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Abstract
The increasing prevalence of water scarcity has spurred a surge
in research efforts globally. To test and validate new concepts and
ideas, readily accessible data is crucial for thorough evaluation. In
this study, we examine recently published household water datasets
and position them within the context of a prior review, revisiting
trends theorized four years ago. Furthermore, we assess the impact
these datasets have had on the research community and observe
that, among more than 400 related publications, none involve an
external research group reusing the published data. To provide
guidance for future data collection efforts, we identify five factors
that may influence external research groups’ decisions on whether
to utilize published data in their studies.

CCS Concepts
• General and reference → Surveys and overviews; • Human-
centered computing → Ubiquitous and mobile computing; Ac-
cessibility.
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1 Introduction
Climate change has gradually emerged as one of themost significant
challenges facing humanity in recent decades. With rising global
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temperatures and increasingly extreme weather phenomena, such
as droughts, water is becoming an increasingly valuable resource [7,
31]. Consequently, the conservation of water and the enhancement
of its efficient use have become central topics for a growing research
community [1]. A key area for improvement is water consumption
in residential households, which are among the largest consumers
of potable water [16]. Given the large number of affected consumers,
even minor changes in household water use can lead to substantial
reductions in overall water consumption.

To understand, analyze, and test new methodologies related to
water consumption, a substantial amount of reliable data is essen-
tial. The process of collecting such data is often labor-intensive,
requiring specialized expertise across various stages, from sen-
sor setup to post-processing. To reduce the burden on other re-
searchers and to facilitate comparability and reproducibility, there
has been a growing trend of publishing datasets collected as part of
research studies [8]. However, unlike in the related field of house-
hold electricity consumption—where datasets and methods like
Non-Intrusive Load Monitoring (NILM) [11] have gained wide-
spread acceptance [26]—the field of household water consumption
research has seen only limited adoption of published datasets [8].
As a result, most research on household water consumption is
conducted with little comparability.

This review aims to identify the challenges that currently hinder
the advancement of interconnection and comparability in the field
of household water consumption research. To achieve this, we make
the following contributions:

• Comprehensive dataset overview:We provide the most
up-to-date and comprehensive overview of household water
datasets by integrating 18 newly published datasets from
multiple regions into an existing collection and analysis of 31
datasets [8], uncovering increased interest of regions where
water scarcity is becoming an issue. This extension offers a
broader understanding of global water consumption trends
at the household level.

• Identification of key barriers to data reuse: Through
an analysis of over 400 related publications referencing the
datasets, we uncover that the published data sees no reuse. By
investigating the accessible datasets themselves, we identify
five critical factors—data quality, type, transferability, dura-
tion and documentation—that prevent the reuse of house-
hold water datasets by external researchers. These insights
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highlight actionable areas for improving dataset utility and
adoption in future research efforts.

• Recommendations for future dataset creation: We pro-
pose recommendations to improve the design and sharing
of household water datasets. By addressing issues such as
dataset size, temporal resolution, and transferability, our
work offers practical guidelines to enhance dataset reusabil-
ity and foster cross-validation, ultimately promoting a more
interconnected research community.

2 Background and Motivation
Research on water consumption has garnered increased attention
in recent years, largely due to significant advancements in meter-
ing technology [8], which have made it feasible to collect data for
subsequent analysis. Consequently, there have been efforts to con-
solidate insights and publications related to this research domain.
Previous reviews, such as those by Abu-Bakar et al. [1], have primar-
ily focused on methodological advancements in sensor selection,
technology, placement, and subsequent data processing.

There have also been discussions on the availability and quality
of datasets, which are closely related to our work. Notably, di Mauro
et al. [8] provided a comprehensive overview of the datasets cited
and used in the literature until 2020, introducing several categories
and scales for comparison. Importantly, they introduced the spa-
tial scales of data resolution (city, district, household and end-use),
finding that out of 92 datasets reviewed in total, 31 were on the
household scale. They identified trends such as an increase in the
number of datasets published each year and a rise in open-access
datasets. Mazzoni et al. [17] examined cross-regional similarities in
water consumption by aggregating and comparing findings from
existing publications. While they also analyzed related datasets
using scales similar to those of di Mauro et al., their focus was on
the findings reported by the publications rather than on providing
a comprehensive list or quality assessment of the datasets.

Van Tuyl and Whitmire [32] assessed datasets based on four
main criteria—Discoverability, Accessibility, Transparency, and Ac-
tionability—and found that nearly all examined publications fell
significantly short. However, their analysis was limited to publica-
tions funded by the NSF at Oregon State University.

Both di Mauro et al. and Van Tuyl and Whitmire highlighted
several issues regarding the accessibility of published data. The
objective of our contribution is to determinewhether these concerns
have been acknowledged by the research community and to what
extent the current situation has improved. Furthermore, we examine
datasets with open-access policies to identify potential issues with
their utility, as cross-validation (e.g., in [20]) has received limited
attention in the field to date.

3 Methodology
To provide an updated perspective on di Mauro et al.’s comprehen-
sive dataset review [8], we adopted a similar research methodology.
Using databases such as Google Scholar, Mendeley, Mendeley Data,
and data.world, we searched for keywords including "Household
water", "water consumption", "household water consumption", "wa-
ter demand", "water meters", "smart water meters", and "household
water meters". Consistent with our focus, and as indicated by our

keyword choices, we excluded datasets at the district scale [8], opt-
ing only for those with granularity at the building level. This is
because research on district-level water consumption typically con-
centrates on the supplier rather than the consumer.

We compiled a list of the identified datasets and excluded all
those already mentioned by di Mauro et al. Subsequently, we cross-
referenced our list with Mazzoni et al.’s analysis [17], which explic-
itly aimed to include datasets more recent than those reviewed by
di Mauro, and we extended our findings accordingly. Given that we
retrieved more datasets than those covered in Mazzoni et al.’s exten-
sion, our contribution, in conjunction with the work of di Mauro et
al., should represent the most comprehensive overview of existing
household water datasets. We are in the process of submitting a
merge request to update the repository provided by di Mauro et al,
effectively increasing their list of household water datasets by 58%.
The complete list of newly retrieved datasets and their respective
metadata is presented in Table 1.

4 Dataset Characteristics
We aim to contextualize the datasets presented in Table 1. To achieve
this, we categorize and compare them according to the proposed
and used categories in the set reviewed by di Mauro et al. [8].

Firstly, on the spatial scale, we examine the geographical loca-
tions where the datasets were collected. The distribution of house-
hold datasets in the review of di Mauro et al. [8] and the newly
included datasets, as well as the combination of both, is depicted in
Table 2. Positive trends have been marked in teal, whilst negative
trends are marked in red. Note that due to the shorter timespan
of our investigation, an absolute decrease (or constant number) of
published datasets can still result in a positive trend.

While in previous decades, just over 60% of the datasets were
collected in the USA and EU alone, this proportion has decreased
to 44% in recent years. The distribution within these major con-
tributors has shifted significantly: previously, the United States
contributed 39% and the EU 26%. In recent years, the contribution
from the USA has decreased sharply, with only 2 new datasets
(11%), while the EU’s share has increased to 33%. Other regions
(as categorized in [8]) have shown substantial changes in their
contributions: Australia/New Zealand dropped to 0%, whilst Asia
and Africa at least tripled their total released datasets over a short
timespan. South America, of which previously no datasets have
been reported, has entered with one contribution.

Notably, Australia, a former hotspot, no longer contributes, while
Asia and Africa have significantly ramped up their efforts. A closer
look at the contributing countries reveals that, with few exceptions,
they either have a highly active and broad research community (e.g.,
USA, EU) or face a high water stress index, meaning they are already
dealing with or are on the brink of serious public water supply
challenges (e.g., Libya, Botswana, India). Aside from the decline
in dataset creation in Australia/Oceania, the overall distribution
aligns with intuitive expectations.

On the temporal scale, we observed that the sampling rates
range from 1 second to one month, similar to previous findings [8].
Comparing the distribution of sampling rates to older datasets (cf.
Figure 1), we noticed a slight trend towards higher time resolutions.
This aligns with di Mauro et al.’s prediction of an increase in higher
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Table 1: Household Water Datasets not included in [8]

Authors Month/ Location Dataset Size Time Frame Sampling Access
Year Rate Policy

Nasser et al. [22] 08/20 Cairo, Egypt 20 households 1 year 10min Open
Melville-Shreeve et al. [19] 02/21 Exeter, England 7 univ. buildings 7/2019 - 12/2019 1min Restricted
Abu-Bakar et al. [2] 02/21 England 20,000 households 20 weeks 1d Restricted
Dini and Kapitsaki [10] 04/21 Cyprus 1 household 12/2020 - 4/2021 10s Open
Motho et al. [21] 03/22 Ngamiland, Botswana 497 households - 1m Restricted
Zozmann et al. [35] 03/22 Pune, India 50 households 1 week 1

3d Restricted
Otaki et al. [23] 04/22 Sri Lanka 127 households 6/2017 - 11/2018 7d Open
Arsene et al. [4] 07/22 Romania 5 households 2 weeks 1min Open
DiCarlo and Berglund [9] 08/22 North Carolina, USA 16,000 smart meters 10/2018 - 11/2018 1h Restricted
Alharsha et al. [3] 08/22 Sirte, Libya 380 households 12/2017, 2/2018 <1h Restricted
Qin et al. [27] 10/22 China 41,649 households 1/2010 – 5/2019 1d Restricted
Heydari et al. [12] 10/22 USA 1 household 4 weeks 1s Open
Parra-Orobio et al. [25] 04/23 Cesar, Colombia 137 households 7/2022 - Open
Mazzoni et al. [18] 06/23 Netherlands 9 households 7/2019 - 2/2020 1s, 2s Restricted
Wilhelm et al. [33] 06/23 Bavaria, Germany 17 households 9/2021 - 9/2022 12s Open
Zhou [34] 11/23 China 90 households 100 days - 1 year 1d Open
Schaffer et al. [28] 02/24 Aalborg, Denmark 10,765 households 5 years (2018-2022) 1h Restricted
Palacios-García [24] 03/24 Belgium 2 households 12/2023 - 1/2024 5min Open

Table 2: Spatial Distribution of Household Water Datasets

Region [8] New Total

USA 12 (38.7%) 2 (11.1%) 14 (28.6%)
EU 8 (25.8%) 6 (33.3%) 14 (28.6%)
AUS/NZL 6 (19.3%) 0 (00.0%) 6 (12.2%)
Asia 2 (06.5%) 4 (22.2%) 6 (12.2%)
UK 2 (06.5%) 2 (11.1%) 4 (08.2%)
AFR 1 (03.2%) 3 (16.7%) 4 (08.2%)
LATAM 0 (00.0%) 1 (05.6%) 1 (02.0%)
Canada 0 (00.0%) 0 (00.0%) 0 (00.0%)

Total 31 (100%) 18 (100%) 49 (100%)

sampling rate data due to the growing adoption of smart water
meters. This trend is promising, as the closely related field of energy
disaggregation has seen significant improvements in algorithm
performance with higher sampling rates [14, 15, 26, 29], suggesting
that water consumption analyses could benefit similarly.

Di Mauro et al. [8] also identified a strong inverse correlation
between time resolution and dataset size, specifically in terms of
the number of monitored buildings and the duration of the time
series. While this correlation generally still holds, the boundaries
have shifted or become less rigid. Previously, datasets covering
several hundred homes only offered daily or monthly time resolu-
tions [8]. However, more recent datasets now includemeasurements
from several thousand households on an hourly basis (e.g., [9, 28]).
Nonetheless, it remains true that no dataset involving more than
20 households features a sub-hourly sampling rate, except for a
water diary from Libya [3]. Conversely, while datasets with short
measurement periods typically consist of only a few houses with
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Figure 1: The time resolution of household datasets presented
in [8], expanded by the datasets reviewed in this work.

sub-hourly time resolution, there are now datasets with longer du-
rations (>1 year) that also maintain high-resolution data (e.g., [33]).

Lastly, concerning data accessibility, di Mauro et al. [8] iden-
tified two distinct trends: first, a more-than-linear increase in the
overall number of datasets, and second, a rising number and pro-
portion of open-access datasets. We integrated their metadata with
ours to revisit these predictions. As shown in Figure 2, both trends
are reaffirmed, particularly the sharp increase in the number of
open-access datasets in the domain of household water consump-
tion in recent years.

It was further theorized that the restricted access to the majority
of datasets was primarily due to privacy concerns associated with
monitoring a large number of households [8]. Upon closer exami-
nation of the datasets in question (cf. Table 1), we find that none
of the datasets covering more than 150 homes is openly accessible.
Conversely, only one dataset with fewer than 50 buildings is not
openly accessible. Thus, regarding the accessibility of datasets, we
can reaffirm all previously identified trends and correlations.
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Figure 2: The count and accessibility over time of household
datasets presented in [8], expanded by the datasets reviewed
in this work.

5 Dataset Usage
The increasing trend of published and accessible datasets reflects a
growing interest within the water research community. Di Mauro et
al. identified several categories of research typically conducted us-
ing datasets of this scale: water demand forecasting, water demand
pattern recognition, water conservation and customer awareness,
and water end-use disaggregation, with the latter being particularly
dependent on higher time resolutions [8]. They also anticipated a
rise in publications in these areas, driven by a higher number of
accessible datasets.

We screened more than 400 publications that reference datasets
listed in Table 1 by analyzing the context in which these datasets
were referenced to evaluate their popularity and explore the reasons
behind their varying levels of usage. To our surprise, we discovered
that none of these datasets have been reused by an independent
group of researchers, despite their availability for several years.
Only two datasets [4, 12] have follow-up work published [5, 13],
and all of these are from the original research groups. Di Mauro
et al. [8] performed a similar analysis of dataset reuse only for the
end-use scale and found only two datasets (GOLD COAST [30] and
SEQREUS [6]) to hold provable value for further analyses.

Given these findings, we endeavored to access all open access
datasets in Table 1 to identify any barriers preventing the research
community from effectively reusing the available data. The num-
ber of publications referencing these datasets suggests that not all
challenges related to the research objectives have been addressed.

During our investigation, we identified the following five factors:
Data Quality. Many datasets were created to test a single idea
or implementation and were published primarily to ensure the
verifiability of the original work, rather than to serve as a resource
for other researchers. As a result, the effort required to generalize
and prepare the data (e.g., providing raw measurements and ground
truth) often outweighs the benefits for the originating research
groups. Typically, these processes require a distinct approach from
the outset of data collection, making them challenging to implement
retrospectively. Consequently, these datasets are ill-suited for cross-
validation and are rarely reused by the research community.
Data Type. Closely related to data quality is the type of data that
has been collected. The datasets we analyzed contain a variety of
data types, including aggregated water usage, water usage over
specified time spans (e.g., daily), general statistics, water pipe flow

rates, and images of supply water counters. The additional effort
required for a research group to convert the provided data type
into the format they have collected or need for their analysis poses
a significant barrier to the quick adoption of published datasets in
follow-up studies by external researchers. Household electricity
datasets are known to face a similar issue [15, 26]; however, they
often at least provide either active power or current/voltage data.
In our findings, the data types in water datasets are more varied,
making it harder to find a second dataset with exactly the same
data type and resolution.
Transferability. For similar reasons as before, but now focusing
on the scope of monitored households rather than the type of data
provided, many datasets feature only a small number of monitored
households. To be attractive for cross-validation purposes, datasets
should cover a substantial number of buildings. This is especially
important for stand-alone analyses, where algorithms trained on
one subset of households can be validated on another. This require-
ment has also been highlighted in the field of energy disaggrega-
tion [29]. For comparison, the SEQREUS dataset [6], which has
been highlighted by di Mauro et al. [8] for seeing some reuse in
the community, includes 250 houses at high resolution, collected in
2010 and 2011. As previously mentioned, nearly all recent datasets
that cover a significant number of households have restricted ac-
cess, creating an additional barrier for researchers looking to utilize
them.
Duration. In addition to the number of houses monitored, the
scope of a dataset must also be sufficient in terms of its duration,
i.e., the length of the time series. For robust testing and validation,
it is essential to be able to split the time series into different seg-
ments, each of which should still contain a sufficient amount of
data for each phenomenon being studied to draw statistically sound
conclusions. This should also include data from different seasons
to capture possible related shifts in consumption behavior.
Metadata & Documentation.Many of the open-access datasets
we examined lack proper documentation regarding their creation or
provide no metadata altogether. Without adequate documentation,
users of the dataset have no information about any post-processing
steps that may have been applied, such as balancing the dataset
or removing biases. This is problematic, as post-processing can
introduce or eliminate patterns that could be mistaken for genuine
patterns in the data, potentially skewing model results during train-
ing and testing. Faced with uncertainty about the conditions under
which a dataset was created, researchers may choose to exclude
such data rather than risk drawing incorrect conclusions.

Almost every dataset in our list could enhance its reusability by
addressing one or more of these factors. However, as mentioned
earlier, many of these improvements are challenging to implement
retrospectively and should ideally be considered before data collec-
tion begins. Our contribution is not meant to criticize the potential
shortcomings in the arguably complex and labor-intensive work
of other researchers; therefore, we refrain from making direct or
indirect references, such as statistics over the dataset collection.
Instead, our aim is to provide constructive insights for those plan-
ning to create new datasets for the research community and/or to
maintain and enhance the quality of existing datasets.
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6 Conclusion
In this review, we analyzed the latest household water datasets,
updating and expanding on the work of di Mauro et al. [8]. Our find-
ings show a significant increase in datasets, particularly fromwater-
stressed regions like Africa and Asia. However, challenges persist,
especially in terms of high-resolution data for larger datasets and
the absence of sub-hourly sampling in studies covering many build-
ings.

Despite the growth in available datasets, external reuse remains
limited. We identified five factors—data quality, type, transferability,
duration, and documentation—that hinder widespread adoption.
Addressing these issues is crucial for improving cross-validation
and fostering collaborative research.

To ensure greater dataset utility, future efforts should focus on
improving documentation, ensuring consistency in data types (e.g.,
always including flow rates), and expanding temporal and spatial
scales. These improvements will enhance the reuse and impact
of household water datasets, supporting global efforts to address
water conservation and demand management.
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