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ABSTRACT

Accurate priori tropospheric knowledge is advantageous for Global Navigation Satellite System
(GNSS) precise point positioning (PPP), which significantly influences both convergence time
and the accuracy of tropospheric delay estimations. However, traditional numerical weather
prediction (NWP) models, which are often used to provide this tropospheric information, rely
heavily on parameterization. This reliance can introduce approximation errors and increase
computational demands, limiting their effectiveness. In contrast, emerging data-driven NWP
models offer enhanced forecasting capabilities with reduced computational requirements,
presenting a promising alternative for improving PPP performance. This study proposes an
innovative approach to improve PPP by leveraging data-driven NWP models. An evaluation
involving nearly 20,000 stations reveals that these models outperform conventional NWP
products, such as the Global Forecast System (GFS), achieving a 63% improvement in short-
range zenith tropospheric delay (ZTD) forecast precision and a 55% enhancement in accuracy.
For medium-range ZTD forecasts, data-driven NWP consistently surpasses GFS and even out-
performs the empirical ZTD model GPT3 over a 15-day forecast period. Consequently, data-
driven NWP facilitates a more rapid and accurate estimation of tropospheric random walk
process noise (RWPN) compared to GFS. Moreover, validation with GPS kinematic positioning
indicates that incorporating short-range ZTD forecasts as prior information reduces conver-
gence time by an average of 400 s across 200 global stations, while medium-range forecasts
also contribute positively when short-range data are unavailable. These findings demonstrate
the potential of data-driven NWP models to improve tropospheric delay estimation and
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enhance PPP performance.

1. Introduction

The impact of tropospheric path delay caused by the
neutral atmosphere on space geodetic applications,
such as the Global Navigation Satellite System
(GNSS), is significant, with errors reaching up to
tens of meters at low elevation angles (Hackman
et al. 2015; Hobiger et al. 2008). While tropospheric
delay can be estimated accurately in precise point
positioning (PPP) with random walk process con-
straints, PPP processing still requires tropospheric
priori assumptions. Therefore, accurate priori tropo-
spheric information is advantageous for PPP proces-
sing, as it directly affects positioning convergence time
and tropospheric delay estimation accuracy as well as
better height estimation (Huang et al. 2023; Li, Zhang,
and Ge 2011; Wang and Liu 2019; Wilgan et al. 2017;
Yao et al. 2017).

In current PPP applications, tropospheric delay -
typically represented as the zenith total delay (ZTD),

which is the sum of the zenith hydrostatic delay
(ZHD) and the zenith wet delay (ZWD) - is handled
primarily via empirical models and external correc-
tions. Empirical models - such as the Hopfield
(Hopfield 1969), Saastamoinen (Saastamoinen 1972),
and Black (Black 1978) models - use standard meteor-
ological parameters (e.g. from the Global Pressure and
Temperature 3 (GPT3) model (Landskron and B6hm
2018)) to accurately model the ZHD; however, they
struggle to capture the rapid temporal and spatial
variations of the ZWD. To improve delay estimation,
researchers have introduced external corrections from
regional reference networks, which provide high accu-
racy and temporal resolution (Du et al. 2024; Xia et al.
2023; Zhang et al. 2022), and have employed GNSS
tropospheric tomography to reconstruct 3D water
vapor fields — thereby enhancing height accuracy and
shortening PPP convergence time (Haji-Aghajany
et al. 2021; Hurter and Maier 2013). In parallel,
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machine learning methods - such as long short-term
memory (LSTM) networks (Haji-Aghajany et al. 2025)
and back-propagation (BP) neural networks (Huang
et al. 2024) - have been trained on historical GNSS-
derived ZTD data for real-time tropospheric delay
forecasting. For instance, Chen and Gao (2024)
achieved ZTD predictions with an RMSE of around
2cm - comparable to post-processed tropospheric
estimates — while Zhang et al. (2022) obtained fore-
casts with 1 cm RMSE, shortening convergence time
by up to 31% when used as a priori constraints in PPP.
Despite these advances, these methods still exhibit
limitations: empirical models and external corrections
cannot fully capture rapid local variations, and tech-
niques like tomography or LSTM-based predictions
rely heavily on the availability of dense, local GNSS
reference data, thereby restricting their applicability in
regions with sparse instrumentation.

An alternative approach involves calculating tro-
pospheric path delay directly using numerical
weather prediction (NWP) models. By employing
ray-tracing techniques through simulated atmo-
spheric fields, NWP models offer extensive spatial
coverage, continuity of service, and the potential for
real-time application. Numerous studies have
applied NWP models to generate prior tropospheric
delay (Gao et al. 2024; Gong et al. 2024; Lu et al.
2017; Vaclavovic et al. 2017), and for offshore areas
with sparse reference stations, Xu et al. (2025) pro-
posed a regional augmented PPP algorithm that
integrates NWP-derived delays with CORS network
observations to significantly improve convergence
and accuracy. Beyond delay estimation, accurately
modeling tropospheric critical.
Typically, the tropospheric random walk process
noise (RWPN) is assumed constant (ranging from
1 mm/v/h to 20 mm/v/h, Zhang et al. 2023), yet its
temporal and spatial variability indicates that such
simplification is insufficient (Hadas et al. 2017).
Although a global RWPN empirical model (GRM)
has been proposed (Wu et al. 2023), directly esti-
mating RWPN from NWP models remains more
representative of the true atmospheric state.
However, the need to numerically solve complex
prognostic equations via spatial and temporal dis-
cretization imposes substantial computational costs
(Bauer, Thorpe, and Brunet 2015; Ben Bouallégue
et al. 2024) thereby limiting the practical use of
traditional NWP approaches in real-time PPP.

In contrast, emerging data-driven NWP models
offer enhanced forecasting capabilities with signifi-
cantly reduced computational demands. Recent devel-
opments - such as Pangu-Weather, GraphCast, and
FengWu, developed by Huawei, Google, and Shanghai
Artificial Intelligence Laboratory, respectively (Bi et al.
2023; Chen et al. 2023; Lam et al. 2023) - demonstrate
performance comparable to conventional NWP

variation is
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systems while enabling rapid processing. These mod-
els can generate accurate short-range and medium-
range tropospheric delay forecasts and facilitate
a more precise estimation of tropospheric RWPN,
thereby capturing the dynamic water vapor variability
with lower computational cost. This efficiency makes
data-driven approaches highly promising for real-time
PPP applications, especially in regions where dense
reference networks are unavailable.

In this contribution, we propose to improve PPP
performance by incorporating the tropospheric con-
straints derived from data-driven NWP model. We
will evaluate the performance of data-driven NWP
models when using short-range and medium-range
tropospheric delay forecasting. The potential of deter-
mining tropospheric RWPN using data-driven NWP
models will also be discussed. Through simulation
experiments, we analyze what accuracy of tropo-
spheric delay is required for improving PPP. Then,
the derived tropospheric forecast products are applied
in troposphere-weighted PPP approach. These results
are next compared to the standard PPP method to
validate the improvement of convergence time due to
implementing augmented by data-driven NWP
models.

2. Data-driven models and datasets

This section describes the selected NWP models and
NWM data used in this study. While numerous global
weather forecasting models exist, based on model
availability and the variables used, we focus specifi-
cally on Pangu-weather, GraphCast and FengWu
models.

2.1. Data-driven models

Pangu-Weather is a data-driven weather model
which employs a specially designed three-dimen-
sional Earth-specific transformer architecture (Bi
et al. 2023). Integrating height information into
a three-dimensional framework allows Pangu-
weather to have higher accuracy gains in capturing
the relationship between atmospheric states at differ-
ent pressure levels. Pangu-Weather offers four dis-
tinct pre-trained models, each tailored to forecast
time steps of 1, 3, 6, and 24 h. To generate forecasts
for a given lead time, the predictions from the four
different lead time models are combined autoregres-
sively, utilizing the minimum number of steps neces-
sary. This also implies that the model can offer
a minimum temporal resolution of 1 h. However,
Pangu-Weather has a limitation in that it only utilizes
13 pressure levels, which can potentially reduce the
accuracy of integrating tropospheric delay.

On the other hand, GraphCast uses a graph neural
network architecture with an encode-process-decode
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configuration, taking as input the states of Earth’s
weather at time =0 and t= 6 h and predicts the
state at t=6h, which means the minimum temporal
resolution is 6 h. As medium-range global weather
models, both Pangu-weather and GraphCast can use
their outputs as inputs autoregressively to predict for
longer time periods. Table 1 shows the variables used
in the Pangu-Weather and GraphCast models. As
Table 1 shows, GraphCast incorporates a larger num-
ber of pressure levels than the Pangu-Weather model.
This means GraphCast has a better advantage in terms
of global tropospheric delay retrieval.

FengWu model, which is another vision transfor-
mer variant, applies a multi-modal and multi-task
approach to solve the medium-range forecast pro-
blem. Similar to GraphCast, FengWu also utilizes
two consecutive six-hour data frames as input.
However, Chen et al. (2023) showed that, the
FengWu model demonstrates higher forecast accuracy
compared to the GraphCast model.

In summary, Pangu-Weather, GraphCast, and
FengWu represent the current state of the art in
Al-based global medium-range forecasting (0-10+
days). Table 2 summarizes these differences, highlight-
ing each model’s strengths and weaknesses (Haji-
Aghajany et al. 2024). While all three use autoregres-
sive deep-learning architectures trained on ERA5 rea-
nalysis data, they differ in temporal resolution, vertical
discretization, and uncertainty handling.

NWDMs data

The fifth-generation European Centre for
MediumRange Weather Forecasts (ECMWF) reanaly-
sis (ERA5) dataset provides hourly data on the Earth’s
surface and upper-air parameters (Hersbach et al.
2020), covering the necessary variables required for
the models from January 1940 to the present day
(December 2024). In this research, the ERA5 dataset

with 0.25°x0.25° (in latitude and longitude) spatial
resolution is used as the initial condition of the data-
driven NWP models, as well as the ground truth to
evaluate the forecast precision. In addition, the opera-
tional National Centers for Environmental Prediction
(NCEP) GFS forecast grids are analyzed, as
a representative of the conventional NWP method,
and compared to the data-driven NWP method
(National Centers for Environmental Prediction et al.
2015). The GFS forecasts are on a global latitude-long-
itude grid with a 0.25° resolution, including forecast
periods (time steps) at 3-h intervals up to 240 h, and
12-h intervals for the following prediction period from
240 to 384 h.

2.2. Empirical tropospheric delay and RWPN
model

In the absence of external tropospheric corrections,
the use of empirical models is the most common and
convenient approach for mitigating the hydrostatic
tropospheric delays in GNSS applications. In this
research, we select the GPT3 model and the GRM
model as the representative of empirical tropospheric
delays and empirical tropospheric RWPN model,
respectively, to analyze the advantages of data-driven
NWP in comparison to widely used alternatives. The
GPT3 model is an empirical tropospheric delay model
that provides global-scale estimates of pressure, tem-
perature, and ZHD based on spatiotemporal inputs
(latitude, longitude, height, and time) (Landskron
and Bohm 2018). The GRM model defines the optimal
random walk process noise (RWPN) through
a parametric equation combining temporal periodi-
city, height dependence, and spatial variation.
Specifically, the RWPN at a reference height is mod-
eled as:

Table 1. Weather variables and pressure levels modeled by Pangu-Weather, GraphCast and FengWu data-driven NWP models.

Surface variable

Atmospheric variables

Pressure levels (hPa)

2-m temperature
10 m u wind component

Temperature
U component of wind

1,2,3,5,7,10,20,30,50,70,100,12

10 m v wind component

V component of wind

Mean sea-level pressure
Total precipitation

Geopotential
Specific humidity

925,950,975,1000

Relative humidity
Vertical wind speed

Entries in bold correspond to Pangu-Weather, while entries with underlining correspond to FengWu.

Table 2. Comparison of key features of Pangu-Weather, GraphCast, and FengWu data-driven NWP models.

Temporal
Model Architecture Resolution Advantages Disadvantages
PanguWeather 3D Vision Transformer 1 hour Extremely fast inference; highest temporal granularity; Coarse vertical resolution; no
lower compute cost uncertainty output
GraphCast Graph Neural Network 6 hours  Rich vertical detail & variable coverage; captures Lower temporal resolution;
(encode-process-decode) large-scale patterns; ideal for delay modeling deterministic only
FengWu Multi-modal Vision 6 hours  Highest forecast accuracy; built-in uncertainty High computational cost; lower

Transformer

estimation; multimodal fusion

temporal resolution




RWPN, = ag + ajcos (2 520%-) + a,sin (27 20%)

oy 365.25 oy 365.25
+a3cos(4n 0 )+a4s1n(4rr 0

365.25 365.25

(1)

where ay is the mean value, a; and a, represent
annual amplitudes, and a; and a4 denote semi-
annual amplitudes. The station-specific RWPN is
further adjusted for orthometric height (h) via an
exponential function:

RWPN,; = RWPN, - e%4" ()

where as is a height coefficient and A is the elevation
difference. Spherical harmonics (degree n=m = 12) are
employed to globally represent the coefficients,
enabling efficient interpolation without grid storage.
This formulation captures spatiotemporal variations
in water vapor, reducing ZTD estimation errors by
>10% compared to fixed RWPN values (Wu et al.
2023).

2.3. GNSS ZTD products

The Nevada Geodetic Lab (NGL) has been provid-
ing GNSS tropospheric products for over 18,600
GNSS stations (Blewitt, Hammond, and Kreemer
2018). These products are provided on a daily
basis, with a time interval of 5 min, and adhere
to the International GNSS Service (IGS)
SINEX_ TRO standard. Each file includes various
parameters such as total zenith delay, north gradi-
ent, east gradient, water vapor, and weighted mean
temperature.

3. Method

This section begins with an overview of retrieving
tropospheric delay from data-driven NWP. Then,
the obtained priori tropospheric information is
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used to enhance PPP performance through the
development of a troposphere-weighted approach
and adaptive stochastic constraints. Figure 1 illus-
trates the overall methodological workflow: (1)
generation of weather forecasts using data-driven
NWP models, (2) retrieval of zenith tropospheric
delay from NWP outputs, and (3) application of
these delays as prior constraints in the tropospher-
e-weighted PPP  solution. All data-driven
Numerical Weather Prediction (NWP) forecasts
were generated on a central processing unit
(CPU)-only high-performance computing (HPC)
cluster, where each job could allocate up to
128 gigabytes (GB) of random-access memory
(RAM) and individual compute nodes provided
up to 36 CPU cores and 500GB of RAM.
Generating a ten-day forecast using CPU-only
resources typically required several hours of
computation.

3.1. Tropospheric delay retrieval from NWP

With a set of weather variables from ERA5 data at
a specific time input as the initial condition, the NWP
model can predict the input variables at a set time in
the future. Once the predicted weather variables are
obtained, by utilizing the meteorological parameters
including the geopotential height, specific humidity
and temperature of each pressure level, we can retrieve
ZHD and ZWD by using the following integrations
(Nilsson et al. 2013).

k-1
ZHDpyp = 5 [(n;#‘ - I)Ah,-]
o1 3
ZWDgyp = 3 [(nzw_i - I)Ahi]

i=1 i
where Ah; is the height difference between each of
two consecutive height levels of grid points. k is the

iTropospheric delay retrieva Troposphere-

Data-driven Numerival Weather Prediction |
___________ ISR from NWM weighted PPP 1
| | hanEiEEE Tt | ]
Data-driven models ! : ENMideay | RADIATE Software | GNSS observation of| !
Surface- P S : : Refractive : rover station |
variables Pangu-Weather } X variables : | indice§ : !
} : ! i comptitatlon : Data preprocessing
| |
ERAS5 | : ZiQ, -:; el : : Integrate : . i
Reanalysis GraphCast CEE . it I Troposphere- 1
]! ressure Ly, I i 1
Data } : p e : vertically | weighted PPP
I I 1
! 1
]! : : PPP solution of rover|
FengWu } : | ! station '

‘ I I

‘ I I

} I I

I

I

I
|
|
I
I
|
: ZTD interpolation
I
I
|
|

Output results E

Figure 1. Overall processing workflow. The three colored blocks represent the data-driven NWP procedure (yellow), tropospheric
delay retrieval from NWP (green), and troposphere-weighted PPP (red). Z, Q, and T denote geopotential height, specific humidity,

and temperature, respectively.
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number of heights, nj ; and n], ; are mean hydrostatic
and wet refractive indices at the intermediate height
between the two consecutive levels along the zenith
direction. The refractive indices at exact horizontal
points were bi-linearly interpolated using the refrac-
tive indices at grid points. The refractive indices at
grid points were calculated as follows (Nilsson et al.
2013):

— B —6
{ np=1+ki£x10 @

my =1+ (ky& + ks B5) x 107

where T is the temperature in degrees K. ki, k,and k3
are constants equal to 77.6890 K/hPa, 22.9742 K/hPa,
and 375,463 K?/hPa, respectively (Rileger 2002).
p denotes the total pressure, and water vapour pres-
sure p,, can be converted from specific humidity g as
follows (Nafisi et al. 2012):

~ qp
pw ™ 0.622+0.378q (5)

In this research, the open-source ray-tracing software,
RADIATE (Hofmeister 2016) is used to yield ZHD
and ZWD, as it has been demonstrated to be compu-
tationally efficient given the complexity of the
approach. We modify the original version to support
flexible pressure levels configurations (according to
Table 1 values, 13 levels for Pangu-Weather, 33 levels
for GFS, and 37 levels for GraphCast and FengWu).

3.2. The standard PPP model

The standard undifferenced and uncombined PPP
observation equations can be expressed as,

Py =8 E ot cldt, — d) + syl c(doy + ) + eny

Ly, =& - %+ c(dt, — dif) + TS — yI5, + NS, +c(b,f+h;) Yoy
(6)

where the indices s, r and f (f=1,2) denote the
satellite, receiver and frequency, respectively; P}
and L} ; represent the raw code and phase observa-
tion; € is the unit vector from satellite to receiver;
X is the receiver coordinates vector;c is the speed
of light in vacuum; dt, and dt° are the receiver and
satellite clock offsets, respectively; I7,is iono-
spheric delay along with the signal transmission
=fi/f} is the

frequency-dependent multiplier factor; Ny is the

path at the first frequency and y,

phase ambiguity; d,s and d; are the frequency-

related receiver and satellite code observation
biases, and b,y and b} are the biases in phase
observations; epy and ¢ are the sum of measure-
ment noise and multipath error for code and
phase, respectively. T; denotes the slant tropo-
spheric delay, which can be divided into hydro-
static and a wet component as follows

T; = mfy(e) - ZHD, + mf,,(e) - ZWD, (7)

In which ZHD, and ZWD, denote the ZHD and ZWD
of the receiver r, respectively, and mf(e) and mf,(e)
represent their corresponding mapping functions.
e denotes the satellite elevation angle, from 0 degrees
at the horizon to 90 degrees at zenith. Considering that
ZHD normally can be accurately corrected by empiri-
cal equations, it is common only to estimate ZWD in
the traditional PPP model. Therefore, the unknown
parameter vector X to be estimated in the PPP model
can be expressed as

_ _ T
X = [?c dtr,ZWDr,I;I,N;f} (8)

where I}, and st represent reparametrized iono-
spheric delay and ambiguity, which are affected by
byf:b}, dr g and d.

3.3. The troposphere-weighted PPP model

Regardless of the specific model employed, the priori
information on the troposphere delay can added as
a virtual observation,

Vowd = ZWD, — ZWDq0del; 0 < Omodel < 00 9

where opode1denotes the uncertainty of the used tropo-
spheric model, which depends on model accuracy.
when set o4l = 0, it implies an assumption that
the provided ZWD from the model is completely
accurate, which is the case when uncertainty informa-
tion is not provided by the model. This assumption
leads to a distinction from the troposphere-weighted
model to the troposphere-fixed model. Conversely,
when 004l = 00, it indicates a lack of priori informa-
tion about the troposphere. In this case, the model
degrades to the troposphere-float model, where the
estimation of tropospheric delay is not constrained
by any specific prior knowledge.

3.4. Stochastic models for troposphere
parameters

In GNSS data processing, it is normal to use random
walk process to constrain ZWD estimation:

=ZWD,(t — 1) 4 Wy, wzwd~N(0, sm)
(10)

ZWD,(¢)

where t denotes the epoch number; w,,q is process
noise; At d denotes time interval; ¢ represents the
Random Walk Process Noise (RWPN) of ZWD para-
meter, which can be estimated using the theory of
Markov processes (Hadas et al. 2017):

|ZWD‘ —ZWD' 4t \

i (11)

E(e) =



RWPN is normally set as a constant value, but deriv-
ing it from NWM data using Equation (11) can sig-
nificantly enhance the convergence and accuracy of
ZWD results. According to (Z. Zhang et al. 2023), the
dynamic model achieves an inner accuracy of 4 mm,
showing an improvement of at least 55.5% over the
fixed RWPN model.

4. Accuracy evaluation of the models

In this section, the accuracy and precision of ZTD
obtained from data-driven NWP are assessed through
by comparing them with GNSS-ZTD and ERA5-ZTD,
respectively. In addition, the RWPN values derived
from NWP are also evaluated. To ensure
a comprehensive analysis, we collect tropospheric pro-
duct data from nearly 20,000 global GNSS stations
available on the NGL sites, resulting in a large sample
size for evaluation. Comparisons are conducted at
common epochs and avoid interpolation effects due
to the different sampling intervals of the data sources.

4.1. Short-range ZTD forecast

We initially investigate the performance of data-dri-
ven NWP for short-range ZTD forecasts with a
6-h time step. The accuracy of GFS, Pangu-Weather,
GraphCast, and FengWu forecasts is assessed by com-
paring them with ERA5-ZTD and GNSS-ZTD. Table 3
presents the evaluation metrics of each model, includ-
ing mean Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and Bias relative to ERA5-
ZTD, and GNSS-ZTD, respectively. Our analysis
reveals that FengWu and GraphCast exhibit signifi-
cant improvements compared to GFS, with
a reduction in RMSE from 9.8 mm to 4.13 mm and
3.59 mm, respectively. GraphCast shows slightly better
performance than FengWu, which may be attributed
to GraphCast, incorporating total precipitation as an
additional variable during model training. Pangu-
Weather, however, underperforms with ERA5-ZTD
RMSE of 13.02mm and a large negative Bias
(-8.36 mm), likely due to its coarse pressure levels.
In terms of forecast accuracy, considering
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a difference of 10.1 mm between GNSS-ZTD and
ERAS5-ZTD (Zhou et al. 2020), the data-driven NWP
models demonstrate a significant improvement of
approximately 55% in forecast accuracy compared to
GFS. As indicated by (Elsobeiey 2020; H. Li et al.
2023), there is potential to further reduce this differ-
ence through better modeling approaches.

Furthermore, Figure 2 presents the statistics and
distribution of ZTD forecast residuals for each model
on distinct dates, i.e. the first of the month for 1 year.
The results of FengWu and GraphCast models
demonstrate comparable performance, with ZTD resi-
duals exhibiting an interquartile range (IQR) of less
than 10 mm and a nearly zero-mean normal distribu-
tion, indicating unbiased forecast ZTDs. GFS also
exhibits a zero-mean normal distribution but with
a larger spread or variability in the ZTD residuals
compared to FengWu and GraphCast. Pangu-
Weather’s error distribution shows a noticeable bias,
particularly during the period from June to November,
which can be attributed to the employed coarse pres-
sure levels.

To further analyze the temporal and spatial char-
acteristics of short-range forecast errors, we define
a forecast error greater than 2 cm as an abnormal
value, based on monitoring empirical data, and then
count the number of stations with a large error at
different dates and latitude ranges. As shown in
Figure 2, it is evident that both in the southern hemi-
sphere and the northern hemisphere, the number of
abnormal stations is considerably higher in summer
compared to winter. This can be attributed to higher
temperatures during summer leading to increased sur-
face evaporation and significant variations in water
vapor, making it more challenging to accurately pre-
dict weather variables. Figure 3 illustrates that the
polar region exhibits the lowest ratio of large errors
to the total number of errors, followed by the tropics,
while the mid-latitude region shows the highest ratio.
This can be attributed to the low average temperatures
in the polar region, leading to minimal water vapor
content and making predictions comparatively easier.
Although the tropical region experiences higher tem-
peratures, resulting in a higher water vapor capacity in

Table 3. Evaluation metrics of ZTD 6-h forecast for using GFS, Pangu-Weather, FengWu, and GraphCast models,
referenced to ERA5-ZTD, and GNSS-ZTD, respectively (in mm).

Model ERA5 GNSS

Metric RMSE MAE Bias RMSE MAE Bias
Pangu-Weather 13.02 7.26 —-8.36 17.27 13.78 -10.14
GFS 9.80 7.26 0.30 11.03 8.51 -2.03
FengWu 413 3.07 -0.05 10.50 8.08 -1.95
GraphCast 3.59 2.69 -0.06 10.50 8.05 -1.96
ERAS5 - - - 10.10 7.95 —-1.88
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Figure 2. Numbers of stations with large error of short-range
forecast ZTD (exceeding 2 cm) at different dates in 2022.

the atmosphere, the consistent and stable nature of its
temperature, makes the water vapor levels steady and
easier to predict (Hartmann and Michelsen 1993). In
contrast, mid-latitude region undergoes seasonal tem-
perature changes, which makes it challenging to pre-
dict the water vapor level in the atmosphere (Wu et al.
2023).
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Figure 3. Total counts, large error (exceeding 2 cm) counts,
and ratio of large error of short-range forecast ZTD in 24
datetimes for different latitude range.

The above analysis shows that the initial weather
conditions correlate with tropospheric delay fore-
casting. Therefore, we further analyzed the rela-
tionship between ZWD forecast residuals and
local weather variables to better understand their
relationship. We focus on ZWD rather than ZTD,
because the hydrostatic portion of ZTD is largely
constant and would dilute the correlations with
changing weather parameters. Considering the fact
that atmospheric surface layer plays the main role
in the formation of the tropospheric delay fluctua-
tions (Khutorov et al. 2016), here we choose sur-
face weather parameters sourced from the ERA5
dataset for analysis, including near-surface air tem-
perature (2 m temperature), evaporation, total col-
umn water vapor (TCWYV), and total column water
vapor rate. It should be noted that, in the ECMWF
Integrated Forecasting System (IFS), the conven-
tion is that downward fluxes are represented by
positive values. Therefore, negative evaporation
values indicate evaporation, whereas positive values
indicate condensation. Taking GraphCast results
shown in Figure 4 as an example, according to
the residual range, the global ZWD forecast resi-
duals were divided into 6 groups ranging from 0 to
10 mm in 2 mm range of each group, with the sixth
group being 10 mm and above. Figure 5 presents
the mean values of weather variables for each ZWD
forecast residual group, showing that initial tem-
perature, evaporation, TCWV, and TCWV rate
increase with higher residual groups. The X-axis
represents ZWD residual groups (grouped by mag-
nitude in mm), while the Y-axis values correspond
to different meteorological variables, as indicated
in the legend with their respective units. These
results can be explained by the fact that the fore-
cast residuals are highly related to the convection
development. Convective cells develop more readily
with increasing surface temperature, transporting
water vapor away from the Earth’s surface
(Khutorov et al. 2016). This corresponds to
increased fluctuations in the phase of GNSS sig-
nals, i.e. the GNSS observations, making the delays
harder to predict accurately.

4.2. Medium-range ZTD forecast

To analyze the performance of data-driven NWP in
medium-range ZTD forecasts, we assess Pangu-
Weather, GFS, GraphCast and FengWu forecast accu-
racy with 15 days forecast period, whose inference
starts on 1st and 16th of each month in 2022. We
calculate ZTD mean RMSE with an interval of
6 h and show it in Figure 6. The ZTD derived from
GFS model, empirical model GPT3 and ERAS5 are also
compared at the same stations as in the previous
section.
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Figure 4. Violin plot of the short-range forecast ZTD residuals based on GNSS-ZTD for Pangu-Weather, GFS, FengWu, and
GraphCast models on different dates in 2022. ERA5-ZTD residuals are also plotted for comparison. It shows the median values

within 1.5 IQR, and the 25%-75% percentiles.

As shown in Figure 6, the mean RMSE of ZTDggras
is approximately 10 mm, which aligns with findings
from previous studies evaluating ZTDgras using
ZTDgnss (e.g. Zhou et al. 2020). The RMSE of
ZTDggras at 00z (where 00z denotes 00:00 UTC in
Zulu convention) may be slightly higher, which
could be attributed to the processing strategy of
ZTDgnss products (e.g. restarting at the beginning of
each day and requiring PPP convergence time).
Limited by the coarse pressure levels. The accuracy
of ZTDpangu-weather is Worse than that of ZTDgraphcast
and ZTDgengwu by 5~10mm. FengWu and
GraphCast exhibit higher forecast performance com-
pared to GFS, and this improvement becomes more

pronounced as the forecast period increases. The accu-
racy of ZTDpapngu-weatherr ZTDgrs degrades to a level
comparable to that of ZTDgprs on the 9th day, while
ZTDGraphcast Teaches this level on the 13" day. In
contrast, ZTDgengwy is always better than GPT3 even
after 15 days long forecast period. The forecast accu-
racy of ZTDgraphcast and ZTDgengwy remains within
the threshold of 20 mm for up to 4 days, whereas
ZTDgrs maintains accuracy for 3 days. GraphCast
and FengWu shows similar forecast performance
with an accuracy of 12 mm within 24 h. However, as
the forecast time increases, FengWu outperforms
GraphCast indicating that FengWu has a better med-
ium-range forecast capabilities.
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4.3. RWPN estimation

According to Equation (11), NWP models can derive
relatively accurate dynamical RWPN values. In this sec-
tion, we compare the RWPN determination performance
between different RWPN setting strategies, including
data-driven NWP models. The fixed RWPN values
range from 1 to 10 mm/+v/A (in intervals of 1 mm/v/h)
and the RWPN values calculated using GRM, taking
RWPN derived from GNSS ZTD products as

a reference. Figure 7 shows a 4 mm/+/4 RWPN estima-
tion error between the NWMs model results and GNSS
ZTD products. The RWPN estimation accuracy of data-
driven NWP models degrades to that of GRM empirical
model at the fourth day, indicating that only short-range
forecast can describe water vapour variation accurately.

The best fixed RWPN value is 5 mm/+/h, which is in
agreement with the empirical value used in the previous
research (Kouba and Héroux 2001; Wu et al. 2023). The
GRM outperforms the best fixed RWPN value, but the

improvement is limited, at only 0.17 mm/+/A. In con-
trast, short-range data-driven NWP has demonstrated

accuracy improvements approaching 2 mm/ Vh. The
GRM was proposed with the aim of reducing computa-
tion load, while the transition from conventional NWP
models to data-driven NWP models has already resulted
in significant reductions in the computational needs.
Therefore, it is recommended to incorporate the RWPN
estimation process into the data-driven NWP
framework.

5. Accuracy required for improving PPP in
simulation

The use of precise external tropospheric constraints
can improve PPP convergence; therefore, it is crucial
to explore the impact of their accuracy on PPP. The
constraint is treated as a virtual observation where its
Omodel Value is contingent on its precision, making it
possible to analyze the precision by examining omodel-
To determine the impact of 0po4e1 On PPP parameter
estimation, we simulate the ground truth of tropo-
sphere delay and adjust its opoqe to analyze the result-
ing parameter estimation performance.

The details of this experiment are summarized in
Table 4, where one-day of observation data from multi-
GNSS capable stations were used with consistent satellite
geometry. To obtain the ground truth, the tropospheric
delay was estimated in the PPP coordinate-fixed mode,
with the first 2 h of results removed to allow for PPP
convergence. The PPP coordinate-kinematic mode con-
strained with the simulated tropospheric ground truth
was then restarted every 2 h to calculate performance
indicators, which include the mean convergence time,
the ZWD post-convergence standard deviation (STD),
the post-convergence STD of coordinates in east (E),

north (N) and up (U) direction, where the mean value
is taken after convergence. Here, we define “convergence”
as achieving a 3D positioning error of less than 10 cm at
the current epoch and the subsequent 10 min.

With 0n0del Set as the independent variable, using
a logl0 scale ranging from 1 mm to 10 m, the variation
of different performance indicators of troposphere-
weighted PPP is shown in Figure 8. In addition, the
performance indicators of troposphere-float PPP are
plotted in dash line for the sake of comparison. We can
see that the impact of increasing tropospheric constraint
accuracy leads to a clear deterioration effect. The post-
convergence STD of ZWD, up-component coordinates
shows to be a monotonically increasing function of
Omodel, While that of east, north component little has
changed, indicating that tropospheric constraints contri-
bute mainly to vertical direction as expected. This can be
attributed to the strong correlation between the height
parameter and ZTD (Dodson et al. 1996). Nevertheless,
the improvements in post-convergence STD remained
limited to only a few millimeters, suggesting that the
effects of tropospheric constraints after convergence are
relatively minor. The convergence time also exhibits
a monotonous increase as Opodel iNCreases, with some
observed variations. When oyo4qreach a threshold of
10 cm, the convergence time and post-convergence
STD of ZWD and U direction remain close to the level
of the output of troposphere-float model, indicating that
constraints imposed by the virtual observation become
meaningless when the accuracy of tropospheric products
is worse than 10 cm. Therefore, external tropospheric
data is most useful to kinematic PPP users when accura-
cies are provided and are at least below 10cm.
Conversely, when 0,0del is smaller than a few millimeters,
the two dependent variables closely resemble the tropo-
sphere-fixed model. In this scenario, the improvement in
convergence time can range from 20% to 30%, around
640 s on average, reflecting the maximum impact of the
troposphere on PPP parameter estimation. Additionally,
results showed that when 0 ,04¢ Was set to 2 cm, the mean
reduction in convergence time was approximately 490 s.

6. Positioning verification

In this section, we will compare the performance of
troposphere-weighted PPP with traditional PPP. Since
PPP performance is not sensitive to tropospheric con-
straint improvements of just a few millimeters, as shown
in the previous simulation experiment, we apply the data-
driven predicted tropospheric delay only to the tropo-
sphere-weighted PPP. The positioning process strategy is
the same as in Table 4, except that the satellite system
used is GPS-only and the priori ZHD and ZWD derived
from NWP. GraphCast was selected from the NWP
model due to its best short-range forecast accuracy and
accessibility of source code.
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Figure 6. Mean RMSE of all stations referenced to GNSS ZTD products with a forecast over 15 days, with 6-hour intervals, for
Pangu-Weather, FengWu and GraphCast 6-hour model. The shadowing area represents the variability (standard deviation) of the
RMSE across all stations, highlighting the consistency of errors among different locations. GFS, ERA5 and GPT3 empirical models
are plotted as a comparison.

6.1. PPP augmented by short-range forecast make use of 6 h and 12-h forecast intervals starting

at 00z to examine the performance of troposphere-
In general, short-range NWP can provide accurate ~ weighted PPP. Due to the 6-h temporal resolution of
troposphere prior information. Therefore, we first ~ GraphCast, additional linear interpolation was
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Table 4. PPP strategy when experimenting changing the gnogelvalue.

PPP
PPP kinematic

Item ZTD estimation

Mode PPP fixed

Signals GPS L1/L2, Galileo E1/E5a, BDS-2 and BDS-3 B1I/B3I
Sampling rate 30 seconds

A priori noise code: 0.3 m, phase: 0.003 m

Elevation cut-off angle 10°

Weighting A function of the satellite elevation angle

Satellite orbits and clocks

(WUM)
Tropospheric mapping Global mapping functions
functions

lonospheric delay

ZWD: estimated with a random walk noise model (107% m/+/s)

(0.04 m/+/s)
Tropospheric delay ZHD: corrected (Saastamoinen)
Receiver Fixed as PPP static solution

coordinates

Rapid products provided by Wuhan University

Estimated with a random walk noise model

ZHD: corrected (Saastamoinen)
ZWD: estimated with a random
walk noise model (107* m/+/s)
and constrained by a prior ZWD

Estimated as white noise without
any time correlations considered

performed between the 6-h batches to provide contin-
uous tropospheric delay constraints. Based on the
evaluation in previous sections, we set Omodel Of
short-range forecast as 20 (set as 2 cm). However,
some outliers may exist within the forecasted tropo-
spheric delays, which may not improve positioning
performance and could even lead to its degradation.
Taking the stations KERG and KOKB as represen-
tative examples, one constrained with good accuracy
of tropospheric delay and the other with poor accu-
racy, their time series of positioning errors are
depicted in Figure 9. As shown in the bottom panel
of Figure 9 and taking ZWD series from GNSS pro-
ducts as a reference, the RMSE of ZWD from
GraphCast interpolation at station KERG is 9.6 mm,
while that at station KOKB is 39.4 mm. Accordingly,
the improved effect of troposphere-weighted PPP

compared to standard PPP is quite different. For
KERG, significant reductions in the convergence
time can be observed in the east, north and up direc-
tions when using troposphere-weighted PPP com-
pared to the standard PPP. Troposphere-weighted
PPP takes approximately 45 min to converge, whereas
the standard PPP takes about 1.75 h, showing an
improvement of 1 h. After convergence, the position-
ing accuracy of two schemes are comparable, and
there is no evident improvement for troposphere-
weighted PPP compared to standard PPP. That is
reasonable if we acknowledge that the accuracy of
ZTD estimation can reach up to mm level after PPP
convergence, while the added tropospheric constraints
are set at 2 cm. As for station KOKB, we can see that
the overall performance of convergence time is almost
the same for the two schemes. This can be attributed to
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Figure 8. Convergence time (black line, left y axis, in seconds), post-convergence STD (including ZWD, E, N and U. Red line, right
y axis, in millimeters) as a function of the priori STD of simulated tropospheric ground truth in the troposphere-weighted PPP.

the poorly considered accuracy of tropospheric
constraints.

Based on the analysis above, the accuracy of the
tropospheric constraint at each epoch varies across
different stations due to the effects of interpolation
and differences in ZTD forecast accuracy. To conduct
a more comprehensive analysis of the overall improve-
ment performance, GPS dual-frequency observation
data from about 200 global IGS stations on day
of year (DOY) 001 in 2022 were collected, and its
distribution is shown in Figure 10. At each station,

we first calculate out RMSE of the constrained ZWD
series. Then, the two kinematic PPP schemes (stan-
dard PPP and troposphere-weighted PPP) were per-
formed, and their convergence time difference was
calculated. The predefined error threshold for conver-
gence time was adjusted to 2 decimeters to accommo-
date the transition from static to kinematic mode. The
distribution of the constrained ZWD accuracy and its
improvement in convergence time is illustrated in the
boxplot in Figure 11. As shown in Figure 11, the mean
interpolated ZWD accuracy is 12 mm, which is
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Figure 10. Distribution of the contributing IGS stations.

compatible with the previous short-range troposphere
delay forecast evaluation section. This also indicates
that the troposphere variation remains stable at most
stations within a 6-h time frame. On average, the
improvement in convergence time is approximately
400 s. This finding agrees with results from the pre-
vious simulation experiment, which demonstrated
similar reductions in convergence time. However, it
is worth noting that the results of 25th percentile,
which is around zero, suggests that certain stations
did not show a significant improvement in the
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Figure 11. Boxplot of interpolated ZWD accuracy during posi-
tioning (right panel) and its improvement for convergence
time (left panel) for about 200 stations.

convergence time with the implementation of the tro-
posphere constraints. In addition to the accuracy of
constrained ZWD, this could be attributed to other
factors such as satellite geometry and weather condi-
tions specific to those stations. These factors have



a strong influence on the accuracy of ZWD estimation
during the convergence period of PPP. When the
accuracy of the estimated ZWD surpasses that of the
external ZWD constraints, the influence of these
external constraints gradually diminishes.

6.2. PPP augmented by medium-range forecast

Although short-range NWP offers more accurate tropo-
spheric delays than medium-range forecasting, short-
term forecasts may be impractical in engineering applica-
tions due to the unavailability or incompleteness of recent
data. In such situations, medium-range forecasts, which
utilize older data, can serve as an alternative approach to
provide the required prior tropospheric delay. Despite
the ZTD forecast accuracy being degraded to 4 cm with
increasing prediction time, as mentioned earlier, there is
still a possibility that the accuracy of tropospheric con-
straints higher than 1 decimeter can offer benefits for PPP
convergence, provided that a proper stochastic model is
applied.

The Chinese Hong Kong region experiences frequent
extreme weather conditions, characterized by relatively
high levels of water vapor throughout the year, which
pose considerable challenges for accurate tropospheric
delay prediction (Yang et al. 2023; Yu and Liu 2021).
Therefore, we select the Hong Kong Continuous
Operating Reference Station (CORS) network as a case
study to evaluate the performance of troposphere-
weighted PPP using medium-range forecast tropospheric
delay. The used Hong Kong CORS network, comprising
17 stations, is shown in Figure 12, and the data collection
period started on the 1st day of each month, continued
for the following 10 days throughout the year 2022. The
10-day forecast horizon for positioning experiments was
chosen because data-driven NWP models lose accuracy
beyond this period, making them comparable to empiri-
cal models like GPT3, and because 10days allow

HETK
SHIKEN o9 BNy
ke @ KT HESS @TKWS
°
oKST
° °
HKSL SJHKse HKKS
o CL _Hkpc T gHKQT
HKO
o8 '$ 22.25°N
Hknp MW
HKLM
22°N
113.75°E 114°E 114.25°E

Figure 12. Distribution of the Hong Kong CORS network.
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Figure 13. ZTD RMSE as a function of prediction time for
17 Hong Kong stations and its second order polynomial fitting
function.

sufficient time for preparing initial weather forecast
data. During this period, PPP filter was reinitialized
every 2 h and the tropospheric delays at the 17 hK
CORS stations were generated by the GraphCast model,
which initialize at the 00z on the first day with a time step
of 6 h. Figure 13 displays the RMSE of the generated ZTD
as a function of prediction time for each station. It is
evident that ZTD accuracy function of the entire
Hong Kong CORS shows a consistent variation. By fitting
a second-order polynomial function, we can determine
the 0model Of ZTD as function of prediction time in the
Hong Kong region. Applying the medium range forecast
ZTD products with 004 in the two compared PPP
schemes, the improvement of convergence time is calcu-
lated and presented in Figure 14. Taking stations HKLM
and HKMW as examples, the overall performance of
convergence time improvement deteriorated with an
increase in forecast time, with the presence of some out-
liers. As mentioned before, the application of troposphere
constraints may sometimes not result in improvements.
Therefore, to further assess the effect of constraints, we
calculated the ratio of improvement part in all datasets
and the mean improvement in convergence time for all
17 Hong Kong stations and show them in the bottom
panel. The mean improvement in convergence time can
reach up to 400 s within a 3-day forecast period, but it
decreases to above 100 s as the forecast time increases.
The improvement ratio exhibits similar varying charac-
teristics, decreasing from 60% to 30% accordingly. This
analysis suggests that even if prior tropospheric con-
straints have slightly lower accuracy, they can still provide
benefits as long as a proper stochastic model is used.

7. Conclusions and outlook

This study underscores the significant potential of
data-driven NWP models, such as Pangu-Weather,
FengWu, and GraphCast, in enhancing PPP by pro-
viding accurate prior tropospheric information.
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Figure 14. Improvement of convergence time applying tropospheric delay with different forecast times. Top and middle:
performance for HKLM and HKMW. Bottom: statistics for the 17 Hong Kong CORS stations.

Comprehensive simulation experiments confirm that
tropospheric uncertainty substantially affects PPP
convergence time, with constraints exceeding 1 deci-
meter in accuracy yielding considerable benefits. Our
evaluation of RWPN estimation indicates the feasibil-
ity of integrating this process into the existing data-
driven NWP framework.

Further analysis of short- and medium-range ZTD
forecasts shows that data-driven NWP models can
generate accurate local forecasts within seconds.
Their short-range ZTD forecasts consistently outper-
form those from the traditional GFS model. Residual
analysis reveals that the accuracy of data-driven fore-
casts is sensitive to initial weather conditions; intense
convection increases free tropospheric moisture, lead-
ing to greater instability and forecast errors. Seasonal
and regional variations are evident: forecast accuracy
tends to be higher in winter than in summer, with
polar regions performing best, followed by tropical
and mid-latitude regions.

Data from approximately 200 global IGS stations
confirm that improvements in PPP performance are
closely linked to the accuracy of tropospheric con-
straints, with an average convergence time reduction
of about 400 s. In medium-range ZTD forecasting,
data-driven models consistently surpass GFS, with
FengWu vyielding the best performance and Pangu-
Weather the lowest. GraphCast and FengWu main-
tain ZTD forecast accuracy within 2 cm for up to 4
days, enabling extended preparation of initial condi-
tions. Results from 17 hong Kong CORS stations
further show that PPP can be significantly enhanced
using short- to medium-range forecasts from data-

driven global weather models, achieving mean con-
vergence time improvements of up to 400 s within
a three-day forecast window. These findings under-
score the transformative potential of data-driven
NWP models in advancing PPP and improving tro-
pospheric forecasts. While these findings underscore
the transformative potential of data-driven NWP for
PPP and tropospheric forecasting, the current reli-
ance on ERAS5 initial conditions - which incur
a roughly five-day latency - and six-hour, ~0.25°
forecast resolution limit real-time applicability and
the ability to capture fine-scale atmospheric variabil-
ity. Moreover, the performance of data-driven NWP
forecasts under different weather conditions (e.g.
normal, rainy, and extreme weather) remains insuf-
ficiently characterized. Future research should there-
fore analyze forecast accuracy across these
meteorological regimes and integrate higher-fre-
quency numerical weather model outputs into
data-driven NWP frameworks, fusing them with
near-real-time GNSS-derived ZTD constraints. Such
a hybrid approach will enhance the temporal and
spatial fidelity of tropospheric constraints, thereby
enabling practical, operational real-time PPP.

Data and code availability

GFS datasets were obtained from https://rda.ucar.edu/
datasets/ds084.1/dataaccess/. The dataset of pressure
levels and single levels of ERA5 datasets can be found
on https://cds.climate.copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-pressure-levels?tab. =overview and
https://cds.climate.copernicus.eu/cdsapp#!/dataset/rea


https://rda.ucar.edu/datasets/ds084.1/dataaccess/
https://rda.ucar.edu/datasets/ds084.1/dataaccess/
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels?tab
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels?tab
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=form

nalysis-era5-single-levels?tab=form. The inference code
and pre-trained model of Pangu-weather, GraphCast
and FengWu are available respectively at https://github.
com/198808xc/Pangu-Weather., https://github.com/
google-deepmind/graphcast., and https://github. com/
OpenEarthLab/FengWu. NGL tropospheric delay pro-
ducts are available at http://geodesy.unr.edu/gps_time
series/trop. The source code of GPT3 and GRM can be
found at https://vif.geo.tuwien.ac.at/codes. and
https://zenodo.org/records/6967015, respectively. The
source code of RADIATE can be found at https://
github.co m/TUW-VieVS/RADIATE.git. The rapid
products provided by Wuhan University are available
at http://igs.gnsswhu.cn/pub/whu/phasebias.
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