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ABSTRACT Ensuring a reliable water supply in the face of changing conditions and 
growing demand is a critical global challenge. Water distribution networks (WDNs) are 
essential infrastructure, but traditional modeling methods based on historical data often 
struggle to adapt in real-time and integrate new information. In order to lower model 
errors in WDN models, this study explores the use of a Data Assimilation (DA) method 
that makes use of the Ensemble Kalman Filter. The study explores the effectiveness of the 
DA method, and a novel Greedy Algorithm (GA) for optimizing the location of sensors. 
The study shows that the DA method improves the WDN model and the GA is able to 
successfully determine optimal sensor locations. It was observed that increasing the number 
of sensors in the WDN increased the effectiveness of the DA method. This study highlights 
the potential of data assimilation to improve WDN modeling. Water utilities can gain from 
more precise predictions, greater system performance, and efficient decision-making for the 
management and maintenance of water distribution networks by allowing models to adapt 
and improve dynamically.
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Introduction 

Water is an essential element for life, and its management and accessibility are 
pressing global concerns. According to the United Nations (2022a), the availability 
of water varies worldwide, with some regions facing scarcity and others experiencing 
surpluses, compounded by the growing demand for water from expanding 
populations and economic growth. The 6th United Nations (UN) Sustainable 
Development Goal (SDG) aims to provide access to clean water and sanitation for 
all by 2030. Its fourth target prioritizes improving water efficiency and sustainable 
management of fresh water resources to combat water scarcity (United Nations, 
2022a).

 A WDN is a collection of interconnected pipes, valves, pumps, tanks, and other 
equipment that carries water from a source, such as a treatment plant, to end 
users, like residences and commercial buildings. A WDN ensures that all users 
have constant access to pressurized, safe drinking water. WDNs play a crucial 
role in delivering potable water to consumers and are vital to the community and 
urban infrastructure. To maximize the performance of WDNs, numerous methods 
and tools have been developed, including hydraulic models, demand management 
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tactics, and real-time control and monitoring systems. These methods can be used 
to improve the effectiveness, efficiency, and sustainability of WDNs.

Hydraulic modelling is a commonly used decision support tool by water 
operators to simulate and analyze WDN behaviour. This involves creating a digital 
representation of the WDN using computer software, simulating various scenarios, 
and evaluating the impact on the system. The model considers factors such as 
water pressure and flow rate to predict the behaviour of the WDN. The results 
of simulations help optimize its design, operation, and maintenance to ensure 
reliability and efficiency. The limitations of offline models in capturing the intricate 
nature and diversity of real-world systems have been acknowledged in previous 
studies (Antonowicz et al., 2018; Rossman, 1994). Data Assimilation emerges as a 
viable solution to overcome these challenges.

Data Assimilation 

A typical Data Assimilation (DA) process involves comparing a model forecast 
(prior) with recently acquired observations, updating the model state to reflect 
the observations (posterior), starting a new forecast, and so on  ECMWF (2013). 
DA is important, as a model which is running independently of measured data 
is likely to diverge away from reality due to unknowns in the process and due to 
uncertainties in the initial conditions (University of Reading, 2022).

Measurements and models are combined through DA in a way that takes into 
consideration each other’s uncertainties while also adhering to specific constraints. 
These consist of how the measurements physically connect to the system’s variables 
and the rules of the system as expressed by the model equations (University of 
Reading, 2022).

When there is a high variance in the measured data, the assimilated model results 
are biased towards the model estimates which have a lower variance. Similarly, 
when there is a high variance in the model estimates, the assimilated model is 
biased towards the measured data which has a lower variance (Mathworks, 2022).

Digital Transformation 

The ongoing global digital transformation is revolutionizing various industries, 
including water distribution. Installation of Advanced Metering Infrastructure 
(AMI) in WDNs with the use of smart meters and networking technologies that 
allow the transmission of data to a centralized system and track water usage in real 
time allows water operators to monitor demand, and identify leaks and other issues 
more quickly (Tuser, 2022).

DA in WDNs 

Todini (1999) first introduced the application of Kalman Filter (KF) for calibrating 
pipe roughness coefficients in Water Distribution Networks (WDNs) with a linear 
structure. To handle nonlinear systems, Shang et al. (2008) utilized Extended 
Kalman Filter (EKF) to estimate nodal demands in a small hypothetical network 
by approximating nonlinearities with tangent linear operators. While these studies 
demonstrated good results with KF and EKF in cases of limited nonlinearity and 
uncertainty, their effectiveness may be hindered in highly looped networks (Van 
den Bossche, 2012) or when dealing with significant measurement errors (Shang 
et al., 2008).

The effectiveness of Ensemble Kalman Filter (EnKF) was demonstrated by 
Okeya et al. (2014a)in updating water demands and demand model parameters 
for a Water Demand Forecasting Model, assuming known pipe roughness values 
and no leakage. Okeya et al. (2014b) extended this approach to burst detection 
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by applying Kalman filtering to flow observations and forecasts from a hydraulic 
model, and later, Okeya et al. (2015) showed that this methodology effectively 
detected bursts in real-time and estimated leak flow. Ruzza (2017) conducted a 
similar leak detection study in WDNs using KF, EnKF, Ensemble Smoothing, 
and Normal-Score EnKF for identifying nodal leakages. Zhou et al. (2018, 2022). 
demonstrated that ensemble-based methods ensure stable calibration results and 
long-term accuracy of models.

EnKF avoids the need for model linearization by simulating model states using 
an ensemble of parameters obtained through Monte Carlo perturbations. Particle 
Filter (PF), which extends the use of the ensemble to non-Gaussian models and 
increases the ensemble size, was successfully employed by Do et al. (2017) to 
estimate nodal demand patterns in WDN models, accounting for measurement 
errors. Bragalli et al. (2016) conducted a recent study testing the use of EnKF in 
WDNs, employing an innovative 3-step EnKF approach for a small WDN, which 
displayed promising results in terms of multi-step data assimilation capabilities.

EnKF is an ideal and optimal method for applying DA for WDN as EnKF is 
stable with large nonlinear systems and a low probability of divergence from the 
true value. The computational demand of EnKF is also lower than PF (Gillijns 
et al., 2006; Simon, 2006; Van den Bossche, 2012). A comparison of various DA 
methods with EnKF is provided in Table 1.

Table 1
Characteristics of DA Methods

Computational 
Demand

DivergenceApplicable 
System Size

Applicable 
Systems

DA 
Method

LowLowSmallLinearKF

MediumHighSmallNon-Linear (First 
order)EKF

HighLowLargeNon-LinearPF

MediumLowLargeNon-LinearEnKF

Source: Gillijns et al., 2006; Simon, 2006; Van den Bossche, 2012.

In summary, there is a need for accurate and efficient modelling of WDNs. To 
improve the design and rehabilitation works of WDNs such as optimizing system 
performance via calibration, improving water supply reliability, and improving 
operational decision-making by enabling the identification of anomalies, preventing 
leaks and reducing operational costs. Current models do not fully capture the 
complexity and variability of real-world systems, leading to suboptimal decision-
making. In this research, we explored the potential of the proposed DA technique 
to reduce model error, explore the factors that influence the effectiveness of the 
applied DA and assess its practical applicability.

Case Studies 

One theoretical network which is representative of a real-world WDN is taken 

for this study, Modena network which is the same WDN used by many similar 

studies. Bragalli et al. (2016) utilized the WDN to understand the effectiveness 

of a 3-step EnKF DA method, Han et al. (2020) utilized it for seismic resilience 

enhancement of urban water distribution system and Bhave and Gupta (2006) 
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used in for water quality based reliability analysis. The network consists of 317 

pipes, 268 nodes and 4 reservoirs with a fixed head between 72.0 m and 74.5 m. 
The layout of the network is given in Figure 1. The network has a total length of 
71. 8 km of pipes with diameters between 100 mm and 400 mm. In the upcoming 
section we will delve into the methodologies used to test the effectiveness of the 
DA Algorithm with the Modena network.

Figure 1: Modena WDN

Methodology 

The EnKF DA algorithm was used for the DA. More details on the DA can be 
found in Fayaz et al (2023, under preparation).

Evaluation Metric 

As a measure of the effectiveness of the system, the Total Variance (TV) is calculated 

similarly to Bragalli et al., (2016). To utilize the TV for extended period simulation 

the daily average TV value was obtained. Also, to utilize the TV for optimization 

the value was normalized the sum of the normalized average TV of all system states 

were summed and the normalized average was obtained.
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Applying the DA for Optimization of Sensor Locations 

The location of sensors plays an important part in understanding the hydraulic 
state of the WDN. The location of sensors determines the quality and sometimes 
the quantity of data that can be collected which impacts the efficiency and accuracy 
of the DA Algorithm. In some cases, there may a limited number of sensors 
available to be installed due to budgetary or time constraints. As such sensors need 
to be strategically placed in critical locations that can provide the most amount of 
information and allow the most significant reduction of uncertainty through the 
utilization of the DA algorithm.

In this study, an optimization problem was defined to find the optimal 
configuration of sensors. A Greedy Algorithm (GA) was utilized to find the optimal 
configuration of sensors with the objective function of minimizing the sum of the 
normalized average TV. GA works by making locally optimal solutions at each step 
incrementally improving the solution at each step, leveraging on the current best 
result, in the hope of obtaining the best overall solution.

The GA works with the following steps for each sensor type:
1. A sensor location is selected from the WDN. A node for head or demand and 

a link for flow sensors
2. Run the DA Algorithm and calculate the sum of the normalized average TV 

based on the outputs of the DA Algorithm
3. Iterate over the remaining locations of sensors which have not been selected 

and repeat step 2 for each location.
4. Select the location that has the lowest sum of the normalized average TV and 

add it to the list of configured sensors.
5. Repeat steps 2 – 4 until the desired number of sensors is reached.
6. After all sensor types have been configured, the final sensor configuration of 

head, demand and flow sensors can be obtained.
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It is important to note that the GA does not guarantee a globally optimal solution, 
but literature shows that GA is effective in obtaining near-optimal solutions within 
a relatively short period as the search space consecutively gets smaller as each 
sensor gets optimized.

Figure 2: Framework of the GA used for optimizing sensor locations for DA

Results and Discussion 

The DA algorithm assimilates head measurements followed by flow measurements 

and lastly demand measurements. The results of the optimization of the sensor for 

Modena are shown in Figure 3 and Figure 4. As seen from the results, the increase 

in the number of sensors successfully decreases the sum of the normalized average 

TV of the DA showing a consecutive improvement in the results as the number of 

sensors is increased. Due to the significantly high computational demand, only up 

to 40 sensors were optimized for this study. However, an asymptotic limit can be 

seen within the number of sensors optimized, where an increase in sensors beyond 

28 – 30 sensors does not show a significant improvement in the effectiveness of the 

DA in the case of Modena.
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Figure 3: Sum of normalized average TV against no. of optimized sensors for Modena

Figure 4: Optimized Monitoring Networks for Modena WDN (Blue: One Sensor, Orange: 
2 Sensors)
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Conclusions and Recommendations 

The main objective of this research study was to examine the efficacy of using DA 
for reducing the WDN model error and exploring the potential of using DA to 
locator sensors optimally in the WDN.

The results showed that an increase in the number of sensors of each type 
does improve the effectiveness of the DA. However, despite the use of a GA, 
the computational demand of the DA for an iterative search of single sensors 
proved to be quite demanding. It was also seen that beyond 28-30 sensors, does 
not significantly improve the results of the DA, suggesting additional sensors not 
providing a significant improvement in the state estimation of the WDN. Hence, 
it is understandable that water operators can opt to optimize the use of sensors in 
their WDN by using the proposed DA and GA algorithms to ensure an optimized 
number of sensors are used in their respective WDN’s, reducing the investment 
costs of different types of sensors needed for the WDN.

The use of the DA in WDN shows promising results and implementation of a 
multi-step DA has advantages that allow the use of all available information. The 
GA optimization also shows that depending on the WDN characteristics a limited 
number of optimized sensors can provide a significant improvement in the error 
in the WDN models, without extensive monitoring of the WDN with unoptimized 
sensors. Further development of the 3-step DA to include detection of leaks and 
anomalies, calibration of WDN models can also be explored.
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