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Key Points:

e A Calibration and Data Assimilation (C/DA) approach is proposed to enhance Zenith
Wet Delay (ZWD) estimation using the Ensemble Kalman Filter (EnKF).

e Estimated ZWD values from the C/DA method are incorporated as constraints in the PPP
method (PPP-DA).

e The PPP-DA method achieves a 21% reduction in 3D positioning errors and a 16%
decrease in convergence times compared to conventional PPP techniques.

Abstract

One of the primary error sources limiting the performance of the Precise Point Positioning (PPP)
technique is the atmospheric wet delay, caused by the presence of water vapor in the lower
atmosphere. Accurately representing this parameter is crucial for improving the initialization and
accuracy of satellite-based positioning techniques. However, existing empirical models have
struggled to capture the severe spatial and temporal variations of this parameter, thereby limiting
their effectiveness in high-precision applications. To address these challenges, this study
introduces a sequential Calibration and Data Assimilation (C/DA) approach to enhance the
estimation and prediction of Zenith Wet Delay (ZWD) values. For this aim, an empirical regional
atmospheric wet delay model was constructed using Principal Component Analysis (PCA),
serving as the background model for the C/DA method. The methodology involves calibrating
this empirical ZWD model using the Ensemble Kalman Filter (EnKF) method, wherein observed
ZWD values from approximately 309 GNSS stations across the central Europe are assimilated
into the model. The calibrated model parameters were then used to estimate ZWD values, which
were subsequently applied as constraints in the PPP method (referred to as PPP-DA) at 10 GNSS
test stations within the study area. The study compares the positioning accuracy and convergence
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time achieved using the PPP-DA method with those obtained from traditional PPP approaches
and PPP utilizing ZWD constraints from the GFS model (PPP-GFS). The results demonstrate a
significant enhancement, with the PPP-DA method achieving an average improvement of 2
millimeters in positioning accuracy across all considered stations (representing a 21% reduction
compared to the conventional PPP method), along with an average decrease in convergence time
of approximately 16%. These findings highlight the potential of integrating C\DA techniques to
refine the accuracy and efficiency of satellite-based positioning.

Plain Language Summary

The accuracy of satellite-based positioning systems, such as those used in navigation and
geodesy, can be significantly impacted by atmospheric wet delay caused by water vapor. This
delay affects how signals travel through the atmosphere, particularly in high-precision
applications. Existing models struggle to account for rapid and complex changes in atmospheric
water vapor. In this study, we developed a new approach combining Calibration and Data
Assimilation (C/DA) techniques to better estimate Zenith Wet Delay (ZWD), which represents
the effect of atmospheric water vapor on satellite signals. By integrating data from Global
Navigation Satellite System (GNSS) observations with a proposed regional atmospheric model,
our method improves both the accuracy and efficiency of ZWD estimation. When incorporated
as constraints in the PPP method, the proposed approach significantly improved positioning
accuracy and reduced initialization times, highlighting its potential to enhance satellite-based
applications.

1. Introduction

Precise Point Positioning (PPP) has become a widely adopted technique within the Global
Navigation Satellite System (GNSS) community, known for its single-receiver capability, global
coverage, robust processing error mitigation (Wilgan et al., 2017). Despite its advantages, PPP,
especially in real-time applications, faces challenges, notably the long initialization time required
to achieve centimeter-level positioning accuracy. This limitation is primarily due to the
ionospheric-free linear combination used in PPP, which transforms carrier-phase ambiguities
from integer values into float values, complicating their resolution and extending the
convergence time. Additionally, in precise GNSS positioning, resolving station height and
atmospheric delay simultaneously can be challenging, particularly because the strong correlation
between tropospheric wet delay and station height can lead to parameter coupling during the
estimation process. This coupling complicates the separation of these parameters and may
increase the time required to achieve sub-decimeter positioning accuracy (Kouba & Héroux,
2001).

Tropospheric wet delay, caused by the presence of water vapor in the lower atmosphere, is a
major error source that significantly impacts the performance of GNSS positioning. Highly
accurate tropospheric corrections offer another pathway to reduce convergence time by fixing the
tropospheric delay during PPP processing, thereby decreasing the number of unknown
parameters (de Oliveira Jr et al., 2017; X. Li et al., 2011; Mirmohammadian et al., 2022; Wilgan
et al., 2017; Yao et al., 2014). Previous researches have explored the integration of external
tropospheric models into the PPP method. For instance, Yao et al. (2014) introduced a GNSS-
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based global Zenith Total Delay (ZTD) model as a pseudo observation to this method, resulting
in a 15% improvement in PPP convergence time. Similarly, de Oliveira et al. (2017) investigated
the application of regional GNSS-based ZTD models in real-time kinematic PPP and reported
improvements in convergence time. Their results showed reductions of approximately 1%, 20%,
and 5% in the convergence time for the east, north, and up components, respectively.
Additionally, Li et al. (2011) employed interpolated ZWD values from neighboring stations to
enhance ambiguity fixing performance in the PPP method. Song et al. 2022 explored the
integration of interpolated ZWD values, derived via the Kriging method, into the PPP-RTK
framework. Their findings revealed that the tropospheric-weighted model achieved 3D
convergence times of 25.5 minutes and 15 minutes for the ambiguity-float and ambiguity-fixed
solutions, respectively. In contrast, the standard PPP-RTK model required 31.5 minutes and 18.5
minutes for the corresponding solutions. However, these approaches carry the risk of degrading
the accuracy of the vertical component if the provided model does not accurately reflect real
tropospheric conditions. Another approach to modeling ZWD values involves estimating them
using tomography methods. For example, Haji-Aghajany et al. 2020 compared ZWD values
derived from voxel-based and functional model tomography within a PPP experiment. Their
findings indicated improvements of approximately 6 mm, 3 mm, and 9 mm in the east, north, and
up components, respectively. However, the complexity of constructing the design matrix and
addressing the inherently ill-posed nature of the tomography problem presents a significant
challenge to the practical implementation of this method.

One approach to modeling this parameter is through the use of empirical atmospheric models
(Collins & Langley, 1997; Landskron & Bohm, 2018). However, the parameters of these models
are static, which limits their ability to capture only the low-frequency variations of wet
atmospheric delay values (Dehvari et al., 2023, 2024a).

Recently, the advent of Numerical Weather Prediction (NWP) models with enhanced accuracy
and spatial resolution has provided new opportunities for more precise tropospheric modeling,
offering potential solutions for mitigating wet delay errors in GNSS applications (Boehm et al.,
2006; Lu et al., 2017). Lu et al. (2017) demonstrated the benefits of using Zenith Wet Delay
(ZWD) values derived from the Global Forecast System (GFS; National Centers for
Environmental Prediction/National Weather Service/ NOAA/U.S. Department of Commerce,
2015), a global NWP model provided by the National Centers for Environmental Prediction
(NCEP). Their findings indicated a 60% reduction in PPP convergence time and a 40%
improvement in positioning accuracy. The use of Numerical Weather Prediction (NWP) models
in PPP presents a promising alternative, as these models are available in near real-time with
higher accuracy than empirical models. However, global NWP models typically suffer from low
spatial and temporal resolution, which can limit their effectiveness in high-precision
applications. To address these limitations, recent studies have proposed the use of regional NWP
models, which offer higher spatial resolution (e.g., 4 km) and more frequent updates (e.g.,
hourly). Wilgan et al. (2017) applied Zenith Total Delay (ZTD) values derived from the Weather
Research and Forecasting (WRF) model as constraints within the PPP method. Their findings
showed that this approach reduced the average 3D positioning bias by 20 mm in static mode and
10 mm in kinematic mode. Additionally, using a high-resolution tropospheric model
significantly decreased convergence time, reducing it from 67 to 58 minutes for horizontal
components and from 79 to 63 minutes for the vertical component at the 10 cm convergence
level. Moreover, (Gong et al., 2024) assessed the impact of Weather Research and Forecasting
(WRF) model-based wet delay corrections on GNSS Precise Point Positioning (PPP) during two
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observation periods in South China under varying weather conditions. By assimilating GNSS
PWYV data into the WRF model, vertical positioning accuracy improved by 14.6% to 33.7%, and
convergence times were reduced by 25% to 48% for both static and kinematic PPP modes,
demonstrating the effectiveness of WRF-enhanced corrections.

While the Weather Research and Forecasting (WRF) model provides high-resolution
atmospheric data, its computational intensity and the need for extensive calibration and
validation can be challenging. Additionally, the model's reliance on accurate initial conditions
can lead to errors in tropospheric delay estimates if the input data is not precise (Skamarock et
al., 2008).

Sequential Data Assimilation (DA) (Bertino et al., 2003) or Calibration and Data Assimilation
(C/DA) (Forootan et al., 2024) methods utilize the uncertainties from both the background model
and observations to deliver estimates with higher accuracy and reliability than those obtained
from either source alone (Smith et al., 2013). This approach has been widely applied to calibrate
empirical model parameters, addressing their limitations in capturing high-frequency variations.
Dehvari et al. 2024b implemented a data assimilation approach using the Ensemble Kalman
Filter (EnKF) to enhance the estimation of wet refractivity indices. GNSS-derived Zenith Wet
Delay (ZWD) values were integrated into an empirical model, with wet refractivity indices
represented as B-spline coefficients for efficient epoch-wise estimation. The method achieved a
Root Mean Square Error (RMSE) of approximately 2.6 ppm, representing reductions of 49% and
18% compared to the considered empirical and numerical atmospheric models, respectively.
Moreover, Dehvari et al. (2024) transformed ZWD values from an empirical model within the
study region into B-spline coefficients and employed a data assimilation (DA) method to
calibrate the estimated parameters at each epoch. Their results demonstrated a Root Mean
Squared Error (RMSE) of approximately 0.8 centimeters for the ZWD estimations. The predicted
ZWD values were then incorporated into the Single Point Positioning (SPP) method, resulting in
an improvement of approximately 1.35 centimeters compared to the conventional approach using
empirical ZWD values.

However, while they only employed the DA method for calibration, the Dynamic Mode
Decomposition (DMD) method was used for predicting ZWD values, which necessitates 30 days
of historical observations. In contrast, the C/DA method not only delivers highly accurate ZWD
values during the analysis step (estimation of the current time) but also calibrates model
parameters to enable more accurate short-term predictions. For instance, Kosary et al. 2022)
applied the Ensemble Kalman Filter (EnKF) method (Evensen, 2003) to sequentially calibrate
parameters of the International Reference lonosphere (IRI) empirical model, improving short-
term Total Electron Content (TEC) predictions. They utilized the predicted TEC values using
C/DA method into an SPP experiment which the results showed a significant improvement in
positioning accuracy.

This study proposes a C/DA approach to improve the estimation and prediction of Zenith Wet
Delay (ZWD) values, which will be implemented as constraints in the PPP method. To achieve
this, an empirical regional ZWD model (referred to as PCA-ZWD) was first constructed using
Principal Component Analysis (PCA) to serve as the background model in the C/DA procedure.
The model's parameters were then calibrated using the EnKF method, integrating ZWD values
observed from approximately 309 GNSS stations across the central Europe into the model. The
calibrated model parameters at each epoch have been used to estimate and predict ZWD values
across the region of study. These values then applied as constraints in the PPP method (referred
to as PPP-DA) at 10 GNSS test stations within the study area. The objective of this study is to
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evaluate the effectiveness of the PPP-DA method in improving positioning accuracy and
reducing convergence time, compared to traditional PPP approaches and PPP utilizing ZWD
constraints from GFS model (PPP-GFS). The evaluation period spans the entire year of 2021,
during which the C/DA method was applied to estimate the calibrated model parameters. Based
on these estimates, the estimated ZWD values were then implemented into the PPP method.
Preliminary results show an improvement of approximately 2 millimeters in positioning accuracy
and a reduction in convergence time by about 6 minutes for the PPP-DA method compared to
conventional PPP.

The subsequent sections begin with the construction of the proposed empirical model, followed
by a concise explanation of the PPP-DA method. Next, the study region and the datasets used are
described. This is followed by the presentation and discussion of the numerical results. Finally,
the conclusion of this research is provided in the last section.

2. Data and materials

The study region for this research is located in central Europe, covering latitudes 44° to 55° and
longitudes 5° to 15°. The proposed empirical model, PCA-ZWD, was developed specifically for
this region. For data assimilation, ZWD values from 309 existing stations provided by the
Nevada Geodetic Laboratory (NGL) were utilized (Blewitt et al., 2018). This facility archives
extensive atmospheric delay information from global sources. Since the focus of this study is on
assimilating ZWD values, archived observations from this data center were employed. For real-
case scenarios, the PPP method can be applied to estimate ZWD values for any regional network,
which can then be incorporated into the assimilation technique. The evaluation period for this
study spanned from January 1 to December 31, 2021. During this period, the PCA-ZWD
empirical model was evaluated by comparing its derived ZWD values against those from the
GFS and Empirical Reanalysis Fifth generation (ERAS; Hersbach et al. 2020) numerical models,
using ZWD values from 11 NGL stations that were not included in the C/DA method.
Furthermore, to enhance the evaluation of both the proposed empirical model and the C/DA
method, their derived ZWD values were compared with ZWD values derived from observations
of 11 radiosonde stations. Radiosonde stations measure various atmospheric parameters,
including temperature, pressure, and relative humidity at different pressure levels. These
measurements are used to compute wet refractivity profiles across altitudes, which are then
integrated to derive ZWD values (Forootan, Dehvari, et al., 2021). Due to their high vertical
resolution and accuracy, radiosonde-derived ZWD values are widely regarded as a reliable
external reference in atmospheric research for model evaluation (Dehvari et al., 2024a, 2024b;
Forootan et al., 2023). Additionally, the proposed PPP method was evaluated using data from 10
IGS GNSS stations within the same timeframe. To further support the analysis, the GFS dataset
for the evaluation period was utilized. By leveraging temperature and relative humidity data from
various atmospheric layers provided by the GFS, we computed the ZWD values for the study
region (Dehvari et al., 2024b). These computed ZWD values were subsequently incorporated as
constraints in the PPP method (PPP-GFS).

Figure 1b shows the geographical location of the study region, while Figure la illustrates the
spatial distribution of NGL stations (red circles), NGL test stations (magenta squares),
radiosonde stations (yellow triangles), and IGS GNSS stations (blue hexagrams) within the study
area.
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Figure 1. (a) Spatial distribution of observation stations used in this study, including NGL stations (red circles),
NGL test stations (magenta squares), radiosonde stations (yellow triangles), and IGS GNSS stations (blue

hexagrams). (b) Geographical location of the study region.

A A

3. Methodology

3.1. Construction of the PCA-ZWD model

Empirical atmospheric models are constructed using numerical atmospheric models (e.g. ERAS
(Hersbach et al., 2020) or ERA-Interim (Dee et al., 2011) ) and are capable of modeling the low-
frequency variations of atmospheric delay parameters (Dehvari et al., 2023). These models are
often represented as grid-based coefficients covering the globe (e.g., GPT3 (Landskron & Bohm,
2018) or GTrop (Sun et al., 2019) models or as a set of coefficients derived from a functional
model (e.g., GZTD series (Yao et al., 2016) or IR-ZWD model (Dehvari et al., 2023)). Since we
aim to use an empirical model within a data assimilation method, the corresponding parameters
need to be represented as a unique set with a minimal number of coefficients, ensuring the model
remains efficient and manageable for accurate assimilation. In grid-based models, each grid point
has a unique set of coefficients for different atmospheric parameters. On the other hand,
functional models aim to address this issue. However, in these models, different sets of
coefficients are estimated for each frequency of the atmospheric delay parameter. Consequently,
both types of models involve a relatively large number of coefficients. Ma et al. 2021 introduced
a global atmospheric model based on Empirical Orthogonal Function (EOF) analysis, achieving
an RMSE of approximately 3.65 cm for atmospheric delay values. While this model represents
atmospheric delay with a single set of parameters, it has a spatial resolution of around 12
degrees, which may overlook local phenomena in regional networks.
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In this study, we developed an empirical regional atmospheric wet delay model using
dimensionality reduction techniques, specifically EOF and PCA. These techniques are known for
their ability to capture the most significant patterns in data while minimizing noise and
redundancy (I. T. Jolliffe & Cadima, 2016). For this purpose, we utilized ZWD values derived
from ERAS data at various altitudes within the study region. The construction of the empirical
model involved organizing ZWD values from three consecutive years (2018, 2019, and 2020)
into a 2-dimensional matrix (Ogzyp), where columns represent different locations and rows
represent ZWD values over time. Subsequently, the covariance matrix (Q) of the ZWD values
was computed as follows:
Q= mO§WDOZWD M
where m is the number of observation epochs. By performing eigenvalue decomposition, the
covariance matrix can be expressed as follows (1. Jolliffe, 2005):

Q = FVF (2)

Where F is an orthogonal matrix containing the eigenvectors of matrix @, and V is a diagonal
matrix containing the corresponding eigenvalues. The eigenvalues indicate the amount of
variance captured by each principal component. It should be noted that F contains EOFs , which
capture the spatial variations in the data. The temporal variations (PCs) are stored in S, which are
computed by projecting Oy,p onto the EOFs (F) as follows:

S = OZWDF (3)

The first columns of S and F indicate the most significant temporal (PCs) and spatial (EOFs)
variations, respectively. Utilizing these primary principal components not only ensures the
modeling of the main behavior of the data but also reduces noise and the number of parameters
needed to reconstruct the dataset. Therefore, the ZWD values can be reconstructed using a
reduced number of principal components (PCs) and EOFs as follows:

OZWD = SknFin 4

Where k, is the number of the truncated principal components. Taking into account the
eigenvalues stored in the V' matrix, we set k,, to one in this study, as the first principal
component captures approximately 98% of the total variation. As a result, the dimensions of the
Sk, and Fj matrices become m X 1 and n X 1, respectively, where m represents the number of

epochs and n represents the number of points. To construct the ZWD model, B-spline functions
(Schmidt et al., 2011) were fitted to both the spatial (F_) and temporal (S, ) variations derived
from PCA. Details for the implementation of B-spline functions can be found in (Forootan,
Dehvari, et al., 2021; Limberger, 2015; Schmidt et al., 2011).

To construct the B-spline model based on PCA-derived values, it is first necessary to determine
the optimal order of the B-spline functions. An empirical approach was employed for this
purpose (Al-Fanek, 2013; Dehvari et al., 2023; Forootan, Farzaneh, et al., 2021). Specifically,
models with varying B-spline orders were constructed to capture both spatial and temporal
variations. The performance of each configuration was then evaluated by calculating the relative
error between the modeled values and the original PCA-derived values. The combination of B-
spline orders that resulted in the lowest relative error was selected as the optimal setup for model
construction. It is important to note that different B-spline orders result in varying numbers of
model coefficients, which influence both the model's complexity and its numerical conditioning.
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This consideration, along with minimizing the relative error, was taken into account when
selecting the best-performing B-spline model configuration. For the spatial domain, a 3D B-
spline model was adopted. B-spline orders ranging from 2 to 4 were tested for the two horizontal
directions, while orders 2 and 3 were considered for the vertical direction. Our investigation
showed that increasing the B-spline order beyond 4 (horizontal) or 3 (vertical) caused ill-
conditioning due to the excessive number of unknowns. For the temporal domain, a 1D B-spline
function was used. B-spline orders from 2 to 5 were evaluated to model the temporal variation of
the PCA values.

Figure 2 presents the relative error associated with each tested configuration, illustrating the
results of the empirical optimization for both spatial and temporal modeling. In this figure,
alongside the relative error for each configuration, the corresponding number of model
coefficients is also presented.

a) b) ¢
18
2 5
3 16 )
=34 900 ' 14 =
s % ‘J\ugo = ‘g &
: 250 500 950 112 8 § 3
§ R
22 80 ] H $
‘=i 7 0475 Q oo 08 & £2¢t
3 8252 : QOus 06 & g
(] 9125 9250 ’ ;
0.3 4 04
p”"oo 3 - e 0.2 10 19 36
{r 2 N— - 0
%'/0 2 2 3 5 2 3 4 5
a”’ll% B-spline order in longitu B-spline order

Figure 2. Calculated relative error for different sets of B-spline orders used in modeling spatial variations (a) and
temporal variations (b). In this figure, the corresponding number of coefficients, resulting from the combination
of different B-spline orders, is shown alongside each configuration.

From

Figure 2, it can be observed that increasing the order of the B-spline generally leads to a reduction
in relative error. However, this improvement in accuracy comes at the cost of a higher number of
model coefficients, which increases the model’s complexity. Since the goal of this study is to
develop an empirical model that achieves both low relative error and a manageable number of
coefficients for C/DA method, a trade-off between these two factors must be considered. Based
on this consideration and as shown in

Figure 2a, we selected B-spline orders of 2, 3, and 3 for the longitude, latitude, and vertical
directions, respectively, for modeling spatial variations. While other configurations yielded
slightly lower relative errors, they resulted in significantly more coefficients. The chosen
configuration provides a good balance, achieving a relative error close to the minimum while
keeping the number of coefficients around 500. Similarly, for modeling temporal variations, a B-
spline order of 3 was selected. This configuration also offers a reasonable balance between
model simplicity and accuracy, requiring only 10 coefficients.

Consequently, the total number of coefficients in the proposed PCA-ZWD method is
approximately 510, allowing for the calculation of ZWD values based on location and day of the
year. Figure 3a illustrates the relative error between the derived spatial variations (EOF 1) and



308
309
310
311

312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332

Earth and Space Science

those modeled using B-spline functions. Additionally, the right panel of this figure presents the
comparison between the derived temporal variations (PCA1) and the corresponding values
modeled using B-spline functions.

FOF
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PO valoe

5 M ‘.“.
f "

Figure 3. Relative error between the derived spatial variations (EOF 1) and those modeled using B-spline
functions (a). The right panel (b) shows the comparison between the temporal variations derived from PCA 1 and
the corresponding B-spline modeled values.

From Figure 3, it is evident that using B-spline functions effectively modeled the temporal (PCA
1) and spatial (EOF 1) variations. The maximum relative error in the spatial variations is
approximately 3.8%, which occurs at altitudes around 4.5 km. This elevation is higher than the
maximum elevation within the study region, and therefore, it will not affect the ZWD
calculations performed at the Earth's surface using the proposed method. Additionally, since the
PCA values capture the temporal variations of ZWD, the corresponding annual and semi-annual
patterns are clearly visible in the right panel of this figure.

3.2. Calibration and Data Assimilation (C/DA) Method

The main challenge for empirical atmospheric models is their limited ability to capture spatial
and temporal variations, leading to poor performance in modeling severe ZWD fluctuations
(Dehvari et al., 2024a). To address this, we aimed to improve both the estimation (analysis
phase) and short-term prediction of ZWD values by employing a C/DA approach. This approach
integrates the provided observations and their associated uncertainties with those of the
background model parameters, resulting in a calibrated set of parameters (state vector
parameters) that improve accuracy in both estimation and prediction steps. The EnKF method
(Evensen, 2003) is commonly used as the assimilation core in the C/DA approach due to its
ability to effectively manage nonlinear dynamic systems, especially in atmospheric sciences
(Forootan et al., 2024; Tang et al., 2022). In this approach, the state vector and its uncertainty are
represented by a set of ensembles, making it well-suited for systems with nonlinear dynamics
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(Houtekamer & Zhang, 2016). Considering the model parameters (w) as the state vector, the
ensemble of state vector and observations is computed using the EnKF as follows:
Wf =w+ 6j (5)

where m, represents the observations at time t, and o; denotes the uncertainty associated with
those observations. The index j ranges from 1 to k, where k is the number of ensembles. In this
study, the ensemble size is set to 90, resulting in a state vector ensemble with dimensions of
approximately 510x90. The ensemble size of 90 was selected based on prior DA and C/DA
studies in atmospheric sciences (Dehvari et al., 2024a, 2024b; Forootan et al., 2024; Kosary et
al., 2022). Although a formal sensitivity analysis was not conducted in this study, this ensemble
size has been shown to provide stable and reliable performance in similar applications. &;
represents random Gaussian noise associated with the state vector parameters, scaled to about
1% of each parameter (Kosary et al., 2022). Using these equations, the variance-covariance
matrix of the state vector parameters (R,,) and the Kalman Gain (R,,) are calculated as:

Wy — W)Wy — Wp)T

k-1 )

Gi = Ry AT (RD, + AR, AD) ™ ®)

R, =

Here, I/I_/f represents the mean state vector parameters, R,, is the variance-covariance matrix of
the observations, and A;is the design matrix for observations based on the B-spline functions. At
each epoch, the calibrated state vector parameters (WW,) and their mean value (W,) can be
estimated as:

W, = Wy + Go(M — AW)) ©)
W, = W, + G (M — A, W,) (10)

Using this approach, ZWD values at each epoch are assimilated into the background model,
leading to calibrated state vector parameters. These calibrated parameters can then replace the
original PCA-ZWD model's parameters to calculate ZWD values for the study region, either for
the current state (analysis phase) or for forecasting purposes.

3.3. PPP-DA method

To mitigate the ionospheric effect, the ionospheric-free combination of dual-frequency
observations is commonly employed. Using this combination, the linearized equations for the
observed code and phase measurements can be expressed as follows (Subirana et al., 2013):

Ciw =pf+Trs+dtr—dt5+br_lp—bfp+8p (11)
@ip = p7 + TP +dt, — dt® + 4ipNjp + Bryp — Bip + &4 (12)

Where Cj and ¢jr are the ionospheric-free code and phase observations from satellite s to
receiver r, respectively. p; is the geometric range between the receiver and satellite, and T;°
represents the tropospheric delay affecting the signal. dt, and dt® are the receiver and satellite
clock biases, respectively. The parameters b, ;r and bjr are the receiver and satellite hardware
delays for the ionospheric-free code combination, respectively. Similarly, B, ;r and B} represent
the receiver and satellite hardware delays for the ionospheric-free phase combination,
respectively. A;r is the wavelength of the ionospheric-free combination of the carrier signal, and
Njr is the integer ambiguity for the ionospheric-free combination. Finally, &, and &4 are the
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measurement noise for the code and phase observations, respectively. In these equations, the
tropospheric delay (7;7) is separated into Zenith Hydrostatic Delay (ZHD) and Zenith Wet Delay
(ZWD) components. The ZHD can be computed using established models (e.g. GPT3 model),
while the ZWD is estimated as an unknown parameter. Consequently, the unknown parameters
in these equations are the receiver position, ZWD value, and the integer ambiguity. In this study,
we incorporate the ZWD values derived from the C/DA method as additional constraints in the
system of equations used to estimate the unknown parameters. By doing so, the ZWD value at
each epoch is added to the observation vector, and its associated uncertainty is integrated into the
observation covariance matrix. Thus, at each epoch, the observation vector and the
corresponding covariance matrix can be expressed as follows:

Cir
yve=| @ir (13)
ZWDc¢/pa
o, 0 0
Q¢ = 0 0-4271F 0 (14)
0 0 UZZWDC/DA

Where UCZIF and 0¢2,1F represent the variances for the ionospheric-free combination code and
phase measurements, respectively. Additionally, a2, ¢/pa denotes the variance associated with

the ZWD values derived from the C/DA method. Using this approach, we aimed to evaluate the
performance of the PPP method when incorporating ZWD values from the C\DA method as
constraints.

To implement the static PPP method, the following processing strategies were employed: The
ionosphere-free linear combination was used to eliminate ionospheric delay effects, while
observation uncertainties were assigned as 0.3 m for GNSS pseudo range measurements and
0.003 m for carrier phase observations (Gong et al., 2024). Additionally, the uncertainties
assigned to the ZWD values from the C/DA and GFS models were set to 1.0 cm and 1.5 cm,
respectively. These values were chosen based on the comparative evaluation of both models
against GNSS and radiosonde observations, where the C/DA method demonstrated better
performance. A detailed analysis is provided in Section 4.1 and Figure 5. It should be noted that
these values were not applied as fixed constraints but were incorporated into the PPP formulation
as uncertainty terms (representing the uncertainty of ZWD values in equation (14)), ensuring a
realistic weighting scheme. Meanwhile, the direct ZWD values from each method were used as
prior values (as presented in equation (13)).

An elevation-dependent weighting scheme determined the observation weights, with a cut-off
elevation angle set to 15°. Tropospheric hydrostatic delay (ZHD) corrections were calculated
using the GPT3 model (Landskron & Bohm, 2018). This model is a widely used empirical
atmospheric model, commonly applied in precise GNSS positioning applications (Glaner &
Weber, 2023; Herring et al., 2010). The ZHD estimates derived from GPT3 are typically more
accurate than its corresponding ZWD estimates. The reported root mean square (RMS) error for
ZHD values is approximately 1.1 cm, although this error may increase with geographical latitude
(J. Li et al., 2022). In this study, the primary objective was to assess the impact of ZWD values
derived from the C/DA method on PPP performance. For this purpose, the final precise orbit and
clock products from IGS were used across all PPP solutions to ensure consistency. While these
products are not suitable for real-time applications due to their latency, they offer high accuracy
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for comparative analysis. It is acknowledged that using real-time orbit and clock products (e.g.,
from CNES or JAXA) might reduce the overall positioning accuracy; however, this effect would
be consistent across all methods. Therefore, the observed differences in positioning results can
still be attributed primarily to the influence of the assimilated ZWD constraints.

The reference coordinates for PPP evaluation were obtained from IGS daily station position files.
Finally, the unknown parameters at each epoch were estimated using the Kalman filter
algorithm. The same settings were consistently applied across all the PPP methods used in this
study.

To assess the significance of the positional improvements achieved by the PPP-DA method, a 3D
error ellipsoid representation was generated for each station at each epoch in the ENU (East-
North-Up) coordinate system (For example see Figure 14 ). This approach provides a clear visual
and quantitative means of comparing the uncertainty in the derived 3D positions. The covariance
matrix of the position errors in the XYZ coordinate system was first transformed into the ENU
frame using a rotation matrix based on the station's geographic location (Hofmann-Wellenhof et
al., 2007; Leick, 2015). Eigenvalue decomposition of the ENU covariance matrix was then
performed to obtain the ellipsoid's principal axes, which represent the positional uncertainty in
the East, North, and Up directions. The lengths of these axes were determined by the square
roots of the eigenvalues, while the corresponding eigenvectors provided the orientation of the
ellipsoid in the ENU space. The ellipsoid was centered at the station's ENU position, and its
surface was plotted to visualize the spatial extent of the positioning errors. If the ellipsoids from
the two methods (e.g. conventional PPP and PPP-DA) do not overlap significantly (or not at all),
this visually confirms that the improvement is statistically significant.

3.4. Evaluation parameters

To evaluate the ZWD values from various sources in this study, we utilized statistical metrics
including Root Mean Squared Error (RMSE), Bias, and Correlation Coefficient (CC). These
parameters are defined and calculated as follows (Dehvari et al., 2024b):

e Root Mean Squared Error (RMSE): Represents the overall magnitude of errors
between predicted and observed values. It is sensitive to large errors due to squaring the
differences. A lower RMSE indicates better model accuracy.

e Bias: Represents the systematic error, defined as the difference between the mean of
predicted and observed values. A positive bias indicates overestimation, while a negative
bias indicates underestimation. A bias close to zero suggests minimal systematic error.

e Correlation Coefficient (CC): Measures how well the predicted values follow the
variations in observed values. A CC value close to 1 indicates a strong agreement in
trends and fluctuations, meaning the model effectively captures atmospheric variations
rather than excessively smoothing them.

12
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n i i2
RMSE = \/ lzl(ZWD,:L ZWD}) (15)
1 n
Bias =~ ) ZWD}, — ZWD} (16)
i=1

(17)

n : [ P
1 ZWDy, — ZWD,, ZWD; — ZWD
cC = — 12( m m)( 0 o)
i=1

Szwbp, Szwb,

where:

e ZWDL : Modeled Zenith Wet Delay at i — th sample
e ZWDL: Observed Zenith Wet Delay at i — th sample
e ZWD,,: Mean of modeled ZWD

e ZWD,: Mean of observed ZWD

®  Szwp,,: Standard deviation of modeled ZWD

* Szwp,: Standard deviation of observed ZWD

n: Total number of samples

For positioning accuracy evaluation, we first transformed the station coordinates, both from the
IGS file and those derived from each PPP method, into the ENU (East, North, Up) coordinate
system (Hofmann-Wellenhof et al., 2007). Using these transformed coordinates, we calculated
the east (Egppror), NOrth (Nepror), Up (Ugrror), horizontal (Heprpror), and 3D position errors
(3D4yror) based on the following equations:

Eerror = |E1c;5 - EPPPI (18)

Nerror = |NIGS - NPPPl (19)
Uerror = |U1c;s - UPPPl (20)
HET‘TOT = \/EBZTTOT‘ + NeZTTOT (21)
3D6TT'OT = \/Ee%TTOT + NQZTT'OT + Ue%T'TOT (22)

Where Eppp, Nppp, Uppp are the East, North, and Up coordinates derived from the PPP method.
Additionally, Ej;s, Nigs, Ujgs are the East, North, and Up coordinates from the IGS reference
file. It should be noted that the U, 1s also commonly referred to as the vertical error.

4. Results and discussion

In this section, we start by evaluating the performance of the proposed C/DA method in
predicting ZWD values at 11 selected GNSS test stations and 11 radiosonde stations. Finally, we
assess the performance of the PPP method when constrained by the estimated ZWD values from
the C/DA method (PPP-DA method).
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4.1. Evaluation of the C/DA method

In this section, we compare the ZWD values obtained from the proposed C/DA method, GTrop,
PCA-ZWD, GFS, and ERA5 models with the observed values from 11 GNSS test stations
(indicated by magenta squares in Figure 1a) and the corresponding ZWD values derived from 11
radiosonde stations (indicated by yellow triangles in Figure 1a) within the study region. At each
epoch, the available GNSS-derived ZWD values are integrated into the PCA-ZWD model
through equation (5) to equation (10) to calibrate the background model parameters.
Subsequently, using these calibrated parameters, the ZWD values for the GNSS test stations and
radiosonde stations are calculated at the corresponding epochs, known as the analysis step. The
estimated ZWD values from the analysis step are then evaluated against those from other
models. The evaluation period spans from January 1 to December 310f the year 2021.

In comparison with GNSS test stations, Given the 6-hour temporal resolution of the GFS model,
all comparisons are conducted at this same temporal resolution. Figure 4 presents the calculated
RMSE (a, b, ¢, and d), Bias (e, f, g, and h), and CC (i, j, k, and I) values from the comparison
across each of the test stations. Additionally, Figure 5 shows a heat map table displaying the
mean statistical parameters for each model, serving as a summary of the evaluation results. In
this figure, the performance of each model is illustrated using a color-coded scheme, where the
bluest cell in each column represents the best-performing model, while the worst-performing
model is indicated by a white-colored cell.

=
I S

Latitude ideg)
£ 2

B

Latitude {deg)
V-l

"~
L[5

Latitude (deg)
£ 2

-
& B 12 M & B Im 12 M 6 % o 12 14 a 5 0 2 Hn & % 18 12 M4
Longitude ideg) Longitude (deg) Longitude (deg) Longitede (deg) Longitude ideg)

Figure 4. Calculated RMSE (a, b, ¢, and d), Bias (e, f, g, and h), and CC (i, j, k, and 1) for the analysis step from
the comparison of ZWD values from GNSS test stations with the corresponding values from the C\DA method,
ERAS, GFS, GTrop, and PCA-ZWD models for the entire year of 2021.
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Figure 5. Calculated mean statistical parameters for the analysis step from the comparison of ZWD values
derived from the C\DA method, ERAS, GFS, GTrop, and PCA-ZWD models with corresponding GNSS test
station observations for the entire year of 2021.

Figure 5 clearly illustrates that the C\DA method significantly outperforms the ERAS, GFS,
GTrop, and PCA-ZWD models during the analysis step, particularly in terms of RMSE, Bias,
and CC values. Specifically, the RMSE for the C\DA method is reduced by 44%, 48%, 73%, and
72% compared to the ERAS, GFS, GTrop, and PCA-ZWD models, respectively. Furthermore,
the C/DA method shows an improvement in CC values, achieving increases of 1% over the
ERAS model, 2% over the GFS model, and 22% over both the GTrop and PCA-ZWD models.
Additionally, the Bias is notably lower by approximately 88%, 89%, 82%, and 80% when
compared to those same models, showcasing its enhanced accuracy and reliability. From Figure
5, it is evident that the two considered numerical models (ERAS and GFS) outperform the two
empirical models in terms of RMSE and CC values. However, the Bias values for the GFS and
ERAS models, approximately 1.1 cm and 1.0 cm respectively, are higher than those observed for
the empirical models. This indicates that, although the numerical models more accurately capture
the overall variability (as reflected by lower RMSE and higher CC values), they tend to
systematically underestimate the ZWD values, leading to a higher positive bias.

For further investigation, similar to the comparison with the GNSS test stations, the ZWD values
derived from the C/DA method, PCA-ZWD, GTrop, ERAS, and GFS models were compared
with the corresponding ZWD values calculated from the observations of the 11 radiosonde
stations. The comparison covers the entire year of 2021. Given that radiosonde observations have
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505  a temporal resolution of approximately 12 hours, the comparison was performed at a 12-hour
506  temporal resolution. Figure 6 displays the calculated RMSE, Bias, and CC values for each
507 radiosonde station. Meanwhile, Figure 7 provides a heat map that summarizes the mean
508  statistical parameters for each model.

bl  ERAS

B W 12 B m 12 14 E 12 M & 1012 4 & 12«
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Figure 6. Calculated RMSE (a, b, ¢, and d), Bias (e, f, g, and h), and CC (4, j, k, and 1) values from the comparison
of ZWD values obtained from radiosonde stations with those derived from the C/DA method, ERAS5, GFS,
GTrop, and PCA-ZWD models for the entire year of 2021.
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Figure 7. Mean statistical parameters (RMSE, Bias, and CC) from the analysis step, comparing ZWD values
derived from the C/DA method, ERAS, GFS, GTrop, and PCA-ZWD models with corresponding observations
from radiosonde stations throughout the year 2021.

As illustrated in Figure 7 and consistent with the findings from the GNSS test station
comparison, the C/DA method demonstrates a clear advantage over the ERAS, GFS, GTrop, and
PCA-ZWD models during the analysis step. The C/DA method reduces the RMSE by 35%, 40%,
67%, and 66% compared to GFS, GTrop, and PCA-ZWD, respectively. It also shows an
improvement in correlation, with CC values increasing by 3% relative to ERAS, 2% relative to
GFS and by 21% compared to both GTrop and PCA-ZWD. Moreover, the Bias associated with
the C/DA method is substantially lower by approximately 96%, 96%, 94%, and 93% when
compared to the ERAS, GFS, GTrop, and PCA-ZWD models, further highlighting its enhanced
accuracy and robustness. Overall, these results confirm that, even when evaluated against an
independent external data source (radiosonde stations), the C/DA method consistently
outperforms the considered numerical and empirical atmospheric models during the analysis
step.

Comparing the proposed PCA-ZWD model with the widely recognized GTrop model (Sun et al.,
2019), it is observed that the PCA-ZWD model demonstrates a slight performance improvement.
Specifically, the RMSE and Bias values of the PCA-ZWD model are approximately 5% and
9.5% lower than those of the GTrop model, respectively, indicating its advantage in regional
atmospheric modeling. Moreover, considering the region of study and the 1-degree spatial
resolution of the GTrop model (Sun et al., 2019), it requires approximately 726 location-
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dependent coefficients to model ZWD wvalues. This location-specific nature limits its
compatibility with the C\DA method. In contrast, the proposed PCA-ZWD model uses only
about 510 parameters, which are designed to calculate ZWD values at any location within the
study area, making it more efficient and better suited for C\DA implementation.

The calibrated PCA-ZWD coefficients obtained through the C/DA method can also be used to
predict ZWD values for future epochs (prediction step). To evaluate this prediction capability,
the calibrated background model parameters from each epoch throughout 2021 were used to
forecast ZWD values up to 24 hours ahead, with a temporal resolution of 1 hour. The predicted
ZWD values, along with those from the GTrop, GFS, ERAS, and PCA-ZWD models, were
compared with corresponding observations from 11 GNSS test stations and 11 radiosonde
stations within the study region. Figure 8 show the calculated RMSE (a), Bias (b), and CC (c)
values for each prediction time step derived from the comparison with GNSS test stations. In
this figure, the statistical parameters for the C/DA predicted ZWD values, ERAS, GFS, GTrop,
and PCA-ZWD models are represented by red, magenta, blue, green, and brown lines,
respectively. Moreover, the results of the prediction step comparison with the radiosonde stations
are presented in Figure 9.

RMSE (em)

h
a) Mh b

20 h

Inh

0 h i 10 h
4h 1% 14h - 14h Si%

|=—CmA —— ERAS ——GF§ ——GTrop —— PCA-ZWD|

Figure 8. Calculated RMSE (a), Bias (b), and CC (c) for the prediction step, comparing ZWD values from GNSS
test stations with those from the C/DA method (red line), ERAS5 (magenta line), GFS (blue line), GTrop (green
line), and PCA-ZWD (brown line) models throughout 2021 across various prediction time steps.
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Figure 9. RMSE (a), Bias (b), and CC (c) calculated for the prediction step by comparing ZWD values from
radiosonde stations with those predicted by the C/DA method (red line), ERA5 (magenta line), GFS (blue line),
GTrop (green line), and PCA-ZWD (brown line) models across different forecast lead times throughout 2021.

Referring to Figure 8, in comparison with GNSS test stations, the RMSE for the predicted ZWD
values gradually increases with the extension of the prediction time span, at a rate of
approximately 0.02 centimeters per hour. However, compared to the RMSE values from other
models, it is evident that the C/DA method yields lower RMSE values than the ERAS and GFS
models for predictions up to 5 hours and remains lower than the two empirical models for
prediction time spans up to 24 hours. Moreover, when comparing CC values, the decrease rate
for the C/DA method is approximately 0.05 per hour. Despite this decline, the C/DA method
maintains higher CC values than the ERAS and GFS models for nearly 5 hours and demonstrates
superior performance compared to the empirical models for prediction time spans of up to 24
hours. However, as shown in Figure 8, the Bias values of the C/DA method remain relatively
stable across all prediction time spans up to 24 hours and are consistently lower than those of the
other models. This consistent performance indicates that the C/DA method effectively minimizes
systematic errors over the entire prediction period, outperforming the other models in
maintaining low bias and reducing systematic deviations.

For the prediction step evaluated against radiosonde station observations, Figure 9 illustrates that
the ZWD values predicted by the C/DA method achieve lower RMSE compared to the EAS and
GFS models for lead times up to 6 hours, and outperform the GTrop and PCA-ZWD models up
to 24 hours. Similar to the results from the GNSS test station comparison, the C/DA method
consistently yields lower Bias values than the other numerical and empirical models across all
forecast intervals. In terms of correlation, the C/DA method shows slightly better CC values than
the ERAS and GFS models up to 6 hours and maintains superior performance compared to the
empirical models (GTrop and PCA-ZWD) throughout the 24-hour prediction period.

Subsequently, the required processing times for the C/DA method, GTrop, and PCA-ZWD
models were compared. It is assumed that the ZWD values from the reference stations (i.e., the
GNSS stations used in this study) are readily available, and thus, only the processing time for
executing the C/DA method itself has been evaluated. The GFS model was excluded from this
evaluation due to its nature as a comprehensive numerical weather prediction model, which
inherently involves significantly more complex and resource-intensive computations. This
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analysis was conducted for the entire year of 2021, using the same observations employed in the
C/DA method. Figure 10 displays the results of this comparison, with the processing times for
the C/DA method, GTrop, and PCA-ZWD models represented by red, green, and brown lines,
respectively. It should be noted that the processing times in this figure are shown on a
logarithmic scale for better visualization.

| C/DA PCA-ZWD GTrop |
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Figure 10. Calculated processing times for the C/DA method (red line), GTrop (green line), and PCA-ZWD
models (brown line) over the entire year 2021.

Referring to Figure 10, it is evident that the C/DA method requires the highest computational
cost and processing time among the evaluated models. However, the mean processing time for
the C/DA method is approximately 1.1 seconds. Given the typical GNSS observation interval of
30 seconds, this processing time does not pose a limitation for potential real-time applications.
When comparing the two empirical models, the PCA-ZWD model exhibits a lower mean
processing time of 0.03 seconds, compared to 0.17 seconds for the GTrop model. This
improvement is primarily due to the PCA-ZWD model’s simpler structure and fewer required
coefficients.

While the proposed C/DA method demonstrates promising results in enhancing the accuracy of
ZWD prediction, certain limitations must be acknowledged. One key factor affecting the
reliability of the method is the spatial distribution and density of reference GNSS stations within
the region of study. A sparse or unevenly distributed network can limit the model's ability to
accurately capture localized variations in tropospheric water vapor. This constraint may reduce
the accuracy of the ZWD values derived during both the assimilation and prediction stages,
particularly in areas with complex terrain or rapidly changing meteorological conditions.
Additionally, the effectiveness of the C/DA approach in real-time applications depends on the
timely acquisition and processing of ZWD data from reference stations. Any delays or gaps in
the availability of reference data can impact the model’s performance, especially for real-time or
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near real-time positioning applications. These factors highlight the importance of a well-
maintained GNSS infrastructure and suggest that future improvements in the spatial coverage
and real-time accessibility of reference station data could further enhance the performance of the
C/DA method.

In the next section, we will incorporate the ZWD values provided by the C/DA method into the
PPP method to evaluate the impact of these values on its overall performance.

4.2. Evaluation of PPP-DA method

In this section, the ZWD values derived from the C/DA method and the GFS model were used as
constraints in the Precise Point Positioning (PPP) method. The results were then compared to
those obtained from the conventional PPP method, focusing on 3D positioning accuracy and
convergence time. To evaluate the performance of the proposed PPP-DA method, we applied it
to 10 selected GNSS stations (as shown in Figure 1a) for the year 2021. The one-year evaluation
using 10 well-distributed IGS stations enables a robust assessment of the proposed method
across diverse atmospheric conditions, including seasonal variations. Despite the limited number
of stations, the extended time span ensures reliable conclusions. The results confirm that the
improved ZWD estimation via the C/DA method leads to enhanced vertical positioning accuracy
in PPP. The following sections present a detailed comparison of the positioning error and
convergence time results.

4.2.1. Positioning error comparison

After applying the constraints to the PPP method using the ZWD values derived from the C/DA
method (PPP-DA) and GFS model (PPP-GFS), the estimated positions for each station at each
epoch were compared with the reference positions provided by the IGS service. Figure 11
illustrates the mean positioning error calculated in the east (a), north (b), up (c), and 3D
directions (d) for each station throughout 2021. In this figure, the positioning errors for the
conventional PPP, PPP-DA, and PPP-GFS methods are represented by green, red, and blue bars,
respectively.
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Figure 11. The calculated positioning errors in the east (a), north (b), up (c), and 3D (d) directions for each
station. The green, red, and blue bars represent the positioning errors for the conventional PPP, PPP-DA, and
PPP-GFS methods, respectively.

As shown in Figure 11, the positioning errors in the east, north, up, and 3D directions for the
PPP-DA method are lower than those of the conventional PPP and PPP-GFS methods across all
considered stations. In the east direction, the PPP-DA method achieves a mean positioning error
of approximately 4.70 millimeters, representing an improvement of about 0.52 millimeters over
the 5.22 millimeters from PPP and 0.3 millimeters over the 5 millimeters from PPP-GFS. In the
north direction, the PPP-DA, PPP-GFS, and conventional PPP methods show positioning errors
of approximately 2.76, 2.76, and 2.76 millimeters, respectively, indicating nearly identical
performance across the models. In the up direction, the positioning errors for the PPP and PPP-
GFS methods are approximately 5.95 and 5.45 millimeters, respectively. In contrast, the PPP-DA
method shows an error of about 3.92 millimeters, representing an improvement of 2 millimeters
over PPP and 1.55 millimeter over PPP-GFS. When comparing the positioning errors in the east,
north, and up directions, it is clear that the PPP-DA method shows the greatest improvement in
the vertical direction compared to the conventional PPP method. This result is expected as
tropospheric delay has a more significant impact on vertical positioning accuracy. The
introduction of high-accuracy ZWD values notably enhances positioning accuracy in this
direction. For the 3D positioning error, the mean values for the PPP-DA, PPP, and PPP-GFS
methods are approximately 7.6, 9.6, and 9.15 millimeters, respectively. This indicates that the
PPP-DA method offers an improvement of about 2 millimeters over PPP (about 21%
improvement) and 1.5 millimeters over PPP-GFS (about 16% improvement). Overall, it can be
concluded that the PPP-DA method outperforms the other two methods in terms of positioning
accuracy. Additionally, the PPP-GFS method demonstrates better performance than the
conventional PPP method, indicating that incorporating ZWD values from the GFS model as a
constraint can enhance the accuracy of the conventional PPP approach. Referring to the vertical
errors presented in Figure 11, stations with higher vertical positioning errors under the
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conventional PPP method show greater improvement when using the PPP-DA method. For
example, at the POTS station, which had the highest vertical positioning error under the PPP
method, the error was approximately 14 millimeters. The PPP-DA method reduced this to around
8.3 millimeters, resulting in an improvement of about 40% in accuracy.

From Figure 11, it is evident that the vertical positioning error is relatively large for some
stations (e.g., POTS station). This vertical error is influenced by factors such as tropospheric
delay, satellite geometry, and multipath effects. To investigate the relationship between vertical
positioning error and ZWD values, we calculated the standard deviation of ZWD values derived
from the PPP, PPP-DA, and PPP-GFS methods for each station over the evaluation period.
Figure 12 presents these values, where the standard deviations for the PPP, PPP-DA, and PPP-
GFS models are represented by green, red, and blue lines, respectively.
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Figure 12. Standard deviation of ZWD values derived from the PPP (green line), PPP-DA (red line), and PPP-
GEFS (blue line) methods for the 10 selected stations throughout the entire year 2021.
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By comparing the vertical positioning error in Figure 11 with the standard deviations in Figure
12, it is clear that the vertical positioning error for each station is closely related to the
corresponding standard deviation of the introduced ZWD values. For example, the POTS station
shows a larger standard deviation of ZWD values derived from the PPP method, which
corresponds with the larger vertical error observed in Figure 11 for this station under the
conventional PPP method. The standard deviations shown in Figure 12 represent the internal
consistency of ZWD values from different sources and are indicative of their relative precision.
Among all methods, the C/DA approach exhibits the lowest standard deviation, reflecting the
highest precision. Additionally, as presented in Section 4.1, the C/DA-derived ZWD values
demonstrate the lowest RMSE and highest correlation coefficient (CC) when compared to the
reference datasets, confirming both their accuracy and consistency. Since vertical positioning
error is strongly influenced by the accuracy of the applied ZWD constraints, the combination of
high precision and high accuracy offered by the C/DA method leads to its superior performance
in reducing vertical errors. Additionally, the ZWD values derived from the GFS model show a
lower standard deviation compared to those from the PPP method. This reduction in variability
corresponds with the improved positioning accuracy observed with the PPP-GFS method, which
exhibits lower positioning errors compared to the conventional PPP method.
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To assess the performance of each method over different time periods, we compared the
positioning accuracy of the PPP, PPP-DA, and PPP-GFS methods across different months. For
this analysis, during the evaluation period (the entire year 2021), the positioning accuracy from
all 10 stations was separated by month to evaluate the accuracy for each distinct time period.
Figure 13 illustrates the mean 3D positioning error for all considered stations, comparing the
PPP (green line), PPP-DA (red line), and PPP-GFS (blue line) methods across different months.

3D error (mm)

Jan
Dec Feb
124
Nov Mar
Oct | Apr
Sep May
Aug 4 Jun
Jul

| ——PPP —+— PPP-DA —— PPP-GFS|
Figure 13. Mean 3D positioning error for each month, derived from all considered stations over the entire year of

2021. The corresponding values for the PPP, PPP-DA, and PPP-GFS methods are represented by green, red, and
blue lines, respectively.

According to Figure 13, the proposed PPP-DA method has consecutively lower mean 3D
positioning error over all months compared to the conventional PPP and PPP-GFS methods,
which again indicate the superior performance of this method. Moreover, similar to the previous
evaluation, the PPP-GFS method is also shows better performance than conventional PPP
method.

To assess the significance of positioning improvement using the proposed PPP-DA method at
each epoch, we used ellipsoidal error representation. For this aim at each epoch, the estimated
station’s position and corresponding uncertainty was first transformed to the ENU coordinate
system. Afterward, the ellipsoidal error for each method has been calculated, centered at stations
derived ENU position. For example, Figure 14 illustrates the ellipsoidal error representation for
the HUEG station on January 1, 2021. The magnitude of the ellipsoidal error axes in the three
directions was calculated to represent the overall positioning error. The ellipsoids for the PPP,
PPP-DA, and PPP-GFS methods are shown in green, red, and blue, respectively, with their
corresponding values displayed alongside each ellipsoid.

24



707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729

730
731
732

Earth and Space Science

B rer B rrr-DA M PPP-GFS

s-/__\\\‘_

0
0 -2

Figure 14. Illustration of the ellipsoidal errors for the HUEG station, derived from the three considered methods
on January 1, 2021. The ellipsoids corresponding to the PPP, PPP-DA, and PPP-GFS methods are shown in
green, red, and blue, respectively. Additionally, the black lines represent the error vectors for each method.

Referring to Figure 14, the ellipsoidal errors for the PPP and PPP-DA methods do not overlap
and are clearly separated. For the HUEG station on January 1, 2021, the 3D positioning errors
for the PPP, PPP-DA, and PPP-GFS methods are approximately 7.2, 5, and 5.8 millimeters,
respectively. The PPP-DA method shows an improvement of about 2.2 millimeters compared to
the PPP method. Given that the ellipsoidal errors for these two methods do not overlap, this 2.2-
millimeter improvement can be considered statistically significant. Additionally, the lack of
overlap between the ellipsoidal errors of the PPP-DA and PPP-GFS methods indicates that the
0.8-millimeter improvement is also statistically significant. Furthermore, Figure 14 highlights
that the PPP-DA method has the smallest ellipsoid, reflecting the lower uncertainties achieved in
all three directions compared to the other methods.

Similarly, we investigated the significance of the improvements of the PPP-DA and PPP-GFS
methods compared to PPP, as well as PPP-DA compared to PPP-GFS for each station over the
entire year 2021. The three evaluation cases are defined as follows:

e PPP/DA: The percentage of cases where the ellipsoidal errors from the PPP and PPP-DA
methods did not overlap, and the 3D positioning error of PPP-DA is lower than that of
PPP.

e PPP/GFS: The percentage of cases where the ellipsoidal errors from the PPP and PPP-
GFS methods did not overlap, and the 3D positioning error of PPP-GFS is lower than that
of PPP.

e GFS/DA: The percentage of cases where the ellipsoidal errors from the PPP-DA and
PPP-GFS methods did not overlap, and the 3D positioning error of PPP-DA is lower than
that of PPP-GFS.

The numerical results of this evaluation are shown in Figure 15, where the percentages of
significance for the PPP/DA, PPP/GFS, and GFS/DA cases are represented by red, blue, and
green bars, respectively.
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Figure 15. Percentage of significance for each station in 2021, comparing three cases: PPP/DA (red bars),
PPP/GFS (blue bars), and GFS/DA (green bars). Significance is determined by non-overlapping ellipsoidal errors
and lower 3D positioning errors.

Referring to Figure 15, the mean percentage of significance for the PPP/DA, PPP/GFS, and
GFS/DA cases are approximately 58%, 41%, and 60%, respectively. Based on these values, in
58% of cases, the PPP-DA method not only outperformed the conventional PPP method, but this
improvement is also statistically significant. Furthermore, according to the GFS/DA comparison,
the PPP-DA method demonstrates both improvement and significance over the PPP-GFS method
in 60% of cases.

To further substantiate the significance of the positional improvements offered by the PPP-DA
method, a statistical analysis based on 95% confidence intervals of 3D positioning errors was
conducted across ten GNSS stations. For each method (conventional PPP, PPP-DA, and PPP-
GFS) the mean and confidence bounds of the 3D error were computed per station, allowing a
clear comparison of accuracy levels. Paired t-tests (Moore et al., 2009) were then applied to the
mean errors across stations to assess the significance of observed differences. The paired t-test
was used to assess whether the difference in 3D positioning errors between the methods is
statistically significant. The 95% confidence intervals represent the range within which the true
mean error is expected to lie for each station (Moore et al., 2009). The 95% confidence interval
ranges for the mean 3D positioning errors of each method are illustrated in Figure 16 ,
highlighting the variation in performance across all evaluated stations.
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Figure 16. Comparison of 95% confidence intervals for mean 3D positioning errors across all evaluated stations
using three methods: conventional PPP (green bars), PPP-DA (red bars), and PPP-GFS (blue bars).

Referring to Figure 16, it is evident that, for nearly all stations, the 95% confidence intervals of
the PPP-DA method are not only narrower but also show minimal overlap with those of the
conventional PPP and PPP-GFS methods. This consistent separation strongly suggests that the
improvements in positioning accuracy achieved by PPP-DA are statistically significant. On
average, across all stations, the 95% confidence intervals of the 3D positioning error for PPP-DA
and PPP are [6.9, 8.8] mm and [8.9, 10.2] mm, respectively, further confirming the significant
reduction in positioning error provided by the PPP-DA approach.

4.2.2. Convergence time comparison

To fully assess the performance of the PPP-DA and PPP-GFS methods, it is important to
compare not only their positioning accuracy but also their convergence time. Convergence time
is defined as the period required for the positioning solution to reach and consistently maintain a
predefined level of accuracy. Specifically, it refers to the time taken for the positioning error in
each direction to remain below a specified threshold (e.g., 10 millimeters) for a continuous
period. For this evaluation, the convergence time required to achieve 10-millimeter accuracy was
calculated for each station over the entire year 2021, across all days. Figure 17 presents the
convergence time for the horizontal (a), vertical (b), and 3D positioning (c) errors at each station,
with green, red, and blue bars representing results from the PPP, PPP-DA, and PPP-GFS
methods, respectively.
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Figure 17. Convergence time comparison for horizontal (a), vertical (b), and 3D positioning (c) errors across all
stations over the entire year 2021. The bars represent the time required for each method to achieve and maintain a
positioning error below 10 millimeters. Results for the PPP, PPP-DA, and PPP-GFS methods are shown in green,
red, and blue bars, respectively.

Referring Figure 17a, the mean convergence times for the horizontal positioning error using the
PPP, PPP-DA, and PPP-GFS methods are approximately 37, 32, and 36 minutes, respectively.
This indicates an improvement of 13% and 11% in the PPP-DA method over the conventional
PPP and PPP-GFS methods, respectively. Moreover, the mean vertical convergence time (Figure
17b) for the PPP-DA method is approximately 16 minutes, representing an improvement of
about 16% compared to the PPP method and 11% compared to the PPP-GFS method. Comparing
the vertical positioning convergence time with the standard deviation of ZWD values in Figure
12, it is evident that the vertical Convergence time for each station shows a strong correlation
with the corresponding ZWD variations at that station. This indicates that higher ZWD
variability is associated with longer vertical convergence times. When comparing 3D positioning
convergence times, the PPP-DA method demonstrates a convergence time of approximately 36
minutes. This is 16% faster than the PPP method, which has a convergence time of 43 minutes,
and 12% faster than the PPP-GFS method, which converges in 41 minutes. Overall, it can be
concluded that the PPP-DA method outperforms both the PPP and PPP-GFS methods in terms of
both convergence time and positioning accuracy. Comparing the PPP and PPP-GFS methods, it
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can be concluded that, similar to positioning performance, the PPP-GFS method demonstrates
better performance

than the conventional PPP method.

When comparing these results with previous studies, Wilgan et al. (2017) reported convergence
time reductions of approximately 13% for horizontal positioning and 20% for vertical
positioning by integrating ZTD constraints from the WRF model into PPP. Similarly, Gong et al.
(2024) observed reductions in convergence times of around 25% through WRF-based wet delay
corrections. Yao et al. (2014) introduced a GNSS-based global Zenith Total Delay (ZTD) model
as a pseudo-observation, achieving a 15% improvement in PPP convergence time. The
convergence time reductions achieved in this study (approximately 16% for 3D positioning) are
comparable, offering a lower computational cost alternative through the C/DA method. In the
study by de Oliveira et al. (2017), it was reported that introducing an external atmospheric
constraint led to improvements in convergence time of approximately 1%, 20%, and 5% in the
east, north, and up components, respectively, when using only GPS observations. Moreover, the
PPP-RTK experiment conducted by Song et al. (2022) demonstrated that incorporating ZWD
constraints reduced the convergence time by approximately 5 minutes.

For further evaluation, we analyzed the convergence times required by the three implemented
PPP methods to achieve different levels of accuracy. Figure 18 illustrates the average
convergence times for each method in the horizontal (a), vertical (b), and 3D directions (3)
across all stations during the evaluation period. In this figure, the convergence times for the PPP,
PPP-DA, and PPP-GFS methods are represented by green, red, and blue bars, respectively.
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Figure 18. Mean convergence times for the PPP, PPP-DA, and PPP-GFS methods in the horizontal (a), vertical
(b), and 3D directions (c), averaged over all stations during the evaluation period. Green, red, and blue bars
represent the PPP, PPP-DA, and PPP-GFS methods, respectively.

According to Figure 18, the PPP-DA method consistently demonstrates a shorter convergence
time compared to both PPP and PPP-GFS methods across all accuracy levels. Specifically, the
PPP-DA method requires approximately 36 minutes to achieve a 10 cm accuracy in the 3D
direction (Figure 18c), which decreases to about 7 minutes for a 40 cm accuracy level. Compared
to the conventional PPP method, the PPP-DA method reduces the convergence time by
approximately 6 minutes at the 10 cm accuracy level. However, this difference diminishes at
higher accuracy thresholds, with the PPP-DA method requiring about 2.5 minutes less than the
PPP method at the 40 cm accuracy level. These results highlight that integrating high-precision
ZWD constraints is particularly effective for reducing convergence time in high-precision
positioning applications. Furthermore, the convergence time reduction remains significant even
at lower accuracy thresholds, underscoring the broader utility of the PPP-DA method.

A statistical analysis was conducted to evaluate the convergence time required to achieve 10 cm
3D positioning accuracy across 10 GNSS test stations. To assess the significance of performance
differences among the evaluated methods—conventional PPP, PPP-DA, and PPP-GFS—paired
t-tests were applied to the convergence time results across all stations. For each method, the
mean convergence time and corresponding 95% confidence intervals were computed per station,
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enabling a clear comparison of their convergence behaviors. The confidence intervals represent
the expected range in which the true mean convergence time lies. The results of this analysis are
illustrated in Figure 19, showing the variation in convergence performance across the evaluated
stations and methods.
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Figure 19. Comparison of 95% confidence intervals for mean 3D convergence time across all evaluated stations.

The corresponding values for PPP, PPP-DA, and PPP-GFS are illustrated with green, red, and blue bars,
respectively.
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Referring to Figure 19, the analysis of 95% confidence intervals for mean 3D convergence times
shows that both the PPP-DA and PPP-GFS methods consistently outperform the conventional
PPP approach across all evaluated stations. Among these, the PPP-DA method achieves the
shortest convergence times at most stations, underscoring the advantage of assimilating accurate
ZWD constraints into the positioning process. Furthermore, for the majority of stations, the
confidence intervals of convergence time for the PPP-DA method do not overlap with those of
the PPP method, highlighting the statistical significance of the observed improvements. On
average across all stations, the 95% confidence interval for convergence time is [30, 40] minutes
for PPP-DA, compared to [38, 48] minutes for PPP, reflecting an average improvement of
approximately 8 minutes.

5. Conclusions

A key challenge in enhancing the accuracy of Precise Point Positioning (PPP) lies in addressing
the atmospheric wet delay caused by water vapor in the lower layers of the atmosphere. This
delay significantly impacts the initialization and precision of satellite-based positioning systems.
Despite their utility, existing empirical models often fail to capture the complex spatial and
temporal variability of wet delays, making them less effective in applications requiring high
precision. To overcome these limitations, this study proposes a novel Calibration and Data
Assimilation (C/DA) framework aimed at improving ZWD estimation and prediction. The
approach includes developing a regional atmospheric wet delay model based on Principal
Component Analysis (PCA-ZWD), which serves as the foundational background model. Using
EnKF, the model is further refined by incorporating GNSS-derived ZWD values, providing a
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robust method for enhancing the representation of atmospheric wet delays in positioning
applications. In comparison with the considered test stations, the estimated ZWD values using
the C/DA method indicated an RMSE of approximately 0.83 centimeters which was 48%, 73%,
and 72% lower compared to the GFS, GTrop, and PCA-ZWD models. Subsequently, the ZWD
values estimated through the C/DA method were incorporated as constraints into the PPP
method. The proposed framework was rigorously evaluated using GNSS observations from 10
IGS stations and over a one-year period. The results demonstrated that integrating ZWD
corrections into the PPP method reduced the 3D positioning error by approximately 21%
compared to the conventional PPP and 16% compared to the GFS-PPP method, with the majority
of these improvements attributed to enhancements in the vertical direction. The convergence
time required to achieve a 10-centimeter level of accuracy for the PPP-DA method was
approximately 36 minutes, reflecting a reduction of 16% compared to the PPP method and 12%
compared to the PPP-GFS method. Additionally, when comparing convergence times across
various accuracy thresholds, the PPP-DA method consistently exhibited shorter convergence
times than the PPP method, even at a 40-centimeter accuracy level. These results underscore the
significant potential of the C/DA framework in enhancing PPP performance for high-precision
geodetic applications.

Future studies could apply the proposed C/DA and PPP-DA methods in other geographic regions
with diverse topographic and atmospheric conditions to evaluate their robustness and
generalizability. Furthermore, future work may explore the assimilation of additional
observational sources, such as remote sensing satellite data, alongside GNSS observations to
assess the advantages of multi-source data fusion in enhancing ZWD estimation. Lastly,
investigating the potential for real-time implementation of the C/DA method, particularly for
real-time PPP applications, presents a valuable direction. Since real-time PPP depends on
accurate and low-latency tropospheric delay estimates, assessing the performance of the
proposed method under real-time constraints would offer important insights into its operational
applicability.
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