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High-Resolution Integrated Water Vapor Estimation Using 
the Gaussian Mixed Long Short-Term Memory Network: 

A Satellite-Based Inter-Comparison and Data-Fusion 
Lingke Wang, Duo Wang, Joseph Awange and Hansjörg Kutterer 

Abstract— Water vapor, the most influential greenhouse gas, is 
central to Earth's climate system, affecting the hydrological cycle, 
energy balance, and atmospheric dynamics. Integrated Water 
Vapor (IWV) is a key variable for understanding these processes. 
However, conventional IWV retrieval methods—such as ground-
based sensors, satellite observations, and numerical weather 
models (NWM)—are often limited by spatial resolution, temporal 
continuity, and retrieval accuracy. To address these challenges, 
this study introduces a novel deep learning method GMLSTM-
HIM, a High-resolution IWV estimation Model (HIM) based on a 
Gaussian Mixture Long Short-Term Memory (GMLSTM) 
framework. By integrating Global Navigation Satellite System 
(GNSS) and NWM inputs, including weighted mean temperature, 
GMLSTM-HIM utilizes a bidirectional LSTM structure and 
probabilistic output sequences to improve IWV estimation 
accuracy while quantifying uncertainty arising from spatial 
heterogeneity. Compared to ERA5 and VMF3, the model achieves 
average RMSE reductions of 68.44% and 36.15%, respectively. 
The model’s performance is further evaluated through inter-
comparisons with MODIS and Fengyun satellite-derived IWV 
products, highlighting both the accuracy of GMLSTM-HIM and 
the complementary strengths of satellite observations. The results 
suggest that, of the satellite datasets examined in this case study, 
the MODIS 5 km product exhibits the highest consistency with the 
GMLSTM-HIM model estimates, outperforming the higher-
resolution MODIS 1 km and FY-3D 1 km products in terms of 
product reliability (measured by root mean square error and 
correlation). A data fusion strategy is also proposed, combining 
model and satellite estimates to preserve fine-scale details and 
enhance robustness. Overall, GMLSTM-HIM provides a robust 
framework for high-resolution IWV retrieval, with significant 
potential to advance atmospheric studies, climate surveillance, and 
operational weather forecasting within the remote sensing 
community.  

Index Terms— Integrated Water Vapor (IWV) estimation, 
Global Navigation Satellite System (GNSS), Gaussian Mixture 
Long Short-Term Memory (GMLSTM), Inter-comparison, Data 
Fusion, MODIS, Fengyun Series 

I. INTRODUCTION
ater vapor is the predominant greenhouse gas in 
Earth's atmosphere, playing a crucial role in shaping 

weather and driving climate change [1], [2]. Its variations 
influence key processes such as the hydrological cycle, global 
energy distribution, and biogeochemical dynamics. Therefore, 
studying water vapor is essential for understanding climate 
systems at both regional and global levels [3]. Integrated Water 
Vapor (IWV), also referred to as Precipitable Water Vapor 
(PWV), quantifies the total atmospheric water vapor content 
within a vertical column extending from the Earth's surface to 
the tropopause. As a fundamental parameter in climate 
research, IWV is essential for evaluating energy budgets, 
investigating hydrological cycles, and enhancing numerical 
weather prediction models [4], [5], [6]. 

IWV retrieval has traditionally relied on both ground-based 
and satellite-based techniques. Ground-based instruments—
such as radiosondes, Global Navigation Satellite System 
(GNSS), sun photometers, lunar photometers, star photometers, 
and microwave radiometers—are widely used [7], [8], [9], [10], 
[11]. While radiosondes provide accurate vertical profiles, their 
spatial and temporal limitations (typically twice-daily launches) 
and high operational costs hinder their suitability for continuous 
or large-scale monitoring [12], [13]. Consequently, they are 
inadequate for applications requiring high-resolution or real-
time IWV data. Satellite-based observations, including those 
from the Moderate-Resolution Imaging Spectroradiometer 
(MODIS) and Fengyun (FY) missions, retrieve IWV using 
radiance measurements in near-infrared (NIR) and infrared (IR) 
bands via onboard Medium Resolution Spectral Imager 
(MERSI) sensors [14], [15], [16], [17], [18]. These methods 
have improved through advancements in spatial resolution, 
radiometric sensitivity, and processing capabilities [4]. 
However, limitations remain: data are only available at satellite 
overpass times, and retrieval accuracy is reduced under cloudy 
conditions due to NIR/IR sensitivity [6]. Additionally, global 
coverage is incomplete, particularly in persistently cloudy or 
high-latitude regions, restricting their application in high-
precision or operational meteorology. 

In contrast to direct measurement techniques, numerical and 
statistical methods—such as those based on the European 
Centre for Medium-Range Weather Forecasts (ECMWF) offer 
an alternative method for large-scale IWV estimation. The fifth-
generation ECMWF reanalysis (ERA5), for instance, enables 
global gridded IWV retrieval by interpolating hourly pressure-
level meteorological variables and applying empirical retrieval 
models [19], [20], [21], [22]. While such approaches offer 
considerable spatial coverage and continuity, they face notable 
limitations in accurately resolving short-term or localized 
variations in IWV, particularly under conditions of rapid 
atmospheric change. This is primarily due to the coarse spatial 
resolution and the inherent smoothing effects of interpolation, 
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which reduce the model’s sensitivity to transient or extreme 
IWV events [23], [24]. In light of these limitations, it is 
necessary to develop a high-resolution IWV estimation model 
to substantially improve the accuracy, reliability, and 
applicability of IWV retrievals in large-scale atmospheric and 
climate research. 

Accurately modeling IWV is challenging due to the 
complexity of water vapor dynamics and atmospheric 
turbulence. Deep learning, a data-driven method utilizing deep 
neural networks, has shown strong potential with its nonlinear 
fitting and feature extraction capabilities [25], [26], [27]. 
Several models have been developed, such as the Tropospheric 
Delay Network, which combines Geostationary Operational 
Environmental Satellite-R (GOES-R) data with Global Forecast 
System (GFS) simulations to predict Zenith Wet Delay (ZWD) 
[28]. Although it outperforms traditional approaches, its 
accuracy often exceeds 10 mm, and GOES-R’s limited spatial 
coverage and sensitivity to weather reduce its generalizability. 
Other supervised methods, like Least Squares Support Vector 
Machine (LSSVM), use GNSS-derived IWV and auxiliary 
variables (e.g., latitude, altitude, temperature) for regional 
estimation [24], but their effectiveness depends on dense GNSS 
station coverage and lacks temporal modeling, limiting 
applicability in sparse or dynamic environments. 

In response to the inherent limitations of both direct 
integrated water vapor measurements and reanalysis-based 
retrieval methods, as well as the challenges associated with 
existing deep learning approaches, this study presents a novel 
framework for high-resolution regional IWV estimation. The 
proposed model is specifically designed to capture complex 
spatiotemporal dependencies in atmospheric water vapor, 
thereby enhancing retrieval accuracy and ensuring robustness 
against observational uncertainties, such as those induced by 
cloud contamination. This study builds upon the Gaussian 
Mixed Long Short-Term Memory (GMLSTM) architecture 
introduced by Reference [29], and extends it into a 
comprehensive framework tailored for high-resolution IWV 
estimation. The extended model, referred to hereafter as 
GMLSTM-HIM (Gaussian Mixed Long Short-Term Memory 
framework for High-resolution IWV estimation Model), 
integrates spatial and temporal correlations to establish an 
adaptive mapping between numerical weather model (NWM)-
interpolated ZWD and GNSS-derived ZWD. By incorporating 
weighted mean temperature (Tm) into the IWV retrieval process 
[30], the model is capable of generating accurate IWV estimates 
at arbitrary locations within the study domain. Unlike the 
original work by Reference [29], which focused primarily on 
Zenith Total Delay (ZTD) prediction under different weather 
scenarios, our study advances the model’s application to the 
direct estimation of IWV fields. From a methodological 
perspective, GMLSTM-HIM uses a bidirectional LSTM (Bi-
LSTM) structure to better capture the temporal dynamics of 
ZWD sequences [31]. In addition, a distinguishing feature of 
this model is its use of probability density distribution 
sequences—instead of deterministic numerical outputs—to 
characterize IWV predictions. This probabilistic formulation 
not only improves the model’s robustness to input noise but also 
allows for a more nuanced representation of rapid and transient 
variations in atmospheric water vapor. Consequently, the model 
effectively captures rapid and transient variations in 

atmospheric water vapor, highlighting its robustness and 
applicability in dynamic meteorological environments. A key 
innovation of the present work lies in the quantitative validation 
of the estimated IWV fields through systematic comparisons 
with satellite-based products, including MODIS and the FY 
series—an aspect not addressed in previous studies. These 
inter-comparisons not only verify the performance of the 
GMLSTM-HIM but also serve to evaluate the reliability and 
consistency of satellite IWV retrievals over the German region. 
Furthermore, this study introduces a data fusion strategy that 
combines satellite-derived IWV with model-based estimates 
from GMLSTM-HIM. This fusion framework, proposed for the 
first time, addresses the spatial discontinuities and temporal 
sparsity commonly found in satellite observations, while 
simultaneously preserving the fine-scale features provided by 
the deep learning model. The resulting fused IWV fields exhibit 
enhanced spatial and temporal continuity, thereby supporting 
broader applications in both operational weather forecasting 
and atmospheric research.  

Section II describes the background and proposed 
methodology. Section III presents the dataset employed in this 
study. The experimental results and validation are discussed in 
Section IV, followed by the concluding remarks in Section V. 

II. BACKGROUND AND METHODOLOGY 

A. Retrieval of IWV from Multiple Data Sources 
This section presents a comprehensive overview of prevalent 

techniques for IWV retrieval, encompassing both ground-based 
observation systems and NWM–based approaches. Ground-
based techniques include GNSS, with openly accessible data 
provided by the Nevada Geodetic Laboratory (NGL) 
(https://geodesy.unr.edu/), and radiosonde observations, 
available via the University of Wyoming's upper-air sounding 
archive (https://weather.uwyo.edu/ ). In parallel, NWM-based 
estimations—such as those derived from the ERA5 reanalysis 
product and the Vienna Mapping Functions 3 (VMF3)—offer 
modeled IWV data, with access provided by ECMWF at 
https://www.ecmwf.int and the VMF3 server at 
https://vmf.geo.tuwien.ac.at/, respectively. The relevant 
information is summarized in TABLE I. 

 
TABLE I 

A COMPARATIVE OVERVIEW OF DIFFERENT APPROACHES TO 
IWV CALCULATION 

 
GNSS satellites transmit L-band microwave signals that 

refract in the non-dispersive troposphere, causing an increased 
signal path length and resulting in slant tropospheric delay 
(STD) [32]. This delay is converted to ZTD via mapping 
functions. Since water vapor is the only atmospheric constituent 
with a permanent dipole moment, total refractivity (𝑁) is 

IWV Retrieval 
Methods 

Time 
Resolution 

Spatial 
Resolution 

GNSS IWV 30s Station-wise 
Radiosonde IWV Twice per day Station-wise 

ERA5 IWV 1 hour 0.25°x0.25° 
VMF3 IWV 6 hours 1°x1° 

https://geodesy.unr.edu/
https://weather.uwyo.edu/upperair/sounding.html
https://www.ecmwf.int/
https://vmf.geo.tuwien.ac.at/
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decomposed into hydrostatic (𝑁𝐻𝑦𝑑𝑟𝑜) and wet (𝑁𝑊𝑒𝑡) 
components [33], corresponding to Zenith Hydrostatic Delay 
(ZHD) and ZWD, respectively. The ZWD is obtained by 
subtracting ZHD from ZTD, with its accuracy depending on 
both components. Using precise orbit and clock data from 
International GNSS Service (IGS), GNSS Precise Point 
Positioning (GNSS-PPP) approach provides high-temporal-
resolution, accurate 𝑍𝑇𝐷𝐺𝑁𝑆𝑆 estimates, widely accepted in 
geodetic studies. These can be computed with software like 
Bernese or accessed from global GNSS tropospheric products 
(e.g., NGL). Since GNSS alone cannot separate ZTD into wet 
and hydrostatic parts, the stable ZHD is typically modeled (e.g., 
via VMF3), yielding 𝑍𝐻𝐷𝑉𝑀𝐹3, which allows derivation of 
𝑍𝑊𝐷𝐺𝑁𝑆𝑆: 

𝑍𝑊𝐷!"## =	𝑍𝑇𝐷!"## − 𝑍𝐻𝐷$%&' (1) 

introducing the relationship between 𝑍𝑊𝐷𝐺𝑁𝑆𝑆 and GNSS IWV 
(IWV𝐺𝑁𝑆𝑆): 

𝐼𝑊𝑉!"## = 𝑄 ∙ 𝑍𝑊𝐷!"## (2) 

𝑄 =	
10(

𝑅) ∙ 4𝑘*+ +
𝑘'
𝑇,
7

(3)
 

where Q is the conversion factor and the parameter Rv=461.522 
J∙kg1K-1 is the specific gas constant for water vapor [34]. The 
parameters k2'=22.1 K/hPa and k3=373900 K2/hPa are 
atmospheric refractivity constants [17]. In (3), Tm is the 
weighted mean temperature and represents the pressure-
weighted average atmospheric temperature that links ZWD to 
IWV. Since IWV is inversely proportional to Tm, using ERA5-
derived Tm improves the accuracy of IWV retrieval by better 
capturing its spatial and temporal variability. Then, the 
methodology of obtaining Tm is outlined as follows [35]: 

𝑇, =
∑ 𝑒-

𝑇-
∆𝐻-

.!"#

.$

∑ 𝑒-
𝑇-*

∆𝐻-
.!"#
.$

(4) 

here, e and T represent the water vapor pressure (in hPa) and 
temperature (in K), respectively, extending vertically from the 
altitude of the GNSS station (Hs) to the upper boundary of the 
troposphere (Htop). The Tm (in K) can subsequently be derived 
using the ERA5 pressure-level dataset, which provides high-
resolution data on an hourly basis with a spatial grid of 0.25° × 
0.25° and covers 37 vertical pressure levels. 

Radiosonde-derived IWV (IWVR𝑆), as a reliable geodetic 
reference, is widely utilized to validate IWV estimates from 
other methods. Radiosonde observations provide vertical 
profiles of atmospheric parameters, typically including 
temperature (in °C), dew point temperature (in °C), pressure (in 
Pa), geopotential height (in m), wind direction (in degrees from 
north), and wind speed (in m/s). To compute IWVR𝑆, the 
integral method is applied over the vertical extent of the 
observational domain. In this research, quality control is 
performed on the radiosonde profiles by removing incomplete 
or missing values. If the cleaned profiles contain fewer than five 
valid layers, the corresponding data for that epoch are excluded 
from further analysis. The basic calculation principle of IWVR𝑆 
is outlined by Reference [36]: 

𝐼𝑊𝑉/# = = 𝜌0𝑑ℎ =A𝜌1,3𝑟3∆ℎ3
4

356

.!"#

.%"&
(5) 

here, 𝜌0 represents the water vapor density, 𝐻780  denotes the 
altitude of the radiosonde station, and 𝐻98:  corresponds to the 
altitude of the highest point reached by the radiosonde. The 
variable n indicates the number of atmospheric layers in the 
profile. Additionally, 𝜌1,3, 𝑟3and ∆ℎ3 denote the dry air density, 
the water vapor mixing ratio, and the altitude difference for 
each layer, respectively. The detailed calculation methodology 
can be found in Reference [36]. 

NWM like ERA5 and VMF3 provide large-scale IWV 
estimates with lower temporal resolution—1 hour for ERA5 
and 6 hours for VMF3. ERA5, known for assimilating global 
observations using physical laws, offers high-quality hourly 
reconstructions of atmospheric variables on a 0.25° global grid, 
covering from the surface to the tropopause in 37 pressure-
based layers. By assuming uniformity within each atmospheric 
layer as represented in ERA5, the ZWD (ZWDERA5) and IWV 
(IWVERA5) can be integrated as follows: 

𝑍𝑊𝐷;/<=

= 10>(A
1
2
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where 𝑖@ is the initial layer which corresponds to the height of 
GNSS station. 𝑇3 are the pressure and temperature at i-th layer 
pressure level obtained from ERA5 directly. 𝑒3  is the water 
vapor pressure at i-th layer pressure level,  𝑞3and 𝑔3 represent 
the mean specific humidity (kg ∙ kg−1) and the mean local 
gravitational acceleration (m∙s−2) at the i-th atmospheric layer, 
respectively. ∆𝑃3 	denotes the pressure difference (Pa) between 
the (i+1)-th and the i-th layers. The parameters k2=77.4 K/hPa 
is an atmospheric refractivity constant. To ensure consistency 
between ERA5 and GNSS, height alignment is initially 
performed. In this study, ZWDERA5 and IWVERA5 are computed 
relative to the height of the GNSS station. If the GNSS station's 
elevation is lower than the surface layer height of ERA5, the 
surface height is used as the initial reference, and the 𝑖@ in (6) 
and (7) is determined accordingly. Conversely, if the GNSS 
station's height exceeds the ERA5 surface height, the GNSS 
station's height is selected as the initial reference. Due to space 
constraints, the detailed procedures for calculating IWVERA5 are 
outlined in Reference [37] with the corresponding interpolation 
methods based on those described by Reference [38].  

Another widely used method for obtaining ZWD and IWV is 
through the VMF3 surface products. VMF3 is a prominent 
empirical tropospheric model provided by TU Vienna. It offers 
tropospheric delay and corresponding mapping function data 
for the Earth's surface grid, with a spatial resolution of 1° and a 
temporal resolution of 6 hours [39]. As described by Reference 
[40], estimating the ZWD at a target location using VMF3 
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 hour, 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 
ZWDVMF3 at the target location can be derived using the 
procedures and equations outlined in Reference [41], applying 
bilinear interpolation for spatial adjustments. Subsequently, the 
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IWV estimated by VMF3 (IWVVMF3) can be determined using 
(2) and (3). 

B. Satellite Instruments and their IWV Products 
MODIS, onboard NASA’s Terra and Aqua satellites [42], 

provides near-global coverage every 1–2 days via a 2330 km 
swath. Terra operates in a morning orbit (north to south), while 
Aqua follows an afternoon orbit (south to north). MODIS 
acquires data across 36 spectral bands, with specific bands 
(890–920 nm, 931–941 nm, 915–965 nm) dedicated to water 
vapor retrieval. Though native spatial resolution is 1 km, Level 
2 IWV products aggregate to 5 km × 5 km using onboard 
MERSI, which employs multispectral NIR and IR channels and 
radiative transfer algorithms for both day and night retrievals 
[5]. Daytime IWV is derived using NIR bands (channels 2, 5, 
17–19), based on two-/three-channel ratios and radiative 
transfer look-up tables, accounting for solar and viewing 
geometry. In cloudy conditions, 0.8–2.5 μm channels are 
applied to retrieve water vapor above/within clouds [43]. At 
night, thermal IR bands are used, employing statistical 
retrievals refined by physical models, correlating MODIS 
radiances with radiosonde profiles to estimate IWV [44]. Both 
1 km and 5 km IWV products: MOD05_L2 (Terra) and 
MYD05_L2 (Aqua), are used in this study, with details 
summarized in TABLE II. 

 
TABLE II 

INSTRUMENT INFORMATION FOR MODIS AND FY-3D 
Feature MODIS FY -3D 
Focus Integrated water 

vapor 
Global atmospheric 

monitoring; Numerical 
weather prediction; 

Environmental observation 
Bands 
Used 

NIR (daytime) and 
IR (nighttime) 

Visible and NIR channels 
for MERSI; 

Output 
Type 

Single value (total 
water vapor) 

Single value (total water 
vapor) 

Resoluti
on 

5 km × 5 km spatial 
1 km × 1 km spatial 

1 km × 1 km spatial 

Cloud 
Handling 

Clear-sky conditions Clear-sky conditions 

Use 
Cases 

Water vapor studies; 
Atmospheric 

correction 

Monitoring atmospheric 
water vapor; Land surface 

parameter retrieval 
Data 

Source 
https://earthdata.nasa.go

v/ 
https://satellite.nsmc.org

.cn 
 
The Chinese meteorological satellite system, initiated in 

1988 with the launch of the first Fengyun satellite, comprises 
both sun-synchronous and geostationary satellites (National 
Satellite Meteorological Center). The FY-3 series represents the 
second generation of China’s polar-orbiting meteorological 
satellites, offering global observations of atmospheric 
temperature, humidity profiles, and related variables, 
supporting applications in climate research and numerical 
weather prediction [45], [46]. Multiple FY-3 satellites have 
since been launched, each equipped with advanced sensors to 

enhance atmospheric monitoring. The FY-4 series, consisting 
of geostationary satellites, is not applicable to our case and thus 
excluded from this study. Among the FY-3 satellites, FY-3B 
ceased operations after 2021, and FY-3C mainly covers low-
latitude regions, limiting its relevance for German applications. 
FY-3D, by contrast, provides global coverage with a 12-hour 
revisit cycle and includes the MERSI sensor for IWV retrieval, 
particularly over East Asia and adjacent regions [47], [48]. FY-
3F, launched in 2023, offers improved meteorological 
monitoring, but its IWV products became publicly available 
only in 2025, beyond the scope of this study. Therefore, this 
study employs FY-3D data (TABLE II) to assess the 
performance of Fengyun satellite products and to compare them 
with GMLSTM-HIM results. 

C. GMLSTM-HIM Based IWV Retrieval 
In general, the accuracy of IWV estimation is largely 

dependent on the precision of ZWD. While the ZHD provided 
by VMF3 is highly reliable, significant discrepancies exist 
between the ZTD derived from VMF3 or ERA5 and the ZTD 
observed from GNSS.  This indicates that inaccuracies in ZWD 
are the primary contributors to these differences, with 
ZWDVMF3 or ZWDERA5 failing to achieve the necessary 
precision [29]. To address this limitation and achieve accurate 
IWV estimation at any location, a deep learning approach 
GMLSTM-HIM using the GMLSTM framework is employed. 
This method is applied within a 200 km radius around the study 
area, where the presence of GNSS stations is essential. The 
ZWDGNSS at each station can be directly obtained, while 
ZWDVMF3 and ZWDERA5 are estimated at the same GNSS 
station locations. Subsequently, the method aims to learn the 
mapping relationship {ZWDVMF3, ZWDERA5} → {ZWDGNSS}, 
operating under the assumption that this mapping pattern is 
consistent across a large-scale area. In this model, ZWDVMF3 is 
incorporated to enhance the accuracy and spatiotemporal 
adaptability of the input, particularly in regions where 
ZWDERA5 may be less reliable. It also enables effective cross-
validation and integration of multiple data sources. By training 
the GMLSTM-HIM with supervised data, specifically, 
ZWDGNSS observations paired with corresponding ZWDVMF3 
and ZWDERA5 values at the same locations. The learned model 
can generalize this mapping pattern to the entire study region. 
Once trained, the GMLSTM-HIM enables accurate IWV 
estimation in high resolution across the region by incorporating 
temperature parameters into the estimation process. The overall 
architecture of the GMLSTM-HIM is illustrated in Fig.1 and 
further details of the GMLSTM framework can be found in 
Reference [29]. 

This study begins with the preparation of supervised data, 
which consists of ZWDGNSS derived from GNSS stations within 
the study area. Quality control is applied prior to training, 
retaining only hourly GNSS data with daily integrity >75%, 
with spline interpolation for minor gaps. After completing the 
cleaning process and verifying data integrity, the target variable 
Y = {ZWDGNSS} calculated using (1). Following data cleaning, 
the dataset Y is aggregated into a 24×14 matrix, with the 14 
columns representing the total number of valid observation 
days across the selected GNSS stations. According to the 
temporal epochs and spatial locations of the selected GNSS 
stations, the corresponding input features X = {ZWDVMF3, 

https://earthdata.nasa.gov/
https://earthdata.nasa.gov/
https://satellite.nsmc.org.cn/
https://satellite.nsmc.org.cn/
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ZWDERA5} are generated following the procedures detailed in 
Section II, in order to ensure consistency and alignment 
between the input data and the supervised target for effective 
model training. As illustrated in Fig. 1, the proposed 
GMLSTM-HIM is developed based on the GMLSTM 
framework, which integrates Gaussian Mixture Models (GMM) 
with Long Short-Term Memory (LSTM) networks, integrating 
GMM with three stacked Bi-LSTM layers to capture 
bidirectional temporal dependencies and mitigate atmospheric 
turbulence [31], [49]. 

 

 
Fig. 1. Architecture of GMLSTM-HIM. H is a hidden state that 
contains historical information, and PDF denotes the 
probability density function of the Gaussian Mixture 
Distribution inferred by GMLSTM at time t. In addition, 𝛼, 𝜇 
and 𝜎 are three fully connected perceptrons. 

In our implementation, model training parameters are listed 
in TABLE III. To enhance generalization and reduce 
overfitting, dropout is applied to the hidden states of all Bi-
LSTM layers except the final one in the feature extractor. Each 
input sequence X is thus encoded into a 4096-dimensional 
feature vector, which is then projected by three fully connected 
perceptrons to generate the parameters of a five-component 
GMM: mixing coefficients (𝛼), means (𝜇), and standard 
deviations (𝜎). The Adam optimizer is used with an initial 
learning rate of 0.001 over 10,000 iterations. To ensure 
convergence, the learning rate decays exponentially by a factor 
of 0.99 every 500 iterations. The SoftMax function is applied to 
normalize 𝛼, ensuring they sum to one and represent a valid 
probability distribution. 

A 𝛼3
A

356
= 1 (8) 

𝛼3 = 𝑆𝑜𝑓𝑡𝑀𝑎𝑥\ℎB(] =
𝑒C)(

∑ 𝑒C)*A
(9) 

where ℎD+ 	represent the output from the mixing coefficients 
perceptron. Furthermore, the output from the standard deviation 
perceptron ℎE+ must remain strictly positive to prevent 
pathological configurations in which multiple standard 
deviation components approach zero. Such scenarios amplify 
errors propagated from the standard deviation term, resulting in 
exponential growth in gradients. This gradient explosion can 
ultimately destabilize the training process and lead to its 
collapse. To overcome this issue, we propose utilizing a 
modified activation function, the Piecewise Exponential Linear 

Unit (PELU). Its mathematical formulation is provided in (10). 
This approach ensures that ℎE+ remains strictly positive and 
avoids scenarios that can destabilize training, enhancing both 
convergence and model performance. 

σ3* = 𝑃𝐸𝐿𝑈\ℎE(] = c
ℎE( 	, ℎE( > 1		

𝑒C,(>6 − 1 + 10>F, ℎE( ≤ 1	
(10) 

 
TABLE III 

SUMMARY OF TRAINING PARAMETERS USED FOR THE 
GMLSTM-HIM 

Model Parameter Value 
Hidden layer dimension of each LSTM cell 2048 

Dropout rate 0.2 
Number of fully connected perceptrons 3 

Number of Gaussian mixture components 5 
 

In this model, IWV is represented as a conditional probability 
distribution function rather than a single numerical value. To 
optimize the model, the Maximum Likelihood Estimation 
(MLE) approach is utilized as the loss function, enabling the 
determination of the optimal parameters. Letting θ represent the 
parameters of this model, the probability density function of the 
GMM predicted by GMLSTM-HIM at time t is expressed as: 

𝑃𝐷𝐹9(𝑋9|	θ)

=A𝛼3(𝑋9|	θ)
1

√2𝜋𝜎3(𝑋9|	θ)
𝑒
G>

HI!>J(K𝑋9L	θMN
-

*O(
-K𝑋9L	θM

PQ

356

(11)
 

furthermore, to enhance the model's precision and minimize 
uncertainty, we aim for each Gaussian component to effectively 
characterize a more localized region within the IWV space. To 
achieve this, a penalty term is incorporated into the loss 
function to constrain each Gaussian component to be as narrow 
as possible, the detailed formulation of the penalty term is 
provided in Reference [29] After completing the training 
process, the model, referred to as IWV𝐺MLSTM-HIM, is capable of 
estimating IWV at any location within the study area. To 
perform an estimation for a specific point, the input feature 
vector X = {ZWDVMF3, ZWDERA5} corresponding to the desired 
location, is provided to the model. The model then generates the 
inferred IWVGMLSTM-HIM for the given position. At the same 
time, the uncertainty associated with the inference can be 
assessed by the standard deviation of the mixture model, as 
illustrated in:  

s = 𝑄nA 𝛼3[𝜎3* + (𝜇3 − ZWDRSTUVS>WXS)*]
Q

356
(12) 

Finally, the overall flowchart of GMLSTM-HIM 
proposed in this paper and inter-comparison as well as data 
fusion based on satellite products is shown in Fig. 2. 

D. Validation Methods 
The integration of datasets with differing temporal and spatial 

resolutions poses a significant challenge in atmospheric studies. 
For example, VMF3 data are provided at 6-hour intervals with 
a spatial resolution of 1°, while ERA5 offers data at an hourly  
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Fig. 2. Overall flowchart of the IWV retrieval method based on GMLSTM-HIM. 

temporal resolution and a finer spatial resolution of 0.25°. 
Reference datasets, such as GNSS and radiosonde station 
observations, are inherently discrete and irregularly distributed. 
To reconcile these discrepancies, a temporal alignment was 
achieved through linear interpolation, while spatial 
interpolation was performed using the inverse distance 
weighting (IDW) method. Following the harmonization of 
temporal and spatial scales, the IWV estimates generated by the 
GMLSTM-HIM were systematically compared to reference 
IWV measurements. The accuracy assessment was conducted 
using key statistical metrics, including the correlation 
coefficient (R), root mean square error (RMSE), and mean bias 
(MB). Additionally, time series analyses were employed to 
evaluate the temporal performance of the model, offering a 
rigorous framework for assessing the capability of GMLSTM-
HIM in accurately capturing IWV variability. 

In detail, the R, computed using (13), represents the strength 
and direction of the linear relationship between the paired 
datasets, where n denotes the number of data pairs, 𝐼𝑊𝑉,,3is the 
IWV estimates by GMLSTM-HIM and 𝐼𝑊𝑉Y,3 is the reference 
IWV data. 𝐼𝑊𝑉,ttttttt and 𝐼𝑊𝑉Yttttttt indicate the average values. The 
RMSE, defined in (14), quantifies the magnitude of differences 
between the datasets. The MB, as given in (15), indicates the 
tendency of overestimation or underestimation in the dataset.  

R =
∑ \𝐼𝑊𝑉,,3 − 𝐼𝑊𝑉,ttttttt]\𝐼𝑊𝑉Y,3 − 𝐼𝑊𝑉Yttttttt]4
356

v∑ \𝐼𝑊𝑉,,3 − 𝐼𝑊𝑉,ttttttt]* ∑ \𝐼𝑊𝑉Y,3 − 𝐼𝑊𝑉Yttttttt]*4
356

4
356

(13) 

RMSE = n∑ \𝐼𝑊𝑉,,3 − 𝐼𝑊𝑉Y,3]
*4

356

𝑛
(14) 

MB =
1
𝑛A\𝐼𝑊𝑉,,3 − 𝐼𝑊𝑉Y,3]

4

356

(15) 

E. High Spatiotemporal Resolution Regional Water Vapor 
Retrieval 

Once trained and validated, the GMLSTM-HIM is employed 
to produce high-resolution regional IWV estimates across the 
study domain. The inference process involves feeding the 
model with a spatial grid of input points characterized by their 
latitude, longitude, and elevation, with elevation data derived 
from a Digital Elevation Model (DEM). This setup enables the 
model to generate IWV fields at arbitrary spatial resolutions, 
thereby meeting the requirements of both scientific research 
and operational applications. 

To improve computational efficiency and ensure scalability 
for large-scale deployments, the inference workflow is 
parallelized using multi-processor computing techniques. This 
parallelization significantly accelerates the generation of IWV 
fields over extensive spatial domains, making the approach 
suitable for high-resolution and near-real-time applications. 

Moreover, in addition to IWV estimation, the model 
concurrently provides uncertainty quantification at each grid 
point, expressed as predicted error. This uncertainty 
information offers valuable insights into the confidence and 
reliability of the generated IWV fields. By jointly considering 
both IWV estimates and their associated uncertainties, the 
proposed framework delivers a more comprehensive and robust 
characterization of atmospheric water vapor distributions, 
thereby enhancing the potential for downstream applications in 
climate and weather analysis. 
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F. IWV Inter-Comparison and Data-Fusion with Satellite 
Products 

The validated model, GMLSTM-HIM, known for generating 
highly accurate and reliable IWV products, was used to inter-
compare with MODIS and FY-3D satellite-derived IWV 
products. By aligning the IWV𝐺MLSTM-HIM with the spatial 
resolution of the satellite data, a robust comparison was 
conducted using the relative difference as the evaluation metric. 
At each epoch, a relative difference is calculated for every pixel, 
defined as: 

𝛿3,- =
𝐼𝑊𝑉3,-#<Z − 𝐼𝑊𝑉3,-!%[#Z%>.\%

𝐼𝑊𝑉3,-!%[#Z%>.\%
(16) 

where the indices i and j denoted the location of the pixels and 
IWV is the IWV estimates by the satellite (SAT) and the 
GMLSTM-HIM. For each epoch, multiple pixels exhibit 
relative differences across the regions. To evaluate these 
differences, the pseudomedian and the interquartile range (IQR) 
were employed. The pseudomedian is calculated using the 
Wilcoxon signed-rank test with continuity correction [50]. It is 
defined as the median of all midpoints of observation pairs and 
coincides with the median when the dataset is symmetric. The 
pseudomedian of the relative differences reflects the accuracy 
of the satellite data, while the IQR provides insight into their 
precision. By conducting a direct intercomparison, this study 
investigates the differences between datasets and evaluates the 
suitability and limitations of satellite products under varying 
atmospheric and surface conditions. This comparative analysis 
provides valuable insights into the performance of satellite-
based IWV retrievals and informs their appropriate application 
in future meteorological and climate-related studies. 

To further enhance IWV coverage and quality, a data fusion 
strategy was implemented by integrating FY-3D or MODIS 
satellite-derived IWV with GMLSTM-HIM model estimates. 
First, a linear least squares regression was performed between 
the IWV values retrieved from the satellite and those generated 
by GMLSTM-HIM at corresponding locations. To reduce the 
impact of outliers in the satellite data, a 3-sigma filtering 
method was applied prior to regression, excluding observations 
that deviated by more than three standard deviations from the 
GMLSTM-HIM estimates. Using the resulting regression 
model, satellite IWV values were corrected and subsequently 
resampled onto a standardized 10-meter grid using nearest-
neighbor interpolation. This resampling was achieved through 
a k-d tree search algorithm, where the search radius was defined 
as the average nearest-neighbor distance among observation 
points; In cases where no valid satellite observations were 
found within the radius, GMLSTM-HIM IWV estimates were 
used to fill the gaps. The final fused IWV product was generated 
by averaging the GMLSTM-HIM IWV estimates with the 
corrected and resampled satellite IWV values. This fusion 
approach combines the spatial coverage of satellite data with 
the accuracy of model outputs, resulting in a more robust and 
comprehensive IWV dataset suitable for further meteorological 
and climatological applications. 

III. STUDY AREA AND DATASETS  
Germany, situated at the geographical center of Europe, 

offers a complex and heterogeneous atmospheric environment 

that is particularly well-suited for evaluating the performance 
and generalizability of high-resolution IWV estimation models. 
The country spans a broad latitudinal range (approximately 
47°N to 55°N), encompassing diverse climatic zones—from 
temperate maritime conditions in the north to more continental 
regimes in the south and east. This variation is accompanied by 
significant topographic diversity, ranging from the high-
elevation Alpine region in the south to the low-lying North 
German Plain. The considerable elevation differences across 
the country give rise to pronounced orographic effects, which 
strongly influence the spatial distribution of atmospheric 
moisture and regional precipitation dynamics. According to the 
German Weather Service (DWD) and prior studies [51], 
seasonal and spatial IWV variability is equally prominent: 
during summer months, IWV values can exceed 30 mm in low-
elevation areas, while in winter they frequently fall below 
10 mm in high-altitude zones. Additionally, Germany 
experiences a wide range of seasonal temperature gradients and 
convective activity, which further modulate atmospheric 
stratification and water vapor distribution. These 
multidimensional characteristics—spanning variations in 
latitude, elevation, temperature, and precipitation—render 
Germany an ideal natural case for systematically testing the 
accuracy, robustness, and transferability of the proposed 
GMLSTM-HIM model under complex and variable 
meteorological conditions. 

To systematically evaluate model performance under varying 
geographic and climatic conditions, four representative regions 
across Germany were selected: Essen, Lindenberg, Meiningen, 
and Tuebingen. These regions were chosen based on two 
primary criteria: (1) the availability of a dense network of 
GNSS stations, which ensures sufficient spatial information for 
model training; and (2) the co-location or proximity of 
radiosonde stations, which serve as independent references for 
external validation. In each region, ZWD observations were 
sourced from the NGL dataset. A leave-one-out validation 
strategy was employed, wherein one GNSS station—typically 
centrally located—was reserved as the test site, and all other 
stations were used for model training. The test stations were 
completely excluded from the training set to guarantee unbiased 
performance evaluation. To incorporate seasonal variability in 
IWV estimation, two distinct 360-hour periods were analyzed 
for each region: a winter period (November 26 to December 11, 
2021) and a summer period (June 25 to July 10, 2022). For the 
Meiningen region, due to incomplete or poor-quality GNSS 
data during the default periods, alternative intervals (November 
18 to December 3, 2021, for winter; and June 9 to June 24, 
2022, for summer) were adopted to ensure data integrity. The 
selected timeframes not only reflect seasonal contrasts in IWV 
magnitude but also provide a diverse set of atmospheric 
conditions for robust model evaluation. Detailed metadata for 
the test stations are provided in TABLE IV, and their spatial 
locations are illustrated in Fig. 3. 

The external validation data, comprising radiosonde 
measurements, were obtained from the sounding database 
maintained by the Department of Atmospheric Science at the 
University of Wyoming. Detailed information about the 
radiosonde stations used in this study is provided in TABLE V. 
For the generation of the regional IWV, DEM data was utilized 
to provide surface height information as input for the inference 



8 
 

 
 

process. In this study, the DEM data was obtained from the U.S. 
Geological Survey (USGS) and is accessible at 
https://www.usgs.gov/. 

To conduct a comprehensive analysis of IWV across specific 
spatial and temporal intervals, we obtained IWV data products 
from the MODIS and FY-3D satellite platforms. The spatial and 
temporal ranges were carefully aligned with the experiment's 
requirements, ensuring consistency across datasets for 
meaningful comparisons. All data were processed in unit with 
mm for uniformity during subsequent analyses. To ensure the 
reliability of the comparisons, we conducted a thorough quality 
assessment of each dataset. For MODIS data, the quality flags 
provided within the product were evaluated, excluding data 
points marked as low-quality or affected by cloud 
contamination. For FY-3D, we examined the consistency of the 
data with ground-based GNSS IWV measurements and 
removed outliers based on a predefined threshold (e.g., 
deviations beyond 3 standard deviations). Due to the limited 
winter availability of FY-3D observations, regions without 
valid data (e.g., Lindenberg and Essen) were excluded from the 
seasonal analysis to avoid interpolation-induced uncertainties. 
 

TABLE IV 
THE INFORMATION OF GNSS TEST STATIONS 

Region 
Station 

ID 

(Latitude, Longitude) 

(in °) 

Altitude 

(in m) 

Lindenberg D019 (52.2635°, 13.9425°) 92.3 m 

Essen D582 (51.4585°, 7.0161°) 217.3 m 

Meiningen D198 (50.5932°, 10.4166°) 408.7 m 

Tuebingen D400 (48.5195°, 9.0784°) 382.2 m 

 
Fig. 3. The overview of selected GNSS stations from NGL. 

TABLE V 
THE INFORMATION OF RADIOSONDE STATIONS 

Region 
Station 

ID 

(Latitude, Longitude) 

(in °) 

Altitude 

(in m) 
Lindenberg RSLI (52.2100°, 14.1200°) 112.0 m 

Essen RSES (51.4000°, 6.9700°) 147.0 m 
Meiningen RSME (50.5600°, 10.3800°) 450.0 m 
Tuebingen RSTU (48.8331°,9.2000°) 314.0 m 

IV. RESULTS AND ANALYSIS 

A. Model performance and validation  
While the methodology section has highlighted the 

significance of GNSS station availability, it is important to 
further examine how GNSS station density impacts model 
training and overall performance. In regions where GNSS 
stations are sparsely distributed, the model may face challenges 
in capturing fine-scale spatial variability in water vapor, due to 
limited representation of heterogeneous atmospheric conditions. 
Given the rapid temporal fluctuations and highly localized 
nature of IWV dynamics, insufficient station density may 
hinder the model’s ability to generalize, particularly in areas 
with complex terrain or pronounced mesoscale variability. To 
mitigate this, we recommend expanding the spatial extent of the 
training region to include more GNSS stations, especially in 
data-sparse regions. Prior studies have demonstrated that when 
GNSS stations are available within 50 km of the target region, 
the proposed GMLSTM-HIM framework can achieve good 
performance improvements—up to approximately 80% over 
conventional tropospheric models. As the distance between the 
training stations and the target area increases from 50 km to 
150 km, this performance advantage gradually diminishes, 
reflecting a decline in spatial representativeness [29]. 
Nevertheless, our experimental results demonstrate that the 
GMLSTM-HIM framework maintains satisfactory predictive 
accuracy when GNSS stations are located within a 200 km 
radius of the study area. This effective spatial range is 
consistent with findings from our previous work [29], in which 
a detailed quantitative analysis (see Section V-B, Table VI, and 
Figures 5–6) confirmed that the model performance remains 
stable within approximately 200 km. This indicates the model's 
robustness under moderate GNSS data sparsity, as long as a 
sufficient number of surrounding stations are available to 
capture regional-scale atmospheric variability. While GNSS 
station density varies globally, the network provided by NGL—
often supplemented by national or regional permanent GNSS 
infrastructures—generally ensures sufficient coverage within 
the 200 km spatial buffer required by the proposed framework. 
These characteristics make the GMLSTM-HIM model 
operationally feasible across most regions worldwide. However, 
certain areas—such as northern Canada and Russia, parts of 
Central Asia and western China, as well as central and northern 
Africa—currently suffer from limited or absent GNSS station 
deployments. In these regions, the scarcity of ground-based 
observations poses challenges for model training and 
implementation, potentially constraining the accuracy and 
generalizability of IWV retrievals. However, a clear limitation 
of the current framework is its reliance on land-based GNSS 
infrastructure, which restricts its applicability to terrestrial 
regions. As such, the model is currently not suitable for 

https://www.usgs.gov/
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estimating IWV over oceanic areas, where GNSS station 
coverage is inherently absent. The following subsections 
evaluate model performance under these practical constraints, 
using case studies conducted in Germany. 

The GMLSTM-HIM framework is computationally efficient 
and can be implemented on both CPU- and GPU-based systems. 
While model training and inference are feasible on 
conventional CPUs, the use of a GPU platform with at least 8 
GB of dedicated memory is recommend to ensure significantly 
faster computation. In our experiments, training and inference 
were conducted on a deep learning workstation equipped with 
a single NVIDIA RTX 3090 GPU and an Intel(R) Core i7-
10700 CPU (8 threads).  For each study region, based on 14 
days of data, model training required approximately 24 hours. 
Once trained, the model achieved rapid inference performance, 
with prediction times of less than one minute per region.  

After training the GMLSTM-HIM, IWVGMLSTM-HIM at the test 
stations were inferred and validated against GNSS-derived 
IWV (IWVGNSS). The results are presented in TABLE VI and 
Fig. 4. The mean RMSE and MB across both periods (winter 
and summer) are 0.83 mm and -0.3 mm for GMLSTM-HIM, 
compared to 2.63 mm and 2.08 mm for ERA5, and 1.30 mm 
and 0.36 mm for VMF3. These findings highlight that the 
GMLSTM-HIM achieves an improvement rate in RMSE of 
68.44% relative to ERA5 and 36.15% relative to VMF3, 
demonstrating its capability to generate reliable IWV products. 
A comparison of the average RMSE during the winter and 
summer periods across the four cases reveals that the RMSE in 
winter is lower due to the reduced variability of IWV during 
this season. Although some MB values in Meiningen, are not 
improved compared to VMF3 or ERA5, the overall reduction 
in RMSE affirms the model's strong performance and indicates 
that the model's performance in capturing IWV estimates has 
been enhanced. According to the mean values in TABLE VI, 
the MB for winter cases is not improved compared to VMF3. 
This can be attributed to the fact that the VMF3 model, based 
on atmospheric physics, is designed to estimate IWV. This 
residual bias is likely related to local meteorological and 
topographic influences, as the surrounding elevated terrain may 
cause small-scale humidity variations that are not fully captured 
by the model training data. Although this model may result in 
larger errors in certain cases, it generally maintains a higher 
level of stability across a variety of weather conditions, which 
leads to a smaller MB. In contrast, the GMLSTM-HIM, with its 
more complex atmospheric dynamics modeling, tends to 
produce more systematic errors over the long term or under 
specific conditions, causing a larger MB. 

Nevertheless, the GMLSTM-HIM shows a smaller overall 
RMSE and the absolute values of MB suggest that the 
magnitude of bias remains at a low level. This demonstrates that 
while the model exhibits a slight underestimation trend, its 
predictions remain reliable and robust. Hence, the improved 
RMSE, combined with the MB magnitude, validates the 
model's capability and reliability for generating accurate IWV 
estimates. When we introduce a regression analysis using 
multiple datasets, as shown in Fig. 5, the figure displays the 
specific correlation coefficients. It is evident that, overall, the R 
between IWVGMLSTM-HIM and IWV𝐺NSS are improved to around 
0.99 and demonstrates the superior performance of GMLSTM-
HIM for IWV estimation. 

In addition, this study evaluated the model's performance at 
radiosonde stations by comparing the IWV estimates generated 
by GMLSTM-HIM with the IWV values directly observed by 
radiosondes. This comparison provides an additional 
assessment of the model's accuracy and reliability. The results 
are presented in TABLE VII and Fig. 6, highlighting the strong 
consistency between IWV𝐺MLSTM-HIM and the radiosonde 
observations (IWVRS). The results are shown in Fig. 6. All 
correlation coefficients exceed 0.9, demonstrating a highly 
similar variation trend and confirming the model's reliable 
performance. 

 

 
Fig. 4. The results of IWV estimates from ERA5, VMF3, GNSS, 
and GMLSTM-HIM for the four cases. The left column 
represents the winter period, while the right column 
corresponds to the summer period.  

Moreover, Fig. 7 presents a comparative analysis of IWV 
retrieval RMSEs across four radiosonde stations and two 
seasons using GMLSTM-HIM, VMF3, and ERA5. Although 
GMLSTM-HIM does not consistently yield the lowest RMSE 
in every individual case—showing particularly similar 
performance to VMF3—it clearly outperforms ERA5 in most 
scenarios. To quantitatively assess the performance differences, 
a paired t-test was conducted based on RMSE values across all 
cases. The results show no statistically significant difference 
between GMLSTM-HIM and VMF3 (t = 0.421, p = 0.68663), 
while a significant improvement is observed when comparing 
GMLSTM-HIM with ERA5 (t = -3.140, p = 0.01639), 
indicating that GMLSTM-HIM achieves more accurate IWV 
estimates at a 95% confidence level. 

This performance advantage is further supported by the 
known characteristics of VMF3-based IWV estimates. 
Compared to ERA5, IWV values derived from VMF3-based 
ZWD tend to exhibit higher agreement with radiosonde 
observations, particularly in regions with complex terrain or 
sharp moisture gradients. This improvement arises from the 
finer spatial resolution of GNSS-based retrievals, the utilization 
of high-resolution meteorological inputs, and the localized 
representation of atmospheric conditions. In contrast, ERA5—
while offering temporally and spatially continuous reanalysis 
data—relies on grid-based averaging, which can obscure  
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TABLE VI 
THE RMSES AND MBS AT FOUR TEST STATIONS (UNIT: MM) AND THE BOLDED DATA REPRESENT THE MINIMUM ABSOLUTE 

VALUES. 
Regions Station 

ID 
Period GMLSTM-HIM ERA5 VMF3 

RMSE MB RMSE MB RMSE MB 
Lindenberg D019 Winter 

Summer 
0.62 
0.72 

-0.45 
-0.20 

1.89 
2.35 

1.76 
1.53 

0.84 
1.93 

0.46 
0.79 

Essen D582 Winter 
Summer 

0.63 
0.71 

-0.45 
-0.06 

2.58 
3.00 

2.28 
2.35 

0.88 
1.34 

0.03 
0.34 

Meiningen D198 Winter 
Summer 

0.62 
0.99 

-0.49 
-0.08 

3.11 
4.43 

2.97 
3.94 

0.77 
1.93 

0.20 
0.01 

Tuebingen D400 Winter 
Summer 

0.74 
1.59 

-0.56 
-0.09 

1.05 
2.62 

0.37 
1.40 

0.92 
1.75 

-0.53 
0.51 

Mean  Winter 
Summer 

0.65 
1.00 

-0.49 
-0.11 

2.16 
3.10 

1.85 
2.31 

0.85 
1.74 

0.04 
0.41 

 
Fig. 5. The correlations between the IWV estimates from 
ERA5, VMF3, GMLSTM-HIM, and GNSS IWV for the 
four cases in both winter and summer. 

 
Fig. 6. Comparison of IWV estimates from GMLSTM-HIM 
and radiosonde data. The green line represents the IWV 
estimates from GMLSTM-HIM, while the gray dots 
correspond to radiosonde IWV measurements. 

localized humidity structures, resulting in systematic 
underestimation or overestimation of IWV near radiosonde 
stations. 

While GMLSTM-HIM may not consistently surpass VMF3 
in every case, its performance remains robust across diverse 
seasonal and regional contexts. More importantly, the proposed  
deep learning framework offers critical advantages over both 
ERA5 and VMF3, including flexible spatial-temporal 



11 
 

 
 

resolution, dynamic adaptation to non-linear atmospheric 
patterns, and the capability to estimate predictive uncertainties. 
These attributes enhance its practical applicability in IWV 
retrieval tasks, particularly in data-scarce areas or under rapidly 
changing meteorological conditions, supporting both scientific 
research and operational weather monitoring. Furthermore, 
building upon the foundational work introduced by Reference 
[29], the GMLSTM-HIM framework was further applied to 
eight geographically diverse regions across Europe—Portugal  
(Beja), Spain (Burgos), France (Paris and Brive-la-Gaillarde), 
Germany (Tübingen), the Netherlands (Groningen), and 
Sweden (Sala and Svappavaara). Detailed validation and 
discussion of these regional experiments were reported in our 
previous study [29]; therefore, only a brief reference is provided 
here to avoid redundancy. These regions encompass a wide 
range of latitudinal positions, topographic elevations, climatic 
conditions, and distances from coastlines, thereby providing a 
comprehensive and diverse framework for assessing the spatial 
generalizability and adaptability of the proposed model. By 
maintaining consistent input data and experimental 
configurations, this extended validation effort enabled a 
comprehensive assessment of the model’s sensitivity to 
seasonal variation and topographic complexity. Under winter 
conditions, the GMLSTM-HIM model achieved an average 
RMSE of 0.50 mm across the eight test areas, significantly 
outperforming ERA5 and VMF3, which exhibited average 
RMSEs of 1.36 mm and 1.19 mm, respectively. In the summer 
season, the model maintained superior predictive performance 
with an average RMSE of 0.93 mm, while ERA5 and VMF3 
yielded higher errors of 3.12 mm and 1.66 mm, respectively. 
These findings are consistent with the patterns observed in the 
Germany-based case studies presented in this study (see 
Table 6), further reinforcing the robustness of the model across 
varying climatic conditions and diverse geographic settings. 

To illustrate the model's performance in regions beyond the 
primary focus of this study, the Paris case was selected as a 
representative example. The summer and winter evaluation 
periods were set to July 9 to 23, 2021, and November 26 to 
December 10, 2021, respectively. Fig. 8(a) illustrates the spatial 
distribution of GNSS stations used in the region. Despite the 
limited availability of radiosonde observations during these 
periods, comparisons with GMLSTM-HIM estimates (Fig. 8b) 
revealed strong correlations—0.90 in summer and 0.97 in 
winter—demonstrating the model's ability to capture temporal 
IWV variability effectively. Furthermore, at the designated test 
station in Paris (Fig. 8c), GMLSTM-HIM outperformed both 
ERA5 and VMF3 in both seasons. In winter, RMSEs were 
0.92 mm (GMLSTM-HIM), 1.03 mm (VMF3), and 1.52 mm 
(ERA5); in summer, the respective RMSEs were 1.45 mm, 
1.54 mm, and 2.64 mm. The multi-regional validation confirms 
the model’s robustness and adaptability across diverse 
environmental settings. Given sufficient GNSS coverage—
readily achievable via existing national and global networks—
the framework demonstrates strong potential for global 
operational deployment, offering a scalable and reliable 
solution for enhanced atmospheric water vapor monitoring. 
 

 
Fig. 7. RMSE of IWV estimates from GMLSTM-HIM, 
VMF3, and ERA5.  

B. Inter-comparison Between GMLSTM-HIM and Satellite-
Derived IWV Products 
Following the validation of GMLSTM-HIM at both the test site 
and selected radiosonde stations, the results confirm the 
applicability and superiority of the proposed model. Building 
on this validation, the present section focuses on the generation 
of two-dimensional (2D) IWV fields over the study regions, 
rather than point-based IWV values at individual stations. To 
enable a more detailed spatial analysis, four representative 
regions were selected: Lindenberg (13°E–15°E, 51.5°N–53°N), 
Essen (6°E–8°E, 51°N–52°N), Meiningen (9.5°E–11°E, 50°N– 
51°N), and Tuebingen (8°E–10°E, 48°N–49°N). Each region is 
associated with corresponding satellite-derived IWV data, as 
shown in the right column of Fig. 2. Four cases were selected 
within the study period based on the availability of satellite 
IWV products. The satellite datasets employed include 
MODIS-Aqua (1 km and 5 km resolutions), MODIS-Terra (1 
km and 5 km resolutions), and FY-3D (1km resolution). After 
collecting all pixels from the satellite products, the geographic 
locations of each pixel were fixed. Elevation information was 
subsequently incorporated from DEM. Based on this combined 
information, 2D IWV distributions were inferred using the 
trained GMLSTM-HIM. The analysis focuses on relative 
differences (δ), quantified through pseudomedian (pM) and 
interquartile range (IQR) statistics, to evaluate systematic 
biases and spatial consistency. Statistical metrics, including the 
pseudomedian (pM), interquartile range (IQR), and the number 
of observations (N), were computed for each satellite product 
and stratified by region and season (winter/summer), as 
summarized in TABLE VII. Notably, the FY-3D satellite 
lacked data coverage for the Lindenberg and Essen sites during 
winter. 

The comparative analysis reveals several important insights 
into the performance of the proposed GMLSTM-HIM model 
when benchmarked against satellite-derived IWV estimates. 
Predominantly negative pM values across various regions 
indicate a systematic underestimation of IWV by the satellite 
instruments, suggesting the presence of persistent bias. This 
underestimation is modulated by seasonal variability. For 
example, the MODIS-Aqua-1km product shows a pM of −0.59 
in Lindenberg during winter, which improves to −0.29 in 
summer, implying that atmospheric stability and enhanced 
satellite retrieval accuracy in warmer months reduce 
discrepancies. Resolution of IWV products also plays a critical 
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role: higher-resolution satellite products (1 km) typically result 
in larger IQRs—such as 0.33 for MODIS-Terra-1km in 
Lindenberg—than their lower-resolution (5 km) counterparts, 
which show smaller IQRs (e.g., 0.12 for MODIS-Terra-5km), 
highlighting the increased variability associated with finer 
spatial scales and the advantage of spatial averaging at coarser 
resolutions. Despite its finer spatial resolution, the MODIS 
1 km IWV product is generally more susceptible to retrieval 
noise and cloud contamination than the 5 km product. This 
increased sensitivity primarily stems from the smaller footprint 
size, which limits spatial averaging and enhances the influence  

of sub-pixel heterogeneity, surface emissivity variations, and 
local atmospheric anomalies. Furthermore, at finer spatial 
scales, each pixel captures less radiative energy, reducing the 
signal-to-noise ratio and making the measurements more 
vulnerable to thermal noise intrinsic to the sensor detectors. 
These sensor-level thermal fluctuations can further degrade 
retrieval accuracy, particularly under low signal conditions or 
in regions with strong spatial variability. In contrast, the 5 km 
product benefits from greater spatial integration, which 
effectively suppresses random noise, including sensor-level  

 

 

Fig. 8. Validation results for the Paris case study. (a) Spatial distribution of all stations in the selected region; (b) Comparison 
between GMLSTM-HIM retrieved IWV and radiosonde observations during winter and summer periods, respectively; (c) IWV 
retrieval performance at the test station, highlighting differences among GMLSTM-HIM, VMF3, GNSS and ERA5 estimates. 

TABLE VII 
STATISTICAL ANALYSIS OF THE RELATIVE DIFFERENCES (Δ) BETWEEN SATELLITE OBSERVATIONS AND GMLSTM-HIM 

ESTIMATES. 

Satellite 

Lindenberg Essen 

Winter Summer Winter Summer 

pM IQR N pM IQR N pM IQR N pM IQR N 

MODIS-
Aqua-1km -0.59 0.27 2591

54 -0.29 0.45 2517
56 -0.43 0.26 1789

21 -0.32 0.39 1613
05 

MODIS-
Aqua-5km 0.01 0.27 1314 -0.01 0.10 5442 0.06 0.23 1645 0.03 0.11 4331 

MODIS-
Terra-1km -0.57 0.33 2579

39 -0.24 0.37 2497
78 -0.40 0.25 1726

60 -0.28 0.28 1701
51 

MODIS-
Terra-5km 0.02 0.12 2321 0.03 0.11 5769 -0.01 0.16 1675 0.06 0.11 3181 

FY-3D - - - -0.63 0.34 2301
54 - - - -0.56 0.40 1869

68 

Satellite 

Meiningen Tuebingen 

Winter Summer Winter Summer 

pM IQR N pM IQR N pM IQR N pM IQR N 

MODIS-
Aqua-1km -0.43 0.21 1365

85 -0.09 0.29 1267
57 -0.64 0.18 1912

12 -0.29 0.30 1719
60 
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MODIS-
Aqua-5km -0.08 0.18 824 0.08 0.15 5828 -0.09 0.18 885 -0.07 0.15 7925 

MODIS-
Terra-1km -0.43 0.22 1381

98 -0.04 0.26 1261
56 -0.61 0.21 1785

51 -0.25 0.30 1845
62 

MODIS-
Terra-5km -0.03 0.11 844 0.15 0.18 5305 -0.11 0.21 847 -0.13 0.15 5247 

FY-3D -0.64 0.12 4768 -0.38 0.26 1468
38 -0.57 0.18 7872

2 -0.53 0.25 2157
32 

thermal noise, and enhances overall signal stability. The 
averaging over larger footprints reduces the impact of pixel-
level radiometric fluctuations, thereby improving the signal-to-
noise ratio. Moreover, cloud masking and water vapor retrieval 
algorithms typically perform more robustly at coarser 
resolutions, where atmospheric and surface conditions exhibit 
less spatial variability, further contributing to more reliable 
retrievals. Consequently, although the 1 km product offers 
greater spatial detail suitable for high-resolution studies, the 
5 km product tends to yield more robust and consistent PWV 
estimates at the regional scale, making it better suited for model 
validation and broader-scale analyses—a pattern that aligns 
well with the findings of our inter-comparison. 

Spatial heterogeneity in model performance is also evident. 
Tuebingen, located in a topographically complex area, exhibits 
the most pronounced biases (pM ≤ −0.64 for MODIS-Aqua-
1km in winter), likely due to the challenges in representing 
moisture gradients over rugged terrain. In addition, the 
accuracy of the MODIS cloud mask can degrade in 
mountainous regions, where complex surface reflectance, 
terrain shadowing, and variable viewing geometry often lead to 
cloud misclassification or undetected thin clouds. These issues 
can introduce further uncertainties in water vapor retrievals. In 
contrast, relatively flat regions such as Essen show much milder 
deviations (pM ≥ −0.43), underscoring the sensitivity of model 
performance to orographic effects. The FY-3D product 
generally exhibits the highest deviations (e.g., −0.63 in 
Lindenberg during summer), which may be attributed to sensor-
specific characteristics, differences in overpass times, or 
retrieval algorithm inconsistencies when compared to MODIS. 
Furthermore, the statistical robustness of these comparisons 
varies with sample size. Observations range from several 
hundred (e.g., 824 matchups for MODIS-Aqua-5km in 
Meiningen winter) to over 250,000 (e.g., 259,154 for MODIS-
Aqua-1km in Lindenberg winter), which strengthens 
confidence in large-sample comparisons but may also amplify 
spatially correlated errors. 

The inter-comparison between GMLSTM-HIM and satellite-
derived IWV products reveals distinct characteristics for 
MODIS and FY-3D datasets in Germany. MODIS products, 
particularly at 5 km resolution, demonstrate better agreement 
with the model (pM: -0.13 to 0.15) and lower variability (IQR: 
0.10-0.27) compared to their 1 km counterparts, which show 
higher spatial detail but larger biases (pM: -0.64 to -0.04). FY-
3D exhibits consistently higher deviations (pM: -0.63 to -0.38) 
across regions. While MODIS proves more reliable for 
operational use due to its balanced resolution and temporal 
coverage, FY-3D can serve as supplementary data. Both 
satellites perform better in flat regions like Essen than in 

complex terrain such as Tuebingen, highlighting the need for 
improved quality control and correction of satellite products in 
mountainous areas. To optimize IWV estimation performance, 
a combined use of MODIS products is recommended—using 1 
km resolution data for high-precision research applications and 
5 km resolution data for operational monitoring—
complemented by FY-3D observations for cross-validation 
purposes, particularly during periods of MODIS data 
unavailability. While the 1 km MODIS IWV product offers 
finer spatial detail, it is more susceptible to retrieval noise, 
cloud contamination, and surface heterogeneity, often leading 
to increased variability and less stable agreement with ground 
truth. In contrast, the 5 km product, though coarser in resolution, 
demonstrates more consistent performance and higher 
correlation with model-based estimates. This highlights a 
practical trade-off between spatial resolution and retrieval 
accuracy: finer-resolution products may capture localized 
features but are prone to higher uncertainty, whereas moderate-
resolution products provide more robust and reliable IWV 
fields, especially in near-real-time contexts. 

Despite these discrepancies, the results validate GMLSTM-
HIM’s fundamental capacity to reconstruct spatially continuous 
IWV fields with flexibility in spatial and temporal resolution. 
Nonetheless, several factors likely contribute to the observed 
biases: input data limitations stemming from ERA5's grid-
based averaging, topographic complexities that are 
insufficiently resolved in DEMs, and inter-sensor discrepancies 
among satellite retrievals. Due to space constraints, a subset of 
representative inter-comparison results is selectively presented 
in Figs. 9 to 11. 

Meanwhile, the uncertainty associated with GMLSTM-HIM 
in IWV inference, quantified as the predictive variance defined 
in (12), is illustrated in Figs. 12 to 14 to demonstrate the 
model’s confidence levels across different spatial and temporal 
domains. Due to space constraints, only selected representative 
cases are presented. Overall, the results demonstrate that the 
uncertainty during the winter period is generally lower than in 
the summer, which can be attributed to the more dynamic and 
variable atmospheric conditions typically observed during the 
summer months. Nevertheless, the overall uncertainty remains 
at a relatively low level across most epochs, suggesting that the 
model demonstrates robust and reliable performance. 

However, certain time periods exhibit notably higher 
uncertainty. A clear example is observed on DOY 170 in 2022, 
as highlighted in Fig. 12. On this day, two specific epochs—
approximately at around 11:00 and 13:00 UTC—display 
elevated uncertainty levels. Referring to the test station results 
at the Meiningen summer station (see Fig. 4), it is evident that 
during this period, the ERA5-derived IWV is substantially 
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Fig. 9. Inter-comparison between FY-3D-1km observations and GMLSTM-HIM estimates during the summer period in Meiningen. 

higher than the corresponding GNSS-derived IWV, while the 
IWV inferred from the VMF3 model is significantly lower. This 
discrepancy reveals a substantial systematic bias in the input 
ZWD values obtained from both ERA5 and VMF3 datasets. 
Such inconsistency in the input time series introduces non-
physical discontinuities, which pose challenges for the model 
in capturing consistent patterns during training and inference, 
thereby leading to elevated uncertainty in the predicted IWV. 
This phenomenon can be explained by the prevailing 
meteorological conditions on DOY 170. During this time, 
Meiningen experienced strong convective activity and a 
heatwave event, characterized by intense surface evaporation 
and rapid development of the atmospheric boundary layer. 
ERA5, being a reanalysis model, tends to overestimate near-
surface humidity under such conditions, particularly within the 
boundary layer, resulting in an overestimation of IWV. 
Conversely, the VMF3 product, which is based on numerical 
weather prediction outputs with relatively low temporal 
resolution (typically 6-hour intervals), may fail to capture the 
rapid moisture build-up occurring around midday. 
Consequently, the VMF3-derived ZWD underestimates the 
actual atmospheric water vapor content, leading to a systematic 
underestimation of IWV. These contrasting biases in the input 
data sources collectively introduce substantial uncertainty into 
the model’s inference process during this period. 

C. Data-Fusion Between GMLSTM-HIM and Satellite-
Derived IWV Products 

To enhance the spatial consistency and reliability of IWV 
estimates, a structured data fusion methodology was 
implemented. This approach involved correcting biases in 
satellite IWV products through linear regression against 
GMLSTM-HIM outputs, followed by spatial resampling to a 
common grid. The corrected satellite data were then averaged 
with the model-derived IWV to produce a fused product that 
integrates both observational accuracy and model-based 
continuity.  

To evaluate the effectiveness of the proposed data fusion 
strategy, two representative cases were analyzed and visualized 
in Fig. 15. Subfigures (a–c) correspond to the FY-3D 1 km 
product on day 164 of 2022 at 11:35 UTC, while subfigures (d–
f) correspond to the MODIS 5 km product on day 335 of 2021 
at 21:55 UTC. To quantitatively demonstrate the benefit of the 
data fusion, the Interpolated RMSE was computed after 
interpolating the model-derived IWV field onto the satellite 
observation grid to ensure spatial consistency. In the 1 km case, 
fusion reduced Interpolated RMSE from 0.7009 mm to 0.3504 
mm. For the 5 km case, Interpolated RMSE decreased from 
0.2870 mm to 0.1435 mm. These improvements indicate that 
the fusion introduces additional satellite-derived details, 
enhancing data consistency. Direct comparison of the satellite-
derived IWV products with the GMLSTM-HIM outputs 
revealed noticeable white noise in their difference fields. This 
noise is likely attributed to inherent uncertainties in satellite 
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sensors, data retrieval algorithms, or potential radiometric 
calibration errors onboard the satellites. To address this issue, a 
data fusion approach was employed, which involved two key 
steps: 1) bias correction of the satellite IWV using linear 
regression, and 2) spatial resampling to align the satellite data 
with the GMLSTM-HIM model’s grid using nearest-neighbor 
interpolation, implemented through a k-d tree structure. 

As shown in subfigures (b) and (c), and (e) and (f), the fused 
IWV fields retain the spatial continuity and low-IWV 
sensitivity characteristic of the GMLSTM-HIM model, while 
also incorporating the satellite-derived observational features. 
The fusion process notably improves regions where the model 
tends to underestimate IWV, particularly under low-humidity 
conditions. In these areas, the satellite data enrich the model’s 
predictions, enhancing the realism of the field. Conversely, in 
regions with sparse or noisy satellite data, the GMLSTM-HIM 
estimates preserve the robustness of the final product. This 
complementary interaction between satellite data and model 
outputs underscores the strength of the fusion strategy in 
balancing the model’s predictive reliability and the satellite’s 
observational coverage, ultimately leading to a more accurate 
and spatially consistent IWV representation. 

In addition to improving general IWV estimation, the fusion 
strategy effectively addresses the problem of extreme outliers 

in satellite data. It is common for satellite-derived IWV 
products to exhibit large or small outliers, often caused by 
uncertainties in the satellite sensors, errors in the retrieval 
algorithms, or radiometric calibration issues. These extreme 
values can significantly degrade the quality of the satellite data 
and introduce scatter in the IWV field. However, the Gaussian 
Mixture Model-based nature of the GMLSTM-HIM output is 
inherently designed to smooth the data, preventing such 
extreme outliers from adversely affecting the final result. 

By fusing the satellite data with the GMLSTM-HIM model 
outputs, the extreme and unreliable values in the satellite data 
are effectively corrected. The smoothing effect of the model 
complements the noise in the satellite data, resulting in a more 
continuous and consistent final IWV field. This fusion process 
excels not only in correcting low level IWV regions, 
particularly under low-humidity conditions, but also in 
mitigating the unreliable effects of extreme outliers in the 
satellite products. Consequently, this approach significantly 
enhances the overall accuracy and reliability of the final IWV 
product, offering a more robust and spatially consistent 
representation suitable for applications in meteorology and 
climate monitoring.  
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Fig. 10. Inter-comparison between MODIS-Aqua-1km observations and GMLSTM-HIM estimates during the summer period in Lindenberg. 

 
 

Fig. 11.  Inter-comparison between MODIS-Terra-5km observations and GMLSTM-HIM estimates during the winter period in Essen. 

 

 
Fig. 12. Uncertainty in GMLSTM-HIM inference during the summer period in Meiningen, corresponding to the inference results shown in Fig. 
8. 
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Fig. 13. Uncertainty in GMLSTM-HIM inference during the summer period in Lindenberg, corresponding to the inference results shown in Fig. 
9. 

 
Fig. 14.  Uncertainty in GMLSTM-HIM inference during the winter period in Essen, corresponding to the inference results 
shown in Fig. 10. 

 
Fig. 15. Data fusion of satellite-derived IWV with GMLSTM-HIM outputs. Subfigures (a), (b), and (c) present results from the 
FY-3D 1 km case on day 164 of 2022 at 11:35 UTC, while subfigures (d), (e), and (f) correspond to the MODIS 5 km case on 
day 335 of 2021 at 21:55 UTC. Due to differences in IWV magnitude, the GMLSTM-HIM and fused results share a common 
color bar scale to facilitate direct comparison.
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V. CONCLUSION 
This study proposes a novel deep learning framework 

GMLSTM-HIM for high-resolution IWV estimation based on 
GNSS -derived ZWD, NWM-derived ZWD and auxiliary 
geophysical features. The model captures spatial correlations 
and temporal evolution of atmospheric moisture with improved 
accuracy. 

Validation at GNSS test stations shows that GMLSTM-HIM 
achieves a mean RMSE of 0.83 mm and MB of −0.3 mm, 
outperforming ERA5 (RMSE: 2.63 mm, MB: 2.08 mm) and 
VMF3 (RMSE: 1.30 mm, MB: 0.36 mm). These results 
correspond to RMSE reductions of 68.44% over ERA5 and 
36.15% over VMF3. Although minor MB deviations remain at 
stations like Meiningen, especially in winter, the overall 
magnitude remains low, confirming reliable model 
performance. Correlation coefficients with GNSS-derived IWV 
reach ~0.99, indicating strong agreement. Cross-validation with 
radiosonde IWV further demonstrates robustness, with all 
correlation coefficients above 0.9. RMSE comparisons show 
GMLSTM-HIM performs similarly to VMF3 and better than 
ERA5 in most cases. A paired t-test confirms that the 
improvement over ERA5 is statistically significant (p = 
0.01639), while differences with VMF3 are not (p = 0.68663), 
indicating competitive accuracy. 

Beyond point-based evaluation, the model reconstructs 2D 
IWV fields across four regions. Comparisons with MODIS and 
FY-3D satellite IWV reveal consistent spatial patterns and 
highlight the influence of resolution, season, and topography. 
MODIS-5 km products show better agreement (e.g., pM: −0.13 
to 0.15; IQR: 0.10–0.27), while 1 km products display higher 
variability. FY-3D shows larger deviations (pM: −0.63 to 
−0.38), likely due to sensor-specific differences. 

Uncertainty estimation results indicate low overall predictive 
uncertainty, particularly in winter. Notable spikes occur during 
convective or unstable conditions, such as DOY 170 in 2022. 
On this day, strong discrepancies between input sources (ERA5 
overestimation, VMF3 underestimation) under convective 
activity increased inference uncertainty. This highlights the 
model's sensitivity to input quality during extreme weather 
events. 

During the data fusion process between satellite observations 
and GMLSTM-HIM outputs, high-frequency random 
fluctuations—characteristic of white noise—were identified 
within the satellite IWV datasets. These residuals remained 
evident in the discrepancies between satellite and GMLSTM-
HIM estimates, thereby complicating systematic bias correction. 
This phenomenon underscores the inherent sensitivity of 
satellite retrievals to noise, cloud contamination, and surface 
heterogeneity, highlighting the necessity of incorporating 
denoising strategies in the future development of satellite-
derived IWV products. 

In summary, GMLSTM-HIM offers accurate, 
spatiotemporally flexible, and robust IWV estimation. It 
consistently outperforms ERA5 and shows performance 
comparable to VMF3, with added benefits such as uncertainty 
quantification and adaptability to complex atmospheric 
dynamics. These advantages support its application in both 
research and operational IWV retrieval, especially in data-
sparse or rapidly changing environments. Future work will 

focus on extending the proposed framework to oceanic regions 
and integrating BeiDou B2b-PPP tropospheric parameters to 
further enhance its retrieval capability and spatial applicability. 
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