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Abstract 33 

 34 

In this study, we evaluated the impacts of revised observation error on ground-based 35 

global navigation satellite system (GNSS) zenith total delay (ZTD) data in the data 36 

assimilation system of the Korea Meteorological Administration 1.5 km convective-scale 37 

model. Out of 100 total stations on the Korean Peninsula, 40 ground-based GNSS data 38 

stations were assimilated using three-dimensional variational (3D-Var) data assimilation. 39 

The ZTD observation errors were diagnosed for each station using a posteriori methods, 40 

giving errors with a variety of spatial and temporal characteristics. These station-specific 41 

error data were then implemented using the data assimilation system, and their impacts 42 

were evaluated for a one-month period in July 2016.  43 

The root-mean-square error (RMSE) of the relative humidity in the lower troposphere 44 

was found to be improved for the period from T+0 to T+36 hours when using GNSS data. 45 

Replacing the errors used in the previous model with the average diagnosed errors also 46 

provided better results, but they were not as good as the results obtained using 47 

station-specific errors. We found that observation error is closely related to precipitable 48 

water vapor (PWV); therefore, correction values reflecting seasonal characteristics should 49 

be applied. In addition, the quantitative precipitation forecasts were improved in all 50 

experiments using GNSS data, although the effects were small. 51 

 52 
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1. Introduction 56 

Water vapor in the atmosphere has high spatial and temporal variability and is 57 

interrelated with the thermodynamics of the atmosphere. Thus, water vapor is an important 58 

factor for predicting severe weather phenomena, such as localized heavy rainfall and heavy 59 

snowfall. Water vapor information from satellite observation data has often been utilized to 60 

fill the observation gap from radiosondes. In recent years, ground-based global navigation 61 

satellite system (GNSS) data, which have high spatial and temporal resolutions, have been 62 

used to rapidly provide vertically integrated atmospheric water vapor data that could help 63 

overcome the spatial and temporal limitations of radiosonde observations. The GNSS 64 

zenith total delay (ZTD) observation data affect the lower and middle humidity fields and 65 

show a positive effect on the accuracy of predictions of localized heavy rainfall (Bennitt and 66 

Jupp, 2012; De Haan, 2013; Guerova et al., 2016; Sánchez Arriola et al., 2016). 67 

The GNSS ZTD observation data are affected by various sources of uncertainty, leading 68 

to observation errors that must be estimated for data assimilation. These errors include 69 

measurement error, observation operator (forward model) error, representativeness error, 70 

and quality control error (Bormann and Bauer, 2010; Waller et al., 2015). In addition to 71 

device-based errors, observation errors also occur during data processing due to the 72 

mapping functions that convert the slant path signals of multiple satellites into the zenith 73 

direction (Bennitt et al., 2017; Lindskog et al., 2017). 74 

There are several ways to estimate observation errors: Chun et al. (2015) combined all 75 
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factors that lead to error or uncertainty while Desroziers et al. (2005) and Hollingsworth and 76 

Lӧnnberg (1986) applied statistical methods based on the results of data assimilation to 77 

diagnose errors. Generally, errors in non-synoptic data use the standard deviation of the 78 

innovation, which is determined as the difference between the observation and model data 79 

(Boniface et al., 2009; Mahfouf et al., 2015). In the United Kingdom (UK) Met Office 80 

convective-scale forecasting model, almost no difference was found between the standard 81 

deviation of the innovations and the observation errors calculated by Desroziers et al. 82 

(2005), and these results were very similar for both the summer and winter seasons 83 

(Bennitt et al., 2017). On the other hand, Poli et al. (2007) found that the overall ZTD 84 

observation error for the entire European region in the winter and in the summer was 10 85 

mm and 20 mm, respectively, and the ratios of the background error to the observation 86 

error were 1.0 and 0.8, respectively. Thus, the observation error has been observed to 87 

demonstrate different characteristics in each region and season.  88 

A convective-scale data assimilation study over Korea improved the accuracy of 89 

precipitation pattern predictions and quantitative precipitation forecasts for heavy summer 90 

rains in August 2014 (Lee et al., 2015). Kim et al. (2016) used the method proposed by 91 

Desroziers et al. (2005) to calculate ZTD observation errors of 18–25 mm at each of 15 92 

stations in the same model in order to analyze localized heavy rainfall cases from August 93 

2014. The results showed that the location of precipitation was more accurately simulated 94 

when station-based specific errors were applied instead of the constant ZTD error of 6 mm 95 
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typically used for ZTD assimilation by the UK Met Office. 96 

The Korea Meteorological Administration operates its own convective-scale forecast 97 

model, and its prediction area was expanded from the Korean peninsula to the East Asian 98 

region in June 2016. As such, it is necessary to re-evaluate the impacts of GNSS data 99 

assimilation on the quality of the initial conditions and performance of this model. In this 100 

study, the ZTD observation errors were calculated using several different methods, the 101 

error characteristics were analyzed, and the effects of the models on the observation error 102 

were evaluated. Section 2 of this paper describes the numerical model and experimental 103 

design used to evaluate the GNSS ZTD data and their effect on the predictions. Section 3 104 

describes the observation errors for various calculation methods, and Section 4 analyzes 105 

the effect of observation errors in the GNSS data on model predictions. Finally, Section 5 106 

summarizes the results and related conclusions. 107 

 108 

2. Data and Numerical Model 109 

2.1 GNSS ZTD Data 110 

By the time GNSS radio signals are collected by ground-based receivers, they have been 111 

refracted by atmospheric vapor. Usually, a mapping function is used to convert the slant 112 

delay to ZTD. The ZTD observation data can show atmospheric refractivity (which is a 113 

function of atmospheric pressure, temperature, and water vapor pressure) as a vertically 114 

cumulative value. The signal delay that occurs between the satellite and receiver provides 115 



 6 

water vapor information that has been vertically accumulated in the troposphere (Bevis et 116 

al., 1992). The ZTD observation data is the sum of the zenith hydrostatic delay, caused by 117 

dry atmospheric gases and aerosols, and the zenith wet delay, caused by water vapor. The 118 

observation data are distributed with a range of approximately 2–3 m. The Korean 119 

ground-based GNSS observation network is comprised of 100 stations and managed by 120 

four organizations: the Korea Astronomy and Space Science Institute (KASI), the National 121 

Geographic Information Institute (NGII), the National Meteorological Satellite Center 122 

(NMSC), and the National Maritime Positioning, Navigation, and Timing Office. In this study, 123 

we used hourly data from 40 stations produced using ground-based GNSS data processing 124 

software (Bernese v5.0; Dach et al., 2007) at NMSC and 671 automatic weather stations 125 

(AWSs) data were used precipitation and humidity for verification (Fig. 1). 126 

In order to investigate the accuracy of the ZTD observations, the data were converted to 127 

precipitable water and compared with the values calculated from radiosonde data. Figure 2 128 

shows the distribution of the precipitable water calculated at two GNSS stations, SUWN 129 

and KWNJ (Fig. 1), and the precipitable water calculated from radiosonde data collected 130 

nearest to each of these stations over a one-month period in July 2016. The distance 131 

between the radiosonde station and the GNSS station was 20 km for SUWN and 10 km for 132 

KWNJ. The GNSS data and radiosonde data have correlations of over 0.9 for SUWN and 133 

0.8 for KWNJ, indicating that the data correspond well. For the SUWN GNSS data, the 134 

precipitable water tended to be 4.6 mm less than the radiosonde value, and for the KWNJ 135 
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GNSS data, it tended to be 0.5 mm greater. The root-mean-square errors (RMSEs) for the 136 

SUWN and KWNJ stations were nearly identical for the summer season at 6.7 and 6.8 mm, 137 

respectively. These values are similar to the bias of -5.5 mm and the RMSE of 7.0 mm 138 

found at the SUWN GNSS station in the summer of 2014 by Kim et al. (2015). 139 

 140 

2.2 Numerical Weather Prediction and Experimental Design 141 

The convective scale model at the Korea Meteorological Administration (KMA), named 142 

the Local Data Assimilation and Prediction System (LDAPS), is operated for short-range 143 

weather forecasts in East Asia, including the Korean Peninsula. From the Unified Model 144 

(UM) version 10.1, several physics were modified and we named it version 10.1k 145 

(NIMS/KMA, 2016; NMC/KMA, 2017). The lateral boundary uses forecasts from the global 146 

KMA model, and LDAPS has a variable grid system with an inner fixed grid of 1.5-km 147 

horizontal resolution, and an outer grid of 4-km resolution (Fig. 1); the analysis cycle 148 

system uses first guess at appropriate time (FGAT; Lorenc and Rawlins, 2005) 3D-Var data 149 

assimilation at 3-h intervals in 70 vertical layers (Table 1), and a 36-h forecast is predicted 150 

in 6-h intervals. Observation data preprocessed by the observation processing system 151 

(OPS) are ingested into the 3D-Var data assimilation system with a 3-km resolution. To 152 

supplement the 3D-Var, the analysis increment is gradually entered as input to mitigate the 153 

shock to the model, and an incremental analysis update (IAU) is used to increase the effect 154 

of each increment (Weston, 2014). Additionally, radar reflectivity data are assimilated into 155 
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the model by the latent heat nudging method.  156 

In order to explore the impacts of the GNSS data and observation errors on the 157 

performance of LDAPS model forecasts, the four experiments described in Table 2 were 158 

conducted for July 2016. Conventional data describing the surface, radiosonde, aircraft, 159 

Scatwind, and radar radial velocities were assimilated in all experiments. The control 160 

experiment (CNTL) did not use GNSS data. The other three experiments used the standard 161 

deviations of innovation in previous model (9 mm at all stations; EXP1), the observation 162 

error for each station calculated by the method of Desroziers et al. (2005) (EXP2), and the 163 

monthly average observation error at each of the stations in EXP2 (EXP3). 164 

 165 

3. GNSS Observation Error Characteristics 166 

3.1 Quality Control 167 

To ensure quality GNSS data, data points were removed when the ZTD innovation was 168 

greater than 55 mm, and the data were not used if the difference between the altitude of the 169 

model surface and receiver exceeded 300 m (Bennitt and Jupp, 2012). To exclude the time 170 

effect on the observation data, the data that were collected closest to the analysis time 171 

were used. As a result, innovations for CNTL and EXP1 exhibited a normal distribution, 172 

except for certain stations due to technical issues with equipment. Figure 3 compares the 173 

time series for the observed ZTD and the model ZTD at the Daejeon station, which is an 174 

international standard observatory. The two values show similar distributions, and their 175 
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differences are mostly distributed within ±0.1 m, with the exception of two outliers, 176 

indicating that quality of the observed ZTD results is equivalent to that of international 177 

standard observations. 178 

 179 

3.2 Bias Correction 180 

The 3D-Var method assumes that there is no bias in the observation data. Thus, before 181 

data assimilation, the data from each station must be bias corrected. Following Bennitt and 182 

Jupp (2012), the mean value of the innovation over 28 days at each station was used for 183 

bias correction. When the model was upgraded or when there were seasonal changes, 184 

static bias correction methods were used to manually perform renewal (Bennitt and Jupp, 185 

2012). Otherwise, an automatic renewal of the innovation 30 days before the data 186 

assimilation time (De Haan, 2013) was used. Outliers in the GNSS observation data were 187 

removed, and static bias correction was performed for the one-month period under 188 

investigation. The difference in the mean ZTD bias of the 40 stations before and after the 189 

bias correction was 10.3 mm, which is similar to the 10 mm difference found by Yan et al. 190 

(2009). 191 

 192 

3.3 Observation Error Characteristics 193 

To determine the observation error of each station, the standard deviation of the 194 

innovation was calculated for July 2016 using the conventional methods for calculating 195 
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observation error from Hollingsworth and Lӧnnberg (1986) and Desroziers et al. (2005). 196 

The Hollingsworth and Lӧnnberg (1986) method is efficient for use with a sufficiently dense 197 

observation network that provides information in a variety of scales. Under this method, the 198 

observation error is assumed to be separated and have no correlation between stations, 199 

but the background error is assumed to have a spatial correlation. The covariance is 200 

calculated as the distance between the covariance of the innovation of the station for which 201 

the observation error is to be found and the remainder of the stations. Then, the value is 202 

extrapolated to 0 km to define the background error covariance, and the excluded value is 203 

the observation error covariance. The Desroziers et al. (2005) method calculates the 204 

observation error covariance by utilizing the statistical values of the innovation and the 205 

analysis residual, and the square root is taken to estimate the observation error through the 206 

standard deviation. This method also relies on an intrinsic assumption of separation of 207 

scales and correlation between the background and observation errors. Considering the 208 

existence of possible biases, the standard deviation of the observation error can be 209 

expressed by:  210 

   √
 

 
∑                (

 

 
∑        
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∑        
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           (1) 211 

where σi is the standard deviation of the observation error of each station (m; hereafter 212 

named the observation error); Oi is the ZTD observation value (m); Ai and Bi are the ZTD 213 

values (m) calculated from the model variables of the analysis field and the background, 214 

respectively; and n is the number of observations. This method is widely used, and unlike 215 
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the Hollingsworth and Lӧnnberg (1986) method, it uses values from the same stations, 216 

providing the advantage of not needing to consider the entire observation network.  217 

Figure 4 shows a time series comparing the ZTD observation errors of each station 218 

calculated using three methods: the standard deviation of innovation, the Hollingsworth and 219 

Lӧnnberg (1986) method, and the Desroziers et al. (2005) method. The units were 220 

converted to millimeters for visibility. The observation errors found using the standard 221 

deviation of innovation and Hollingsworth and Lӧnnberg (1986) methods exhibited similar 222 

40-station mean values of 29.8 and 30.8 mm, respectively. Notably, using only 40 stations 223 

in this experiment does not comply with the assumption of the Hollingsworth and Lӧnnberg 224 

(1986) method and thus the result appears to be inaccurate. The mean observation error 225 

calculated by the Desroziers et al. (2005) method was 23.8 mm, which was the lowest 226 

observation error of all methods, and the differences between the maximum and minimum 227 

values for each station were small. The observation errors were smaller in the case of using 228 

the Desroziers et al. (2005) method because it uses an analysis field that performs data 229 

assimilation. However, some stations of the NMSC showed much larger errors than others 230 

because the number of observations was small in July 2016. For the data assimilation 231 

system used in this experiment, the recommended approach was to use the minimum 232 

number of data points (168) for at least seven days, but more than 150 data points 233 

corresponding to 6.25 days were applied for many stations. Therefore, some points, which 234 

collected fewer than 150 data, were not used for data assimilation. 235 
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In general, ZTD data are used for climate monitoring, as task for which the long-term ZTD 236 

observation error is stable. To examine the seasonal characteristics of the ZTD observation 237 

error over a short period of time, the monthly averages of precipitable water, precipitation, 238 

and observation error were calculated for 2017, utilizing the method of Desroziers et al. 239 

(2005) with the LDAPS and continuous data from 40 GNSS observation stations (Fig. 5). 240 

The ZTD observation error was high in July and August, when there was a large amount of 241 

precipitation, because the model performs worse during the humid summer season. As a 242 

3D-Var with a constant B-Matrix was used, the variations in the model background error are 243 

presumably represented poorly, which increases the innovation. Thus, increasing the ZTD 244 

observation error in order to compensate for this effect might be beneficial. Errors in the 245 

spring and fall were similar, and winter had the lowest error distribution. Indeed, in the 246 

summer (June–August) and the winter (December–February), mean observation errors 247 

were 30 mm and 14 mm, respectively. Thus, the mean observation error was approximately 248 

2.1 times larger in summer, when a large volume of water vapor was present in the 249 

atmosphere, than in winter, when little water vapor was present. This result agrees with the 250 

findings of other studies (Poli et al., 2007; Rohm et al., 2014) that show that ZTD 251 

observation data are closely related to atmospheric conditions. The ZTD depends on the 252 

refractivity N, which is a function of atmospheric pressure, temperature, and humidity, all of 253 

which change seasonally in the mid-latitudes of the northern hemisphere. The observation 254 

error shows high seasonal variability depending on the precipitable water and precipitation, 255 
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with a particularly high correlation (0.95) to precipitable water, demonstrating that seasonal 256 

characteristics must be considered when observation error is used to assimilate 257 

ground-based GNSS data.  258 

 259 

4. Forecast Effect in the Local Model 260 

To examine the effects of observation error on the assimilation of ground-based GNSS 261 

data, this study examined the difference in specific humidity analysis increments between 262 

the CNTL and the other three experiments (EXP1–EXP3) at the initial time when the cycle 263 

forecast experiments started, as well as at the 1-h accumulated precipitation times at 671 264 

AWSs (Fig. 6). Figure 6b shows the difference between the analysis increments of the 265 

specific humidity of CNTL and EXP1 at the lowest level. The area where the analysis 266 

increment is largest corresponds to the area around the GNSS observation station. Large 267 

positive increments in water vapor occurred around the GNSS stations near the southern 268 

coast where more precipitation occurs. The analysis increment shows that water vapor 269 

information from the ground-based GNSS data was suitably reflected in the model. We 270 

examined the vertical distribution of the analysis increment between each experiment and 271 

the control experiment at the Jinju station (JINJ), which showed the largest positive 272 

increment (Fig. 6c). As expected, the increment was largest in EXP1 (black), which also 273 

showed the smallest observation error. Meanwhile, the increment was smallest in EXP2 274 

(red), which used the observation error for each station calculated by the Desroziers et al. 275 
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(2005) method. The increment in EXP3 (blue), which used the monthly mean observation 276 

error, showed a pattern similar to that of EXP2, but it was slightly larger at every level. 277 

These observations confirmed that the magnitude of the increment changes with variations 278 

in the observation error. 279 

 280 

4.1 GNSS Data Assimilation Effects 281 

Analysis of the residual histograms (Fig. 7) of CNTL and EXP1 reveal that the bias and 282 

RMSE of EXP1 were lower than those of CNTL. These findings show that the analysis field 283 

that assimilated the GNSS data matches the observation data better than the analysis field 284 

that did not perform ZTD assimilation. Thus, the GNSS data assimilation module functioned 285 

properly. In the verification that used the 671 AWSs ground-based humidity data, the 286 

experiment that added the GNSS data also had a lower RMSE that was maintained from 287 

the initial forecast to the 30-h forecast (Fig. 8). The GNSS data showed a maximum 288 

improvement effect for a ground-based humidity of 1.3% at 10-h and an overall 289 

improvement of 0.4% over 36-h. 290 

 291 

4.2 GNSS Observation Error Sensitivity 292 

The data from 58 radiosondes included in the LDAPS domain were used to compare the 293 

analysis field to the 36-h forecast at 6-h intervals in the middle to lower troposphere below 294 

500 hPa, where water vapor is primarily distributed. Figure 9 shows the humidity RMSE 295 
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improvement rates of EXP1–3 compared with CNTL, in which a positive value indicates that 296 

the experimental RMSEs were lower than those of CNTL. The improvement rates were 297 

calculated using Eq. (2).  298 

                                          
        

        
                        (2) 299 

The lowest humidity RMSE occurred in EXP2 in the analysis field at the lower 300 

troposphere below 700 hPa, and it also showed the highest improvement rate (1.8%). For 301 

the 6-h forecast time, the improvement rates of EXP1 and EXP2 were the same (3.7%), 302 

and for the 12-h forecast time, the improvement rates showed a trend similar to that of the 303 

analysis field. The overall improvement rate of the 18-h forecast humidity field was better 304 

than that of the 6-h forecast results, with improvements in EXP2 and EXP3 of 4.2% and 305 

4.8%, respectively. The improvement rates from the analysis time to the 36-h forecast were 306 

0.5%, 2.0%, and 1.3%, for EXP1, EXP2, and EXP3, respectively. In the results that used 307 

the newly calculated observation error for each station reflecting the current model’s 308 

characteristics, the lower level humidity field improvement was the largest. The use of the 309 

monthly average at all stations, which made the observation error easier to apply, did not 310 

have a substantial effect. These results reveal that using a small observation error can 311 

produce results that are worse than the background error. These findings are similar to 312 

those of Benáček et al. (2016), who empirically increased or decreased the observation 313 

error to decrease the data’s spatial error correlation. 314 

The Critical Success Index (CSI) and bias in the 1-h accumulated precipitation data from 315 
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671 AWSs were examined for the experiments that added GNSS data and for CNTL, which 316 

did not add GNSS data (Fig. 10). Compared with CNTL, the CSI of EXP1–3 increased at all 317 

threshold values, showing that adding GNSS data alone increases precipitation forecast 318 

accuracy. There was no substantial difference in the precipitation forecast performance due 319 

to the observation error during the overall forecast time. However, EXP2 had the highest 320 

mean CSI (by a small amount) for the threshold value 3–15 mm during 36-h forecast. In 321 

addition, in EXP1–3, the underestimation of precipitation of less than 1 mm was improved 322 

compared with that in CNTL, and the tendency of CNTL to overestimate precipitation 323 

greater than 10 mm was clearly improved. Furthermore, the bias in EXP2 was improved at 324 

all threshold values.  325 

 326 

5. Summary and Conclusions 327 

In this study, South Korean ground-based GNSS data were used in LDAPS via 3D-Var in 328 

order to expand and optimize the use of local observation data. Quality control was 329 

performed on data collected from 40 stations, and the results confirmed that, with the 330 

exception of certain stations, most of the errors show an almost normal distribution and that 331 

the quality of the results was as good as international standard observations. To make 332 

optimal use of the GNSS observation data in the convective-scale forecast model, the 333 

observation error characteristics were examined and their effects on the model were 334 

evaluated. The observation error was calculated using three different methods: one method 335 
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that utilized the standard deviation of innovation from the existing convective-scale forecast 336 

model, and two methods (Hollingsworth and Lӧnnberg, 1986; Desroziers et al., 2005) that 337 

utilized the statistical values of the data assimilation results. Comparing these methods 338 

showed that the values calculated using the Hollingsworth and Lӧnnberg (1986) method 339 

had no substantial difference from the standard deviation of innovation, but the observation 340 

errors calculated using the Desroziers et al. (2005) method were on average 6 mm smaller 341 

at all stations than those of the other two methods. The observation error and precipitable 342 

water showed a similar seasonal variation, and the observation error in summer was 343 

approximately 2.1 times larger than that in the winter. In contrast with a study using the 344 

same observation error for each season and station (Bennitt et al., 2017), using different 345 

observation errors for different seasons or months was considered to be more appropriate 346 

for the Korean climate. 347 

Three one-month experiments were performed on the LDAPS using data from July 2016 348 

with stable quality. The relative humidity improvement rate of the experiment with individual 349 

ZTD error characteristics for each station was the largest (2%) from the analysis time to the 350 

36-h forecast time in the lower atmosphere (925–700 hPa) in summer. For precipitation 351 

forecasts, each experiment showed better quantitative precipitation forecast performance 352 

than the control. The effect of observation error was not large, but the precipitation forecast 353 

performance of the experiment that used the observation error of each station was high for 354 

precipitation threshold values below 15 mm, while the bias was improved for all 355 
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precipitation threshold values. By providing the water vapor information at the initial time via 356 

ground-based GNSS data assimilation, the analysis field was made to be more humid, 357 

mitigating the precipitation production delay phenomenon. Thus, by providing realistic 358 

water vapor information at the initial time that is similar to reality, the quantitative 359 

precipitation forecast performance can be improved. Indeed, the best forecast performance 360 

was obtained when using observation errors that reflected the model’s characteristics and 361 

observations for each station considering seasonal variation. 362 

In future work, additional research on GNSS data bias corrections in convective-scale 363 

forecast models will be conducted, and the use of GNSS data to forecast severe weather 364 

and to improve nowcasting will be examined. 365 

 366 

Appendix A. The ZTD Observation Operator 367 

The ZTD operator uses model variables from the forecast time of each GNSS station (i.e., 368 

the model background), to calculate the ZTD. This function vertically integrates the 369 

refractivity N, which depends on the atmospheric pressure, temperature, and humidity. The 370 

refractivity has a large value at the surface and decays exponentially with increasing 371 

altitude as follows (Poli et al., 2007): 372 

       6 ∫     
   

   
                           (A1) 373 

where z is the altitude (m) above the surface and N is the refractivity based on the refractive 374 

index n, which is expressed by: 375 
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                               (A2) 376 

where pd is the dry air partial pressure, pv is the water vapor partial pressure, T is the 377 

temperature, and k1, k2, and k3 are refractivity constants (Bevis et al., 1994). By substituting 378 

pd = p-pv into Eq. (A2): 379 

    
 

 
        

  

 
   

  

                           (A3) 380 

According to Smith and Weintraub (1953), a negligible error occurs when the second and 381 

third terms of Eq. (A3) are lumped within a limited temperature range (-50–40 °C). The two 382 

terms are divided by 𝑝𝑣  
   and if T is 273 K, the composite coefficient ( 4) is 3 73    5. 383 

Thus, Eq. (A4) can be approximated for use in LDAPS as an observation operator as 384 

follows: 385 

    
 

 
  4

  

                                 (A4) 386 

Figure A1 shows the model levels, variables, and GNSS station for the ZTD calculation 387 

(Bennitt and Jupp, 2012). The observation operator starts at the bottom of the model and, 388 

between each model level, assumes that the potential temperature and specific humidity 389 

are constants in order to calculate the refractivity at each theta (θ) level until the top of the 390 

model is reached. The Exner pressure on the rho (ρ) level is given by: 391 

Π𝜌  (
  

    
)
    

                               (A5) 392 

which can be linearly interpolated to the height of the ith θ level as follows: 393 

    Π𝜃𝑖
  Π𝜌𝑖

      Π𝜌𝑖+1
                          (A6) 394 

where  395 
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  𝑖+1

   𝑖

  𝑖+1
   𝑖

                                (A7) 396 

and the pressure on the ith θ level is given by: 397 

𝑝𝜃𝑖
 𝑝   (Π𝜌𝑖

)
    

                                (A8) 398 

The mean layer virtual temperature is then found by solving the hydrostatic equation 399 

assuming a constant potential temperature across the model layer. 400 

  
  

     𝑖  𝑖     
                                (A9) 401 

The exponential refractivity observation operator is given by the following equations (Mark 402 

and Gemma, 2014): 403 

                6 ∫      (       𝜃𝑖
 )   

  𝑖+1
  𝑖

               (A10) 404 

                6  ∫            𝑝    𝜃𝑖
   

  𝑖+1
  𝑖

               (A11) 405 

                6     (   𝜃𝑖
) ∫            

  𝑖+1
  𝑖

               (A12) 406 

                 6  𝑖

 𝑖
   (   𝜃𝑖

)(   (    𝜃𝑖+1
)     (    𝜃𝑖

))         (A13) 407 

where  408 

   
  (

  𝑖+1
  𝑖

)

  𝑖
   𝑖+1

                                (A14) 409 

When the model reaches the final θ level, the refractivity is integrated to the top ρ level such 410 

that: 411 

                 6  𝑖

 𝑖
   (   𝜃𝑖

)(         𝜌𝑖+1
           𝜃𝑖

 ).        (A15) 412 

After calculating the refractivity on every level, the operator starts at the bottom level and 413 

checks if the station height lies below each level. The GNSS station could lie between 414 
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model levels (Fig. A1a) or below the model surface (Fig. A1b). The method of accounting 415 

for these situations is the same. The operator iterates up the levels until reaching: 416 

 𝜌𝑖+1
                                             (A16) 417 

At this level, the zenith delay for the partial layer is calculated by: 418 

                 6  𝑖

 
   (  𝜃𝑖

)(         𝜃𝑖+1
                  )        (A17) 419 

 420 
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Table 1  Configuration of LDAPS in KMA. 655 

 656 

Dynamics UM V10.1k ENDGame (Met Office, 2014) 

Horizontal resolution Variable grid (outer: 4 km, inner: 1.5 km) (Tang et al., 2013) 

Vertical resolution 70 levels (top: ~39 km) 

Forecast time 36 hours (6-hourly cycles) 

Time step 60 s (short-step: 30 s) 

Initialization 3D-Var (FGAT, IAU) (3-hourly cycles) 

Lateral boundary KMA Global model (17 km) 

Microphysics Mixed-phase precipitation, modified Abel and Boutle (2012) 

Cumulus parameterization None 

Radiation Edwards and Slingo (1996) general 2-stream scheme 

Land Surface scheme 
Joint UK Land Environment Simulator (JULES) 

4 layer soil model using van Genuchten (1980) soil hydrology 

PBL 
First order non-local boundary layer scheme (Lock et al., 

2000) 

Gravity Gravity wave drag due to orography 

 657 

658 
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Table 2  Sensitivity experiments of GNSS ZTD observation errors. 659 

 660 

Experiment 
Observation Error 

(Method, Approximate Values) 

CNTL No GNSS 

EXP1 Standard deviation of innovation, 9 mm 

EXP2 Desroziers, station-dependent 18–30 mm 

EXP3 Desroziers, 23.8 mm 

 661 


