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Abstract: Currently, the number of common benchmark datasets that researchers can use straight
away for assessing data-driven deep learning approaches is very limited. Most studies provide data as
configuration files. It is still up to each practitioner to follow a particular data generation method and
run computationally intensive simulations to obtain usable data for model training and evaluation.
In this work, we provide a collection of datasets that includes several small- and medium-sized
publicly available Water Distribution Networks (WDNs), including Anytown, Modena, Balerma,
C-Town, D-Town, L-Town, Ky1, Ky6, Ky8, and Ky10. In total, 1,394,400 h of WDN data operating
under normal conditions are made available to the community.

Keywords: large-scale datasets; water distribution systems; water distribution networks; state
estimation; pressure estimation; demand forecasting; surrogate modelling

1. Introduction

Researchers and practitioners working in Water Distribution Network (WDN) analysis
must face the challenges associated with data availability. Privacy, safety, and costs are the
main cause of the aforementioned data limitation [1,2]. The earliest benchmark datasets
aimed to facilitate the planning, design, and management of WDNSs. Such datasets included
the WDN topologies and the physical properties of the systems presented as configuration
files. Those files serve as input to physics-based models that leverage mathematical tools
to simulate the system’s hydraulics. Anytown [3] is one example among the first data
contributions to the water research community. Later, the well-known C-Town dataset [4]
was used in the “Battle of Water Calibration Networks”. Another important contribution in
terms of WDN data is the Kentucky Research Database [5]. It includes data on 12 small
and medium real WDNSs in the state of Kentucky in the United States. These approaches
provide a collection of configuration files that can be used for generating WDN data, but
not the data themselves. The only work known that provides actual data is LeakDB [6],
but the WDNs used in that work are very small (Netl: 10 nodes and Hanoi: 32 nodes).
Moreover, the search space of the input parameters used in LeakDB is reduced to demand,
and pipe rough coefficients, diameter and length, thus limiting the variability among the
generated scenarios.

Recently, researchers in the water domain have turned to data-driven methods when
performing WDN analysis. Several deep learning approaches have been used to solve a
variety of problems, e.g., state estimation, leakage detection and localization, and water
demand forecasting. Nonetheless, all of these methods are known to be data-hungry, i.e.,
they require vast amounts of data for model training. Those data requirements for training

Eng. Proc. 2024, 69, 50. https:/ /doi.org/10.3390/engproc2024069050

https:/ /www.mdpi.com/journal/engproc


https://doi.org/10.3390/engproc2024069050
https://doi.org/10.3390/engproc2024069050
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/engproc
https://www.mdpi.com
https://orcid.org/0009-0006-9079-321X
https://orcid.org/0000-0001-7054-3770
https://doi.org/10.3390/engproc2024069050
https://www.mdpi.com/journal/engproc
https://www.mdpi.com/article/10.3390/engproc2024069050?type=check_update&version=1

Eng. Proc. 2024, 69, 50

20f4

deep learning models expose the shortcomings associated with the existing datasets. First,
the number of common benchmark datasets that can be used straight away for multi-task
purposes is very limited. Second, existing data rarely include time-dependent patterns or a
few patterns are overused by being assigned multiple times to different nodes.

In this work, we fill the data availability gap by providing a collection of datasets that
includes several publicly available Water Distribution Networks. In the current version, our
dataset contains small- and medium-sized WDNs including Anytown, Modena, Balerma,
C-Town, D-Town, L-Town, Ky1, Ky6, Ky8, and Ky10. Following a modified version of the
approach presented in [7], we generated ready-to-use data that represent stable states of
10 WDNSs operating under normal conditions. In addition, we propose a demand pattern
generation method that allows us to assign a different 24 h time-series demand for each
individual node for all networks. As a result, 1,394,400 WDN states are provided. In
addition, we provide a small version of the data that comprises 1000 scenarios per network
with a total of 240,000 h of simulated data. The data provided enable researchers to
address the following tasks: (i) state estimation, leveraging a limited number of sensors to
reconstruct target measurements such as pressure, flow, and head; (ii) demand forecasting,
with the goal of predicting customer demand within a given period; (iii) surrogate modeling,
efficiently replicating the behavior of a simulation.

The remainder of this paper is organized as follows. Section 2 presents our dataset,
describing the parameter selection and parameter boundary determination. Section 3
describes the most important characteristics of our dataset and how they differ from
existing data benchmarks. Finally, in Section 4, we present the conclusions of our work.

2. Dataset Creation

In pursuit of enhanced generalization, the dataset extends the conventional simula-
tion’s capability to untouched hydraulic-related parameters. The simulation is wrapped by
a utility tool, the so-called WNTR [8]. The data generation method involves two phases:
parameter selection and parameter boundary and sample quantity identification.

Parameter Selection: We collected several public WDNs from diverse regions. For
each WDN, its relevant information (e.g., network topology, nodal elevation, demands, etc.)
is compressed into an input (INP) file. We initiated by extracting all hydraulic parameters
associated with every existing component, encompassing reservoirs, tanks, junctions,
pipes, pumps, and various types of valves. It is worth noting that general information
(name, coordinates, etc.) and quality-related parameters were omitted due to the lack of
relevance in the scope of this study and the optimal storage matter. Afterward, a filtering
approach alleviated irrelevant and redundant parameters from consideration. For example,
a demand parameter was represented by base demand—a scaling scalar, and multipliers—
a vector representing the demand pattern. In downstream applications, keeping both
representations was unnecessary, resulting in only storing calculated demand values in
the first-encountered parameter. In total, sixty hydraulic parameters were considered, and,
after filtering, half of them were ready to use.

Parameter boundary and sample quantity identification: The next phase included
the following steps: parameter boundary determination and sample quantity selection w.r.t
WDN. The spectrum of input parameters in the pre-simulation stage is crucial for defining
the data space. In essence, we utilized random sampling, which is a simple yet robust
generation strategy, to synthetically generate numerous scenarios within the simulation. In
light of this, the broader the parameter range, the more extensive the diversity.

In terms of demand, we automatically generated demand patterns by defining a
consumption profile. The profile defined very low, low, mid, and high water consumption
ranges. First, the day was divided into four 6 h segments starting at midnight. Then, the
consumption ranges were randomly applied to the segments of a day, and using a periodic
function, we extended these randomly generated patterns along the time axis to reach a
specified duration.
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To restrict outlier scenarios created by a corrupted set of parameters, we enforced
several rules of validation. In particular, we targeted the pressure, one of the simulation
outputs, and claimed its values in a range of [0, 151] [9]. Nevertheless, the restriction
posed a significant challenge in finding optimal parameter boundaries for each WDN due
to the massive search space. With an anticipated 100 scenarios, an arbitrary selection for
each parameter frequently resulted in zero successful outcomes. As such, we designed a
semi-automatic algorithm searching for an optimal configuration. For every parameter,
the algorithm restricted values within a global data space crafted from available WDN5s
and then strategically selected discrete points along the max—min line. The criterion for
evaluating the “goodness” of the selected values was the ratio of successful attempts out
of 100 cases. By default, this acceptable ratio was set within the range of 40% to 60%. We
noted that after multiple attempts without satisfying the essential ratio, the algorithm
preserved the original value (if present) from the input file. This approach empowers
practitioners to manually refine these parameters, fostering further study to discover the
optimal configuration for each WDN.

Another consideration was the amount of created scenarios for each WDN. Each
network varies in the number of nodes, edges, and topological complexity. As such, creating
the same amount of samples for all WDNSs could increase the burden of computational and
storage units. Nonetheless, there exists no general rule for dataset size estimation. With
this in mind, we empirically adopted a rule of 10, generating records in a quantity 10 times
greater than the number of nodes within a WDN.

3. Discussion

In this section, we dive into the characteristics of the dataset provided. Figure 1
showcases the dispersion of pressure and demand data points between the baseline WDNs
and the synthetic sets generated using our method. Within a valid pressure range, the
baseline WDNs exhibit a concentration of points around 20 m, caused by the small values
of demand (close to zero) in baselines. Such a situation can lead to instability in practical
scenarios. While the baselines cover pressures from 20 to 100 m, our pressure data expand
over a higher range, covering pressures up to 140 m. From Figure 1, it is clear that our
dataset covers a much higher spectrum in terms of demand, contributing to the variety
of the data. This variability is essential for training cutting-edge data-driven algorithms,
providing adaptability and insight into diverse real-world scenarios.

e Ours
0.06 Existing baselines

0.04 N

0.02

Pressure

Figure 1. Density distribution of pressure and demand of our generated data (gray) vs. the WDN
baselines (green).
4. Conclusions

This study highlights the limited amount of ready-to-use data for WDN analysis, show-
ing that existing data collections comprise mostly input configuration files for mathematical
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simulations. Researchers still need to run computationally intensive simulations and tweak
existing data generation algorithms in order to obtain usable data. We provide a dataset of
50 gigabytes of compressed data which includes 1,394,400 WDN states operating under
normal conditions. The data include all of the input parameters used for data generation,
and the outputs obtained with the simulation tool WNTR, e.g., pressure, flow rate, velocity,
head, etc. This work is, to the best of our knowledge, the first large-scale dataset that
contains data that can be downloaded and used right away for different WDN analyses.
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