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Abstract: The Weather Research and Forecasting (WRF) model was used to simulate Typhoon Rumbia
in this paper. The sensitivity experiments were conducted with 16 different parameterization combina-
tion schemes, including four microphysics (WSM6, WSM5, Lin, and Thompson), two boundary layers
(YSU and MYJ), and two cumulus convection (Kain–Fritsch and Grell–Freitas) schemes. The impacts
of 16 parameterization combination schemes and the data assimilation (DA) of Global Navigation
Satellite System (GNSS) water vapor were evaluated by the simulation accuracy of typhoon track
and intensity. The results show that the typhoon track and intensity are significantly influenced by
parameterization schemes of cumulus and boundary layers rather than microphysics. The averaged
track error of Lin_KF_Y is 104.73 km in the entire 72-h simulation period. The track errors of all the
other combination schemes are higher than Lin_KF_Y. During the entire 72-h, the averaged intensity
error of Thompson_GF_M is 1.36 hPa. It is the lowest among all the combination schemes. As for
data assimilation, the simulation accuracy of typhoon tracks can be significantly improved by adding
the GNSS water vapor. Thompson_GF_M-DA combination scheme has the lowest average track
error of 45.05 km in the initial 24 h. The Lin_KF_Y-DA combination scheme exhibits an average
track error of 32.17 km on the second day, 28.03 km on the third day, and 35.33 km during 72-h. The
study shows that the combination of parameterization schemes and the GNSS water vapor data
assimilation significantly improve the initial conditions and the accuracy of typhoon predictions. The
study results contribute to the selection of appropriate combinations of physical parameterization
schemes for the WRF-ARW model in the mid-latitude region of the western Pacific coast.

Keywords: GNSS; WRF; typhoon; microphysics; cumulus convection; boundary layer; parameterization;
water vapor; data assimilation

1. Introduction

The growing global concern about climate change has made typhoons a key topic that
will attract significant attention in the future [1]. China, located on the western coast of
the Pacific Ocean, is frequently affected by high-intensity typhoons [2]. China’s coastal
regions are struck by an average of seven typhoons each year. These typhoons can cause
meteorological calamities such as storm surges and severe convective weather, which can
have a significant impact on residents of coastal and adjacent areas [3–5]. The track errors
may lead to an accuracy decrease of weather event predictions. When the forecasting time is
extended, the accumulation of errors may result in incorrect estimations of typhoon tracks.
As such, these errors may affect the decisions of emergency preparedness and evacuation
and disrupt resource allocation and post-disaster recovery planning. For example, the
Typhoon “In-fa” triggered a severe rainstorm in Zhengzhou City in Henan province on
20 July 2021, causing substantial loss of life and property [6,7]. Accurately forecasting
typhoon movement tracks and intensity are crucial, and so it has become a significant
research focus.
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The rapid development of the typhoon numerical weather prediction (NWP) model
has been enabled by advances in computer science [8–10]. The numerical prediction
accuracy of a typhoon is typically influenced by two primary factors: the selection of
model parameterization schemes and the optimization of initial conditions [11]. In the
field of tropical cyclone simulation, researchers have studied the influences of different
parameterization schemes on typhoon tracks and intensity. These studies found that the
choice of different parameterization schemes may lead to different simulation results,
and these differences may involve simulated typhoon tracks, intensity, structure, and
precipitation [12–19]. The study of different parameterization schemes will provide a
deeper understanding of the dynamic mechanisms driving typhoon behavior and de-
velopment. The research results reveal the differences of the convection structure and
evolution in the WRF model. The intensity distribution and interaction of turbulence in
the lower atmosphere, the energy source and water vapor supply of typhoons, and the
dynamic influence of simulated precipitation processes can improve the understanding
of typhoon development. The understanding of key dynamic processes provides a more
accurate model basis from which to understand and predict typhoon behavior. It is crucial
to optimize initial conditions as higher quality initial fields are beneficial to the NWP
model [20,21]. Raju et al. utilized a combination of schemes, called YonSei University
(YSU) [22] and Kain–Fritsch (KF) [23–25], to simulate Typhoon “Nargis”, resulting in a
central pressure error of 4.2 hPa and a maximum wind error of approximately 11.7 m/s.
However, the predicted landfall time was five hours earlier [26]. Kanase et al. studied
the track and intensity of Typhoon “Laila” using various parameterization schemes and
discovered that the Betts–Miller–Janjić (BMJ) [27] scheme was better in cumulus convec-
tion, while the YSU [28] scheme excelled in boundary layer parameterization. Chutia
et al. investigated the impact of different microphysics parameterization schemes on the
prediction track accuracy of Typhoon “Mora”. They found that all schemes overestimated
the maximum surface wind (MSW) and minimum sea level pressure (MSLP) during the
typhoon period. The predicted tracks of typhoons varied among different microphysics
parameterization schemes, where the WSM3 demonstrates the superior performance with
the minimum Root Mean Square Error (RMSE) [29]. A higher horizontal resolution also
resulted in a more accurate simulation of the observed track [30]. From 2003 to 2008, Li
conducted 20 numerical typhoons simulations in the northwest Pacific region. The results
indicated that the Kain–Fritsch scheme simulated the strongest vertical convection of the
typhoon with a distinct warm core structure, abundant precipitation, and higher intensity.
In contrast, the BMJ and Grell–Devenyi (GD) schemes simulated weaker convection, a
smaller precipitation range, and relatively weaker intensity. The KF scheme exhibited
better performance in typhoon simulation [31]. Nasrollahi et al. found that WSM3 and
WSM5 schemes had lower deviations in forecasting the precipitation area compared to
no cumulus parameterization (NCP) and KF schemes. As for precipitation accumulation,
the LIN-GD, WSM5-BMJ, and WSM5-GD scheme combinations are more reasonable. For
typhoon tracks, the LIN and Kessler (KES) microphysics schemes, as well as the BMJ
cumulus convection scheme (LIN-BMJ and KES-BMJ), forecast the best track. It is evident
that that the WRF simulations require different combinations of physical parameterization
schemes for better typhoon predictions due to significant variations of meteorological
and geographical conditions (terrain, ocean conditions, atmospheric conditions, etc.) in
different regions [32]. The most accurate typhoon landfall times were produced by the
combination schemes of WSM5-BMJ, WSM3-BMJ, and Ferrier (FER) [33] in combination
with Grell–Devenyi (GD) [34]. Wang et al. (2023) conducted sensitivity experiments on
12 different initial tropical cyclone intensities and sizes using the WRF model to study
their impact on typhoon track simulation. They found that the typhoon volume increased
with higher initial typhoon intensity and size, which led to an earlier northward turn of
the typhoon [35]. However, most of the aforementioned studies have primarily focused
on the parameterization scheme combinations of the microphysics and cumulus, or on
the parameterization scheme combinations of microphysics and boundary layer. There
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is insufficient research on the parameterization scheme combinations of microphysics,
cumulus, and boundary layer. In addition to the selection of parameterization schemes,
the assimilation of Global Precipitation Measurement (GPM) microwave and GNSS water
vapor can improve the initial and lateral boundary conditions, enhancing the prediction
accuracy of typhoon track and intensity [36,37]. Li et al. employed a continuous cycling
assimilation method to analyze the influence of different Advanced TIROS Operational Ver-
tical Sounder (ATOVS) satellites on the simulation of Typhoon Fanapi [38]. In these studies,
the data assimilation of different types of ATOVS effectively improved the prediction of
typhoon intensity, with no significant difference between data types. Song et al. (2013) used
the National Centers for Environmental Prediction (NCEP), Global Telecommunication
System (GTS), and the Constellation Observing System for Meteorology, Ionosphere, and
Climate (COSMIC) reanalysis data to simulate Typhoon “Morakot” in 2009. The researchers
found that COSMIC data assimilation provided valuable insights into the thermal structure
of Typhoon “Morakot”, which in turn led to improved prediction accuracy of typhoon
precipitation and track [39]. Clear-sky infrared radiance data from the Japanese meteorolog-
ical satellite “Himawari-8” were assimilated to improve the analysis accuracy of the wind
field and 500 hPa pressure fields, and to simulate the structure and intensity of Typhoon
“Hato” in 2017 [40]. Data assimilation is a method that combines observational data with
numerical weather models to improve the prediction accuracy of typhoon track. The data
assimilation of GNSS water vapor not only enhances the model’s initial conditions and op-
timizes atmospheric humidity distribution, providing a more realistic initial meteorological
state, but also enables a better simulation of atmospheric dynamical processes, resulting in
a more accurate simulation of typhoon tracks.

In this paper, the WRF model and its three-dimensional variational (WRF-3DVAR)
data assimilation system are used to simulate the track and intensity of Typhoon “Rumbia”,
which occurred between 15–17 August 2018. The simulation will analyze the track and in-
tensity errors of Typhoon “Rumbia” under different parameterization combination schemes.
Furthermore, WRF-3DVAR data assimilation experiments will be carried out to evaluate
the assimilation impact of GNSS water vapor on the track and intensity of typhoon. Our
research aims to investigate how various combinations of four microphysics, two cumulus
convection, and two boundary layer parameterization schemes influence the typhoon
prediction accuracy in the WRF model. Due to the lower horizontal resolution and the rich
vertical information available from the Global Forecast System Final Reanalysis Data (GFS-
FNL) analysis data, we further employ GNSS water vapor data assimilation to enhance the
initial conditions and typhoon prediction results.

Therefore, this study will primarily investigate the improvement of initial conditions
and typhoon prediction accuracy through the combination of microphysics, cumulus, and
boundary layer parameterization schemes, along with GNSS water vapor data assimilation.
The results of the study will provide valuable insights for selecting appropriate parameteri-
zation schemes combinations for the WRF-ARW model in the mid-latitude region of the
western Pacific coast. The remaining parts of the paper are arranged as follows. The model
and experimental design are introduced in Section 2. The typhoon simulation results using
different parameterization scheme combinations and data assimilation are compared with
observed results in Section 3. The conclusions are provided in the last section.

2. Data and Methods
2.1. Data

The WRF model is a new-generation, non-hydrostatic, high-resolution mesoscale
NWP model developed by NCEP and the National Center for Atmospheric Research
(NCAR). The version of WRF used in the study is 4.4.1. Two dynamic frameworks are
included in the WRF model: The Advanced Research WRF (ARW) model and the Nonhy-
drostatic Mesoscale Model (NMM) model. Experimental configurations will be based on the
ARW model.
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The WRF-3DVAR system was employed in the data assimilation experiments. The
control variables (CV3) dataset from WRF was used as the background error covariance
matrix for the general background field. The Global Data Assimilation System (GDAS) of
NCEP incorporated GNSS occultation from data sources such as COSMIC-2 and Cyclone
Global Navigation Satellite System (CYGNSS), infrared radiation, atmospheric ozone,
atmospheric pressure, and Integrated Water Vapor (IWV) content. The IWV refers to the
total amount of vertical water vapor in the atmosphere, usually expressed in units per
square meter. The measurement of IWV is conducted through the delay between a signal
transmitted from satellite of GNSS (GPS, GLONASS, Galileo, etc.) and received by the
ground station. Due to the absorption of microwave signals by water vapor, the GNSS
signals will be delayed when passing through the atmosphere. This delay is related to the
water vapor content in the atmosphere. By measuring the signal delay of GNSS, the total
amount of water vapor on the path can be inverted, and thus the IWV can be obtained.

Typhoon “Rumbia”, the 18th typhoon of the 2018 season, originated in the West
Pacific Ocean at 11:00 UTC on 15 August 2018. It made landfall on the southern coast of
Pudong New Area, Shanghai, at 4:00 UTC on August 17. The typhoon’s best track datasets
utilized in this study were obtained from the tropical cyclone data center of the China
Meteorological Administration (CMA) (https://tcdata.typhoon.org.cn/zjljsjj_zlhq.html,
accessed on 11 December 2023).

The initial field data for the simulation were provided by the Global Forecast Sys-
tem Final Reanalysis Data (GFS-FNL) operational dataset, which was produced by the
NCEP/NCAR historical reanalysis data. The GFS-FNL dataset is issued four times daily
at 00:00, 06:00, 12:00, and 18:00 UTC, and is recorded in GRIB format. The simulation in-
corporates Noah land surface models [41,42], the Rapid Radiative Transfer Model (RRTM)
longwave radiation scheme [43], and the Dudhia shortwave radiation scheme [44].

The simulation period ranged from 15 August, 00:00 UTC, to 18 August 00:00 UTC, a
period of 72 h. The white solid line region “d02” represents the simulation area, as shown
in Figure 1. The simulation adopts a two-level nested approach. The “d01” consisting of
150 × 140 grid points and a resolution of 27 km; the “d02” consists of 211 × 181 horizontal
grid points with a resolution of 9 km. The vertical direction is divided into 44 layers, and
the integration time step is 60 s. Table 1 presents the configuration details of WRF model.

2.2. Methods

The WRF model is equipped with various parameterization schemes to represent phys-
ical processes, such as microphysics, cumulus convection, longwave radiation, shortwave
radiation, near-surface layer, land surface processes, and boundary layer. The boundary
between the atmospheric boundary layer and the atmospheric surface layer involves the
use of land surface and boundary layer parameterization schemes. This includes setting
appropriate boundary conditions in both the horizontal and vertical directions of the WRF
model, configuring various boundary conditions, such as periodic boundaries, nested
boundaries, and meteorological condition boundaries, and determining the model’s hor-
izontal and vertical resolutions. Furthermore, based on previous experimental results,
the selection of parameterization schemes plays a crucial role in choosing the different
parameterization schemes, which can impact wind speeds, turbulence structures, and
temperature vertical distributions in the lower atmosphere, thus influencing simulation
outcomes [45–47]. By configuring the WRF model with specific horizontal and vertical grid
resolutions, providing particular boundary conditions as input files, setting different initial
fields and boundary conditions, choosing appropriate land surface, physics, and boundary
layer parameterization schemes, and specifying an adequate time step for integration to
ensure accurate simulation of rapidly changing atmospheric processes, one can simulate
the entire atmospheric layer, including temperature and wind speed. Adjusting these
factors allows for the modeling of atmospheric stratification. The simulated results can be
compared with observational data to ensure the accuracy of the model in reflecting real
atmospheric conditions. In this study, sixteen combinations of parameterization schemes
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were selected, including four microphysics schemes describing cloud and precipitation
microscopic processes, two cumulus convection schemes simulating the convection activity,
and two boundary layer schemes simulating the processes such as turbulence, heat flux,
and humidity flux in the lower atmosphere. The remaining experimental parameters were
held constant. The WRF model output will be compared to the actual observed data in the
study. It quantitatively assesses the impact of various combinations of parameterization
schemes and GNSS water vapor data assimilation on the accuracy of simulation results
through the mean error.

Figure 1. The simulation region “d01” and “d02” of Typhoon Rumbia, where the shading is the
terrain altitude (m).

Table 1. Overview of WRF model configuration for Typhoon Rumbia.

WRF Model Configurations

WRF Version WRF 4.4.1
Horizontal resolution/km 27:9
Mode integration time/h 72
Microphysical scheme WSM6, WSM5, Lin, Thompson
Cumulus convection scheme Kain-Fritsch (KF), Grell-Freitas (GF)
Boundary layer scheme YSU (Y), MYJ (M)
Long wave radiation scheme RRTM
Short wave radiation scheme Dudhia
Land layer scheme Noah
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Table 2 summarizes the combination schemes used in the sensitivity experiments. The
first four experiments used the KF_Y scheme combination; the second four experiments
used the KF_M scheme combination; the third four experiments used the GF_Y scheme
combination; and the final four experiments used the GF_M scheme combination.

Table 2. The parameterization combination schemes of WRF model.

Group No. Name Microphysics Cumulus Boundary Layer

1 WSM6_KF_Y WSM6 Kain-Fritsch YSU
2 WSM5_KF_Y WSM5 Kain-Fritsch YSU
3 Lin_KF_Y Lin Kain-Fritsch YSU
4 Thompson_KF_Y Thompson Kain-Fritsch YSU
5 WSM6_KF_M WSM6 Kain-Fritsch MYJ
6 WSM5_KF_M WSM5 Kain-Fritsch MYJ
7 Lin_KF_M Lin Kain-Fritsch MYJ
8 Thompson_KF_M Thompson Kain-Fritsch MYJ
9 WSM6_GF_Y WSM6 Grell-Freitas YSU
10 WSM5_GF_Y WSM5 Grell-Freitas YSU
11 Lin_GF_Y Lin Grell-Freitas YSU
12 Thompson_GF_Y Thompson Grell-Freitas YSU
13 WSM6_GF_M WSM6 Grell-Freitas MYJ
14 WSM5_GF_M WSM5 Grell-Freitas MYJ
15 Lin_GF_M Lin Grell-Freitas MYJ
16 Thompson_GF_M Thompson Grell-Freitas MYJ

The WSM5, WSM6, Lin, and Thompson parameterization schemes generally perform
well under a wide range of meteorological conditions. The Kain–Fritsch parameterization
scheme exhibits good capabilities in simulating convective precipitation, while the Grell–
Freitas parameterization scheme provides a comprehensive description of turbulence and
convection. The YSU parameterization scheme is grounded in similarity theory, simulat-
ing turbulent processes in the atmospheric boundary layer to account for vertical motion
in the atmosphere. The scheme is well-suited for mesoscale meteorological conditions
and excels in simulating intricate terrains like mountains, urban areas, and land/ocean
interfaces. On the other hand, the MYJ parameterization scheme is rooted in the Mellor–
Yamada–Janjic theory, offering a comprehensive depiction of turbulent mixing processes
and demonstrating proficiency in large-scale and global-scale meteorological simulations.
The parameterization of the atmospheric surface layer is accomplished by selecting land
surface processes and boundary layer parameterization schemes in the WRF model. The
Noah land surface model was chosen for land surface parameterization due to its relatively
precise simulation of soil temperature, humidity, and energy balance. The YSU and MYJ
boundary layer parameterization schemes were specifically chosen for atmospheric simu-
lations in regions characterized by low to mid-latitudes, showing effective performance.
Therefore, the selection of the YSU and MYJ parameterization schemes is driven by their
individual strengths in simulating diverse meteorological conditions and terrains.

The WRF model output will be compared to the actual observed data in the study. It
quantitatively assesses the impact of various combinations of parameterization schemes
and GNSS water vapor data assimilation on the accuracy of simulation results through
the mean error. The simulation accuracy of 16 parameterization combination schemes for
typhoon track and intensity will be first analyzed over different time scales (24-h, 48-h,
and 72-h). Based on the performance, the combination schemes with the best track and
intensity errors will be selected for GNSS water vapor data assimilation. The impact of
GNSS water vapor on the simulation accuracy of typhoon track and intensity can also be
evaluated. In addition to a 24-h spin-up period between 15 and 16 August, the GNSS water
vapor data assimilation ran for 72 h beginning on 15 August 2018. The flowchart of the
research implementation is shown in Figure 2.
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3. Results
3.1. The Impact of Parameterization Schemes

In this section, the impact of the sixteen combination schemes in Table 2 on the track
and intensity of Typhoon Rumbia was investigated, and the track and intensity simulation
errors of three physical parameterization schemes (microphysics, cumulus convection, and
boundary layer) at different time scales were analyzed and statistically summarized.

3.1.1. Typhoon Track

The simulated track evolution of Typhoon Rumbia over time for different parame-
terization schemes (KF_Y (a), KF_M (b), GF_Y (c), and GF_M (d)) is shown in Figure 3.
The typhoon generally moved northwestward. The predicted tracks of KF_Y (a) and
KF_M (b) combinations were in good agreement with the observed typhoon track released
by the China Meteorological Administration before typhoon landfall. However, after ty-
phoon landfall, both the KF_Y (a) and KF_M (b) combination tracks exhibited a certain
degree of southward deviation. The GF_Y (c) and GF_M (d) combinations showed a more
pronounced southward deviation.
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In Figure 3a–d, it can be seen that different microphysical parameterization schemes
have a relatively small impact on the simulation of typhoon tracks. A horizontal comparison
of Figure 3a–d shows that different boundary layer parameterization schemes have a more
significant impact on the simulation of typhoon tracks, with MYJ being superior to YSU.
A vertical comparison of Figure 3a–d shows that different convective parameterization
schemes have a particularly significant impact on the simulation of typhoon tracks, with
Grell–Freitas being superior to Kain–Fritsch, especially after landfall.

Table 3 summarizes the average track errors of Typhoon Rumbia simulated by different
parameterization schemes on the first day, second day, third day, and daily average. As
shown in the table, the GF_M combination scheme has the minimum average track error on
the first day, with the Thompson_GF_M combination scheme having the minimum average
track error of 40.90 km. The KF_Y combination scheme has the minimum average error
on the second day, while the Lin_KF_Y combination scheme has the minimum average
error of 61.38 km. The GF_M combination scheme has the minimum average error on the
third day, while the WSM5_GF_M combination scheme has the minimum average error of
165.30 km. The KF_Y combination scheme also has the minimum average error for daily
simulation; the Lin_KF_Y and WSM5_GF_M combination schemes have relatively small
average track errors of 104.73 km and 104.98 km, respectively.

Table 3. The track errors of different parameterization combination schemes (km).

Name 0–24 h 24–48 h 48–72 h 0–72 h

WSM6_KF_Y 50.45 72.49 211.69 117.10
WSM5_KF_Y 52.41 71.11 207.68 115.67

Lin_KF_Y 49.18 61.38 189.74 104.73
Thompson_KF_Y 55.77 69.96 234.82 126.04

WSM6_KF_M 52.39 72.69 240.03 128.01
WSM5_KF_M 53.70 70.96 221.11 120.85

Lin_KF_M 53.75 69.24 223.64 121.16
Thompson_KF_M 56.27 73.91 242.14 130.27

WSM6_GF_Y 70.03 129.73 238.55 153.02
WSM5_GF_Y 57.07 154.42 270.27 170.00

Lin_GF_Y 56.01 129.23 228.52 145.37
Thompson_GF_Y 51.65 116.40 247.37 146.37

WSM6_GF_M 56.06 102.83 181.85 118.81
WSM5_GF_M 53.26 83.45 165.30 104.98

Lin_GF_M 55.76 83.17 228.55 128.56
Thompson_GF_M 40.90 90.12 182.66 110.35

Overall, the comparison of different combination schemes showed that the simulation
track error of Typhoon Rumbia with different microphysical parameterization schemes was
relatively stable at different time periods, while the simulation track results with different
cumulus convection and boundary layer parameterization schemes showed significant
temporal variations. Compared to the other schemes, the Lin_KF_Y combination scheme
exhibits the smallest track error at both the 24–48 h and 0–72 h predictions, indicating supe-
rior predicting performance for the track of Typhoon Rumbia. The Lin_KF_Y combination
scheme shows the advantage of accuracy enhancement of typhoon track simulations. It
is noteworthy that typhoon track simulation is sensitive to cumulus and boundary layer
parameterization schemes. If only one cumulus scheme is adopted in the model, it may
lead to larger simulation trajectory errors. Therefore, it is essential to choose appropri-
ate cumulus and boundary layer convection parameterization schemes for typhoon track
simulation.

3.1.2. Typhoon Intensity

Figure 4 shows the intensity of Typhoon Rumbia simulated by different combina-
tion schemes. Compared with the minimum sea level pressure provided by the China
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Meteorological Administration, all the schemes, except GF_M (d), overestimated the ty-
phoon intensity, especially the KF_Y (a) and KF_M (b) schemes, which overestimated the
typhoon intensity significantly. As can be seen from Figure 4a, the impact of different
microphysical parameterization schemes on the typhoon intensity is relatively small. A
horizontal comparison of Figure 4a–d, and a vertical comparison of Figure 4a–d, shows
that the combination schemes of cumulus convection and boundary layer parameterization
has a more significant impact on the intensity of typhoon, especially on the second and
third days. The simulated intensity of the GF_M (d) scheme is closer to the actual situation.
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The average simulated intensity errors of Typhoon Rumbia by different combination
schemes are compared for the first day, second day, third day, and daily average in Table 4.
The GF_M (d) scheme combination has the smallest average error for all three days. The
Thompson_GF_M scheme combination has the smallest average error of 1.40 hPa on the
first day and 0.64 hPa on the second day. The Lin_GF_M scheme combination has the
smallest average error of 1.11 hPa on the third day.

The observed differences in intensity errors among various combination schemes
arise from the combinations of parameterizations in microphysics, cumulus convection,
and boundary layer processes. Various microphysics parameterization schemes exhibit
variations in describing microscopic processes, including cloud droplets, raindrops, and
ice crystals. Various cumulus convection schemes introduce differences in simulating
convective activities and latent heat release, thereby impacting the simulated convection
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intensity, structure, atmospheric stability, and energy distribution in various combinations.
The Thompson_GF_M combination performs well in simulating typhoon intensity because
the Thompson microphysics scheme can accurately simulate the small-scale weather pro-
cesses such as cloud droplets, raindrops, and ice crystals. The Grell–Freitas scheme excels
in simulating turbulence and convection, while the MYJ scheme performs exceptionally
in simulating terrain and ocean surfaces. After analyzing the simulated intensity bias of
different combination schemes, it is apparent that the intensity errors of different micro-
physical parameterization schemes are comparable. Cumulus convection and boundary
layer parameterization schemes have a significant impact on the intensity errors at all times.

Table 4. The intensity errors of different parameterization combination schemes (hPa).

Name 0–24 h 24–48 h 48–72 h 0–72 h

WSM6_KF_Y 3.14 7.09 11.15 7.49
WSM5_KF_Y 3.10 6.50 10.87 7.16

Lin_KF_Y 3.35 5.47 9.63 6.41
Thompson_KF_Y 2.95 6.95 11.20 7.40

WSM6_KF_M 2.16 2.16 7.80 4.22
WSM5_KF_M 2.19 2.25 6.77 3.87

Lin_KF_M 2.35 2.83 7.40 4.36
Thompson_KF_M 2.24 3.75 9.67 5.49

WSM6_GF_Y 2.28 2.59 5.81 3.68
WSM5_GF_Y 2.55 2.22 5.51 3.51

Lin_GF_Y 3.20 2.56 7.21 4.42
Thompson_GF_Y 2.32 1.94 3.78 2.71

WSM6_GF_M 1.46 1.64 1.13 1.41
WSM5_GF_M 1.61 1.40 1.42 1.46

Lin_GF_M 1.89 2.37 1.11 1.78
Thompson_GF_M 1.40 0.64 2.06 1.36

3.2. The Impact of GNSS Water Vapor Assimilation
3.2.1. Typhoon Track

The simulated tracks and errors of Typhoon Rumbia after the data assimilation of
GNSS water vapor are shown in Figure 5a,b. Figure 5a shows that the simulated track
was generally significantly improved after GNSS water vapor data assimilation, with
the southward bias being reduced. The simulated track was closer to the observed track
provided by the CMA. Figure 5b shows that the average typhoon track error of each
scheme on the second day after the data assimilation of GNSS water vapor was significantly
reduced.
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Table 5 shows the average typhoon track errors for the first day, second day, third
day, and daily average after the GNSS water vapor data assimilation. It shows that the
average track error of the Thompson_GF_M_DA scheme combination on the first day is
the smallest at 45.05 km (−10%). The average track error of the Lin_KF_Y_DA scheme
combination on the second day is the smallest at 32.17 km (48%). The average track error
of the Lin_KF_Y_DA scheme combination on the third day is the smallest at 28.03 km
(85%). The Lin_KF_Y_DA scheme combination also has the smallest daily average track
error at 35.33 km (66%). Combining Figure 5b and Table 5, it is evident that the data
assimilation of GNSS water vapor significantly reduces the track errors of different physical
parameterization schemes at all times. The daily average track error of the Lin_GF_M_DA
scheme combination has the most significant reduction, and the simulation track of the
Lin_KF_Y_DA scheme combination is the most accurate.

Table 5. Track errors and improvement rate after the GNSS water vapor data assimilation (km).

Name
0–24 h 24–48 h 48–72 h 0–72 h

Before After Before After Before After Before After

WSM6_GF_M_DA 56.06 59.55
(−6%) 102.83 37.02

(64%) 181.85 74.03
(59%) 118.81 56.62

(52%)

WSM5_GF_M_DA 53.26 52.36
(2%) 83.45 39.27

(53%) 165.30 67.47
(59%) 104.98 53.10

(49%)

Lin_GF_M_DA 55.76 48.05
(14%) 83.17 40.79

(51%) 228.55 49.43
(78%) 128.56 45.91

(64%)

Thompson_GF_M_DA 40.90 45.05
(−10%) 90.12 39.35

(56%) 182.66 54.04
(70%) 110.35 46.25

(58%)

Lin_KF_M_DA 53.75 50.76
(6%) 69.24 43.84

(37%) 223.64 29.76
(87%) 121.16 40.60

(66%)

Lin_KF_Y_DA 49.18 49.28
(0%) 61.38 32.17

(48%) 189.74 28.03
(85%) 104.73 35.33

(66%)

The Thompson_GF_M-DA combination scheme exhibits lower prediction errors of
average typhoon track in the initial 24 h, because its data assimilates the GNSS water
vapor, optimizes the model’s initial conditions, and more accurately reflects the actual
atmospheric state. These research findings can contribute to a more precise prediction of
typhoon movement tracks, enhancing the short-term forecasting accuracy of typhoons.
The Lin_KF_Y-DA combination scheme exhibits slightly higher typhoon track errors in the
initial 24 h, but the track errors gradually decrease when compared to other schemes in
the subsequent timeframe. The 72-h simulation of the Lin_KF_Y-DA combination scheme
is notably accurate, precisely simulating the evolution of the typhoon track. The scheme
demonstrates minimal fluctuations of track errors throughout the entire simulation, main-
taining a relatively low level of track error. This shows that data assimilation effectively
enhances the model’s simulation accuracy over a relatively extended timeframe. In conclu-
sion, the data assimilation of GNSS water vapor is an effective method to improve typhoon
track simulation. The effect is particularly pronounced in the initial simulation stage.

3.2.2. Typhoon Intensity

Figure 6 shows the simulated intensity of Typhoon Rumbia. The simulated inten-
sity of all combination schemes after GNSS water vapor data assimilation were generally
underestimated on the first day, being lower than the observed intensity. On the sec-
ond day, the simulated typhoon intensity began to gradually increase, exceeding the
observed intensity. The simulated typhoon intensity after GNSS water vapor data assimi-
lation showed a rapidly increasing trend, gradually approaching the best intensity after
the third day.
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vapor data assimilation for the selected parameterization combination schemes (hPa).

The average simulated intensity errors of Typhoon Rumbia for three consecutive days
after assimilating GNSS water vapor data are presented in Table 6. The table shows that
the average intensity error of the WSM6_GF_M_DA scheme combination is the smallest
on the first day at 1.41 hPa (3%). The average intensity error of the Lin_KF_Y_DA scheme
combination is the smallest on the second day at 2.34 hPa (57%). The average intensity
error of the Lin_GF_M_DA scheme combination is the smallest on the third day at 1.47 hPa
(−32%). The average intensity error of the Lin_GF_M_DA scheme combination is also the
smallest on a daily basis, at 2.62 hPa (−47%). Combining Figure 6b and Table 6, it can
be concluded that the improvement effect of the intensity error of different combination
schemes at different times is not significant after assimilating GNSS water vapor data.

Table 6. The typhoon intensity errors and improvement rate after GNSS water vapor data assimilation
(hPa).

Name
0–24 h 24–48 h 48–72 h 0–72 h

Before After Before After Before After Before After

WSM6_GF_M_DA 1.46 1.41 (3%) 1.64 4.69
(−186%) 1.13 1.67

(−48%) 1.41 2.70
(−91%)

WSM5_GF_M_DA 1.61 1.56 (3%) 1.4 4.77
(−241%) 1.42 1.78

(−25%) 1.46 2.81
(−92%)

Lin_GF_M_DA 1.89 2.00
(−6%) 2.37 4.23

(−78%) 1.11 1.47
(−32%) 1.78 2.62

(−47%)

Thompson_GF_M_DA 1.40 1.45 (-3%) 0.64 4.74
(−641%) 2.06 1.65

(20%) 1.36 2.72
(−100%)

Lin_KF_M_DA 2.35 2.04
(13%) 2.83 3.48

(−23%) 7.40 2.72
(63%) 4.36 2.81

(36%)

Lin_KF_Y_DA 3.35 2.75
(18%) 5.47 2.34

(57%) 9.36 4.44
(53%) 6.41 3.22

(50%)

4. Conclusions

In this study, the ARW model was used in combination with four microphysics
schemes, two cumulus convection schemes, and two boundary layer parameterization
schemes. Various parameterization schemes and GNSS water vapor data assimilations
were analyzed to simulate Typhoon Rumbia.

The cumulus convection and boundary layer schemes had a greater impact on the
simulation track results of Typhoon Rumbia than microphysical process parameterization
scheme. This effect was particularly evident in the track simulations. The selections of
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an appropriate cumulus convection parameterization scheme can improve the prediction
accuracy of typhoon track, which is similar to the findings of Chen et al. [48]. The typhoon
track showed a southward trend. The WSM6_GF_Y scheme had a 72-h track error of
35.92 km higher than the WSM6_KF_Y scheme. Among all the schemes, Lin_KF_Y had
the best simulation track effect. The typhoon track simulation of the KF and YSU scheme
combination performs well, with the track error increasing as the forecast time extends,
which is similar to the findings of Osuri et al. [49]. The sensitivity of typhoon intensity to
cumulus convection and boundary layer is greater than that of microphysics parameteriza-
tion schemes during the intensity simulation of Typhoon Rumbia. This is evident from the
simulated intensity bias observed for the KF_Y and KF_M in comparison to the GF_Y and
GF_M combination schemes [18]. The intensity errors of KF_Y scheme combination are ap-
proximately 2–3 hPa higher than other tests during the 72-h period. The simulation typhoon
intensity effect combined with the GF_M is significantly better than with other combination
schemes. Compared to the microphysics, the parameterization schemes related to cumulus
and boundary layers are more important for simulating the track and intensity of typhoons.
The main reasons include turbulence, convection, humidity flux, and other processes in the
lower atmosphere. Their evolutions have significant impacts on the overall simulation of
typhoon structure. Microphysics focuses on the microscopic processes of cloud droplets
and precipitation particles. Therefore, the selections of appropriate cumulus and boundary
layer parameterization schemes are important factors during typhoon simulations.

The assimilation of GNSS water vapor data significantly improves the simulation
accuracy of typhoon tracking, but its impact on typhoon intensity is less pronounced.
The data assimilation has a positive impact on improving the prediction of the typhoon
track, confirming the findings of Thodsan et al. and Chen et al. [50,51]. GNSS water vapor
assimilation reduces simulated track errors, minimizing the southward drift observed in
non-assimilated schemes [20]. Compared to the observed typhoon track from CMA, the
simulations show an improvement in track errors of over 29.21 km within the second day,
97.83 km during the third day, and 51.88 km over the entire 72-h period. Among the GNSS
water vapor data assimilation schemes, the greatest reduction of track errors was from
Lin_GF_M-DA, reducing by 82.65 km over 72-h period. The Lin_KF_Y-DA shows the
smallest track errors for all four time periods, indicating superior track simulation perfor-
mance. Over the course of 72 h, the intensity errors for the GF_M-DA combination increase.
The Lin_KF_M-DA combination exhibits an increased intensity errors during the second
day, followed by a decrease during the third day. The Lin_KF_Y-DA combination shows
decreased intensity errors on all three days. Among these combinations, the Lin_KF_Y-DA
combination shows a reduction of 3.19 hPa over 72 h.

The focus of this study is Typhoon Rumbia, which may be influenced by the pa-
rameterization scheme and GNSS water vapor data assimilation. The WRF simulations
require different parameterization scheme combinations in different regions due to its sig-
nificantly different meteorological and geographical conditions (terrain, ocean conditions,
atmospheric conditions, etc.) in different regions. Therefore, the results of this study are
only applicable to the mid-latitude region of the western Pacific. More nesting levels can
provide higher spatial resolution and capture more details of the eye and outer circula-
tion of a typhoon. However, due to experimental costs and resource constraints, only
two nesting levels were ultimately chosen. Modeling inaccuracies may be attributed to
factors such as the selected parameterization schemes, boundary conditions, accuracy of
meteorological observational data, and the simulation of physical processes. GNSS water
vapor data assimilation has evident advantages in improving the reliability of simulation
results. However, it also entails potential limitations and uncertainties. First, the limited
vertical resolution of GNSS water vapor may lead to less accurate simulation of water
vapor distribution in the upper atmosphere. Second, inherent flaws in the model imply
the potential generation of systematic errors during the data assimilation process. Last,
different choices in data assimilation schemes may result in inaccurate model estimates of
actual atmospheric conditions, thereby reducing the reliability of forecasting results. As the
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WRF model undergoes regular updates and iterations, solutions may evolve in the future.
Therefore, it is worthwhile to explore which scheme is better. Based on the Lin_KF_Y-DA,
it is imperative to test, optimize, and explore better parameterization combinations and
data assimilation techniques. In addition, it is important to place emphasis on the data
assimilation of GNSS water vapor, selecting appropriate assimilation intervals, which will
be to further improve the accuracy of typhoon simulation and prediction.
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