantly reduces the search space required for leak crews to 
locate the leak. By reducing the search space, the leak crews will be able to locate the leak quicker and 
mitigate the impacts to the customer and the utility. The MCLP approach also has the important 
benefit of being highly customizable, being able to adjust the size of the search area, and/or the 
number of search areas to meet leak crews’ preferences.  

Overall, the MCLP model is a promising approach to leak location. Future research will continue to 
advance this applicability of this model. Specifically, developing a heuristic approach to identifying 
the ideal search area centroid for the MCLP approach could improve the accuracy and computation 
requirement for the leak localization model. Also, a more in-depth analysis into the model’s sensitivity 
to hydraulic models’ inaccuracies and sensor reading inaccuracies would help identify level of 
calibration and sensor accuracy is needed before the model is implemented within a water distribution 
system. The current approach described in this paper assumed a set level of noise/inaccuracy with 
sensors and hydraulic model. Adjusting this inaccuracy level until the model fails to predict the 
location would allow a utility to understand the accuracy needed before implementing the leak 
localization model [17]. Also worthwhile to investigate would be the impact of background losses, or 
small ongoing leaks, on the localization model’s accuracy, since all water distribution systems have 
some level of background water loss. Analyzing the impact these background losses can have on the 
leak localization accuracy will allow water utilities to determine whether this approach is viable for 
their particular system. 
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