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ABSTRACT: Mitigation of water-related hazards as well as sustainable water resource management is conditioned on ac-
curate and detailed spatiotemporal rainfall observations. Today, water authorities like National Meteorological and Hydro-
logical Services (NMHS) in developed countries operate observation systems consisting of meteorological stations and
weather radars. These observations provide state-of-the-art precipitation products, but they remain error prone due to
device-specific limitations. This has driven growing interest in opportunistic sensors (OS) of rainfall, primarily commercial
microwave links (CML) and personal weather stations (PWS). In the Global South, where meteorological station networks
are usually very sparse, OS rainfall data conceivably have an even higher potential to provide an added value. However, al-
though numerous studies have demonstrated the capability and potential of accurate rainfall estimation by OS, no dedicated
investigation has been made with regard to their application for operational monitoring and prediction. How close are OS rain-
fall data to providing societal benefit, e.g., by widespread integration in existing hydrometeorological observation and predic-
tion systems? We address this question by 1) making a review of studies that use OS rainfall data in applications (rainfall
mapping, nowcasting, and hydrological prediction), 2) providing a status report on the transition from research to operational
usage from the perspective of European Cooperation in Science and Technology (EU COST) Action Opportunistic Precipita-
tion Sensing Network (OpenSense), and 3) discussing the challenges NMHS face in deploying OS rainfall data in operational
services. We conclude that while distinct challenges still remain, in terms of both access and processing, the applicability of OS
rainfall data is well scientifically supported and operation is under way in several countries.

SIGNIFICANCE STATEMENT: Accurate and detailed rainfall measurements are crucial for many applications, not
least for rainfall forecasting as well as flood risk and water resource management. To complement official rainfall meas-
urements, recently so-called opportunistic sensors (OS) have been advocated. The two main OS types are commercial
microwave links, where rainfall intensity is derived from signal disturbances between cell phone towers, and personal
weather stations, low-cost gauges connected to a web platform. In this study, we summarize scientific papers on applica-
tions of OS data, we investigate their current use in routine operation, and we discuss remaining efforts required. Over-
all, we find not only a solid scientific support and ongoing activities in several European countries but also remaining
challenges in terms of acquisition and quality assurance.

KEYWORDS: Instrumentation/sensors; Nowcasting; Flood events

1. Introduction

Rainfall dictates water availability and heavily affects crop
production and erosion. Rainfall extremes translate either to
droughts, with potential water scarcity and restrictions, or to

floods, with associated risks of landslides and contamination.
These hazards are expected to become more severe, as the
hydrological cycle intensifies in a gradually warmer climate
(IPCC 2021), and several recent events are already considered
to be likely consequences of the anthropogenic climate change
(e.g., Stott et al. 2016; Diffenbaugh et al. 2017; Tradowsky et al.
2023; Bevacqua et al. 2024). Sustainable water resource manage-
ment and reduction of water-related hazards, with fundamental
benefits for society both in a short- and long-term perspective,
are conditioned on accurate and detailed information on rainfall
and its spatiotemporal distribution. Rainfall observations feed
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water resource management models and underpin strategies to
mitigate water-related hazards such as soil erosion, sediment
load, and contamination (Caretta et al. 2022) and support agri-
cultural planning and disaster risk reduction efforts in vulnerable
regions (Piao et al. 2010; Lipper et al. 2014).

In addition, high-resolution rainfall observations are of par-
amount importance for advancing our understanding of mete-
orological, hydrological, and climatic processes, including the
rainfall-generating mechanisms, and thereby improving fore-
casting and climate models (which also need rainfall observa-
tions for their validation). They also support the calibration
and validation of satellite-based rainfall estimates. High-
resolution rainfall data are essential for understanding ex-
treme precipitation events, which are becoming increasingly
frequent and intense due to climate change (IPCC 2021). They
are the basis of short-term nowcasting and the fundamental in-
put to hydrological and hydrodynamic simulation and fore-
casting systems. They are indispensable for postanalyses and
surveys of severe floods, which help us detect vulnerabilities
and thus become better prepared (Di Baldassarre et al. 2010).

On a national level, rainfall is generally measured by
National Meteorological and Hydrological Services (NMHS)
using rain gauge networks and/or weather radars (Hingray
et al. 2014). Gauges are generally of either weighing or tipping-
bucket type and are considered to generate the most accurate
observations, although they are affected by error sources such as
wind-induced undercatch or losses due to evaporation (e.g.,
Pollock et al. 2018; Morbidelli 2022). Gauge networks are
often relatively sparse (Kidd et al. 2017), which means that
localized high-intensity rainfall cells are often missed, espe-
cially in topographically complex regions. Furthermore, pro-
fessional rain gauges are relatively expensive to maintain, and
in several countries, networks are on decline to cut costs (e.g.,
Sun et al. 2018). Weather radar is the primary complementing
observation technique. While able to provide a full spatial
coverage and provide detailed information on the spatial rain-
fall distribution, radar precipitation estimation remains chal-
lenging due to a wide range of error sources (e.g., Joss and
Waldvogel 1990; Fabry 2015; Rauber and Nesbitt 2018), such
as the drop size distribution–dependent conversion from re-
flectivity to (ground level) intensity.

Some key characteristics of these conventional sensors are
given in Table 1, and their estimated global distributions are
shown in Figs. 1a and 1b. It is clear that most conventional ob-
servations are made in the Global North. The density of
gauges in the Global Telecommunication System (GTS) is
highest in (central) Europe and high also in, e.g., Japan and
southwestern Australia (Fig. 1a). The largest weather-radar-
covered regions are North America, Europe, and eastern
Asia (Fig. 1b).

The use of opportunistic sensors (OS) for rainfall observa-
tions has been put forward as one promising way to improve
the lack of adequate spatial rainfall coverage and tackle some
of the unsolved problems in hydrology (Blöschl et al. 2019).
A main initiative in this context is the Cooperation in Science
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and Technology (COST) Action Opportunistic Precipitation
Sensing Network (OpenSense), running between 2021 and
2025 with currently (February 2025) 148 members from
35 countries, representing most major institutes and organizations
in Europe working on this topic (https://opensenseaction.eu/).
The main objective of OpenSense is to create a worldwide com-
munity of scientists, experts, and end users working with OS rain-
fall data.

The focus in OpenSense is on three types of sensors}
commercial microwave links (CML), personal weather sta-
tions (PWS), and satellite microwave links (SML). A micro-
wave link is a terrestrial telecommunication (backhaul) link
between two cell phone towers that measures the (transmitted
and) received signal levels. From the difference in power

levels between wet and dry periods, the path-integrated atten-
uation can be computed. From this attenuation, the path-
averaged rainfall intensity between a transmitting and a
receiving antenna can be estimated. Uncertainties in CML
rainfall retrieval are related primarily to separation of rain-
drop path-averaged attenuation from other sources of signal
power losses, malfunctioning links, and sampling strategy. A
personal weather station is a (generally) low-cost, nonprofes-
sional rain gauge for personal use that can be connected
online to upload and visualize the observations in near–real
time. The number of PWS is constantly growing, generating
very dense networks in many populated areas (Fig. 1d). Poor
installation and/or maintenance may affect the precision of
the observations. SML works according to similar principles
as CML but with signals going between a GEO satellite and
ground-based terminals. Potential error sources include diffi-
culties representing tropospheric layers, adjustments of satel-
lite operation, and gravitational perturbations. While SML
has a clear potential, the number of application-oriented sci-
entific papers is still very low, and furthermore, the technique
is (currently) not on the same level as CML and PWS with re-
spect to (pre)operational testing and evaluation at NMHS
and similar organizations. We therefore focus this review pri-
marily on CML and PWS, awaiting further development and
applications of SML.

For further description of the three sensor types, as well as
current practices and availability, see Fencl et al. (2024). Com-
mon to all the sensors is not only that they can provide rainfall
observations with (very) high temporal resolution and (often)
high spatial resolution (Table 1) but also that they are
affected by various error sources that require careful quality
control and filtering, as described above. Concerning the
global distribution of CML (Fig. 1c), some areas with rela-
tively poor coverage of conventional sensors stand out, e.g.,
parts of Asia, northeastern South America, and parts of
Africa. The coverage of PWS (Fig. 1d) is generally highest in
areas well covered also with GTS gauges, but the density is
substantially higher, especially in North America and eastern
South America.

The potential of OS rainfall data has been demonstrated
and promoted in many proof-of-concept (case) studies, which
have been summarized in a number of previous review or
overview papers. Most of these papers focus solely on CML
(e.g., Chwala and Kunstmann 2019; Messer 2018; Uijlenhoet
et al. 2018; Lian et al. 2022; Zhang et al. 2023a) but some ad-
ditionally include PWS (e.g., Muller et al. 2015). Wang et al.
(2023a) provide a solid overview including both conventional
and different opportunistic sensors. Studies on SML observa-
tions are surveyed in Giannetti and Reggiannini (2021). Most
of these overview papers do include some information on ap-
plications but generally rather briefly and in a prospective
sense. The only paper on OS rainfall data that has an explicit
operational focus of which we are aware is Garcia-Marti et al.
(2023), who describe how CML and PWS data could be inte-
grated in NMHS’ operations.

Despite their obvious potential, however, OS rainfall obser-
vations have not yet made much impact in terms of opera-
tional implementation and actual societal benefits, although

FIG. 1. Worldwide maps with estimated coverage for (a) GTS
rain gauges, (b) ground-based weather radars, (c) CML (estimated
cell phone tower locations obtained from the OpenCelliD pro-
ject: https://opencellid.org/), and (d) PWS from the Netatmo
(obtained through the Netatmo API: https://dev.netatmo.com/
apidocumentation/weather) and WeatherCloud platforms. Meth-
ods and datasets are described in Overeem et al. (2024b), but for
WeatherCloud gauge locations which have been downloaded
from https://app.weathercloud.net/map on October 2024 and have
been added to the PWS coverage map. Maps made with Natural
Earth (free vector and raster map data Ó https://naturalearthdata.
com).
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efforts are ongoing at several NMHS (e.g., Hahn et al. 2022).
This work intends to answer three main questions, represent-
ing past research, current state, and future prospects:

1) What is the scientific support for practical applications of
OS rainfall data, e.g., in an operational setting?

2) How technically ready are different countries with respect
to operational implementation of OS rainfall data?

3) What challenges remain and how can these be solved?

To answer the first question, we provide in section 3 a liter-
ature review with a specific focus on practical applications of
OS rainfall data, demonstrating the potential added value.
Examples include generation of merged spatiotemporal rain-
fall fields as well as subsequent use for nowcasting or hydro-
logical prediction. The second question is answered in the
form of a status report from the OpenSense community with
focus on how close individual countries are to operational ap-
plication of OS rainfall data in section 4. The report is based
on a questionnaire with the purpose of acquiring an updated
and complementary picture, as compared with published sour-
ces. Finally, remaining limitations and challenges that have pre-
vented, and keep preventing, faster progress are described and
discussed in section 5. These include quality assurance and un-
certainty assessment in OS data as well as technical processing
challenges related to, e.g., detection limits and network changes,
geographical differences, e.g., with respect to availability of
reference data and network density, and general limitations
in access to OS data, e.g., related to pricing. Last, efforts
needed to overcome the challenges and provide widespread
societal benefit of OS rainfall data in a near future are
outlined.

2. Methods

The results presented in this paper are based on two dif-
ferent activities. The first was the collection of references
that investigate and utilize OS rainfall data from a perspec-
tive that relates to (operational) application and, in turn, so-
cietal benefit. We have divided these references into two
main categories:

1) Rainfall mapping: This category contains investigations
that present and demonstrate how OS rainfall data, indi-
vidually or combined with conventional observations (e.g.,
weather radar), are used to generate spatiotemporal gridded
rainfall maps. We consider this mapping, including quality
control and assurance, a required first step toward opera-
tional applications. We distinguish between mapping based
on one type of OS and on OS rainfall data merged with
conventional observations, respectively.

2) Subsequent applications: Here, we include investigations
where the quantitative rainfall products are used in subse-
quent prediction or simulation, in two subcategories. The
first is rainfall nowcasting, i.e., short-term observation-
based forecasting. The second subcategory is hydrological
prediction, where OS-based rainfall inputs are used for
hydrological simulation and discharge/flood forecasting.

These subcategories emerged from the literature as the
two main fields of OS rainfall application.

The collection of references was made primarily by a series
of comprehensive searches in the Scopus (Scopus 2025),
Web of Science (Clarivate Analytics 2025), and Dimensions
(Dimensions 2025) platforms. All queries included names and
abbreviations of the three opportunistic sensors considered
in this paper and were limited to published peer-reviewed
papers in English with only a few exceptions. We opted to
impose the criterion on peer review since such publications
are deemed to showcase credible applications of OS data as
they have undergone rigorous evaluation. On the other hand,
this criterion resulted in omitting some publications from the
review, such as conference contributions or reports. The re-
sulting lists of publications were thoroughly analyzed by the
author team, supplemented by additional contributions identi-
fied through expert knowledge and targeted searches. Some
challenges in identification and selection of relevant publica-
tions were encountered. First, the terminology used in this
context is diversified as the field is still maturing, which ham-
pered the literature search. For example, PWS observations
can be referred to as “personal data,” “crowdsourced data,”
“citizen data,” or just “citizen science,” and CML data can be
called, e.g., “cellular communication interference” or just
“telecommunication signals.” Second, the intention was to in-
clude only reasonably matured applications of OS rainfall
data demonstrating real-world operational potential, in con-
trast to proof-of-concept studies at an earlier stage. Therefore,
publications presenting, e.g., calibration of models describing
the relationship between CML attenuation and rainfall rate,
evaluation of OS data from comparisons to observations from
conventional meteorological networks, and CML application
to discriminate between wet or dry periods were excluded
from the final selection of papers. The limit between the two
groups of papers is not clear cut but there is a gray zone of
studies where we have had to make subjective decisions.
There is an inherent trade-off between the “breadth” (i.e., the
number of publications included) and the “depth” (i.e., the
exclusive selection of the most relevant papers), and we have
made all efforts possible within the resources given to make a
relevant and well-balanced selection.

The second activity was the distribution of a questionnaire
within the OpenSense community, to survey the current status
with respect to OS rainfall data access and application. The
members of OpenSense include representatives of companies
and various organizations (typically universities and NMHS)
who responded on behalf of their own organization and, in
some cases, other organizations present in the country. The
questions focused on the types of OS rainfall observations
that are currently used or planned, the sources of the data,
and whether the data were in the research phase or being
developed as an operational product. To quantify the latter
aspect, we define an index named readiness for routine op-
eration (RRO), which can be seen as a simplified and cus-
tomized version of the widely used technology readiness
level (TRL) concept. We divide RRO into the following
categories:
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1) countries that have conducted first experiments, experi-
mented with small OS rainfall datasets;

2) countries with increased experience, e.g., through large-
scale validation studies and/or experimental usage of OS
rainfall data in applications; and

3) countries where the respective OS is used either opera-
tionally or in a quasi-operational state, either at a water
authority or a university.

The categories 1, 2, and 3 roughly correspond to TRLs 1–3,
4–6, and 7–9 as defined in European (EU) Horizon (e.g., EU
2014). The survey also inquired about merged products that
include the combination of conventional and opportunistic
sensors, as well as the main applications of OS rainfall data.
The questionnaire was originally sent out in 2022 and then up-
dated in 2023 and 2024 to ensure that the current state is
properly described.

It should be noted that the OpenSense COST action is
open to all participants from around the world, and its
members have widely publicized OpenSense to gather ex-
perts interested in OS rainfall data under this overarching
action. Although there are representatives from the Global
South countries in the action, the outreach of the question-
naire is biased toward the Global North. The literature
review presented in this paper can reduce this bias, i.e., to
provide a complementary global overview of the applica-
tions of OS rainfall data, as no geographical restrictions
were made in the search. However, any operational applica-
tions that have not been scientifically published and that
were not reached by the questionnaire will most likely be
missed in this review.

3. Scientific support for operational applications of OS
rainfall data

In this section, the results from the literature review based
on the collection of references described in section 2 are pro-
vided. The section reviews different approaches used for OS
rainfall mapping and specifics of using OS rainfall data in
subsequent applications. The literature review is made under
the general assumption that the data are appropriately qual-
ity assured prior to (or in) the application; thus, we do not
include work on developing quality assurance algorithms or
protocols but refer to dedicated literature on this topic (e.g.,
Chen et al. 2021; El Hachem et al. 2024; Ośródka et al.
2025). However, as quality assurance is still one of the major
challenges with respect to applications of OS rainfall data, it
is discussed in section 5.

a. Rainfall mapping

1) SINGLE TYPE OF OPPORTUNISTIC SENSOR

Even before the feasibility of CML rainfall retrieval was
shown (Messer et al. 2006; Leijnse et al. 2007), methods have
been proposed to tomographically reconstruct rainfall fields
from the path-averaged information that microwave links
provide (Giuli et al. 1991). However, despite that a country-
wide study with synthetic CML rainfall data did show the

applicability of tomographic reconstruction (Zinevich et al.
2008), simpler methods have been predominantly applied for
this task, in particular when larger datasets were used. The
first countrywide CML-based rainfall maps were produced in
the Netherlands using kriging and considering each CML as a
synthetic point observation at the center of its path (Overeem
et al. 2013). Similarly, countrywide rainfall maps have been
produced and analyzed in Germany (Graf et al. 2020) and for
the Czech–German transboundary region (Blettner et al.
2023), using inverse-distance weighting (IDW) instead of krig-
ing. These studies showed that CML-based rainfall maps can
perform comparably to gauge-adjusted radar rainfall maps.
With CML data being available in real time, given a suitable
data acquisition system is in place, rainfall maps can also be
produced with only some minutes of delay, as shown for the
city of Gothenburg in Sweden (Swedish Meteorological and
Hydrological Institute (SMHI) 2025]. Following the successful
applications in Europe, the established methods have been
transferred to developing countries, where CMLs have an
even larger potential due to sparse rain gauge networks. An
application covering a large part of Sri Lanka using kriging
(Overeem et al. 2021) and a high-resolution application on
the city scale in West Africa using IDW (Djibo et al. 2023a)
highlight this potential.

Even though most larger-scale applications have used IDW
or kriging with a synthetic point representing a CML due to
their simplicity and execution speed, method developments
for better leveraging the path-averaged rainfall information
from CML have continued. One pragmatic solution is to rep-
resent the CML rainfall information via several synthetic
point observations along the link path and then redistribute
the rain-rate values depending on the data from neighboring
CML (Goldshtein et al. 2009). This approach can be beneficial
in a dense CML network, if small-scale rain cells with spatial
extent similar to the CML length exist (Eshel et al. 2017). To-
mographic reconstruction (D’Amico et al. 2016) and a sto-
chastic space–time model (Zinevich et al. 2008) have also
been applied to small CML datasets. In addition, to account
for regional differences in CML density, the optimal grid reso-
lution for CML rainfall field reconstruction has been studied
(van de Beek et al. 2020).

It should be emphasized that the potential errors in CML
rainfall estimation generally have a larger impact on the qual-
ity of reconstructed rainfall maps than the spatial reconstruc-
tion process (Rios Gaona et al. 2015). In Fig. 2, an illustration
is provided of the rather limited difference between applying
IDW and kriging, respectively, when gridding CML data from
the Open sharing of high-resolution data from Microwave
links, Radar, and Gauges (OpenMRG) dataset (Andersson
et al. 2022). Hence, the improvement introduced by sophisti-
cated spatial reconstruction methods can be negligible in
real-world applications if CML data quality control (QC)
and rainfall estimation are lacking skill. An overview of all
studies with rainfall mapping from real CML data is pro-
vided in Table 2.

Despite the large increase in PWS in the last few years,
there are still only a few studies where only data from PWS

REV I EW 1589NOVEMBER 2025



are used for rainfall mapping. This is likely a consequence of
the different errors associated with PWS data and the corre-
sponding need to first develop QC algorithms, which needs
to happen prior to the mapping. Bárdossy et al. (2021) pro-
vided rainfall maps for single events in Baden-Württemberg,
Germany, based only on raw PWS data to highlight the ne-
cessity for a thorough QC before using the data for, e.g., hy-
drological applications. De Vos et al. (2019) attained an
improved quality of PWS rainfall data on 5-min resolution
and provided an interpolated rainfall map of daily rainfall
sums over the Netherlands using ordinary kriging. Hourly

rainfall maps based on QC’ed PWS data for metropolitan
Amsterdam, the Netherlands, have been produced by El Hachem
et al. (2024). Giazzi et al. (2022) presented a Europe-wide
network of crowdsourced weather data (Meteonetwork)
based on various types of PWS. This network also collects
rainfall data and provides interpolated maps, which are up-
dated every 20 min and are available for viewing online on
the Meteonetwork (www.meteonetwork.it). These maps are
interpolated using an average of natural-neighbor interpola-
tion and IDW and are currently only available for selected
countries, e.g., Italy (Giazzi et al. 2022).

FIG. 2. Rainfall sum at 0800–1000 UTC 27 Aug 2015 from the OpenMRG dataset, shown as (a) rainfall sum per CML, (b) interpolated
with IDW, and (c) interpolated with kriging.

TABLE 2. List of studies performing rainfall mapping based on real CML data.

Reference Domain (country); period; number of CML Mapping method(s)

Goldshtein et al. (2009) Region around Ramle city (Israel); single short events (2006); 22 Goldshtein–Messer–
Zinevich method

Zinevich et al. (2008) Region around Ramle city (Israel); 1 day (2006); 23 Stochastic space–time model
Overeem et al. (2013) The Netherlands (countrywide); 2 3 12 days (2011, 2012); 2400 Kriging
D’Amico et al. (2016) Treviso district (Italy); 1 month (2015); 3 Tomographic reconstruction
Overeem et al. (2016) The Netherlands (countrywide); 2.5 years (2011–13); 2400 Kriging
Rios Gaona et al. (2017) The Netherlands (countrywide); 7.5 months (2014); 900 Kriging
Graf et al. (2020) Germany (countrywide); 1 year (2018, 2019); 3904 IDW
Roversi et al. (2020) Emilia-Romagna region (Italy); 57 days (2016); 308 Kriging
Eshel et al. (2021) ;55 000-km2 area (south Germany); 2 days (2018); 808 IDW, kriging, Goldshtein–

Messer–Zinevich method
Overeem et al. (2021) Sri Lanka (countrywide); 3.5 months (2019); 1140 Kriging
Cazzaniga et al. (2022) Region around Milan city (Italy); 12 events (2019–20); 50 IDW
Blettner et al. (2023) Germany, Czech Republic; 1 month (2021); 6800 IDW
Djibo et al. (2023a) Ouagadougou city (Burkina Faso); one monsoon season (2020); 110 IDW
Liu et al. (2023) Region around Jiangyin city (China); 16 months (2020–22); 49 IDW
Zhang et al. (2023b) Region around Jiangyin city (China); 6 months (2021); 26 IDW, kriging
Pasierb et al. (2024) Opole Voivodeship (Poland); 1 month (2022); 67 IDW
Silver et al. (2021) Israel (countrywide); three winter seasons (2016–19); 324 IDW, ordinary kriging, kriging

with external drift
SMHI (2025) Gothenburg, Stockholm (Sweden); real time (2018–20); 414/538 IDW
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2) MERGED OPPORTUNISTIC AND

CONVENTIONAL SENSORS

An initial test on merging of radar and CML data was per-
formed in the early stage of the opportunistic exploitation of
CML by Overeem et al. (2012) and is currently under way in
several projects from a number of national meteorological
services [see section 3a(1)]. Haese et al. (2017) provide hourly
rainfall maps where accumulations from German Weather
Service rain gauges and CML have been merged over south-
ern Germany. Blettner et al. (2022) employed a random mix-
ing method to generate rainfall maps based on CML and
official rain gauge data over Germany for 815 hourly time
steps. A showcase of merging radar and CML data on an
hourly basis is given in Overeem et al. (2024b). They com-
pared unadjusted, gauge-adjusted, and CML-adjusted rainfall
fields for a 3-month period and found an improvement of the
resulting rainfall fields evaluated on a daily scale. They argue
that the positive impact from the larger density of CML com-
pared to rain gauges exceeds the negative impact from the
higher uncertainty in the CML data.

For regions lacking surface rainfall observations, especially
low- to middle-income countries in the Global South, merging
of CML and satellite products would provide an opportunity
to combine the wide coverage of satellites with the accuracy
of CML rainfall estimates. To date, only little work has been
done in this respect. Kumah et al. (2022) estimate rainfall in
the Kenyan Rift Valley by a random forest model that uses
geostationary satellite cloud-top properties, where CML data
are employed for model training.

Graf et al. (2021) suggest merging radar observations with
PWS data, and this prospect has been demonstrated in three
peer-reviewed publications (de Baar et al. 2023; Overeem
et al. 2024a,b). Overeem et al. (2024a) merge the European
Operational Programme for the Exchange of Weather Radar
Information (OPERA) radar with 1-h Netatmo PWS accumu-
lations over a large part of Europe for a 1-yr period. The
mean daily precipitation underestimation of ;28% for the

unadjusted daily radar accumulations is reduced to ;3% for
the merged radar-PWS dataset, when compared to indepen-
dent official rain gauges from the European Climate Assess-
ment and Dataset (ECA&D https://www.ecad.eu). Still,
severe underestimations are found for several regions, which
can partly be attributed to colder temperatures, pointing to
solid precipitation not being melted due to the absence of a
heating device in the PWS. Dedicated QC of PWS accumula-
tions is shown to be important for outlier removal. This com-
prises applying part of a neighbor check method (de Vos et al.
2019) and discarding PWS accumulations when they are too
large compared to unadjusted radar accumulations.

Performing PWS data quality control and merging by the
methodology outlined in Overeem et al. (2024a), Fig. 3 shows
an example of radar-PWS merging for France. The unad-
justed OPERA radar product clearly underestimates extreme
precipitation in France compared to the climatological dataset
European Radar Climatology, version 2 (EURADCLIM v2)
(Overeem et al. 2024c), which combines the unadjusted
OPERA radar product with official rain gauge accumulations
from ECA&D. In contrast, the merged radar-PWS dataset
agrees much better with EURADCLIM. Most of the official
rain gauges in the climatological EURADCLIM product are
only available with a long latency. Hence, the example illus-
trates the potential of (near) real-time PWS rain gauge accu-
mulations for improving radar precipitation products.

Overeem et al. (2024b) merge 1-h Dutch radar with
Netatmo PWS accumulations over the Netherlands for a
3-month period. Before merging, the entire QC from de Vos
et al. (2019), and again QC with unadjusted radar accumula-
tions, is applied. Daily radar-PWS rainfall maps outperform
those based on radar and Royal Netherlands Meteorological
Institute (KNMI) automatic rain gauge data when evaluated
against the independent KNMI manual rain gauge network.
A rather different methodology is presented by de Baar et al.
(2023) for the Netherlands and showcased by a 1-h rainfall
map. High-fidelity data from automatic rain gauges are com-
bined with low-fidelity crowdsourced rain gauge data from

FIG. 3. Map of France with the 24-h radar accumulations from 0000 UTC 12 Jun to 0000 UTC 13 Jun 2020 for the unadjusted OPERA
product (with additional nonmeteorological echo removal applied), the same OPERA product merged with 1-h PWS rain gauge (https://
www.netatmo.com/en-eu/smart-weather-station#specifications) accumulations, and the same OPERA product merged with disaggregated
1-h official rain gauge accumulations from ECA&D (EURADCLIM). Maps produced with the Python package Cartopy (Met Office
2024) and with Natural Earth (free vector and raster map data Ó https://naturalearthdata.com).
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the Weather Observations Website–Netherlands (WOW-NL)
network employing unadjusted Dutch radar accumulations as
covariate.

Thus, radar-PWS merging shows potential for improving
(real time) radar precipitation products due to their much
higher network density compared to official rain gauges and
their (near) real-time availability. It is recommended to start
assessing the potential added value of crowdsourced rain
gauge data on the newest available versions of a radar
product.

The added value obtained when combining (sparse) official
NMHS precipitation observations with (dense) PWS data is
demonstrated by, e.g., Bárdossy et al. (2021). They present a
study that combines quality-controlled PWS and rain gauge
data from the German Weather Service (DWD) using differ-
ent interpolation methods, such as ordinary kriging and krig-
ing with uncertain data. The latter accounts for the higher
uncertainty of the PWS data by reducing their weights in the
interpolation (Bárdossy et al. 2021). This interpolation frame-
work was also applied in a Germany-wide study by Graf et al.
(2021), where different combinations of rain gauges and OS
were analyzed, as well as in a study by Bárdossy et al. (2022),
where precipitation estimates of the flood event in the Ahr
Valley in 2021 were improved. Finally, Loglisci et al. (2024)
present a 12-h rainfall map based on radar, PWS, and official
gauge data in Genoa, Italy.

In three peer-reviewed publications, merging of multiple
types of OS rainfall data with data from a conventional sensor
is investigated. Bianchi et al. (2013) present a data assimila-
tion approach to merge data from one radar with data from
14 rain gauges from institutes and data from 14 CML in
Switzerland, obtaining improved rainfall fields compared to
pure radar estimates. Graf et al. (2021) merge CML, PWS, and
rain gauge data from the German Weather Service, in different
combinations, for whole Germany and compare these results to
weather radar data. They found that the combinations with
PWS lead to an increasing performance for higher spatiotempo-
ral scales. Nielsen et al. (2024) merge radar with 6-h or daily
CML and PWS accumulations for a region in Denmark over a
10.5-month period and derived the best performing product
when merging all available datasets. They applied the QC from
de Vos et al. (2019) to both the CML and PWS data.

b. Subsequent applications

1) RAINFALL NOWCASTING

Nowcasting typically involves statistically extrapolating
(radar) rainfall maps up to a few hours ahead and is important
for early warnings for severe weather. The major challenge in
precipitation nowcasting is the requirement to provide fore-
casts at high temporal and spatial resolution in real time (in
practice, within a few to several minutes). This demand places
strict limitations on the type and volume of input data that
can be utilized, as well as on the complexity of data quality
control methods that can be applied. Precipitation estimation
models are typically derived from rain gauges, ground-based
weather radars, and satellites, sometimes in combination (e.g.,
Jurczyk et al. 2020; Yu et al. 2020). All of these observations

have their advantages, but at the same time, they are subject
to many sources of errors and thus require advanced QC
(Ośródka et al. 2022; Ośródka and Szturc 2022).

The use of alternative sources of rainfall information like
CML, PWS, or SML data is also possible and can bring major
improvement to the precipitation field. However, the opera-
tional implementation of such data, i.e., real-time quality
control and generation of final precipitation fields, can signifi-
cantly increase the forecast generation time, while too cursory
QC will result in little or no added value. Nevertheless, some
attempts are being made to include OS rainfall data in opera-
tional algorithms.

Using pySTEPS (https://pysteps.github.io/), Imhoff et al.
(2020) explore nowcasting based on CML rainfall maps for
the Netherlands for 12 summer days. Performance is compa-
rable to radar nowcasts without gauge adjustment, when com-
pared to a common reference of gauge-adjusted radar rainfall
maps. The study showed that CML-based nowcasts have a
performance that is quite comparable to rainfall nowcasts
with weather radar data, especially for high-intensity rainfall.
On the other hand, it also points to some limitations due to
the fact that CML are not uniformly distributed in the region
and do not exist over large bodies of water. Therefore, rainfall
estimates are generally more accurate in urban areas due to
the denser CML network, compared to rural areas.

As a next step, CML-based rainfall nowcasting is being in-
vestigated for a tropical country without radar coverage, Sri
Lanka (Overeem et al. 2021). Ultimately, a merged satellite-
CML product could be used for nowcasting, combining the
large coverage of satellites with the potentially higher accu-
racy and the often higher spatial or temporal resolution of
CML rainfall estimates (Rios Gaona et al. 2017). Some work
in this direction has also been reported in Kumah et al.
(2022), which focuses on the topic of estimating precipitation
in areas without rain gauges based on the random forest algo-
rithm applied to satellite data [Meteosat Second Generation
(MSG)] and CML. Good results were achieved in near–real
time, indicating that the method is a promising alternative for
rainfall estimation.

In Zhang et al. (2023b), an experiment on rainfall field re-
construction and nowcasting was conducted in an urban area
based on data from the CML precipitation monitoring net-
work. A 10-min prediction of the rainfall field was achieved
using a nowcasting model based on a long short-term memory
neural network. The nowcasting model was evaluated for dif-
ferent types of rainfall, and the model proved to perform
much better for stratiform and mixed rainfall than for convec-
tive rainfall, most likely because of the uneven spatial distri-
bution, short duration, and high spatiotemporal variability of
the latter.

Preliminary steps toward operational use of CML data in
real time were also taken in Pasierb et al. (2024), where CML
from the Opolskie Voivodeship in Poland was tested. The ap-
plied QC method, based on the nowcasting rainfall product
rain gauge radar satellite estimates (RainGRS) (Jurczyk et al.
2020) for quality control as well as the raw (nongauge ad-
justed) radar precipitation product for the reconstruction
of the rainfall field along the link, showed significant potential
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for the use of CML data in real time. Regarding the incorporation
of CML rainfall data into current multisource integration
algorithms, the conceivably most promising methodology is
conditional combination including quantitative information
about the quality of individual sources. The better perfor-
mance of CML compared to satellite data was also noted
in Roversi et al. (2020), which may suggest that the CML
data could be used to adjust satellite products or even re-
place it in areas where high spatial resolution is required
(e.g., urban basins) and where weather radars are absent or
ineffective.

2) HYDROLOGICAL PREDICTION

OS rainfall data are expected to provide additional infor-
mation on spatiotemporal rainfall distribution and therefore
provide more accurate input to hydrological models. This lit-
erature review resulted in 12 publications (Table 3), out of
which nine involves CML data and the remaining three in-
volves PWS data. In all of the considered studies, OS rainfall
data were used together with conventional observations from
rain gauges or radars. The conventional data were used either
as reference datasets (e.g., Brauer et al. 2016) or combined
with the OS data to obtain more accurate input to hydrologi-
cal models (e.g., Cazzaniga et al. 2022). None of the studies
presented applications of rainfall obtained by combining data
from different opportunistic sensors.

Only a third of the publications analyzed more than a single
catchment. In half of the studies, large-scale catchments
(.100 km2) were considered. Seven publications reported OS
data application in either urban- or periurban basins. CML
rainfall data were used for modeling in both nonurban and ur-
ban basins, while in all three cases using PWS rainfall data,
large rural-type basins with various topographies were

studied. Most of the considered studies (75%) were con-
ducted in European basins, and the remaining quarter were
conducted in the Global South, specifically, in African basins.
A wide variety of models has been used, including open-
access models [e.g., Hydrologic Engineering Center–Hydrologic
Modeling System (HEC-HMS); U.S. Army Corps of Engineers–
HEC 2000] or proprietary models, such as those from the Dan-
ish Hydraulic Institute (DHI)’s MIKE group of models (DHI
2025). In some cases, in-house developments were applied [e.g.,
the open-source Wageningen lowland runoff simulator (WAL-
RUS) model specifically developed for lowland basins; Brauer
et al. 2014a,b]. In the vast majority of cases, the models were
used with semi- or fully distributed spatial discretization. As a
rule, CML rainfall data were used for modeling with a subdaily
computational time step, as opposed to the daily PWS data.

The modeling exercises are most commonly aimed at test-
ing sensitivity of model outputs to various rainfall inputs, in-
cluding those obtained from OS sensors (e.g., Brauer et al.
2016), or at examining if the application of OS rainfall data
can yield more accurate simulation results (e.g., Cazzaniga
et al. 2022; Stransky et al. 2018). Some studies delved into un-
certainties stemming from the application of OS rainfall data
(e.g., Pastorek et al. 2019).

The studies show that the application of OS rainfall data
can improve the accuracy of simulated runoff, especially
when combined with conventional rainfall data. Fencl et al.
(2017) demonstrated that the accuracy of runoff simulations
can be improved by dynamically adjusting CML rain rates to
existing rain gauge observations, and this approach can out-
perform the usage of rain gauge rainfall data alone (Stransky
et al. 2018). A later study convincingly showed that substan-
tially more accurate simulations are obtained by applying
a suitable wet antenna attenuation (WAA) model that is
optimized either against rainfall or streamflow observations

TABLE 3. List of publications presenting OS rainfall data application in hydrological modeling.

Reference Domain (country); basin type; size
Rainfall source(s); period;

time step Model type; time step

Hoedjes et al. (2014) Kenya (countrywide); wide variety of
types and sizes

CML, SAT, meteorological forecast;
forecasting; 15 min

Distributed; 3 h

Brauer et al. (2016) Hupsel Brook (the Netherlands); rural,
lowland; 6.5 km2

CML, RG, WR; 2011–12 (1event);
15 min

Lumped; 1 h

Smiatek et al. (2017) Ammer basin (Germany); alpine; 609 km2 CML, RG, WR; 2015–16; 1 min Distributed; N/A
Stransky et al. (2018) Tábor (Czech Republic); mixed land use;

16 km2
CML, RG; 2013–14; 10 s/1 min Distributed; 1 min

Pastorek et al. (2019) Prague (Czech Republic); urban–
suburban; 1.3 km2

CML, RG; 2014–16 (excl. winter); 10 s Distributed; 2 min

Villani et al. (2019) Ravone and Parma basins (Italy);
periurban downstream; 6 km2, N/A

CML, RG, WR; 2016; N/A Distributed; 1 h

Cazzaniga et al. (2022) Milan area (Italy); periurban; 260 km2 CML, RG; 2018–20; 15 min Semidistributed; 1 h
Ceppi et al. (2023) Three basins north of Milan (Italy);

periurban; 277, 553, and 911 km2
PWS, RG, meteorological forecast;

2013–20; 1 day
Distributed; 1 day

Pastorek et al. (2023) Prague (Czech Republic); urban–
suburban; 1.3 km2

CML, RG; 2014–16 (exclusive winter);
10 s

Distributed; 2 min

Mengistie et al. (2024) Big Akaki basin (Ethiopia); rural, mixed;
884 km2

PWS, RG; 2020–22; 1 day Semidistributed; 1 day

Tedla et al. (2024) Big Akaki basin (Ethiopia); rural, mixed;
974 km2

PWS, RG, meteorological forecast;
2020; 1 day

Semidistributed; 1 day
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(Pastorek et al. 2023). Furthermore, Pastorek et al. (2023)
proved that even rainfall observations at gauges that are lo-
cated relatively far from the basin (up to 8 km) can be effi-
cient for calibrating WAA models. The highest added value
of CML observations was observed during heavy rainfalls.
The advantage of combined CML and rain gauge rainfall
data for hydrological modeling was also demonstrated by
Cazzaniga et al. (2022), who explored the potential of using
CML rainfall data in periurban basins with an area of hun-
dreds of square kilometers. Such basins pose a great challenge
for modeling since they involve a mix of fast and slow hydro-
logic responses due to diverse flow paths, ranging from base-
flow-dominated areas to those dominated by pipe flow. Their
results, which were obtained with a semidistributed hydrologi-
cal model, indicate that CML-based hydrological simulations
generally yield similar model performance compared to con-
ventional data observed at rain gauges, while combining CML
rain data with rain gauge data can further enhance model per-
formance (Cazzaniga et al. 2022).

The rather low number of studies dealing with PWS rainfall
data in Table 3 suggests that the application of these datasets
is lagging behind the development of these networks. This ap-
plies to hydrological modeling, as well as to rainfall field gen-
eration (section 3a). The reason for the limited application of
PWS rainfall data can be attributed to the nature of these
datasets: Namely, simulated flows are rather sensitive to the
rainfall input (Huang et al. 2019), i.e., to the uncertainties in the
rainfall data, as well as to the disposition of the rain gauge net-
work (Arsenault and Brissette 2014; Tetzlaff and Uhlenbrook
2005; Zeng et al. 2018). Uncertainties in rainfall data consider-
ably affect the accuracy of simulated hydrological variables
(Tang et al. 2023), and uncertainties in the observations from
the PWS can be greater than those in the observations from of-
ficial meteorological stations (Giazzi et al. 2022).

Also, other attempts to use OS rainfall data were reported
in the literature. For example, Croghan et al. (2019) analyzed
the correlation between river temperature and CML-based
rainfall to predict river temperature surges. However, the se-
lected studies (Table 3) clearly indicate that flood forecasting
can become a field in which OS rainfall data can find a broad
application. This corroborates the fact that crowdsourced
data in general have been frequently used in the field of natu-
ral hazards (Nardi et al. 2021). Nevertheless, the selected pub-
lications mainly represent investigative studies, which suggest
that the field of hydrological modeling with OS rainfall data is
still in its infancy, and further efforts are needed to main-
stream these applications.

4. RRO of OS rainfall data

The current state with respect to routine operation of OS
rainfall data for different applications within the OpenSense
community is presented on the basis of the questionnaire de-
scribed in section 2. Replies to the questionnaire were re-
ceived from 17 countries, and 13 countries reported that they
have experience with using either PWS or CML or both. In
the case of nonresponding member countries, the missing in-
formation was filled in by personally contacting relevant

people within the OpenSense member countries and by
searching the literature.

The results of the questionnaire are illustrated in Fig. 4.
The main fields of application (currently or planned for the
future) of OS rainfall data are the refinement of rainfall fields
and assimilation in NWP models as well as other applications
including nowcasting, hydrological simulation, and prediction.
Rainfall estimates are primarily made from a combination of
conventional measurements, such as rainfall gauge (RG) and/
or weather radar (WR), and different types of OS sensors. In
the majority of countries, operational use is still rare, but pre-
operational testing is conducted in research projects on lim-
ited spatial and temporal scales.

Twelve countries report on the usage of CML data which
could be a result of the composition of the OpenSense action
with a larger ratio of CML-focused researchers. Data collec-
tion by PWS is currently (January 2025) ongoing in seven
countries and by CML in four countries. In the remaining
countries, only historical PWS and CML datasets are used.
This is most likely because finding a business model or a
model of collaboration with mobile network operators be-
yond the horizon of a single demonstration study is more
challenging than buying data from a PWS platform operator
with an established business model (see further section 5). To
date, real-time data streams have been established in only a
few countries, and the experience of respondents indicate
that, especially in the case of CML, it is challenging, although
organizationally rather than technically.

In terms of RRO, the vast majority of respondents esti-
mated the RRO level to be two, i.e., increased experience,
e.g., through large-scale validation studies and/or application
experiments. A few cases of RRO 5 1 (first experiments,
small datasets) exist, and RRO 5 3 (quasi/operational state)
was given only to the use of CML in Germany and the use of
PWS in Poland.

In terms of applications, all responding countries used the
OS rainfall data for deriving improved observational prod-
ucts, e.g., through validation and/or for densifying existing
networks (not shown in Fig. 4). Subsequent applications of
CML for hydrological prediction are reported in four coun-
tries and of PWS only in Germany. Germany is the only coun-
try where CML and PWS were used jointly in a hydrological
study. The rainfall nowcasting application using both CML
and PWS is reported in Austria and in Sweden using only
PWS.

Some of the collected OS rainfall data are openly shared.
Špačková et al. (2021) provide 1 year of CML data from one
link in Switzerland together with meteorological observations.
In the OpenMRG dataset by Andersson et al. (2022), CML
data from 364 links in Sweden are shared, together with rain
gauge and radar observations during one summer (this data-
set is soon to be updated, e.g., with PWS observations).
O’Hara et al. (2023) made a 10-yr dataset of PWS observa-
tions from the WOW network in the United Kingdom pub-
licly available. Overeem et al. (2024d) describe a dataset
covering the Netherlands with ;1800 CML during almost
4 years. In addition, the European Meteorological Network
(EUMETNET) (a network of 33 European NMHS) purchased
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PWS datasets from Netatmo and WOW, both covering whole
Europe during 2020, and made it available in a “sandbox” to its
member countries (Netatmo 2021). To facilitate and improve
data sharing and operational usage, an effort to standardize OS
rainfall data (and metadata) formats was made by Fencl et al.
(2024).

Currently, operational merging of radar and CML data is
under way in several projects at a number of NMHS, repre-
senting the most advanced state with respect to countrywide
operational application of OS rainfall data. In France, Meteo
France through the raincell project aims to derive a gauge and
CML-adjusted weather radar product that has a very low la-
tency and where CML provides information in areas with
poor radar quality (Faure et al. 2024). In the HoWa-PRO
project (https://www.wasser.sachsen.de/howa-pro.html), the
German Weather Service is building a new operational ad-
justment system that is capable of including CML (Graf et al.
2024a). They already showed the potential of CML adjust-
ment for an extreme rain event causing heavy flooding over
central Europe in July 2021 (Graf et al. 2023). At the Swedish
Meteorological and Hydrological Institute, a system for
real-time production of gridded high-resolution rainfall
including PWS data is being developed (van de Beek and
Olsson 2022).

Furthermore, while the focus of this study has been on op-
erational application of OS rainfall data on larger scales (na-
tional, regional), it should be emphasized that there are some
examples of operational systems and services on a more local
scale. Some of these are included in the above literature re-
view, e.g., the local flood forecasting systems in Italy (Ceppi
et al. 2023) and Ethiopia (Tedla et al. 2024). There are also
nonpublished examples, e.g., Water Board Rijn and Ijssel, the
Netherlands, uses PWS rain gauge data for flood forecasting.
This type of local initiatives may conceivably initiate a com-
plementary bottom–up movement to spread the applications
of OS rainfall data.

5. Remaining challenges and potential solutions

Before CML and PWS data can be used in applications like
rainfall mapping, nowcasting, or hydrological prediction, their
data have to undergo several processing (CML) or quality
control (PWS) steps. Operational applications also require
that these steps can be executed in real time. The algorithms
need to be tailored to the specific characteristics and error
sources of each opportunistic sensor. For CML, a large focus of
research in the past 20 years was set on improving processing of
raw power level data with the objective to separate raindrop

FIG. 4. Results from the questionnaire within the COST Action OpenSense. For each country
where OS rainfall data availability was reported, a summary of the national status in terms of
data acquisition, self-assessed RRO, and subsequent applications is given. In the national matrices,
the top row denotes the OS type (P represents PWS and C represents CML), with green repre-
senting an ongoing data stream and yellow representing a terminated stream [the asterisk (*)
means that the stream is/was in real time]. The second row contains the RRO and the third row
any application performed (N represents nowcasting and H represents hydrological prediction).
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path attenuation from the other signal power losses, which in-
cludes, e.g., methods for time series segmentation to dry and
rainy periods or for WAA correction. On the one hand, there
are now dozens of methods for individual processing steps. On
the other hand, the opportunistic nature of CML data, depen-
dency on hardware, or atmospheric conditions still have a signif-
icant impact on rainfall estimates, which is difficult to quantify
without reliable ground truth. Another aspect adding to the un-
certainty of these rainfall estimates is their path-integrated char-
acter. Most of the studies consider CML as point observations
and apply mapping methods developed for station data.
Only a few studies have tried to seize the potential advan-
tage of the path-averaged character of CML observations as
listed in section 3a(1).

For PWS, quality control is a postprocessing step and cur-
rently an active area of research (e.g., Chen et al. 2021; Tedla
et al. 2022; Li et al. 2023; El Hachem et al. 2024). An impor-
tant aspect prior to the usage is that the literature agrees on
an underestimation of rainfall from PWS, especially for heavy
rainfall. Bias correction, ideally using nearby dedicated obser-
vations, is therefore strongly recommended before using PWS
data in applications. Despite all uncertainties, we encourage
the use of CML and PWS in practical applications and ap-
proaches. However, thorough processing and quality control
are essential, as opportunistic data have higher demands com-
pared to professional rainfall observation data. Additionally,
as is the case with all applications involving rainfall data, a
proper description of the associated uncertainty is required
for assessing and quantifying its propagation through subse-
quent models.

Whereas most work in this review is from Europe, OS
rainfall data are often claimed to be particularly attractive in
countries with very limited official meteorological networks,
e.g., in the Global South. Several investigations have indeed
demonstrated how both CML (Doumounia et al. 2014; Overeem
et al. 2021; Priebe 2021, 2023; Djibo et al. 2023b; Walraven
et al. 2024) and PWS (Mengistie et al. 2024; Tedla et al. 2024)
observations have provided an added value in regions other-
wise lacking rainfall observations. Applications in different
regions are, however, associated with various challenges. Con-
cerning PWS, network density has been shown to substan-
tially depend on the socioeconomic status of the area where
PWS are installed (e.g., Brousse et al. 2024). Another chal-
lenge is the lack of independent reference observations, pre-
venting efficient bias correction, but the QC has to rely
primarily on homogeneity of neighboring PWS observations.
Methods for QC relying solely on PWS data have been devel-
oped in Europe (e.g., El Hachem et al. 2024), where PWS net-
works are substantially denser than in low-income countries.

Concerning CML, the selection of appropriate processing
methods and parameters still rely on a sufficient amount of
reliable reference observations. Additional uncertainties in-
clude first that drop size distribution observations specific to
climates of tropical and other data-scarce regions are rarely
available, which limits the derivation of accurate climate-
specific parameter values for the relationship between rain
intensity and specific attenuation through scattering computa-
tions. Second, 7-GHz CML, commonly used, e.g., in rural

parts of Africa, introduces additional challenges. These links
have a low sensitivity to rainfall, particularly under light rain
conditions. Furthermore, their deployment in long, chained
network connections enhances the impact of disruptions. A
failure in one connection can affect the entire system, thus re-
ducing data availability. Part of the errors might be identified
and possibly also reduced by the comparison of collocated
CML (Špačková et al. 2023) or by incorporating additional in-
formation from satellite observations in the CML data proc-
essing (Graf et al. 2024b). Expert knowledge will always be
required when first assessing new CML datasets, as shown in
the transnational analysis of two CML datasets by Blettner
et al. (2023). Dedicated experiments, where disdrometers,
rain gauges, and time-lapse cameras near CML are com-
bined, can be used to investigate CML-specific issues (e.g.,
WAA) that impact the quality of rainfall estimates (van
Leth et al. 2018; Špačková et al. 2021).

Access to CML and PWS data is a fundamental require-
ment for all subsequent applications. In theory, CML data
can be derived and distributed in real time, as demonstrated
within the HoWa-PRO project in Germany mentioned above.
Similarly, PWS data can be obtained in real time, e.g., via an
API with Netatmo or by provision of such a company. In real-
ity, data acquisition is often complicated by a number of
factors. One is the dependency on private companies, often
associated with a cost outside of individual project-based re-
search and development (R&D) agreements. Here, it must be
distinguished between companies dealing directly with meteo-
rological data, including PWS, and companies having another
core business, notably telecommunication in the case of CML.
In the former case, partnership and contracting is generally
straight forward, but in the latter case, the cost of acquiring
and processing the raw data often exceeds what, e.g., an
NMHS is able to pay. This requires new business models, and
for CML, several options are being explored. The Global Sys-
tem for Mobile Communications (GSM) Association has ana-
lyzed business case development for the Global South (Priebe
2021, 2023). Their work highlights various use cases imple-
mented in Africa, such as applications for crop insurance
companies, and examines the potential roles of mobile net-
work operators (MNOs). But even though such business cases
were discussed a lot over the last years, no business model has
yet been identified or established. In Europe, there are sev-
eral ongoing bilateral research collaborations between MNOs
and OS researchers; however, the path toward sharing these
data for practical application requires sustainable business
models and these are yet to be developed.

As part of OpenSense, the Global Microwave Link Data
Collection Initiative (GMDI) has been launched to develop
recommendations for CML data sharing and transfer mecha-
nisms between MNOs and NMHS (Fencl et al. 2025). For
PWS networks, where data are managed by private compa-
nies like Netatmo, long-term access free of charge for NMHS
is unlikely if not done via policy makers, contrarily to community-
driven platforms or cases where voluntary observations are being
collected by NMHS networks (e.g., WOW) (e.g., Buyteart et al.
2014; Reges et al. 2016; Tedla et al. 2024).
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Besides the costs involved, there is always a risk that pri-
vate companies change ownership or even go bankrupt,
affecting data delivery. Also, the number OS is constantly
changing allowing no continuity for NMHS. For CML, there
may be both new telecommunication towers constructed or
existing towers taken out of service, e.g., when moving over to
fiber-based transmission (e.g., Liu et al. 2023). The PWS com-
munity is rapidly growing}at the moment}with additional
stations being added on a more or less daily basis. Additional
complexity arises from people moving and bringing their sta-
tion, which may require a manual update of the location. Due
to these reasons, OS are not able to provide long-term time
series for the climatological analysis as professional observa-
tions. Another risk is the higher likelihood of gaps than in
professional observations, e.g., when devices experience poor
connectivity, are being transported, or are put in seasonal
storage (e.g., de Vos et al. 2019). Furthermore, the operation
(and potential shutdown) of CML is fully subordinated to the
needs of the telecommunication network and services pro-
vided by network operators. Overall, these risks are conflict-
ing with typical requirements of NMHS who usually want
long-term contracts and access to data that should be used in
(operational) application frameworks. Although the pioneer-
ing studies applying OS rainfall data for hydrological predic-
tion do indicate a clear potential for added value, it should be
noted that the associated uncertainties can affect the accuracy of
hydrological simulations. Concerning CML data, in addition to
uncertainties stemming from WAA (e.g., Pastorek et al. 2023;
Stransky et al. 2018), CML rainfall estimates, and consequently
simulated flows, can be strongly affected by the CML character-
istics and disposition (Pastorek et al. 2019; Turko et al. 2021).
Bias in CML rainfall data, which can hinder widespread applica-
tion in the field of hydrological modeling, can vary over time
and rainfall events. Brauer et al. (2016) demonstrated that al-
though their CML rainfall data are on average bias free, they
display seasonally varying errors. Cazzaniga et al. (2022) encoun-
tered challenges in simulating flows during specific flood events,
particularly when CML with coarse quantization (e.g., 1 dB) is
used to detect low-intensity rain events.

To take the CML-induced uncertainty into account, Pastorek
et al. (2023) proposed coupling the rainfall–runoff models
with an error model, the parameters of which can be opti-
mized against a dataset independent from the one used for
hydrological model calibration. Generally, uncertainties in rain-
fall data can be compensated by hydrological model parameteri-
zation, to some extent (e.g., Stephens et al. 2022; Wang et al.
2023b; Zeng et al. 2018), but the accuracy of this solution for
dynamically changing networks, such as PWS, is questionable.
Since model transferability across different rainfall inputs
without recalibration is not recommended, another critical is-
sue in the application of OS datasets is their often limited ob-
servation period which may be insufficient for calibration,
especially in nonurbanized basins. This implies that wider ap-
plication of OS rainfall data for hydrological prediction is con-
ditioned on steady and stable availability of preprocessed and
quality controlled OS rainfall datasets.

Finally, the use of SML has a clear potential for applica-
tions such as the ones described in section 3b. While there are

equivalent issues with converting attenuation into rainfall in-
tensity as for CML, there are potential advantages including
that signal retrieval is not dependent upon telecommunication
companies (which facilitates data access) and that the net-
work is stable (e.g., in contrast to CML being replaced by
fiber-based transmission). There are a few scientific papers
that indicate application potential in the form of rainfall map-
ping. These include Mercier et al. (2015), who generated
SML-based rainfall maps for a few events observed in south-
ern France during the Hydrological Cycle in the Mediterra-
nean Experiment (HyMeX), and Colli et al. (2020), who
performed rainfall mapping over an area around Genoa, Italy.
From the questionnaire, it was found that SML are currently
being explored for applications in, e.g., France and Italy and
that companies exploiting SML for rainfall mapping have
been recently created, including HD Rain (https://www.hd-
rain.com/en/home) and Databourg (https://databourg.com/).
We expect to see further progress and increased scientific re-
porting of these efforts in the coming years.

6. Conclusions

Based on the literature review, the questionnaire, and the
discussion, the three questions underlying the study can be
addressed as follows.

1) What is the scientific support for operational applications
of OS rainfall? There is strong scientific evidence that OS
rainfall can provide an added value in high-resolution rain-
fall mapping, especially when merged with observations
from conventional sensors. A potential improvement of
subsequent applications}nowcasting and hydrological
prediction}is clearly indicated in some studies and less
clearly in others, and overall, the number of investiga-
tions is still rather low. Most work so far has focused on
CML data and less on PWS data, and we found the SML
publications to mainly represent a proof-of-concept phase.

2) How technically ready are different countries with respect
to operational implementation? All 13 countries that have
some experience with OS rainfall data, according to the
questionnaire distributed within OpenSense, reported an
readiness for routine operation (RRO) level of 2 for at
least one type of sensor, i.e., increased experience, e.g.,
through large-scale validation studies and/or application
experiments. Actual operation (RRO 5 3) was reported
for CML in Germany and PWS in Poland.

3) What challenges remain and how can these be solved? A
major scientific challenge is quality assurance (QA)/QC
of OS rainfall data and reliable estimation of uncertainty
in a final OS rainfall product, particularly in regions with
poor reference observations. A major organizational chal-
lenge is the acquisition of OS rainfall data, as generally
commercial actors need to be involved with associated
costs. To solve this, dedicated business models need to be
developed, particularly for CML, and efforts in this direc-
tion are ongoing. Additional main challenges include the
dynamic nature of OS networks, latency limitations across
different data sources, and the need for comprehensive (but
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fast) processing protocols. More technical research and
development is needed to build the required infrastructure.

Concerning future work, it is encouraging that more and
more open OS rainfall datasets are being published to facili-
tate technical developments (section 4). We hope that these
efforts will increase the amount of comparative evaluations of
OS data against professional observations, not least focusing
on extreme rainfall intensities, as well as spawn new initiatives
toward improved algorithms for processing, QC/QA, etc.
For example, artificial intelligence/machine learning (AI/ML)
solutions are conceivably very attractive for merging OS rain-
fall with conventional observations, considering the complex
combination of data of different quality as well as physical di-
mensions from dynamic networks. To date, only a few studies
have employed AI/ML in this context, including, e.g., Niu
et al. (2021) for QC/QA of PWS data and Kamtchoum et al.
(2022) for nowcasting.

To conclude, we believe that OS rainfall data do have the
potential to provide societal benefit in a reasonably near fu-
ture, by contributing to improved high-resolution rainfall
products. These products will, in turn, provide improved ref-
erence data for NWP and climate model development, consti-
tute a basis for improved quantitative rainfall estimation and
nowcasting, and allow for improved assessment of the ex-
treme rainfall impacts such as landslides, floods, and erosion.
In addition to these hydrometeorological benefits, advances
in OS rainfall estimation have the potential to provide societal
benefits through gaining new understanding and knowledge,
e.g., on the character and generation of rainfall extremes. The
field of OS rainfall estimation not only provides a promising
avenue for cutting-edge multidisciplinary research but also
provides an opportunity to enhance existing educational pro-
grams and even create new ones. PWS in specific could be
beneficial for raising citizens’ awareness on rainfall, water re-
sources, and natural hazards in general (Nardi et al. 2021).
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}}, M. Fencl, V. Bareš, H. Kunstmann, and C. Chwala, 2023:
Transboundary rainfall estimation using commercial micro-
wave links. Earth Space Sci., 10, e2023EA002869, https://doi.
org/10.1029/2023EA002869.
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