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ARTICLE INFO ABSTRACT

Keywords: Accurate integrated water vapor (IWV) estimates are essential for atmospheric monitoring, yet reanalyses can

Integrated water vapor retain systematic discrepancies relative to in situ observations. This study develops a radiosonde-informed

iRdA_S d machine learning framework to correct ERA5-derived IWV over Europe and assess spatial and temporal gener-
adiosonde

alization. Radiosonde profiles from the University of Wyoming and the Integrated Global Radiosonde Archive
were collocated with ERA5 and VMF3 products at 116 stations from November 2021 to November 2025. Cat-
Boost used spatiotemporal, geographical, meteorological, atmospheric structural, and climate-zone predictors to
estimate ERA5 IWV differences. Spatial generalization was assessed by strict station holdout and temporal
generalization by an independent one-year test. The station holdout achieved RMSE values of 1.33 and 2.40 mm
and R? values of 0.94 and 0.92 in the cold and warm seasons, respectively. In the temporal test, RMSE decreased
to 1.11 and 2.06 mm, with R? values of 0.96 and 0.93 and near-zero mean biases. Relative to ERA5, RMSE was
reduced by 51.5% and 40.1% in the two seasons. The model was then transferred to external GNSS station
coordinates to generate radiosonde-informed, spatially collocated IWV estimates. Across 47,418 common ob-
servations from 95 valid radiosonde-GNSS pairs, the collocated product reduced RMSE from 3.15 mm for nearby
radiosonde observations to 2.25 mm. These results demonstrate robust radiosonde-based correction and
spatiotemporal generalization, while highlighting the value of transferring radiosonde observational constraints
to locations without collocated sounding measurements.

Machine learning
Bias correction
GNSS meteorology

1. Introduction

Water vapor is widely recognized as the most abundant and one of
the most influential greenhouse constituents in the Earth's atmosphere
(Bojinski et al., 2014; Sherwood et al., 2010). It plays a fundamental role
in regulating atmospheric circulation, modulating energy transport,
driving the global hydrological cycle, and influencing climate variability
at both regional and global scales (Liou et al., 2001; Li et al., 2023). In
addition, atmospheric water vapor is a key parameter in a variety of
Earth observation applications, including atmospheric correction of
optical satellite imagery and geodetic data processing, where its vari-
ability can introduce significant uncertainties if not properly accounted
for (Chen et al., 2019; Dessler et al., 2008; Gimeno et al., 2021;
Oikonomou et al., 2023; Wu et al., 2025). The spatial and temporal
distribution of atmospheric water vapor exhibits distinct heterogeneity
due to its strong dependence on dynamic meteorological processes
(Ccoica-Lopez et al., 2019; Wang et al., 2025). Integrated water vapor
(IWV) represents the vertically integrated amount of water vapor within
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an atmospheric column and provides a convenient metric for quanti-
fying atmospheric moisture content (Wang et al., 2025; Xu and Liu,
2022). Given its high variability and critical role in Earth system pro-
cesses, there is a growing demand for IWV products with both high
accuracy and enough spatiotemporal resolution (Held and Soden, 2006;
Trenberth, 2011).

IWV can be retrieved from various ground-based, satellite, and
reanalysis products. Ground-based techniques include radiosonde
soundings (McCarthy et al., 2009), Global Navigation Satellite System
(GNSS) observations (Bevis et al., 1992; Marut et al., 2022), sun pho-
tometers, and microwave radiometers (MWR) (Fragkos et al., 2019;
Wang et al., 2023). Radiosondes are widely regarded as a reference
standard for water vapor validation because of their direct vertical
profiling capability and well-characterized measurement accuracy
(Wang and Kutterer, 2025), but their global network is spatially sparse
and typically limited to twice daily observations, restricting the repre-
sentation of high-frequency IWV variability (Durre et al., 2006). Sun
photometers and MWRs are also limited by point-based deployment and
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restricted coverage, while MWR measurements can be affected by rain
contamination (Hocke et al., 2011; Wang et al., 2023). In contrast,
GNSS-based IWV retrieval provides all-weather capability, high tem-
poral resolution, and long-term stability (Guerova et al., 2016), although
GNSS receivers do not directly measure IWV. Instead, IWV is derived
from the zenith total delay (ZTD) estimated by geodetic processing
software, such as Bernese GNSS Software (Dach et al., 2015), by
isolating the zenith wet delay (ZWD) and converting it to IWV using the
weighted mean temperature (Bevis et al., 1992; Bohm and Schuh, 2013).
This processing chain can introduce uncertainties related to processing
strategies, weighted mean temperature modeling, and multipath effects
(Lu et al., 2024; Ning et al., 2016). Spaceborne remote sensing further
extends spatial coverage, although cloud contamination and liquid
water can introduce systematic dry biases in satellite-derived IWV
(Bennouna et al., 2013; Ma et al., 2023; Xia et al., 2025; Wang et al.,
2024). Atmospheric reanalysis products, particularly the fifth-
generation European Centre for Medium-Range Weather Forecasts
(ECMWF) atmospheric reanalysis (ERA5), provide globally continuous
hourly IWV fields (Ssenyunzi et al., 2020), but remain affected by model
parameterization, data assimilation smoothing, and limited sensitivity
to localized atmospheric processes (Huang et al., 2022). Additional
products, such as the Vienna Mapping Functions 3 (VMF3), provide
supplementary information on tropospheric water vapor structure but
are not direct IWV observables (Landskron and Bohm, 2017). Conse-
quently, the complementary strengths and limitations of these hetero-
geneous sources motivate multi-source data integration for improved
IWV characterization.

In light of these characteristics, ERA5 has become one of the most
widely used datasets for IWV estimation owing to its global coverage,
high temporal continuity, and physically consistent representation of
atmospheric states. Improving ERA5-derived IWV products therefore
offers a cost-effective alternative to enhancing observational infra-
structure through additional hardware deployment and maintenance.
Although ERAS assimilates radiosonde observations, ERA5-derived IWV
still exhibits discrepancies relative to in situ measurements, indicating
that further improvements in water vapor estimation are possible
(Hersbach et al., 2020; Huang et al., 2022; Li et al., 2024). As direct
measurements of vertical atmospheric thermodynamic profiles, radio-
sonde observations are widely regarded as one of the reliable references
for tropospheric water vapor validation (McCarthy et al., 2009; Wang
and Kutterer, 2025; Wang et al., 2025). Motivated by this, the present
study combines ERA5 with radiosonde observations to characterize and
predict their IWV discrepancies. By learning the long-term relationship
between ERAS5 estimates and radiosonde observations, the proposed
method identifies reproducible discrepancy patterns for predictive
correction. The corrected IWV fields retain the spatial completeness and
temporal continuity of ERA5 while achieving improved consistency with
radiosonde observations.

In this study, data-driven approaches, particularly machine learning
methods, are employed as effective tools for integrating multi-source
atmospheric observations and products. Recent advances in machine
learning have substantially promoted the development of IWV modeling
frameworks by exploiting nonlinear relationships across atmospheric,
geodetic, and Earth observation variables. These methods have
demonstrated strong potential for enhancing the spatiotemporal char-
acterization of tropospheric water vapor. For instance, Wang et al.
(2025a) used deep learning to fuse multiple satellite-derived IWV
products, while Ma et al. (2023) combined ERA5 and MODIS PWV with
machine learning-based spatial downscaling. Du et al. (2024) developed
a stacking model for PWV retrieval from Himawari-8 observations, and
Li et al. (2025) applied XGBoost for post-processing correction of
Fengyun-3D PWV products. Shi et al. (2025) further combined GNSS and
radio occultation observations for machine learning-based PWV vertical
adjustment. More recent studies have extended these developments to
GNSS tropospheric tomography and data assimilation, hybrid
ERAS5-GNSS spatiotemporal ZTD forecasting, and improved weighted
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mean temperature modeling using radiosonde and GNSS
radio-occultation observations (Tayfehrostami et al., 2026; Ma et al.,
2026; Tayfehrostami and Amerian, 2026). Despite these advances, a
major limitation of existing data-driven IWV approaches lies in their
strong dependence on GNSS-derived products as training targets, which
may introduce and propagate uncertainties associated with GNSS
retrieval strategies and unstable station performance. In environments
affected by strong multipath, signal reflections can further contaminate
GNSS observations, introducing errors in carrier phase and code mea-
surements that propagate into ZWD estimation and ultimately affect
IWV accuracy (Lu et al., 2024). In addition, radiosonde observations
have rarely been incorporated directly into model development, despite
serving as a direct and physically consistent observational reference for
tropospheric water vapor. As a result, the rich vertical structure infor-
mation contained in radiosonde profiles remains largely underexploited.

To address these limitations, this study proposes a radiosonde-
informed machine learning framework for the predictive correction of
ERA5-derived IWV. The framework integrates heterogeneous atmo-
spheric information, including ERA5 reanalysis products, radiosonde
observations, VMF3-derived IWV, and spatiotemporal features such as
location and time. The learning target is defined as the discrepancies
between ERA5-derived IWV and radiosonde observations, enabling the
model to capture nonlinear relationships among reanalysis fields,
geodetic atmospheric parameters, and in-situ measurements. A Cate-
gorical Boosting (CatBoost) model based on gradient boosted decision
trees was selected after comparison with ridge regression, multilayer
perceptron (MLP), and XGBoost using the same training and validation
datasets. The boosting-based models outperformed the linear and neural
network baselines, while CatBoost provided the comparable perfor-
mance. Its ordered boosting strategy and native handling of categorical
variables also make it well suited to the heterogeneous atmospheric,
geodetic, and spatiotemporal predictors used in this study
(Prokhorenkova et al., 2017).

Once established, the radiosonde-informed correction model can be
spatially transferred from the radiosonde observation stations to
external GNSS station locations. Because no GNSS-derived IWV obser-
vations are used during model training, feature scaling, hyperparameter
optimization, or model selection, the resulting model-corrected IWV
provides a radiosonde-informed comparison product for external GNSS-
based evaluation. This offers a potential advantage over conventional
GNSS-radiosonde validation, in which GNSS-derived IWV is generally
compared with observations from a nearby radiosonde station. Such
comparisons are only approximately collocated and may be affected by
horizontal separation, elevation differences, and local atmospheric
heterogeneity between the two sites. By applying the learned correction
relationship directly at the GNSS coordinates, the proposed framework
generates a spatially collocated model-corrected IWV product at the
GNSS station locations. This creates a new opportunity to evaluate
GNSS-derived IWV using a radiosonde-informed product that is collo-
cated with the GNSS observations, thereby reducing, although not
completely eliminating, the spatial representativeness differences asso-
ciated with nearby-station comparisons.

The main contributions of this study are twofold. First, a radiosonde-
informed machine learning framework is developed to predict the
discrepancy between ERA5-derived IWV and radiosonde observations
and thereby generate corrected IWV products. Second, the trained
model is transferred to external GNSS station locations, where the
model-derived IWV is evaluated against GNSS-derived IWV and
compared with nearby radiosonde observations. This allows the benefit
of spatial collocation for GNSS-IWV evaluation to be assessed directly.

The remainder of this paper is organized as follows. Section 2 in-
troduces the radiosonde, ERA5, VMF3, and GNSS datasets, together with
the preprocessing and station-pairing procedures. Section 3 presents the
machine learning framework, the spatial and temporal evaluation stra-
tegies, the transfer of the trained model to GNSS locations. Section 4
evaluates model performance and assesses the agreement of the spatially
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collocated model-corrected IWV with GNSS-derived IWV from an
external observing system. Section 5 summarizes the main findings and
conclusions.

2. Study region and data
2.1. Study region

The study focuses primarily on Europe, with additional radiosonde
stations in adjacent areas of North Africa and western Asia included to
mitigate boundary effects and preserve the continuity of large-scale at-
mospheric patterns near the study-domain edges. A four-year contin-
uous observation period was used to provide sufficient samples for
representing seasonal and interannual variability in tropospheric water
vapor. Europe is particularly suitable for IWV analysis because of its
dense and well-maintained radiosonde network and pronounced sea-
sonal variability, with clear contrasts between warm-season and cold-
season conditions (McCarthy et al., 2009; Wang et al., 2025a; Wang
and Kutterer, 2025; Wang et al., 2025). Because IWV is strongly influ-
enced by regional temperature and precipitation regimes, the Koppen-
Geiger climate classification was incorporated to characterize climatic
variability. Based on Beck et al. (2018), the original 30-class Koppen-
Geiger dataset was used to assign each radiosonde station to a climate
class and subsequently aggregated into three dominant hydroclimatic
regimes: temperate (Koppen-Geiger classes Csa, Csb, Cfa, Cfb, and Cfc),
arid (BWk and BSk), and continental (Dfa, Dfb, and Dfc), comprising 46,
11, and 59 radiosonde stations, respectively. These regimes represent
contrasting temperature and precipitation conditions and provide a
physically consistent basis for evaluating the radiosonde-informed
correction framework across different hydroclimatic environments.
Fig. 1 shows the spatial distribution of the radiosonde stations and their
associated climate regimes.
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2.2. Data used and pre-processing

This study integrates radiosonde observations, ERA5 reanalysis
products, and VMF3 tropospheric products to construct a machine
learning framework for predicting IWV discrepancies. Radiosonde-
derived IWV (IWVgs) was used to construct the target variable,
namely the IWV discrepancies between IWVgs and ERA5 estimates
(IWVggas). Fig. 2 illustrates the overall data processing workflow
adopted in this study.

2.2.1. Radiosonde observation

Radiosonde observations were obtained from UoW and IGRA, with
their spatial distribution shown in Fig. 1 (Durre et al., 2016). UoW
stations are denoted by triangular markers, while IGRA stations are
represented by circular markers. Radiosonde observations are typically
available twice daily at most stations (0000 and 1200 UTC), while a
subset of stations provides observations four times per day (0000, 0600,
1200, and 1800 UTC). The study period spans from November 2021 to
November 2025. Following quality control, the retained 62 UoW and 54
IGRA records represented 116 distinct physical stations, with no phys-
ical stations shared between the two archives in the final machine
learning dataset, as verified using World Meteorological Organization
(WMO) station identifiers. Duplicate station-epoch records were
removed prior to model development. Duplicates were identified based
on physical station and launch epoch, resulting in the removal of 94
excess records and retention of 202,748 unique observations. For IGRA,
profiles were required to contain at least eight moisture-valid levels,
reach 300 hPa or higher in the atmosphere, and contain no pressure gap
exceeding 250 hPa. Physical plausibility checks were also applied to
pressure, temperature, dew point depression, vapor pressure, and
derived IWV, with valid profile IWV restricted to 0.05-80 mm. Of
130,762 audited IGRA profiles, 124,708 (95.4%) passed these criteria.
For UoW, the provider-derived precipitable water reported for the entire
sounding was used directly. Following common practice, radiosonde
profiles were referenced to their launch-station coordinates, without

70°N T — — Ie— | e —
A
° A Q o
65°N A A A
A
°
[ A A A
60°N - A
O A A
® ) A ()
() A A A
55°N A
A X R : A\ A A O A z s [}
A A : A £ A A °
50°N 7 A A °
A O ® ) A A
- o
)
45°N
0 ° 2 O J A A 2 2 --1,_:
O o) A g P
40°N - =) ° A - ° 7
Y © A A= A O
U A p A
35°N A 2
Jos (C) Esri .- Enuru‘ us
30°N T v
10°W 0° 10°E 20°E 30°E 40°E 50°E 60°E
@® Region1 @© Region 2 ® Region3 O IGRA A UoW

Fig. 1. Spatial distribution of the radiosonde stations obtained from the University of Wyoming (UoW) upper air sounding database and the Integrated Global
Radiosonde Archive version 2 (IGRA v2). The background colors represent the three aggregated Koppen-Geiger climate regions considered in this study. Region 1
(green) represents temperate climates, mainly distributed across western Europe; Region 2 (orange) represents arid climates, primarily located in southern Europe
and parts of western Asia; and Region 3 (blue) represents continental climates across central, northern, and eastern Europe. (For interpretation of the references to

color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 2. Workflow of data collection, processing, and pairing adopted in this study.

explicit correction for horizontal balloon drift during ascent (Seidel
et al., 2011).

For each sounding profile, atmospheric pressure, temperature,
height, and relative humidity were extracted. The calculation of
Radiosonde IWV from the radiosonde profiles is outlined as follows
(Namaoui et al., 2021):

Hyo; n
WV = / "pydh = purishy &)
i=1

H

where p,, is the water vapor density, and n is the total number of profile
layers. pg;, ri and Ah; refer to the dry air density, the mixing ratio, and
the height difference of each layer. For each layer, the parameters are
expressed as:

My P e
=——1r=0622— 2
Pa R ,r=0.6 P 2

with the molar mass of dry air My = 0.0289644 kg mol™ ! and the uni-
versal gas constant for air R = 8.31432 J mol~* K-1. In addition, T is the
air temperature (in K), P is the atmospheric pressure (in Pa), and e (in
Pa) is the partial water vapor pressure. The detailed calculation meth-
odology can be found in Namaoui et al. (2021).

2.2.2. ERADS reanalysis

The ERAS reanalysis dataset produced by ECMWF was used to pro-
vide gridded atmospheric information. ERA5 combines a global nu-
merical weather model with a comprehensive data assimilation system
to generate physically consistent atmospheric fields with high temporal
and spatial resolution. ERA5 combines global observations with a nu-
merical weather prediction model and an advanced data assimilation
system to provide physically consistent reconstructions of the atmo-
spheric state. ERA5 delivers hourly estimates of pressure, temperature,
geopotential, and relative humidity on a global grid with a spatial res-
olution of 0.25°. ERAS pressure-level data were obtained at 37 standard
levels from 1000 to 1 hPa. For consistency with the radiosonde IWV

calculation, the lower integration boundary was adjusted to the same
radiosonde station height reference, while all valid ERA5 levels above
the station were retained up to 1 hPa. Based on these pressure-level
fields, the ERA5-derived ZWD (ZWDgras) and IWVggas can be inte-
grated as follows:

1 e e e €
ZWDgpas = 107621_2:_05 |: ko (Tl + ,I:HI) + k3 (Fl + ,1_};1> :| di,i+1 3)
i i+ i i

i+1

q 36 i
IWVigas = / gclP ~ Zi:%gm @
where iy is the initial layer which corresponds to the height of radio-
sonde station. T; are the pressure and temperature at i-th layer pressure
level obtained from ERAS directly. e; is the water vapor pressure at i-th
layer pressure level, g;and g represent the mean specific humidity
(kgekg™!) and the mean local gravitational acceleration (mes™2) at i-th
atmospheric layer, respectively. AP; denotes the pressure difference (Pa)
between the (i 4+ 1)-th and the i-th layers. To ensure consistency between
ERAS5 and radiosonde stations, height alignment is initially performed.
In this study, ZWDggras and IWVgg4s are computed relative to the height
of the radiosonde station. If the radiosonde station's elevation is lower
than the surface layer height of ERA5, the surface height is used as the
initial reference, and the iy in Egs. (3) and (4) is determined accordingly.
Conversely, if the radiosonde station's height exceeds the ERA5 surface
height, the radiosonde station's height is selected as the initial reference.
Due to space constraints, the detailed procedures for calculating
IWVgras are outlined in Jiang et al. (2023), with the corresponding
interpolation methods based on those described by Jade and Vijayan
(2008).

2.2.3. VMF3 products

To incorporate additional information describing the tropospheric
water vapor state, products from VMF3 model were employed. VMF3 is
a widely used empirical model provided by the Vienna University of
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Technology (TU Vienna). It offers tropospheric delay and corresponding
mapping function data for the Earth's surface grid, with a spatial reso-
lution of 1° and a temporal resolution of 6 h (Landskron and Bohm,
2017). As described by Kouba (2009), estimating the ZWD at a target
location using VMF3 (ZWDyyr3) involves an initial linear temporal
interpolation across epochs for the four surrounding grid points. This
step in this research adjusts the temporal resolution to 1 h, ensuring
consistency with the ERA5 products. Since VMF3 provides surface
products, the elevation of the target location may differ from that of the
surrounding grid points. Therefore, a vertical adjustment must be
applied after time alignment. Finally, the ZWDyyrs at the target location
can be derived using the procedures and equations outlined in Kouba
(2007), applying bilinear interpolation for spatial adjustments. Subse-
quently, IWVyyrs can be determined using Egs. (5) and (6).

IWVyprz = Q © ZWDyyr3 %)
10°
Q=— —
. ks (6)
Rv (] |:k2 + ?m:|

where Q is the conversion factor and the parameter R,=461.522
Jekg leK ! is the specific gas constant for water vapor (Kestin et al.,
1984). The parameters k,=22.1 KehPa~! and k3=373,900 K2ehPa !
are atmospheric refractivity constants (Bevis et al., 1994). In Eq. (6), Tn,
is the weighted mean temperature, the methodology of obtaining Ty, is
outlined by Bevis et al. (1992).

2.2.4. Data pairing criteria

To ensure consistency among the radiosonde, ERA5, and VMF3
datasets, a strict data pairing strategy was utilized. First, radiosonde
observations were used as the temporal reference, and ERA5 and VMF3
records were matched to the nearest radiosonde launch epoch. Spatial
matching was performed using the geographic coordinates of each
radiosonde station. ERAS5 variables were interpolated from neighboring
grid cells, whereas VMF3 parameters were obtained through spatial
interpolation of the surrounding VMF3 grid nodes. Samples were
retained only when all required variables were simultaneously avail-
able. To further improve data quality, extreme outliers exceeding pre-
defined physical thresholds were excluded. The resulting paired dataset
forms the basis for subsequent feature engineering, machine learning
model development, and subsequent evaluation. In addition to the IWV
products, vertical atmospheric profile information and surface meteo-
rological parameters derived from ERA5 reanalysis were retained as
candidate input features. Furthermore, geographical variables,
including station latitude, longitude, and height, were incorporated as
input features to account for spatial variability within the machine
learning framework.

2.2.5. GNSS and paired radiosonde stations

To evaluate the transferability of the radiosonde-informed machine
learning framework using an external GNSS dataset, GNSS stations were
selected within the study region according to the joint availability of
GNSS tropospheric products, auxiliary atmospheric data, and nearby
radiosonde observations. Candidate GNSS stations were selected based
on the availability of ZTD products from the Nevada Geodetic Labora-
tory (NGL) during the GNSS evaluation period from 1 December 2024 to
30 November 2025 (Blewitt et al., 2018). In addition, the stations had to
be located within the study domain, have the atmospheric variables
required for model inference, and remain within the elevation range
represented in the model training dataset. Each radiosonde station was
paired with a nearby GNSS station subject to spatial distance and
elevation difference constraints. To avoid overrepresenting individual
radiosonde sites through multiple nearby GNSS stations, one primary
GNSS station was selected for each valid radiosonde station. The final
validation network consists of 98 radiosonde-GNSS pairs involving 96
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unique GNSS stations. Two GNSS stations were each paired with two
radiosonde stations. As shown in Fig. 3, the selected stations provide
broad spatial coverage across Europe and adjacent regions. The network
is relatively dense in western and central Europe. The distribution re-
flects the combined requirements of NGL ZTD availability, radiosonde
proximity, temporal coverage, and consistency with the model appli-
cation domain rather than uniform spatial sampling.

3. Methodology

This section presents the methodology of the proposed framework
for predicting and correcting discrepancies between IWVggras and
IWVpgs. The framework is designed to generate improved IWV products
for high-accuracy atmospheric applications. The overall workflow is
first presented, followed by the construction of spatiotemporal and at-
mospheric features, the training of the CatBoost-based prediction model,
and the validation strategy adopted for performance assessment. The
trained model is then transferred to external GNSS station locations to
generate spatially collocated corrected IWV. Finally, these products are
evaluated against GNSS-IWV and compared with nearby radiosonde
observations to assess their suitability for external GNSS-based IWV
evaluation.

3.1. Framework of radiosonde-informed IWV difference prediction and
correction

Although radiosonde observations are assimilated into the ERA5
reanalysis system, differences in ERA5-derived IWV relative to radio-
sonde observations still persist. These discrepancies may arise from
multiple sources, including model parameterization errors, data assim-
ilation uncertainties, spatial representativeness differences between
gridded reanalysis fields and point-based observations, and limitations
in describing local atmospheric variability (Hersbach et al., 2020; Huang
et al., 2022; Li et al., 2024). Previous studies have reported that such
discrepancies vary across regions, seasons, and atmospheric conditions,
indicating that further correction remains beneficial for applications
requiring accurate large-scale atmospheric water vapor information. A
data-driven framework is therefore needed to relate ERA5 and radio-
sonde IWV discrepancies to their spatiotemporal, meteorological, and
atmospheric controls.

The overall workflow of the research is illustrated in Fig. 4. The
framework consists of five main stages: (1) data collection and collo-
cation, (2) feature construction, (3) discrepancy prediction model
training, (4) IWV correction, and (5) spatial transfer to external GNSS
station locations and evaluation against GNSS-derived IWV. First,
radiosonde observations from the UoW and IGRA databases are collo-
cated with ERA5 and VMF3 according to the strict temporal and spatial
matching strategy described in Section 2.2. For each matched sample,
the IWVprer is defined as the difference between radiosonde-derived
IWV and ERA5-derived IWV:

IWVpigr = IWVgs — IWVipas )

Subsequently, a comprehensive set of input features is constructed to
characterize the factors influencing IWVppr. These variables include
temporal information, geographical characteristics, surface meteoro-
logical parameters, atmospheric vertical structural indicators, and
VMF3-derived tropospheric delay products. The resulting feature set
serves as the input to the machine learning model, while the corre-
sponding IWVpr values are used as prediction targets. The CatBoost
algorithm is then employed to establish the nonlinear relationship be-
tween the input variables and the observed IWV difference. Once
trained, the model can estimate IWVp under given conditions. The
predicted correction is subsequently applied to ERA5 IWV products to
obtain corrected IWV estimates:

WV = IWViras + IWVpizr (8)
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Fig. 4. The workflow of the proposed radiosonde-informed IWV difference prediction and correction framework.

approach. As a result, the corrected IWV products preserve the key ad-
vantages of ERA5, including global coverage, high temporal resolution,
long-term continuity, and operational accessibility, while achieving
improved consistency with high-accuracy radiosonde observations.
Then, the proposed framework provides an effective and scalable solu-
tion for generating more accurate IWV estimates across large spatial
domains.

where IWVpgp is the machine learning predicted difference and
IWV,, denotes the corrected IWV value.

Compared with directly using reanalysis products or relying solely
on sparse in-situ observations, the proposed framework aims to combine
the strengths of both data sources. Radiosonde observations are utilized
as a direct observational reference to characterize and learn the residual
IWV differences present in ERA5 products, while the spatially and
temporally continuous information provided by ERA5 is retained.
Rather than replacing existing reanalysis products, the framework en-
hances their accuracy by correcting discrepancies through a data-driven

3.2. Feature construction

To characterize the factors influencing IWV difference, a
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comprehensive set of input features was constructed from temporal in-
formation, geographical characteristics, ERA5-derived meteorological
parameters, tropospheric vertical structural features, and climate zone
classifications. The complete feature set is summarized in Table 1.

Tropospheric water vapor exhibits significant seasonal and diurnal
variability. To preserve the cyclic characteristics of temporal informa-
tion while avoiding discontinuities at calendar boundaries, the day of
year (DOY) and observation hour were encoded as

n <2n(]€:)Y) ) cos (27[(1?’;)Y) ) 7

and

sin (2—”h> cos (2—”h>
24 ) 24 )

where Ny, is 365 or 366 and h is the UTC observation hour. These first-
order harmonic pairs uniquely encode the annual and diurnal phases.
Although semiannual and semidiurnal variability could be represented
using second-order harmonics, these terms were not added because
CatBoost can learn higher-order nonlinear temporal patterns from the
complete phase information. In addition, geographical information,
including latitude, longitude, and station height, was further incorpo-
rated to account for spatial variations in water vapor associated with
topography, circulation patterns, and regional climatic conditions.
Meteorological features were derived from ERA5 and include IWV,
surface temperature, and surface pressure. Since radiosonde stations are
often located at elevations different from the ERA5 model terrain, the
corresponding meteorological variables were vertically interpolated to
the station height using the ERA5 atmospheric profiles to reduce
representativeness errors caused by terrain mismatches. Although ERA5
IWV is involved in the definition of the target feature, it was inten-
tionally retained as an input variable because the magnitude and sign of
the difference inherently depend on the original ERAS estimate. Surface
temperature and pressure provide complementary information
describing the local thermodynamic state, further improving the model's
ability to capture nonlinear relationships associated with IWV discrep-
ancies. To further characterize the vertical structure of the atmosphere,
several profile-derived variables were calculated from the ERA5 pres-
sure level data. Specifically, the tropospheric column was divided into
three layers representing the lower, middle, and upper troposphere,
from which the geopotential thicknesses Thickey, Thickmiq, and Thickpg,
and temperature lapse rates Lapsey,, Lapse,g, and Lapseyg, were
derived. In addition, tropopause height was estimated from the vertical
temperature structure of the ERA5 atmospheric profiles following the
WMO lapse-rate criterion. These variables provide information on at-
mospheric stability, thermal stratification, and vertical water vapor
transport processes that cannot be fully represented by surface meteo-
rological parameters alone. Finally, a climate-zone flag derived from the
Koppen-Geiger climate classification shown in Fig. 1 was introduced as a
categorical feature. Based on the climatic characteristics of the study
area, the selected stations were grouped into three major climate re-
gimes: temperate, arid, and continental climates. This feature was

Table 1
Feature categories and corresponding input variables used in the CatBoost
model.

Feature Category Variables

Temporal Sinpoy, €OSpoy ; SiNHour , COSHour

Spatial Latitude, Longitude, Height

Surface ERAS5 IWV, VMF3 IWV, Surface Temperature, Surface
Meteorological Pressure

Atmospheric Thickioy, Thickmig, Thicknigh, Lapseyo,,, Lapseyq, Lapsepgn,
Structural Tropopause Height

Climate Climate Flag
Classification
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treated as a categorical variable within the CatBoost model, allowing the
algorithm to learn climate-dependent patterns and improve its repre-
sentation of regional atmospheric variability.

3.3. CatBoost-based IWV discrepancy prediction model training

To model the nonlinear relationship between the constructed input
variables and the target feature, the CatBoost algorithm was employed
in this study. CatBoost is a gradient boosting decision tree framework
that constructs an ensemble of decision trees in a sequential manner,
where each new tree is trained to minimize the residual errors of the
previously generated trees. The final prediction can be expressed as

F(X) = Vuhn(x) ©)

where hp(x) denotes the m-th decision tree, y,, represents the corre-
sponding tree weight, and M is the total number of trees in the ensemble.
Compared with conventional machine learning algorithms, CatBoost
offers several advantages for atmospheric and geoscientific applications.
For model selection, ridge regression, MLP, XGBoost, and CatBoost were
evaluated using the same chronological evaluation period. First, it
effectively captures complex nonlinear relationships among meteoro-
logical, geographical, and atmospheric structural variables without
requiring explicit feature engineering. Second, the ordered boosting
strategy adopted by CatBoost reduces prediction bias and mitigates
overfitting during training. Third, CatBoost can directly process cate-
gorical variables through an efficient target encoding scheme, avoiding
the need for one-hot encoding and enabling more effective utilization of
categorical information. These characteristics make CatBoost particu-
larly suitable for heterogeneous atmospheric datasets that contain both
numerical and categorical features.

In this study, the input variables described in Section 3.2 were used
as model inputs, while the corresponding IWVpr values served as
output targets. The climate-zone flag derived from the Koppen-Geiger
classification was treated as a categorical feature in CatBoost. Model
hyperparameters were optimized using Optuna (Akiba et al., 2019) with
40 trials per season and three-fold station-level GroupKFold, using
validation RMSE as the objective. The random seed was 42, and the
optimized parameters included iterations, tree depth, learning rate, L2
regularization, and subsampling ratio. The final cold/warm models used
2076/1407 iterations, depths of 8/6, learning rates of 0.013/0.026, L2
regularization values of 8.34/8.47, and subsampling ratios of 0.84/0.92,
respectively. Three complementary evaluation settings were adopted.
First, an in-sample training evaluation was performed to confirm that
the model adequately learned the dominant relationships in the devel-
opment data. Second, a strict station holdout experiment was conducted
to assess spatial generalization. For this purpose, approximately 20% of
the stations from each radiosonde data source were completely excluded
from scaler fitting, hyperparameter optimization, and CatBoost training,
and were used only for independent testing. All observations from each
station were assigned exclusively to either the development or station-
holdout partition. The original station holdout used random seed 42,
with 23 of the 116 stations reserved for testing. To further assess split
sensitivity, a five-fold GroupKFold evaluation was also conducted at the
physical-station level using the same model configuration. Third, tem-
poral generalization was evaluated using a chronological split of the full
dataset covering November 2021 to November 2025. Observations ac-
quired before 1 December 2024 were used for model development,
whereas data from 1 December 2024 to 30 November 2025 were
reserved as an independent temporal test dataset. This period was not
used for feature scaling, model fitting, or parameter optimization. After
completion of the strict station holdout evaluation, the final model was
retrained using all eligible radiosonde stations and all observations
before 1 December 2024. Then, the model was also applied to the in-
dependent temporal test period and subsequently transferred to GNSS
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station locations to generate spatially collocated model-corrected IWV.
This design separates model fitting, spatial generalization, and temporal
generalization, while preventing information leakage between the
development and independent evaluation datasets.

3.4. Performance validation

To evaluate the performance of the proposed framework, model
predictions were assessed on both the training dataset and the inde-
pendent test dataset. The training results were used to examine the
model's fitting capability, while the independent test results provided a
rigorous assessment of its generalization performance under unseen
conditions. For both datasets, the predicted IWV discrepancies were
compared with the corresponding radiosonde-derived reference values.
Three commonly used statistical metrics were adopted to quantify model
performance, including the coefficient of determination R?, mean bias
error (MBE), and root mean square error (RMSE). The R? metric eval-
uates the proportion of variance explained by the model, while the MBE
is used to evaluate the systematic tendency of the model to overestimate
or underestimate the target values. The RMSE quantifies the overall
prediction accuracy and is particularly sensitive to large prediction er-
rors. These metrics are computed as follows:

52
1 .
MBE:EZ(%‘*}’:’) an

i=1

(12)
RMSE =

Together, these metrics enable a robust assessment of both the fitting
capability and predictive performance of the proposed framework.

3.5. Compatibility assessment using external GNSS observations

To assess the transferability of the radiosonde-informed correction
framework, the final model was applied to external GNSS station loca-
tions not involved in model development. The purpose of this experi-
ment is not to optimize IWV estimates against GNSS observations, but to
evaluate whether the radiosonde-informed discrepancy relationship can
be spatially transferred to locations where no radiosonde is physically
available. The resulting estimate therefore provides a radiosonde-
informed, spatially collocated IWV estimate for reducing representa-
tiveness differences in conventional radiosonde-GNSS comparisons. A
total of 98 radiosonde and GNSS station pairs shown in Fig. 3 were
included in the evaluation. Among 98 pairs, the pairs were classified as
either Core or Extended. Core pairs were limited to a horizontal sepa-
ration of 100 km and an absolute elevation difference of 300 m. Where
no suitable GNSS station was available, extended thresholds of 150 km
and 500 m were applied. For each radiosonde site, the eligible GNSS
station with the smallest combined spatial separation was selected,
resulting in 89 core and 9 extended pairs. The primary analysis used the
89 core pairs, whereas all 98 pairs were retained for sensitivity assess-
ment. Since radiosonde IWV was not adjusted to the GNSS station
height, the remaining spatial separation may introduce representative-
ness differences, motivating the comparison with the proposed model-
corrected IWV generated directly at the GNSS coordinates. For each
GNSS station, the ERA5 and VMF3 variables were extracted using the
same preprocessing and interpolation procedures adopted during model
development. For comparison, ERA5 and VMF3 IWV at the same GNSS
coordinates and epochs were additionally retained as collocated base-
lines to distinguish the effect of spatial transfer from that of model
correction. Horizontal distance, elevation difference, and temporal
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offset were also retained for sensitivity analysis. The trained model was
then used to generate the corrected IWV according to Eq. (8). GNSS-
derived IWV was obtained from NGL ZTD products. ZTD was used
instead of the available NGL ZWD product to maintain consistency with
the adopted processing strategy. The ZHD was calculated using the
Saastamoinen model with ERAS5 pressure adjusted to the GNSS station
height, after which ZWD was derived as the difference between ZTD and
ZHD. The resulting ZWD was converted to IWV using the ERA5 weighted
mean atmospheric temperature.

Compatibility was evaluated by comparing GNSS-derived IWV with
model-corrected IWV at the GNSS locations, and IWV from the paired
nearby radiosonde stations. GNSS and radiosonde observations were
matched using the nearest available epoch within 90 min. Compatibility
was then assessed by comparing GNSS-derived IWV with the model-
corrected IWV at the GNSS locations and with IWV observed at the
paired nearby radiosonde stations. Performance was quantified using
RMSE, MBE, mean absolute error (MAE), and R2. The comparison was
designed to determine whether spatially collocated model-corrected
IWV provides better consistency with GNSS observed water vapor
than conventional comparisons based on nearby radiosonde observa-
tions. Statistical uncertainty was further assessed using a station-pair
clustered bootstrap with the 95 valid radiosonde-GNSS pairs as resam-
pling units, together with pair-level Wilcoxon signed-rank and exact
binomial tests.

4. Results and discussion

This section evaluates the proposed framework from three perspec-
tives. First, the model performance is assessed using the training, station
holdout, and independent temporal test datasets. Second, the spatial,
seasonal, monthly, and climate zone dependent characteristics of the
corrected IWV products are examined across Europe. Finally, the trained
model is transferred to external GNSS station locations, where the
spatially collocated model-corrected IWV is evaluated against GNSS-
derived IWV and compared with observations from nearby radiosonde
stations.

4.1. Model development and performance evaluation

To account for the seasonal variability of IWV, the results are pre-
sented separately for the cold-season (November-April) and warm-
season (May-October), respectively. Prior to model evaluation, the
statistical consistency between the training and testing datasets and the
characteristics of the IWV difference are analyzed. The observed
correction patterns remain stable across independent years, providing a
reliable foundation for the machine learning framework.

4.1.1. Dataset characteristics and IWV difference behavior

Fig. 5(a) presents the probability density distributions of ERAS5-
derived IWV for the cold-season training and independent testing
datasets, covering November to April. The two distributions exhibit
highly similar shapes, with a dominant concentration around 8-12 mm
and a gradual decline toward higher IWV values. The corresponding
empirical cumulative distribution functions (CDF) shown in Fig. 5(b)
also closely overlap across most of the IWV range. The testing CDF lies
slightly below the training curve, indicating that the independent test
period contains a marginally larger proportion of higher IWV condi-
tions. However, the KS statistic is only 0.031, demonstrating that this
shift is small and that the cold-season training and testing datasets
remain statistically comparable. Fig. 5(c) and Fig. 5(d) present the
corresponding results for the warm season from May to October.
Compared with the cold season, the IWV distribution shifts toward
higher values and spans a broader range, with most observations
concentrated between approximately 15 and 30 mm and some values
exceeding 50 mm. The testing CDF lies slightly above the training curve,
indicating a modest shift toward lower IWV conditions during the
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Fig. 5. Probability density distributions and empirical cumulative distribution functions of ERA5-derived IWV for the training and independent testing datasets
during the cold and warm seasons: (a) cold-season probability density distribution, (b) cold-season cumulative distribution, (c¢) warm-season probability density

distribution, and (d) warm-season cumulative distribution.

independent test period. The warm-season KS statistic of 0.046 is
slightly larger than the cold-season value but remains small relative to
the overall variability of the distribution. Both seasonal distributions are
positively skewed because IWV is bounded at zero and most observa-
tions represent dry to moderately humid conditions, whereas high-IWV
events occur less frequently and form a long upper tail. This asymmetry
is further influenced by pooling observations from stations across
different elevations and climate regimes. Low-IWV conditions dominate
during the cold season, while larger moisture variability and occasional
highly humid conditions broaden the warm-season distribution and
extend its upper tail. The opposite CDF shifts observed in the two sea-
sons are therefore interpreted as reflecting interannual variations in IWV
rather than substantial changes in dataset composition. Overall, the
close agreement between the training and testing distributions indicates
that the chronological split preserves the principal statistical charac-
teristics of ERA5-derived IWV in both seasons. The subsequent model
evaluation can therefore be interpreted primarily as an assessment of
temporal generalization.

In addition to the temporal consistency between the training and
testing datasets, the consistency between the two radiosonde archives
used for model development was further investigated. Since the training
dataset combines observations from IGRA and UoW archive, potential
source-dependent discrepancies could introduce inconsistent training

labels and consequently affect model learning. To evaluate this possi-
bility, radiosonde observations from the two archives were collocated
using identical WMO station identifiers and launch epochs. For this
source-consistency analysis, ten common UoW-IGRA stations were ob-
tained from a separate comparison dataset, yielding 17,727 collocated
soundings. For these overlapping stations, only the UoW records were
retained in the final machine learning dataset, and the corresponding
IGRA records were excluded from model development. The IWV dif-
ference between the two archives was defined and evaluated. The
comparison demonstrates excellent consistency between the two data-
sets. The overall median differences were only 0.003 mm during the
cold-season and 0.061 mm during the warm-season. Across different
IWV intervals, the median differences generally ranged from approxi-
mately —0.05 mm to 0.18 mm, while the largest statistically reliable
discrepancy remained below 0.29 mm. Considering that the typical
variability of IWV over Europe ranges from several to tens of millime-
ters, these differences are negligible. These results indicate that the
IGRA and UoW archives provide highly consistent IWV observations
when identical stations and launch epochs are compared. Therefore, the
two datasets can be regarded as belonging to a common observational
reference and can be combined directly for subsequent machine learning
training without introducing significant source-dependent biases.
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4.1.2. Prediction performance

The model comparison yielded cold-season RMSE values of 1.64,
4.07, 1.13, and 1.11 mm for ridge regression, MLP, XGBoost, and Cat-
Boost, respectively; the corresponding warm-season values were 2.71,
6.51, 2.06, and 2.06 mm. CatBoost therefore provided the comparable
performance across both seasons and was adopted for the subsequent
analyses. To evaluate the capability of the proposed CatBoost framework
in learning and predicting corrected IWV, the model was developed
using ERA5 operational (ERA5 OP) and VMF3 operational (VMF3 OP)
products. The performance of the model was evaluated using RMSE, R?,
and MBE for the training dataset, the strict station holdout dataset, and
the independent temporal test dataset, as summarized in Table 2. The
training results were used to assess whether the models adequately
captured the dominant relationships between the input features and the
target feature. The independent temporal test evaluated whether these
relationships remained stable during a future one-year period that was
excluded from model development. In addition, a strict station holdout
experiment was conducted to assess spatial transferability. Because all
observations from the holdout radiosonde stations were excluded from
feature scaling, hyperparameter optimization, and model training, this
experiment provides a direct indication of whether the learned correc-
tion can be applied at locations not represented during model devel-
opment. This spatial generalization capability is particularly important
for the subsequent application of the models at external GNSS station
locations.

For the cold season, the model-corrected IWV achieved an RMSE of
1.07 mm and an R? of 0.96 for the training dataset, with an MBE close to
zero. Similar performance was retained for the independent temporal
test, with an RMSE of 1.11 mm, an R? of 0.96, and an MBE of 0.02 mm.
The station holdout evaluation yielded a moderately higher RMSE of
1.33 mm and a lower R? of 0.94, while the MBE remained small at
—0.14 mm. Although the performance decreased relative to the tem-
poral test, the corrected IWV still maintained strong agreement with
radiosonde observations at completely unseen stations. This result in-
dicates that the model captures spatially transferable relationships
rather than station-specific characteristics. The larger warm-season er-
rors likely reflect the broader IWV range and stronger moisture vari-
ability, which increase the complexity of the ERA5-radiosonde
discrepancy. The training dataset produced an RMSE of 1.96 mm, an R?
of 0.95, and an MBE close to zero. For the independent temporal test, the
RMSE increased slightly to 2.06 mm, while the R? remained high at 0.93
and the MBE was only 0.03 mm. The station holdout test resulted in an
RMSE of 2.40 mm, an R? of 0.92, and an MBE of —0.15 mm. The slightly
negative MBE for the station-holdout dataset indicates that the predicted
correction was, on average, marginally smaller than the correction
required to match the radiosonde observations. In addition, the five-fold
station-level evaluation yielded pooled RMSE values of 1.55 and 2.70
mm and R? values of 0.92 and 0.90 for the cold and warm seasons,
respectively. Although slightly higher than the single-holdout results,
these values support spatial generalization across different station par-
titions. Nevertheless, the magnitude of this bias remained small relative
to the corresponding RMSE, indicating that the spatial generalization of
the model was not substantially affected.

Fig. 6 further illustrates the agreement between radiosonde observed
IWV and model-corrected IWV during the independent temporal test. In

Table 2
Performance of the proposed model-corrected IWV products for the training,
station holdout, and independent temporal test datasets.

Season Dataset RMSE (mm) R? MBE (mm)
Cold Training 1.07 0.96 0.00
Cold Station holdout 1.33 0.94 —0.14
Cold Independent temporal test 1.11 0.96 0.02
Warm Training 1.96 0.95 0.00
Warm Station holdout 2.40 0.92 —0.15
Warm Independent temporal test 2.06 0.93 0.03
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the cold season, shown in Fig. 6(a), the corrected IWV values are tightly
distributed around the 1:1 line, and the fitted slope of 0.956 indicates
only a slight compression of the IWV variability. For the warm season in
Fig. 6(b), the scatter is broader and the fitted slope decreases to 0.933,
indicating a stronger tendency to underestimate the magnitude of high
IWV conditions. This behavior is consistent with the larger warm-season
RMSE and suggests that extreme moisture conditions remain more
difficult to reproduce than moderate conditions. However, the MBE
values remain close to zero in both seasons, indicating that the models
do not introduce a substantial overall systematic offset.

4.2. Spatial, seasonal, and climate-zone-dependent performance

This section further examines the spatial, seasonal, and climate-zone-
dependent variations in model performance to characterize the condi-
tions under which the proposed correction framework achieves its
highest accuracy and robustness.

4.2.1. Spatial performance across Europe

To further assess the geographical robustness of the proposed
framework, model performance was evaluated separately at each
radiosonde station using the independent temporal test dataset. Fig. 7
shows the spatial distribution of station-wise RMSE values for the cold
and warm seasons, while Fig. 8 summarizes their statistical distribu-
tions. For the cold season, station-wise errors were generally low and
spatially homogeneous across most of the study region. As shown in
Fig. 7(a), the majority of stations exhibited RMSE values close to or
below 1.5 mm, with only a small number of isolated stations showing
clearly large errors. The boxplot in Fig. 8 confirms this relatively
compact distribution, with a median RMSE of 0.96 mm. The warm
season exhibited a wider spatial spread of errors and a clearly higher
overall RMSE level. Fig. 7(b) shows that large RMSE values occurred
more frequently across southern Europe, the Mediterranean region,
parts of eastern Europe, and several northern maritime locations. The
corresponding boxplot in Fig. 8 has a median RMSE of 1.69 mm and a
substantially larger interquartile range than that of the cold season. This
broader distribution reflects the greater spatial variability of warm-
season water vapor, during which convection can produce more local-
ized and nonlinear IWV discrepancies.

Several stations were identified as outliers using the upper whisker
criterion of the boxplot distribution, as listed in Table 3. Four cold-
season outliers were detected and their RMSE values ranged from 2.00
to 2.99 mm. During the warm-season, three outliers were identified. The
recurrence of SPM00008430, UUOO, and FOM00006011 in both sea-
sons suggests that their higher errors are not solely caused by seasonal
atmospheric variability, but may also be related to persistent local
representativeness differences or station-specific discrepancy charac-
teristics. The largest warm-season error occurred at SPM00008430 in
southeastern Spain, where the RMSE reached 6.93 mm and the corre-
lation decreased to 0.26. This station is located in a region strongly
influenced by Mediterranean moisture transport, land-sea contrasts, and
episodic convective activity. Such processes can generate sharp spatial
and temporal water vapor gradients that are difficult to represent using
large scale reanalysis predictors. UUOO in western Russia also showed
consistently high RMSE values in both seasons, together with positive
MBE values of 1.63 mm in the cold season and 2.30 mm in the warm
season. The comparatively low correlations of 0.57 and 0.48 suggest that
the local discrepancy behavior at this site differs from the dominant
relationships learned from the broader training network.
FOMO00006011, located in the North Atlantic, exhibited elevated RMSE
values of 2.69 mm and 4.50 mm in the cold and warm seasons,
respectively. Its warm season correlation was particularly low at 0.06,
indicating limited reproduction of temporal variability during that
period. This may reflect rapidly changing maritime atmospheric con-
ditions, frequent frontal passages, and strong moisture advection, all of
which can reduce the representativeness of large-scale model features at



L. Wang and H. Kutterer

Atmospheric Research 345 (2027) 109379

a) b)
1.0 1.0
N = 32,493 . 504 |N=31,858
35 |RMSE =1.11 mm . Y, 4 RMSE = 2.06 mm . A
MAE = 0.75 mm ¥ MAE = 1.37 mm sy
MBE = 0.02 mm Y, 4 MBE = 0.03 mm o o8
- r=0.981 p 0.8 - r=0.966 % . 0.8
3 30 RZ = 0.963 o % € a0 |R?=0.934 4.
£ Slope = 0.956 Wt s < . 2 £ ‘. 2
= T =z xS E
> 25 . ey ° H > (SR H
H be . 060 3 0.S"0 060
- ., X LA € 5 307 YAH €
 20- o I s 9 < 2
= " PR * o - . o
g K i T ¥ : 3
= . © 8k . 8
o 15 S . e 0.4:= ° -n J : 0.4:=
v . g0 5. < v 20 . <
- . . 2 AR . E - . E
% o : 5 % o
o 10 " e . 2z <] z
= etie b =
e (O 0.2 10 0.2
. g e s .
5 A
A — 1:1 Line . . — 1:1 Line
- Linear Fit L —— Linear Fit
0 0-
T T T T T T T T 0.0 T T T T T T 0.0
1] 5 10 15 20 25 30 35 o 10 20 30 40 50

Radiosonde-observed IWV (mm)

Radiosonde-observed IWV (mm)
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Fig. 7. Spatial distribution of station-wise RMSE values for the independent test dataset: (a) cold-season model and (b) warm-season model.

an isolated island station. By contrast, BEMO00006458 and
SPM00008430 showed relatively moderate cold season RMSE values

close to 2.0 mm, although SPM00008430 became the most evident
outlier during the warm-season.
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Despite these localized high error stations, the spatial maps do not
indicate a systematic degradation across any major geographical sector.
Most stations retained low to moderate RMSE values, particularly during
the cold season, and the overall station distributions remained compact
relative to the full IWV range. The results therefore demonstrate that the
radiosonde-informed correction framework shows good spatial trans-
ferability within the conditions represented by the training dataset,
while also showing that transferability is reduced at locations affected
by strong local moisture variability or persistent site-specific discrep-
ancy patterns.

4.2.2. Monthly performance

To assess temporal stability, model performance was evaluated
separately for each month using the independent temporal test dataset
(Fig. 9). RMSE remained below approximately 1.5 mm during most cold-
season months, with the best performance observed in February at 0.98
mm, but increased progressively from late spring and reached its
maximum of approximately 2.74 mm in August. Monthly R? showed the
opposite pattern, decreasing from about 0.97 in February to 0.87 in
August before recovering in autumn. MBE remained close to zero during
most months, whereas August exhibited a stronger negative bias of
approximately —0.59 mm, indicating a tendency to underestimate IWV.
Station level analysis showed that GMM00010618 and FRM00007145
contributed substantially to this degradation, with RMSE values of 4.58
and 4.30 mm and MBE values of —4.01 and — 3.26 mm, respectively.
The poorer performance coincided with anomalous weather conditions
in August 2025. Germany experienced a strong heatwave in mid-August,
with widespread maximum temperatures of 32-35 °C and prolonged dry
conditions across central regions, followed by renewed rainfall toward
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the end of the month (Deutscher Wetterdienst, 2025). France was
affected by an exceptional 11-day heatwave from 8 to 18 August,
including severe convective passages and strong regional contrasts in
temperature and precipitation (Météo France, 2025). These anomalous
conditions coincided with the observed performance degradation and
may have contributed to increased atmospheric variability and localized
water vapor gradients, although their individual effects cannot be iso-
lated from the present analysis.

4.2.3. Climate-zone performance

Station-wise results were further aggregated according to the three
climate regions defined in Section 2 to evaluate the influence of large-
scale climatic conditions on model performance. Fig. 10 summarizes
the RMSE, Rz, and MBE for each climate zone during the cold and warm
seasons. Climate Zone 3, representing continental climates, achieved the
lowest RMSE in both seasons, with values of 0.98 mm in the cold-season
and 1.83 mm in the warm-season. Climate Zone 1, representing
temperate climates, showed intermediate RMSE values of 1.19 and 2.02
mm, whereas Climate Zone 2, characterized by arid and semi-arid
conditions, exhibited the largest errors, increasing from 1.32 mm in
the cold-season to 3.12 mm in the warm-season. The larger warm-season
error in Climate Zone 2 suggests that the learned correction relation-
ships were less transferable to this region, where IWV conditions may
shift rapidly between persistently dry states and episodic moist events.
This reduced transferability may reflect the stronger contrast between
dry background conditions and episodic moist events, which results in a
wider range of IWV states represented in this region. In contrast to
RMSE, R? did not follow the same ranking. Climate Zone 2 produced the
highest R? values, reaching 0.958 and 0.932 in the cold and warm
seasons, respectively, while Climate Zone 1 showed the lowest values of
0.944 and 0.846. MBE remained small in all climate zones, ranging from
—0.04 to 0.12 mm in the cold season and from 0.01 to 0.09 mm in the
warm season, indicating no substantial climate-dependent systematic
bias. Overall, absolute prediction accuracy was highest in continental
climates and lowest under warm arid and semi-arid conditions, while
the differing R? patterns highlight the importance of considering both
error magnitude and explained variance when evaluating regional
model performance.

4.3. Application to corrected IWV products

Following the evaluation of the predictive capability of the proposed
framework, the predicted IWV bias was applied to the original ERA5
IWV to generate spatially continuous bias-corrected IWV fields at a
spatial resolution of 0.25° x 0.25°, consistent with the ERA5 grid used in
this study. The corrected product was evaluated against held-out
radiosonde observations from the independent temporal test dataset,
while VMF3-derived IWV was included as an established benchmark.
Fig. 11 compares the spatial distributions of ERA5 IWV, VMF3 IWV,
model-corrected IWV, and radiosonde IWV at four representative epochs
over Europe. The selected epochs include two cold-season cases, 28
January and 1 November 2025, and two warm-season cases, 1 May and
1 June 2025, thereby representing substantially different atmospheric
moisture conditions. Within each epoch, the four panels share the same
color scale to facilitate direct comparison among the products. The four

Table 3

Outlier stations of the proposed seasonal discrepancy prediction models.
Season Name Latitude (°) Longitude (°) RMSE (mm) MBE (mm) Correlation
Cold Uuoo 51.6500 39.2500 2.99 1.63 0.57
Cold FOMO00006011 62.0231 —6.7647 2.69 0.26 0.62
Cold BEMO00006458 50.7456 4.7633 2.02 —0.04 0.85
Cold SPMO00008430 38.0019 —1.1708 2.00 0.70 0.69
Warm SPMO00008430 38.0019 -1.1708 6.93 -1.09 0.26
Warm Uuuoo 51.6500 39.2500 4.70 2.30 0.48
Warm FOMO00006011 62.0231 —6.7647 4.50 1.50 0.06
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Fig. 9. Monthly variations in (a) RMSE, (b) coefficient of determination (R?), and (c¢) MBE for the independent test dataset.

cases illustrate the larger seasonal and regional variability of water
vapor across Europe. ERA5, VMF3, and the corrected product reproduce
broadly consistent large-scale moisture structures, while differences in
IWV magnitude and local spatial variability remain evident. At many
radiosonde locations, the model-corrected fields show improved con-
sistency with the observed IWV values while preserving the large-scale
spatial patterns represented by ERA5. The effect of the correction is
particularly apparent in regions characterized by significant moisture
gradients, including central Europe, the Mediterranean region, and parts
of eastern Europe. Unfilled areas in the model-corrected IWV fields
correspond to grid cells where one or more predictor variables fall
outside the ranges represented in the training data and do not indicate
missing ERA5 data or gridding failures. Among these predictors, eleva-
tion was the dominant limiting factor because the training stations did
not cover the highest-elevation regions of Europe. Because CatBoost is
tree-based, predictions beyond the training feature ranges are not
physically constrained extrapolations. Therefore, grid cells containing
out-of-range predictor values were masked and are displayed as white
areas in Fig. 11. This treatment reduces unsupported extrapolation and
improves the reliability of the corrected IWV fields.

The corresponding quantitative performance is summarized in
Table 4. Relative to the original ERA5 and VMF3 products, the proposed
framework substantially improved IWV accuracy. During the cold-
season, the RMSE decreased from 2.29 mm for ERA5 and 1.88 mm for
VMF3 to 1.11 mm after correction, corresponding to reductions of
51.5% and 41.0%, respectively. The corrected product also achieved the
highest R?, reaching 0.96. During the warm season, the corrected
product yielded an RMSE of 2.06 mm, representing reductions of 40.1%
relative to ERA5 and 33.3% relative to VMF3. Its MBE was reduced to
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0.03 mm, while R? increased to 0.93. These results indicate that a sub-
stantial component of the discrepancies between ERA5 and radiosonde
IWV is systematic and predictable within the applicability domain rep-
resented by the training data. The near-zero MBE values further
demonstrate that the proposed framework effectively reduces systematic
discrepancies while preserving the underlying spatial and seasonal
variability of atmospheric water vapor. Overall, the corrected IWV
product consistently outperformed ERAS5 and VMF3 across both sea-
sonal regimes, demonstrating the capability of the radiosonde-informed
machine learning framework to generate more accurate IWV fields
without introducing unsupported extrapolation beyond the training
domain.

4.4. Spatial transfer and evaluation using external GNSS observations

To further assess the spatial transferability of the proposed frame-
work, an additional evaluation was conducted using external GNSS
stations. The NGL GNSS-derived ZTD observations were not used in
model development, although the derived GNSS-IWV relies on ERA5-
derived pressure and weighted mean temperature in the ZTD-to-IWV
conversion. The analysis is therefore interpreted as a GNSS-based eval-
uation independent of model development, rather than as validation
against a fully ERA5-independent reference. Its purpose is to assess
whether the radiosonde-informed relationship can be transferred to lo-
cations without collocated soundings, rather than whether the resulting
IWV outperforms existing products in absolute agreement with GNSS. A
total of 98 radiosonde-GNSS station pairs were initially constructed, of
which 95 pairs contained valid collocated observations after quality
control and were retained for the final analysis. The evaluation
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Fig. 10. Climate-zone-dependent performance of the proposed discrepancy prediction framework. Comparison of (a) RMSE, (b) R?, and (c) MBE for the three climate

zones during the cold and warm seasons.

comprised 47,418 temporally matched observations. At identical GNSS
coordinates and epochs, ERA5 and VMF3 showed closer agreement with
GNSS-derived IWV than the radiosonde-informed product, with RMSE
values of 1.33, 2.09, and 2.25 mm for ERA5, VMF3, and the radiosonde-
informed product, respectively. However, the objective of this analysis is
not to optimize agreement with GNSS, but to generate a radiosonde-
informed virtual IWV observation directly at the GNSS station loca-
tion. For each pair, this spatially collocated estimate and the physically
observed IWV from the nearby radiosonde station were independently
compared with GNSS-derived IWV. This design allows the benefit of
transferring radiosonde information to the GNSS location to be evalu-
ated while reducing the representativeness mismatch associated with a
nearby but non-collocated radiosonde.

In addition to RMSE, MBE, and R%, MAE was included in the GNSS
assessment to characterize the typical absolute difference without
cancellation between positive and negative errors. This metric is
particularly useful for evaluating whether spatially collocated
radiosonde-informed IWV reduces the representativeness mismatch
associated with nearby, non-collocated radiosonde observations. The
overall results are summarized in Table 5. Relative to GNSS-derived
IWV, the model-corrected product achieved an RMSE of 2.25 mm and
an MAE of 1.86 mm, compared with 3.15 and 2.20 mm, respectively, for
the nearby radiosonde observations, corresponding to reductions of
28.5% and 15.5%. The R? also increased from 0.857 to 0.927. These
improvements primarily reflect the benefit of transferring radiosonde-
informed information to the GNSS location and reducing spatial repre-
sentativeness mismatch.

The reduction in MAE demonstrates that the model-corrected IWV
was generally closer to the GNSS-derived IWV at individual epochs. The
MAE decreased from 1.96 to 1.78 mm during the cold season and from
2.43 to 1.94 mm during the warm season, corresponding to reductions of
9.2% and 20.2%, respectively. The larger warm-season improvement is
consistent with the stronger spatial variability of water vapor under
moist conditions, for which the separation between the radiosonde and
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GNSS stations introduces larger representativeness differences. By
comparison, the overall MBE values remained similar, at —1.73 mm for
the model-corrected product and — 1.72 mm for the nearby radiosonde
IWV. These negative values indicate that both products were systemat-
ically lower than the GNSS-derived IWV by approximately 1.7 mm.
Thus, although the proposed framework substantially reduced the
average absolute discrepancy and overall error variability, it did not
remove the systematic offset between the radiosonde-informed and
GNSS-derived IWV domains. The similar offsets for the model-corrected
and radiosonde IWV suggest that this bias is more likely associated with
systematic differences between the radiosonde and GNSS observing and
processing chains, including GNSS ZTD processing and the pressure and
T, dependent conversion to IWV, rather than with the machine learning
correction itself. The similar MBE values indicate that the observed
improvements do not result from direct calibration toward GNSS ob-
servations, because no GNSS observations were used during model
development or subsequent bias adjustment. The reductions in RMSE
and MAE and the improvements in correlation and R? therefore reflect
improved agreement with the external GNSS observations.

Fig. 12 presents the pair-specific comparison between the model-
corrected IWV and nearby radiosonde IWV relative to GNSS-derived
IWV. Among the 95 station pairs containing at least 30 common ob-
servations, the model-corrected product achieved a lower RMSE at 72
pairs (75.8%), a lower MAE at 64 pairs (67.4%), and a higher R% at 72
pairs (75.8%). The RMSE and MAE improvements were 0.90 mm (95%
CIL: 0.51-1.31 mm) and 0.34 mm (95% CI: 0.15-0.58 mm), respectively,
with both pair-level Wilcoxon and exact binomial tests yielding p <
0.001. As summarized in Fig. 12(d), improvements were obtained for all
three metrics at most station pairs. The corresponding improvement
frequencies for the Core pairs were 74.4%, 65.1%, and 74.4% for RMSE,
MAE, and RZ, respectively. The advantage was even more pronounced
for the Extended pairs, for which 8 of the 9 pairs (88.9%) showed im-
provements in each metric. At the aggregate level, the RMSE for the
Extended group decreased from 4.228 mm for the nearby radiosonde
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Fig. 11. Spatial distributions of ERA5 IWV, VMF3 IWV, model-corrected IWV, and collocated radiosonde IWV observations over Europe at four representative
epochs: 28 January, 1 May, 1 June, and 1 November 2025 at 00:00 UTC. The four products within each row share the same color scale to facilitate direct comparison.

Table 4
Comparison of ERA5, VMF3, and model-corrected IWV against radiosonde ob-
servations for the independent temporal test dataset.

Season Dataset RMSE (mm) R? MBE (mm)
Cold ERAS 2.29 0.84 1.51
Cold VMF3 1.88 0.89 0.57
Cold Model-corrected 1.11 0.96 0.02
Warm ERAS 3.44 0.82 1.98
Warm VMF3 3.09 0.85 0.68
Warm Model-corrected 2.06 0.93 0.03

observations to 2.347 mm for the model-corrected product, corre-
sponding to a reduction of 44.5%. The MAE was reduced from 3.125 to

Table 5

1.921 mm, while R? increased from 0.728 to 0.916. These results
demonstrate that spatially collocated model inference becomes
increasingly beneficial when the nearby radiosonde station is less
representative of atmospheric conditions at the GNSS location. Sensi-
tivity analysis further showed that the RMSE reduction increased from
26.6% for separations below 50 km to 34.2% for 50-100 km and 46.3%
for 100-150 km. No consistent dependence on elevation difference was
identified, whereas temporal mismatch had little influence because
99.45% of the observations were matched within 30 min, for which the
RMSE reduction remained 28.5%. Spatial collocation therefore reduces
the representativeness mismatch associated with site separation,
although residual differences may remain because of local moisture
variability, terrain and elevation differences, and small temporal offsets
between the observing systems.

Comparison of spatially collocated radiosonde-informed IWV and nearby radiosonde IWV relative to GNSS-derived IWV. RMSE reduction is calculated relative to the

nearby radiosonde IWV.

Product N RMSE (mm) MAE (mm) MBE (mm) R? RMSE reduction (%)

Overall Model-corrected IWV 47418 2.25 1.86 -1.73 0.927 28.6
Nearby radiosonde IWV 47418 3.15 2.20 -1.72 0.857

Cold-season Model-corrected IWV 23764 2.03 1.78 -1.73 0.877 21.6
Nearby radiosonde IWV 23764 2.60 1.96 -1.76 0.800

Warm-season Model-corrected IWV 23654 2.44 1.94 -1.74 0.899 32.4
Nearby radiosonde IWV 23654 3.61 2.43 -1.67 0.779

Core pairs Model-corrected IWV 44956 2.24 1.85 -1.73 0.927 27.1
Nearby radiosonde IWV 44956 3.07 2.15 -1.70 0.863

Extended pairs Model-corrected IWV 2462 2.35 1.92 -1.75 0.916 44.5
Nearby radiosonde IWV 2462 4.23 3.13 —2.06 0.728
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observations were included.

Consequently, the proposed framework provides a radiosonde-
informed, spatially collocated IWV comparison product at external
GNSS locations. By transferring radiosonde-constrained correction re-
lationships to the GNSS coordinates, it reduces representativeness dif-
ferences associated with nearby, non-collocated sounding observations.
The resulting product therefore supports external evaluation and inter-
comparison of GNSS-derived IWV where collocated radiosonde obser-
vations are unavailable.

5. Conclusion

This study developed a radiosonde-informed CatBoost framework to
correct ERA5-derived IWV and generate spatially continuous, model-
corrected IWV products. Radiosonde observations from the UoW and
IGRA were combined with ERA5, VMF3, and atmospheric structural
features at 116 stations across Europe and adjacent regions from
November 2021 to November 2025. Separate evaluations were con-
ducted for the cold and warm seasons to account for seasonal differences
in atmospheric water vapor variability.
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The proposed framework demonstrated strong spatial and temporal
generalization. In the station holdout experiment, the corrected IWV
achieved RMSE values of 1.33 and 2.40 mm and R? values of 0.94 and
0.92 for the cold and warm seasons, respectively. For the independent
temporal test, the corresponding RMSE values were 1.11 and 2.06 mm,
with R? values of 0.96 and 0.93 and MBE values close to zero. Compared
with ERA5, RMSE was reduced by 51.5% in the cold season and 40.1%
in the warm season. Reductions of 41.0% and 33.3%, respectively, were
also obtained relative to VMF3. The corrected fields preserved the large-
scale spatial structure of ERA5 while improving agreement with radio-
sonde observations. Model application was restricted to elevations
represented in the training dataset to avoid unsupported extrapolation.

The trained model was further transferred to external GNSS locations
not involved in model development to generate spatially collocated,
radiosonde-informed IWV estimates. Relative to nearby radiosonde ob-
servations, the RMSE decreased from 3.15 to 2.25 mm, demonstrating
the value of transferring radiosonde information directly to GNSS lo-
cations and reducing representativeness differences associated with
non-collocated soundings. This benefit increased with horizontal
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separation, while no consistent dependence on elevation difference was
identified. The resulting product therefore provides a collocated com-
parison reference for GNSS-derived IWV where radiosonde observations
are unavailable. Because the GNSS-IWV conversion uses ERA5-derived
pressure and weighted mean temperature, the evaluation is indepen-
dent of model development but not fully independent of ERA5 auxiliary
information.

The present applicability is therefore limited to the geographical,
elevation, and atmospheric conditions represented by the training data,
with greater uncertainty under highly localized or extreme moisture
conditions. Future work should extend the training coverage globally
and further evaluate model performance under such conditions.
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