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Augmenting GNSS PPP Accuracy in South
China Using Water Vapor Correction Data
from WRF Assimilation Results

Yangzhao Gong', Zhizhao Liu?, Pak Wai Chan3, Kai Kwong Hon*

Abstract. Wet delay in Global Navigation Satellite System (GNSS), mainly
caused by water vapor in the atmosphere, is difficult to be accurately modeled
using empirical wet delay models as water vapor is highly variable in both space
and time. In this paper we propose correcting the GNSS wet delay using water
vapor data from Weather Research and Forecasting (WRF) model’s assimilation
results. We conduct six consecutive 24-h WRF forecasts to model the
three-dimension (3D) distribution of water vapor in the South China region 20° N
—33° N and 108° E — 123° E from 0 h UTC April 06, 2020 to 0 h UTC April 11,
2020. GNSS Precipitable Water Vapor (PWV) from 27 stations of the Crustal
Movement Observation Network of China (CMONOC) and meteorological
profiles from 22 radiosonde stations are assimilated into WRF model to improve
the water vapor modeling performance of WRF. Totally, four WRF schemes are
adopted, i.e. WRF scheme 0: WRF without water vapor data assimilation; WRF
scheme 1: WRF with GNSS PWV assimilation only; WRF scheme 2: WRF with
radiosonde profiles assimilation only; WRF scheme 3: WRF with both GNSS
PWYV and radiosonde profiles assimilation.

The water vapor data from the four WRF schemes are used to augment Precise
Point Positioning (PPP) by correcting GNSS wet delay at seven International
GNSS Service (IGS) stations distributed in South China. The static PPP results
show that using the water vapor correction data from different WRF schemes can
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improve PPP positioning accuracy by 29.5% to 42.3% in the vertical component
of GNSS stations. In addition, the WRF-augmented PPP can shorten convergence
time by 43.3% to 57.3% in the GNSS station vertical component, if using 10 cm
positioning error as the convergence criterion. The kinematic PPP results show
that WRF-augmented PPP can improve positioning accuracy in the vertical
component by 20.0% to 33.6%.

Keywords: Global Navigation Satellite System (GNSS) - Weather Research and
Forecasting (WRF) Model - Data Assimilation - Precipitable Water Vapor
(PWV) - Precise Point Positioning (PPP).

1 Introduction

GNSS Precise Point Positioning (PPP) is a capable positioning technique that can
use a single GNSS receiver to determine receiver’s coordinates with a accuracy
level of centimetre even sub-centimetre [1-3]. Different from differential GNSS
positioning method, PPP cannot utilize GNSS observations from neighbouring
receivers to mitigate errors, such as tropospheric wet delay. Therefore, how to
mitigate the impacts of wet delay in PPP has long been a research topic in the
GNSS community.

One widely used method is to treat wet delay as an unknown parameter and
estimate wet delay in parallel with receiver coordinates, receiver clock offset and
other parameters [1]. This method normally needs at least 30 min to achieve
centimetre level of coordinate solutions [4-6].

Another method is to correct wet delay directly using external water vapor
information [7-9]. For this method, the positioning accuracy highly depends on
the accuracy of external water vapor information used. Normally, the external
water vapor can be from empirical tropospheric delay models, regional GNSS
network, collocated water vapor observation systems, Numerical Weather
Prediction (NWP) models and others.

Using empirical tropospheric delay models to correct wet delay is a simple and
convenient way to mitigate the wet delay in PPP. This method has been widely
adopted in many studies [10-12]. However, due to the low accuracy of wet delay
derived from the empirical tropospheric delay models, the PPP positioning
accuracy in vertical component is normally over 10 cm while the horizontal
component normally is less affected by atmospheric wet delay [12, 13].

Several studies obtained wet delay corrections from regional GNSS network
[14-16]. These studies proved that convergence speed and positioning accuracy
can be improved by using tropospheric delay information from regional
tropospheric delay models. However, in order to obtain accurate regional
tropospheric delay corrections, a dense GNSS network is needed.



Using water vapor information from other collocated observation systems can
also improve GNSS positioning performance [9, 17]. However, normally no
collocated water vapor observation system is available at most GNSS stations.

In the recent years, the accuracy and spatial resolution of NWP model has
undergone a significant improvement [18, 19]. NWP model has been used to
correct wet delay for GNSS positioning [7, 20-22]. For example, Lu et al. [7] used
ZWD from a global NWP model, i.e., the Global Forecast System (GFS) of the
National Centers for Environmental Prediction (NCEP), to improve BDS real-time
positioning performance. In their study, the ZWD from NCEP was treated as a
priori ZWD value and the ZWD residual was treated as the unknow parameter to
be estimated. The PPP results at more than 30 globally distributed International
GNSS Service (IGS) stations showed that NCEP-augmented PPP can shorten
convergence time up to 60.0% and 66.7% in east and up components, respectively,
compared with standard PPP results. Additionally, NCEP-augmented PPP
improved positioning accuracy in east, north, and up components by around 40%,
50%, and 30%-40%, respectively. Wilgan et al. [22] conducted an experiment
using high spatial resolution (4 km) Weather Research and Forecasting (WRF)
model to augment GNSS real time PPP. Their experiment results showed that
WRF-augmented real time kinematic PPP reduced the convergence time from 67
min to 58 min to achieve an accuracy of 10 cm level in horizontal component and
from 79 min to 63 min in vertical component. These studies demonstrated that
PPP performance can be improved using the water vapor augmentation
information from NWP models. However, Global NWP products have a low
spatial resolution. For example, the spatial resolution of advanced global NWP
reanalysis product, ECMWF Reanalysis v5 (ERA5), can only reach 31 km [23].
For WRF model, its modeling results can have a high spatial resolution. In
addition, WRF has a data assimilation system that can assimilate external
meteorological observations to improve WRF weather modeling performance [24,
25]. However, very few studies have investigated the benefits of WRF data
assimilation for PPP augmentation.

In this study, the state-of-the-art NWP model, WRF model, was used to
provide wet delay corrections to improve PPP performance in South China region.
To further improve the accuracy of water vapor from WRF model, we assimilated
two sets of water vapor data into the WRF model. One is the water vapor data
from 27 GNSS stations of the Crustal Movement Observation Network of China
(CMONOC) and the other is the meteorological profiles from 22 radiosonde
stations in the South China region. The data were assimilated into WRF model in
four different assimilation schemes, as shown in Table 1, i.e. WRF scheme 0:
WRF without data assimilation; WRF scheme 1: WRF with assimilation of GNSS
PWV only; WRF scheme 2: WRF with assimilation of radiosonde profiles only;
WRF scheme 3: WRF with assimilation of both GNSS PWV and radiosonde
profiles.



Table 1 WRF schemes and the data to be assimilated

WRF scheme no. Data assimilated
WRF 0 -
WRF 1 GNSS PWV
WRF 2 Radiosonde profiles
WRF 3 GNSS PWV + radiosonde profiles

In order to assess the accuracy of the water vapor results from the four
different WRF schemes, the WRF water vapor modeling results are first validated
by PWV data from GNSS stations. Then, the WRF water vapor data are utilized to
augment PPP performance at seven IGS stations distributed in South China by
correcting wet delay in GNSS signals. This also allows the assessment of the
performance of WRF modeling via the examination of the PPP accuracy [17].

The remaining paper is organized as follows. In Section 2, the WRF
configuration and the methods used to retrieve WRF PWYV are described. In
Section 3, the data assimilated, namely CMONOC GNSS PWYV and radiosonde
profiles, and the IGS GNSS observations used in PPP validation are introduced. In
Section 4, the WRF PWV are evaluated by PWV from 27 CMONOC GNSS
stations. In Section 5, WRF wet delay are used to augment GNSS PPP at seven
IGS stations and the WRF-augmented PPP results are analyzed. In Section 6, the
conclusions are summarized.

2 Description of WRF Experiment

2.1 WRF Configuration

WRF model is an advanced NWP model and has been widely used in various
research fields, such as weather simulation [26], climate change forecasting [27],
as well as geodetic surveying [22]. Based on the initial weather conditions, WRF
can model or forecast the variation of meteorological parameters including water
vapor field, for the following multiple days or even longer.

In this study, WRF with Advanced Research WRF (ARW) core version 4.2
was used. Two two-way nested domains were adopted to cover the South China
area around 20° N — 33° N and 108° E — 123° E. The locations of two WRF
domains are shown in Fig. 1. Six consecutive 24-h WRF forecasts, i.e. WRF
forecasts 1 to 6, were initialized at 0 h UTC on April 06 to April 11, 2020,
respectively. The ECMWF ERAS5 reanalysis products were used as the initial
conditions and boundary conditions for the WRF model in this experiment. The
spatial structure of WRF model set and microphysics options adopted in this WRF
model are shown in Table 2.
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Fig. 1 The locations of two WRF modeling domains used in this study. d01 (red) and d02 (blue)
denote the WRF domain 01 and domain 02, respectively. The WRF grid spacings of domain 01
and domain 02 are 9 km and 3 km, respectively

Table 2 Design and configuration of WRF model

domains
domain 01 domain 02
Number of grid point
(North-SouthxEast-West) 154157 148151
Grid spacing 9 km 3 km
Number of WRF layers 33 33
Model top pressure 50 hPa 50 hPa

Cumulus
parameterization

Kain-Fritsch [28]

Longwave radiation

RRTMG longwave
scheme [29]

RRTMG longwave
scheme [29]

Shortwave radiation

RRTMG shortwave
scheme [29]

RRTMG shortwave
scheme [29]

Planetary boundary layer

Yonsei university scheme

Yonsei university scheme

[30] [30]
Surface laver Revised MM5 scheme Revised MM5 scheme
i [31] [31]

Land surface

5-layer thermal diffusion
scheme [32]

5-layer thermal diffusion
scheme [32]

To improve WRF water vapor modeling performance, GNSS PWV and
radiosonde meteorological profiles were assimilated into WRF model domain 01
and domain 02 at the WRF initial time (0 h UTC, April 06 to April 11, 2020) .



WRF 3DVAR data assimilation method was used since 3DVAR can assimilate
external data effectively with less computational burden compared to WRF
4DVAR [24]. To investigate the impacts resulting from different WRF data
assimilation schemes, four WRF schemes were studied in this paper, as shown in
Table 1.

2.2 Retrieval of ZWD and PWV Based on WRF Outputs

WRF model can provide modeling results of various meteorological variables
including mixing ratio of vapor, air potential temperature, air base state pressure,
air perturbation pressure. These output variables can be used to calculate ZWD
using the following formulas. First, the water vapor mixing ratio (Q, unit: kg-kg™)
can be converted to water vapor partial pressure (e, unit: hPa) [33]:

P-Q

€= 0.622+Q 1)
where P is the air total pressure in unit of hPa, which is the sum of air base state
pressure and perturbation pressure:

P = Pygse + Pper (2)
where Ppase and Pper are the air base state pressure and perturbation pressure,
respectively, both in unit of hPa.

Then the atmosphere wet refractivity Nw can be calculated as follows [34]:

N = (ko = ks 22) St ks 5 (3)
where Rq = 287.053 J-K*-kg™* and Ry = 461.495 J-K1-kg™* are the gas constants
for dry air and water vapor, respectively. T is the air temperature in unit of Kelvin.
ki = 77.6890 K/hPa, k; = 71.2952 K/hPa, ks = 375463 K?/hPa are refractivity
constants [35].

The formula used to convert air total potential temperature to air temperature
can be expressed as [33]:
Ra
T = (Ty +300) (=) )
where Ty denotes the potential temperature in unit of Kelvin. P refers to the air
pressure in unit of hPa. Rq has been defined in formula (3). ¢, is the specific heat
capacity at a constant pressure. The ratio of Ry and ¢y, i.e. Ra/cy = 2/7, is the
Poisson constant.
Finally, the WRF ZWD can be derived using [34]:

ZWD =107 fh‘:’ N,,(h) dh (5)
where h is the height of layer in unit of meter.
WRF ZWD can be converted to PWV using a PWV conversion factor

(PWVfactor) [36]
PWV = ZWD X PWV;qeror (6)
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where ki, k2, k3 have been defined in formula (3). M,, = 0.018016 kg/mol and M, =
0.028964 kg/mol are the molar mass of water vapor and dry air, respectively. T,
represents the weighted temperature in unit of Kelvin.
T,» can be calculated using an empirical model [37]:
T, =702+0.72 Ty ®)
where T; is the temperature near the Earth surface in unit of Kelvin. In this study,
Ts is retrieved from ERA-5 single pressure reanalysis product.

3 Description of Data

3.1 Data Assimilated

3.1.1 CMONOC GNSS PWV

A total of 27 China CMONOC GNSS stations, as shown in Fig. 2, are used to
generate PWV for this study. The PWV are then assimilated into WRF model
according to the designed WRF schemes. The CMONOC GNSS PWYV data are
extracted directly from the troposphere products of China Earthquake
Administration [38]. GAMIT/GLOBK positioning software is adopted to generate
this troposphere product using differential positioning method [39]. For this
troposphere product, tropospheric delay is estimated as an unknown parameter in
hourly intervals. The PWV from 27 CMONOC GNSS stations are assimilated into
WRF model at WRF initial time. After the WRF model forecasts water vapor data
for the next 1 h to 24 h, the CMONOC GNSS PWYV are also used to validate these
results, as shown in Section 4. It should be noted that, PWV data at the GNSS
station (27.9° N, 109.8° E) are missing at data assimilation time point (0 h UTC)
from April 06 to April 09, 2020. The number of GNSS PWV assimilated for each
day from April 06 to April 11, 2020 has been listed in Table 3.

3.1.2 Radiosonde Profiles

Radiosonde meteorological profiles used in this study are obtained from the
Integrated Global Radiosonde Archive (IGRA). Currently, IGRA provides
radiosonde profile records at more than 1000 globally distributed radiosonde
stations. Normally two profiles are observed at each station at 0 h and 12 h UTC



per day. In this study, meteorological profiles, i.e. relative humidity, temperature,
and pressure profiles from 22 IGRA radiosonde stations, are assimilated into WRF
model. The distribution of 22 radiosonde stations is also shown in Fig. 2. Also,
data from several radiosonde are missing at 0 h UTC from April 06 to April 11,
2020. The detailed number of radiosonde profiles assimilated on each day from
April 06 to April 11, 2020 is shown in Table 3.

Table 3 Number of GNSS PWYV observations and radiosonde profiles assimilated for each day
from April 06 to April 11, 2020.

Date
06 07 08 09 10 11
(April 2020)
GNSS 26 26 26 26 27 27
Radiosonde 21 17 18 10 15 17

3.2 IGS GNSS Observations in PPP Experiment

GNSS observations with sampling rate of 30 seconds from seven IGS stations
were used to conduct PPP experiment to evaluate the WRF-generated PWYV data.
The locations of seven IGS stations are displayed in Fig. 2 and the type of GNSS
receivers for seven IGS stations are listed in Table 4. Only GPS observations were
used in PPP in this study.
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Fig. 2 The distribution of 27 CMONOC GNSS stations (red dots), 17 radiosonde stations (green
dots), and 7 IGS GNSS stations (blue dots) used in this study. PWV from CMONOC GNSS
stations were first assimilated into WRF model and then used to validate WRF PWV forecasting



results. Radiosonde profiles were assimilated into WRF model. IGS GNSS observations were
used in PPP validation

Table 4 The type of GNSS receivers at seven IGS stations used in PPP validation

IGS station ~ Type of GNSS receiver

CKSV TRIMBLE ALLOY
HKSL LEICA GR50
HKWS LEICA GR50
JENG TRIMBLE NETR9
KMNM TRIMBLE ALLOY
SHAO ASHTECH UZz-12
TWTF SEPT POLARX4

4 Validation of WRF PWV

With the four designed WRF schemes, we can output the PWV from the WRF
forecasting model. We forecast the WRF PWYV every hour with lead time from 1 h
to 24 h (lead time of 1 h to 24 h for WRF forecasts 1 to 6: 1 h UTC to 24 h UTC,
April 06 to 11, 2020). The WRF forecasting PWV from different WRF schemes
are evaluated by China CMONOC GNSS PWV.

Fig. 3 shows the hourly PWV RMSE of different WRF schemes at different
WRF lead time. We can find that the PWV RMSE of those WRF schemes with
assimilation of GNSS PWV (WRF schemes 1 and 3) within the first 5-7 h are
evidently smaller than that of WRF without data assimilation (WRF scheme 0).
This implies that assimilating GNSS PWV improves the initial water vapor
information in WRF model, leading to better forecasting output. It also shows that
assimilating radiosonde profiles (WRF scheme 2) has a limited impact in PWV
RMSE in comparison with GNSS PWV. When WRF forecasting lead time is more
than 7 hours, we can see that all the four WRF schemes have very similar
performances.

The PWV RMSE of different WRF schemes within the first 7 h forecasting are
summarized in Table 5. As we can see, within the first 7 h, the average PWV
RMSE of WRF scheme 0 for three WRF forecasts is 2.3 kg/m?. Assimilation of
GNSS PWV improves the WRF water vapor forecasting results. The average
PWV RMSE for WRF schemes 1, 2, 3 are 1.9 kg/m?, 2.3 kg/m? and 2.0 kg/m?,
respectively. This means an improvement of up to 17.4% in accuracy of water
vapor forecasting performance due to data assimilation.
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Fig. 3 The hourly PWV RMSE of four WRF schemes evaluated by 27 China CMONOC GNSS
PWV at WRF lead time of 1 h to 24 h for WRF forecasts 1-6. WRF forecasts 1-6 are six
consecutive 24-h WRF forecasts initialized at 0 h UTC from April 06 to 11, 2020, respectively.
Lead time of 1 h to 24 h for WRF forecast 1 to 6: 1 h UTC — 24 h UTC, April 06 to 11, 2020.

Table 5 The PWV RMSE of four WRF schemes (WRF schemes 0-3) evaluated by 27 China
CMONOC GNSS PWV within the first 7 h for WRF forecasts 1-6. WRF forecasts 1-6 are six
consecutive 24-h WRF forecasts initialized at 0 h UTC, from April 06 to 11, 2020, respectively.
The percentage denotes the RMSE reduction of WRF with data assimilation (WRF schemes 1-3)
compared with WRF without data assimilation (WRF scheme 0). Negative/ positive percentage
means an RMSE decrease/increase in PWV forecasting accuracy. Unit of PWV RMSE: Unit:
kg/m?

WRF WRF WRF WRF

scheme 0 scheme 1 scheme 2 scheme 3

WREF forecast 1 26 (_13:;%) (7?7'5;)) (-1?2%)
WREF forecast 2 1.8 (_12:5%) (é(';)) (-12:3%)
WREF forecast 3 1.9 (_1;:2%) (5?3';)) (_51;/0)
WREF forecast 4 1.9 (-Zi:i%) (1030) (-2??%)
WREF forecast 5 2.3 (_1:23:8%) (4??;;)) (_12:8%)
WRF forecast 6 3.1 (_12:613%) (g(-)/t) (_12:;%)

Average 2.3 1.9 2.3 2.0

(-17.4%) (0%) (-13.0%)
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5 Augmenting PPP with PWV Data from WRF Forecasting

5.1 PPP Strategies

In this study, we aim to augment PPP performance through the use of PWV data
from each WRF data assimilation scheme. At the same time, we can evaluate the
PPP accuracy of each WRF assimilation scheme. Two PPP processing strategies
are adopted. For the first PPP strategy, a prior tropospheric wet delay is calculated
using Saastamoinen model [40] based on the standard meteorological parameters
(relative humidity: 50%, air temperature: 15°C, air pressure: 1013.25 hPa ) [41].
The tropospheric wet delay residual is then estimated as an unknown parameter
with a spectral density of 3x10. This PPP method is the traditional PPP method
and is denoted as “Estimated” PPP in this study. Another PPP strategy is using
wet delay corrections derived from WRF model to correct PPP wet delay directly.
In these two strategies, the tropospheric dry delay is corrected using the same
method, which are calculated using Saastamoinen dry delay model [40] based on
the pressure data from ECMWF ERAGS single pressure reanalysis product. The
ratio between pseudorange observation standard deviation and carrier phase
observation standard deviation is set to 100:1. In addition, an elevation-dependent
weighting strategy is used to determine weight for pseudorange and carrier phase
observations.

As shown in Fig. 3, the assimilation of GNSS PWV and radiosonde profiles
mainly improves the WRF water vapor forecasting within the first 5-7 hours.
Therefore we conduct PPP test within the first 7 h of WRF lead time only. The
cutoff angle of GNSS observations used in PPP is set to 10°. The daily static PPP
coordinate solutions using Bernese positioning software version 5.2 are treated as
the benchmark coordinates [41].

5.2 PPP Results with Wet Delay Corrections from WRF Domain
01

5.2.1  Static and Kinematic PPP Positioning Accuracy

In this section, the wet delay corrections from WRF forecasting in geographic
domain 01 are used to augment the performance of static and kinematic PPP. We
did the RMSE statistics with the PPP positioning errors. The PPP usually needs to
take approximately half an hour to get GNSS carrier phase ambiguities resolved
[42]. In this study we thus only analyze the positioning results after GNSS carrier
phase ambiguities have converged. Given that the first portion of PPP results have
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large positioning errors, we selected PPP results only in the period from2 hto 7 h
UTC over April 06 to 11, 2020. The 6-day average RMS of static PPP positioning
errors in east, north, and up components and overall three-dimension (3D) for each
IGS station are shown in Fig. 4. As we can see, compared with “Estimated” static
PPP results, the RMS of positioning errors of all WRF-augmented static PPP in
the up component are smaller at most IGS stations. In contrast, no improvement or
even slight degradation is found in horizontal positioning accuracy of
WRF-augmented PPP. We can also notice that the WRF-augmented PPP
positioning results at station SHAO are much worse than that of “Estimated” PPP.
One potential reason could be that station SHAO is geographically located near
the edge of WRF domain 01, where WRF may have a poor forecasting
performance.
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Fig. 4 6-day average RMS of positioning errors in east, north, and up components and overall 3D
for traditional “Estimated” static PPP scheme and four WRF-augmented static PPP schemes at
seven IGS stations during April 06 to 11, 2020. Only the positioning results from 2 hto 7 h UTC
for each day are used in RMS statistics

The average RMS of positioning errors for seven IGS stations for April 06-11,
2020 are summarized in Table 6. To avoid the significant statistical errors
introduced by the special case, the positioning results at IGS station SHAO are
excluded in statistics. Table 6 indicates that WRF-augmented static PPP improves
the PPP 3D positioning accuracy significantly. The WRF schemes 0 to 3 improve
the PPP 3D positioning accuracy by 35.4%, 24.8%, 34.0%, and 25.5%,
respectively, in comparison with traditional static PPP method where the water
vapor error is “Estimated” as one unknown parameter.

The WRF schemes augment the up component more prominently than the
horizontal one. In the up component, the traditional “Estimated” PPP has an
RMSE error of 28.1 mm. This RMSE reduces to 16.2 mm, 19.8 mm, 16.7 mm,
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and 19.7 mm, respectively, after applying the water vapor data from WRF
schemes 0 to 3. This suggests an improvement of 42.3%, 29.5%, 40.6%, and 29.9%
in up component for the WRF schemes 0-3, respectively. Nevertheless, the
WRF-augmented PPP’s positioning results have a degradation in the horizontal
component, particularly in east component. Despite the degradation in horizontal
component, the overall 3D positioning accuracy after the WRF augmentation still
show an improvement of 24.8% to 35.4%, as shown in Table 6.

Table 6 Average RMS of static PPP positioning errors in east, north, and up components and
overall 3D based on the positioning results at seven IGS stations during April 06 to 11, 2020.
Only the positioning results during 2 h to 7 h UTC for each day are used in statistics. The
percentage denotes the error reduction of each WRF-augmented PPP (WRF schemes 0-3)
compared with traditional “Estimated” PPP. Negative/positive percentage means an RMS
decrease/increase in positioning errors. Unit of positioning error: mm

Estimated WRF WRF WRF WRF
static PPP_ scheme 0 scheme 1 scheme 2 scheme 3
East >4 (33?.5%) (235%) (337.'32%) (25.;)%)
North 41 (-jg%) (gé/t) (-43.5%)) (gf;/lo)
up 281 (-41:520/0) (-219?5%) (-4106.670/0) (-219?570/0)
19.0 221 194 21.
3D 294 (-35.4%) (-24.8%) (-34.0%) (-25.5?%)

The 6-day average kinematic PPP positioning errors in east, north, and up
components and overall 3D for each IGS station are shown in Fig. 5. Similar to
static PPP results, all WRF-augmented kinematic PPP schemes show a smaller
positioning error in the up component compared with the traditional kinematic
PPP (“Estimated” PPP). The average kinematic PPP positioning errors for seven
IGS stations using different PPP schemes are shown in Table 7. The kinematic
positioning results for IGS station SHAO are also excluded in kinematic PPP
accuracy statistics for the same reason stated above. We can see that, compared
with “Estimated” kinematic PPP, WRF-augmented PPP schemes 0 to 3 improve
the positioning accuracy in up component by 33.3%, 21.5%, 33.6%, and 20.0%,
respectively. For 3D positioning accuracy, the corresponding improvements for
WRF-augmented PPP schemes 0 to 3 are 25.5%, 14.8%, 26.3%, and 14.8%,
respectively.
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Fig. 5 6-day average RMS of positioning errors in east, north, and up components and overall 3D
for traditional “Estimated” kinematic PPP scheme and four WRF-augmented kinematic PPP
schemes at seven IGS stations for April 06-11, 2020. Only the positioning results from2 hto 7 h
UTC for each day are used in RMS statistics

Table 7 Average RMS of kinematic PPP positioning errors in east, north, and up components and
overall 3D based on the positioning results at seven IGS stations from April 06 to 11, 2020. Only
the positioning results during 2 h to 7 h UTC for each day are used in statistics. The percentage
denotes the error reduction of each WRF-augmented PPP (WRF schemes 0-3) compared with the
traditional “Estimated” PPP. Negative/positive percentage means an RMS decrease/increase in
positioning errors. Unit of positioning error: mm

Estimated WRF WRF WRF WRF
kinematic PPP scheme 0 scheme 1 scheme 2 scheme 3
9.2 10.0 9.1 9.8
East 8.1
% (136%)  (235%)  (123%)  (21.0%)
8.9 8.3 8.7 8.0
North 2
ort 8 (8.5%) (1.2%) (6.1%) (-2.4%)
22.0 25.9 219 26.4
U 330
P (-333%)  (-215%)  (-33.6%)  (-20.0%)
26.6 30.4 26.3 30.4
3D 35.7 (255%)  (-14.8%)  (-263%)  (-14.8%)

We notice that WRF-augmented PPP scheme 0 (without data assimilation)
even has a positioning accuracy better than WRF-augmented PPP with data
assimilation (WRF schemes 1-3). However, we find PWV from WRF with data
assimilation have a smaller RMSE when evaluated by GNSS PWV as shown in
Section 4. This could be explained as follows. Assimilating external water vapor
data into WRF model at WRF initial time improves the WRF water vapor initial
structures, which improves the water vapor forecast performance primarily within
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the beginning a few hours. We however use the results from 2 h UTC to 7 h UTC
(WRF forecasting lead time of 2 h to 7 h) to analyze positioning results after
carrier phase ambiguities have converged. When the lead time extends,
assimilation of external water vapor data may lead to insignificant positive
impacts or even negative impacts. As said, the assimilation of water vapor data
into WRF model can help improve the WRF performance in the very beginning
hours. The PPP carrier phase ambiguity resolution takes place in the beginning
hours too. Therefore, we expect the WRF-augmented PPP with data assimilation
should has a faster ambiguity convergence speed in the PPP early stage. The static
PPP convergence time, analyzed in the next Section 5.2.2, confirms our analysis.

5.2.2  Static PPP Convergence Time

The time used for GNSS carrier phase ambiguity resolution, leading to static PPP
solution convergence in the east, north, and up components, is an important factor
in performance assessment. The convergence time is defined as the period from
the first epoch of static PPP to the last epoch with a positioning error in a given
component larger than the convergence criterion. The convergence criterion
defined in this study is that positioning error is less than 10 cm in a given
component.

The average convergence time for different WRF-augmented PPP schemes are
summarized in Table 8. We can find that WRF-augmented PPP improves
convergence speed in both north and up components. WRF-augmented PPP
schemes 0-3 shorten the convergence time in up component by 47.1%, 57.3%,
43.3%, and 54.8%, respectively. The convergence time in the north component is
reduced by up to 3.4% using different schemes. It is worth mentioning that
WRF-augmented PPP scheme 1 (with GNSS PWV assimilation) and scheme 3
(with both GNSS PWV and radiosonde profiles assimilation) has a faster
convergence speed than WRF-augmented PPP scheme 0 (without data
assimilation). It implies that WRF schemes 1 and 3 provide more accurate wet
delay corrections at the early stage of PPP calculation. This is expected and
consistent with our analysis in the last paragraph of Section 5.2.1.

Table 8 Average convergence time in east, north, and up components in static PPP for seven IGS
stations during April 06 to 11, 2020. Unit of convergence time: minutes. The convergence time
in one component is defined as the last epoch in that component with a positioning error
exceeding the defined convergence criterion. The convergence criterion is defined as10 cm in
this study

Estimated
S |.ma ¢ WRF scheme 0 WRF scheme1l WRFscheme2  WRF scheme 3
static PPP
East 8.6 9.4 (9.3%) 9.4 (9.3%) 9.7 (12.8%) 9.3 (8.1%)
North 2.9 2.8 (-3.4%) 2.8 (-3.4%) 2.8 (-3.4%) 2.9 (0%)

Up 157 8.3 (-47.1%) 6.7 (-57.3%) 8.9 (-43.3%) 7.1 (-54.8%)
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6 Conclusions

We have conducted six consecutive 24-h WRF modeling by assimilating water
vapor at 0 h UTC of each day from April 06, 2020 to April 11, 2020 in the South
China region 20° N — 33° N and 108° E — 123° E. The WRF water vapor
forecasting results are evaluated by GNSS-derived PWV. We then adopted the
WREF forecast water vapor to augment the performance of GNSS static and
kinematic PPP.

To obtain more accurate WRF water vapor forecasting results, we assimilate
PWYV from 27 China CMONOC GNSS stations and meteorological profiles from
22 radiosonde stations into WRF model with four data assimilation schemes, i.e.
WRF scheme 0: WRF without data assimilation; WRF scheme 1: WRF with
assimilation of GNSS PWV only; WRF scheme 2: WRF with assimilation of
radiosonde profiles only; WRF scheme 3: WRF with assimilation of both GNSS
PWYV and radiosonde profiles.

The comparison of WRF forecast PWV with CMONOC GNSS PWYV shows
that assimilating GNSS PWYV and radiosonde PWV can improve the accuracy of
WRF PWYV results with a forecasting lead time of 5-7 h. Without data assimilation
into WRF, the RMSE of WRF PWYV forecasting results within the first 7 h is 2.3
kg/m?. With data assimilation into WRF, the RMSE of WRF schemes 1 to 3 are
1.9 kg/m?, 2.3 kg/m? and 2.0 kg/m?, respectively. The largest PWV accuracy
improvement is 17.4% with WRF scheme 1.

Our results indicate that PPP-augmented by WRF forecast PWV improves the
overall 3D positioning accuracy and convergence time, particularly in up
component. The static PPP results show that the up component positioning errors
are reduced by 42.3%, 29.5%, 40.6%, and 29.9% using WRF-augmented PPP
schemes 0 to 3 respectively. The corresponding 3D positioning errors with
WRF-augmented PPP schemes 0 to 3 are also reduced by 35.4%, 24.8%, 34.0%,
and 25.5%. With the PWV augmentation from WRF forecasting schemes 0 to 3,
the static PPP ambiguity convergence time is shortened by 47.1%, 57.3%, 43.3%,
and 54.8%, respectively, using 10 cm as the convergence criterion.

The kinematic PPP results show that the up component positioning errors are
reduced by 33.3%, 21.5%, 33.6%, and 20.0% using WRF-augmented PPP
schemes 0 to 3, respectively. The 3D positioning errors for WRF-augmented PPP
schemes O to 3 are reduced by 25.5%, 14.8%, 26.3%, and 14.8%, respectively.

The accuracy of WRF water vapor forecasting results is expected to be further
improved if PWV data from more GNSS stations are assimilated into the WRF
model. Consequently, the WRF-augmented static and kinematic PPP
performances are expected to be further improved.
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