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The application of technological systems to monitor and provide nowcasting,
forecasting and early warning of convective storms, such as Medicanes
(hurricane-like cyclonic systems in the Mediterranean Sea), particularly on a
short-term temporal and small-scale spatial context, is crucial to a wide
spectrum of societal sectors including public safety, protection of agricultural
production and protection of infrastructures. Weather forecast updates in
Numerical Weather Prediction (NWP) models suffer from two main problems:
a) The updates on impending weather conditions, including alerts for
precipitation, are issued every 6 h b) These updates may not represent the
real weather conditions near the area of interest. Increasing the spatial and
temporal coverage by meteorological radars can help to face these issues;
however, it is a very costly solution, involving high initial purchase costs,
installation expenses, and ongoing maintenance. Alternative low-cost
solutions, such as GNSSs (Global Navigation Satellite Systems) are necessary
to enhance the continuous atmospheric sensing of various parameters in near-
real time including water vapor, temperature, and pressure, by analyzing the
signals received from GNSS satellites. The rapid spatiotemporal variations of
Precipitable Water Vapor (PWV) in the low atmosphere comprises one more
challenge to NWP models forecasting accuracy. Though many studies have
evidenced continuous reinforcement of PWV before the heavy rainfall, there is
still a great difficulty to determine a rigid relationship between rainfall and PWV
that could be incorporated to a nowcasting model. In this context, the present
study aims to investigate the possible correlation between PWV and heavy rainfall,
during 81 selected heavy and extreme precipitation events occurring during
2022-2024 over Cyprus Island. To achieve this, we exploited both GNSS and
ERA5 (the fifth generation ECMWF atmospheric Reanalysis) PWV data and rainfall
observations over 12 meteorological stations of Cyprus. An increase in PWV
beforemost heavy rain eventswas foundwith the time-lag of PWVpeaks from the
heavy rain onset having a range from one to six hours in most events. The
Correlation Coefficient R, between maximum PWV peaks and the related
maximum precipitation peaks shows a very high correlation (R = 0.85) over
themountainous region of the island and a satisfactory correlation both in coastal
and all Cyprus regions (R = 0.5).

KEYWORDS

precipitable water vapor, heavy rainfall, GNSS sensors network, nowcasting, GNSS-PWV,
ERA5-PWV

OPEN ACCESS

EDITED BY

Congzheng Han,
University of Chinese Academy of Sciences,
China

REVIEWED BY

Jayanarayanan Kuttippurath,
Indian Institute of Technology Kharagpur, India
Venkat Roy,
Rutgers, The State University of New Jersey,
United States
Fatima Zahra Hdidou,
Direction de la Météorologie Nationale,
Morocco

*CORRESPONDENCE

Despina Giannadaki,
despina.giannadaki@outlook.com

RECEIVED 02 May 2025
ACCEPTED 28 August 2025
PUBLISHED 25 September 2025

CITATION

Giannadaki D, Oikonomou C and
Haralambous H (2025) Correlation of
precipitable water vapor and heavy rainfall over
Cyprus using GNSS sensors network.
Front. Signal Process. 5:1622256.
doi: 10.3389/frsip.2025.1622256

COPYRIGHT

© 2025 Giannadaki, Oikonomou and
Haralambous. This is an open-access article
distributed under the terms of the Creative
Commons Attribution License (CC BY). The use,
distribution or reproduction in other forums is
permitted, provided the original author(s) and
the copyright owner(s) are credited and that the
original publication in this journal is cited, in
accordance with accepted academic practice.
No use, distribution or reproduction is
permitted which does not comply with these
terms.

Frontiers in Signal Processing frontiersin.org01

TYPE Original Research
PUBLISHED 25 September 2025
DOI 10.3389/frsip.2025.1622256

https://www.frontiersin.org/articles/10.3389/frsip.2025.1622256/full
https://www.frontiersin.org/articles/10.3389/frsip.2025.1622256/full
https://www.frontiersin.org/articles/10.3389/frsip.2025.1622256/full
https://www.frontiersin.org/articles/10.3389/frsip.2025.1622256/full
https://crossmark.crossref.org/dialog/?doi=10.3389/frsip.2025.1622256&domain=pdf&date_stamp=2025-09-25
mailto:despina.giannadaki@outlook.com
mailto:despina.giannadaki@outlook.com
https://doi.org/10.3389/frsip.2025.1622256
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/signal-processing
https://www.frontiersin.org
https://www.frontiersin.org/journals/signal-processing
https://www.frontiersin.org/journals/signal-processing#editorial-board
https://www.frontiersin.org/journals/signal-processing#editorial-board
https://doi.org/10.3389/frsip.2025.1622256


1 Introduction

Water Vapor is the largest greenhouse gas, playing an important
role in the hydrological cycle and the radiative balance of the earth
(Patel and Kuttippurath, 2023). It is one of the main components
determining the conditions for adverse weather, such as abrupt and
heavy precipitation. Precipitable Water Vapor (PWV) is the amount
of water Vapor integrated in a vertical column of the atmosphere
over an area. Accurate estimation of PWV is crucial for weather
forecasting and climate investigation. The spatial and temporal
rapid variations of water Vapor in the low atmosphere constitute
a big challenge to the forecasting accuracy of NWP models and to
the near real-time forecasting information on sudden heavy rain
episodes (Mazzarella et al., 2022; Moore et al., 2015) and reveals the
need for techniques to measure PWV at a high temporal and spatial
resolution (Barindelli et al., 2018; Stępniak and Paziewski, 2022;
Sarkar et al., 2023). GNSS has been widely used to retrieve PWV due
to its high spatial and temporal resolution, all weather convenience,
high accuracy providing nearly real time data, and lower cost
compared to other methods using radiosonde and microwave
radiometer data (Li et al., 2021). The technique to estimate PWV
is by exploiting the propagation delay of the GNSS satellites signals.
Accurate estimation of zenith tropospheric delay (ZTD) is
important for high-precision GNSS positioning and timing (Xia
et al., 2023; Jin et al., 2011; 2022). Zenith tropospheric delay is the
sum of zenith hydrostatic delay (ZHD) due to dry air components
which is related to the pressure, and zenith wet delay (ZWD)
induced from the wet component of the troposphere, i.e., water
Vapor (Xia et al., 2023). The ZWD can be converted to PWV using a
relatively simple mathematical formula described by Bevis et al.,
1994. GNSS derived ZWD has demonstrated to be a reliable
technique for applications in Meteorology. Many recent studies
acknowledge the robustness and reliability of GNSS derived
PWV after more than 2 decades of experimentation and
crosschecking with other techniques (Li et al., 2021; Negusini
et al., 2016; Ildikó and Szabolcs, 2018), such as radiosonde and
both space- and ground-based radiometers (Vaquero-Martinez and
Anton, 2021).

In PWV retrievals from GNSS data, the surface pressure (Ps)
and the weighted mean temperature (Tm), are highly contributing
to the accuracy of PWV estimations. In situmeasurements of Ps and
Tm can significantly improve the accuracy of PWV estimations, but
they are often not available due to the absence of collocated
meteorological sensors to the GNSS receiver (Li et al., 2020).
Hence, alternative Ps and Tm data are used from reanalysis data,
most commonly the European Centre for Medium-Range Weather
Forecasts (ECMWF ERA-5), National Centers for Environmental
Prediction Final Analysis (NCEP FNL), NCEP Global Forecast
System (GFS), Modern-Era Retrospective Analysis for Research
and Applications version 2 (MERRA-2), and from regional
models and empirical blind models like GPT-3 (Chen et al.,
2021; Huang et al., 2021; Li et al., 2021). Moreover, in recent
studies by Abdelazeem and El-Rabbany (2020) and Xia et al.
(2023), the accuracy of ZTD using the single, dual, triple, or
multi-GNSS Precise Point Positioning (PPP) technique has been
evaluated. Through an extensive validation procedure, they
demonstrate that the accuracy of ZTD has been greatly improved
from single to multi-system technique.

The relationship between heavy rainfall and PWV has also
been examined by numerous studies, showing that high spatial and
temporal resolution GNSS-PWV can improve rainfall forecasting
(Ziarani et al., 2021; Li et al., 2022; Baldysz et al., 2024). In their
work, Zhang et al. (2022) and Barbarosa et al. (2023) found a
significant correlation between PWV values and precipitation
measurements in the studied regions. Another study by Sapucci
et al. (2018) refers that Global Positioning System PWV (GPS-
PWV) sharply increases before intense rain events. This jump was
observed for any precipitation event in their study, but it was more
acute before more intense and extensive precipitation events.
Barindelli et al. (2018) also found that variations in GNSS-
PWV have a direct relationship with the evolution of the rain
events in their case studies. They found a peak in the PWV value
during heavy precipitation over a station. This peak was followed
by a steep decrease of 5–10 mm in about 1 h as the rain past the
station. Zhang et al. (2015) stated that a large increase in PWV was
observed 8–10 h before the start of a quite intense rain event. Zhao
et al. (2020) also noticed that PWV increases before the arrival of
heavy rainfall, reaches a quite large value during rainfall event, and
decreases to its average value at the end of the rain event. Similar,
Li et al. (2020) found that in most of the analyzed PWV time series
heavy precipitation occurred mainly 7.31 h after the PWV reached
its highest value, while the sharp PWV decrease phase initiated
from about 4.38 h prior to the next coming heavy precipitation
event. Ziarani et al. (2021) observed an increase in PWV before the
rainfall event and at the time of maximum rainfall—both for
GNSS-PWV and Convective Available Potential Energy
(CAPE). Baldysz et al. (2024) who investigated the daily GNSS-
PWV variability, precipitation and cloud top temperature across
the global tropics, found that for most of the studied cases, GNSS-
PWV had one daily maximum, which was related to the afternoon
precipitation and to the minimum cloud top temperature. Factors
like the geographic position (i.e., coastal, inland, and
mountainous) and local dynamics of the studied areas can
affect the link between PWV peaks and rainfall (Serrano-
Vincenti et al., 2022; Pan et al., 2024).

Despite the strong relation of PWV variations and the onset of
precipitation, the physical mechanism that determines this
relationship is complex, associated with the impact of
convergence of moist air to deep convection, thus precipitation
cannot be determined merely by the PWV variations (Zhang et al.,
2022). Precise precipitation predictions are still a big challenge for
weather modelling, especially for abrupt and sudden phenomena
at a local scale. To overcome this challenge further densification of
GNSS networks is required. This can be achievable with compact
low-cost GNSS receivers, as the deployment of new GNSS geodetic
stations is limited due to high cost. Recent studies by Oikonomou
et al. (2023), Marut et al. (2022), Barindelli et al. (2018), and
Stępniak and Paziewski (2022) demonstrated that the use of low-
cost GNSS receivers for ZTD and PWV estimations could
outperform in accuracy those derived from geodetic receivers
and radiometers.

In Cyprus, PWV data are sparse and inhomogeneous. The
benefits of the development of a dense network of low-cost
GNSS receivers for the weather forecasting and nowcasting
services are of paramount importance in this Eastern
Mediterranean region–a climate change hot spot region–where
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extreme weather phenomena such as abrupt and heavy precipitation
events are expected to become more frequent and intense (Lelieveld
et al., 2012; Zittis et al., 2022). Therefore, this investigation is an
initial attempt to investigate the potential relationship between
PWV and heavy rainfall by using both GNSS-derived and
ERA5 Reanalysis PWV data as well as ground meteorological
observations obtained from a network of 12 meteorological
stations in Cyprus during certain extreme precipitation events
that took place during the years 2022–2024. Next, Section 2
presents the data analysis, the methodology for obtaining PWV
from GNSS ground receivers, the intercomparison of ERA5 and
GNSS-derived PWV and the methodology for the investigation of
the potential relationship between PWV and the onset of heavy
precipitation events in Cyprus. Section 3 presents the results of
temporal and spatial characteristics of PWV–heavy precipitation
relationship and their explanation followed by conclusions and
future perspectives (Section 4).

2 Data analysis and methodology

2.1 GNSS, ERA5 and meteorological datasets

In the present study, GNSS data from 12 permanent stations from
Cyprus were used. These stations are managed by Cloudwater Ltd, and
their locations are shown in Figure 1. The characteristics of GNSS
receivers are shown in Table 1. All GNSS stations are collocated (up to
2 km distance between them) with 12 respective meteorological
stations operated by the Cyprus Department of Meteorology (DoM,
2024). In order to estimate PWV from raw GNSS data we utilized a
custom PWV estimation in-house software developed by Cloudwater
Ltd, which takes fully advantage of all available operational GNSSs
(GPS, GALILEO, GLONASS and BeiDou). The GNSS-PWV values
were computed using an in-house processing pipeline, which is based
on the publicly available G-Nut/Tefnut software developed by the
Geodetic Observatory Pecný (GOP), Czech Republic (Vaclavovic et al.,
2013). The original G-Nut/Tefnut code was modified to support
customized data ingestion and automated processing workflows
tailored to our GNSS station setup and data formats. In particular,
we developed routines for GNSS processing and ZTD (Zenith
Tropospheric Delay) estimation in near real-time (every 15 min),
following the Precise Point Positioning (PPP) approach. Validation of
the outputs was conducted internally against known patterns of daily
and seasonal PWV and extreme rainfall events in Cyprus. The method
of PWV estimation is described in detail at the following Section 2.2.
PWV datasets (15min resolution) were compared with 10 min rainfall
measurements over 12 meteorological stations during selected extreme
precipitation events, obtained from the Cyprus DoM. Furthermore,
hourly ERA5 Reanalysis PWV data were employed for the 12 stations
for the same extreme events in order to detect potential correlation
between PWV and rainfall.

TABLE 1 Correlation Coefficient R between GNSS and ERA5 derived PWV
time series for 7 selected extreme precipitation events.

Station name Correlation coefficient R

Frenaros (3/12/2024) 0.75

Limassol (21-26/12/2024) 0.87

Paphos (2/11/2024) 0.77

Paphos (3/12/2024) 0.78

Paphos (21-26/12/2024) 0.84

Polis (15-18/11/2024) 0.65

Polis (21-26/12/2024) 0.83

FIGURE 1
Cyprus GNSS permanent stations network operated by Cloudwater Ltd.

Frontiers in Signal Processing frontiersin.org03

Giannadaki et al. 10.3389/frsip.2025.1622256

mailto:Image of FRSIP_frsip-2025-1622256_wc_f1|tif
https://www.frontiersin.org/journals/signal-processing
https://www.frontiersin.org
https://doi.org/10.3389/frsip.2025.1622256


ERA5datasets comprise the fifth-generation of the EuropeanCentre
for Medium-Range Weather Forecasts (ECMWF) global climate
reanalysis dataset. It is produced by using the 4D-Var data
assimilation scheme in the CY41R2 model of the ECMWF’s
Integrated Forecast System (IFS), replacing the ERA-Interim dataset.
ERA5 provides hourly atmospheric reanalysis data at 37 pressure levels
from 1000 to 1 hectopascals i.e., from the surface up to 80 km height,
with a horizontal spatial resolution of 0.25° × 0.25° corresponding to
approximately 27.75 km by 27.75 km . It has been shown that
ERA5 performs very well in estimation of PWV (Wang et al., 2020).
In this study, PWV time series derived from ERA5 surface products are
compared with the spatiotemporal variation of GNSS PWV.

2.2 PWV estimation from GNSS
ground receivers

The GNSS signal delay induced by the wet component of the
troposphere allow us to sense Precipitable Water Vapor (PWV) with
ground-based GNSS stations (Bevis et al., 1994). PWV is defined as
the depth of water that would result if all atmospheric water vapor in
a vertical column of air is being condensed to liquid. For this reason,
GNSS-derived Zenith Wet Delays (ZWD) can be transformed to
PWV using the formula described by Equations 1-3 (Bevis et al.,
1992, Bevis et al., 1994; Mendes et al., 200):

PWV � Π × ZWD (1)
where, the ZWD is derived from the relation ZWD = ZTD–ZHD,
with Zenith Hydrostatic Delay–ZHD depending on the dry air gases
accounting for the greatest part of the tropospheric delay and

Π � 106 ρRu
k3
Tm

+ k2
′( )[ ]

−1
(2)

where, k2′ � k2 −mk1, k1 = 77.604 K/hPa, k2 = 17 K/hPa and k3 =
3.776 × 105 K/hPa and ρ= 1025 kgm−3 is the density of liquid water,Ru
= 461.51 J K−1kg−1 is the specific gas constant of water vapor, Tm is the

water vapor weighted mean temperature of the atmosphere as defined
by Davis et al. (1985) and m is the ratio of the molar mass of water
vapor and dry air. The physical constants k1, k2 and k3 come from the
common formula for atmospheric refractivity of Davis et al. (1985). In
general, PWW is related to ZWD by a factor (Π) that is approximately
0.15, however the actual value of factor Π can vary by as much as by
20% (Bevis et al., 1994; Rόzsa, 2014) since it depends on the weighted
mean temperature of the atmosphere, which presents a
spatiotemporal variability, including seasonal and altitudinal one.
As a result, in calculating PWV from Equations 1, 2, the largest
source of error is attributed to the mean temperature. The
uncertainties in Π derive from the uncertainties in the mean
temperature of the atm Tm and in the physical constants k1, k2
and k3. Therefore, factor Π is a function of the weighted mean
temperature of the atmosphere (Davis et al., 1985) and can be
determined to about 2% when it is estimated as a function of
surface temperature, or 1% if data from NWP models are
employed (Bevis et al., 1994; Businger et al., 1996). Concerning
Tm, Bevis et al. (1992) proposed that it can be calculated from the
surface temperature. In our study, the mean temperature of the
atmosphere in Kelvin, Tm, was estimated according to the formula
by Mendes et al. (2000) which holds for mid-latitudes:

Tm � 50.4 + 0.789Ts (3)
where, Ts is the surface temperature in Kelvin.

In this analysis, we retrieved the related parameters from
GPT2w model in order to compute the tropospheric component
ZHD. Based on the approximation by Saastamoinen (1972), the
ZHD can also be expressed as in Equation 4:

ZHD P,Φ, h( ) � 0.0022768P
1 − 0.00266 cos 2Φ( ) − 0.00028h

(4)

where, P is the atmospheric pressure in pascals, Φ is the station
latitude in degrees and h the station’s orthometric height in meters.
Subsequently, we calculate the ZWD and finally PWV.

TABLE 2 Cyprus GNSS permanent stations network characteristics.

Meteo station GNSS station Geogr
Lat (°)

Geogr
Lon (°)

Altitude (m) Type of GNSS receiver

Mathiati MATH 34.9450707 33.34077918 365 Cloudwater low-cost

Tamasos KLIR 35.0251689 33.15731136 510 LEICA Geosystems

Xyliatos KSIL 35.0386686 33.05772944 563 Cloudwater low-cost

Troodos TROD 34.9430876 32.86541034 1861 Cloudwater low-cost

Athalassa NICO 35.1409843 33.3964404 190 LEICA Geosystems

Polis POLI 35.0330405 32.42751978 69 LEICA Geosystems

Paphos PAFO 34.7741019 32.42801017 110 LEICA Geosystems

Limassol LEME 34.6675749 33.02513635 50 LEICA Geosystems

Lefkosia LEFK 35.1610657 33.36290149 193 LEICA Geosystems

Larnaca Airport LARN 34.9307157 33.63200523 47 LEICA Geosystems

Frenaros PARA 35.0255799 33.98350984 110 LEICA Geosystems

Kaalopanayiotis EVRY 35.038535 32.89995064 714 LEICA Geosystems
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TABLE 3 Spatial variation of PWV peaks occurrence during extreme precipitation events in 2022–2024 in Cyprus.

No of
Cate-
gory

Category PWV
peaks

Regions Coastal region Inland -plain
region

Inland semi-mountainous
region

Mountainous region

Station Paphos Polis Lima-
ssol

Larnaca Fre-
naros

Atha-
lassa

Lefko-
sia

Mathiati Tamasos Xyliatos Kalopa-
nayiotis

Troodos

Altitude
(m)

110 69 50 47 110 190 193 365 510 563 714 1861

Total No of
events

16 19 21 5 12 15 6 15 5 16 5 34

C1 PWV increasing trend
several hours before/
during rain

70 6 9 9 1 5 6 2 7 1 6 2 16

C2 PWV peaks within 1 h
from rain or during rain

51 4 8 8 1 4 3 1 3 1 6 2 10

C3 PWV peaks 1–3 h before
rain

19 2 2 2 0 2 1 2 2 2 2 0 2

C4 PWV peaks 3–6 h before
rain

15 0 2 2 0 2 0 1 1 0 1 1 5

C5 PWV peaks 6–12 h before
rain

5 0 0 0 1 0 2 0 0 0 1 0 1

C6 PWV peaks more than
12 h from rain

3 1 0 0 1 0 0 0 0 0 0 1 0

C7 Max PWV after max or a
high rain peak

21 3 0 2 1 1 3 1 3 1 1 0 5
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2.3 GPT2w (global pressure and temperature
2 wet) model data

The blind empirical model GPT2w (Böhm et al., 2014) estimates
the mean, annual and semianual pressure amplitudes. It was initially
developed by Böhm et al. (2007) as a blind model, named GPT,
based on 3-year monthly mean profiles of pressure and temperature

from the ECMWF 40-year reanalysis data (ERA40) to provide
pressure and temperature for the measurement time interval of a
GNSS receiver (epoch). Later on, Lagler et al. (2013) improved the
model (GPT2) by combining GPT and Global Mapping Function
(GMF) employing 10 years (2001–2010) of 37 monthly mean
pressure isobaric level data from the ECMWF reanalysis (ERA-
Interim). The latest GPT2w is an upgrade of GPT2 with an

FIGURE 2
C1 – Events where PWV shows ascending trend several hours before/during rain.
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improved capability in ZWDs computation, available at http://
ggosatm.hg.tuwien.ac.at/DELAY/SOURCE/. GPT2w is based on
global 1° × 1° gridded values of tropospheric variables including

surface pressure for modelling the ZHD or water vapor pressure, and
weighted mean temperature and water vapor decrease factor for
modelling the ZWD. In order to define the pressure and temperature

FIGURE 3
C2 – Events where PWV is peaking within 1 h from rain or during rain.
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values at a GNSS site, the model first estimates the pressure and
temperature values at four nearest grid points surrounding the
GNSS site. Then, temperature is corrected for the altitude

difference between the station and grid. For this purpose, at each
of the four grid points, the altitude gradient and the temperature
lapse rate are added to the temperature value. Concerning the

FIGURE 4
C3 – Events where PWV is peaking 1–3 h before rain.
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pressure, values at these four grids at the height of the station are
estimated by using a vertical exponential trend coefficient related to
the inverse of the virtual temperature. Finally, the pressure and
temperature at the GNSS station are interpolated from the above
four respective grid values. In general, it can be stated that GPT2w
blind model gives high quality products (Liu et al., 2017).

2.4 Intercomparison of ERA5 and GNSS-
derived PWV

ERA5-PWV are reanalysis data based on atmospheric modeling
to simulate humidity and temperature profiles, and on availability of
observations and assimilated methods. They have coarse spatial
resolution (~27.75 by 27.75 km2) and coarser temporal resolution
(hourly data) compared to the 15-min GNSS-PWV and can have
biases and limitations in spatial representation–for example, may
lack small-scale detail needed to capture rapid atmospheric changes.
Despite these limitations and biases, the evaluation of accuracy of
ERA5-PWV compared to the GNSS-PWV have demonstrated that
ERA5 has a very good performance (Schiettekatte et al., 2023; Wang
et al., 2020; Zhang et al., 2019).

Prior to the investigation of the PWV-rainfall relationship, we
attempt an intercomparison of GNSS-derived PWV values with the
respective ERA5 values during seven extreme precipitation events,
by applying the Regression Analysis. The minimum sample size is

24 values for the 1-day events and increases for longer duration
events while the p values for all cases are negligible, which indicate
that the analysis is statistically significant. The results are presented
in Table 1. The correlation coefficient R shows a high correlation of
GNSS and ERA5 PWV values in most of the events. This allows us to
employ both ERA5 and GNSS PWV values to investigate the
relationship of Precipitable Water Vapor with heavy
precipitation. In total, we analyzed 81 heavy precipitation events
from January 2022 to December 2024, using data from the 12 GNSS
stations to produce the PWV/Rain time series, based on the selection
criteria described in Section 2.5.

2.5 Methodology

In the present study, GNSS and ERA5 PWV data were utilized
to analyze the potential relationship between PWV and the onset
of heavy precipitation events in Cyprus. It should be noted at this
point that GNSS-derived PWV datasets were employed only in
certain cases of extreme precipitation events due to limited data
availability.

In order to identify any possible relationship of PWV and heavy
precipitation, we first examined temporal variation of both variables
by producing the concurrent time series during all selected heavy
precipitation events. Then, we investigated the spatial behavior of
PWV-Rain relationship over the island by correlating the observed

FIGURE 5
C4 – Events where PWV is peaking 3–6 h before rain.
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PWV peaks with the peaks of precipitation related to them, during
all selected extreme precipitation events. The results are shown and
analyzed in the next Section 3.

Table 2 presents the location of the 12 GNSS receivers’ stations.
In order to investigate the PWV–rainfall relationship we selected
certain days and periods with heavy precipitation for the years
2022–2024 using the following four main criteria:

1. Days with rain ≥20 mm
2. Consecutive Wet Days (CWD) periods with accumulated

4–6 days rain ≥40 mm
3. Short 2–3 CWD events with abrupt precipitation
4. Long event >6 CWDwith high-accumulated precipitation with

at least 2 days with heavy precipitation (≥15 mm) expand from
days with little to days with heavy rain.

FIGURE 6
C7 – Events where maximum PWV occurs after maximum or a high rain peak.
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As heavy precipitation days are considered the days with
precipitation ≥20 mm (Lazoglou et al., 2024; Zittis et al., 2020;
Tymvios et al., 2010), which is the criterion we have chosen to
categorize a precipitation event in the 12 stations as day with heavy
rain and is an indicator of extreme rainfall. The European Severe
Weather Database (ESWD) collects and provides detailed and high-
quality information on extreme storm events over Europe. For the scope
of this study, we used ESWD reports for heavy rain and large hail events
with an extreme impact over Cyprus for the period 2022-2024 (Dotzek
et al., 2009a). ESWD heavy rain is defined as large amounts of
precipitation that can cause either significant damage or no damage
is known, but extraordinary high precipitation amounts have been
observedwithin a period of 24 h. Therefore, the criterion for inclusion of
a report in the ESWD database is that the heavy rain event must have
caused an extreme impact, or a measurement of extreme rainfall must
be provided. Large hail reports include events with hailstones that have
a diameter (in the longest direction) of at least 2 cm, or hailstones that
form a layer of 2 cm thickness or more on flat parts of the earth’s
surface. We assigned these reported data to any of the 12 selected
meteorological stations, if the reported location of the event is within
5 km with no elevation differences from the closest GNSS station.

Apart from days with extreme precipitation and short-term
sudden events, we were interested in long events of consecutive days
with small and high amounts of rain, so that we could examine the
fluctuations and changes in PWV, from very rainy days to slightly
rainy days. Based on these criteria, we selected 81 heavy
precipitation events for this study, which are presented in Table 3.

3 Results

3.1 Temporal PWV variation in relation to the
precipitation onset

This section presents the analysis and main findings of the
relationship between the temporal variation in PWV and the
precipitation onset for the selected heavy rain events. In most
of the analyzed events, the ERA5-PWV time series shows a clear
ascending trend before heavy rainfall starts, with clear PWV peaks
related to rain peaks occurring from several hours before the onset
of heavy rain to right before the heavy rain peaks. This is in
agreement with a significant number of studies in different regions
who investigate the PWV-Rain relationship (Sapucci et al., 2018; Li
et al., 2020; Kunkel et al., 2020; Zhang et al., 2022; Barbarosa et al.,
2023; Zhao et al., 2020). From a time-lag correlation histogram
Sapucci et al. (2018) found that a peak in the PWV occurred from
15 min to 1 h before the maximum rainfall in 85% of the studied
events during the CHUVA Vale field campaign in Brazil. Yao et al.
(2017) also found a correlation relationship between PWV and
rainfall in a studied region in the subtropical monsoon climate
zone in China and reported that a maximum rainfall usually occur
near PWV peak. Li et al. (2012) and Zhao et al. (2018) found that
PWV significantly increases about 2–6 h before precipitation
starts, while Li et al. (2020) found that heavy precipitation
started about 7 h after PWV reached a peak value. Serrano-
Vincenti et al. (2022) found a lag of 11 h in most of the studied
regions (Northwest Equatorial Coast, Andes), and a lag of 6 h in

the Amazon regions between the preceding PWV increase and an
intense rain event.

To examine the PWV variation before and during a heavy
precipitation event we assigned the PWV/Precipitation time
series events in the following categories:

C1. PWV ascending trend before/during rain.
C2. PWV peaks within 1 h from rain or during rain.
C3. PWV peaks 1–3 h before rain.
C4. PWV peaks 3–6 h before rain.
C5. PWV peaks 6–12 h before rain.
C6. PWV peaks occurring more than 12 h from the rain onset.
C7. Maximum PWV after maximum or a high rain peak.

Next, we present some of the most characteristic events of the
main categories. We need to emphasize here that precipitation data
are in 10-min interval and GNSS-PWV data are in 15-min interval
while ERA-5 PWV data are hourly. Therefore, despite the high
correlation of GNSS and ERA5 PWV values (see Section 2.4), by
utilizing the GNSS-PWV data we can see a finer PWV time
evolution and association with the precipitation time series.

FIGURE 7
Percentage distribution of the heavy rain events in the
7 categories of PWV peaks.

TABLE 4 Correlation Coefficient R, between maximum PWV and related
maximum Precipitation values during extreme precipitation events in the
period 2022-2024.

Region Correlation coefficient R

Coastal 0.5

Mountainous (Inland) 0.85

All Cyprus island 0.5
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3.1.1 C1. PWV ascending trend before/during rain
As reported in several studies, PWV time series shows an

increase before the onset of precipitation (Li et al., 2020; Sapucci
et al., 2018; Zhang et al., 2015; Zhao et al., 2020; Yao et al., 2017) and
reaches a peak before rain starts. We also found in this study this
ascending trend in 70 of the 81 heavy rain events accounting for
86.4%, where PWV shows an increasing trend before rain starts,
even if in some events we do not see a clear PWV peak before or
during rain. This can be explained by the physical mechanism of rain
formation. Surface water temperature increases due to the solar
radiation, causing water to evaporate and elevate to the upper
atmosphere where it cools down. Prior to heavy precipitation, a
significant water transport takes place (expressed as large PWV
increase), followed by a warm air convergence, during which water
vapor condensates into droplets, which precipitate from the cloud as
rainfall when air is adequately saturated (Van Baelen et al., 2011;
Wang, 2013; Li et al., 2020). Figure 2 presents three cases where
ERA5-PWV (red markers) has a clear ascending trend before rain
starts (blue markers), but in the Kalopanayiotis event, we do not see
a PWV peak and drop, and in Tamasos event, PWV is almost flat for
several hours after reaching its maximum value. In Troodos event
PWV shows a significant increase from 10 mm to a peak of 27 mm
2h40 min before the maximum rain peak, then slightly drops and
goes up again reaching a second peak at 28.6 mm during the heavy
rain time.

1. Station Kalopanayiotis – 25 January 2022, sum
precipitation 38.5 mm

2. Station Tamasos – 8–9 April 2024, sum precipitation 41.1 mm
3. Station Troodos – 18 November 2023, sum

precipitation 48.1 mm

3.1.2 C2. PWV peaks within 1 h from rain or
during rain

From the analysis of the PWV/Rain time series, we observed in
51 events (63%) at least one PWV peak within 1 h from a rain peak.
Figure 3 shows four characteristic examples of events in this
category. In these events, smaller PWV peaks can be identified as
well before the rain events.

1. Station Frenaros – 3 December 2024, Sum
precipitation 70.5 mm

The rainfall starts at 16.40 with an abrupt peak at 18.10,
reaching 12.5 mm. Then the rain stops at 19.15 and starts again
with a second smaller peak at 22.30. Before the heavy precipitation
begins, GNSS-PWV (green markers) starts increasing rapidly from
21 mm about 4 h prior rain starts and reach a maximum value of
26 mm almost during the time of the maximum rainfall. Then
drops and starts increasing again 2h45min before a second lower
rain peak. The ERA5-PWV (red line) shows an abrupt increase

FIGURE 8
Scatter diagrams present the relationships between PWV peaks and precipitation peaks for coastal, mountainous and all Cyprus for the analyzed
heavy rain events.
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from 21 mm to 24.4 mm 5 h before the rain starts. Then PWV
follows an ascending trend and reaches a peak value of 26.4 mm
10 min before the maximum rain peak. According to Sapucci et al.
(2018) this abrupt increase in PWV value can be related to water
vapor convergence and the continued cloud water condensation
and precipitation formation. After the PWV peak, a decreasing
phase is observed after the maximum rain peak during the rest
period of the event. GNSS-PWV and ERA5-PWV both reach the
same maximum value close to the time of the maximum rain peak
and have an ascending trend before the onset of heavy rain and
decline right after the maximum rain peak, although they follow a
different trend after the peak. A physical mechanism that can
possibly explain this PWV decline is the conversion process from
water vapor to liquid (Solheim et al., 1999). Other physical
mechanisms that can induce the PWV decrease after rain starts
are the storm downdraft, that creates a drier and cooler
atmosphere, as well as and the advection forced by the speed
and direction impacts of the wind shear to the storm movement
(Sapucci et al., 2018). PWV gets relatively high values from 21 to
26.4 mm due to high rain peaks.

2. Station Limassol – 11–12 January 2023, Sum
precipitation 58 mm

This is a 2-day rainy event with two very short periods during
the first day and a longer period with rain during the second day of
the event. PWV steadily increases from 12 h before rain starts and
reach amax value 5 h before max rain peak during the first day of the
event. Then it goes down and up again with a second small peak on
the time of the second rain peak. On the second day, we notice again
the increasing PWV before the beginning of rain, starting from
14 mm and reaching a peak of 18.7 mm about 1 h before the rain
peak. Then it shows a small commotion during the rain period with
a second peak during the second rain peak. A PWV decreasing phase
is observed after the heavy rainfall. PWV values are below 21, and
peak rainfall values are below 4.5 mm.

3. Station Paphos – 2 November 2024, Sum
precipitation 34.7 mm

Similar to the first event, GNSS-PWV increases from 21.4 mm
about 6 h before rain starts and reaches a peak of 31.5 mm 45min
before the maximum rain peak. Then sharply declines until the end
of the rain event. ERA5-PWV follows a similar trend and time
evolution starting though ascending from 23.7 mm 6 h before heavy
rain starts and reaches a peak value of 30 mm during the time of
rainfall. After the PWV crest, a smoother decreasing phase is
detected 1 h after the maximum rain peak. Moreover, we observe
relatively high PWV values due to high maximum rain during a
short duration rain event.

4. Troodos – 17 October 2022, sum precipitation 117.1 mm

During this extreme event, we see high PWV values and high
rain peaks last for about 7 h. PWV jumps from 30.1 mm to a
maximum 36.6 mm peak 1 h beofre the time of maximum rain peak.
Then PWV decreases during the rest phase of the rain event.

3.1.3 C3. PWV peaks 1–3 h before rain
In 19 of the analyzed events (23.5%), PWV peaks from 1 to 3 h

before the heavy rain starts. In all the events shown in Figure 4 we see
an increasing PWV trend before the maximum rainfall. After the
PWV peak, a decreasing trend is observed.

1. Station Paphos – 11–12 January 2023, sum
precipitation 50.6 mm

PWV increases before rain starts and reach a maximum value of
22.3 mm 2 h before the first rain peak. A second smaller peak was
observed 1.5 h before the second rain peak. PWV values fluctuate
between 16 and 22.3 mm and rain peaks are below 6 mm during
the event.

2. Station Mathiatis – 12 January 2023, sum
precipitation 40.3 mm

PWV increases before rain starts and reach a first peak 2h20min
before maximum rain peak. PWV takes its maximum value during
the rain event 30min before a second rain peak. PWV values are
below 19 mm and rain peaks are below 5 mm.

3. Station Paphos – 3 December 2024, sum precipitation 27 mm

In this event, GNSS-PWV shows a peak on the time of the first
rain peak in the begin of the event, then declines and increases again
steadily from 16.6 mm about 3.5 h before the second rain peak and
reaches a maximum value of 24.6 mm 1h45 min before the
maximum rain peak. Then declines until 30 min before
maximum rain peak and continues a decline trend with some
fluctuations until the end of the event. ERA5-PWV shows a
small peak on the first rain peak, increases steadily 5 h before the
second rain peak and jumps and gets its maximum value 3 h before
the maximum rain. After the peak, we observe a decreasing trend
until the end of the event.

4. Station Polis – 15–18 November 2024, sum
precipitation 52.6 mm

Before the heavy precipitation, the GNSS and ERA5 PWV values
fluctuate with clear ascending trend and forming a jump to its
maximum value 1 h and 3 h respectively before heavy rain starts.
ERA5-PWV shows a second smaller peak 1.5 h before rain starts
again. After a steep decline, GNSS-PWV increases and reach a second
peak during the second phase of the rain event. PWV is reacheing high
values, while several rain peaks are above 3 mm during the event.

3.1.4 C4. PWV peaks 3-6h before rain
Figure 5 shows two cases where PWV is reaching a peak value

between 3-6 h before heavy rain starts.

1. Station Polis – 5 February 2023, sum precipitation 43.6 mm

PWV starts ascending 8 h before heavy rain starts reaching a
peak 4 h before the maximum rain peak. Towards the end of the
event, PWV jumps to its maximum value 1 h before the last phase of
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rain. PWV takes values below 19 mm despite some high rain peaks,
most likely due to the short duration of the two phases of the event.

2. Station Troodos – 11 January 2023, sum precipitation 34 mm

PWV increases to its maximum value 3.5 h before rain starts and
4h20min before the maximum rain peak. After PWV reaches peak, a
decreasing phase can be identified. PWV gets values below 19 mm,
and most rain peaks are below 2.5 mm in a long duration (about 8 h)
rain event.

3.1.5 C7. Maximum PWV after maximum or a high
rain peak

Figure 6 shows 3 cases where the maximum PWV is after the
maximum rain peak. This PWV behaviour was noticed in 21 events
(25.9%), though in many cases it occurred during the rain event and
close to the maximum rain peak.

1. Station Athalassa – 14 June 2022, sum precipitation 43.1 mm.
Maximum PWV 40 min after maximum rainfall.

2. Station Larnaca Airport – 17 October 2022, sum
precipitation 54.4 mm. Maximum PWV 2h20 min after
maximum rainfall.

3. Station Limassol – 15-17 October 2022, sum precipitation
56.8 mm. Maximum PWV 2h10 min after maximum rainfall.

Table 3 and Figure 7 summarizes the most important outcomes
from the temporal PWV variation analysis in relation to the onset
of precipitation for 81 heavy rain events in Cyprus from 2022 to
2024. In agreement with other studies (Kim et al., 2023; Li et al.,
2020; Sapucci et al., 2018) the PWV-Rain time series analysis
reveals that PWV jumps are more clear before more intense and
abrupt rain events, and the intensity of the precipitation event is
related to the intensity of PWV time variations and its maximum
values. In most of the events high rain peaks (above 7 mm) or rain
peaks above 4 mm with long duration of several hours of the
phenomenon are observed together with higher PWV values
(>24 mm). Lower rain peaks (below 4 mm) and short
duration of the event (1–3 h) are mostly associated with PWV
values below 20 mm. When the rain peaks are high, but the event
lasts very short time (1–2 h) PWV does not get very high values.

Another important finding from the temporal PWV variation
analysis was that PWV increase occurred before or during rainfall,
but not all high PWV values indicate the occurrence of heavy
rainfall, as shown in the Limassol event in Figure 6 where we
observe a high PWV peak in the middle of the event not followed
by significant rainfall. Water vapor increase is one of the needed
conditions for the occurrence of rainfall. Certain external
dynamic factors are also important for the onset of rainfall.
Wind might also be important for the evolution of the
phenomenon. If the needed conditions of external dynamic
factors are not satisfied, rain might not start even in the case
of high increase in PWV values (Shoj, 2013; Zhang et al., 2022).
Serrano-Vincenti et al. (2022) also mentions the role of the wind
and the topography as important drivers for intense rainfall.
Though not all high PWV values indicate the occurrence of
rainfall, the increase of water vapor is one of the necessary
pre-conditions for the occurrence of rain.

3.2 Spatial characteristics of
PWV–precipitation relationship

In Table 3, we attempt a comprehensive presentation of the
spatial variation of PWV peaks occurrence during the heavy rain
events in Cyprus for the period 2022-2024, based on the
observations of the PWV/Rain time series analysis. Our analysis
reveals that most of the extreme precipitation events occurring in
West - Southwest coastal and mountainous regions of the island. In
the majority of these events, the PWV presents an increasing trend
several hours before the precipitation onset, while the PWV peaks
within 1 h or 1–3 h hours before the precipitation onset.

The scatter diagrams in Figure 8 present the relationships between
PWV peaks and heavy precipitation for coastal, mountainous and all
Cyprus. A very high correlation is found between PWV peaks and
related precipitation peaks over the mountainous region of the island
(R = 0.85), where heavier and longer rain events occur Table 4. In the
same figure, a satisfactory correlation between PWV and precipitation
peaks (R = 0.5) both in coastal and all Cyprus regions can be detected.
In addition, the scatter diagrams’ equations (Figure 8) show a trend
where the increase in rainfall peaks is produced by approximately
double increase in PWV peak values mainly over the mountainous
region. For instance, a 15 mm increase in rain is produced by a
~30mm increase in PWV in a heavy rain event over the mountainous
region. There are, however, significant differences across coastal and
inland mountainous regions of Cyprus, which can be attributed to the
different characteristics of the weather systems that affect coastal and
mountainous regions (vertical velocity of the upward air movement,
intensity of weather system, etc.). The number of cases for the
mountainous region is 39 and the p value derived from the
regression analysis is negligible (p < 10−5). Therefore, despite the
relatively small size the correlation coefficient is statistically sound.
Our results are in accordance with Kunkel et al. (2020) who
investigated about 3100 stations in the United States and found
that on average extreme daily precipitation is reinforced by twice
the amount of PWVV, however there is significant seasonal and
spatial variability induced by vertical velocity. They also proved that
precipitable water, rather than the upward airflow generated by
weather systems, is the limiting factor on the maximum amount of
rain that falls during the most extreme precipitation events.

4 Conclusion and future perspectives

A detailed analysis of ERA5 and GNSS PWV time series and the
investigation of the relationship between PWV and heavy rain over
3 years 2022–2024 in Cyprus was carried out in this work. GNSS-
derived PWV were intercompared with the respective ERA5-PWV
data, showing a high correlation ranging from 0.65 to 0.87, and the
temporal GNSS-PWV evolution follows well the evolution of rain
events with sharp increases before the onset of heavy rain followed
by sharp or smoother drops. In total, 81 heavy or extreme rain events
were analyzed over 12 stations. In most of the analyzed events, both
GNSS and ERA5 PWV increase before heavy rainfall starts, with
clear PWV peaks related to rain peaks occurring from several hours
before the onset of heavy rain to right before or during the heavy rain
peaks. PWV jumps are more intense in abrupt rain events. The
analysis of the time lag of PWV peaks from the rain peaks reveals
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that in 63% of the studied events at least one PWV peak occurs
within 1 h from the rain peaks. In 23.5% and 18.5% of the studied
events PWV peaks occur 1–3 h and 3–6 h respectively before the
heavy rain starts. A time lag above 6 h occurs in only 9.9% of the
studied events, while in 21 events the maximum PWV value occurs
after the maximum rain peak, but mostly within the rain event.

The spatial variation of PWV-Rain relationship reveals that
most of the extreme precipitation events occurred in West -
Southwest coastal and mountainous regions of the island. In the
majority of these events, PWV is peaking within 1 h or 1–3 h before
the precipitation onset. A very high correlation is found between
PWV peaks and related precipitation peaks over the mountainous
region of the island (R = 0.85), and a satisfactory correlation (R =
0.5) both in coastal and all Cyprus regions. – Finally, we observed a
trend of increased rainfall to be produced by approximately double
increase in PWV peak values mainly over the mountainous region.

In the future, we aim to extend this study for a longer period and by
using additional GNSS data which have the advantage of high temporal
resolution (15 min) and do not include errors from spatial gridding
interpolation methods. This will allow us to have a thorough picture
(spatial and temporal coverage) and thus a better understanding of the
extreme phenomenon and the underlying convective or other
precipitation mechanisms. We will also examine the potential role
of wind and pressure in the relationship between PWV and rain.Wind
(especially wind speed and direction) and pressure systems influence
the transport of moisture and air mass stability, significantly affecting
the potential of heavy precipitation. This multidimensional approach is
necessary in order to mathematically model the relationship between
PWV and rainfall, moving beyond simple correlation analysis towards
a more sophisticated functional representation. We are currently
developing a hyper-dense network of Cloudwater low-cost receivers
at the Nicosia district, in the frames of the national-funded Strategic
Infrastructure project CYGMEN (Cyprus GNSS Meteorology
Enhancement). We are also performing GNSS-PWV assimilation
into the WRF numerical weather forecasting model, so as to
improve precipitation forecasts over Cyprus. As has been proved by
many studies, the robustness of GNSS-PWV as an essential parameter
for near real time rainfall predictions demonstrates the benefits of a
dense low-cost GNSS receivers network development for better
weather forecasting and nowcasting services, especially in hot-spot
climate change regions like the Eastern Mediterranean.
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