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Abstract

Integrated Water Vapor (IWV) is crucial in environmental research, offering insights into atmospheric dynamics. Direct
IWYV measurement is challenging, necessitating alternative estimation technologies. Existing methods including Global
Navigation Satellite System (GNSS), radiosondes, water vapor radiometers (W VR), satellite remote sensing, and numerical
weather models (NWM), have specific limitations. GNSS and WVR provide high precision and temporal resolution (e.g.,
5 min) but are limited to specific locations. Radiosondes, while accurate, have sparse spatial distribution and low temporal
resolution (e.g., twice daily). Satellite remote sensing offers broad spatial resolution but lower temporal resolution (hours to
days) and reduced accuracy under cloudy conditions and due to satellite tracks. NWMs provide global hourly products but
their accuracy depends on meteorological data and model precision.

This study introduces a regional IWV predictive model using Machine Learning to address these challenges. Utilizing IWV
data from GNSS stations, the study develops a predictive model based on least squares support vector machine, which autono-
mously determines optimal parameters to enhance performance. The model enables accurate IWV estimation at any location
within a region, using inputs such as latitude, longitude, altitude, and temperature, achieving an average root mean square
error of 0.95 mm. The model’s performance varies across seasons and terrains, showing adaptability to diverse conditions.
The model’s reliability is validated by comparing its predictions with the conventional ERAS5 IWV method, showing a 61%
improvement rate. This refined IWV estimation model is applied for regional climate analysis, demonstrating its practical
utility in environmental research, specifically for the Upper Rhine Graben Region.

Keywords Global navigation satellite system (GNSS) - Integrated water vapor (IWV) - Least squares support vector
machine (LSSVM) - IWV predictive model

Introduction

The troposphere encompasses the majority of the atmos-
pheric mass and water vapor content. Water vapor is pre-
dominantly found in the troposphere, typically below 10-12
km altitude. This concentration is pivotal for meteorological
investigations, encompassing studies on atmospheric dynam-
ics, weather prediction, and climate modeling (Yuan et al.
2022). Moreover, precise Integrated Water Vapor (IWV)
datasets are indispensable for remote sensing applications.
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Enhanced IWV accuracy improves the dependability and
precision of remote sensing outputs, spanning satellite
imagery, weather radar data, and atmospheric profiling
instruments (Izanlou et al. 2024).

Traditionally, IWV measurements have been conducted
through various in-situ techniques such as Radiosonde and
Radiometer. While these methods exhibit high accuracy,
their spatial coverage is constrained, being available only at
specific stations rather than across expansive regions. Fur-
thermore, their installation and establishment necessitate
considerable human and financial resources (Seidel et al.
2011; Migliaccio et al., 2005). In contrast, the European
Centre for Medium-Range Weather Forecasts (ECMWF)
offers global grid numerical weather models (NWM), such
as the fifth generation of European Reanalysis (ERAS),
which can be used to estimate large-scale IWV based on the
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interpolation of pressure-level meteorological parameters
and zenith wet delay (ZWD) ray tracing models (Ssenyunzi
et al. 2020; Wilgan et al. 2017). These models then convert
ZWD to IWV by integrating the weighted mean temperature
(Bevis et al. 1994). However, despite providing large-scale
IWV products, their performance is limited by the accu-
racy of the ZWD ray tracing model and the challenge of
accurately modeling IWV variations through interpolated
meteorological elements (Huang et al. 2022). Therefore, the
primary focus of our research is to develop an enhanced
IWV estimation model capable of operating at a large scale
while still delivering highly accurate IWV products. This
entails addressing the limitations of existing methodologies
and improving upon them to achieve greater precision and
broader applicability across expansive geographical areas.
The rapid evolution of Global Navigation Satellite System
(GNSS) technology has positioned it as a crucial instrument
for tracking water vapor variations (Rocken et al. 1993).
As GNSS signals propagate through the troposphere, they
encounter distortions and deflections caused by atmospheric
refraction. This phenomenon is commonly assessed as the
zenith tropospheric delay (ZTD), wherein the calculation
involves the mapping function upon the elevation angle
utilized during GNSS data analysis (Askne et al., 1987;
Bohm et al. 2006a, b). The tropospheric delay comprises
two components: the zenith hydrostatic delay (ZHD) and
ZWD. Water vapor variations can be derived from the ZWD,

Fig. 1 GNSS stations distribu- 51°N

tion map

which is the difference between ZTD and ZHD. ZHD can
be accurately computed using various estimation models,
such as the Saastamoinen model (Saastamoinen 1972).
Thus, with high-precision ZHD data, accurate ZWD can be
derived, and by incorporating temperature data, ZWD can be
converted into IWV, allowing for precise IWV monitoring
(Jiang et al. 2020). GNSS technology offers the advantage of
retrieving IWV data with higher accuracy, supported by its
dense distribution of sites worldwide. Furthermore, GNSS
derived IWV data exhibit high temporal resolution (Baba
et al., 2022). Given these capabilities, our research pursuits
to exploit isolated GNSS IWV time series from different
stations to extrapolate IWV values across a broader geo-
graphical area. Consequently, this study aims to develop an
enhanced regional IWV estimation model based on simul-
taneous GNSS IWYV values, enabling the estimation of IWV
at any location and altitude within this large-scale region.
This study opts for data sourced from the Nevada Geo-
detic Laboratory (NGL) for testing within the Upper Rhine
Graben Region. NGL has made substantial strides by con-
solidating global GNSS observations from over 10,000
stations and offering ZTD estimates (Blewitt et al., 2018).
NGL uniformly processes GNSS observations using con-
temporary models and methodologies. Leveraging ZTD
data from NGL, our research aims to convert ZTD into
IWYV and establish a regional GNSS network comprising
approximately 150 stations, which are represented in Fig. 1.
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Fig.2 The flowchart of LSSVM
in this research

Input Field

While 187 stations were selected within the experimental
region, some sites may be excluded from training at times
due to considerations of data availability and quality assess-
ments. The implemented estimation system covers a spa-
tial extent ranging from the Upper Rhine Graben Region
and its vicinity to a region approximately 350 km distant.
Encompassing Germany, France, Switzerland, Luxembourg,
as well as portions of Italy, the Netherlands, and Austria,
totaling an area of 600,000 km?. This selection was driven
by the significance of climate change research in the Upper
Rhine Graben Region, which holds critical implications for
numerous European countries (Peters et al., 2007). Further-
more, the region exhibits diverse geographical characteris-
tics, including plains, mountains, and low-lying areas. This
study strives to develop a robust estimation model capable
of accommodating diverse geographical scenarios. Subse-
quently, this study aims to apply our enhanced IWV estima-
tion model to the designated region and evaluate its perfor-
mance by comparing the results with radiosonde IWV and
ERAS5 IWV data.

Currently, several machine learning methods have been
developed for estimating tropospheric delay. For instance,
the tropospheric delay network (TropNet) model, based
on deep learning techniques, has been applied to forecast
ZWD. This model integrates data from the Geostationary
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Operational Environmental Satellite-R (GOES-R) series
and the Global Forecast System (GFS) (Lu et al. 2023).
Additionally, the backpropagation artificial neural network
(BP-ANN) has been widely adopted in geoscientific research
due to its adaptive, learning, and nonlinear capabilities. An
adaptive regional 4-D water vapor density (WVD) model,
utilizing the BP-ANN technique, was developed for verti-
cal constraints in GNSS tropospheric tomography, based
on sample data from ERAS5 and GNSS meteorological
observations from 2015 to 2019 (Zhang et al. 2024). In
addition, there are several tropospheric product prediction
models based on support vector machine (SVM) and arti-
ficial neural network (ANN) being proposed (Razin et al.,
2022; Akar et al., 2023). For instance, the IWV prediction
model based on single-site utilizes historical observation
data from a specific GNSS site along with meteorological
sensors installed at the site to forecast future IWV. However,
this model is not applicable to areas lacking GNSS instal-
lations, leaving IWV variations in these regions unknown.
Additionally, models based on SVM and ANN impose strict
requirements for acquiring meteorological data, which poses
challenges as most GNSS sites lack meteorological sensors.
Therefore, this study proposes an IWV prediction model
based on Least Squares Support Vector Machine (LSSVM),
which can forecast unknown regions without relying on

@ Springer



59 Page4of 25

GPS Solutions (2025) 29:59

stringent meteorological field data, achieving high-precision
predictions with the assistance of ERAS data. Compared
to currently used SVM model, LSSVM establishes a lin-
ear decision function by introducing regularization param-
eters, sample error variables and other parameters. This not
only enhances the fitting capability but also strengthens the
model's generalization, while also accelerating the model
training speed. The LSSVM algorithm is supported by a
robust mathematical foundation, rendering it an effective
tool for more stable IWV modeling. LSSVM has acquired
considerable attention in diverse prediction tasks due to its
robustness and efficiency (Mehrkanoon et al. 2012). Unlike
conventional Support Vector Machines (SVM), which
emphasize maximizing the margin between different classes,
LSSVM prioritizes minimizing empirical risk, making it
especially proficient in addressing regression issues. One of
the significant advantages of LSSVM lies in its capability to
effectively handle nonlinear relationships between input and
output variables. Through the utilization of kernel functions,
LSSVM can transform input data into high-dimensional fea-
ture spaces, facilitating the capture of complex patterns and
structures with greater efficiency (Wang et al., 2007). This
adaptability makes LSSVM well-suited for modeling com-
plicated IWV systems characterized by nonlinearity. In the
domain of predicting IWV values, LSSVM offers several
distinct advantages. Firstly, IWV prediction necessitates
capturing intricate relationships among various atmos-
pheric parameters, which often exhibit nonlinear behaviors.
By harnessing LSSVM's nonlinear modeling capabilities,
we can better elucidate the complex dependencies inherent
in atmospheric data. Additionally, LSSVM demonstrates
robust performance even when confronted with relatively
small datasets. This feature is particularly advantageous in
meteorological science, where data accessibility may be
limited, especially in remote or inaccessible regions. The
capacity of LSSVM to furnish accurate predictions despite
limited data can significantly advance our comprehension of
IWYV modeling and demonstrate immense value in various
weather forecasting applications.

In our research, the application of LSSVM for IWV
prediction offers a promising avenue to tackle the chal-
lenges linked with modeling high-accuracy IWV over
large-scale areas. Coupled with the global distributed
GNSS ZTD products sourced from NGL and the robust
performance demonstrated by our enhanced IWV predic-
tion model, as showed in our study, this approach holds
remarkable potential to realize highly effective IWV pre-
diction models on a global scale. Such improvements stand
to enhance weather forecasting capabilities and contrib-
ute to the progress of atmospheric science research. The
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research begins by outlining the methodology of the pro-
posed LSSVM scheme and the regional IWV estimation
model. Following this, the experiment data is described.
Subsequently, the results and validation procedures are
given in detail. Finally, the conclusions drawn from the
study are presented.

Methodology

LSSVM scheme design

SVM represent a category of supervised learning models
extensively utilized in machine learning. These models are
equipped with learning algorithms tailored to handle data
analysis tasks encompassing both classification and regres-
sion (Vapnik et al. 1996). Grounded in statistical learning
frameworks, SVM emerges as a powerful prediction method
known for its robustness. Fundamentally, given a dataset
comprising labeled examples belonging to two distinct
categories, an SVM training algorithm constructs a model
capable of effectively classifying new instances. By means
of intricate mapping techniques, SVM projects training
examples onto points within a multidimensional space, striv-
ing to maximize the margin separating the two categories.
Consequently, new instances are projected onto this space
and classified based on their position relative to the margin
(Wang et al., 2005).

LSSVM offers an alternative approach within the domain
of SVM, serving as supervised learning techniques applica-
ble to both classification and regression scenarios. Unlike
classical SVM, which tackles a convex quadratic program-
ming (QP) problem, LSSVM obtains solutions through the
resolution of a set of linear equations (Suykens et al., 1999).
LSSVM belongs to the category of kernel-based learning
methods, where traditional SVM formulations involve QP
problems with inequality constraints. In contrast, LSSVM
streamlines the problem by incorporating equality con-
straints. The training dataset consists of M-tk input and out-
put vectors:

(xtrain,[’ytrain,i) € Vtmin’fori = 1’ 2’ 3’ e M’

then, each input vector X ,.,;,.; * [Xyin it> Xirain,izs> -+ > Xirain i)
is associated with corresponding output vec-
tOrsytrain,i : Lytrain,il’ytrain,iZ’ ’ytrain,ik]' Here, the numbers
of input and output parameters are present as j and k. Simi-
larly, the test dataset:

(xtest,i’ytest,i) € Vtest’fori = 1’ 2’ 3’ ’N’
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shares the same structure as the training dataset, but with
N-th samples. When the new dataset represented by the vec-
tor X,,,,, is introduced, its predicted output vector Y, is
determined by the training model, in accordance with the
network structure of the designed scheme (Suykens et al.,
1999). The LSSVM algorithm constructs a specialized func-
tion for each training sample (X, ;»Ysqins)> iNCOrporating
least-squares equation constraints to derive the correspond-
ing Lagrange function equation. Optimal hyperparameters
for the model are determined through cross-validation
techniques. Subsequently, the optimal solution conditions
and the Radial Basis Function (RBF) kernel function K are
combined to form the LSSVM regression model (Li et al.
2021). The aforementioned procedures are illustrated by the
following equations (Suykens et al., 1999):

The basic LSSVM is introduced by the problem and mini-
mize the error function F5(w, b, ) as:

i =1eT Ly~ -2
g}égf3(w, bey=s0'w+CI X, € (1)

where w is the weight vector, b presents the model param-
eter, C denotes to the regularization constant and e, refers to
the error vector of the model. Then, this equation subjects to
the equality constraints

ytrain,k [a)T(p(xtrain,k) + b] =1- ek’k = 1’ ’N (2)

where @ represents the mapping function and we design the
Lagrangian equation:
N

Ly(w,b, e;a) = F3(w,b,e) — Z e {ytruin,k [C‘)T(P (xrmin.k) + b] -1+ ek} (3)
k=1

where a; are Lagrange multipliers (which can be positive or
negative) based on the equation between x,,,;, ,and y,,..;,, , as:

ytmin,k = a)T(p(xzrain,k) + b te (4)

finally, we introduce the kernel function:

=% 2
K(rx,) = e 5 witho? = > 5)
N
ytmin,k = 2 akK(xtruin,k’xtruinJ) +0b (6)

k=1

where y in Eq. (5) is a parameter of the kernel function,
which implicitly determines the distribution of data mapped
to the new feature space. ¢ denotes the standard deviation
of Gaussian distribution, which is determined through the
cross-validation optimization algorithm. Therefore, when y
is too large, that is, ¢ is too small, the corresponding Gauss-
ian distribution will become narrower and the support vec-
tors will become fewer, causing the model to perform well

only on samples near the support vectors and poorly classify
unknown samples. On the contrary, when y is too small, the
smoothing effect will be too large and it will not be possible
to achieve particularly high accuracy on the training dataset.

Based on the LSSVM algorithm, this study develops a
customized approach to construct the IWV model using the
provided input and output data. The essence of this approach
lies in leveraging the LSSVM algorithm to delineate the
functional correlation between station position and mete-
orological data in relation to IWV, as depicted in Fig. 2.
The input variables consist of GNSS station longitude, lati-
tude, altitude, and the weighted mean temperature from the
station height. Subsequently, the output comprises the esti-
mated GNSS IWYV values corresponding to these positions.
The inclusion of temperature parameters in the input field
is crucial to this approach. Regarding the input data for the
LSSVM algorithm, the position information, including lati-
tude (M), longitude (@) and altitude (H) is readily available in
the GNSS RINEX observation file. However, the weighted
mean temperature is not directly provided. Therefore, this
study employs interpolation to derive this parameter from
the corresponding ERAS pressure level data.

In the establishment of LSSVM training models, the
selection of parameters such as the regularization constant
C, the variance o of the kernel function, and the kernel func-
tion K (x;, x;) plays a pivotal role in determining the accuracy
of model and generalization capability. These parameters
govern the trade-off between model complexity and gener-
alization performance. Thus, their optimal values are crucial
for achieving high predictive accuracy and robustness across
different datasets. To address this optimality issue, our study
adopts a rigorous approach by employing cross-validation
techniques on randomly partitioned training and testing
samples. Through multiple iterations of cross-validation,
we systematically explore the parameter space to identify
the combination of C, ¢, and the kernel function that yields
the lowest errors on the given dataset. This process ensures
that the model is fine-tuned to capture the underlying rela-
tionships between input and output parameters effectively.
Furthermore, by utilizing advanced optimization algorithms
and statistical techniques, we aim to refine the parameter
selection process and enhance the model's precision and
applicability. By selecting the most appropriate parameters
for each training dataset, our methodology improves the
model predictive accuracy and its ability to generalize to
unseen data. This meticulous approach not only enhances the
reliability of our estimation model but also contributes to the
advancement of predictive modeling techniques in the field.

Retrieval of the weighted mean temperature

The methodology of obtaining the weighted mean tempera-
ture is outlined as follows (Bevis et al. 1992):
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where T, is the weighted mean temperature, e and T denote
the water vapor pressure (in hPa) and temperature (in K),
respectively, spanning from the altitude of the GNSS sta-
tion (H,) to the upper limit of the troposphere (H,,). Conse-
quently, T,,, (in K) can be computed using the ERAS pressure
level product, which provides data on an hourly basis, with
a spatial resolution of 0.25°x 0.25°, and covers 37 vertical
pressure levels.

Ideally, each GNSS station would be equipped with mete-
orological sensors to obtain temperature, pressure, and other
meteorological data at its location. However, setting up such
infrastructure requires significant manpower and resources.
Consequently, not every GNSS station is currently equipped
with meteorological sensors. Therefore, this research opts
to utilize ERAS grid data for calculations instead. However,
ERAS products are structured in a grid format, which may
not align precisely with the locations of all GNSS stations.
Thus, when GNSS stations do not coincide with grid points, it
becomes necessary to interpolate ERAS data from the nearest
grid points to the respective GNSS station positions, account-
ing for both horizontal and vertical dimensions. In this study,
our focus is specifically on pressure and temperature variables,
which can be interpolated using the same bilinear interpolation
method for horizontal interpolation. Bilinear interpolation is
used because it effectively handles the two-dimensional hori-
zontal data, considering the values at the four nearest ERAS
grid points to provide a smooth and accurate estimation.
The study commences with the linear vertical interpolation
method, as temperature or pressure and height exhibit a linear
relationship, enabling the straightforward computation of pres-
sure and temperature at the GNSS station altitude based on the
nearest vertical levels. In some cases, the altitude of GNSS sta-
tions is below than the surface height of the ERAS reanalysis
data, attributable to the following factors: First, discrepancies
in data sources exist; the surface elevation in ERAS reanalysis
data is primarily derived from digital elevation model (DEM)
and meteorological station observations, which may exhibit
variations in resolution and accuracy compared to the actual
measurements obtained from GNSS stations. Second, there
are considerations regarding data updates and temporal lags:
GNSS measurement data are typically updated in real-time,
whereas ERAS reanalysis data are generated from historical
observations and model predictions, which may introduce
inherent temporal lags and variability. In order to remain
the integrity of input parameter precision and the number of
training samples is sufficient, we exclude some GNSS stations
whose on-site measured height is lower than the corresponding
ERAS surface elevation. The vertical interpolated procedures
of temperature are described below (Jade et al., 2008):
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where H/~' and H’AJrl are the heights at two pressure layers

correspondlng to the pressure level P’ "and P’Jrl
respectively. Similarly, T’ "and T’Jrl denote the tempera-

tures at two pressure 1ayers correspondmg to the pressure
level P’ 'and P’Jrl respectively. T’ is the interpolated tem-
perature at the grld point correspondlng to the height H of
the GNSS station.

Following the calculation of temperature at four grid
points corresponding to the GNSS station height, the tem-
perature values at the GNSS station positions are acquired
through the employment of the bilinear interpolation method
for horizontal interpolation (Zhang et al. 2023):

T=ij’:7‘;= w' Tt +whTs + wiTh + w, T, (11)
where

. \/Vi
wh = —for] =1,2,3,4 (12)

J w+w KW i tw,

with ng’: is the weighting coefficient for the grid points

wi = (Ru)” (3

cos y} = sin (p; sin @ + cos (pj COSs @ cOs <Ajl - A) (14)

where R is the mean radius of the Earth, pi is the angular
distance between the four grid points (/l’ @; ) and the position
of the GNSS station (A, ¢). Subsequently, T represents the
interpolated temperature at the point (A, @, H). These inter-
polation equations are also applicable for pressure (P) inter-
polation. Referring to the Equations from (7) to (14), we can
compute the weighted mean temperature at the GNSS sta-
tion's position and altitude.
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Retrieval of IWV from ZTD

In the context of LSSVM output parameter GNSS IWV,
this research opts for individual computations. In most
cases, the post-processing software's tropospheric wet part
product is unreliable. Consequently, this study exclusively
utilizes their ZTD product to derive IWV, employing the
following procedures (Saastamoinen 1972; Davis et al.,
1985; Yuan et al. 2022):

PA
1=2.66x10 3+cos(2¢,)—2.8x10~H, 15)

ZHD =12.2768

where P, is GNSS station pressure (in hPa) and ¢, and H, are
latitude (in rad) and orthometric height (in m) of the GNSS
station and ZWD can be obtained:

ZWD = ZTD — ZHD (16)
introducing the relationship between ZWD and IWV:
IWV = Q e« ZWD (17)

_ 10°
O o] (18)
where Q is the conversion factor and R, = 461.522Jkg™'K~!
(Kestin et al. 1984) is the specific gas constant for
water vapor. The parameters k,/ =22.1KhPa™' and
k; = 373900K>hPa" are atmospheric refractivity constants
(Bevis et al. 1994).

Retrieval of validation data: ERA5 IWV
and radiosonde IWV

The computational approach for ERAS IWV is outlined.
Employing both the ZTD ray tracing model and integral
methods, IWV values are computed for GNSS stations using
ERAS data. Initially, the ERAS5 dataset comprises hourly
geopotential height (in m), temperature (in K), and relative
humidity (in %) across 37 pressure levels. To provide a suc-
cinct overview of the procedures: The initial step involves
converting geopotential height to ellipsoid height based on
the WGS84 ellipsoid. Subsequently, meteorological inter-
polation work is conducted following Eqs from (7)—(14),
facilitating the acquisition of meteorological parameters
for GNSS stations. Next, the integration of ZTDs across all
layers, from the GNSS station height to the tropopause, is
performed. For each layer, the processing procedures are
meticulously delineated as follows (Jiang et al. 2023):

Hlop
ZID =107 [} NdH =10"° 3 N,AH, (19)

station H
station

N=k1(P;TE>+k2<§>+k3<%> (20)

where k,= (77.604 +0.014) KhPa™", k,= (64.79 +0.08)
KhPa™" and k;= (377,600 +400)K*hPa”". N, H,,,, and
H,,..i.n denote the atmospheric refraction, height of the top
level, and height of the GNSS station, respectively. To intro-

duce the partial water vapor pressure E (in hPa):

22.46+(T—273.15)

E =0.06112 ¢« RH o ¢ 2624727315 21)

with RH (in %) and T (in K) denote the relative humidity and
temperature, respectively. After calculating ERAS ZTD with
Egs. (19)-(21), the estimation of ERAS5 IWV is conducted
following the equations from Eqs. (15)-(18).

Next, the method for calculating IWV based on Radiosonde
data is presented. Similar to ERAS layer data, Radiosonde data
is also provided in profiles, typically containing temperature
(in °C), dew point temperature (in °C), pressure (in Pa), geo-
potential height (in m), wind direction (in degrees from north),
and wind speed (in m/s) for each profile. Figure 3 depicts the
pressure and temperature profiles at Station BEM00006458 for
day of year (DOY) 252, 2022, serving as an illustrative exam-
ple. The graph effectively showcases the temperature fluctua-
tions across various pressure levels. The bold red line repre-
sents the vertical temperature profile, while the bold green line
denotes the vertical dew point temperature. The vertical axis
indicates air pressure in hPa, with horizontal lines on the graph
representing lines of constant pressure.

The integral method is employed to compute Radiosonde
IWV across the observational region. The radiosonde profiles
are quality-controlled by removing empty values. If the result-
ing cleaned radiosonde profiles contain fewer than 5 layers,
the data for that epoch is discarded. The calculation of Radio-
sonde IWV from the radiosonde profiles is outlined as follows
(Namaoui et al. 2021):

Hmp <
IWV = /H pydh =Y, pyiriAh; (22)
: i=1

where p,, is the water vapor density and n denotes the num-
ber of layers. p,;, r; and Ah; refer to the dry air density, the
mixing ratio, and the altitude height difference of each layer.
For each layer, the parameters are expressed as:

Py =22 r=0622% (23)
with the molar mass od dry air M, = 0.0289644kgmol™" and
the universal gas constant for air R = 8.31432Jmol™' K.
T is the temperature (in K) and P is the pressure (in Pa). In
addition, the partial water vapor pressure e (in Pa) is intro-
duced based on the saturation vapor pressure e; (in Pa) as
follows:
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Fig.3 Radiosonde profiles for

station BEM00006458 at 00:00 100

BEM00006458_2022_252_0
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e = %EY (24) self-assessment leave-one-out (LOO) method, utilizing

where RH is relative humidity (in %) and e, are calculated

by the temperature T (in °C) and the dew point temperature
T4 (in °C):

e, = 6.1094 « o755 (25)

( 17.625:Ty )

o\ Tq728308
(Z=T

e\ T+243.04

RH =100

(26)

Accuracy evaluation

The evaluation of the model's accuracy is then presented.
Owing to the model training based on cross-validation,
the evaluation of model performance is conducted through

Fig.4 The flowchart of Leave-

GNSS IWYV at every time epoch. The LOO cross-validation,

also known as n-fold cross-validation, where n represents the
number of samples. This methodology involves conducting
n iterations to evaluate the predictive performance of the
model at each GNSS station. In each iteration, one station
is reserved as the test dataset, while the remaining n-1 sam-
ples serve as training data, which is showed in Fig. 4. This

approach offers the advantage of maximizing the utilization
of training samples in each iteration, while also providing
deterministic predictions, ensuring consistent outcomes
across iterations.

Subsequent validation involves testing the IWV estima-
tion model against external sources, such as radiosonde
IWYV, to demonstrate its reliability and high accuracy. The
validation IWV is computed from radiosonde data, serv-
ing as the reference value due to its high precision derived
from superior sensor quality and calibration capabilities. Our
proposed LSSVM model is then applied to the positions of

one-out cross validation and E,, |
is RMSE at the n-th iteration

Historical Dataset (Size = n) |

Trainin? Data

Test Data

[
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Fig.5 The flowchart of the
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these radiosonde stations, with the predictive IWV compared
against actual radiosonde IWV to establish the accuracy.
Furthermore, ERAS5 IWYV validation data is incorporated
for comparison with our model estimations, illustrating the
model's enhancements in IWV estimation compared to the
traditional method when the GNSS measurements or radio-
sonde stations are absent, particularly in large-scale regional
IWYV estimation capabilities. In this study, linear regression
is employed to validate various derived IWV datasets. Three
comparison groups are considered, involving the comparison
of predicted IWV with GNSS IWYV, predicted IWV with
ERAS IWYV, and predicted IWV with radiosonde IWV. The
following formulas are utilized for statistical analysis:

MBE = > (IWV,—IWv,)
N

RMSE = | 2= M0V). (28)

P (IWVI—W)(IWVZ—W)

@7)

R_

- \/27:1 (IWVI—W)Z P (1WVZ—W)2 29

let N represent the total number of IWV values, where
IWV andIWV , denote two derived IWV datasets, and IWV
IWV, represent their respective mean values. Subsequently,
our proposed model is evaluated by comparing the Mean
Bias Error (MBE), Root Mean Square Error (RMSE), and
Correlation (R) between the two derived IWV datasets.

The final methodology of the paper is summarized in the
flowchart depicted in Fig. 5.

Data description
GNSS data processing and IWV retrieval

The GNSS technique has emerged to a promising approach
for acquiring IWYV, offering high temporal resolution IWV
data across diverse weather conditions. Numerous studies
have evaluated IWV accuracy against various reference data-
sets worldwide, consistently demonstrating accuracy levels
typically below 3 mm (Prasad et al., 2009; Baba et al., 2022).
This study utilized one year of GNSS receiver measurements
from approximately 150 stations in Upper Rhine Graben
Region (January 2022 to December 2022). Leveraging NGL
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Table 1 GNSS observation postprocessing parameters

Parameter Value

GNSS Observation Period 2022 001-2022 365

GNSS Processing Software GipsyX-1.0
Trop Mapping Function VMF1
A Prior Tropospheric Delay Model VMF1/NWM grid

Horizontal Gradient Model Chen and Herring model

Processing Mode PPP
Tonosphere Effects None
Cut-off Angle 7°

300 s

JPL orbits/clocks/IONEX;
VMF1/NWM grid; Chalm-
ers/FES2004

Sample Interval
Other Inputs

products,’ the processing steps for GNSS data are outlined
in the Table 1: the GNSS receiver data underwent post-pro-
cessing using GipsyX-1.0 software to compute tropospheric
delays by using Ionospheric delay free data. Parameters
configured during GipsyX-1.0 utilization included: Vienna
Mapping Function 1 (VMF1) for mapping function, gra-
dient model following Chen and Herring (Chen and Her-
ring, 1997), cutoff angle set at 7°, GNSS constellation lim-
ited to GPS, and Precise Point Positioning (PPP) technique
employed. The tropospheric delay comprises hydrostatic
(dry) and non-hydrostatic (wet) delay components. The
VMF1 dry grid model are used to estimate the hydrostatic
delay, subsequently subtracted from the tropospheric delay
to yield the wet delay. Finally, ZWD was converted into IWV
with introducing the weighted mean temperature. In this
research, ZTD Product from NGL are utilized.

Validation data: ERA5 data and radiosonde data

The European Centre for Medium-Range Weather Forecasts
(ECMWF)? is dedicated to providing accurate and timely

weather forecasts, climate monitoring, and environmental
research. Through its sophisticated modeling systems and
vast array of observational data, ECMWF delivers valuable
insights into global weather patterns and climate dynamics.
This research utilizes the ERAS dataset for validation, which
offers comprehensive atmospheric reanalysis data at high
spatial and temporal resolutions. The ERAS dataset spans
from 1979 to present and provides detailed information on
various meteorological parameters, including geopotential,
relative humidity, and temperature, among others. The data-
set is available with a grid resolution of 0.25° in both latitude
and longitude, ensuring fine-scale representation of atmos-
pheric conditions. Specifically, our study utilizes ERAS 37
pressure levels data, covering the longitude range of 4—12°E
and the latitude range of 45-51°N. The data encompasses
the entirety of the year 2022, with a temporal resolution of
6 h. This comprehensive dataset from ECMWF serves as a
crucial resource for the research, facilitating the validation
and analysis of proposed IWV estimation model within the
specified region and time frame.

In this research, we intend to utilize data sourced from
radiosonde, accessed from the Integrated Global Radiosonde
Archive (IGRA)? for the entirety of the year 2022 (Durre
et al. 2016). We selected 9 radiosonde stations within the
research domain, where radiosonde balloons were launched
twice daily from each station. This study shows the basic
information of these stations in Table 2 and Fig. 6. To ensure
the reliability and integrity of the dataset, rigorous quality
control measures were applied to the radiosonde data. This
included scrutiny of data validity and the completeness of
stratified data layers. By systematically eliminating unsatis-
factory data points, this study processed the remaining radio-
sonde balloon data to derive the corresponding IWV values.
The specific methodology employed for IWV calculation is
comprehensively detailed in the methodology section. These
meticulously processed radiosonde data constitute a vital

Table 2 The basic information

: . Station Name Latitude: (°) Longitude: (°) Altitude: (m) Region

of selected radiosonde stations

for validation: the position, the GMMO00010739 48.8333 9.2000 314.0 STUTTGART

altitude, and the launched city BEMO00006458 50.7456 47633 112.8 BEAUVECHAIN
GMMO00010548 50.5617 10.3772 450.0 MEININGEN
GMMO00010618 49.6928 7.3264 376.0 IDAR-OBERSTEIN
GMMO00010771 49.4283 11.9022 417.0 KUEMMERSBRUCK
GMMO00010868 48.2442 11.5525 484.0 OBERSCHLEISSHEIM
GMMO00010954 47.8342 10.8667 756.0 ALTENSTADT
GMMO00010962 47.8019 11.0119 977.0 HOHENPEISSENBERG
SZMO00006610 46.8117 6.9425 490.0 PAYERNE

! CONTACT: Geoffrey Blewitt; gblewitt@unr.edu; http://geodesy.
unr.edu

2 Data can be downloaded from https://www.ecmwf.int/
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Fig.6 The distribution map 51°N

includes 9 radiosonde stations
used for validation

49°N

Latitude

47°N

benchmark for evaluating the accuracy and efficacy of our
novel modeling approach.

Test case

The Upper Rhine Graben Region holds significant impor-
tance in atmospheric research due to its unique topographical
and meteorological characteristics. Several notable research
papers have focused on this region, shedding light on its
climatic characteristics and atmospheric dynamics. For
instance, Timar-Geng et al. (2006) conducted a comprehen-
sive analysis of temperature trends in the region, highlight-
ing the region's susceptibility to heatwaves and temperature
extremes. Additionally, Thierion et al. (2012) explored the
water balance and precipitation patterns in this area, reveal-
ing significant alterations in rainfall distribution. The Upper
Rhine Graben Region, situated in Central Europe, provides
a diverse landscape comprising plains, mountains, and low-
lying areas. This geographical diversity contributes to the
region's dynamic weather patterns, which are influenced by
its proximity to major water bodies such as the Rhine River
and the Alps. DEM* of this region is showed in Fig. 7. As
a result, this region serves as a focal point for numerous
research endeavors aimed at understanding weather dynam-
ics, climate variability, and hydrological processes.

4 Data can be downloaded from https:/www.usgs.gov/

6°E

8°E

Longitude
Y Radiosonde Station ]

10°E 12°E

Research conducted within this region is necessary for
several reasons. The area has diverse geographical features,
as illustrated in Fig. 7, ranging from plains to mountains,
with altitudes exceeding 4,000 m. In addition, its temperate
climate showcases distinct seasonal variations. According
to data from the German Weather Service (DWD),> sum-
mers are typically warm, with average temperatures ranging
from 17 to 25 °C, while winters are cold, often accompanied
by snowfall, especially at higher elevations, with average
temperatures from —1 to 5 °C. Water vapor is the important
factor in shaping the atmospheric conditions of the Upper
Rhine Graben Region. Accurate estimation models of IWV
are therefore advantageous for studying weather and precipi-
tation patterns within this area.

Results and analysis

In this section, we provide a detailed compilation and discus-
sion of the comprehensive findings derived from our analy-
sis. Initially, we present the accuracy assessment results of
the LSSVM prediction model through leave-one-out (LOO)
cross validation and validation against ERAS IWV data. The
comparative analysis is conducted across various epochs,
highlighting the model's performance across different station

5 Data can be downloaded from https://werdis.dwd.de/
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Fig.7 DEM of the Upper Rhine
Graben region, spanning geo-
graphical latitudes from 45°N to
51°N and longitudes from 4°E
to 12°E

series. Subsequently, we validate our LSSVM model against
radiosonde IWV data and present the results for each station
in the form of time series plots. This rigorous validation
process offers insights into the model's performance and
robustness across different temporal and spatial scales. Fur-
thermore, we delve into the inner parameters of the LSSVM
model, exploring the relationship between parameter selec-
tion and model performance. By elucidating the impact of
parameter choices on model performance, we provide valua-
ble insights for refining the model and optimizing its predic-
tive capabilities. Last, we utilize our proposed methodology
to generate regional maps depicting short-term or long-term
variations in IWYV, offering a comprehensive visualization of
IWYV distribution across the study area. This final step serves
to synthesize our findings and provide a holistic understand-
ing of IWV patterns and variability within the region of
interest.

Assessment of the LSSVM prediction model

In this research, the machine learning method is employed
to predict IWV using the LSSVM algorithm. In our case,

@ Springer
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the input parameters considered include latitude, longitude,
altitude, and the weighted mean temperature, all are easily
accessible. Meanwhile, maintaining high precision in the
input data is crucial for optimal model performance. Since
latitude, longitude, and altitude are provided directly, the
accuracy of the weighted mean temperature significantly
influences model performance for several reasons. First, the
robustness of the model depends on the accuracy of the input
data. The model is designed to learn the mapping patterns
between input parameters and the output parameter, and any
imprecise input can mislead the regression process. Second,
the weighted mean temperature is vital for converting ZWD
to IWV. Any inaccuracies in the weighted mean temperature
can propagate through the model, ultimately impacting the
accuracy of IWV estimates. Therefore, ensuring the preci-
sion of the weighted mean temperature is essential for the
model to perform reliably and to mitigate potential errors
arising from imprecise temperature data during training. The
GNSS IWV serves as the output for our model, enabling its
implementation across various locations worldwide where
GNSS stations are available. Given the global distribution of
GNSS stations, the potential for designing regional LSSVM
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prediction models across different geographical regions is
highlighted. This wide coverage allows for the development
of our predictive model suited to specific localities, thereby
enhancing the model's versatility and applicability across
diverse geographic contexts. The subsequent content pro-
vides an in-depth analysis of the performance of our pro-
posed model.

Given the seasonal dependency of water vapor activity,
the model performance is evaluated based on summer and
winter. As depicted in Fig. 8, winter displays three days
representing water vapor inactivity, while summer exhib-
its three days active of water vapor activity. All datasets
undergo cross-validation procedures to ensure robustness
and reliability in analysis. The prediction results from the
proposed model are presented, with Fig. 8 illustrating the
model's estimation (Predicted IWV) compared to GNSS
IWV (Reference IWV). This comparative analysis provides
valuable insights into the effectiveness and accuracy of the
predictive model across varying atmospheric conditions. In
this figure, the horizontal axis represents the GNSS station

number, while the vertical axis denotes IWV with the unit of
millimeters (mm). The green line is the predicted IWV from
our proposed estimation model and the black line is GNSS
IWYV as reference values. The prediction results for differ-
ent days of the year (DOY) reveal variability in the number
of stations due to some GNSS stations lacking troposphere
products, including ZTD, on specific days. Consequently,
the size of the training model dataset is contingent upon the
availability of GNSS products across different epochs.

It is observed that the active IWV exhibits an average varia-
tion of approximately 25 mm, whereas the inactive IWV varies
by approximately 12 mm on average. This discrepancy indi-
cates distinct water vapor variation trends between active and
inactive periods, leading to different performances of the pre-
diction model across the two periods. Nevertheless, whether
depicting active or inactive periods, the predicted IWV closely
aligns with reference IWV, accurately reflecting IWV varia-
tion. However, some stations exhibit relatively large differ-
ences which are considered as outliers in our research. Con-
sequently, we introduced a statistical analysis as a validation

Fig.8 The comparison between LA
Predicted IWV and Reference E
IWYV is conducted at specific ; 104
epochs: 06:00 h on Day 1, =z
Day 52, and Day 120 of the ~ 0 : - : r : -
year, representing winter 0 i > 100 128 130 17
without significant water vapor T 201 DOY: 52
activity (inactive period) with £
IWYV range from O to 20 mm. ; 10 —WWWWWWV\J\MAW\/W\N\J\
Conversely, at specific epochs: =
06:00 h on Days. 208, 246, and 0 5 e na 100 . o0 5s
256, corresponding to summer
with significant water vapor T o4 LDOY120
activity (active period) with £
IWYV range from 5 to 45 mm ; 10
2
0 - ‘ ‘ - : -
0 25 75 100 125 150 175
E 40 4 | DOY: 208
£ 30
> WWWMW.WMMWA
2 10
0 25 ' 75 100 125 150 175
T 40 DOY: 246
£ 30
S W"VWWVWM‘VWWMWMW
2 10
0 2’5 7‘5 160 155 léO 1%5
T 401 DOY: 256
£ 30
A e Pt e VAT N
2 10

—— Reference IWV
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Station Index
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step to address these outliers and ensure the reliability of our
predictions. In order to identify and analyze outliers within
our dataset, we employed the 3-sigma rule, a widely utilized
statistical method for outlier detection. This approach is based
on the principle that data points lying beyond three standard
deviations from the mean are considered as outliers. Mathe-
matically, outliers can be detected using the following formula:

UpperLimit = y + 3oandLowerLimit = y — 3o 30)

where [ is the mean value of dataset and o denotes the stand-
ard deviation of dataset, Then, data points falling outside
these upper and lower limits are flagged as outliers. Sub-
sequently, the values of these outliers are visualized using
box plots in Fig. 9, providing a comprehensive overview of

of outliers (N,,;,,) relative to the total number of samples
(N,;) according to Eq. (31). A higher VR value indicates
greater model applicability and a lower proportion of outliers.
However, the proportion of outlier stations remains below
5% of the total sample data, indicating that the predictive
model generally maintains superior predictive capability
across different time periods. Table 3 provides a summary
of the accuracy of predictive model, including R, MBE,
RMSE, and Valid Rate. It is noteworthy that even within
the active period, certain days can exhibit relatively low and
stable water vapor conditions. For example, on DOY 208,

Table 3 The accuracy of our prediction model on selected 6 epochs

their distribution within the dataset. We conducted a com- Period DOY R MBE (inmm) RMSE (inmm) VR (%)
pargtllve ag-alyiils by cmzplllmng thle I;l;]f\f]erfellllce bztl\;veen ;he Inactive 1 096 —0.05 076 976
;no e .pre 6cteﬁIWd' V and t ela;tuah ,df) Qwe 31,(;]2 ier 5 095 —0.04 0.81 979
etectlﬁi. ur n 1ngs revea. t' att.e pre 1ct1(;/e mq c 'oes 120 093 -007 0.96 97.0
ilot exdl 1t 1?0n31sten:) overfiistlm;tl(;lnl.or .un ;:r;stll;nau;)n. Active 208 095 0.03 081 982
nste'a , out 1'6;15 are observe ! on thd}r.mtsl(; the boxp ;)lt, 246 084 —0.05 1.56 976
con'smtent with our expectations. 1t19na y, we use the 256 096 —0.08 126 98.0
Valid Rate (VR) to evaluate the proportion of the number
Fig. 9 The boxplots of IWV dif- DOY: 1
ference between predicted IWV
and reference IWV 11 o o +—{ 11— ®
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Fig. 10 The VR values for the entire year of 2022 are depicted in blue
dots, representing individual data points. The black line is a fitted and
smoothed line, which clearly illustrates the overall trend. The grey

RMSE

o

200
DOY of 2022
—— Smoothed Line

Low Value Regian: July \

shaded area highlights the month of July, indicating a period of low
valid rate throughout the year

DOY of 2022

Inactive Period: Jan, Feb, Mar, Apr, Nov, Dec
I Active Period: May, Jun, Jul, Aug, Sep, Oct

Fig. 11 The RMSE:s for the entire year of 2022 are depicted in blue line. The grey shaded area highlights the water vapor activity inactive month
with low RMSEs and the red shaded area represents the water vapor activity active month with high RMSEs

as illustrated in Table 3 and Fig. 8, the average IWV value
is approximately 20 mm, which aligns with the scales typi-
cally observed during the inactive period. To further support
this observation, we analyzed the rainfall data for DOY 208
from a daily gridded observational dataset for precipitation,
temperature and sea level pressure in Europe (E-OBS)® and
found that the majority of the region recorded 0 mm of pre-
cipitation. This suggests that the overall water vapor activity
on that day was low. The relative stability of the water vapor
conditions enabled the model to effectively learn the mapping
patterns from input data to output data, resulting in superior
performance on this day compared to other epochs within the
active period. Overall, all correlation coefficients in Table 3
exceed 0.80, indicating consistent trend patterns. Notably, the
MBE:s are nearly zero, while the RMSEs vary across different
periods. For instance, during inactive periods, the RMSEs
are smaller than 1 mm, whereas during active periods, the
RMSESs range up to 1.5 mm. Moreover, the valid rate values
consistently remain high, exceeding 95%.

ValidRate(VR) = NN * 100%

all

€29

Additionally, we present the VR and RMSE of the
LSSVM model for each experimental epoch throughout
the year. In Fig. 10, the blue dots represent the model's VR
at each epoch, and the black solid line is the fitted trend

% Data can be downloaded from https:/cds.climate.copernicus.eu/
cdsapp#!/dataset/insitu-gridded-observations-europe ?tab=overview

line. It is evident that the VRs throughout the year are con-
sistently above 80%, with an average effectiveness rate of
94.4%, demonstrating the model's robustness. A comparison
across different times highlights July 2022, marked by the
gray area in the figure, where the VR is consistently lower
than in other months. Due to heavy rains in July, the region
experienced frequent and complex water vapor activities.
Consequently, at certain special stations, the water vapor
content reached its maximum value, leading to differences
when estimating these stations using data from others. Then,
the number of outliers increased. Nonetheless, the overall
performance and applicability of the model remain strong,
as demonstrated in Fig. 11. The red area represents the water
vapor active period from May to October (late spring, sum-
mer, and early autumn), during which the RMSE values
are higher compared to the grey area, which represents the
water vapor inactive period (late autumn, winter, and early
spring). The average RMSE throughout the year stands at
0.95mm and show this predictive model keep the state-of-
the-art level.

Notably, the prediction model maintains its performance
even during heavy rainfall events. For instance, on day 201
of 2022, the precipitation data from E-OBS indicates that
heavy rainfall occurred in the area. The precipitation data,
shown in Fig. 12, demonstrate a multi-center rainfall pattern.
Despite these challenging conditions, the prediction results
for the GNSS stations within the affected area remained
accurate, and there are no outlier stations within the rainfall
area. The four outlier stations in the model are presented
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in Fig. 12 and Table 4. They reveal that these stations are
located at the boundaries of the input training data, including
the longitude and altitude, resulting in larger prediction devi-
ations for these stations. This issue arises from the sparse
training data at the boundaries. Increasing the amount of
training data to achieve a more uniform distribution across
the entire range would enhance the model's performance
and reduce prediction errors at the edges. However, this evi-
dence still supports the conclusion that the model can sus-
tain its reliability and accuracy even under extreme weather
conditions.

Assessment of the LSSVM prediction model
with ERAS5 data

This study used ERAS analysis products to compute ERAS
IWYV values at each GNSS station location and altitude. Sub-
sequently, the ERAS IWYV dataset is compared with both the
predicted IWV from our proposed model and GNSS IWV
data. This comparative analysis highlights the superiority
of our results of predictive model. Specifically, compared

Fig. 12 The predictive results
on day 201 of 2022 revealed 4
stations as outliers, with their
details presented in Table 4.
Additionally, the precipitation
conditions for this day are also
provided

51°N

~Latitude 5
z

~
o
=2

to ERAS IWYV, the IWV generated by our predictive model
demonstrates closer proximity to reference GNSS IWV. The
corresponding results are depicted in Fig. 13, where the blue
line represents ERAS IWYV, the red line represents the model
predicted IWYV, and the black line represents reference IWV
data derived from GNSS observations. In both active and
inactive periods, the accuracy of ERAS IWV is lower than
that of the predictive model proposed in this study. The
RMSEs are calculated between ERAS IWV and reference
IWV (RMSE_ERA5_REAL), as well as between predicted
IWYV and reference IWV (RMSE_PREDICTION_REAL)
at each epoch. These results are illustrated in Figs. 14 and
15. The average RMSE_ERAS_REAL is 2.41mm, while the
average RMSE_PREDICTION_REAL is 0.95 mm. This
indicates a considerable improvement and demonstrate that
the predictive model generally exhibits a superior estimation
process compared to the ERAS interpolation method. The
proposed predictive model achieves a 61% improvement in
RMSE compared to the traditional ERAS calculation model.

Especially during the period from DOY 160 to DOY 250
(July, August, and September), as illustrated in Fig. 14, the
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Table 4 The 4 outlier stations

¢ GNSS ID Longitude (in °) Latitude (in °) Altitude (in m) Mean Tempera- IWYV Differ-
on day 20 1, o 202.2’ wv ture (in k) ence in (mm)
difference is the difference
between the Predicted IWV and  AVEN 4.60 46.19 740.8 283.1 5.94
Reference IWV MABZ 10.55 46.68 1092 281.8 5.68

RONC 10.66 45.98 885.4 281.5 4.24

SEEF 11.18 47.32 1245 283 431
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Fig. 13 The series of ERAS
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accuracy of ERAS in estimating IWV is noticeably lower
compared to the proposed model. This difference can be
attributed to several factors. A key reason is the increased
atmospheric variability during the summer months, which
introduces significant complexity to the atmospheric sys-
tem. This period is characterized by highly dynamic weather
patterns, including frequent convective processes and local-
ized precipitation events, which ERAS often struggles to
model accurately. Convective storms and rapid fluctuations

in atmospheric moisture can result in substantial discrepan-
cies between ERAS reanalysis estimates and actual IWV
values (Parracho et al. 2018). Furthermore, the observational
data used in ERAS reanalysis, such as satellite and ground-
based weather station data, may suffer from limitations in
spatial and temporal resolution, exacerbating its inaccuracy
under such rapidly changing conditions. In contrast, the pro-
posed LSSVM model shows marked improvement in per-
formance, particularly during the summer months, due to

IS

RMSE (mm)
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200 250 300 350

DOY of 2022

—— RMSE_ERA5 REAL

—— RMSE_PREDICTION_ REAL |

Fig. 14 The comparison of two RMSEs: the black line is the RMSE between ERAS5 IWV and real reference IWYV, the green line is the RMSE

between predicted IWV and real reference IWV
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Fig. 15 The percentage of improvement between two kinds of RMSE: the RMSE between ERAS5 IWV and real reference IWV, the RMSE

between predicted IWV and real reference IWV

its ability to effectively capture the nonlinear and complex
relationships present in the data. One of the major strengths
of the LSSVM model lies in its use of high-precision GNSS
IWYV data, which provides a much finer temporal resolution
than ERAS. By integrating real-time GNSS IWV measure-
ments into the training dataset, the LSSVM model is bet-
ter equipped to learn and adapt to the dynamic atmospheric
conditions typical of summer, leading to more accurate IWV
estimates compared to ERAS.

Overall, the adaptability of the LSSVM model enables
it to more accurately estimate IWV even under challeng-
ing conditions such as high moisture variability, convective
activity, and localized precipitation. This advantage becomes
particularly evident during the summer when the atmosphere
is more unstable, and the limitations of ERAS are most pro-
nounced. The LSSVM model's capability to adapt to these
conditions allows for a more precise representation of the
atmospheric moisture content, significantly reducing the dis-
crepancies between predicted and actual IWV values during
this period of high variability.

Assessment of the LSSVM prediction model
with radiosonde data

This study computed radiosonde IWV as a reference and
calculated the predicted IWV at the positions and altitudes
of the radiosonde. Figure 16 present the results of their com-
parison, where the red line represents the predictions of pro-
posed model and the black line represents the radiosonde
IWV. The results for a total of 9 stations are showcased.
All cases demonstrate highly similar correlations exceed-
ing 0.95, except for one case nearing 0.90. Table 5 presents
the RMSE and correlation of each radiosonde station and
the mean RMSE is 2.49 mm. This underscores the predic-
tive capability of the model proposed in this study. As illus-
trated in Fig. 16, station GMMO00010962 exhibits a positive
deviation, primarily due to its significantly limited number
of data samples compared to other radiosonde stations. This
limitation arises from stringent quality control and preproc-
essing measures that resulted in the exclusion of data points
with incomplete meteorological information or fewer than

@ Springer

five pressure layers. Consequently, station GMMO00010962
yielded only 117 valid data records throughout Year 2022,
while other stations typically maintained around 700
records. This restricted dataset leads to a sparse and frag-
mented time series plot for this station, for instance, only
18 data records were available between DOY 150 and DOY
250, and the connection of scatter points across the time
scale visually exaggerates the apparent deviations. Addition-
ally, the radiosonde data from this station generally exhibited
poor quality, characterized by a limited number of pressure
layers, most often only seven or eight, resulting in an under-
estimation of the IWV. Nonetheless, the overall trend from
station GMMO00010962 is consistent with the model outputs,
thereby supporting the model's validity. The observed posi-
tive deviation can be primarily attributed to the sparse data-
set and the inferior quality of radiosonde measurements at
this specific station. Moreover, the radiosonde data serves as
an external reference, providing high-quality observed IWV
that has not been used in the training of the predictive model.
This independent dataset helps confirm the performance and
reliability of the model.

Sensitivity analysis of LSSVM model
to the regularization parameter C

The C is the regularization parameter and plays a key role
in modulating the complexity of the model, where higher
values of C lead to increased model complexity potentially
culminating in overfitting, whereas lower values of C pro-
mote model simplicity, albeit at the risk of underfitting.
Additionally, the influence of C on model performance
is contingent upon the quantity of training samples. Gen-
erally, as the sample size expands, smaller values of C
tend to be more appropriate, while larger values of C may
exacerbate overfitting. In our investigation, we tailored
the value of C to different training datasets to ensure the
robustness of the corresponding LSSVM models. Here,
we present the number of training stations in Fig. 17 and
the optimal C values for various training models obtained
through our parameter optimizer, as depicted in Fig. 18.
Consequently, by contrasting experimental outcomes
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Fig. 16 The comparison
between predicted IWV and
radiosonde IWV and the text in
figure is the radiosonde ID

IWV (mm) IWV (mm) IWV (mm) IWV (mm) IWV (mm) IWV (mm) IWV (mm) IWV (mm)

IWV (mm)

40 ID: BEMQ0Q0O06458
30 A
20 4
10+
0 50 100 150 200 250 300 350
40
ID: GMM00010548
304
20 A
10 ~
0 . . . . ‘ . -
0 50 100 150 200 250 300 350
40
l ID: GMM00010618
30 4
20 A
10
0 T T T T T T 7
0 50 100 150 200 250 300 350
40 ID: GMM00010739
304
204
10 +
0 T T
0 50 100 150 200 250 300 350
40
ID: GMM00010771
304
20 A
10
0 T T T T T T T
0 50 100 150 200 250 300 350
40 ID: GMM00010868
30 A
20
10 +
0 T T T T T T T
0 50 100 150 200 250 300 350
40
ID: GMM00010954
301
204
10 A
0 T T T T T T T
0 50 100 150 200 250 300 350
40
ID: GMM00010962
304
204
104
0 T T T T T T T
0 50 100 150 200 250 300 350
40 ID: SZM00006610
30 A
207
10 +
0 T T T T T T T
0 50 100 150 200 250 300 350
DOY of 2022
—— Radiosonde WV —— Predicted IWV

obtained with non-optimal model (predefining constant C),  optimal parameter C can reduce the RMSE, underscoring
we illuminated the sensitivity of model estimation results its significance in enhancing IWV prediction accuracy.
to the selection of C. The adoption of an appropriate C

value holds the potential to substantially reduce RMSE in

Figs. 19 and 20. After comparison, it is evident that the
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Table 5 The RMSE and

. D=l . Radiosonde ID RMSE (in mm) R Radiosonde ID RMSE (in mm) R
correlation of validation with
radiosonde data BEM00006458 3.09 0.98 GMMO00010868 2.32 0.96
GMMO00010548 2.43 0.95 GMMO00010954 2.06 0.96
GMMO00010618 2.03 0.97 GMMO00010962 2.75 0.99
GMMO00010739 2.84 0.99 SZMO00006610 2.58 0.90
GMMO00010771 2.34 0.96 Mean 2.49 0.96

Performance of the LSSVM model during tornado
events and heavy rains

The performance of the proposed LSSVM model was eval-
uated under extreme weather conditions characterized by
significant atmospheric disturbances, specifically focus-
ing on tornado events and heavy rainfall within the Upper
Rhine Graben region. Tornadoes, known for their rapid and
extreme variations in water vapor content, present a critical
challenge for assessing the robustness and adaptability of
predictive models. We identified three tornado cases during

the study period and analyzed the model's capability to accu-
rately estimate IWV in the face of these rapid atmospheric
fluctuations. For each event, the LSSVM model's IWV
predictions were compared with ground truth data from
GNSS observations. Additionally, the model's performance
was examined during periods of heavy rainfall, which are
marked by sustained and intense precipitation, resulting
in sharp increases in atmospheric moisture content. Three
heavy rainfall events were selected for analysis to further
assess the model's ability to handle rapid water vapor varia-
tions. All cases are listed in Table 6.
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Fig. 17 The number of training stations in different training models
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Fig. 18 The optimal C values in different training models
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Fig. 19 The comparison of two RMSEs: the black line is the RMSE of model with optimal C values, the green line is the RMSE of model with

non-optimal C values
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Fig.20 The percentage of improvement between two kinds of RMSE: the RMSE of model with optimal C values, the RMSE of model with non-

optimal C values

Table 6 The validation cases

Event Type City Location DOY of 2022 Time

for three tornado events and

three heavy rains with event Tornado Bohmenkirch, Germany 48.68N,9.93 E 99 17:17 UTC

information sourced from the Tornado Landersheim, France 48.69N,7.50 E 125 14:00 UTC

European Severe Weather

Database (ESWD) Tornado Urexweiler, Germany 49.43N,7.08 E 322 13:45 UTC
Heavy Rain Primstal, Germany 49.53 N, 6.98 E 247 13:30 UTC
Heavy Rain Virton, Belgium 4956 N,5.52 E 258 16:54 UTC
Heavy Rain Chatel, France 46.27 N, 6.84 E 298 14:05 UTC

Data can be downloaded from https://eswd.eu/cgi-bin/eswd.cgi

In Fig. 21, we observe that across the three tornado cases,
the LSSVM estimation model demonstrated strong accuracy
compared to GNSS IWV values. The results show that the
model performed admirably, with RMSE values of 0.65 mm,
0.82 mm, and 0.71 mm, respectively, successfully capturing
the rapid variations in IWV associated with these phenom-
ena. The model effectively adapted to the localized impacts
of tornadoes, displaying minimal deviation from the actual
measurements. Similarly, during heavy rainfall events, the
model maintained a high level of accuracy, with RMSE
values of 1.24 mm, 1.67 mm, and 1.03 mm, highlighting

its consistency in predicting IWV levels under challenging
weather conditions. However, the accuracy of the LSSVM
model in heavy rain events is slightly lower than in torna-
does, likely due to the sharp increase in water vapor during
rainfall, while tornadoes typically result in rapid decreases
in atmospheric moisture. Nevertheless, the model’s robust
performance in handling rapid water vapor variations across
both types of extreme weather demonstrates its significant
potential for broader application in various meteorological
contexts.

Fig.21 The validation results
cover six extreme weather
events in 2022: the red bars rep-
resent tornado cases, while the
blue bars correspond to heavy
rain events

RMSE (mm)
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IWV variation maps across the region

Following comprehensive validation and evaluation, the pro-
posed LSSVM predictive model was utilized in this study
to forecast IWV values across the entire study area. A key
strength of the model is its adaptability to varying terrains,
which significantly influences its overall performance. The
experimental region, the Upper Rhine Graben in Central
Europe, encompasses a geographically diverse landscape,
including plains, mountainous areas, and low-lying regions.
As detailed in Section "Case Study", the elevation within
this region spans from sea level to over 4000 m, offering a
complex and varied topographical environment for model
testing. Despite these challenges, the model consistently
demonstrated high accuracy across different seasons, fur-
ther underscoring its robustness in capturing IWV variabil-
ity in diverse terrains. Subsequently, these forecasts were
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visualized to generate comprehensive maps, showcasing the
model's efficacy for short-term climate analysis at hourly
intervals, as delineated in Fig. 22. Throughout this process,
the model utilized IWV data from various GNSS stations on
an hourly basis to generate predictive IWV distribution maps
based on a DEM. This systematic approach underscored the
model's effectiveness in short-term studies. Specifically, we
presented IWV maps for four distinct time intervals within
a single day, elucidating the intricate variations in IWV
across the region throughout the day. These findings show
the model's capability to accurately capture short-term IWV
trends within the region. Moreover, our model demonstrated
stability and effectiveness in the long-term monitoring of
water vapor variation, as illustrated in Fig. 23. In contrast to
short-term input data, long-term investigations can leverage
daily or monthly averaged IWV values for prediction. Here,
we present the map of daily averaged IWV for the region,
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Fig.22 The hourly IWV distribution maps across the region at hours 0, 6, 12, and 18 on Day of Year (DOY) 17 show the following uncertain-

ties: 0.58 mm, 0.65 mm, 0.62 mm, and 0.72 mm, respectively
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Fig.23 The daily IWV distribution maps across the region of Day of Year (DOY) 54, 127, 179 and 218 show the following uncertainties: 0.66

mm, 0.72 mm, 1.26 mm, and 1.36 mm, respectively

which can be beneficial in exploring annual variations in
water vapor content and climate changes within the region.

Conclusion

In conclusion, this study presents an improvement in IWV
estimation through introduction of a regional IWV pre-
dictive model based on Machine Learning. The proposed
model, an advanced LSSVM predictive model, autono-
mously determines optimal parameters, enhancing predic-
tive accuracy. Leveraging IWV data from diverse GNSS
stations, the model offers accurate IWV estimation at any
location within the region, addressing the spatial coverage
limitation associated with traditional methods. Remarkably,
the model achieves an overall average RMSE of 0.95 mm,
indicating its robust predictive capability. Furthermore, the

performance of model demonstrates adaptability across dif-
ferent seasons and terrains, highlighting its versatility in
diverse environmental conditions. By evaluating the reli-
ability of the conventional ERAS IWV calculation method
against the proposed model, a notable 61% improvement rate
is observed. These findings underscore the practical utility
of the developed model in environmental research for the
Upper Rhine Graben Region. Overall, this study contributes
to advancing IWV estimation techniques, offering a reliable
and accurate predictive model that can be applied effectively
in regions lacking IWV measurement infrastructure. Our
future work will focus on developing a real-time predictive
model by integrating real-time GNSS data with real-time
meteorological datasets. This approach aims to enhance the
timeliness and accuracy of IWV real time predictions.
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