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Abstract 42 

 The sensitivity of short term forecasts of precipitation, temperature, and dewpoint to soil 43 

moisture initialization in the Weather Research and Forecasting (WRF) model was investigated.  44 

Model simulations were initialized with soil moisture values from the North American Regional 45 

Reanalysis (NARR) dataset and with those retrieved from the Soil Moisture Ocean Salinity 46 

(SMOS) satellite.  SMOS soil moisture data were bias-corrected based on a 2 year soil moisture 47 

climatology difference between NARR and SMOS before being regridded and directly inserted 48 

into the model.  The insertion method was simplistic with no cycling between days.  In addition, 49 

runs which applied a 0.10 m
3
/m

3
 soil moisture addition for each scenario to account for the 50 

observed NARR bias were performed.  Ten cases were chosen which met the criteria of having 51 

convection, but with minimal synoptic-scale forcing, and having a SMOS pass covering the 52 

Great Plains region.  Results showed minimal changes in precipitation forecast skill in all of the 53 

runs, but there was a more substantial relationship between the initial soil moisture changes and 54 

the modeled 2 m temperature and dewpoint changes.  WRF runs with the SMOS soil moisture 55 

configuration significantly improved forecasts of maximum temperature and dewpoint when 56 

compared to Oklahoma Mesonet observations for some cases.  These results using SMOS soil 57 

moisture showed some promise in terms of the usefulness of the satellite data, but given the 58 

simplicity of the insertion method, more work will need to be done with sophisticated data 59 

assimilation techniques to confirm these results.  60 
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1.  Introduction 61 

 This study performs a simplistic substitution of Soil Moisture Ocean Salinity (SMOS) 62 

soil moisture products into the Advanced Research Core of the Weather Research and 63 

Forecasting Model (WRF) [Skamarock, 2008], using 4 km horizontal resolution integrations with 64 

explicit treatment of convection. The goal is to assess the sensitivity of initial soil moisture to 65 

daytime temperature, dewpoint, and convective precipitation.  Previous studies [e.g., Done et al., 66 

2004; Weisman et al., 2008] found a more realistic diagnosis of convection using such runs 67 

compared to coarser models, which are subject to convective parameterizations that may contain 68 

errors.  Kain et al. [2008] concluded no increase in skill from using a 2 km horizontal resolution 69 

over a 4 km horizontal resolution and given the increased computing power required for higher 70 

resolution runs, 4 km runs were decided as optimal.  Given the coupling that exists between the 71 

land surface and atmosphere, it is important to assess the ability of models to accurately depict 72 

known relationships between soil moisture, temperature, dewpoint, and precipitation.  Data 73 

assimilation experiments attempt to adjust the initial soil moisture to an optimal level based on 74 

observed and modeled data.  Because of this, it is necessary to assess both the validity of the 75 

modeled data and the sensitivity of the model to soil moisture changes.   76 

 Several studies have found a strong relationship between soil moisture changes and 77 

resultant impacts on convective development.  Pielke and Zeng [1989] found that wetting soil 78 

through irrigation can increase the probability of convective development.  Trier et al. [2004] 79 

used a high-resolution initialization of soil moisture and noted more accurate convection 80 

initialization compared to when a lower resolution initial soil moisture data set was used.  81 

Studies by Lanicci et al. [1987], Mahfouf et al. [1987], Chang and Wetzel [1991], Clark and 82 

Arrit [1995], Frye and Mote [2010], and Case et al. [2011] all show soil moisture having some 83 
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impact on convective development or mesoscale circulations.  Ookouchi et al. [1984] found that 84 

soil moisture boundaries can create mesoscale circulations similar to summertime sea breezes, 85 

which could drive convection.  While Collow et al. [2014] did not find any major changes in 86 

convective precipitation due to soil moisture changes, only uniform soil moisture changes were 87 

made in cases with extreme synoptic forcing.  This study imposes non-uniform adjustments 88 

based on SMOS values for cases with weaker forcing, specifically where no dryline or low level 89 

jet stream was present to force convection.  Given the numerous soil moisture remote sensing 90 

projects in progress including Advanced Microwave Scanning Radiometer 2 (AMSR2) [Imaoka 91 

et al., 2010], Argentine Microwaves Observation Satellite (SAOCOM; 92 

http://www.invap.com.ar/en/projects/saocom-satellites.html), and Soil Moisture Active Passive 93 

(SMAP) [Entekhabi et al., 2010], it is important to assess the potential uses and applications of 94 

the data provided by these programs.  While this study is not intended to directly assess the 95 

usefulness of SMOS soil moisture data assimilation due to limitations in the methodology, it will 96 

provide an assessment of WRF sensitivity to changed spatial soil moisture and allow a 97 

determination of the potential of SMOS to be used for such experiments. 98 

 The SMOS satellite was launched in 2009 by the European Space Agency and is 99 

designed to infer soil moisture content through measurements of brightness temperature from an 100 

L-band radiometer.  The wavelength at which SMOS observes is considered ideal for soil 101 

moisture measurements [Vinnikov et al., 1999; Njoku et al., 2003] as shorter wavelengths (higher 102 

frequencies) are more sensitive to errors resulting from the effects of vegetation and surface 103 

roughness, while longer wavelengths (lower frequencies) are more susceptible to interference 104 

from anthropogenic radio waves.  SMOS has a horizontal resolution of approximately 40 km and 105 

a mission objective of soil moisture measurement accuracy within 0.04 m
3
/m

3
 [Kerr et al., 2001].  106 
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Several studies have evaluated SMOS soil moisture products against in-situ soil moisture 107 

observations.  Bitar et al. [2012], using Soil Climate Analysis Network observations over the 108 

continental United States, and Collow et al. [2012], focusing on the United States Great Plains 109 

and using a variety of in situ sensors over a single SMOS footprint, both found that SMOS soil 110 

moisture retrievals were too dry.  Jackson et al. [2012] looked at four individual watersheds over 111 

different regions of the United States, each having different soil types, and found that the SMOS 112 

errors were close to the target accuracy of 0.04 m
3
/m

3
.   The difficulty in measuring coarse-scale 113 

soil moisture from ground-based sensors was highlighted by Collow et al. [2012], who showed 114 

large differences in soil moisture values even among sensors close in proximity to each other, 115 

which could be explained by different sensor calibration methods and the high spatial variability 116 

of soil moisture.  Because of this spatial variability, Crow et al. [2012] concluded that is 117 

infeasible to compare an entire footprint to a single point observation.    Although the actual soil 118 

moisture values may be questionable, the aforementioned evaluation studies show a good 119 

temporal correlation between the SMOS data and in-situ observations indicating their potential 120 

usefulness.  SMOS soil moisture is beginning to be ingested into weather forecasting models, 121 

most notably at the European Center for Medium Range Weather Forecasting (ECMWF) 122 

[Sabater et al., 2012].    Schneider et al. [2013] assimilated soil moisture from the Advanced 123 

Scatterometer (ASCAT) and saw improvements in convection forecasts in a regional model.  124 

Using an offline land surface model, Draper et al. [2012] found that the assimilation of soil 125 

moisture products from ASCAT and the Advanced Microwave Sounding Radiometer (AMSR-E) 126 

improved modeled soil moisture when compared to in-situ observations.   127 

 Here the goal will be to assess whether or not a simple SMOS soil moisture substitution 128 

can improve weather forecasts.  If it indeed does so, then it can only be expected that more 129 
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complex data assimilation systems [e.g., Reichle, 2008] will improve forecasts even more 130 

signifying the potential usefulness of the satellite data.  However, even if no improvements are 131 

found using the simplistic approach in this experiment, it is still possible that more traditional 132 

data assimilation procedures would still create improvements, as they would create an optimal 133 

blend of the model and satellite observations, rather than our approach which just treats the 134 

observations as 100% truth.  Zhao et al. [2014] showed that data assimilation of SMOS soil 135 

moisture into a land surface model resulted in more accurate soil moisture compared to just 136 

remotely sensed data and open loop simulations over the Tibetan Plateau.  We seek to determine 137 

the potential usefulness of SMOS soil moisture data with the absolute minimum of what would 138 

be required to conduct a data assimilation experiment.  Therefore, any positive results from this 139 

experiment could be used to show that more robust data assimilation experiments using SMOS 140 

will likely further improve forecasts. 141 

2.  Model Set-Up 142 

2.1 Basic Configuration 143 

 The model used in this study is version 3.4.1 of the Advanced Research core of the WRF 144 

model (WRF-ARW).  The nesting and parameterization schemes are identical to those used in 145 

the base configuration from Collow et al. [2014].  As in that study, WRF schemes were chosen to 146 

mimic the configuration of the National Oceanic and Atmospheric Administration Storm 147 

Prediction Center.  The microphysics, longwave radiation, shortwave radiation, and planetary 148 

boundary layer schemes used were the WRF Single Moment 6 Class Microphysics Scheme 149 

[Hong and Lim, 2006], the Rapid Radiative Transfer Model [Mlawer, 1997], the Dudhia Scheme 150 

[Dudhia, 1989], and the Mellor-Yamada-Janjic (MYJ) scheme [Mellor and Yamada, 1982] 151 

respectively.  A three way nesting was established with the innermost nest having a 4 km 152 



 - 6 - 

horizontal resolution and being focused over the United States Great Plains (429x336 x-y grid), 153 

which is shown in Figure 1.  This innermost nest has a high enough resolution for convection to 154 

be treated explicitly, and is the region where the results will be analyzed.  The model was 155 

initialized at 00 UTC and run for 30 hours for each of the cases, which are discussed at the end 156 

of this section.  North American Regional Reanalysis (NARR) [Mesinger et al., 2006] data were 157 

used as initial and boundary conditions and WRF was coupled with the Noah Land Surface 158 

Model [Ek et al., 2003], which is the same land surface model used in NARR.  The horizontal 159 

resolution of NARR is approximately 32 km.  Because of this relatively low resolution, outer 160 

nests were required to force the model but were not used in the evaluation of results.  Although a 161 

large model domain was used, model output changes may be partially constrained by the 162 

constant boundary conditions.  However, because of the computing time required to do larger 163 

domain runs combined with the success of Collow et al. [2014] in producing significant 164 

precipitation changes in some analyses within the same domain set-up, the size of the domain is 165 

justified.   166 

2.2 SMOS Soil Moisture Substitution  167 

2.2.1 Regridding to a 4 km Grid 168 

 Instead of imposing spatially uniform changes to soil moisture, soil moisture values were 169 

adjusted based on measurements from SMOS.  Version 5.00 of the SMOS reprocessed dataset 170 

was used, which further improved the algorithms used to deduce soil moisture values from native 171 

brightness temperature fields and factored out radio frequency interference 172 

(https://earth.esa.int/c/document_library/get_file?folderId=127856&name=DLFE-2302.pdf). The 173 

level 2 product was used, which is generated at a 15 km horizontal resolution (SMOS level 2 174 

processor soil moisture ATBD available online at https://earth.esa.int/pub/ESA_DOC/SO-TN-175 
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ARR-L2PP-0037_ATBD_v3_3.pdf) and individual pixels were close enough so that the data 176 

could be regridded to a 4 km resolution to be used in this experiment.  The regridding was done 177 

using a Cressman Objective Analysis and data were mapped to the grid of the innermost WRF 178 

nest.  Some pixels are likely to be erroneous as SMOS was not designed for high-resolution 179 

modeling.  The SMOS data were simply used as a proxy for the soil moisture changes to 180 

determine if and how the model would respond and whether or not the data have potential if a 181 

more complex data assimilation system was used which would likely result in less errors.  Figure 182 

2 illustrates the regridding procedure by showing the locations of each individual pixel and the 183 

regridded result for the SMOS pass on 23 June 2010 00 UTC.   184 

2.2.2 Correcting for SMOS Bias 185 

 A simple bias correction was then applied to the SMOS data before substitution.  Satellite 186 

data need to be corrected for biases before being used [Reichle and Koster, 2004] in data 187 

assimilation experiments and therefore bias correction was applied here as well.  In this study, 188 

bias was defined as the mean difference between NARR and SMOS over a two year period.  189 

Specifically, SMOS data were regridded as described above and compared to NARR data from 190 

the non-winter months (March through November) of 2010 and 2011, also regridded to a 4 km 191 

grid.  The winter season was eliminated as snow cover interferes with the satellite retrievals.  192 

Figure 3 shows the mean SMOS soil moisture values, the mean NARR soil moisture values, and 193 

the difference between the two at each grid point, which effectively represents the SMOS bias.  194 

Elevation data from GTOPO30 [Gesch et al., 1999] is also plotted.  GTOPO30 is a high 195 

resolution digital elevation model with a horizontal grid spacing of approximately 1 km.  There 196 

are relatively low soil moisture biases over the Great Plains and larger biases over the Rocky 197 

Mountain region in the west.  One must take the values over the mountains with caution as 198 
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heterogeneities in topography likely result in high soil moisture variability within individual 199 

pixels [Charpentier and Groffman, 1992].  There are also higher biases further east over 200 

Arkansas and Missouri where the land is more forested.  Over the domain of interest, where the 201 

land use type is mainly grassland and cropland, the biases are closer to zero.  202 

  This SMOS bias was removed from the raw SMOS data and then substituted into the 203 

WRF model for the surface soil moisture layer (0-10 cm depth).  The soil porosity was set as the 204 

upper bound for soil moisture, and the same changes that were applied to the surface were 205 

applied uniformly to the deeper soil layers (10-40 cm depth, 40-100 cm depth, and 100-200 cm 206 

depth) as done by Collow et al. [2014].  A greater volume of water was added to the deeper 207 

layers due to their increased thickness.  Although this may be unrealistic as lower soil layers 208 

have less temporal variability than near surface soil moisture, a constant ratio of water to soil 209 

was preserved for the changes at all levels.  Root zone soil moisture is important, as highlighted 210 

by Sabater et al. [2006], Kumar et al. [2009] and Draper et al. [2012], especially in forested 211 

environments where the roots grow deeper, and as a result can transport deep water up to the 212 

surface.  If SMOS data were missing or undefined, the NARR data were not changed.   Using 213 

this method, a new soil moisture initialization dataset was generated with non-uniform changes.  214 

2.3 Summary of Simulations 215 

 Since the model runs start at 00 UTC, descending SMOS passes were used, which 216 

measure soil moisture over the Great Plains at approximately the same time.  The runs used 217 

identical initial conditions except for soil moisture.  The soil moisture configurations were the 218 

original NARR (CONTROL-Run), NARR substituted with bias corrected SMOS as previously 219 

explained (SMOS-Run), and two additional runs that add 0.10 m
3
/m

3
 to the original NARR 220 

(CONTROL + 0.10-Run) and bias corrected SMOS (SMOS + 0.10-Run), as Collow et al. [2014] 221 
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found that NARR soil moisture data were too dry when compared to Oklahoma Mesonet soil 222 

moisture observations.  The 0.10 m
3
/m

3
 addition was applied to all soil levels as described above. 223 

2.4 Cases 224 

 Cases were chosen for the years 2010 and 2011 based on several factors outlined below: 225 

1. Occurring during the months of meteorological summer (June through August). 226 

2. Minimal dynamical forcing for convection (no dryline or low level jet stream present). 227 

3. Having at least 1 mm of mean precipitation over an evaluation domain that encompasses 228 

Kansas and Oklahoma (Figure 2) calculated using the National Centers for 229 

Environmental Prediction (NCEP) Stage IV Precipitation Product [Lin and Mitchell, 230 

2005].  The NCEP Stage IV product is derived using radar and gauge data and has 231 

undergone some quality control.  The 1 mm threshold was chosen arbitrarily based on 232 

comparisons with other precipitation thresholds that were tested.  A greater threshold 233 

would result in fewer useable cases while a reduced threshold would result in more cases 234 

but too little precipitation coverage.   235 

4. A SMOS pass covering the evaluation domain at 00 UTC.  The swath must cover the 236 

entire inner domain region, as opposed to only a fraction.  Although SMOS has a revisit 237 

time of three days, an appropriate pass will not necessarily occur every three days due to 238 

different orientations of the swath.  The size of the inner domain is chosen because it is 239 

close to the width of a SMOS swath.  Using the entire d03 domain would be infeasible as 240 

the swath would only cover it partially. 241 

Because of these restrictions only a small number of suitable cases were identified from 2010 242 

and 2011.  To be more specific, out of the 184 days available, only 28 had useable SMOS data 243 

and 80 had mean precipitation of at least 1 mm in the evaluation domain.  There were only ten 244 
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days where both of these conditions were met and are selected as cases for this study, namely 23 245 

June 2010, 6 July 2010, 11 July 2010, 24 July 2010, 16 August 2010, 10 June 2011, 28 June 246 

2011, 29 July 2011, 3 August 2011, and 16 August 2011.  Model precipitation output was 247 

evaluated from 18 UTC to 06 UTC the next day using the NCEP Stage IV product, which covers 248 

the afternoon convective development.  2 m Temperature and Dewpoint responses were also 249 

assessed. 250 

3.  Results 251 

3.1 Precipitation 252 

 Precipitation was evaluated using two methods.  First a simple areal average of total 253 

precipitation across the evaluation domain was applied for each run.  Next an analysis of the 254 

equitable threat score (ETS) was performed to assess the skill of WRF to predict precipitation 255 

timing.  Table 1 shows precipitation values for all cases and soil moisture scenarios.  Figure 4 256 

illustrates the initial soil moisture used in WRF for the four runs beginning 23 June 2010 00 257 

UTC.  Both SMOS-Run and CONTROL-Run have the wettest soil across northern Kansas.  258 

SMOS-Run has a larger region of drier soil in central and southern Kansas than in CONTROL-259 

Run.  There is also a slight increase in soil moisture across southern Oklahoma in SMOS-Run.  260 

The gradients of soil moisture are also different.  Figure 5 shows the total precipitation output 261 

from WRF for each soil moisture configuration and it is easily seen that there are no major 262 

differences.  While there are subtle differences in location and intensity in each run, there is no 263 

clear pattern observed that would indicate the changed soil moisture has a significant impact.  264 

These results are consistent for all of the cases.  Even for the two cases that the control WRF soil 265 

moisture did not resolve precipitation accurately (11 July 2010 and 16 August 2011), the use of 266 

SMOS soil moisture did not improve the precipitation forecasts.  267 
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 Using ETS, the ability of WRF to diagnose hourly precipitation patterns was evaluated.  268 

ETS is calculated based on the number of hits and misses from the model and observations.  Here 269 

a hit is defined as having any amount of precipitation within a particular grid cell and a miss as 270 

having no precipitation in a grid cell.   271 

    
   

       
 

In the equation above a represents the number of grid cells where both the model and 272 

observations have a hit, b signifies the number of grid cells with a model hit and an observation 273 

miss, and c denotes grid cells with a model miss and observation hit.  The number of correct 274 

forecasts by chance (r) is determined using the relationship below where n is the sample size, or 275 

in this case, the total number of grid points. 276 

  
(   )(   )

 
 

 Figure 6 presents the ETS for all of the cases and shows that there is little change in skill 277 

among the forecasts with different soil moisture initializations.  Low skill is generally found for 278 

all cases and this agrees with Weisman et al. [1997].  At times the ETS drops below zero, which 279 

indicates better forecast skill from a random forecast than the actual forecast.  Figure 7 presents 280 

the average ETS over all the cases with varying precipitation thresholds for hits and misses.  For 281 

lower thresholds the mean ETS is slightly higher in the increased soil moisture runs.  However, 282 

the spread is so large that it was impossible to judge the significance.  The ETS of the SMOS-283 

Run and SMOS + 0.10-Run became greater than CONTROL-Run and CONTROL + 0.10-Run 284 

respectively once the hit or miss precipitation threshold reached about 10 mm but once again due 285 

to the large spread, the significance was unclear.  Also the relationship is not consentient among 286 

all cases.  Therefore, at this time all that could be concluded is that such land surface changes do 287 
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not appear to substantially impact the low precipitation forecast skill at a high horizontal 288 

resolution.   289 

3.2 2 m Temperature and Dewpoint 290 

 Although one could argue that the results found with precipitation may simply indicate 291 

that the model is insensitive to soil moisture changes, other meteorological variables showed 292 

more of a response to the changed soil moisture.  Spatial correlations were calculated using the 293 

initial soil moisture and the resultant maximum and mean temperatures between 18 UTC and 06 294 

UTC the next day at each individual grid cell.  It was expected that an increase in soil moisture 295 

would create cooling, as more shortwave radiation would be used to evaporate surface water than 296 

to heat the surface.  Because precipitation can increase the soil moisture, which would therefore 297 

impact temperature independently of the initial soil moisture, WRF grid cells with any 298 

precipitation throughout the model run were filtered out to allow for a better analysis between 299 

the initial soil moisture and 2 m temperature.  Table 2 shows the spatial correlation values 300 

between the initial soil moisture changes and the maximum and mean 2 m temperature and 301 

dewpoint.  In terms of temperature, there is a strong spatial anti-correlation between the initial 302 

soil moisture and max 2 m temperature with slightly weaker spatial correlations for the 2 m mean 303 

temperature.  The standard deviation is also higher for the 2 m mean temperature as well.   304 

 Figure 8 presents the soil moisture and 2 m temperature differences in addition to a 305 

scatterplot for the 23 June 2010 case.  The substantial decrease in soil moisture in eastern Kansas 306 

is accompanied by warmer temperatures while increased soil moisture in western Kansas 307 

resulted in cooler temperatures.  The Oklahoma Mesonet provides an archive of past temperature 308 

data that are freely available (http://www.mesonet.org/index.php/weather/ mesonet_data_files).  309 

For each of the 120 stations, the closest WRF grid cell was found and a comparison was made 310 
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between the maximum 2 m temperature from WRF and that found at the Oklahoma Mesonet 311 

Station.  The goal was to determine whether or not using SMOS soil moisture data created better 312 

temperature and dewpoint forecasts despite the minimal impacts on precipitation.  Precipitation 313 

grid cells and Mesonet sites with precipitation were filtered out over the modeled time period to 314 

remove the effects of precipitation on temperature.  Table 3 shows the max and mean 315 

temperature biases of the WRF model configured with different soil moistures compared to the 316 

Mesonet observations.  The 6 July 2010 case was discarded from this analysis because of the 317 

large areal coverage in precipitation across Oklahoma which would have impacted temperatures 318 

in addition to soil moisture as explained above.  Results showed that for the remaining cases, the 319 

soil moisture addition impacted the mean temperature bias to a similar degree.  A t-test was 320 

applied to the set of biases for each individual station for each model run.  Both CONTROL + 321 

0.10-Run and SMOS + 0.10-Run produced differences in biases that were significant at a 95% 322 

confidence interval with respect to runs with no soil moisture change.  In four of the cases 323 

SMOS-Run mean maximum temperature biases were significantly different from CONTROL-324 

Run with improvements in two of them.  In terms of the mean temperature, the significant 325 

improvement was seen for 3 out of the 4 cases.  The same analysis was repeated for 2 m 326 

dewpoint temperatures with similar results.  Positive spatial correlations were to be expected as 327 

in increase in soil moisture would lead to an increase in low level humidity.  This is indeed what 328 

was found in WRF.  However, the magnitude of the spatial correlations was weaker than that for 329 

the temperature correlations.  Also, unlike with 2 meter temperatures, the highest correlations 330 

were seen with the mean 2 m dewpoint rather than the maximum 2 m dewpoint (Table 2).   The 331 

standard deviation was also higher for the maximum dewpoint than the mean dewpoint. This 332 

suggests that the initial soil moisture influences the dewpoint over a longer time period than the 333 
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temperature but the overall maximum temperature will be more strongly influenced by initial soil 334 

moisture.  Table 4 outlines the max and mean dewpoint biases for each of the cases with respect 335 

to Mesonet observations.  SMOS-Run max dewpoint mean bias was significantly different from 336 

CONTROL-Run in 3 cases, in which both were improved.  When the average dewpoint was 337 

looked at, improvements occurred in 3 of the 4 cases with significant differences.  However, like 338 

with temperatures, increasing soil moisture did not always improve the forecasts, with the 29 339 

July 2011 case as a good example.   340 

4.  Discussion and Conclusion 341 

 In all but two of the cases, adding 0.10 m
3
/m

3
 to soil moisture resulted in slightly more 342 

areal mean total precipitation and this was true for both CONTROL + 0.10-Run and SMOS + 343 

0.10-Run.  Collow et al. [2014] used a set of model ensembles created using different boundary 344 

layer and microphysics schemes, finding that the precipitation differences in the increased soil 345 

moisture runs were generally less than the precipitation differences in some of the model 346 

ensembles with no soil moisture change indicating the soil moisture impacts were not significant.  347 

Here it was shown that total precipitation was not substantially affected by non-uniform soil 348 

moisture increases.  This study also confirms that WRF has low skill for high resolution forecasts 349 

for convection, and the alternate soil moisture initializations do not change this.    350 

 A possible limitation of this study is that NARR data were used as initial and boundary 351 

conditions and not a higher resolution dataset such as those used by Trier et al. [2004] and Case 352 

et al. [2011], which found that the high resolution initial soil moisture data improved convection 353 

forecasts.  Although SMOS data were regridded to a 4 km horizontal resolution, due to the lower 354 

resolution of the satellite, some degree of spatial autocorrelation was expected among the pixels.  355 

This indicates that some of the fine scale initial soil moisture variations in the SMOS runs may 356 
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not be accurate.  SMAP, which is designed to measure soil moisture at a higher horizontal 357 

resolution, will likely be able to pick up on these fine scale features better than SMOS and 358 

theoretically be more useful in these types of cases.  Another important issue is the fact that the 359 

soil moisture magnitude differences between CONTROL-Run and SMOS-Run, and CONTROL 360 

+ 0.10-Run and SMOS + 0.10-Run were minimal.  However, this work was more concerned with 361 

the spatial distribution of soil moisture rather than the magnitude.  While it would be interesting 362 

to determine satellite biases with respect to in-situ observations, there are simply not enough 363 

available.  Even within Oklahoma, the mean station density of the Oklahoma Mesonet is one 364 

station per 1,510 km
2
, calculated by dividing the geographic size of Oklahoma (181,186 km

2
) by 365 

the number of stations available (120), This value is greater than the area of a grid cell in the 366 

outer most WRF nest (1,296 km
2
).  Collow et al. [2012] used observation sites clustered close 367 

together to deduce a mean SMOS bias of 0.1 m
3
/m

3
, which is equivalent to the NARR mean bias 368 

discovered in Collow et al. [2014].  This supports Figure 3, which shows little change in 369 

magnitude between the NARR and SMOS mean soil moisture over the primary evaluation 370 

region.  A final concern would be the number of available cases to work with for this study.  In 371 

order to qualify as a case, a satellite pass needed to occur at 00 UTC.  This only occurred 13% of 372 

the time over all of the days in June through August in 2010 and 2011.  Even if all days were 373 

considered, no matter the precipitation, the value would increase to only 15%.   374 

 This study showed strong relationships between initial soil moisture perturbations and the 375 

resultant 2 m temperature and dewpoint.  Frye and Mote [2010] note that dewpoint changes 376 

impact convective available potential energy more than temperature changes, which would result 377 

in a greater probability of convection.  However, studies such as DeAngelis et al. [2010] and 378 

Collow et al. [2014] found that the temperature and humidity effects cancel each other out 379 
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resulting in minimal local impacts on convection.  The idea of a positive feedback between soil 380 

moisture and precipitation is proposed in numerous studies [Eltahir, 1998; Koster et al., 2006], 381 

but so is the theory of a negative feedback [Findell and Eltahir, 2003; Taylor and Ellis, 2006].    382 

It is obvious that there are many competing factors relating to soil moisture and atmosphere 383 

interactions and that there is still much uncertainty illustrating the need for better soil moisture 384 

measurements and continued remote sensing missions to provide a global analysis of soil 385 

moisture. 386 

  Although the methods employed in this study used several assumptions and 387 

approximations, results found were still significant and have implications for future land surface 388 

sensitivity studies using the WRF model.  Our main findings are presented below. 389 

1.  Using a different soil moisture initialization dataset such as that based on SMOS had little to 390 

no impact on the skill of WRF to forecast the spatial scale of precipitation over the US Great 391 

Plains.  ETS generally remained below 0.4 in all runs reflecting low skill for each model run.  392 

Total precipitation amounts were, on average, slightly higher in the + 0.10 soil moisture runs. 393 

2.  A strong anti-correlation existed between the initial soil moisture and the resultant 2 m 394 

temperature.  There was also generally a moderate correlation between the initial soil moisture 395 

and 2 m dewpoint. 396 

3.  SMOS data showed some promise in terms of its usefulness for improving numerical weather 397 

forecasting models as there were some locations that saw significant improvements in 398 

temperature and humidity forecasts relative to control runs.  However, more robust data 399 

assimilation methods will be needed to confirm these results.   400 
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Table 1. Mean total precipitation (mm) over the evaluation domain from 18 UTC through 06 527 

UTC the next day for all cases in this study (dates presented in mm-dd-yyyy format).  The last 528 

row shows the mean over all cases. 529 

 CONTROL-

Run 

CONTROL 

 + 0.10-Run 

SMOS- 

Run 

SMOS 

 + 0.10-Run 

NCEP 

Stage IV 

23 Jun 2010 0.64 0.87 0.93 0.86 2.09 

06 Jul 2010 4.28 4.86 4.19 5.15 3.75 

11 Jul 2010 0.38 0.69 0.76 1.19 3.62 

24 Jul 2010 4.02 5.03 4.16 5.29 6.75 

16 Aug 2010 3.14 4.27 2.96 4.44 3.26 

10 Jun 2011 1.54 2.25 1.38 1.83 1.18 

28 Jun 2011 1.71 1.36 1.59 0.86 1.60 

29 Jul 2011 0.71 1.26 0.65 1.04 1.34 

03 Aug 2011 1.99 2.36 1.55 2.05 3.17 

16 Aug 2011 0.29 0.19 0.44 0.20 1.34 

 

MEAN 

 

1.87 

 

2.31 

 

1.86 

 

2.29 

 

2.97 

  530 
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Table 2:  Spatial correlation coefficients between soil moisture differences and maximum and 531 

mean 2 m temperature and dewpoint changes for all cases for the period 18 UTC through 06 532 

UTC the next day.  Correlations are calculated on the inner most WRF grid and grid cells with 533 

precipitation were filtered out.  The +0.00 columns represent the changes from CONTROL-Run 534 

to SMOS-Run and the +0.10 columns denote the changes from CONTROL + 0.10-Run to SMOS 535 

+ 0.10-Run. The mean and standard deviation is calculated using both the +0.00 and +0.10 536 

columns for temperature and dewpoint.  537 

 Max 2 m 

Temperature 

+0.00  | +0.10 

Mean 2 m 

Temperature 

+0.00  | +0.10 

Max 2 m 

Dewpoint 

+0.00  | +0.10 

Mean 2 m 

Dewpoint 

+0.00  | +0.10 

23 Jun 2010 -0.77 | -0.77 0.65 | 0.71 0.52 | 0.59 0.65 | 0.62 

06 Jul 2010 -0.83 | -0.76 0.80 | 0.68 0.17 | 0.23 0.66 | 0.56 

11 Jul 2010 -0.74 | -0.78 0.60 | 0.76 0.47 | 0.50 0.57 | 0.62 

24 Jul 2010 -0.83 | -0.86 0.77 | 0.83 0.57 | 0.79 0.67 | 0.79 

16 Aug 2010 -0.74 | -0.80 0.61 | 0.67 0.45 | 0.58 0.52 | 0.65 

10 Jun 2011 -0.76 | -0.70 0.47 | 0.57 0.58 | 0.40 0.61 | 0.50 

28 Jun 2011 -0.56 | -0.64 0.42 | 0.54 0.34 | 0.40 0.42 | 0.43 

29 Jul 2011 -0.82 | -0.86 0.50 | 0.70 0.37 | 0.66 0.69 | 0.80 

03 Aug 2011 -0.62 | -0.74 0.33 | 0.59 0.51 | 0.41 0.55 | 0.61 

16 Aug 2011 -0.57 | -0.64 0.47 | 0.56 0.17 | 0.37 0.30 | 0.42 

 

MEAN 

 

-0.74 

 

-0.61 

 

0.45 

 

0.58 

STANDARD 

DEVIATION 

0.09 0.13 0.16 0.13 

  538 
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Table 3. Mean WRF 2 m temperature bias (°C) with respect to Oklahoma Mesonet with 539 

precipitation filtered (WRF minus Mesonet). Max columns denote the bias from the maximum 2 540 

m temperature between 18 UTC and 06 UTC the next day and the mean columns represent the 541 

bias of the average temperature over the same time interval.  Significant differences at the 95% 542 

confidence interval with respect to control are highlighted red.  An asterisk (*) denotes an 543 

improvement with respect to control.   544 

 CONTROL-

Run 

Max | Mean 

CONTROL + 

0.10-Run 

Max | Mean 

SMOS- 

Run 

Max | Mean 

SMOS 

 + 0.10-Run 

Max | Mean 

23 Jun 2010 3.5 | 2.4 1.0* | 0.8* 3.4* | 2.3* 0.8* | 0.5* 

11 Jul 2010 4.1 | 3.2  2.0* | 1.9* 2.0* | 1.0* 1.0* | 1.1* 

24 Jul 2010 4.0 | 4.0 1.5* | 1.9* 4.7 | 4.3 2.0* | 2.3* 

16 Aug 2010 2.6 | 2.0 0.1* | 0.0* 1.7* | 0.8* -0.4* | -0.6* 

10 Jun 2011 2.6 | 0.9 -0.4*| -0.5* 2.9 | 0.8* -0.2* | -0.5* 

28 Jun 2011 2.3 | 1.0 -0.9*| -0.6* 3.6 | 1.1 -0.1* | -0.3* 

29 Jul 2011 0.4 | 0.4 -1.6 | -1.6 0.6 | 0.2* -1.1 | -1.3 

03 Aug 2011 1.4 | 1.0 -1.1* | -0.7* 2.1 | 0.7* -0.3* | 0.2* 

16 Aug 2011 2.4 | 2.2 -0.1* | 0.3* 2.0* | 1.6* -0.2* | 0.1* 

 

MEAN 

 

2.6 | 1.9 

 

0.1* | 0.2* 

 

2.6 | 1.4* 

 

0.2* | 0.2*  

STANDARD 

DEVIATION 

1.2 | 1.2 1.2 | 1.2 1.2 | 1.2 0.9 | 1.1 

  545 
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Table 4. Same as Table 3 except for maximum 2 m dewpoint (°C)  546 

 CONTROL-

Run 

Max | Mean 

CONTROL + 

0.10-Run 

Max | Mean 

SMOS- 

Run 

Max | Mean 

SMOS 

 + 0.10-Run 

Max | Mean 

23 Jun 2010 -1.7 | -2.0 0.8* | 0.9* -1.5* | -1.9* 0.6* | 0.6* 

11 Jul 2010 -2.3 | -3.0 -0.3* | -0.4* -0.6* | -1.4* 0.8* | 0.8* 

24 Jul 2010 -2.5 | -3.3 -0.4* | -0.5* -2.7 | -3.9 -0.7* | -1.0* 

16 Aug 2010 -1.5 | -2.2 0.7* | 0.5* -0.4* | -1.4* 1.4* | 0.9* 

10 Jun 2011 -1.9 | -2.2 0.1* | 0.0* -2.5 | -2.8 -0.1* | -0.4* 

28 Jun 2011 -0.2 | -1.7 1.9 | 2.0 -0.6 | -2.7 1.1 | 0.9* 

29 Jul 2011 0.5 | 0.8 3.0 | 3.5 0.5 | 0.6* 2.5 | 2.8 

03 Aug 2011 -0.8 | -1.3 3.1 | 2.5 -1.1 | -1.8 1.1 | 1.0* 

16 Aug 2011 -1.8 | -1.3 1.2* | 1.6 -0.8* | -0.4* 1.7* | 2.1 

 

MEAN 

 

-1.4 | -1.8 

 

1.1* | 1.1* 

 

-1.2* | -1.7* 

 

0.9* | 0.9* 

STANDARD 

DEVIATION 

1.0 | 1.2 1.3 | 1.4 1.0 | 1.3 0.9 | 1.1 

  547 
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Figures 548 

 549 
Figure 1. Domain nests used for WRF experiments generated by the WRF Pre-processing 550 

System (WPS).  Outer domain (the entire image) was nudged at the edge by the NARR data and 551 

run at a grid resolution of 36 km.  Domain d02 was run at 12 km resolution.  Results shown in 552 

paper encompass the inner domain, d03, run at a 4 km resolution.  553 
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 554 

Figure 2.  Individual SMOS soil moisture (m
3
/m

3
) pixels (left) and regridded SMOS soil 555 

moisture (m
3
/m

3
; right) for June 23, 2010 00 UTC.  Red box represents the evaluation domain.  556 
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 557 

Figure 3.  Mean soil moisture (m
3
/m

3
) from March through November 2010 and 2011 for NARR 558 

(top left) and SMOS (bottom right).  Difference between SMOS and NARR or the SMOS bias is 559 

also plotted (top right) with elevation (m) from GTOPO30 plotted in the bottom right for 560 

reference. 561 

  562 
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 563 

Figure 4.  Initial 0-10 cm depth soil moisture (m
3
/m

3
) for each of the four WRF simulations 564 

starting at 00 UTC June 23, 2010.  CONTROL-Run (top left), SMOS-Run (top right), 565 

CONTROL+ 0.10-Run (bottom left) and SMOS + 0.10-Run (bottom right).  Plot area represents 566 

the evaluation domain.  567 
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 568 

Figure 5.  Total WRF modeled and observed precipitation (mm) from 18 UTC June 23, 2010 569 

through 06 UTC June 24, 2010.  Clockwise from top left; CONTROL-Run, SMOS-Run, SMOS 570 

+ 0.10-Run, NCEP Stage IV Observations, CONTROL + 0.10-Run.  Plot area represents the 571 

evaluation domain.  572 
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 573 

Figure 6: ETS of WRF precipitation occurrence forecasts across the inner domain from runs 574 

with different initial soil moisture for all cases.  Any amount of precipitation is considered for 575 

verification.  Blue lines represent CONTROL-Run and CONTROL+0.10-Run, and red lines 576 

denote SMOS-Run and SMOS+0.10--Run.  Solid lines and Dashed lines represent no additional 577 

soil moisture and + 0.10 m
3
/m

3
 additional soil moisture respectively. 578 

  579 
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 580 

Figure 7.  Mean ETS as a function of forecasted total precipitation from all cases.  The shaded 581 

region represents the spread from the CONTROL-Run and CONTROL+0.10-Run for each case.  582 

ETS was calculated using hits defined as grid cells with precipitation amounts greater than or 583 

equal to a certain threshold (x-axis) and misses with precipitation amounts less than that same 584 

threshold. 585 

  586 
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 587 

Figure 8.  Left column from top to bottom: Difference in initial soil moisture between SMOS-588 

Run and CONTROL-Run (SMOS-Run minus CONTROL-Run) for June 23, 2010 case; 589 

Difference in maximum 2 m temperature between SMOS-Run and CONTROL-Run for the 590 

period 18 UTC June 23 through 06 UTC June 24; Difference in maximum 2 m temperature 591 

between SMOS +  0.10-Run and CONTROL + 0.10-Run for the period 18 UTC June 23 through 592 

06 UTC June 24.  Right: Scatterplot of soil moisture differences vs. maximum 2 m temperature 593 

differences with red marks representing CONTROL-Run vs. SMOS-Run and the green marks 594 

CONTROL + 0.10-Run and SMOS + 0.10-Run.  Correlation coefficients are shown in the upper 595 

right. 596 


