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Abstract Atmospheric wet delay caused by Precipitable Water Vapor (PWV) significantly impacts the
performance of many geodetic surveying systems such as Global Navigation Satellite System (GNSS). In this
study, we use wet delay corrections forecast by the Weather Research and Forecasting (WRF) model to enhance
GNSS Precise Point Positioning (PPP) during two observation periods with two different weather conditions,
that is, period 1: March 01 to 14, 2020 (average PWV: 23.5 kg/m?) and period 2: June 02 to 15, 2020 (flooding
weather with average PWV: 55.6 kg/m?), over the South China. PWV data from 277 to 263 GNSS stations are
assimilated into WRF model to enhance the WRF water vapor forecasting capability for period 1 and period 2,
respectively. Wet delay corrections from two different WRF configurations, that is, WRF no data assimilation
and WRF with assimilation of GNSS PWYV, are used to augment the PPP. Totally, eight WRF-enhanced PPP
schemes are tested. The results show that WRF-enhanced PPP schemes generally have a better positioning
performance in the up component than traditional PPP. After using WRF wet delay corrections, for static mode,
the vertical positioning accuracy is improved by 14.6% and 33.7% for period 1 and period 2, respectively. The
corresponding convergence time are reduced by 41.8% and 25.0% for period 1 and period 2, respectively. For
kinematic mode, the positioning accuracy improvements in the up component reach 13.8% and 19.0% for period
1 and period 2, respectively. The kinematic PPP convergence time is reduced by up to 8.2% for period 1.

Plain Language Summary Global Navigation Satellite System (GNSS) signal is significantly
delayed by the water vapor in the Earth's troposphere. How to mitigate this so-called wet delay has long been a
challenging problem in GNSS Precise Point Positioning (PPP) community. In this study, we use the Weather
Research and Forecasting (WRF) model to simulate the distribution and variation of water vapor over the South
China during two periods with different water vapor conditions, that is, period 1: March 01 to 14, 2020 (average
PWV: 23.5 kg/m?) and period 2: June 02 to 15, 2020 (flooding weather with average PWV: 55.6 kg/m?). In
addition, water vapor data from 277 and 263 GNSS stations have been assimilated into the WRF model for
period 1 and period 2, respectively, to further improve WRF water vapor forecasting accuracy. The high-quality
water vapor forecasts are then used to correct the wet delay for GNSS PPP. Our results show that, with use of the
wet delay corrections forecast by the WRF model, GNSS PPP can achieve a better performance in positioning
accuracy and convergence speed during both two periods.

1. Introduction

Atmospheric wet delay caused by Precipitable Water Vapor (PWV) is one of major error budgets in Global
Navigation Satellite System (GNSS), particularly in GNSS Precise Point Positioning (PPP) where no cancellation
between two stations is possible. The value of Zenith Wet Delay (ZWD) in the humid areas can reach 0.4 m
(Businger et al., 1996), which significantly degrades the GNSS PPP positioning accuracy, particularly in the
vertical component (Wang & Liu, 2019; Zhou et al., 2020). In GNSS traditional PPP, the atmospheric wet delay is
normally treated as an unknown parameter to be estimated together with the coordinates by using the Kalman
filter or least squares method (Kouba & Héroux, 2001; Zumberge et al., 1997). However, this PPP processing
strategy normally needs a relatively long time, for example, more than 30 min, to converge to an accuracy of sub-
decimeter level in the vertical component using single-constellation observations (Wang & Liu, 2019). Accurate
and reliable external water vapor correction information is therefore crucial for GNSS PPP.
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The Weather Research and Forecasting (WRF) model (Skamarock et al., 2019) is a mesoscale Numerical Weather
Prediction (NWP) model that can forecast the three-dimensional (3D) distribution of humidity, temperature, and
pressure, with a high spatiotemporal resolution, for example, a few kilometers of spatial resolution and hourly
temporal resolution. Several studies have demonstrated the good performance of WRF model in water vapor
forecasting (Leontiev et al., 2020; Mateus et al., 2015). For example, using 6 years of radiosonde data in Lisbon
region as the reference, Mateus et al. (2015) concluded that the mean standard deviation of WRF-derived wet
delay was 4.46 mm. Some previous studies also have proven that assimilation of external water vapor data, for
example, GNSS PWV and Interferometric synthetic aperture radar (InSAR) PWYV, into the WRF model can
improve the WRF model's performance in forecasting PWV (Leontiev et al., 2020; Mateus & Miranda, 2022;
Mateus et al., 2021; Xiong et al., 2020). For example, Leontiev et al. (2020) assimilated PWV data from the
Global Positioning System (GPS) PWV maps augmented by the Meteosat satellite imagery data into the WRF
model to improve its PWV forecasting accuracy in Israel and neighboring areas. Their results indicated that the
WRF model can forecast PWV with a root mean square error (RMSE) of 2.5-2.6 kg/m? for the forecast length of
3-12 hr. After assimilating GPS PWV map combined with Meteosat satellite data, the corresponding RMSE
values were reduced to around 1.8 kg/m?.

In recent years, many studies have adopted WRF model to correct atmospheric delay in geodetic surveying, such
as InSAR surveying (Dou et al., 2021; Murray et al., 2019; Wang et al., 2021; Webb et al., 2020). However, very
little work has studied WRF-derived atmospheric delay to augment GNSS PPP (Gong et al., 2021; Vaclavovic
etal.,2017; Wilgan et al., 2017). Wilgan et al. (2017) combined the tropospheric Zenith Total Delay (ZTD) from a
local GNSS network and a high spatial resolution (4 km X 4 km) WRF model by using a least-squares collocation
software COMEDIE (Collocation of Meteorological Data for Interpretation and Estimation of Tropospheric Path
delays) to generate a local GNSS/WRF ZTD model in Poland and adjacent areas. The GNSS/WRF ZTD cor-
rections were then used to augment GNSS PPP. Observations from 14 GNSS stations for 3 weeks with three
different tropospheric conditions were used in their PPP experiments. Their results reported that, compared with
traditional PPP solution, GNSS/WRF-based ZTD enhanced PPP schemes can reduce convergence time from 67
to 58 min for the horizontal component and from 79 to 63 min for the up component, when using 0.1 m as the
convergence threshold for both horizontal and up components. Gong et al. (2021) performed six consecutive 24-
hr WREF runs (from April 06 to 11, 2020) to model the water vapor over the South China. GNSS PWV data and
radiosonde profiles were assimilated into the WRF model to improve the water vapor forecasting performance.
The results indicated that GNSS PPP positioning accuracy and convergence speed can be improved after using
WRF-derived wet delay corrections to fix GNSS PPP wet delay parameter.

However, there are still some limitations in previous studies. First, the amount of external water vapor data (water
vapor data from 27 GNSS stations and meteorological profiles from 22 radiosonde stations) assimilated into the
WRF model is insufficient (Gong et al., 2021). Second, the accuracy of PWV derived from WRF model after data
assimilation and their efficiency in augmenting GNSS positioning during wet weather conditions have not been
comprehensively studied. Investigating the performance of WRF-enhanced PPP under different weather condi-
tions is thus needed.

In this study, we performed 28 full-day (24-hr) forecasts for the South China region for two periods, that is, period
1: March 01 to 14, 2020 and period 2: June 02 to 15, 2020, to investigate the performance of GNSS PPP after
being enhanced by WRF-derived wet delay corrections under different weather conditions. It should be noted that
the South China region including the Yangtze basin experienced a flooding weather condition during 2020
summer season (Guo et al., 2020). In this study, to enhance the accuracy of WRF-derived wet delay corrections,
PWYV observations from 277 and 263 GNSS stations are assimilated into WRF model in period 1 and period 2,
respectively. The WRF-derived wet delay corrections are used to enhance GNSS PPP in two different ways. One
way is to use WRF-derived wet delay corrections to directly fix the wet delay parameter in GNSS PPP directly
while the other way is to treat WRF-derived wet delay corrections as pseudo observations of wet delay and
constrain the wet delay parameter in GNSS PPP estimation. The impact of different augmentation strategies on
GNSS PPP performance is analyzed comprehensively in this study.

The remaining part of paper is organized as follows. First, the configurations of WRF data assimilation exper-
iment and the WRF PWV and wet delay correction retrieval methods will be introduced in Section 2. The water
vapor conditions for the two periods and the accuracy of WRF water vapor forecasting accuracy will be analyzed
in Section 3. The data and processing strategies adopted in the GNSS PPP study are described in Section 4.
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Section 5 presents the PPP positioning results and the related analyses.
Section 6 discusses the WRF-enhanced PPP positioning results and the value

of this study. Finally, the conclusions are given in Section 7.

2. Description of WRF Water Vapor Data
2.1. WRF Model Configurations

The WRF model in this study is configured with Advanced Research WRF
(ARW) core version 4.2 (Skamarock et al., 2019). A single WRF domain with
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Figure 1. The distributions of WRF domain, GNSS assimilation stations

1057 HFE MEE 121°E north dimension is adopted to cover the main part of South China, as

shown in Figure 1. The horizontal spatial resolution of WRF domain is 5 km

(GNSS_DA), and GNSS evaluation stations (GNSS_Eva) for (a) period 1 for both west-east and south-north dimensions. For the vertical dimension, 36
(March 01 to 14, 2020), and (b) period 2 (June 02 to 15, 2020). vertical levels are set. The European Centre for Medium-Range Weather

Forecasts (ECMWF) Reanalysis v5 (ERAS) hourly reanalysis data (Hersbach

et al., 2020) with a spatial resolution of 0.25° are used as the WRF initial and
boundary conditions. In addition, the main physics-related model options adopted in the WRF model are listed as
follows. WRF double moment 6—class scheme (Lim & Hong, 2010) is adopted for micro physics option. Rapid
Radiative Transfer Model for General Circulation Models (RRTMG) shortwave and longwave schemes (Iacono
et al., 2008) are selected for shortwave and longwave radiation options, respectively. Kain—Fritsch scheme
(Kain, 2004) is applied for cumulus parameterization. 5-layer thermal diffusion scheme (Dudhia, 1996) is
selected for land surface option. Yonsei University scheme (Hong et al., 2006) is selected for the planetary
boundary layer physics option. The WRF domain size and the selection of physical options are similar with other
WRF experiments conducted by the operational weather prediction center over the South China area (Chan
et al., 2022; Hon, 2020).

We totally perform 28 full-day (24-hr) WRF runs over the South China for two periods, that is, period 1 (March 01
to 14, 2020) and period 2 (June 02 to 15, 2020). All 24-hr WREF runs in this study are initialized at O hr UTC for
each day and the meteorological parameters including water vapor mixing ratio, air pressure, and air temperature,
are forecast hourly for the following 24 hr.

2.2. Assimilation of GNSS PWYV Into WRF Model

The WREF data assimilation system embedded in the WRF framework can assimilate external meteorological
observations to enhance the WRF initial field and further improve the forecasting performance. In this study, to
investigate the impact of assimilating GNSS PWYV, two WRF configurations, that is, WRF configuration 0 (no
data assimilation) and WRF configuration 1 (with assimilation of GNSS PWYV), are adopted. For WRF 1, WRF
three-dimensional variational (3DVAR) assimilation method (Barker et al., 2004) is applied to assimilate GNSS
PWYV observations at 0 hr UTC of each day (WRF initialization time). 3DV AR is an effective assimilation method
that can assimilate external meteorological observations to update the initial field of the WRF model. The optimal
initial field is estimated by minimizing the 3DVAR cost function, which is shown below (Barker et al., 2004):

J) = 5= ) B (= ) + 50y = HEY R (3 = H(2) 1)

where J(x) is the scalar cost function; x stands for the WRF meteorological analysis field; x; is the WRF back-
ground field. In this study, y represents the GNSS PWV observations assimilated; H(x) is the PWV operator; B is
the covariance matrix of background errors; R is the covariance matrix of observation errors. In this study, the
control variables option 5 (CV5) background error covariance calculated by the National Meteorological Centre
(NMC) method (Parrish & Derber, 1992) is used. The NMC method determines the background error covariance
based on the difference between WRF forecasting results at forecast lengths 24 and 12 hr over a month (March
2020 for experiment period 1 and June 2020 for experiment period 2 in this study). Additionally, observation error
2 kg/m? is assigned to GNSS PWV according to the accuracy specification of GNSS PWV data assimilated. The
details of GNSS PWYV assimilated have been introduced as below.
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Two GNSS PWYV data sets, that is, the China Meteorological Administration GNSS Network (CMAGN) water
vapor products and the Crustal Movement Observation Network of China (CMONOC) tropospheric delay
products, are used in this study. For period 1 and period 2, 370 and 342 GNSS stations are used, respectively.
Specifically, for period 1, PWV from 277 GNSS stations are assimilated into the WRF model, and the remaining
93 GNSS stations are used to assess the WRF PWYV forecasting accuracy; for period 2, there are 263 GNSS
stations used for assimilation and 79 GNSS stations used for evaluation. Liang et al. (2015) reported that, GNSS
PWV from CMAGN and CMONOC water vapor products have a difference of around 2 kg/m?® in comparison
with radiosonde PWV. The GNSS PWV data accuracy of 2 kg/m? is well better than the WRF PWV forecasting
accuracy in this study so they can be used as a reference of the true PWV.

The distribution of GNSS assimilation stations and evaluation stations for period 1 and period 2 are shown in
Figures 1a and 1b, respectively. Basically, the GNSS assimilation stations and evaluation stations have an even
distribution.

2.3. Retrieval Method of WRF PWYV and Wet Delay

Using WRF meteorological outputs, for example, water vapor mixing ratio, air pressure, air temperature, the
WRF PWYV and wet delay can be calculated as follows. PWV (unit: kg/m?>) can be calculated by integrating the
specific humidity g (unit: kg/kg) with respect to the air pressure P (unit: hPa) (Ross & Elliott, 1996):

115
PWV = —f qdP x 100 2)
8Jp

top
where g represents the gravitational acceleration constant (9.81 m/s?). ¢ is the specific humidity that can be
calculated using WRF water vapor mixing ratio Q (unit: kg/kg) forecasts:

0

“o+1 ®

q

ZWD (unit: m) can be calculated as an integration of atmosphere wet refractivity Nw (unitless) with respect to
height A (unit: m) (Askne & Nordius, 1987):

ZWD = 107° f N, dh @)
Wet refractivity can be calculated using (Askne & Nordius, 1987):

Ry
N, =k, —k;—
w (2 lR

w

e e
) Tt kzﬁ (5)

where k;, k,, and k; are three empirical refractivity constants. In this study, the “best average” values:
k; = 77.6890 K/hPa, k, = 71.2952 K/hPa, k; = 375,463 K?/hPa calculated by Riieger (2002) are adopted. R,
(287.053 J/K/kg) is the gas constant for dry air and R,, (461.495 J/K/kg) is the gas constant for water vapor. T
(unit: K) is air temperature from WRF. Water vapor partial pressure e (unit: hPa) can be calculated based on WRF
water vapor mixing ratio Q (unit: kg/kg) and WREF air pressure P (unit: hPa):

Q-P

“T0622+0 ©

3. Analyses of Water Vapor Conditions and WRF Water Vapor Forecasting Accuracy
3.1. Water Vapor Conditions During Two Experiment Periods

The GNSS average PWV at each GNSS station for period 1 and period 2 are shown in Figures 2a and 2b,
respectively. Generally, GNSS stations with lower latitudes have larger PWYV values. The PWYV values in period 1
are much lower than those in period 2. Specifically, the overall GNSS average PWYV for period 1 and period 2 are
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Figure 2. GNSS average PWYV for each GNSS station (including both GNSS
assimilation station and GNSS evaluation station) for (a) period 1 (March 01
to 14, 2020) and (b) period 2 (June 02 to 15, 2020).

23.5 and 55.6 kg/m?, respectively. Additionally, the PWYV standard deviation
of each GNSS station for each period is calculated, the overall PWV average
standard deviation for period 1 and period 2 are 6.6 and 8.7 kg/m?
respectively.

3.2. WRF Water Vapor Forecasting Accuracy

Before using WRF water vapor corrections to improve GNSS PPP perfor-
mance, it is necessary to have clear knowledge about the WRF water vapor
forecasting accuracy. We have conducted the WRF PWV RMSE statistics at
the initialization time and the following 24 forecasting (forecast length from 1
to 24 hr) for both WRF configuration 0 (no data assimilation) and WRF
configuration 1 (assimilation of GNSS PWV). The RMSE of WRF PWV
evaluated by independent GNSS PWYV for period 1 and period 2 are shown in
Figures 3a and 3b, respectively. The independent GNSS PWYV data are used
for evaluation only and have not been assimilated into the WRF model. The
WRF PWYV are compared with collocated GNSS PWV and their differences

—e— RMSE of WRF 0
—e— RMSE of WRF 1
[ 1 RMSE reduction of WRF 1

(@)

HHHDDDDDDDDDDEDEDDDEDD

-|— - 10

|

00 03 06 09 12 15 18 21 24

|
o
RMSE reduction (%) RMSE reduction (%)

I I I I I

UTC time (hour)

Figure 3. The RMSE of WRF PWYV evaluated by GNSS PWV for (a) period 1 (March 01 to 14, 2020); and (b) period 2 (June
02 to 15, 2020). The bar represents the percentage of RMSE reduction of WRF configuration 1 (assimilation of GNSS PWV)
compared with WRF configuration 0 (no data assimilation). GNSS PWYV used in evaluation have not been assimilated into
WRF model. For WRF configuration 1, the GNSS PWV are assimilated into WRF model at 0 hr UTC of each day during

period 1 and period 2.
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are calculated. The WRF PWYV data are considered as outliers and removed in
the RMSE statistics if the differences are over 12 kg/m”. We can see that the
WRF PWV RMSE for period 1 are evidently smaller than that for period 2.
The two WRF configurations for period 1 have the PWV RMSE ranging from
around 1.9 to 2.7 kg/m?, while the PWV RMSE of two WRF configurations
for period 2 range from around 2.4 to 3.8 kg/m>.

We can clearly see that assimilation of GNSS PWYV evidently reduces the
WRF PWYV forecasting RMSE. Compared with WRF configuration 0, WRF
configuration 1 has a smaller RMSE in all the 24 hr forecast lengths in
period 1. In period 2, WRF configuration 1 can reduce the RMSE in almost
all the 24 hr forecast lengths. The positive effect of assimilating GNSS
PWV decreases when the forecast length increases. Compared to WRF
configuration 0, the RMSE of WRF configuration 1 has reduced by 18.0% at
the data assimilation time (0 UTC) but the RMSE reduction becomes 1.4%
at 12 hr forecast length (12 UTC). For period 2, WRF configuration 1 has a
reduction of 22.6% at 0 UTC. This reduction decreases to 2.9% when the

109°E

Figure 4. The geographical distribution of eight IGS stations used for

M2°E

15°E  118°E

12 ,; °E forecast length increases to 12 hr. For both period 1 and period 2, as well as
both two WRF configurations, we can see that the WRF PWYV forecasting
accuracy evidently degrades when the forecast length increases, particularly

GNSS PPP. in the first 12 hr.

4. Description of GNSS PPP Experiment
4.1. GNSS Data Used in GNSS PPP
WRF-derived wet delay corrections are used to improve GNSS PPP performance for two periods with two
different weather conditions, that is, period 1 (March 01 to 14, 2020, average PWV: 23.5 kg/mz) and period 2
(June 02 to 15, 2020, flooding weather with average PWV: 55.6 kg/m?). GNSS observations from eight Inter-
national GNSS Service (IGS) GNSS stations with a sampling rate of 30 s are adopted for PPP experiment during
these two periods. The geographic distribution of eight GNSS stations is shown in Figure 4. Only GPS obser-
vations are used in this study. It should be noted that the observations for station TCMS on March 01, June 05 to
06, 2020 are missing. The observations for KMNM on March 09, 2020 and observations for HKWS on June 07,
2020 are also absent.
4.2. GNSS PPP Positioning Strategies
We totally tested nine different GNSS PPP schemes including a traditional PPP scheme and eight WRF-enhanced
PPP schemes in both static and kinematic modes for both periods, as shown in Table 1. The only difference
between traditional PPP scheme and WRF-enhanced PPP schemes is the atmospheric wet delay processing
strategy.

Table 1

Tropospheric Wet Delay Processing Strategies for Nine Different GNSS PPP Schemes Adopted in This Study

PPP schemes Tropospheric wet delay parameter processing strategies Constraint value set

Traditional Estimated as an unknown parameter -

WRF 0_F Fixed by wet delay corrections from WRF configuration 0 -

WRF 0_C_15 mm Estimated as an unknown parameter and constrained by wet delay corrections from WRF 15 mm

WRF 0 C 20 mm configuration 0 20 mm

WRF 0_C_25 mm 25 mm

WRF 1_F Fixed by wet delay corrections from WRF configuration 1 -

WRF 1_C_15 mm Estimated as an unknown parameter and constrained by wet delay corrections from WRF 15 mm

WRF 1_C_20 mm configuration 1 20 mm

WRF 1_C_25 mm 25 mm
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In the traditional PPP scheme, the wet delay is estimated as random walk process with a spectral density of
3 % 107® m?/s. In WRE-enhanced PPP schemes, the first step is to obtain the WRF-derived wet delay corrections.
The WREF forecasting is conducted hourly at each UTC hour. In this work, WRF-derived wet delay corrections
between two UTC hours are linearly interpolated at an interval of 30 s, same as the GNSS data interval in this
study. Then in the WRF-enhanced GNSS PPP, the interpolated WRF-derived wet delay corrections are used in
two schemes: one is to fix the WRF wet delay correction as wet delay parameter in PPP, called WRF-fixed PPP;
the other is to treat WRF wet delay corrections as pseudo observations to constrain the wet delay parameter in
GNSS PPP, which is called WRF-constrained PPP.

For WRF-constrained PPP, it is important to assign a reasonable constraint to the WRF-derived wet delay
“observations.” In this study, three different constant constraint values, that is, 15, 20, and 25 mm, are adopted.
The selection of these values is based on the WRF PWYV evaluation results shown in Figure 3. The WRF PWV
forecasting accuracies for WRF configuration 0 (no data assimilation) and WRF configuration 1 (with assimi-
lation of GNSS PWV) are basically within 1.9-3.8 kg/m? in both period 1 and period 2. Considering the ratio
value of PWV/ZWD is approximately 0.15 (Bevis et al., 1994), the constraints of 15-25 mm for ZWD are
estimated.

Other common PPP processing strategies are summarized as follows. Observation errors of 0.3 and 0.003 m are
assigned to GNSS pseudorange and carrier phase observations, respectively. The observation weight is deter-
mined by the elevation-dependent weighting scheme. The observation cut-off elevation angle is set to 10°.
Ionosphere-free combination is adopted to eliminate the ionospheric delay. Satellite clock and orbit are fixed by
IGS final satellite clock products and IGS final orbit products, respectively. The tropospheric hydrostatic delay
corrections are calculated using the Saastamoinen model (Davis et al., 1985; Saastamoinen, 1972). The pressure
at GNSS station used in Saastamoinen model can be calculated using the pressure reduction method proposed by
Hopfield (1969) based on ERAS surface pressure and 2 m temperature data. For GNSS static PPP mode, the
station coordinates are estimated as constants; for kinematic PPP mode, the coordinates are estimated as random
walk with spectral density of 10* m%/s. The reference coordinates used to evaluate for PPP results are extracted
from IGS daily station position file. For the station SHAO, daily static PPP positioning results calculated by the
Canadian Spatial Reference System (CSRS)-PPP online software (Tétreault et al., 2005) are used as reference
coordinates since IGS has no coordinate solution for this station during experiment periods.

It should be noted that only GNSS observations and WRF-derived wet delay corrections within the first 6 hr of
each day (0-6 UTC) are used for PPP processing in both period 1 and period 2 in this study. This is because of
considering two facts: (a) the effectiveness of GNSS PWV assimilation into WRF decreases when forecast length
increases; (b) the accuracy of WRF-derived wet delay corrections degrades when forecast length increases.

5. PPP Positioning Results and Analyses
5.1. PPP Positioning Errors at Early Positioning Stage

For each GNSS station, the daily GNSS data (actually the first 6 hr of observations for each day) in both period 1
and period 2 are processed in PPP mode using all the nine schemes to treat the wet delay. The PPP results of each
set of GNSS data (each station, each day, and each scheme) in the first 30 min of positioning time are evenly
divided into six 5-min groups according to their positioning time range of 0—5 min, 5-10 min, 10-15 min, 15—
20 min, 20-25 min, and 25-30 min. The positioning RMSE of each set of PPP solution (each station, each day,
each PPP scheme, each 5-min group, and each component as well as 3D position) is calculated first. Then the
average RMSE for each 5-min group can be calculated.

A quality control is performed for each 5-min group and each component as well as overall 3D position results in
order to remove large positioning outliers. For each 5-min group and each component and 3D position, the total
number of PPP solutions is 110 (14 days X 8 stations — 2 missing solutions) and 109 (14 days X 8 stations — 3
missing solutions) for period 1 and period 2, respectively. After the calculation of average RMSE for each 5-min
group and each component as well as 3D position, the positioning RMSE of each set of GNSS PPP solution is
compared with the average RMSE. If it is larger than three times average RMSE, that set of GNSS PPP solution
will be discarded and the average RMSE is recalculated. At the end, we find that the number of outlier data sets is
no more than 9 for each 5-min group in each component as well as overall 3D position.
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Figure 5. The average positioning RMSE of static PPP corresponding to nine GNSS PPP schemes during period 1 (March 01
to 14, 2020) in the (a) east component, (b) north component, (c) up component, and (d) overall 3D for six 5-min positioning
groups within the first 30 min of positioning time.

The average positioning RMSE of static PPP for each 5-min positioning group for period 1 and period 2 are shown
in Figures 5 and 6, respectively. In the up component, compared with traditional static PPP, all WRF-enhanced
static PPP (WRF-fixed static PPP schemes and WRF-constrained static PPP schemes) evidently have smaller
positioning RMSE within the first 30 min of positioning time for period 1. For period 2, we can find that WREF-
enhanced static PPP schemes evidently have a better performance in the up component within the first 15 min.
After 15 min, the improvements are not evident. This implies that, under extreme weather conditions, due to
limited accuracy of WRF-derived wet delay corrections, WRF-enhanced PPP schemes accelerate the conver-
gence speed at early positioning stage but its helpfulness to PPP convergence degrades quickly. In the east and
north components, generally, WRF-enhanced static PPP schemes outperform traditional PPP scheme only
slightly in both period 1 and period 2.

However, there is no evident difference in the positioning performance between WRF 0-enhanced PPP schemes
and WRF 1-enhanced PPP schemes, although the WRF PWV evaluation results have shown a higher accuracy for
WREF 1 (assimilation of GNSS PWYV). This may be attributed to the distribution of IGS GNSS PPP stations in this
study. A considerable part of GNSS PPP stations, for example, CKSV, TCMS, and TWTF, are located outside the
assimilation area. These stations may have difficulty in benefitting from assimilation. Thus they shows no su-
perior performance in the WRF 1-enhanced PPP schemes to WRF 0-enhanced PPP schemes.

The kinematic PPP positioning results for each 5-min group for period 1 and period 2 are shown in Figures 7 and
8, respectively. For period 1, the impact of WRF augmentation on the positioning results of the up component
degrades rapidly. After using WRF wet delay corrections, we can observe an evident positioning improvement in
the up component within the first 5 min but a slightly lower positioning accuracy from 5 to 15 min. After 15 min,

GONG ET AL.

8 of 17

85UB01 SUOWILLOD BAITERID) 3|eolidde 8L Aq peueAo 28 S3pe YO ‘esn JO S9N 0} ARIq1T8U1IUO AB]IM UO (SUORIPUOD-PLB-SWLBHWI0" A3 1M ARed) Ul U0/ Sd1L) SUORIPUOD PUE SWB L U3 885 *[5202/50/02] U0 A%eiqI8uliuo ABIIM ‘INOH ON NH ALISH3AINN DINHOILATOd ONOX ONOH A 9ETE00VIEZ0Z/620T OT/10p/ 0" A3 1w Arec|1pu|uo'sandnfe//sduy oy pepeojumoa '€ 'vZ0Z ‘YB0SEEET



I Vedl
M\I Earth and Space Science 10.1029/2023EA003136
AND SPACE SCIENCES

I Traditional I \WRFO0_F Il WRF0_C_15mm
Il WRFO0_C 20mm HEE WRFO0_C 25mm ZZ1 WRF 1_F
WRF1_C_15mm /4 WRF1_C_20 mm [ZZ] WRF 1_C_25 mm
240 A y
4
i 1] e gle a) East
ool Ml imnﬁ uﬁ ?
4l
||| || T e e
0. fliom | | | ot
120 -
€ 90-
£
% 60 - I
s 30+
o
=3
'g 800
= 600 o (c)Up
o g%
8 400 A glf
® 200 il
ZE f A Mmmmgoron swssydnen sessyriong smsegrioes |
1200
900 - H i (d)30
600 - I i
300 A
0- i
0-5 5-10 10-15 15-20 20-25 25-30
Positioning time (min)
Figure 6. The average positioning RMSE of static PPP corresponding to nine GNSS PPP schemes for period 2 (June 02 to 15,
2020) in the (a) east component, (b) north component, (c) up component, and (d) overall 3D for six 5-min positioning groups
within the first 30 min of positioning time.
WRF-enhanced PPP schemes have a slightly smaller positioning RMSE. For period 2, WRF-enhanced PPP
schemes show smaller positioning errors in the up component within the first 10 min than the traditional PPP
scheme. After 10 min of positioning time, WRF-enhanced PPP schemes even get a larger positioning error. This
could be explained as follow. With the increase of positioning time, traditional PPP scheme can estimate the wet
delay parameter more accurately. When the estimated wet delay is more accurate than the WRF-derived wet
delay, WRF-enhanced PPP schemes may get a poorer positioning performance than traditional PPP. In addition,
compared with static mode, the estimation of coordinate parameters in kinematic mode is more sensitive to the
observations. This implies that the positioning results in kinematic mode is more easy to be affected by the
relatively lower quality WRF-wet delay after 10 min of positioning time. It also should be noted that, in period 2,
water vapor condition is active and more difficult to be predicted accurately. WRF Wet delay corrections are only
effective for the first 10 min of positioning time, while WRF-enhanced kinematic PPP schemes still show slight
improvement at the positioning time of 15-25 min in period 1.
For positioning results in the east, north components, and overall 3D, we can find all the WRF-enhanced PPP
schemes generally show a better accuracy than the traditional PPP for both period 1 and period 2.
5.2. Final Positioning Accuracy
The final positioning RMSE statistics corresponding to the static and kinematic PPP results of the last three hours
(3 hr UTC to 6 hr UTC) of each day for different PPP schemes are conducted in this section. To perform quality
control, based on 33 rule, positioning errors larger than the threshold values set in Table 2 are not used in the
statistics. A relaxed positioning error threshold is set for period 2 considering high level of water vapor during the
GONG ET AL. 9 of 17
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Figure 7. The average positioning RMSE of kinematic PPP corresponding to nine GNSS PPP schemes for period 1 (March 01
to 14, 2020) in the (a) east component, (b) north component, (c) up component, and (d) overall 3D for six 5-min positioning
groups within the first 30 min of positioning time.
flooding weather condition in that period has a larger impact on GNSS PPP. “WRF 1_F” scheme has 12 outliers
for 3D final positioning error statistics during period 1. For other final positioning error statistical results, no more
than 8 PPP positioning solutions are removed for each component, each PPP mode, and each period.
Table 3 shows the average positioning RMSE of static PPP corresponding to each PPP scheme. For period 1, the
average positioning RMSE of traditional static PPP in the east, north, and up components and 3D are 4.9, 2.2,
17.8, and 19.1 mm respectively. For period 2, due to the increased water vapor under the flooding weather
conditions, the positioning accuracy is much worse. The average positioning RMSE of traditional static PPP
errors for period 2 in the east, north, and up components, and 3D are 12.8, 4.0, 30.6, and 35.7 mm, respectively.
For the up component, WRF-constrained static PPP schemes generally have a better positioning accuracy than the
traditional PPP scheme. Specifically, WRF-constrained static PPP schemes reduce positioning RMSE in the up
component by 14.6% for period 1, while the corresponding improvements in the up component for period 2 are
much larger (up to 33.7%). WRF-fixed static PPP schemes have unsatisfactory performances. WRF-fixed PPP
static schemes show a considerable accuracy degradation by up to 19.7% in the up component.
For positioning accuracy in the east component during two periods, WRF-constrained static PPP schemes show
1.6%—-8.2% of accuracy degradation compared with traditional static PPP scheme. WRF-fixed static PPP schemes
show large accuracy degradations by up to 66.4% in the east component for two periods. In the north component,
all the WRF-constrained static PPP schemes show a positioning accuracy similar to that of traditional PPP scheme
for both period 1 and period 2, while the WRF-fixed static PPP schemes show 13.6%-35.0% of accuracy
GONG ET AL. 10 of 17
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Figure 8. The average positioning RMSE of kinematic PPP corresponding to nine GNSS PPP schemes for period 2 (June 02
to 15, 2020) in the (a) east component, (b) north component, (c) up component, and (d) overall 3D for six 5-min positioning
groups within the first 30 min of positioning time.
degradation in the north component for two periods. For the overall 3D positioning results, WRF-constrained
static PPP schemes can achieve accuracy improvements of up to 11.5% for period 1 and 22.7% for period 2.
The average positioning RMSE values of kinematic PPP for both period 1 and period 2 are presented in Table 4.
We can see that the positioning RMSE of kinematic PPP in period 2 are much larger than those in period 1. This is
because of the much larger water vapor variations in period 2. It has been well known water vapor variation is
difficult to model and can result in considerable error in GNSS positioning.
In the up component, all the WRF-constrained kinematic PPP schemes show higher positioning accuracy in two
periods. The accuracy improvements are ranging from 9.8% to 13.8% for period 1% and 13.9%-19.0% for period
Table 2
The Positioning Error Thresholds Set for East, North, and Up Components and Overall 3D in Final Positioning RMSE
Statistics
Experiment period PPP mode East (mm) North (mm) Up (mm) 3D (mm)
Period 1 Static 20 10 60 60
Kinematic 30 20 100 110
Period 2 Static 50 20 100 110
Kinematic 100 60 150 190
GONG ET AL. 11 of 17
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Table 3

The Average Positioning RMSE of Static PPP in the East, North, and Up Components and Overall 3D

Period Schemes East (mm) North (mm) Up (mm) 3D (mm)

Period 1 Traditional 49 22 17.8 19.1
WRF 0_F 7.5 (53.1%) 2.5 (13.6%) 21.3 (19.7%) 23.2 (21.5%)
WRF 0_C_15 mm 5.2 (6.1%) 2.2 (0.0%) 15.7 (—11.8%) 17.3 (—9.4%)
WRF 0_C_20 mm 5.1 (4.1%) 2.2 (0.0%) 16.1 (=9.6%) 17.6 (=7.9%)
WRF 0_C_25 mm 5.0 2.0%) 2.2 (0.0%) 16.5 (=7.3%) 17.9 (—6.3%)
WRF 1_F 7.9 (61.2%) 2.5 (13.6%) 20.3 (14.0%) 21.5 (12.6%)
WRF 1_C_15 mm 5.3 (8.2%) 2.2 (0.0%) 15.2 (—14.6%) 16.9 (—11.5%)
WRF 1_C_20 mm 5.2 (6.1%) 2.2 (0.0%) 15.8 (—11.2%) 17.3 (—9.4%)
WRF 1_C_25 mm 5.1 (4.1%) 2.2 (0.0%) 16.3 (—8.4%) 17.7 (=7.3%)

Period 2 Traditional 12.8 4.0 30.6 35.7
WRF 0_F 21.3 (66.4%) 5.3 (32.5%) 35.9 (17.3%) 45.0 (26.1%)
WRF 0_C_15 mm 13.6 (6.2%) 4.1 (2.5%) 20.3 (=33.7%) 27.6 (=22.7%)
WRF 0_C_20 mm 13.4 (4.7%) 4.1 (2.5%) 22.5 (=26.5%) 29.0 (—18.8%)
WRF 0_C_25 mm 13.1 (2.3%) 4.1 (2.5%) 24.4 (-20.3%) 30.4 (—14.8%)
WRF 1_F 21.2 (65.6%) 5.4 (35.0%) 36.1 (18.0%) 45.2 (26.6%)
WRF 1_C_15 mm 13.3 (3.9%) 4.1 (2.5%) 21.4 (=30.1%) 28.4 (=20.4%)
WRF 1_C_20 mm 13.2 (3.1%) 4.1 (2.5%) 23.2 (=24.2%) 29.6 (=17.1%)
WRF 1_C_25 mm 13.0 (1.6%) 4.1 (2.5%) 25.0 (—18.3%) 30.9 (—13.4%)

Note. The positive/negative percentage in the parentheses means the increase/decrease in percentage of positioning RMSE of

WREF-enhanced PPP scheme compared with the traditional PPP scheme.

Table 4

The Average Positioning RMSE of Kinematic PPP in the East, North, and Up Components and Overall 3D

Period Schemes East (mm) North (mm) Up (mm) 3D (mm)

Period 1 Traditional 9.3 6.8 327 35.0
WRF 0_F 10.3 (10.8%) 7.0 2.9%) 30.2 (=7.6%) 33.2 (=5.1%)
WRF 0_C_15 mm 9.6 (3.2%) 6.6 (—2.9%) 28.2 (—13.8%) 30.9 (=11.7%)
WRF 0_C_20 mm 9.4 (1.1%) 6.6 (—2.9%) 28.9 (—=11.6%) 31.4 (=10.3%)
WRF 0_C_25 mm 9.4 (1.1%) 6.6 (—2.9%) 29.5 (=9.8%) 32.0 (—8.6%)
WRF 1_F 10.8 (16.1%) 7.2 (5.9%) 31.8 (—2.8%) 34.9 (-0.3%)
WRF 1_C_15 mm 9.7 (4.3%) 6.6 (—2.9%) 28.4 (—13.1%) 31.2 (=10.9%)
WRF 1_C_20 mm 9.6 (3.2%) 6.6 (—2.9%) 29.0 (=11.3%) 31.6 (=9.7%)
WRF 1_C_25 mm 9.5 (2.2%) 6.6 (—2.9%) 29.5 (=9.8%) 32.0 (—=8.6%)

Period 2 Traditional 23.9 15.1 56.9 65.3
WRF 0_F 30.7 (28.5%) 22.9 (51.7%) 53.1 (=6.7%) 68.3 (4.6%)
WRF 0_C_15 mm 27.0 (13.0%) 18.2 (20.5%) 46.1 (—19.0%) 58.8 (=10.0%)
WRF 0_C_20 mm 26.0 (8.8%) 17.1 (13.2%) 47.0 (—17.4%) 58.7 (=10.1%)
WRF 0_C_25 mm 25.4 (6.3%) 16.4 (8.6%) 48.6 (—14.6%) 59.4 (=9.0%)
WRF 1_F 30.7 (28.5%) 22.5 (49.0%) 53.9 (=5.3%) 69.0 (5.7%)
WRF 1_C_15 mm 26.7 (11.7%) 18.0 (19.2%) 46.8 (—17.8%) 59.3 (=9.2%)
WRF 1_C_20 mm 25.8 (1.9%) 16.9 (11.9%) 47.6 (—16.3%) 59.2 (=9.3%)
WRF 1_C_25 mm 25.3 (5.9%) 16.3 (7.9%) 49.0 (—13.9%) 59.9 (-8.3%)

Note. The positive/negative percentage in the parentheses means the increase/decrease in percentage of positioning RMSE of

WREF-enhanced PPP schemes compared with the traditional PPP scheme.
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Table 5 2. WRF-fixed kinematic PPP schemes improve positioning accuracy for up

The Average Convergence Time of Nine GNSS Static PPP Schemes in the
East, North, and Up Components, for Period 1 (March 01 to 14, 2020) and
Period 2 (June 02 to 15, 2020)

Period Schemes East (min)  North (min) Up (min)

Traditional 14.6 3.8 11.0

WRF 0_F 14.5 (=0.7%) 3.7 (=2.6%) 6.4 (—41.8%)
WRF 0_C_15mm 15.1 (3.4%) 3.7(-2.6%) 6.7 (—39.1%)
WRF 0_C_ 20 mm 15.0 2.7%) 3.7 (-2.6%) 7.0 (—36.4%)
WRF0_C_25mm 15.0 2.7%) 3.7 (-2.6%) 7.1 (—35.5%)
WRF 1_F 15.1 (3.4%) 3.7 (-2.6%) 6.5 (—40.9%)
WRF 1 _C_15mm 15.1 (3.4%) 3.7(-2.6%) 6.8 (—38.2%)
WRF 1_C 20 mm 152 (4.1%) 3.7 (-2.6%) 6.9 (—37.3%)
WRF 1_C_25mm 15.1 (3.4%) 3.7 (-2.6%) 7.1 (=35.5%)
Traditional 16.8 34 11.2

WRF 0_F 154 (-8.3%) 3.2(=59%) 9.1 (—18.7%)
WRF 0_C_15mm 15.6 (=7.1%) 3.2(-5.9%) 8.6 (—23.3%)
WRF 0_C_20 mm 15.5(=7.7%) 3.2(-5.9%) 8.4 (—25.0%)
WRF 0_C_25mm 15.6 (—7.1%) 3.2(-5.9%) 8.4 (-25.0%)
WRF 1_F 16.1 (—4.2%) 3.2(=59%) 9.0 (—19.6%)
WRF 1 _C_15mm 16.1 (—42%) 3.2(-59%) 8.4 (-25.0%)
WRF 1_C_ 20 mm 16.2 (=3.6%) 3.2(-5.9%) 8.4 (-25.0%)
WRF 1_C_25mm 16.1 (—4.2%) 3.2(-5.9%) 8.4 (-25.0%)

Period 1

Period 2

Note. The negative (positive) percentages are the amount of reduction (in-
crease) percentages of convergence time for the WRF-enhanced PPP
schemes compared to the traditional PPP scheme. PPP solutions with
convergence time longer than 1 hour are not considered in the statistics.

component by up to 7.6% and 6.7% for period 1 and period 2, respectively.

For the east component, all the WRF-enhanced kinematic PPP schemes have
larger positioning RMSE than traditional PPP in both periods. Particularly for
period 2, WRF-fixed kinematic PPP schemes degrade positioning accuracy in
the east component by 28.5%. For the north component, WRF-enhanced ki-
nematic PPP schemes generally have a performance similar to traditional PPP
scheme for period 1, while considerable accuracy degradation is found in
period 2, particularly for WRF-fixed kinematic PPP. The accuracy degrada-
tions in the north component for the WRF-fixed kinematic PPP schemes are
49.0%-51.7% for period 2.

5.3. Convergence Time

The convergence time of all GNSS PPP schemes is analyzed. In this study, we
regard the last epoch with a positioning error larger than the threshold value
given for each component as the convergence time for that corresponding
component. For both static and kinematic modes, the positioning error
thresholds used in convergence statistics for the east, north, and up compo-
nents are set to 0.1, 0.1, and 0.15 m, respectively. For static or kinematic PPP
mode, there are totally 110 and 109 PPP solutions in each PPP scheme for
period 1 and period 2, respectively. Those PPP solutions whose convergence
time exceed 1 hour are regarded as un-converged solutions and will be dis-
carded in the statistics of final convergence time.

Table 5 shows the average convergence time of static PPP for period 1 and
period 2. It should be noted that there are no more than 2 un-converged PPP
solutions for the up component for each static PPP scheme in each period. For
the east component, there are 1-5 of un-converged PPP solutions for each
PPP scheme in each period. All static PPP solutions can achieve convergence
in the north component within 1 hr. Enhanced by WRF-derived wet delay
corrections, significant convergence improvements can be found in the up

component for both period 1 and period 2. Specifically, in the up component, WRF-enhanced static PPP schemes
reduce the convergence time by 35.5%—41.8% for period 1, while the convergence improvements for period 2
range from 18.7% to 25.0%. Almost all WRF-enhanced static PPP schemes show a slightly longer convergence

time in east component for period 1, while WRF-enhanced PPP schemes show 3.6%-8.3% of convergence time

reductions for in east component for period 2. For the north component, WRF-enhanced static PPP schemes

improve the convergence speed by 2.6% and 5.9% for period 1 and period 2, respectively.

The average kinematic PPP convergence time for period 1 and period 2 are shown in Table 6. For period 1, all
WRF-enhanced PPP schemes have a shorter convergence time in all components. Specifically, the convergence

time reductions in the east, north, and up components are 10.3%—13.6%, 9.0%-13.5%, and 5.2%—8.2%, respec-

tively. It should be noted that, for the up component, WRF 1_F (fixed by wet delay corrections from WRF scheme
1) has 16 un-converged PPP solutions, while the number of un-converged solutions for other GNSS PPP schemes
are ranging from § to 13. In the east component, there are 17 un-converged PPP solutions for the traditional PPP
scheme and 12 to 14 un-converged solutions for the WRF-enhanced PPP schemes. In the north component, there

are only 3 un-converged PPP solutions for each GNSS PPP scheme.

For period 2, all the WRF-enhanced PPP schemes have a longer convergence time (5.1%—13.6% of increase in
convergence time) than the traditional PPP scheme in the up component, while all the WRF-enhanced PPP
schemes show convergence time reductions by 4.4%—13.5% in the east component and 4.0%—8.5% in the north
component. However, it should be noted that WRF-constrained kinematic PPP schemes have more converged

PPP solutions in the up component for period 2, which implies a more robust positioning performance in the up

component. Due to the highly variable water vapor condition during period 2, there are much more un-converged

PPP solutions in each component for period 2. Specifically, in the up component, there are 35 un-converged PPP
solutions for the traditional PPP scheme, 38 to 39 un-converged solutions for the WRF-fixed PPP schemes, and 27
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Table 6
The Average Convergence Time of Nine GNSS Kinematic PPP Schemes in the East, North, and Up Components, for Period 1
(March 01 to 14, 2020) and Period 2 (June 02 to 15, 2020)
Period Schemes East (min) North (min) Up (min)
Period 1 Traditional 21.3 22.3 19.4
WRF 0_F 18.4 (—13.6%) 19.4 (—13.0%) 18.3 (—5.7%)
WRF 0_C_15 mm 18.7 (—12.2%) 19.6 (—12.1%) 18.3 (—5.7%)
WRF 0_C_20 mm 18.9 (—11.3%) 19.9 (—10.8%) 18.3 (=5.7%)
WRF 0_C_25 mm 19.0 (—10.8%) 20.2 (—=9.4%) 18.3 (=5.7%)
WRF 1_F 18.5 (—13.1%) 19.3 (=13.5%) 18.4 (=5.2%)
WRF 1_C_15 mm 18.5 (—13.1%) 19.7 (—=11.7%) 17.9 (=7.7%)
WRF 1_C_20 mm 19.1 (—-10.3%) 19.8 (—11.2%) 17.9 (=7.7%)
WRF 1_C_25 mm 19.1 (—10.3%) 20.3 (—=9.0%) 17.8 (—8.2%)
Period 2 Traditional 27.5 20.0 25.7
WRF 0_F 23.8 (—13.5%) 18.3 (—8.5%) 27.0 (5.1%)
WRF 0_C_15 mm 26.3 (—4.4%) 18.3 (—8.5%) 28.1 (9.3%)
WRF 0_C_20 mm 26.0 (—5.5%) 18.5 (=7.5%) 28.0 (8.9%)
WRF 0_C_25 mm 26.2 (—4.7%) 18.7 (—6.5%) 28.2 (9.7%)
WRF 1_F 25.3 (—8.0%) 19.1 (—4.5%) 27.3 (6.2%)
WRF 1_C_15 mm 25.7 (—6.5%) 19.1 (—4.5%) 29.2 (13.6%)
WRF 1_C_20 mm 25.9 (—5.8%) 19.1 (—4.5%) 28.5 (10.9%)
WRF 1_C_25 mm 25.7 (—6.5%) 19.2 (—4.0%) 27.8 (8.2%)
Note. The negative (positive) percentages are the amount of reduction (increase) percentages of convergence time for the
WREF-enhanced PPP schemes compared to the traditional PPP scheme. PPP solutions with convergence time longer than
1 hour are not considered in the statistics.
to 28 un-converged PPP solutions for the WRF-constrained PPP solutions. In the east component, 22 to 24 of PPP
solutions cannot achieve convergence within 1 hr in the east component for each PPP scheme. In the north
component, there are 5-10 un-converged PPP solutions for each scheme.
6. Discussion
In this study, we used WRF-derived wet delay corrections to augment the GNSS PPP positioning performance for
two periods with different weather conditions, that is, period 1 (March 01 to 14, 2020, average PWV: 23.5 kg/mz)
and period 2 (June 02 to 15, 2020, flooding weather with average PWV: 55.6 kg/m?), in South China. Similar to
the previous studies (Cui et al., 2022; Wang & Liu, 2019; Yao et al., 2018), introducing accurate external water
vapor data can significantly improve the GNSS PPP performance in terms of positioning accuracy and
convergence speed in the up component. Specifically, in this study, WRF-derived wet delay corrections produce a
larger augmentation impact on the positioning accuracy for period 2 than that of period 1. For period 1, WRF-
enhanced PPP schemes reduce positioning RMSE in the up component by up to 14.6% and 13.8% for static
and kinematic modes, respectively. The corresponding improvements in the up component for period 2 are up to
33.7% and 19.0% for static and kinematic PPP modes, respectively. This demonstrates the significance of accurate
external water vapor data for GNSS PPP under the severe weather condition when the water vapor condition is
very unstable.
Additionally, our study shows that using external water vapor corrections, that is, WRF-derived wet delay cor-
rections, generally does not improve the horizontal positioning accuracy. This is similar to the results shown in
Wang and Liu (2019), in which water vapor observations from a collocated Water Vapor Radiometer (WVR)
were used to augment GNSS PPP.
GONG ET AL. 14 of 17

85U8017 SUOWIWIOD 3AIR8.10 3|edtidde Uy Aq peueAoB a1 S3pIMe VO '8N JO'S3IN 0} K111 8UIIUO 48] UO (SUORIPUOD-PUR-SWLISYLIOD" A3 | I ARe1q] U U0/ S SUORIPUOD PUe SW L 3U338S *[5202/50/02] Uo A%eig178ulluo A8IIM 'INOH ON NH ALISHIAINN DINHOFLATOd ONON ONOH Ad 9ETE00VIEZ02/620T 0T/I0p/ W00 | 1mAreaqifeutjuo'sgndnbe//:sdny wioy papeojumoq '€ ‘¥20Z ‘YB0SEEES



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Earth and Space Science 10.1029/2023EA003136

Compared with traditional water vapor augmentation data sources, such as collocated water vapor observation
systems (Wang & Liu, 2019), regional GNSS network (Cui et al., 2022; Li et al., 2021), empirical tropospheric
delay models (Chen & Liu, 2015; Chen et al., 2020; Zhang et al., 2016), and global NWP models (Lu et al., 2017),
WREF, as an advanced mesoscale NWP model, has several major advantages in augmenting GNSS PPP,
particularly for high precision GNSS real-time PPP:

1. WRF model can forecast water vapor data with a very high spatiotemporal resolution. In this study, we design
the WRF model with 5 km of spatial resolution and hourly forecasting temporal resolution. This spatiotem-
poral resolution can be further improved according to users' demands when enough computational resources
are available.

2. WRF model can forecast water vapor data with a high accuracy. As shown in Figure 3, the PWYV forecasting
RMSE within 24 hr are no more than 2.7 and 3.8 kg/m? for period 1 and period 2, respectively, which are
equivalent to around 17.6 and 24.7 mm of RMSE in ZWD. In comparison, empirical wet delay models normally
have a poorer performance. Chen and Liu (2015) evaluated the performance of 18 wet delay models in China
region using 10 years of radiosonde data. Even for the Baby semiempirical model, which achieved the best
agreement with the radiosonde data among the empirical and semiempirical models, the ZWD RMSE was
33.2 mm.

The encouraging results in this study have demonstrated that WRF-enhanced PPP strategies can considerably
improve the positioning accuracy in the up component. WRF-enhanced PPP therefore can produce better per-
formance than traditional PPP for various solid earth applications, such as ocean loading displacement estimation
(L. Zhang et al., 2021) and plate movement monitoring (Wang & Shen, 2020), in which high-accuracy positioning
service is needed.

It is noted that the IGS GNSS stations used in PPP are not evenly distributed in this study. Some of IGS stations,
for example, CKSV, TCMS, and TWTF, are far away from the GNSS assimilation stations. These GNSS station
may barely benefit from assimilation. This could be one potential reason why the statistical results in this study for
PPP schemes augmented by WRF 1 (assimilation of GNSS PWYV) does not show a better performance than those
PPP schemes augmented by WRF 0 (no assimilation).

7. Conclusions

We have extensively investigated the result of assimilation of GNSS PWYV data into WRF model by examining
the effectiveness of wet delay from WRF forecasting in GNSS PPP accuracy. GNSS PPP performance with WRF-
derived wet delays is tested in two periods that is, period 1 (March 01 to 14, 2020) and period 2 (June 02 to 15,
2020) in South China. Period 1 and period 2 have different weather conditions. Period 2 is under flooding weather
condition and has a much higher average PWV (55.6 kg/m?) than period 1 (23.5 kg/m?). Period 2 is selected
because we want to see the performance of WRF-enhanced PPP under severe weather conditions. Additionally, in
the study, GNSS PWV data from 277 and 263 GNSS stations are assimilated into the WRF model in period 1 and
period 2, respectively, to improve the accuracy of wet delay forecasting results.

The positioning results of eight WRF-enhanced PPP schemes are compared with the traditional PPP scheme,
several conclusions can be summarized:

1. WRF-enhanced PPP schemes generally have a better positioning accuracy than traditional PPP scheme in the
up component in both static and kinematic modes. The positioning accuracy improvements for wet period 2 are
larger than that for less wet period 1. Specifically, WRF-enhanced static PPP schemes improve final PPP
positioning accuracy in the up component by up to 14.6% and 33.7% for period 1 and period 2, respectively.
For kinematic mode, augmented by WRF wet delay corrections, the corresponding positioning accuracy
improvements in the up component are up to 13.8% and 19.0% for period 1 and period 2, respectively.

2. The convergence speed of static PPP in the up component is also improved after using wet delay corrections
for the two periods. Specifically, for period 1, WRF-enhanced static PPP schemes show a convergence time
reduction by up to 35.5%-41.8% in the up component, while the corresponding convergence time reductions
for period 2 are up to 18.7%-25.0%. For kinematic mode, WRF-enhanced PPP schemes reduce convergence
time in the up component by up to 5.2%-8.2% for period 1. However, for period 2, WRF-enhanced PPP
schemes show an increase of up to 5.1%—13.6% in convergence time in the up component.
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