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A Novel Optimized Hybrid VMD-PCA-XGBoost
Model for Forecasting Precipitation: Exemplified by

the Beijing-Tianjin-Hebei Study Region in China
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Abstract—Extreme precipitation events pose significant chal-
lenges to societal infrastructure and environmental stability, partic-
ularly in vulnerable regions like the Beijing-Tianjin-Hebei area of
China. Traditional forecasting methods, such as numerical weather
prediction, radar nowcasting, downscaling techniques, etc., fre-
quently fail to capture the complex nonlinear dynamics of such
events. In this study, we propose a novel hybrid model, variational
mode decomposition-principal component analysis-extreme gra-
dient boosting (VMD-PCA-XGBoost), which integrates VMD for
effective signal processing, PCA for dimensionality reduction, and
XGBoost for enhancing predictive accuracy. Utilizing the 2023 data
from 13 global navigation satellite system and meteorological sta-
tions, our model, when rigorously compared with those of XGBoost
and empirical mode decomposition-based models, achieves supe-
rior performance, with average critical success index, probability
of detection, and false alarm rate of 52.14%, 73.07%, and 35.98%,
respectively. These findings underscore the model’s robustness and
precision, offering a promising tool for improving precipitation
forecasts. This study not only advances the methodological frame-
work for atmospheric forecasting but also provides critical insights
for enhancing disaster preparedness and mitigation strategies in
climate-sensitive regions.

Index Terms—Beijing-Tianjin-Hebei, empirical mode
decomposition (EMD), extreme gradient boosting (XGBoost),
precipitation prediction, variational mode decomposition (VMD).

I. INTRODUCTION

EXTREME precipitation events, such as floods, landslides,
and debris flows, have become increasingly frequent and
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severe worldwide due to the intensification of global climate
change. These events result in significant casualties, infrastruc-
ture damage, and socioeconomic disruption [1], [2]. Recent
examples include the 2021 floods in Tennessee, catastrophic
flooding in Germany and Belgium, and heavy rainfall in Henan,
China [3], [4], [5]. These incidents underscore the urgent need
for improved precipitation forecasting systems to mitigate the
impacts of such extreme weather events.

Traditional precipitation forecasting methods, such as nu-
merical weather prediction (NWP) and remote sensing (RS)
approaches, have been instrumental in weather prediction but
often struggle with the nonlinear dynamics of extreme events [6],
[7], [8]. The advent of global navigation satellite system (GNSS)
data has opened new avenues for estimating atmospheric water
vapor content, offering a promising tool for enhancing pre-
cipitation prediction [9], [10]. However, these methods face
challenges in accurately capturing the complex interactions and
nonlinear relationships inherent in extreme precipitation events,
particularly in regions with diverse and varied topography like
Beijing-Tianjin-Hebei. Research works proved that the fore-
casting capability of NWP is limited in complex terrain region
due to the initial data uncertainties, computational errors, and
atmospheric randomness, such as in the Sierras de Córdoba,
mountains of western Canada and the north-western US [11],
[12]. While, studies for precipitation forecasting in Ethiopia
and other complex terrain demonstrated that remote sensing
is significantly susceptible to weather conditions, resulting in
poor performance in precipitation prediction in adverse weather
[13], [14]. As for GNSS, experiments found that the observation
processing process is quite complex, subject to tropospheric and
ionospheric delays, multipath effects and other interfering fac-
tors, besides, its indirect correlation with precipitation presents
challenges in capturing the involved complex interactions [15],
[16], [17]. Therefore, it is difficult to overcome these challenges
primarily and mainly because extreme precipitation events
involve multiscale, multivariable nonlinear coupling mecha-
nisms. The traditional precipitation forecasting methods are
limited in their data fusion capabilities and model flexibility,
making it difficult to fully represent and adapt to the complex
atmospheric physical processes and abrupt features associated
with precipitation formation.

Machine learning techniques, such as neural networks, ran-
dom forest, and gradient boosting, have emerged as power-
ful tools for high-precision precipitation forecasting due to
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their capabilities in analyzing and processing nonlinear and
nonstationary signals (e.g., [18], [19], [20], [21], [22], [23]).
These methods have demonstrated significant improvements
in forecast accuracy across various contexts. For instance, an
extended long short-term memory (ConvLSTM) network used
for precipitation nowcasting achieved a critical success index
(CSI) of 57.7%, a false alarm rate (FAR) of 19.5%, and a
probability of detection (POD) of 66% [18]. Similarly, hy-
brid models combining wavelet analysis with artificial neural
networks have outperformed traditional models in forecasting
precipitation [19].

Recent advancements include the integration of machine
learning with radar-based forecasting, where methods like ran-
dom forest have reduced false alarm rates and increased the
success rate of precipitation forecasts (e.g., [21]). The neural
network MetNet-2, designed for forecasting rapidly changing
precipitation variables up to 12 hours ahead, has shown superior
accuracy and efficiency compared to traditional physics-based
models [22]. Additionally, hybrid models such as XGBoost com-
bined with numerical weather prediction (NWP) bias correction
have achieved notable performance improvements [23].

Inspired by the advances in empirical mode decomposition
(EMD) and neural networks, researchers have developed inno-
vative models for precipitation forecasting. For example, a mul-
tivariate empirical mode decomposition-time dependent intrin-
sic cross-correlation-LSTM model effectively captures extreme
events (e.g., [24]). Other studies have combined singular spec-
trum analysis and EMD with light gradient boosting machine
and XGBoost to enhance long-term rainfall estimation accuracy
(e.g., [25]).

In addition to machine learning and mode decomposition,
principal component analysis (PCA) has been widely used in
precipitation forecasting as it helps, on one hand, in predict-
ing rainfall by explaining variance and distinguishing between
rain and no-rain scenarios, and, on the other hand, in improv-
ing computational efficiency by reducing temporal dimensions
[26], [27].

These studies collectively indicate that machine learning
based methods such as EMD, VMD, PCA, and their combina-
tions hold significant promise for improving precipitation fore-
casting. The multimodel ensemble approach is widely regarded
as an effective strategy for leveraging individual model strengths
and enhancing climate projections [28], [29]. However, there
remains room to enhance forecasting accuracy and robustness,
particularly in regions where the frequency and intensity of
heavy precipitation events are rising such as Beijing-Tianjin-
Hebei area [30]. Despite these advancements, few studies have
specifically focused on such diverse and complex regions, high-
lighting a critical gap in the literature. Addressing this gap
is essential, given the persistent challenges in meteorology
posed by intensified climate instability from global warming
[31], [32].

In response to these challenges, therefore, we propose a
novel hybrid model, VMD-PCA-XGBoost, designed to exploit
and access the advantages of the three models in order to
achieve high-accuracy precipitation forecasts for these diverse
and complex regions. It has been demonstrated that, compared
with EMD, VMD’s variational optimization framework avoids

mode mixing—a critical weakness of EMD—by enforcing
orthogonality and bandwidth constraints on decomposed modes
[33], [44]. This ensures robust noise reduction while preserving
signal integrity. It is particularly important for large datasets,
as excessive dimensionality may lead to overfitting or increased
computational complexity. These issues can be effectively mit-
igated by PCA. PCA based a dimensionality reduction mech-
anism can reduce redundant features, thereby enhancing the
training efficiency and predictive accuracy of XGBoost [34]. By
integrating these advanced techniques, the VMD-PCA-
XGBoost model addresses the limitations of existing methods,
offering a comprehensive approach to capturing the complex
dynamics of extreme precipitation events.

To validate the robustness, reliability, and accuracy of the
proposed VMD-PCA-XGBoost model, we conducted compre-
hensive comparisons with existing models such as XGBoost,
EMD-XGBoost, and VMD-XGBoost.

This study not only advances the methodological framework
for atmospheric forecasting but also provides critical insights
for enhancing disaster preparedness and mitigation strategies
in topographically challenging areas. By focusing on the
Beijing-Tianjin-Hebei area, this research contributes to a
deeper understanding of regional climate dynamics and offers
a scalable solution that can be adapted to other regions facing
similar challenges.

II. DATA AND METHODS

A. Study Region

The Beijing-Tianjin-Hebei region, a key economic zone in
China, is particularly vulnerable to extreme weather events due
to its location on the northern edge of the East Asian Summer
Monsoon and its diverse topography [35]. In late July to early
August 2023, the region experienced extreme heavy rainfall
that triggered mountain floods, mudslides, and bridge collapses,
resulting in approximately 165.8 billion RMB in economic
losses and casualties [36]. Over the past two decades, this
region has frequently experienced extreme heavy precipitation,
highlighting the critical need for high-precision precipitation
forecasting to aid governmental and public preparedness, imple-
ment effective measures to reduce disaster losses, and strengthen
safety and social stability.

B. Data

The data used in this study include GNSS data, meteorological
data, radiosonde data, and the fifth-generation European Center
for Medium-Range Weather Forecasts Reanalysis (ERA5) data.
In this experiment, the radiosonde data1 were obtained from
the Integrated Global Radiosonde Archive (IGRA), with a time
resolution of 12 hours. The GNSS data were applied from the
National Earthquake Data Center of China, with a sampling
interval of 30 seconds. ERA5 reanalysis data2 were released
by the European Centre for Medium-Range Weather Forecasts
(ECMWF), with a temporal resolution of 1 h and a spatial

1 [Online]. Available: ftp://ftp.ncdc.noaa.gov/pub/data/igra
2 [Online]. Available: https://cds.climate.copernicus.eu/datasets

https://cds.climate.copernicus.eu/datasets
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Fig. 1. Distribution map of showing monitoring stations in Beijing-Tianjin-
Hebei region of China. (a) Location of North China, (b) location of the
Beijing-Tianjin-Hebei region within North China, and (c), elevation and station
distribution in the Beijing-Tianjin-Hebei region.

resolution of 0.25°×0.25°. Meteorological data3 were collected
from the QWeather platform, also with a time resolution of 1
hour.

The distribution of the GNSS, meteorological, and RS stations
are shown in Fig. 1. The data time span ranges from 1 January
2023 to 27 October 2023, covering a total of 300 days.

In this study involving comprehensive analysis with ra-
diosonde data and other data, due to missing entries in the ra-
diosonde dataset, only the timestamps with available radiosonde
data were retained, and other datasets were aligned accordingly
to ensure temporal consistency. For other experiments without
radiosonde data, all datasets shared a 1-h resolution and thus did
not require temporal alignment. All values of missing meteoro-
logical data were filled using the mean values.

The meteorological data adjustment equations for pressure
(P) and temperature (T) are based on the tropospheric model
developed by Zhu et al. [37], as shown in the following equations.
Relative humidity (RH) and hourly precipitation (R1h) were
interpolated using the inverse distance weighting method

T = T0 − β (h− h0) (1)

P = P0 [1− τ (h− h0)]
g·M
R·β (2)

g = 9.8063 ·
{
1− 10−7h+ h0

2
[1− 0.0026373 · cos (2ϕ)

+ 5.9 · 10−6 · cos2 (2ϕ)]
}

(3)

where T is the temperature at the GNSS station (K), T0 is the
temperature at the meteorological station (K), P and P0 are the
air pressures at the GNSS and meteorological stations (hPa),
respectively, h and h0 are the elevations at the GNSS and mete-
orological stations (m), M is the molar mass of air (0.0289644
kg/mol), R is the ideal gas constant (8.31432 J/K·mol), g is the
coefficient of gravity, ϕ is the latitude (rad), β is the temperature
lapse rate, and τ is the ratio of temperature to lapse rate.

3 [Online]. Available: https://q-weather.info/account/profile/

Radiosonde stations are generally not colocated with GNSS
stations, however, if the horizontal distance between a ra-
diosonde station and a GNSS station is less than 50 km and the
elevation difference is less than 200 m [38], [39], the radiosonde
station is considered to be colocated with the GNSS station.

C. Methods

1) Establishment of the Atmospheric Weighted Mean Tem-
perature Model: In ground-based GNSS water vapor retrieval,
obtaining real-time precipitable water vapor (PWV) is crucial,
which also requires real-time atmospheric weighted mean tem-
perature (Tm). Therefore, it is necessary to develop a localized
Tm model. However, most localized Tm models are based
on radiosonde data. Given the severe shortage of radiosonde
data in the study region, studies have shown that Tm derived
from the fifth-generation European Center for Medium-Range
Weather Forecasts Reanalysis is relatively consistent with results
obtained from radiosonde data (e.g., [40]).

Tm can be calculated based on the numerical integration
method using ERA5 data and radiosonde data as follows [37]:

Tm =

∫
ei
Ti
dh∫

ei
T 2
i
dh

(4)

where h is the vertical height above the station, and eiand Ti

are the water vapor pressure and temperature of the ith pressure
level, respectively.

Therefore, it is possible to construct a localized Tm model
using those derived from ERA5 data along with ground meteoro-
logical factors. In this study, the linear Tm—Ts model proposed
by Huang et al. [41] is employed to calculate the Tm from the
following equation:

Tm (Ts, h, ϕ, λ,DOY) = a0 + a1Ts + a2h+ a3ϕ

+b1 cos

(
DOY
365.25

·2π
)
+b2 sin

(
DOY
365.25

·2π
)
+b3 cos

( DOY
365.25

· 4π
)
+ b4 sin

(
DOY
365.25

· 4π
)

(5)

whereTs is the surface temperature (K),h is the station elevation
(m), ϕ is the latitude (rad), DOY is the days of the year, and a0,
a1, a2, a3, b1, b2, b3, b4 are the model coefficients.

Based on (5), the fitting coefficients are derived using ERA5
data from 2021 to 2023 and radiosonde data from 2016 to
2018, respectively. The Tm calculated from radiosonde data
in 2019 is taken as the reference value as radiosonde data is
severely lack. Tm values calculated using ERA5 data, the Bevis
empirical formula, global pressure and temperature (GPT) 3_1,
and GPT3_5 models are evaluated for accuracy by those derived
from radiosonde data, respectively.

2) GNSS PWV Retrieval: The PRIDE Lab at GNSS Research
Center of Wuhan University has developed an open-source
software for GPS precise point positioning ambiguity resolution
(PPP-AR) (i.e., PRIDE PPP-AR) [42]. In this study, Zenith Wet
Delay (ZWD) is directly obtained from GNSS data using the
PRIDE PPP-AR software. Tm values of 13 GNSS stations are
then calculated based on the formula of the established Tm

https://q-weather.info/account/profile/
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model and surface temperature. The GNSS PWV is retrieved
using the derived ZWD and Tm as follows:

PWV = Π · ZWD =
106

ρwRv

(
K3

Tm
+K ′

2

) · ZWD (6)

where Π is the water-gas conversion factor; ρw is the density
of liquid water, which takes the value of 1×103Kg/m3; Rv is
the water vapor gas constant, which takes the value of 461.495
J/kg·K; and K3 and K ′

2 are both gas constants, which take the
values of 3.739×105, and 22.13 K/hPa, respectively.

3) Empirical Mode Decomposition: Empirical mode decom-
position is a signal processing technique proposed by Huang
et al. [43] for analyzing nonlinear and non-stationary signals. It
decomposes a complex signal into several simple intrinsic mode
functions (IMFs) to extract local features of the signal. The main
steps are as follows.

Step 1: Identifying extremes. All the local maxima and minima
of the original signal are identified.

Step 2: Interpolation. Spline interpolation is performed on the
identified maxima and minima to obtain the upper and lower
envelope curves.

Step 3: Computing the mean. The mean envelope is computed
as the average of the upper and lower envelope curves.

Step 4: Extracting the first IMF. The first IMF is obtained by
subtracting the mean envelope from the original signal. The
extracted IMF is then checked for the following conditions:
1) The number of extrema should differ by at most one from
the number of zero crossings; 2) the number of extrema should
be equal to the number of zero crossings.

Step 5: Iteration. The residual signal (original signal minus the
extracted IMF) is treated as the new input signal. Steps 1 to
4 are repeated until the residual signal is either stationary or
monotonic.

4) Variational Mode Decomposition: Variational mode de-
composition (VMD) is a signal processing method proposed by
Dragomiretskiy and Zosso [44], aimed at decomposing complex
signals into multiple modes with specific frequency components.
Compared to traditional time-frequency analysis methods such
as EMD, ensemble empirical mode decomposition, and com-
plete ensemble empirical mode decomposition with adaptive
noise, VMD excels in noise reduction and feature extraction.
The decomposition steps of VMD are outlined as follows.

Step 1: Parameter setting. The number of modes to be decom-
posed, denoted asK, and the penalty factorα, are determined.
In this study, only K and α are set.

Step 2: Optimization problem formulation. An optimization
problem is formulated to minimize the following objective
function:

min
{μk}

{
K∑

k = 1

[
‖ ∂

∂t
μk + λk · (μk∗ejωkt

) ‖2 + α · ‖μ̂k‖2
]}

(7)

where μk is the kth mode component, λk is the Lagrange
multiplier, and μ̂k is the Fourier transform of the mode.

Step 3: Iterative solution. The optimization problem is solved
iteratively using algorithms such as the alternating direc-
tion method of multipliers (ADMM), until convergence is
achieved by Dragomiretskiy and Zosso [44]. In each iteration,
the mode μk and the Lagrange multiplier λk are updated.

Step 4: Mode extraction. The modes μk are extracted from the
optimization results. Each mode corresponds to a different
frequency component, capturing distinct features of the sig-
nal.

5) Principal Component Analysis: Principal component
analysis (PCA) is a statistical technique used for dimensionality
reduction and feature extraction. It projects the original data
onto a new coordinate system through linear transformation,
such that the axes of the new system (the principal components)
can explain the maximum variance in the data. The specific steps
are as follows.

Step 1: Data standardization. The data is standardized using (8)
so that each feature has a mean of 0 and a variance of 1. This
step is essential because PCA is sensitive to the scale of the
data

Z =
X − μ

σ
(8)

where Z is the standardized value, X is the original data, μ
is the mean, and σ is the standard deviation.

Step 2: Computation of the covariance matrix. The covariance
matrix of the standardized data is calculated to describe the
relationships between different features.

C =
1

n− 1
ZTZ (9)

where n is the number of samples.

Step 3: Computation of eigenvalues and eigenvectors. Singular
value decomposition (SVD) is applied to gain the covariance
matrix by the following equation, and the top K eigenvectors
u(1), u(2),u(3), …,u(K) corresponding to the largest eigenval-
ues are selected:

[U, S, V ] = svd (C) (10)

where U and V represent the left and right singular vectors
of C, respectively, and S is a diagonal matrix containing the
singular values of C.

Step 4: Selection of principal components (PC). The top r
eigenvalues and their corresponding eigenvectors are selected
based on their magnitude. Different values of K are chosen
and iteratively computed. The smallest K value meeting the
condition given by the below equation is selected

1
m

∑m
i = 1 ‖Z(i) − Z

(i)
approx‖2

1
m

∑m
i = 1 ‖Z‖2 ≤ t (11)

whereZapprox is the approximation in PCA space after dimension
reduction, t is the threshold value, and m is the number of
samples. For instance, if t = 0.05, this means that the PCA
algorithm retains 95% of the main information.
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Fig. 2. XGBoost algorithm flowchart. The orange and purple boxes represent
the model training process and results, respectively.

Fig. 3. VMD-PCA-XGBoost model flowchart.

6) XGBoost: XGBoost is an efficient gradient boosting al-
gorithm widely used for classification and regression tasks. It
works by constructing multiple decision trees and optimizing
the loss function at each iteration, thereby enhancing the model’s
predictive performance. The algorithm’s flowchart is shown in
Fig. 2.

The objective function is defined as follows [45]:

L (∅) =

n∑
i=1

l (yi, ŷi) +

K∑
k = 1

Ω(fk) (12)

where i is the ith sample, yi is the observed value, ŷi represents
the predicted value, l is a loss function, and Ω is a regularization
term used to penalize the model complexity in order to avoid
overfitting. L(∅) is the expression in linear space.

The tree ensemble model (13) is used for further model train-
ing. A new function ft is introduced to minimize the following
objective:

Ω (f) = γT +
1

2
λ

T∑
j = 1

ω2
j (13)

L(t) =

n∑
i=1

l
(
yi, ŷ

(t−1)
i + ft (xi)

)
+

K∑
k=1

Ω(fk) (14)

where γ is the complexity of each leaf, T denotes the total
number of leaves, λ is a tradeoff parameter, ωj tabulates the
score of the j − th leaf, and xi is the i− th input data.

Equation (14) is approximated by the Taylor series expansion
as follows:

L(t) ≈
n∑

i = 1

[
l
(
yi, ŷ

(t−1)
i

)
+ gift (xi) +

1

2
hif

2
t (xi)

]

TABLE I
CONFUSION MATRIX

+

K∑
k = 1

Ω(fk) (15)

gi = ∂ŷ(t−1) l
(
yi, ŷ

(t−1)
)

(16)

hi = ∂2
ŷ(t−1) l

(
yi, ŷ

(t−1)
)

(17)

where gi and hi are the first and second step statistics of the loss
function, respectively, and are constant terms in the equation.
Simplifying (15) yields the following:

L(t) =
n∑

i=1

[
gift (xi) +

1

2
hif

2
t (xi)

]
+Ω(ft) . (18)

Substituting the parameters of the decision tree into the
objective function, the sample set of the jth leaf is defined
as Ij = {i|q(xi = j)}. Expanding Ω, (18) can be rewritten as
e (19). The optimal weight ω∗

j of the j leaf is given by the
following:

L(t) =

T∑
j=1

⎡
⎣∑
i∈Ij

gi +
1

2

⎛
⎝∑

i∈Ij
hi + λ

⎞
⎠ω2

j

⎤
⎦+ γT (19)

ω∗
j = −

∑
i∈Ij gi∑

i∈Ij hi + λ
. (20)

The optimal value L(t) is obtained by calculation

L(t) = −1

2

T∑
j = 1

(∑
i∈Ij gi

)2

∑
i∈Ij hi + λ

. (21)

7) Evaluation Metrics: In this article, the accuracy of the
forecast model is validated using the standardized weather fore-
cast evaluation league shown in Table I.

In the context of precipitation, a positive instance represents
the occurrence of rain, while a negative instance represents no
rain. This study applies CSI, POD, and FAR as performance
evaluation metrics for the model. To ensure accurate precipita-
tion forecasting, an ideal model is expected to yield large CSI
and POD values while minimizing the FAR. The calculation
equations for these metrics are as follows:

CSI =
TP

TP + FN + FP
(22)

POD =
TP

TP + FN
(23)

FAR =
FP

TP + FP
. (24)

This study uses the root mean square error (RMSE), mean
absolute error (MAE), and mean square error (MSE) to assess
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Fig. 4. Precipitation forecasting technical roadmap of data preparation (Step 1), VMD-PCA-XGBoost model (Step 2), results evaluation (including single model
and other combined models) (Step 3), and display of forecasting result of the optional model.

Fig. 5. Comparison of achieved Tm and their accuracy calculated by different models. (a), (b) Tm results for meteorological station 53798 and their accuracy.
(c), (d) Tm results for meteorological station 54401 and their accuracy. (e), (f) Tm results for meteorological station 54511 and their accuracy. The locations of
these meteorological stations are shown in the blue circles in subgraph (c) of Fig. 1. Tm-E and Tm-I are models fitted using ERA5 data and RS data, respectively,
while Bevis and GPT3 are widely used models for estimating Tm.
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the accuracy of the Tm model. The calculation equations are as
follows:

RMSE =

√∑n
i=1 (Xi −X ′

i)
2

n
(25)

MAE =

∑n
i=1 |Xi −X ′

i|
n

(26)

MSE =

∑n
i=1 (Xi −X ′

i)
2

n
(27)

where Xi represents the i− th value to be assessed, X ′
i repre-

sents the i− th reference value, and n represents the number of
samples.

D. Combined Forecasting Model

Based on the above calculated results and algorithms, this
study constructs a novel hybrid model of VMD-PCA-XGBoost,
as illustrated in the flowchart in Fig. 3. The technical roadmap
is shown in Fig. 4.

III. RESULTS

A. Establishment and Evaluation of the Tm Model Exemplified
in the Beijing-Tianjin-Hebei Region

This study uses the built-in MATLAB function (named fitlm)
to calculate and obtain the coefficients of the Tm fitting model.
This function employs the least squares algorithm to determine
the optimal parameters of the linear regression model by mini-
mizing the squared error between the predicted values and the
actual observed values, thereby achieving effective data fitting.

The Tm values calculated using the IGRA data from the three
sounding stations in the Beijing-Tianjin-Hebei region in 2019
are taken as reference values to evaluate the accuracy of the
Tm-E, Tm-I, Bevis, GPT3-1, and GPT3-5 models. Among these,
Tm-E and Tm-I are models fitted using ERA5 data and RS data,
respectively, while Bevis and GPT3 are widely used models
for estimating Tm. The calculation results of each model and
their corresponding MAE, RMSE, and MSE values are shown
in Fig. 5.

In Fig. 5(b), (d), and (f), radar charts are adopted to present the
accuracy evaluation metrics, such as MAE, RMSE and MSE, of
different Tm estimation models at the radiosonde stations 53798,
54401, and 54511. In the radar charts, three axis radiating from
the center represents MAE, RMSE, and MSE in clockwise order,
respectively, and the magnitude of each metric is indicated by
concentric circular grids. The closer the metric value is to the
center of the circle, the higher the accuracy, and vice versa, the
lower the accuracy.

As shown in Fig. 5, the Tm-E model consistently demonstrates
smaller MAE, RMSE, and MSE values at all three stations
compared to the other four Tm models (Tm-I, Bevis, GPT3-1,
and GPT3-5). The accuracy evaluation metrics value lines of
Tm-E are generally closer to the center of the radar charts
compared with those of other models, indicating superior per-
formance in all three accuracy evaluation metrics. Therefore,
the Tm-E model is selected for GNSS PWV retrieval in this

Fig. 6. VMD decomposition results of the GNSS station BJFS. (a)–(e) shows
pressure, temperature, relative humidity, precipitable water vapor, and zenith
tropospheric delay decomposition sequence, respectively.

study. In contrast, the Bevis and GPT3-based models exhibit
relatively larger errors at some stations, with particularly notable
deviations along the MSE axis, suggesting comparatively lower
estimation accuracy.

B. VMD Decomposition Results

Taking the GNSS station BJFS as an example, the VMD
decomposition results of pressure (P), temperature (T), RH,
PWV, and zenith tropospheric delay (ZTD) are shown in Fig. 6.

C. Precipitation Forecasting Model Results and Analysis

This study applies the VMD method to decompose P, T,
RH, PWV, and ZTD data from each GNSS station, followed
by PCA dimensionality reduction (i.e., Step 1 in Fig. 4). The
VMD dimensional-reduced data and hourly precipitation (R1h)
data are used as input data for the VMD-PCA-XGBoost model
(i.e., Step 2 in Fig. 4). Additionally, the original data (P, T, RH,
PWV, ZTD, R1h) is used to train the XGBoost model. The EMD
and VMD decomposed subsequences are separately used with
R1h as input data for the EMD-XGBoost and VMD-XGBoost
models. The EMD-reduced data combined with R1h is used
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Fig. 7. Forecasting results of XGBoost, EMD-XGBoost, VMD-XGBoost, EMD-PCA-XGBoost, and VMD-PCA-XGBoost. (a) and (b) display the true
precipitation values and the forecasting results on six GNSS stations with these five models and biases between them. The locations of these GNSS stations
are shown with the red five-pointed star in subgraph (c) of Fig. 1.

as input data for the EMD-PCA-XGBoost model (i.e., Step 3 in
Fig. 4). Finally, the predictive performances of these five models
are compared and analyzed.

This study predicts precipitation at 13 GNSS stations in
the Beijing-Tianjin-Hebei region using five models, calculating
forecasting biases and evaluation metrics. For brevity, this study
presents only the results of six GNSS stations in Fig. 7(a) and
(b) with the rest provided in the supplementary material.

As shown in Fig. 7(a), the predicted values of the VMD-
PCA-XGBoost model owns the best agreement with the true
values, while the forecasting results of other models show greater
discrepancies from the true values. From Fig. 6(b), it is evident
that the models with the larger biases are the XGBoost model,
followed by the EMD-XGBoost model and the VMD-XGBoost
model.

The model evaluation metrics for all stations are presented in
Fig. 8. As shown in Fig. 8(a)–(c), for an individual station, the
VMD-PCA-XGBoost model achieves a CSI of over 70%, POD
reaching 100%, and FAR as low as 20% . For the HEZJ and TJBD
stations, the performance of the EMD-PCA-XGBoost model
outperforms that of the VMD-PCA-XGBoost model, which may
be due to the fact that the data from these two stations are
more suitable for EMD decomposition. The specific data for the
average evaluation metrics of all models are shown in Fig. 8(d).

Comprehensively, Fig. 8 illustrates that the VMD-PCA-
XGBoost model outperforms the other models in terms of per-
formance. Both CSI and POD show improvements or significant
improvements compared to the other models, while the FAR
generally decreases across the board. Specifically, compared
to the XGBoost model, CSI of VMD-PCA-XGBoost increases
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Fig. 8. Distribution of model evaluation metrics of CSI, POD (b) and FAR (c) for all stations, and the average values of the forecasting evaluation metrics of
XGBoost, EMD-XGBoost, VMD-XGBoost, EMD-PCA-XGBoost, and VMD-PCA-XGBoost models.

by 39.63%, POD by 59.11%, and FAR decreases by 6.29% .
Compared to the EMD-XGBoost model, CSI of VMD-PCA-
XGBoost increases by 44.51%, POD by 63.75%, and FAR
decreases by 24.53% . Compared to the VMD-XGBoost model,
CSI of VMD-PCA-XGBoost improves by 41.70%, POD by
61.06%, and FAR reduces by 16.76% . Even when compared
to the EMD-PCA-XGBoost model, the VMD-PCA-XGBoost
still demonstrates a 19.65% increase in CSI, 31.09% in POD,
and 2.65% decrease in FAR, indicating overall best performance
of VMD-PCA-XGBoost model.

The above analysis proved that, VMD-PCA-XGBoost model
exhibits the best predictive performance among all the models
evaluated. Compared to the EMD algorithm, VMD effectively
avoids mode mixing and is more stable when processing signal
edges.

In summary, the XGBoost combined model with VMD and
PCA outperforms the single XGBoost model, EMD-XGBoost
model, VMD-XGBoost model, and EMD-PCA-XGBoost model
in forecasting performance.

The results and analysis demonstrate the effectiveness of the
proposed model in the study region, while its applicability to
other geographic regions and under diverse climatic conditions,
including extreme weather events, still requires further inves-
tigation. Besides, current limitations of VMD-PCA-XGBoost
include reliance on dense GNSS networks, which may hinder
applicability in data-sparse regions, therefore, the method is
expected to be generalizable to other regions provided sufficient
GNSS and meteorological data are available. Additionally, the
model’s performance under sub-hourly precipitation extremes
warrants further testing. To improve the model’s adaptability in

extreme weather scenarios not covered by the current dataset, fu-
ture work integrating multisource data to enhance the reliability
and robustness of the prediction will be carried out thoroughly.

IV. CONCLUSION

Given the frequent occurrence of extreme heavy precipitation
in complex terrain regions with the limitations of traditional
forecasting methods, this study introduces a novel hybrid model,
VMD-PCA-XGBoost, for high-precision precipitation forecast-
ing using GNSS water vapor inversion. This approach effectively
integrates multiple data sources and advanced techniques, sig-
nificantly enhancing the accuracy and reliability of precipitation
predictions.

The key contributions of this study include the development
of a practical regional Tm model and the establishment of an
optimized precipitation forecasting model. The process involves
decomposing multiple meteorological factors, such as pressure,
temperature, relative humidity, precipitable water vapor, and
zenith total delay, into intrinsic mode components using VMD.
PCA is then applied to reduce the dimensionality of these
components, which are combined with precipitation data to
serve as input for the model. Exemplified by the Beijing-Tianjin-
Hebei region of China, specifically, the proposed VMD-PCA-
XGBoost model demonstrates superior performance compared
to XGBoost, EMD-XGBoost, VMD-XGBoost, and EMD-PCA-
XGBoost models.

In the Beijing-Tianjin-Hebei region, the GPT model and Bevis
empirical formula show limited applicability for calculating
Tm, particularly the GPT model, which exhibits the poorest
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performance in terms of MAE, RMSE, and MSE at the three
sounding stations. Conversely, precision evaluations of the Tm
model using ERA5 and sounding data indicate that ERA5 data
can effectively construct a regional Tm model in the absence of
sounding data, facilitating real-time GNSS PWV estimation.

The precipitation forecasting results using the EMD and
VMD-based XGBoost combined models reveal that EMD may
introduce significant errors at the time series boundaries, known
as end-point effects, which can degrade the precision of the over-
all results. The meteorological data’s instability due to climatic
fluctuations introduces noise, to which EMD is highly sensitive,
potentially failing to decompose signals effectively under high-
noise conditions. In contrast, VMD’s frequency-domain analysis
method is more stable when processing edges signal and exhibits
greater resistance to noise in high-noise environments.

The application of VMD denoising and PCA dimensionality
reduction enhances the performance of the XGBoost model. Ex-
periment results show that, compared with the XGBoost, EMD-
XGBoost, VMD-XGBoost, and EMD-PCA-XGBoost models,
the VMD-PCA-XGBoost model provides the highest reliabil-
ity and accuracy in precipitation forecasting (except for the
HEZJ and TJBD stations), followed by the EMD-PCA-XGBoost
model. At the HECX station, the CSI achieved by the VMD-
PCA-XGBoost model reached 75%, demonstrating greater reli-
ability compared to similar models used in previous studies [18],
[21]. For instance, based on ConvLSTM networks, the CSI was
only 57.7% [18], and, based on machine learning method of
Random Forest, the CSI of all stations only reached 49% [21].

V. DISCUSSION

The study confirms the VMD-PCA-XGBoost model’s supe-
riority in robustness, reliability, and precision for precipitation
forecasting. The proposed hybrid model shows significant ap-
plication potential and can be applied to other extreme weather
events, such as typhoon and sandstorm, etc. For typhoon fore-
casting, the model can be integrated with satellite-based cloud
imagery and sea surface temperature (e.g., from the Fengyun
satellite series), along with surface observations of pressure
and wind speed. By capturing the nonlinear interactions be-
tween typhoon paths, intensity, and surrounding atmospheric
variables, the model facilitates short term and imminent precip-
itation prediction of affected areas. For sandstorm forecasting,
VMD-PCA-XGBoost model can incorporate surface features
from Gaofen satellites, GNSS PWV, and ground-based data
about wind, pressure, and particulate matter, enabling effective
tracking and prediction of sandstorm development.

The model maybe also transferable to other regions besides
the Beijing-Tianjin-Hebei region, offering a scalable solution for
other regions facing similar climate challenges. In regions with
complex terrain and variable precipitation patterns, the model
can be trained with local meteorological data to adapt and pro-
vide accurate forecasts. Immediate next steps include real-time
testing using VMD-PCA-XGBoost with China’s Fengyun-4A
satellite data and operational the weather research and forecast-
ing outputs to improve the forecasting accuracy and robustness,
and validate other hybrid physics-machine learning forecasting.

Future research may also explore the model’s adaptability to
different climatic conditions and its integration with other fore-
casting systems to further enhance predictive capabilities.

Moreover, independent component analysis (ICA), as a higher
statistical version of PCA, can be combined with VMD and
XGBoost to construct VMD-ICA-XGBoost model. ICA, as a
powerful statistical method, can effectively separate indepen-
dent components from mixed signals. Therefore, future studies
will explore the feasibility of a VMD-ICA-XGBoost combina-
tion for high precision precipitation forecasting.
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