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Key Points: 15 

 A Calibration and Data Assimilation (C/DA) approach is proposed to enhance Zenith 16 
Wet Delay (ZWD) estimation using the Ensemble Kalman Filter (EnKF). 17 

 Estimated ZWD values from the C/DA method are incorporated as constraints in the PPP 18 
method (PPP-DA). 19 

 The PPP-DA method achieves a 21% reduction in 3D positioning errors and a 16% 20 
decrease in convergence times compared to conventional PPP techniques. 21 

 22 

Abstract 23 

One of the primary error sources limiting the performance of the Precise Point Positioning (PPP) 24 
technique is the atmospheric wet delay, caused by the presence of water vapor in the lower 25 
atmosphere. Accurately representing this parameter is crucial for improving the initialization and 26 
accuracy of satellite-based positioning techniques. However, existing empirical models have 27 
struggled to capture the severe spatial and temporal variations of this parameter, thereby limiting 28 
their effectiveness in high-precision applications. To address these challenges, this study 29 
introduces a sequential Calibration and Data Assimilation (C/DA) approach to enhance the 30 
estimation and prediction of Zenith Wet Delay (ZWD) values. For this aim, an empirical regional 31 
atmospheric wet delay model was constructed using Principal Component Analysis (PCA), 32 
serving as the background model for the C/DA method. The methodology involves calibrating 33 
this empirical ZWD model using the Ensemble Kalman Filter (EnKF) method, wherein observed 34 
ZWD values from approximately 309 GNSS stations across the central Europe are assimilated 35 
into the model. The calibrated model parameters were then used to estimate ZWD values, which 36 
were subsequently applied as constraints in the PPP method (referred to as PPP-DA) at 10 GNSS 37 
test stations within the study area. The study compares the positioning accuracy and convergence 38 
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time achieved using the PPP-DA method with those obtained from traditional PPP approaches 39 
and PPP utilizing ZWD constraints from the GFS model (PPP-GFS). The results demonstrate a 40 
significant enhancement, with the PPP-DA method achieving an average improvement of 2 41 
millimeters in positioning accuracy across all considered stations (representing a 21% reduction 42 
compared to the conventional PPP method), along with an average decrease in convergence time 43 
of approximately 16%. These findings highlight the potential of integrating C\DA techniques to 44 
refine the accuracy and efficiency of satellite-based positioning. 45 

 46 

Plain Language Summary  47 

The accuracy of satellite-based positioning systems, such as those used in navigation and 48 
geodesy, can be significantly impacted by atmospheric wet delay caused by water vapor. This 49 
delay affects how signals travel through the atmosphere, particularly in high-precision 50 
applications. Existing models struggle to account for rapid and complex changes in atmospheric 51 
water vapor. In this study, we developed a new approach combining Calibration and Data 52 
Assimilation (C/DA) techniques to better estimate Zenith Wet Delay (ZWD), which represents 53 
the effect of atmospheric water vapor on satellite signals. By integrating data from Global 54 
Navigation Satellite System (GNSS) observations with a proposed regional atmospheric model, 55 
our method improves both the accuracy and efficiency of ZWD estimation. When incorporated 56 
as constraints in the PPP method, the proposed approach significantly improved positioning 57 
accuracy and reduced initialization times, highlighting its potential to enhance satellite-based 58 
applications. 59 

 60 

1. Introduction 61 

Precise Point Positioning (PPP) has become a widely adopted technique within the Global 62 
Navigation Satellite System (GNSS) community, known for its single-receiver capability, global 63 
coverage, robust processing error mitigation (Wilgan et al., 2017). Despite its advantages, PPP, 64 
especially in real-time applications, faces challenges, notably the long initialization time required 65 
to achieve centimeter-level positioning accuracy. This limitation is primarily due to the 66 
ionospheric-free linear combination used in PPP, which transforms carrier-phase ambiguities 67 
from integer values into float values, complicating their resolution and extending the 68 
convergence time. Additionally, in precise GNSS positioning, resolving station height and 69 
atmospheric delay simultaneously can be challenging, particularly because the strong correlation 70 
between tropospheric wet delay and station height can lead to parameter coupling during the 71 
estimation process. This coupling complicates the separation of these parameters and may 72 
increase the time required to achieve sub-decimeter positioning accuracy (Kouba & Héroux, 73 
2001).  74 
Tropospheric wet delay, caused by the presence of water vapor in the lower atmosphere, is a 75 
major error source that significantly impacts the performance of GNSS positioning. Highly 76 
accurate tropospheric corrections offer another pathway to reduce convergence time by fixing the 77 
tropospheric delay during PPP processing, thereby decreasing the number of unknown 78 
parameters (de Oliveira Jr et al., 2017; X. Li et al., 2011; Mirmohammadian et al., 2022; Wilgan 79 
et al., 2017; Yao et al., 2014).  Previous researches have explored the integration of external 80 
tropospheric models into the PPP method. For instance, Yao et al. (2014) introduced a GNSS-81 



Earth and Space Science 

3 
 

based global Zenith Total Delay (ZTD) model as a pseudo observation to this method, resulting 82 
in a 15% improvement in PPP convergence time. Similarly, de Oliveira et al. (2017) investigated 83 
the application of regional GNSS-based ZTD models in real-time kinematic PPP and reported 84 
improvements in convergence time. Their results showed reductions of approximately 1%, 20%, 85 
and 5% in the convergence time for the east, north, and up components, respectively. 86 
Additionally, Li et al. (2011) employed interpolated ZWD values from neighboring stations to 87 
enhance ambiguity fixing performance in the PPP method. Song et al. 2022 explored the 88 
integration of interpolated ZWD values, derived via the Kriging method, into the PPP-RTK 89 
framework. Their findings revealed that the tropospheric-weighted model achieved 3D 90 
convergence times of 25.5 minutes and 15 minutes for the ambiguity-float and ambiguity-fixed 91 
solutions, respectively. In contrast, the standard PPP-RTK model required 31.5 minutes and 18.5 92 
minutes for the corresponding solutions. However, these approaches carry the risk of degrading 93 
the accuracy of the vertical component if the provided model does not accurately reflect real 94 
tropospheric conditions. Another approach to modeling ZWD values involves estimating them 95 
using tomography methods. For example, Haji-Aghajany et al. 2020 compared ZWD values 96 
derived from voxel-based and functional model tomography within a PPP experiment. Their 97 
findings indicated improvements of approximately 6 mm, 3 mm, and 9 mm in the east, north, and 98 
up components, respectively. However, the complexity of constructing the design matrix and 99 
addressing the inherently ill-posed nature of the tomography problem presents a significant 100 
challenge to the practical implementation of this method. 101 
One approach to modeling this parameter is through the use of empirical atmospheric models 102 
(Collins & Langley, 1997; Landskron & Böhm, 2018). However, the parameters of these models 103 
are static, which limits their ability to capture only the low-frequency variations of wet 104 
atmospheric delay values (Dehvari et al., 2023, 2024a).  105 
Recently, the advent of Numerical Weather Prediction (NWP) models with enhanced accuracy 106 
and spatial resolution has provided new opportunities for more precise tropospheric modeling, 107 
offering potential solutions for mitigating wet delay errors in GNSS applications (Boehm et al., 108 
2006; Lu et al., 2017). Lu et al. (2017) demonstrated the benefits of using Zenith Wet Delay 109 
(ZWD) values derived from the Global Forecast System (GFS; National Centers for 110 
Environmental Prediction/National Weather Service/ NOAA/U.S. Department of Commerce, 111 
2015), a global NWP model provided by the National Centers for Environmental Prediction 112 
(NCEP). Their findings indicated a 60% reduction in PPP convergence time and a 40% 113 
improvement in positioning accuracy. The use of Numerical Weather Prediction (NWP) models 114 
in PPP presents a promising alternative, as these models are available in near real-time with 115 
higher accuracy than empirical models. However, global NWP models typically suffer from low 116 
spatial and temporal resolution, which can limit their effectiveness in high-precision 117 
applications. To address these limitations, recent studies have proposed the use of regional NWP 118 
models, which offer higher spatial resolution (e.g., 4 km) and more frequent updates (e.g., 119 
hourly). Wilgan et al. (2017) applied Zenith Total Delay (ZTD) values derived from the Weather 120 
Research and Forecasting (WRF) model as constraints within the PPP method. Their findings 121 
showed that this approach reduced the average 3D positioning bias by 20 mm in static mode and 122 
10 mm in kinematic mode. Additionally, using a high-resolution tropospheric model 123 
significantly decreased convergence time, reducing it from 67 to 58 minutes for horizontal 124 
components and from 79 to 63 minutes for the vertical component at the 10 cm convergence 125 
level.  Moreover, (Gong et al., 2024) assessed the impact of Weather Research and Forecasting 126 
(WRF) model-based wet delay corrections on GNSS Precise Point Positioning (PPP) during two 127 
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observation periods in South China under varying weather conditions. By assimilating GNSS 128 
PWV data into the WRF model, vertical positioning accuracy improved by 14.6% to 33.7%, and 129 
convergence times were reduced by 25% to 48% for both static and kinematic PPP modes, 130 
demonstrating the effectiveness of WRF-enhanced corrections. 131 
While the Weather Research and Forecasting (WRF) model provides high-resolution 132 
atmospheric data, its computational intensity and the need for extensive calibration and 133 
validation can be challenging. Additionally, the model's reliance on accurate initial conditions 134 
can lead to errors in tropospheric delay estimates if the input data is not precise (Skamarock et 135 
al., 2008). 136 
Sequential Data Assimilation (DA) (Bertino et al., 2003) or Calibration and Data Assimilation 137 
(C/DA) (Forootan et al., 2024) methods utilize the uncertainties from both the background model 138 
and observations to deliver estimates with higher accuracy and reliability than those obtained 139 
from either source alone (Smith et al., 2013). This approach has been widely applied to calibrate 140 
empirical model parameters, addressing their limitations in capturing high-frequency variations. 141 
Dehvari et al. 2024b implemented a data assimilation approach using the Ensemble Kalman 142 
Filter (EnKF) to enhance the estimation of wet refractivity indices. GNSS-derived Zenith Wet 143 
Delay (ZWD) values were integrated into an empirical model, with wet refractivity indices 144 
represented as B-spline coefficients for efficient epoch-wise estimation. The method achieved a 145 
Root Mean Square Error (RMSE) of approximately 2.6 ppm, representing reductions of 49% and 146 
18% compared to the considered empirical and numerical atmospheric models, respectively. 147 
Moreover, Dehvari et al. (2024) transformed ZWD values from an empirical model within the 148 
study region into B-spline coefficients and employed a data assimilation (DA) method to 149 
calibrate the estimated parameters at each epoch. Their results demonstrated a Root Mean 150 
Squared Error (RMSE) of approximately 0.8 centimeters for the ZWD estimations. The predicted 151 
ZWD values were then incorporated into the Single Point Positioning (SPP) method, resulting in 152 
an improvement of approximately 1.35 centimeters compared to the conventional approach using 153 
empirical ZWD values. 154 
 However, while they only employed the DA method for calibration, the Dynamic Mode 155 
Decomposition (DMD) method was used for predicting ZWD values, which necessitates 30 days 156 
of historical observations. In contrast, the C/DA method not only delivers highly accurate ZWD 157 
values during the analysis step (estimation of the current time) but also calibrates model 158 
parameters to enable more accurate short-term predictions. For instance, Kosary et al. 2022) 159 
applied the Ensemble Kalman Filter (EnKF) method (Evensen, 2003)  to sequentially calibrate 160 
parameters of the International Reference Ionosphere (IRI) empirical model, improving short-161 
term Total Electron Content (TEC) predictions. They utilized the predicted TEC values using 162 
C/DA method into an SPP experiment which the results showed a significant improvement in 163 
positioning accuracy. 164 
This study proposes a C/DA approach to improve the estimation and prediction of Zenith Wet 165 
Delay (ZWD) values, which will be implemented as constraints in the PPP method. To achieve 166 
this, an empirical regional ZWD model (referred to as PCA-ZWD) was first constructed using 167 
Principal Component Analysis (PCA) to serve as the background model in the C/DA procedure. 168 
The model's parameters were then calibrated using the EnKF method, integrating ZWD values 169 
observed from approximately 309 GNSS stations across the central Europe into the model. The 170 
calibrated model parameters at each epoch have been used to estimate and predict ZWD values 171 
across the region of study. These values then applied as constraints in the PPP method (referred 172 
to as PPP-DA) at 10 GNSS test stations within the study area. The objective of this study is to 173 
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evaluate the effectiveness of the PPP-DA method in improving positioning accuracy and 174 
reducing convergence time, compared to traditional PPP approaches and PPP utilizing ZWD 175 
constraints from GFS model (PPP-GFS).  The evaluation period spans the entire year of 2021, 176 
during which the C/DA method was applied to estimate the calibrated model parameters. Based 177 
on these estimates, the estimated ZWD values were then implemented into the PPP method. 178 
Preliminary results show an improvement of approximately 2 millimeters in positioning accuracy 179 
and a reduction in convergence time by about 6 minutes for the PPP-DA method compared to 180 
conventional PPP. 181 

The subsequent sections begin with the construction of the proposed empirical model, followed 182 
by a concise explanation of the PPP-DA method. Next, the study region and the datasets used are 183 
described. This is followed by the presentation and discussion of the numerical results. Finally, 184 
the conclusion of this research is provided in the last section. 185 

 186 

2. Data and materials 187 

The study region for this research is located in central Europe, covering latitudes 44° to 55° and 188 
longitudes 5° to 15°. The proposed empirical model, PCA-ZWD, was developed specifically for 189 
this region. For data assimilation, ZWD values from 309 existing stations provided by the 190 
Nevada Geodetic Laboratory (NGL) were utilized (Blewitt et al., 2018). This facility archives 191 
extensive atmospheric delay information from global sources. Since the focus of this study is on 192 
assimilating ZWD values, archived observations from this data center were employed. For real-193 
case scenarios, the PPP method can be applied to estimate ZWD values for any regional network, 194 
which can then be incorporated into the assimilation technique. The evaluation period for this 195 
study spanned from January 1 to December 31, 2021. During this period, the PCA-ZWD 196 
empirical model was evaluated by comparing its derived ZWD values against those from the 197 
GFS and Empirical Reanalysis Fifth generation (ERA5; Hersbach et al. 2020) numerical models, 198 
using ZWD values from 11 NGL stations that were not included in the C/DA method. 199 
Furthermore, to enhance the evaluation of both the proposed empirical model and the C/DA 200 
method, their derived ZWD values were compared with ZWD values derived from observations 201 
of 11 radiosonde stations. Radiosonde stations measure various atmospheric parameters, 202 
including temperature, pressure, and relative humidity at different pressure levels. These 203 
measurements are used to compute wet refractivity profiles across altitudes, which are then 204 
integrated to derive ZWD values (Forootan, Dehvari, et al., 2021). Due to their high vertical 205 
resolution and accuracy, radiosonde-derived ZWD values are widely regarded as a reliable 206 
external reference in atmospheric research for model evaluation (Dehvari et al., 2024a, 2024b; 207 
Forootan et al., 2023). Additionally, the proposed PPP method was evaluated using data from 10 208 
IGS GNSS stations within the same timeframe. To further support the analysis, the GFS dataset 209 
for the evaluation period was utilized. By leveraging temperature and relative humidity data from 210 
various atmospheric layers provided by the GFS, we computed the ZWD values for the study 211 
region (Dehvari et al., 2024b). These computed ZWD values were subsequently incorporated as 212 
constraints in the PPP method (PPP-GFS). 213 
Figure 1b shows the geographical location of the study region, while Figure 1a illustrates the 214 
spatial distribution of NGL stations (red circles), NGL test stations (magenta squares), 215 
radiosonde stations (yellow triangles), and IGS GNSS stations (blue hexagrams) within the study 216 
area. 217 
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 218 

 
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. 

 219 

3. Methodology 220 

3.1. Construction of the PCA-ZWD model 221 
Empirical atmospheric models are constructed using numerical atmospheric models (e.g. ERA5 222 
(Hersbach et al., 2020) or ERA-Interim (Dee et al., 2011) ) and are capable of modeling the low-223 
frequency variations of atmospheric delay parameters (Dehvari et al., 2023). These models are 224 
often represented as grid-based coefficients covering the globe (e.g., GPT3 (Landskron & Böhm, 225 
2018) or GTrop (Sun et al., 2019) models or as a set of coefficients derived from a functional 226 
model (e.g., GZTD series (Yao et al., 2016) or IR-ZWD model (Dehvari et al., 2023)). Since we 227 
aim to use an empirical model within a data assimilation method, the corresponding parameters 228 
need to be represented as a unique set with a minimal number of coefficients, ensuring the model 229 
remains efficient and manageable for accurate assimilation. In grid-based models, each grid point 230 
has a unique set of coefficients for different atmospheric parameters. On the other hand, 231 
functional models aim to address this issue. However, in these models, different sets of 232 
coefficients are estimated for each frequency of the atmospheric delay parameter. Consequently, 233 
both types of models involve a relatively large number of coefficients. Ma et al. 2021 introduced 234 
a global atmospheric model based on Empirical Orthogonal Function (EOF) analysis, achieving 235 
an RMSE of approximately 3.65 cm for atmospheric delay values. While this model represents 236 
atmospheric delay with a single set of parameters, it has a spatial resolution of around 12 237 
degrees, which may overlook local phenomena in regional networks.  238 
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In this study, we developed an empirical regional atmospheric wet delay model using 239 
dimensionality reduction techniques, specifically EOF and PCA. These techniques are known for 240 
their ability to capture the most significant patterns in data while minimizing noise and 241 
redundancy (I. T. Jolliffe & Cadima, 2016). For this purpose, we utilized ZWD values derived 242 
from ERA5 data at various altitudes within the study region. The construction of the empirical 243 
model involved organizing ZWD values from three consecutive years (2018, 2019, and 2020) 244 
into a 2-dimensional matrix ( ), where columns represent different locations and rows 245 
represent ZWD values over time. Subsequently, the covariance matrix ( ) of the ZWD values 246 
was computed as follows: 247 

 (1) 

where  is the number of observation epochs. By performing eigenvalue decomposition, the 248 
covariance matrix can be expressed as follows (I. Jolliffe, 2005): 249 

 (2) 

Where  is an orthogonal matrix containing the eigenvectors of matrix , and  is a diagonal 250 
matrix containing the corresponding eigenvalues. The eigenvalues indicate the amount of 251 
variance captured by each principal component. It should be noted that  contains EOFs , which 252 
capture the spatial variations in the data. The temporal variations (PCs) are stored in , which are 253 
computed by projecting  onto the EOFs ( ) as follows: 254 

 (3) 

The first columns of  and  indicate the most significant temporal (PCs) and spatial (EOFs) 255 
variations, respectively. Utilizing these primary principal components not only ensures the 256 
modeling of the main behavior of the data but also reduces noise and the number of parameters 257 
needed to reconstruct the dataset. Therefore, the ZWD values can be reconstructed using a 258 
reduced number of principal components (PCs) and EOFs as follows: 259 

 (4) 

Where  is the number of the truncated principal components. Taking into account the 260 
eigenvalues stored in the  matrix, we set  to one in this study, as the first principal 261 
component captures approximately 98% of the total variation. As a result, the dimensions of the 262 

 and  matrices become  and , respectively, where  represents the number of 263 
epochs and  represents the number of points. To construct the ZWD model, B-spline functions 264 
(Schmidt et al., 2011) were fitted to both the spatial ( ) and temporal ( ) variations derived 265 
from PCA. Details for the implementation of B-spline functions can be found in (Forootan, 266 
Dehvari, et al., 2021; Limberger, 2015; Schmidt et al., 2011).  267 
To construct the B-spline model based on PCA-derived values, it is first necessary to determine 268 
the optimal order of the B-spline functions. An empirical approach was employed for this 269 
purpose (Al-Fanek, 2013; Dehvari et al., 2023; Forootan, Farzaneh, et al., 2021). Specifically, 270 
models with varying B-spline orders were constructed to capture both spatial and temporal 271 
variations. The performance of each configuration was then evaluated by calculating the relative 272 
error between the modeled values and the original PCA-derived values. The combination of B-273 
spline orders that resulted in the lowest relative error was selected as the optimal setup for model 274 
construction. It is important to note that different B-spline orders result in varying numbers of 275 
model coefficients, which influence both the model's complexity and its numerical conditioning. 276 
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This consideration, along with minimizing the relative error, was taken into account when 277 
selecting the best-performing B-spline model configuration. For the spatial domain, a 3D B-278 
spline model was adopted. B-spline orders ranging from 2 to 4 were tested for the two horizontal 279 
directions, while orders 2 and 3 were considered for the vertical direction. Our investigation 280 
showed that increasing the B-spline order beyond 4 (horizontal) or 3 (vertical) caused ill-281 
conditioning due to the excessive number of unknowns. For the temporal domain, a 1D B-spline 282 
function was used. B-spline orders from 2 to 5 were evaluated to model the temporal variation of 283 
the PCA values.  284 
Figure 2 presents the relative error associated with each tested configuration, illustrating the 285 
results of the empirical optimization for both spatial and temporal modeling. In this figure, 286 
alongside the relative error for each configuration, the corresponding number of model 287 
coefficients is also presented. 288 
 289 

 
 

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. 

 290 
From  291 
Figure 2, it can be observed that increasing the order of the B-spline generally leads to a reduction 292 
in relative error. However, this improvement in accuracy comes at the cost of a higher number of 293 
model coefficients, which increases the model’s complexity. Since the goal of this study is to 294 
develop an empirical model that achieves both low relative error and a manageable number of 295 
coefficients for C/DA method, a trade-off between these two factors must be considered. Based 296 
on this consideration and as shown in  297 
Figure 2a, we selected B-spline orders of 2, 3, and 3 for the longitude, latitude, and vertical 298 
directions, respectively, for modeling spatial variations. While other configurations yielded 299 
slightly lower relative errors, they resulted in significantly more coefficients. The chosen 300 
configuration provides a good balance, achieving a relative error close to the minimum while 301 
keeping the number of coefficients around 500. Similarly, for modeling temporal variations, a B-302 
spline order of 3 was selected. This configuration also offers a reasonable balance between 303 
model simplicity and accuracy, requiring only 10 coefficients.  304 
Consequently, the total number of coefficients in the proposed PCA-ZWD method is 305 
approximately 510, allowing for the calculation of ZWD values based on location and day of the 306 
year. Figure 3a illustrates the relative error between the derived spatial variations (EOF 1) and 307 
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those modeled using B-spline functions. Additionally, the right panel of this figure presents the 308 
comparison between the derived temporal variations (PCA1) and the corresponding values 309 
modeled using B-spline functions. 310 
 311 

 
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. 

 312 
From Figure 3, it is evident that using B-spline functions effectively modeled the temporal (PCA 313 
1) and spatial (EOF 1) variations. The maximum relative error in the spatial variations is 314 
approximately 3.8%, which occurs at altitudes around 4.5 km. This elevation is higher than the 315 
maximum elevation within the study region, and therefore, it will not affect the ZWD 316 
calculations performed at the Earth's surface using the proposed method. Additionally, since the 317 
PCA values capture the temporal variations of ZWD, the corresponding annual and semi-annual 318 
patterns are clearly visible in the right panel of this figure. 319 
 320 
3.2. Calibration and Data Assimilation (C/DA) Method 321 
The main challenge for empirical atmospheric models is their limited ability to capture spatial 322 
and temporal variations, leading to poor performance in modeling severe ZWD fluctuations 323 
(Dehvari et al., 2024a). To address this, we aimed to improve both the estimation (analysis 324 
phase) and short-term prediction of ZWD values by employing a C/DA approach. This approach 325 
integrates the provided observations and their associated uncertainties with those of the 326 
background model parameters, resulting in a calibrated set of parameters (state vector 327 
parameters) that improve accuracy in both estimation and prediction steps. The EnKF method 328 
(Evensen, 2003) is commonly used as the assimilation core in the C/DA approach due to its 329 
ability to effectively manage nonlinear dynamic systems, especially in atmospheric sciences 330 
(Forootan et al., 2024; Tang et al., 2022). In this approach, the state vector and its uncertainty are 331 
represented by a set of ensembles, making it well-suited for systems with nonlinear dynamics 332 
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(Houtekamer & Zhang, 2016). Considering the model parameters ( ) as the state vector, the 333 
ensemble of state vector and observations is computed using the EnKF as follows: 334 

 (5) 
 (6) 

where  represents the observations at time , and  denotes the uncertainty associated with 335 
those observations. The index  ranges from 1 to k, where k is the number of ensembles. In this 336 
study, the ensemble size is set to 90, resulting in a state vector ensemble with dimensions of 337 
approximately 510×90. The ensemble size of 90 was selected based on prior DA and C/DA 338 
studies in atmospheric sciences (Dehvari et al., 2024a, 2024b; Forootan et al., 2024; Kosary et 339 
al., 2022). Although a formal sensitivity analysis was not conducted in this study, this ensemble 340 
size has been shown to provide stable and reliable performance in similar applications.  341 
represents random Gaussian noise associated with the state vector parameters, scaled to about 342 
1% of each parameter (Kosary et al., 2022). Using these equations, the variance-covariance 343 
matrix of the state vector parameters ( ) and the Kalman Gain ( ) are calculated as: 344 

 (7) 

 (8) 
Here,  represents the mean state vector parameters,  is the variance-covariance matrix of 345 
the observations, and is the design matrix for observations based on the B-spline functions. At 346 
each epoch, the calibrated state vector parameters ( ) and their mean value ( ) can be 347 
estimated as: 348 

 (9) 
 (10) 

Using this approach, ZWD values at each epoch are assimilated into the background model, 349 
leading to calibrated state vector parameters. These calibrated parameters can then replace the 350 
original PCA-ZWD model's parameters to calculate ZWD values for the study region, either for 351 
the current state (analysis phase) or for forecasting purposes. 352 
 353 
3.3. PPP-DA method 354 
To mitigate the ionospheric effect, the ionospheric-free combination of dual-frequency 355 
observations is commonly employed. Using this combination, the linearized equations for the 356 
observed code and phase measurements can be expressed as follows (Subirana et al., 2013): 357 

 (11) 
 (12) 

Where  and  are the ionospheric-free code and phase observations from satellite  to 358 
receiver , respectively.  is the geometric range between the receiver and satellite, and  359 
represents the tropospheric delay affecting the signal.  and  are the receiver and satellite 360 
clock biases, respectively. The parameters  and  are the receiver and satellite hardware 361 
delays for the ionospheric-free code combination, respectively. Similarly,  and  represent 362 
the receiver and satellite hardware delays for the ionospheric-free phase combination, 363 
respectively.  is the wavelength of the ionospheric-free combination of the carrier signal, and 364 

 is the integer ambiguity for the ionospheric-free combination. Finally,  and  are the 365 
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measurement noise for the code and phase observations, respectively. In these equations, the 366 
tropospheric delay ( ) is separated into Zenith Hydrostatic Delay (ZHD) and Zenith Wet Delay 367 
(ZWD) components. The ZHD can be computed using established models (e.g. GPT3 model), 368 
while the ZWD is estimated as an unknown parameter. Consequently, the unknown parameters 369 
in these equations are the receiver position, ZWD value, and the integer ambiguity. In this study, 370 
we incorporate the ZWD values derived from the C/DA method as additional constraints in the 371 
system of equations used to estimate the unknown parameters. By doing so, the ZWD value at 372 
each epoch is added to the observation vector, and its associated uncertainty is integrated into the 373 
observation covariance matrix. Thus, at each epoch, the observation vector and the 374 
corresponding covariance matrix can be expressed as follows: 375 

 (13) 

 (14) 

Where  and  represent the variances for the ionospheric-free combination code and 376 
phase measurements, respectively. Additionally,  denotes the variance associated with 377 

the ZWD values derived from the C/DA method. Using this approach, we aimed to evaluate the 378 
performance of the PPP method when incorporating ZWD values from the C\DA method as 379 
constraints. 380 
To implement the static PPP method, the following processing strategies were employed: The 381 
ionosphere-free linear combination was used to eliminate ionospheric delay effects, while 382 
observation uncertainties were assigned as 0.3 m for GNSS pseudo range measurements and 383 
0.003 m for carrier phase observations (Gong et al., 2024). Additionally, the uncertainties 384 
assigned to the ZWD values from the C/DA and GFS models were set to 1.0 cm and 1.5 cm, 385 
respectively. These values were chosen based on the comparative evaluation of both models 386 
against GNSS and radiosonde observations, where the C/DA method demonstrated better 387 
performance. A detailed analysis is provided in Section 4.1 and Figure 5. It should be noted that 388 
these values were not applied as fixed constraints but were incorporated into the PPP formulation 389 
as uncertainty terms (representing the uncertainty of ZWD values in equation (14)), ensuring a 390 
realistic weighting scheme. Meanwhile, the direct ZWD values from each method were used as 391 
prior values (as presented in equation (13)). 392 
An elevation-dependent weighting scheme determined the observation weights, with a cut-off 393 
elevation angle set to 15°. Tropospheric hydrostatic delay (ZHD) corrections were calculated 394 
using the GPT3 model (Landskron & Böhm, 2018). This model is a widely used empirical 395 
atmospheric model, commonly applied in precise GNSS positioning applications (Glaner & 396 
Weber, 2023; Herring et al., 2010). The ZHD estimates derived from GPT3 are typically more 397 
accurate than its corresponding ZWD estimates. The reported root mean square (RMS) error for 398 
ZHD values is approximately 1.1 cm, although this error may increase with geographical latitude 399 
(J. Li et al., 2022). In this study, the primary objective was to assess the impact of ZWD values 400 
derived from the C/DA method on PPP performance. For this purpose, the final precise orbit and 401 
clock products from IGS were used across all PPP solutions to ensure consistency. While these 402 
products are not suitable for real-time applications due to their latency, they offer high accuracy 403 
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for comparative analysis. It is acknowledged that using real-time orbit and clock products (e.g., 404 
from CNES or JAXA) might reduce the overall positioning accuracy; however, this effect would 405 
be consistent across all methods. Therefore, the observed differences in positioning results can 406 
still be attributed primarily to the influence of the assimilated ZWD constraints.  407 
The reference coordinates for PPP evaluation were obtained from IGS daily station position files. 408 
Finally, the unknown parameters at each epoch were estimated using the Kalman filter 409 
algorithm. The same settings were consistently applied across all the PPP methods used in this 410 
study. 411 

To assess the significance of the positional improvements achieved by the PPP-DA method, a 3D 412 
error ellipsoid representation was generated for each station at each epoch in the ENU (East-413 
North-Up) coordinate system (For example see Figure 14 ). This approach provides a clear visual 414 
and quantitative means of comparing the uncertainty in the derived 3D positions. The covariance 415 
matrix of the position errors in the XYZ coordinate system was first transformed into the ENU 416 
frame using a rotation matrix based on the station's geographic location (Hofmann-Wellenhof et 417 
al., 2007; Leick, 2015). Eigenvalue decomposition of the ENU covariance matrix was then 418 
performed to obtain the ellipsoid's principal axes, which represent the positional uncertainty in 419 
the East, North, and Up directions. The lengths of these axes were determined by the square 420 
roots of the eigenvalues, while the corresponding eigenvectors provided the orientation of the 421 
ellipsoid in the ENU space. The ellipsoid was centered at the station's ENU position, and its 422 
surface was plotted to visualize the spatial extent of the positioning errors. If the ellipsoids from 423 
the two methods (e.g. conventional PPP and PPP-DA) do not overlap significantly (or not at all), 424 
this visually confirms that the improvement is statistically significant. 425 

 426 

3.4. Evaluation parameters 427 

To evaluate the ZWD values from various sources in this study, we utilized statistical metrics 428 
including Root Mean Squared Error (RMSE), Bias, and Correlation Coefficient (CC). These 429 
parameters are defined and calculated as follows (Dehvari et al., 2024b): 430 

 Root Mean Squared Error (RMSE): Represents the overall magnitude of errors 431 
between predicted and observed values. It is sensitive to large errors due to squaring the 432 
differences. A lower RMSE indicates better model accuracy. 433 

 Bias: Represents the systematic error, defined as the difference between the mean of 434 
predicted and observed values. A positive bias indicates overestimation, while a negative 435 
bias indicates underestimation. A bias close to zero suggests minimal systematic error. 436 

 Correlation Coefficient (CC): Measures how well the predicted values follow the 437 
variations in observed values. A CC value close to 1 indicates a strong agreement in 438 
trends and fluctuations, meaning the model effectively captures atmospheric variations 439 
rather than excessively smoothing them. 440 

 441 
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 (15) 

 (16) 

 (17) 

where: 442 

 : Modeled Zenith Wet Delay at  sample 443 
 : Observed Zenith Wet Delay at  sample 444 
 : Mean of modeled ZWD 445 
 : Mean of observed ZWD 446 
 : Standard deviation of modeled ZWD 447 
 : Standard deviation of observed ZWD 448 
 : Total number of samples 449 

For positioning accuracy evaluation, we first transformed the station coordinates, both from the 450 
IGS file and those derived from each PPP method, into the ENU (East, North, Up) coordinate 451 
system (Hofmann-Wellenhof et al., 2007). Using these transformed coordinates, we calculated 452 
the east ( ), north ( ), up ( ), horizontal ( ), and 3D position errors 453 
( ) based on the following equations: 454 

 (18) 
 (19) 
 (20) 

 (21) 

 (22) 

Where , ,  are the East, North, and Up coordinates derived from the PPP method. 455 
Additionally, , ,  are the East, North, and Up coordinates from the IGS reference 456 
file. It should be noted that the  is also commonly referred to as the vertical error. 457 

 458 

4. Results and discussion 459 

In this section, we start by evaluating the performance of the proposed C/DA method in 460 
predicting ZWD values at 11 selected GNSS test stations and 11 radiosonde stations. Finally, we 461 
assess the performance of the PPP method when constrained by the estimated ZWD values from 462 
the C/DA method (PPP-DA method). 463 
 464 
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4.1. Evaluation of the C/DA method 465 

In this section, we compare the ZWD values obtained from the proposed C/DA method, GTrop, 466 
PCA-ZWD, GFS, and ERA5 models with the observed values from 11 GNSS test stations 467 
(indicated by magenta squares in Figure 1a) and the corresponding ZWD values derived from 11 468 
radiosonde stations (indicated by yellow triangles in Figure 1a) within the study region. At each 469 
epoch, the available GNSS-derived ZWD values are integrated into the PCA-ZWD model 470 
through equation (5) to equation (10) to calibrate the background model parameters. 471 
Subsequently, using these calibrated parameters, the ZWD values for the GNSS test stations and 472 
radiosonde stations are calculated at the corresponding epochs, known as the analysis step. The 473 
estimated ZWD values from the analysis step are then evaluated against those from other 474 
models. The evaluation period spans from January 1 to December 31of the year 2021.  475 

In comparison with GNSS test stations, Given the 6-hour temporal resolution of the GFS model, 476 
all comparisons are conducted at this same temporal resolution. Figure 4 presents the calculated 477 
RMSE (a, b, c, and d), Bias (e, f, g, and h), and CC (i, j, k, and l) values from the comparison 478 
across each of the test stations. Additionally, Figure 5 shows a heat map table displaying the 479 
mean statistical parameters for each model, serving as a summary of the evaluation results. In 480 
this figure, the performance of each model is illustrated using a color-coded scheme, where the 481 
bluest cell in each column represents the best-performing model, while the worst-performing 482 
model is indicated by a white-colored cell. 483 

 484 

 
Figure 4. Calculated RMSE (a, b, c, and d), Bias (e, f, g, and h), and CC (i, j, k, and l) for the analysis step from 
the comparison of ZWD values from GNSS test stations with the corresponding values from the C\DA method, 
ERA5, GFS, GTrop, and PCA-ZWD models for the entire year of 2021. 

 485 
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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, ERA5, GFS, GTrop, and PCA-ZWD models with corresponding GNSS test 
station observations for the entire year of 2021. 

 486 

Figure 5 clearly illustrates that the C\DA method significantly outperforms the ERA5, GFS, 487 
GTrop, and PCA-ZWD models during the analysis step, particularly in terms of RMSE, Bias, 488 
and CC values. Specifically, the RMSE for the C\DA method is reduced by 44%, 48%, 73%, and 489 
72% compared to the ERA5, GFS, GTrop, and PCA-ZWD models, respectively. Furthermore, 490 
the C/DA method shows an improvement in CC values, achieving increases of 1% over the 491 
ERA5 model, 2% over the GFS model, and 22% over both the GTrop and PCA-ZWD models. 492 
Additionally, the Bias is notably lower by approximately 88%, 89%, 82%, and 80% when 493 
compared to those same models, showcasing its enhanced accuracy and reliability. From Figure 494 
5, it is evident that the two considered numerical models (ERA5 and GFS) outperform the two 495 
empirical models in terms of RMSE and CC values. However, the Bias values for the GFS and 496 
ERA5 models, approximately 1.1 cm and 1.0 cm respectively, are higher than those observed for 497 
the empirical models. This indicates that, although the numerical models more accurately capture 498 
the overall variability (as reflected by lower RMSE and higher CC values), they tend to 499 
systematically underestimate the ZWD values, leading to a higher positive bias.  500 

For further investigation, similar to the comparison with the GNSS test stations, the ZWD values 501 
derived from the C/DA method, PCA-ZWD, GTrop, ERA5, and GFS models were compared 502 
with the corresponding ZWD values calculated from the observations of the 11 radiosonde 503 
stations. The comparison covers the entire year of 2021. Given that radiosonde observations have 504 



Earth and Space Science 

16 
 

a temporal resolution of approximately 12 hours, the comparison was performed at a 12-hour 505 
temporal resolution. Figure 6 displays the calculated RMSE, Bias, and CC values for each 506 
radiosonde station. Meanwhile, Figure 7 provides a heat map that summarizes the mean 507 
statistical parameters for each model.  508 

 
Figure 6. Calculated RMSE (a, b, c, and d), Bias (e, f, g, and h), and CC (i, j, k, and l) values from the comparison 
of ZWD values obtained from radiosonde stations with those derived from the C/DA method, ERA5, GFS, 
GTrop, and PCA-ZWD models for the entire year of 2021. 

 509 
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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, ERA5, GFS, GTrop, and PCA-ZWD models with corresponding observations 
from radiosonde stations throughout the year 2021. 

 510 

As illustrated in Figure 7 and consistent with the findings from the GNSS test station 511 
comparison, the C/DA method demonstrates a clear advantage over the ERA5, GFS, GTrop, and 512 
PCA-ZWD models during the analysis step. The C/DA method reduces the RMSE by 35%, 40%, 513 
67%, and 66% compared to GFS, GTrop, and PCA-ZWD, respectively. It also shows an 514 
improvement in correlation, with CC values increasing by 3% relative to ERA5, 2% relative to 515 
GFS and by 21% compared to both GTrop and PCA-ZWD. Moreover, the Bias associated with 516 
the C/DA method is substantially lower by approximately 96%, 96%, 94%, and 93% when 517 
compared to the ERA5, GFS, GTrop, and PCA-ZWD models, further highlighting its enhanced 518 
accuracy and robustness. Overall, these results confirm that, even when evaluated against an 519 
independent external data source (radiosonde stations), the C/DA method consistently 520 
outperforms the considered numerical and empirical atmospheric models during the analysis 521 
step. 522 

Comparing the proposed PCA-ZWD model with the widely recognized GTrop model (Sun et al., 523 
2019), it is observed that the PCA-ZWD model demonstrates a slight performance improvement. 524 
Specifically, the RMSE and Bias values of the PCA-ZWD model are approximately 5% and 525 
9.5% lower than those of the GTrop model, respectively, indicating its advantage in regional 526 
atmospheric modeling. Moreover, considering the region of study and the 1-degree spatial 527 
resolution of the GTrop model (Sun et al., 2019), it requires approximately 726 location-528 
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dependent coefficients to model ZWD values. This location-specific nature limits its 529 
compatibility with the C\DA method. In contrast, the proposed PCA-ZWD model uses only 530 
about 510 parameters, which are designed to calculate ZWD values at any location within the 531 
study area, making it more efficient and better suited for C\DA implementation. 532 

The calibrated PCA-ZWD coefficients obtained through the C/DA method can also be used to 533 
predict ZWD values for future epochs (prediction step). To evaluate this prediction capability, 534 
the calibrated background model parameters from each epoch throughout 2021 were used to 535 
forecast ZWD values up to 24 hours ahead, with a temporal resolution of 1 hour. The predicted 536 
ZWD values, along with those from the GTrop, GFS, ERA5, and PCA-ZWD models, were 537 
compared with corresponding observations from 11 GNSS test stations and 11 radiosonde 538 
stations within the study region. Figure 8 show the calculated RMSE (a), Bias (b), and CC (c) 539 
values for each prediction time step derived from the comparison with GNSS test stations.  In 540 
this figure, the statistical parameters for the C/DA predicted ZWD values, ERA5, GFS, GTrop, 541 
and PCA-ZWD models are represented by red, magenta, blue, green, and brown lines, 542 
respectively. Moreover, the results of the prediction step comparison with the radiosonde stations 543 
are presented in Figure 9. 544 

 545 

 
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), ERA5 (magenta line), GFS (blue line), GTrop (green 
line), and PCA-ZWD (brown line) models throughout 2021 across various prediction time steps. 

 546 
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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. 

 547 

Referring to Figure 8, in comparison with GNSS test stations, the RMSE for the predicted ZWD 548 
values gradually increases with the extension of the prediction time span, at a rate of 549 
approximately 0.02 centimeters per hour. However, compared to the RMSE values from other 550 
models, it is evident that the C/DA method yields lower RMSE values than the ERA5 and GFS 551 
models for predictions up to 5 hours and remains lower than the two empirical models for 552 
prediction time spans up to 24 hours. Moreover, when comparing CC values, the decrease rate 553 
for the C/DA method is approximately 0.05 per hour. Despite this decline, the C/DA method 554 
maintains higher CC values than the ERA5 and GFS models for nearly 5 hours and demonstrates 555 
superior performance compared to the empirical models for prediction time spans of up to 24 556 
hours. However, as shown in Figure 8, the Bias values of the C/DA method remain relatively 557 
stable across all prediction time spans up to 24 hours and are consistently lower than those of the 558 
other models. This consistent performance indicates that the C/DA method effectively minimizes 559 
systematic errors over the entire prediction period, outperforming the other models in 560 
maintaining low bias and reducing systematic deviations.  561 

For the prediction step evaluated against radiosonde station observations, Figure 9 illustrates that 562 
the ZWD values predicted by the C/DA method achieve lower RMSE compared to the EA5 and 563 
GFS models for lead times up to 6 hours, and outperform the GTrop and PCA-ZWD models up 564 
to 24 hours. Similar to the results from the GNSS test station comparison, the C/DA method 565 
consistently yields lower Bias values than the other numerical and empirical models across all 566 
forecast intervals. In terms of correlation, the C/DA method shows slightly better CC values than 567 
the ERA5 and GFS models up to 6 hours and maintains superior performance compared to the 568 
empirical models (GTrop and PCA-ZWD) throughout the 24-hour prediction period.   569 

Subsequently, the required processing times for the C/DA method, GTrop, and PCA-ZWD 570 
models were compared. It is assumed that the ZWD values from the reference stations (i.e., the 571 
GNSS stations used in this study) are readily available, and thus, only the processing time for 572 
executing the C/DA method itself has been evaluated.  The GFS model was excluded from this 573 
evaluation due to its nature as a comprehensive numerical weather prediction model, which 574 
inherently involves significantly more complex and resource-intensive computations. This 575 
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analysis was conducted for the entire year of 2021, using the same observations employed in the 576 
C/DA method. Figure 10 displays the results of this comparison, with the processing times for 577 
the C/DA method, GTrop, and PCA-ZWD models represented by red, green, and brown lines, 578 
respectively. It should be noted that the processing times in this figure are shown on a 579 
logarithmic scale for better visualization. 580 

 581 

 
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 582 
cost and processing time among the evaluated models. However, the mean processing time for 583 
the C/DA method is approximately 1.1 seconds. Given the typical GNSS observation interval of 584 
30 seconds, this processing time does not pose a limitation for potential real-time applications. 585 
When comparing the two empirical models, the PCA-ZWD model exhibits a lower mean 586 
processing time of 0.03 seconds, compared to 0.17 seconds for the GTrop model. This 587 
improvement is primarily due to the PCA-ZWD model’s simpler structure and fewer required 588 
coefficients. 589 

While the proposed C/DA method demonstrates promising results in enhancing the accuracy of 590 
ZWD prediction, certain limitations must be acknowledged. One key factor affecting the 591 
reliability of the method is the spatial distribution and density of reference GNSS stations within 592 
the region of study. A sparse or unevenly distributed network can limit the model's ability to 593 
accurately capture localized variations in tropospheric water vapor. This constraint may reduce 594 
the accuracy of the ZWD values derived during both the assimilation and prediction stages, 595 
particularly in areas with complex terrain or rapidly changing meteorological conditions. 596 
Additionally, the effectiveness of the C/DA approach in real-time applications depends on the 597 
timely acquisition and processing of ZWD data from reference stations. Any delays or gaps in 598 
the availability of reference data can impact the model’s performance, especially for real-time or 599 
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near real-time positioning applications. These factors highlight the importance of a well-600 
maintained GNSS infrastructure and suggest that future improvements in the spatial coverage 601 
and real-time accessibility of reference station data could further enhance the performance of the 602 
C/DA method. 603 

In the next section, we will incorporate the ZWD values provided by the C/DA method into the 604 
PPP method to evaluate the impact of these values on its overall performance. 605 

 606 

4.2. Evaluation of PPP-DA method 607 

In this section, the ZWD values derived from the C/DA method and the GFS model were used as 608 
constraints in the Precise Point Positioning (PPP) method. The results were then compared to 609 
those obtained from the conventional PPP method, focusing on 3D positioning accuracy and 610 
convergence time. To evaluate the performance of the proposed PPP-DA method, we applied it 611 
to 10 selected GNSS stations (as shown in Figure 1a) for the year 2021. The one-year evaluation 612 
using 10 well-distributed IGS stations enables a robust assessment of the proposed method 613 
across diverse atmospheric conditions, including seasonal variations. Despite the limited number 614 
of stations, the extended time span ensures reliable conclusions. The results confirm that the 615 
improved ZWD estimation via the C/DA method leads to enhanced vertical positioning accuracy 616 
in PPP. The following sections present a detailed comparison of the positioning error and 617 
convergence time results. 618 
 619 
4.2.1. Positioning error comparison 620 

After applying the constraints to the PPP method using the ZWD values derived from the C/DA 621 
method (PPP-DA) and GFS model (PPP-GFS), the estimated positions for each station at each 622 
epoch were compared with the reference positions provided by the IGS service. Figure 11 623 
illustrates the mean positioning error calculated in the east (a), north (b), up (c), and 3D 624 
directions (d) for each station throughout 2021. In this figure, the positioning errors for the 625 
conventional PPP, PPP-DA, and PPP-GFS methods are represented by green, red, and blue bars, 626 
respectively. 627 
 628 
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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. 

 629 
As shown in Figure 11, the positioning errors in the east, north, up, and 3D directions for the 630 
PPP-DA method are lower than those of the conventional PPP and PPP-GFS methods across all 631 
considered stations. In the east direction, the PPP-DA method achieves a mean positioning error 632 
of approximately 4.70 millimeters, representing an improvement of about 0.52 millimeters over 633 
the 5.22 millimeters from PPP and 0.3 millimeters over the 5 millimeters from PPP-GFS. In the 634 
north direction, the PPP-DA, PPP-GFS, and conventional PPP methods show positioning errors 635 
of approximately 2.76, 2.76, and 2.76 millimeters, respectively, indicating nearly identical 636 
performance across the models. In the up direction, the positioning errors for the PPP and PPP-637 
GFS methods are approximately 5.95 and 5.45 millimeters, respectively. In contrast, the PPP-DA 638 
method shows an error of about 3.92 millimeters, representing an improvement of 2 millimeters 639 
over PPP and 1.55 millimeter over PPP-GFS. When comparing the positioning errors in the east, 640 
north, and up directions, it is clear that the PPP-DA method shows the greatest improvement in 641 
the vertical direction compared to the conventional PPP method. This result is expected as 642 
tropospheric delay has a more significant impact on vertical positioning accuracy. The 643 
introduction of high-accuracy ZWD values notably enhances positioning accuracy in this 644 
direction.  For the 3D positioning error, the mean values for the PPP-DA, PPP, and PPP-GFS 645 
methods are approximately 7.6, 9.6, and 9.15 millimeters, respectively. This indicates that the 646 
PPP-DA method offers an improvement of about 2 millimeters over PPP (about 21% 647 
improvement) and 1.5 millimeters over PPP-GFS (about 16% improvement). Overall, it can be 648 
concluded that the PPP-DA method outperforms the other two methods in terms of positioning 649 
accuracy. Additionally, the PPP-GFS method demonstrates better performance than the 650 
conventional PPP method, indicating that incorporating ZWD values from the GFS model as a 651 
constraint can enhance the accuracy of the conventional PPP approach. Referring to the vertical 652 
errors presented in Figure 11, stations with higher vertical positioning errors under the 653 
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conventional PPP method show greater improvement when using the PPP-DA method. For 654 
example, at the POTS station, which had the highest vertical positioning error under the PPP 655 
method, the error was approximately 14 millimeters. The PPP-DA method reduced this to around 656 
8.3 millimeters, resulting in an improvement of about 40% in accuracy.  657 
From Figure 11, it is evident that the vertical positioning error is relatively large for some 658 
stations (e.g., POTS station). This vertical error is influenced by factors such as tropospheric 659 
delay, satellite geometry, and multipath effects. To investigate the relationship between vertical 660 
positioning error and ZWD values, we calculated the standard deviation of ZWD values derived 661 
from the PPP, PPP-DA, and PPP-GFS methods for each station over the evaluation period. 662 
Figure 12 presents these values, where the standard deviations for the PPP, PPP-DA, and PPP-663 
GFS models are represented by green, red, and blue lines, respectively. 664 
 665 

 
Figure 12. Standard deviation of ZWD values derived from the PPP (green line), PPP-DA (red line), and PPP-
GFS (blue line) methods for the 10 selected stations throughout the entire year 2021. 

 666 
By comparing the vertical positioning error in Figure 11 with the standard deviations in Figure 667 
12, it is clear that the vertical positioning error for each station is closely related to the 668 
corresponding standard deviation of the introduced ZWD values. For example, the POTS station 669 
shows a larger standard deviation of ZWD values derived from the PPP method, which 670 
corresponds with the larger vertical error observed in Figure 11 for this station under the 671 
conventional PPP method.  The standard deviations shown in Figure 12 represent the internal 672 
consistency of ZWD values from different sources and are indicative of their relative precision. 673 
Among all methods, the C/DA approach exhibits the lowest standard deviation, reflecting the 674 
highest precision. Additionally, as presented in Section 4.1, the C/DA-derived ZWD values 675 
demonstrate the lowest RMSE and highest correlation coefficient (CC) when compared to the 676 
reference datasets, confirming both their accuracy and consistency. Since vertical positioning 677 
error is strongly influenced by the accuracy of the applied ZWD constraints, the combination of 678 
high precision and high accuracy offered by the C/DA method leads to its superior performance 679 
in reducing vertical errors. Additionally, the ZWD values derived from the GFS model show a 680 
lower standard deviation compared to those from the PPP method. This reduction in variability 681 
corresponds with the improved positioning accuracy observed with the PPP-GFS method, which 682 
exhibits lower positioning errors compared to the conventional PPP method. 683 
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To assess the performance of each method over different time periods, we compared the 684 
positioning accuracy of the PPP, PPP-DA, and PPP-GFS methods across different months. For 685 
this analysis, during the evaluation period (the entire year 2021), the positioning accuracy from 686 
all 10 stations was separated by month to evaluate the accuracy for each distinct time period. 687 
Figure 13 illustrates the mean 3D positioning error for all considered stations, comparing the 688 
PPP (green line), PPP-DA (red line), and PPP-GFS (blue line) methods across different months. 689 
 690 

 
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.  

 691 
According to Figure 13, the proposed PPP-DA method has consecutively lower mean 3D 692 
positioning error over all months compared to the conventional PPP and PPP-GFS methods, 693 
which again indicate the superior performance of this method. Moreover, similar to the previous 694 
evaluation, the PPP-GFS method is also shows better performance than conventional PPP 695 
method. 696 
To assess the significance of positioning improvement using the proposed PPP-DA method at 697 
each epoch, we used ellipsoidal error representation. For this aim at each epoch, the estimated 698 
station’s position and corresponding uncertainty was first transformed to the ENU coordinate 699 
system. Afterward, the ellipsoidal error for each method has been calculated, centered at stations 700 
derived ENU position. For example, Figure 14 illustrates the ellipsoidal error representation for 701 
the HUEG station on January 1, 2021. The magnitude of the ellipsoidal error axes in the three 702 
directions was calculated to represent the overall positioning error. The ellipsoids for the PPP, 703 
PPP-DA, and PPP-GFS methods are shown in green, red, and blue, respectively, with their 704 
corresponding values displayed alongside each ellipsoid. 705 
 706 
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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. 

 707 
Referring to Figure 14, the ellipsoidal errors for the PPP and PPP-DA methods do not overlap 708 
and are clearly separated. For the HUEG station on January 1, 2021, the 3D positioning errors 709 
for the PPP, PPP-DA, and PPP-GFS methods are approximately 7.2, 5, and 5.8 millimeters, 710 
respectively. The PPP-DA method shows an improvement of about 2.2 millimeters compared to 711 
the PPP method. Given that the ellipsoidal errors for these two methods do not overlap, this 2.2-712 
millimeter improvement can be considered statistically significant. Additionally, the lack of 713 
overlap between the ellipsoidal errors of the PPP-DA and PPP-GFS methods indicates that the 714 
0.8-millimeter improvement is also statistically significant. Furthermore, Figure 14 highlights 715 
that the PPP-DA method has the smallest ellipsoid, reflecting the lower uncertainties achieved in 716 
all three directions compared to the other methods.  717 
Similarly, we investigated the significance of the improvements of the PPP-DA and PPP-GFS 718 
methods compared to PPP, as well as PPP-DA compared to PPP-GFS for each station over the 719 
entire year 2021. The three evaluation cases are defined as follows: 720 

 PPP/DA: The percentage of cases where the ellipsoidal errors from the PPP and PPP-DA 721 
methods did not overlap, and the 3D positioning error of PPP-DA is lower than that of 722 
PPP. 723 

 PPP/GFS: The percentage of cases where the ellipsoidal errors from the PPP and PPP-724 
GFS methods did not overlap, and the 3D positioning error of PPP-GFS is lower than that 725 
of PPP. 726 

 GFS/DA: The percentage of cases where the ellipsoidal errors from the PPP-DA and 727 
PPP-GFS methods did not overlap, and the 3D positioning error of PPP-DA is lower than 728 
that of PPP-GFS. 729 

The numerical results of this evaluation are shown in Figure 15, where the percentages of 730 
significance for the PPP/DA, PPP/GFS, and GFS/DA cases are represented by red, blue, and 731 
green bars, respectively. 732 
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 733 

 
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. 

 734 
Referring to Figure 15, the mean percentage of significance for the PPP/DA, PPP/GFS, and 735 
GFS/DA cases are approximately 58%, 41%, and 60%, respectively. Based on these values, in 736 
58% of cases, the PPP-DA method not only outperformed the conventional PPP method, but this 737 
improvement is also statistically significant. Furthermore, according to the GFS/DA comparison, 738 
the PPP-DA method demonstrates both improvement and significance over the PPP-GFS method 739 
in 60% of cases. 740 
To further substantiate the significance of the positional improvements offered by the PPP-DA 741 
method, a statistical analysis based on 95% confidence intervals of 3D positioning errors was 742 
conducted across ten GNSS stations. For each method (conventional PPP, PPP-DA, and PPP-743 
GFS) the mean and confidence bounds of the 3D error were computed per station, allowing a 744 
clear comparison of accuracy levels. Paired t-tests (Moore et al., 2009) were then applied to the 745 
mean errors across stations to assess the significance of observed differences. The paired t-test 746 
was used to assess whether the difference in 3D positioning errors between the methods is 747 
statistically significant. The 95% confidence intervals represent the range within which the true 748 
mean error is expected to lie for each station (Moore et al., 2009). The 95% confidence interval 749 
ranges for the mean 3D positioning errors of each method are illustrated in Figure 16 , 750 
highlighting the variation in performance across all evaluated stations. 751 
 752 
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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). 

 753 
Referring to Figure 16, it is evident that, for nearly all stations, the 95% confidence intervals of 754 
the PPP-DA method are not only narrower but also show minimal overlap with those of the 755 
conventional PPP and PPP-GFS methods. This consistent separation strongly suggests that the 756 
improvements in positioning accuracy achieved by PPP-DA are statistically significant. On 757 
average, across all stations, the 95% confidence intervals of the 3D positioning error for PPP-DA 758 
and PPP are [6.9, 8.8] mm and [8.9, 10.2] mm, respectively, further confirming the significant 759 
reduction in positioning error provided by the PPP-DA approach. 760 
 761 
4.2.2. Convergence time comparison 762 

To fully assess the performance of the PPP-DA and PPP-GFS methods, it is important to 763 
compare not only their positioning accuracy but also their convergence time. Convergence time 764 
is defined as the period required for the positioning solution to reach and consistently maintain a 765 
predefined level of accuracy. Specifically, it refers to the time taken for the positioning error in 766 
each direction to remain below a specified threshold (e.g., 10 millimeters) for a continuous 767 
period. For this evaluation, the convergence time required to achieve 10-millimeter accuracy was 768 
calculated for each station over the entire year 2021, across all days. Figure 17 presents the 769 
convergence time for the horizontal (a), vertical (b), and 3D positioning (c) errors at each station, 770 
with green, red, and blue bars representing results from the PPP, PPP-DA, and PPP-GFS 771 
methods, respectively. 772 
 773 
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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. 

 774 
Referring Figure 17a, the mean convergence times for the horizontal positioning error using the 775 
PPP, PPP-DA, and PPP-GFS methods are approximately 37, 32, and 36 minutes, respectively. 776 
This indicates an improvement of 13% and 11% in the PPP-DA method over the conventional 777 
PPP and PPP-GFS methods, respectively. Moreover, the mean vertical convergence time (Figure 778 
17b) for the PPP-DA method is approximately 16 minutes, representing an improvement of 779 
about 16% compared to the PPP method and 11% compared to the PPP-GFS method. Comparing 780 
the vertical positioning convergence time with the standard deviation of ZWD values in Figure 781 
12, it is evident that the vertical Convergence time for each station shows a strong correlation 782 
with the corresponding ZWD variations at that station. This indicates that higher ZWD 783 
variability is associated with longer vertical convergence times. When comparing 3D positioning 784 
convergence times, the PPP-DA method demonstrates a convergence time of approximately 36 785 
minutes. This is 16% faster than the PPP method, which has a convergence time of 43 minutes, 786 
and 12% faster than the PPP-GFS method, which converges in 41 minutes. Overall, it can be 787 
concluded that the PPP-DA method outperforms both the PPP and PPP-GFS methods in terms of 788 
both convergence time and positioning accuracy. Comparing the PPP and PPP-GFS methods, it 789 
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can be concluded that, similar to positioning performance, the PPP-GFS method demonstrates 790 
better performance  791 
than the conventional PPP method. 792 
When comparing these results with previous studies, Wilgan et al. (2017) reported convergence 793 
time reductions of approximately 13% for horizontal positioning and 20% for vertical 794 
positioning by integrating ZTD constraints from the WRF model into PPP. Similarly, Gong et al. 795 
(2024) observed reductions in convergence times of around 25% through WRF-based wet delay 796 
corrections. Yao et al. (2014) introduced a GNSS-based global Zenith Total Delay (ZTD) model 797 
as a pseudo-observation, achieving a 15% improvement in PPP convergence time. The 798 
convergence time reductions achieved in this study (approximately 16% for 3D positioning) are 799 
comparable, offering a lower computational cost alternative through the C/DA method. In the 800 
study by de Oliveira et al. (2017), it was reported that introducing an external atmospheric 801 
constraint led to improvements in convergence time of approximately 1%, 20%, and 5% in the 802 
east, north, and up components, respectively, when using only GPS observations. Moreover, the 803 
PPP-RTK experiment conducted by Song et al. (2022) demonstrated that incorporating ZWD 804 
constraints reduced the convergence time by approximately 5 minutes. 805 
For further evaluation, we analyzed the convergence times required by the three implemented 806 
PPP methods to achieve different levels of accuracy. Figure 18 illustrates the average 807 
convergence times for each method in the horizontal (a), vertical (b), and 3D directions (3) 808 
across all stations during the evaluation period. In this figure, the convergence times for the PPP, 809 
PPP-DA, and PPP-GFS methods are represented by green, red, and blue bars, respectively. 810 
 811 
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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. 

 812 
According to Figure 18, the PPP-DA method consistently demonstrates a shorter convergence 813 
time compared to both PPP and PPP-GFS methods across all accuracy levels. Specifically, the 814 
PPP-DA method requires approximately 36 minutes to achieve a 10 cm accuracy in the 3D 815 
direction (Figure 18c), which decreases to about 7 minutes for a 40 cm accuracy level. Compared 816 
to the conventional PPP method, the PPP-DA method reduces the convergence time by 817 
approximately 6 minutes at the 10 cm accuracy level. However, this difference diminishes at 818 
higher accuracy thresholds, with the PPP-DA method requiring about 2.5 minutes less than the 819 
PPP method at the 40 cm accuracy level. These results highlight that integrating high-precision 820 
ZWD constraints is particularly effective for reducing convergence time in high-precision 821 
positioning applications. Furthermore, the convergence time reduction remains significant even 822 
at lower accuracy thresholds, underscoring the broader utility of the PPP-DA method. 823 
A statistical analysis was conducted to evaluate the convergence time required to achieve 10 cm 824 
3D positioning accuracy across 10 GNSS test stations. To assess the significance of performance 825 
differences among the evaluated methods—conventional PPP, PPP-DA, and PPP-GFS—paired 826 
t-tests were applied to the convergence time results across all stations. For each method, the 827 
mean convergence time and corresponding 95% confidence intervals were computed per station, 828 
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enabling a clear comparison of their convergence behaviors. The confidence intervals represent 829 
the expected range in which the true mean convergence time lies. The results of this analysis are 830 
illustrated in Figure 19, showing the variation in convergence performance across the evaluated 831 
stations and methods. 832 
 833 

 
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. 
 834 

Referring to Figure 19, the analysis of 95% confidence intervals for mean 3D convergence times 835 
shows that both the PPP-DA and PPP-GFS methods consistently outperform the conventional 836 
PPP approach across all evaluated stations. Among these, the PPP-DA method achieves the 837 
shortest convergence times at most stations, underscoring the advantage of assimilating accurate 838 
ZWD constraints into the positioning process. Furthermore, for the majority of stations, the 839 
confidence intervals of convergence time for the PPP-DA method do not overlap with those of 840 
the PPP method, highlighting the statistical significance of the observed improvements. On 841 
average across all stations, the 95% confidence interval for convergence time is [30, 40] minutes 842 
for PPP-DA, compared to [38, 48] minutes for PPP, reflecting an average improvement of 843 
approximately 8 minutes. 844 
 845 

5. Conclusions 846 

A key challenge in enhancing the accuracy of Precise Point Positioning (PPP) lies in addressing 847 
the atmospheric wet delay caused by water vapor in the lower layers of the atmosphere. This 848 
delay significantly impacts the initialization and precision of satellite-based positioning systems.  849 
Despite their utility, existing empirical models often fail to capture the complex spatial and 850 
temporal variability of wet delays, making them less effective in applications requiring high 851 
precision. To overcome these limitations, this study proposes a novel Calibration and Data 852 
Assimilation (C/DA) framework aimed at improving ZWD estimation and prediction. The 853 
approach includes developing a regional atmospheric wet delay model based on Principal 854 
Component Analysis (PCA-ZWD), which serves as the foundational background model. Using 855 
EnKF, the model is further refined by incorporating GNSS-derived ZWD values, providing a 856 
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robust method for enhancing the representation of atmospheric wet delays in positioning 857 
applications. In comparison with the considered test stations, the estimated ZWD values using 858 
the C/DA method indicated an RMSE of approximately 0.83 centimeters which was 48%, 73%, 859 
and 72% lower compared to the GFS, GTrop, and PCA-ZWD models. Subsequently, the ZWD 860 
values estimated through the C/DA method were incorporated as constraints into the PPP 861 
method. The proposed framework was rigorously evaluated using GNSS observations from 10 862 
IGS stations and over a one-year period. The results demonstrated that integrating ZWD 863 
corrections into the PPP method reduced the 3D positioning error by approximately 21% 864 
compared to the conventional PPP and 16% compared to the GFS-PPP method, with the majority 865 
of these improvements attributed to enhancements in the vertical direction. The convergence 866 
time required to achieve a 10-centimeter level of accuracy for the PPP-DA method was 867 
approximately 36 minutes, reflecting a reduction of 16% compared to the PPP method and 12% 868 
compared to the PPP-GFS method. Additionally, when comparing convergence times across 869 
various accuracy thresholds, the PPP-DA method consistently exhibited shorter convergence 870 
times than the PPP method, even at a 40-centimeter accuracy level. These results underscore the 871 
significant potential of the C/DA framework in enhancing PPP performance for high-precision 872 
geodetic applications. 873 
Future studies could apply the proposed C/DA and PPP-DA methods in other geographic regions 874 
with diverse topographic and atmospheric conditions to evaluate their robustness and 875 
generalizability. Furthermore, future work may explore the assimilation of additional 876 
observational sources, such as remote sensing satellite data, alongside GNSS observations to 877 
assess the advantages of multi-source data fusion in enhancing ZWD estimation. Lastly, 878 
investigating the potential for real-time implementation of the C/DA method, particularly for 879 
real-time PPP applications, presents a valuable direction. Since real-time PPP depends on 880 
accurate and low-latency tropospheric delay estimates, assessing the performance of the 881 
proposed method under real-time constraints would offer important insights into its operational 882 
applicability. 883 
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