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Abstract 16 

 17 

The ascent of stably stratified air over a mountain barrier can trigger the generation of mountain 18 

waves. Mountain waves occur frequently over the Columbia River Gorge in western North 19 

America and can impact wind power generation over the area. Therefore, predicting the details of 20 

mountain waves events (e.g., dominant wavelength, timing, and duration) can be very valuable for 21 

the wind energy community. In this study, the ability of the Weather Research and Forecasting 22 

(WRF) model to simulate mountain waves and their impact on hub-height wind speed is 23 

investigated. Our results suggest that the WRF model has moderate skill in simulating observed 24 

mountain wave. Further, given WRF predictions of wavelength range and wave period, the Fast 25 

Fourier Transform can calculate the simulated mountain wave impact on hub-height wind speed. 26 

The resulting wind speeds agree well with SoDAR observations in terms of both magnitude and 27 

pattern. Finally, for the simulated cases, WRF consistently predicts impacts of significant 28 

mountain wave events about an hour earlier than the actual observations. The sensitivities as well 29 

as uncertainties associated with our methodology are discussed in detail. 30 

 31 

Keywords: Mountain wave; WRF modeling; Wind forecasting; Fourier filtering  32 

Pursuant to the DOE Public Access Plan, this document represents the authors' peer-reviewed, accepted manuscript. 
The published version of the article is available from the relevant publisher.



1. Introduction 33 

 34 

In the recent decade, the installed wind power in the United States has experienced a dramatic 35 

growth, exceeding hydropower as the nation’s largest renewable energy source (U.S. Department 36 

of Energy, 2018a). A large amount of wind energy (~60 GW) is installed in the complex terrain,  37 

such as mountain regions (https://eerscmap.usgs.gov/uswtdb/). However, the complexity of the 38 

atmospheric flow over such regions makes it challenging to predict the timing and magnitude of 39 

wind speeds (Emeis et al. 2018; Serafin et al. 2018; Veers et al. 2019; Lehner et al. 2018; van den 40 

Bossche et al. 2019). Therefore, improving our understanding of complex-terrain meteorology has 41 

become a critical need for the advancement of wind energy.  42 

 43 

In 2015, the U.S. Department of Energy (DOE) initiated a 4-year study, the Second Wind Forecast 44 

Improvement Project(WFIP2), to improve the representation of boundary layer physics and related 45 

processes in mesoscale models for better forecasting of wind and wind power over the complex 46 

terrain (Shaw et al. 2019; Wilczak et al. 2019; Olson et al. 2019). The Columbia River basin in the 47 

Pacific Northwest, home to more than 4 GW of wind energy production, was selected as the study 48 

region because it is an exceptional natural observatory for studying meteorological phenomena 49 

associated with complex terrain.  50 

 51 

The Cascade Range, which is situated west of the Columbia River Basin, is a major mountain 52 

range in western North America, extending from southern British Columbia through Washington 53 

to Northern California. Because of the region’s prevailing westerly wind, the Cascade Range posts 54 

an obstacle that impacts and modifies air flow downwind. Depending on atmospheric conditions, 55 

various atmospheric phenomena, such as gap flows, mountain waves, and downslope wind, can 56 

occur with varying intensity and on many different temporal and spatial scales (Wilczak et al. 57 

2019). All of these present a unique challenge to short-term wind and wind energy forecasting in 58 

the region. 59 

 60 

When a stably stratified airflow ascends over a topographic barrier, such as the Cascade Range, 61 

mountain waves tend to be generated due to buoyancy perturbation. In fact, multiple significant 62 

mountain wave events were observed during the WFIP2 field campaign, particularly during the 63 

winter and spring season. In general, there are two kinds of mountain wave, the vertically 64 

propagating waves and trapped lee waves (Durran 2003; 2015). Trapped lee waves tend to have 65 

more impacts on wind energy because they usually occur at the low levels of the troposphere and 66 

their horizontal wavelength (5~ 35 km; AMS Glossary) is about the size of a wind farm plant. The 67 

crests of these waves often contain wave clouds that can be very striking in satellite images (Feltz 68 

et al. 2009; Li et al. 2017). Since these mountain waves are trapped within the stable layer, they 69 

may dissipate slowly and can propagate downstream, presenting a significant challenge to wind 70 

power generation as well as low-altitude aviation. 71 

 72 

To our best knowledge, Wilczak et al. (2019) is the first study to document to the impact of 73 

mountain waves on wind energy production. They confirmed that wave activities from the 74 

observed mountain wave event on November 12th 2016 coincide with wind turbine power output 75 

variability. In a subsequent study, Draxl et al. (2020) conducted a high-resolution numerical 76 

simulation, which successfully reproduced a mountain wave event on September 24th 2016. Their 77 

results indicated that the simulated mountain waves occurred about 1 hour earlier than the observed, 78 
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and that the wavelength and periods of the mountain wave event were well forecast. However, 79 

their study analyzed just one mountain wave event. From an operational forecasting perspective, 80 

knowing when any significant mountain waves will occur can be very valuable for the wind energy 81 

sector. Therefore, the purpose of this study is to further investigate whether mesoscale model 82 

simulations can accurately predict the timing, wavelengths, and wave period of the mountain wave 83 

events by conducting multiple mountain wave simulations. 84 

 85 

The remainder of the paper is divided into four sections. The data and methods employed are 86 

described in Section 2. The simulated mountain wave activities from the model simulations are 87 

analyzed and validated with observations in detail in Section 3. The uncertainties associated with 88 

our methodology are discussed in Section 4, followed by the conclusions in Section 5. 89 

 90 

2. Data and methodology 91 

 92 

2.1 Selection of mountain wave cases  93 

 94 

Each week throughout the WFIP2 field campaign (October 2015 to March 2017), scientists and 95 

wind energy forecasters reviewed the daily weather in the region and wrote a brief synopsis in an 96 

event log (Wilzcak et al. 2019) to assess important weather phenomena that impacted wind power 97 

generation. In total, about 190 mountain wave cases were identified, 16 of which were identified 98 

as having potential significance for renewable energy purposes. Therefore, predicting and 99 

forecasting those significant mountain wave events will be valuable for the wind energy sector. In 100 

this study, 3 of those 16 significant mountain wave cases, which occurred on November 11th 2015 101 

(20151111), February 14th 2016 (20160214) and April 04th 2016 (20160404) were selected. The 102 

first two cases were the only two cases where wave clouds were present during the Moderate 103 

Resolution Imaging Spectroradiometer (MODIS) measurement time, while the third case was 104 

chosen as a representative case with no wave clouds.  105 

 106 

2.2 Disentangling simulated mountain wave signals from the total wind field using spectral method 107 

 108 

Since numerical model simulation provides the three-dimensional (time, latitude and longitude) 109 

structure of the simulated wind field, the simulated mountain wave signals on the wind field can 110 

be extracted by using the Fourier filtering, which is a common method to attenuate or amplify a 111 

specific frequency of signal (Bergland GD. 1969; Borkowski J. 1969; Jenkins GM and Watts DG. 112 

1968; Panofsky HA and Brier GW. 1968; Stull RB. 1988; Raghavendra et al. 2019; Sussman et al. 113 

2020).  114 

  115 

In this study, a band-pass filter wavelength ranges from 8 to 20 km and wave periods from 1 to 4 116 

hours were applied to capture mountain waves (e.g., Draxl et al. 2020). These wavelengths and 117 

wave periods are typical for trapped lee waves which occurred over the WFIP2 study region 118 

(Wilczak et al. 2019; Draxl et al. 2020).  At the latitude of Van Gilder and Prineville (Fig. 1), 119 

simulated hub-height wind speed at each time step was first reconstructed using the wavelength 120 

constraints. Next, the hub-height wind field at Prineville and Van Gilder were reconstructed using 121 

the wave period constraints. Thus, the resulting hub-height wind speed is constrained by both the 122 

wavelength and wave period selection. The resulting power variance associated with the targeted 123 

wavelengths determines the duration of the significant mountain wave events. In this study, a 124 
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mountain wave event was considered significant when the power variance explained by the 125 

targeted wavelength range exceeded 25 % of the total variance for at least 3 hours. The 126 

uncertainties associated with the wavelength, wave period, power variance threshold and wave 127 

duration are discussed in detail in Section 4. 128 

 129 

Figure 1: Topography (meters) over the WRF Model domain. The purple and orange dots 130 

indicate the geographical locations of Van Gilder and Prineville. 131 

 132 

2.3 Model and simulation design 133 

 134 

The Weather Research and Forecasting model (WRF) version 4.1.2 is used to conduct the model 135 

simulation in this study (Skamarock and Klemp., 2008; Powers et al., 2017). The model 136 

configuration (physical options) is summarized in Table 1. Both the boundary and initial 137 

conditions are from the ERA-interim dataset (https://rda.ucar.edu/datasets/ds627.0/; Dee et al., 138 

2011). The topography, soil characteristics, and MODIS-based land cover data are obtained from 139 

the WRF standard dataset. 140 

 141 

Table 1: Summary of WRF Model Configuration 142 

Shortwave Rapid Radiative Transfer Model for GCMs (Iacono et al. 2008) 

Longwave Rapid Radiative Transfer Model for GCMs (Iacono et al. 2008) 

Microphysics 
Thompson aerosol-aware (Thompson et al. 2008; Thompson and 

Eidhammer. 2014) 

Boundary Layer Yonsei University scheme (Hong et al. 2006) 

Land Surface  Noah Land Surface Model (Chen and Duhia. 2001) 

Surface Layer  Revised MM5 (Jimenez et al. 2012) 

 143 
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The simulations are performed with two nested domains centered on the WFIP2 campaign region 144 

(Fig. 1). The outer domain consists of 181 x 181 grid points with a horizontal spacing of 3 km and 145 

the inner domain consists of 301 x 341 grid points with a grid spacing of 750 m (Bianco et al. 146 

2019). Note that cumulus convection is treated explicitly for both domains. A vertically stretched 147 

grid consisting of 44 levels is employed with finer resolution at lower levels (13 within the lowest 148 

200m) and coarser resolution at higher levels.  149 

 150 

Each mountain wave simulation is initialized 12 hours before the actual event date and then run 151 

for 60 hours (Xia et al. 2017; 2019). The first 12 hours are discarded as spinup, and only data from 152 

the two days after are used for analysis.   153 

 154 

2.4 Observation data 155 

 156 

2.4.1 MODIS Data 157 

 158 

Mountain waves often manifest with wave clouds. The MODIS Version 6 surface spectral 159 

reflectance (MOD09GQ; Vermote et al. 2015) at 250 m resolution was used to examine cloud 160 

conditions. Figure 2a), 2b) and 2c) show the cloud images at 18:30 UTC for all the three cases. 161 

Wave clouds are present for the mountain wave cases on 20151111 and 20160214. However, only 162 

scatter clouds appeared on 20160404. Figure 2d), 2e) and 2f) show the spatial pattern of hub-height 163 

wind speed at the exact same time from the three respective model simulations respectively. Even 164 

though it is not a direct comparison, mountain waves can be seen in the simulated wind field as 165 

similarly spaced oscillating strips of high and low wind speeds (Wilczak et al. 2019; Draxl et al. 166 

2020). Qualitatively, the wave activities as well as their geographical locations are successfully 167 

simulated for the 20151111 and 20160214 cases, but no evident wave activities are simulated for 168 

the 20160404 case. Overall, the simulated wave activities agree well with the satellite observations. 169 

 170 
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 171 
Figure 2: MODIS images and simulated wind speeds at 100 m from the three case studies: a) 172 

MODIS Terra satellite reflectance (W.m-2.𝜇m-1.sr-1) on 20151111 at 18: 30 UTC; b) same as a) 173 

but on 20160214 at 18: 30 UTC; c) same as a) but on 201600404 at 18: 30 UTC; d) spatial 174 

pattern of simulated wind speeds at 100 m (m.s-1) on 20151111 at 18: 30 UTC; e) same as d) but 175 

on 20160214 at 18: 30 UTC; f) same as d) but on 20160404 at 18: 30 UTC. 176 

 177 

2.4.2 SoDAR Wind profiler 178 

 179 

In total, there are 13 SoDAR wind profilers situated in Domain 2 (Fig. 1). The one in Prineville is 180 

the only wind profiler on the southern side of the domain while the rest are clustered around 45.6oN 181 

latitude.  The SoDAR in Van Gilder is chosen as the representative wind profiler for the northern 182 

side of the domain because it is located on the center of the other 12. Therefore, the SoDAR wind 183 

profilers from the Van Glider and Prineville (Fig. 1) are used to validate the simulated mountain 184 

wave activities. At Van Glider, a Vaisala Triton wind profiler (Vaisala, 2015) is used whereas at 185 

Prineville, an atmospheric science crop (ASC) wind profiler (http://www.minisodar.com/sodar/) 186 

is used. Both profilers measure wind speed and direction at heights from 40 m to 200 m above the 187 

ground at every 10 minutes at Van Glider and every 15 minutes at Prineville. The quality controlled 188 

SoDAR data are stored on the Data Archive and Portal (https://a2e.energy.gov/about/dap). Since 189 

this study focuses on renewable wind energy, only wind speed at hub-height,100 m above ground 190 

level (AGL), is used for the analysis. 191 
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 192 

3. Results 193 

 194 

3.1 Determining mountain wave activities from model simulations 195 

 196 

Figure 3 shows the timeseries of the simulated power variance (%) explained by the targeted 197 

wavelengths (8 ~ 20 km) from the three mountain wave simulations. Figure 3a) and 3b) shows the 198 

timeseries at Van Gilder and Prineville from 20151111 and 20160214 whereas Figure 3c) and 3d) 199 

shows the similar plots but from 20160404. Based on our definition of a significant mountain wave 200 

event (Section 2.1), four significant mountain wave events are identified from the model 201 

simulations. The first event occurs on November 11th, 2015, from 18 UTC to 22 UTC at Van Gilder. 202 

The second event occurs on February 14th, 2016, from 21 UTC to 02 UTC the next day at Prineville. 203 

The third event occurs on April 05th, 2016, from 02 UTC to 09 UTC at Van Gilder whereas the 204 

fourth event occurs on April 05th, 2016, from 01 UTC to 05 UTC at Prineville. Note that the results 205 

at Prineville and Van Gilder from 20151111 and 20160214 are not included because there were 206 

not any significant mountain wave events being simulated. 207 

 208 

 209 

 210 
Figure 3: Timeseries of the simulated power variance explained by the targeted wavelengths (8 211 

~20 km) from the three mountain wave simulations: a) Van Gilder, 20151111; b) Prineville, 212 

20160214; c) Van Gilder, 20160404; and d) Prineville, 20160404.  The black dashed line indicates 213 

the 25 % threshold.  214 

 215 

To further illustrate these four identified mountain wave events, Figure 4 indicates the Hovmöller 216 

diagram of the simulated power variance with respect to wavelength at the latitude of Van Glider 217 

and Prineville from all four events. About 75 % of the atmospheric variabilities are explained by 218 

the large wave patterns (> 20 km). These large-scale wave activities, which last the entire 219 

simulation period, are mainly associated with the background synoptic conditions. Within our 220 

targeted mountain wave wavelength range (8 ~ 20 km), there are significant mountain wave 221 
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activities occurring during the identified event periods (Fig. 3).  Furthermore, the simulated 222 

mountain waves from each event differ in terms of wave characteristics. For instance, the simulated 223 

mountain wave event on 20151111 manifests mostly as a single wavelength whereas the other 224 

mountain wave events are associated with a partial or entire wavelength spectrum between 8 and 225 

20 km. For wavelengths shorter than 8 km, the associated power variance is small, indicating 226 

negligible impacts from the high-frequency waves on the overall hub-height wind speed. 227 

 228 

 229 
Figure 4: Hovmöller diagram of the power variance (%) with respect to wavelength at the latitude 230 

of the targeted station sites: a) Van Gilder, 2015111; b) Prineville, 20160214; c) Van Gilder, 231 

20160404; and d) Prineville, 20160404. The two dotted black lines indicate wavelength at 8 and 232 

20 km.  233 

 234 

3.2 Scorer Parameters from model simulations 235 

 236 

To determine whether the simulated atmospheric conditions are favorable for generating mountain 237 

waves, the Scorer Parameter (SP; Scorer et al., 1949) is computed from the model simulation, 238 

where, 239 

𝑆𝑃 =
𝑁2

𝑈2 − (
1

𝑈
)(
𝑑2𝑈

𝑑𝑧2
)  (1) 240 
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From Eq. (1), the SP is determined by wind speed (U), Brunt–Väisälä frequency (N), and vertical 241 

wind shear. This parameter is widely used as an indicator of whether mountain waves, specially 242 

the trapped lee waves, can be expected. In general, when the SP is nearly constant with height, 243 

conditions are favorable for vertically propagating mountain waves. The trapped lee waves are 244 

likely to occur when the SP decreases with height. This is especially true if the decrease of the SP 245 

occurs suddenly in the mid-troposphere, dividing the troposphere into two regions, a lower layer 246 

with large values (high stability) and an upper layer with small values (low stability; Li et al., 247 

2017). 248 

 249 

Figure 5 shows the simulated SP before (blue) and after (red) the targeted wave period for all four 250 

mountain wave cases. For the mountain wave event at Van Gilder on 20151111 (Fig. 5a), the SP 251 

shows a significant negative slope from the surface to around 400 m AGL both before and after 252 

the wave activity, indicating favorable conditions for generating trapped lee waves. Above that, 253 

the SP slightly increases or slightly increases than decrease with height. This type of SP profile is 254 

also generally true for the mountain wave event at Prineville on 20160214 (Fig. 5b) and Van Gilder 255 

on 20160404 (Fig. 5c). The SP from Prineville on 20160404 (Fig. 5d) increases with height from 256 

the surface to about 1200 m AGL and then decreases with height both before and after the wave 257 

activity. Even though the decrease of SP does not occur near the surface, the implication from the 258 

SP profile is the same as the previous cases, suggesting that the background atmospheric conditions 259 

are favorable for generating mountain waves, especially the trapped lee waves. Therefore, the 260 

simulated atmospheric conditions throughout the targeted wave periods are favorable for trapped 261 

lee waves development in all four cases. 262 

 263 
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 264 
Figure 5: Simulated Scorer Parameter profile in the lowest 3000 m layer from the four mountain 265 

wave events: a) Van Gilder, 20151111; b) Prineville, 20160214; c) Van Gilder, 20160404 and d) 266 

Prineville, 20160404. The blue (red) line indicates the Scorer parameter before (after) the mountain 267 

wave event. 268 

 269 

3.3 Validating the simulated mountain wave impact on hub-height wind speed with SoDAR 270 

observations.  271 

 272 

As discussed in Section 2.2, the simulated hub-height wind speed is reconstructed with respect to 273 

the targeted wavelengths (8 ~ 20 km) and wave periods (1 ~ 4 hour). The resulting time series 274 

represents the simulated mountain wave impacts on hub-height wind speed. The observed hub-275 

height wind speed is band-pass filtered using the same wave periods (1 ~ 4 hour). The resulting 276 

time series indicates the observed wind speed with the same wave period as the simulated mountain 277 

waves. By comparing the amplitude of these two timeseries, the correlation between the simulated 278 

mountain wave activities and the observed wave pattern at the hub-height level can be assessed. 279 

 280 

Figure 6 shows the timeseries of the reconstructed hub-height wind speed between the model (blue) 281 

and observations (green) at Van Gilder and Prineville from all four cases. For comparison purposes, 282 

the simulated wind speed is only plotted during the period when the significant mountain wave 283 
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event occurs, whereas the observed wind speed is plotted for a longer period, extending a few 284 

hours (~ 5 hours) before and after the event. In general, the magnitude of the simulated wave 285 

activities matches well with the observations except at Van Gilder on 20160214. However, there 286 

seems to be a time lag in terms of wave pattern between the model and observations in all four 287 

cases.  Note that Draxl et al., (2020) found that the simulated wind speed due to mountain wave 288 

shows a significant correlation with the SoDAR observations after a 1-hour shift for the mountain 289 

wave event that happened on September 24th 2016. Therefore, the Pearson correlation coefficient 290 

for the timeseries is calculated between the model and observation from -1 to +1 hour for all four 291 

events, as shown in Table 2. 292 

 293 

294 
Figure 6: Timeseries of reconstructed hub-height wind speed (m.s-1) from SoDAR observation 295 

and model simulation. The simulated wind speed (green) is only plotted during the period when 296 

the significant mountain wave event occurs, whereas the observed wind speed (red) is plotted for 297 

a longer period, extending a few hours (~ 5 hours) before and after the event: a) The green line 298 

indicates the observed hub-height wind speed with wave periods from 1 to 4 hour at Van Gilder, 299 

20151111. The blue line indicates the simulated hub-height wind speed with wavelength from 8 300 

to 20 km and wave period from 1 to 4 hour at Van Gilder, 20151111; b) Similar as a) but at 301 

Prineville, 20160214; c) Similar to a) but at Van Gilder, 20160404; d) Similar as a) but at Prineville, 302 

20160404. 303 

 304 

 305 

 306 

 307 

 308 

 309 

 310 

 311 

 312 

 313 

 314 
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Table 2: Time Lag Correlation Between Observed and Simulated Hub-Height Wind Speeds 315 

From the Three Case Studies 316 

           Time 

 Event  

-60m -50m -40m -30m -20m -10m 0 10m 20m 30m 40m 50m 60m 

VG 

20151111 

-0.24 -0.48 -0.56 -0.50 -0.33 -0.07 0.25 0.47 0.47 0.30 0.05 -0.21 -0.47 

PR 

20160214  

0.05 -0.24 -0.44 -0.59 -0.63 -0.48 -0.02 0.48 0.74 0.74 0.53 0.17 -0.23 

VG 

20160404 

-0.02 -0.11 -0.18 -0.23 -0.27 -0.31 -0.35 -0.34 -0.24 -0.06 0.13 0.30 0.40 

PR 

20160404 

-0.12 -0.09 0.10 -0.04 -0.52 -0.70 -0.31 0.18 0.34 0.33 0.43 0.47 0.29 

*Blue (red) indicates that the correlation is negative (positive). The bold value indicates that the 317 

correlation is statically significant at least the 93 % level. ‘m’ stands for minute. 318 

 319 

From -1 to 0 hour (present), more than 90 % of the correlations are negative, suggesting that the 320 

simulated mountain wave impact on hub-height wind speed is out of phase with the observations. 321 

However, such pattern is drastically reversed to about 75 % being positive correlated from 0 to +1 322 

hour. In addition, there is at least one positive correlation that is statistically significant at the 93% 323 

confidence level for each event. Together with Draxl et al., (2020), the results seem to suggest that 324 

the WRF model has moderate ability to reproduce the observed mountain wave impacts on hub-325 

height wind speeds. However, the simulated mountain wave impacts tend to occur about an hour 326 

earlier than the actual observations.  327 

 328 

3.4 Sensitivity to vertical resolution and planetary boundary layer scheme 329 

 330 

Two additional experiments are designed to test the sensitivity of our results to vertical resolution 331 

and the planetary boundary layer (PBL) scheme. In experiment 1 (EXP1), the number of vertical 332 

layers increases from 44 to 65, where the extra levels are mostly added to the boundary layer. In 333 

experiment 2 (EXP2), the PBL scheme changes from the Yonsei University scheme (YSU, Hong 334 

et al., 2006) to Mellor-Yamada-Nakanishi-Niino (MYNN, Mellor and Yamada., 1982; Nakanishi 335 

and Niino., 2009). Note that the land surface physic scheme in EXP2 is also changed to MYNN 336 

because the PBL and land surface physic schemes are generally coupled together. Due to high 337 

computational expenses in conducting these 750-m resolution simulations, these two experiments 338 

are only conducted for the mountain wave case on 20151111.  339 

 340 

Figure 7a) and 7b) show similar plots to Figure 6a) but from EXP1 and EXP2 respectively. The 341 

corresponding time-lag correlation is also calculated and shown in Table 3. In both experiments, 342 

the simulated hub-height wind speed due to mountain waves agrees well with the observations, 343 

except that the magnitude of wave activities in EXP1 decreases due to increased vertical resolution. 344 

In addition, the time-lag correlation from Table 3 shows very similar results as compared to that 345 

from Table 2, suggesting that the simulated mountain wave impacts on hub-height wind speed 346 

occur earlier than the actual observations despite changes in vertical resolution and PBL scheme. 347 

Note that the correlation coefficients from both experiments are generally more extreme (more 348 

negative and more positive) than the original simulation. There could be many possible reasons. 349 
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For instance, increasing vertical levels, especially in the boundary layer, might help resolve the 350 

vertical mixing as well as turbulent flux transports whereas the MYNN, in this particular case 351 

study, might have produced more realistic atmospheric structure than that from the YSU. 352 

Nevertheless, these experiments suggest that our result is not very sensitive to the choice of PBL 353 

scheme and vertical resolution and MYNN might be a better PBL scheme for simulating impacts 354 

of mountain waves on hub-height wind speed.  355 

 356 
Figure 7: Timeseries of reconstructed hub-height wind speeds from SoDAR observations and 357 

model simulation for the 20151111 mountain wave case: both a) and b) are similar to Figure 6a) 358 

except that the blue line in a) is from EXP1 where the model vertical levels increase from 44 to 66 359 

and the blue line in b) is from EXP2 where the PBL scheme changes from YSU to MYNN.   360 

 361 

 362 

Table 3: Time Lag Correlation Between Observed and Simulated Hub-Height Wind Speeds 363 

From EXP1 and EXP2  364 

           Time 

 Event  
-60m -50m -40m -30m -20m -10m 0 10m 20m 30m 40m 50m 60m 

VG (EXP1) 

20151111 
-0.50 -0.75 -0.79 -0.67 -0.43 -0.09 0.29 0.53 0.52 0.35 0.14 -0.03 -0.12 

VG (EXP2) 

20151111  
-0.48 -0.68 -0.69 -0.55 -0.33 -0.02 0.33 0.57 0.57 0.39 0.13 -0.16 -0.45 
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* Blue (red) indicates that the correlation is negative (positive). The bold value indicates that the 365 

correlation is statically significant to at least the 95 % level. In EXP1, the model vertical level 366 

changes from 44 to 66. In EXP2, the PBL scheme changes from YSU to MYNN. “m” stands for 367 

minute. 368 

 369 

4. Uncertainties 370 

 371 

4.1 Uncertainty associated with wavelength range 372 

 373 

In this study, the simulated mountain wave signals are reconstructed using a wavelength range 374 

from 8 to 20 km (Wilczak et al. 2019; Draxl et al. 2020). To justify that our selection of wavelength 375 

range is sufficient to capture the simulated mountain wave activities, a similar analysis is 376 

performed, in which the simulated hub-height wind speed is reconstructed with wavelength ranges 377 

from 20 to 55 km. Note that such analysis is not performed for wavelength smaller than 8 km 378 

because the associated power variance is small (Fig. 3). 379 

 380 

Figure 8 shows the Hovmöller diagram of simulated hub-height wind speed and reconstructed 381 

wind speed at the latitude of Prineville and Van Gilder from all four mountain wave events. Figure 382 

8a), 8d), 8g), 8j) represent the original simulated hub-height wind speed from the model simulation. 383 

Figure 8b), 8e), 8h) and 8k) represent the reconstructed hub-height wind speed with wavelength 384 

ranging between 8 and 20 km whereas Figure 8c), 8f), 8i) and 8l) represent reconstructed hub-385 

height wind speed with wavelength ranges between 20 and 55km. From the original wind speed 386 

plots, we can easily identify the four significant mountain wave events, which are characterized 387 

by basin-wide wave patterns and large wind speed. The wind speeds reconstructed with 388 

wavelength ranging from 8 to 20 km are able to mostly capture the simulated wave pattern during 389 

the mountain wave event. However, such mountain wave-induced wave activities have mostly 390 

disappeared for wavelength ranging from 20 to 55km. The results justify that our choice of 391 

wavelength range is sufficient to capture most of the simulated mountain wave impacts on hub-392 

height wind speed. 393 
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 394 
 395 

Figure 8: Hovmöller diagram of simulated wind speed at targeted latitude of Van Gilder and 396 

Prineville from the three mountain wave simulations: a) original wind speed at Van Gilder from 397 

20151111; b) same as a) but the wind speed is reconstructed with wavelength range from 8 to 20 398 

km; c) same as a) but the wind speed is reconstructed with wavelength range from 20 to 55 km; d) 399 

original wind speed at Prineville from 20160214; e) same as d) but the wind speed is reconstructed 400 

with wavelength range from 8 to 20 km; f) same as d) but the wind speed is reconstructed with 401 

wavelength range from 20 to 55 km; g) original wind speed at Van Gilder from 20160404; h) same 402 
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as g) but the wind speed is reconstructed with wavelength range from 8 to 20 km; i) same as g) but 403 

the wind speed is reconstructed with wavelength range from 20 to 55 km. j) original wind speed 404 

at Prineville from 20160404; k) same as j) but the wind speed is reconstructed with wavelength 405 

range from 8 to 20 km; l) same as j) but the wind speed is reconstructed with wavelength range 406 

from 20 to 55 km. The black dashed lines indicate the period of significant mountain wave event 407 

for each case.  408 

 409 

4.2 Uncertainty associated with wave period 410 

 411 

To test the uncertainties of our results associated with wave periods, Figure 9 shows a similar plot 412 

as Figure 6 but the timeseries is reconstructed with wave periods from 4 to 8 hours, instead of 1 to 413 

4 hours. For the mountain wave case study on 20151111 (Fig. 9a), the magnitude of simulated 414 

hub-height wind speed is negligible as compared to the observations. For the mountain wave case 415 

study on 20160214, the simulated hub-height wind speeds show a significant positive correlation 416 

with the observations between -1 and 0 hour (Fig. 9b), suggesting that low frequency waves might 417 

also be important in this particular event. For the mountain wave case study on 20160404 (Fig. 9c 418 

and 9d), the simulated hub-height wind speed at both stations show no resemblance with 419 

observations. Overall, there is much less consensus in terms of both wave pattern and magnitude 420 

between the model and observations when the wave period increases. This could mostly be 421 

attributed to the fact that mountain waves, specially trapped lee waves, are high frequency signals. 422 

Therefore, reconstructing this type of wave with large wave periods might not be accurate. 423 

 424 

 425 
Figure 9: Similar to Figure 6 but both the observed and simulated timeseries are reconstructed 426 

with wave period from 4 to 8 hour.  427 

 428 

4.3 Uncertainty associated with power variance threshold and wave duration 429 

 430 

Other than the selected wavelength range and wave period, the other two important factors in this 431 

analysis are the 25 % threshold value and the 3-hour duration which are used to determine the 432 

significant mountain wave events (Figure 3). Most certainly, if the threshold value decreases or 433 
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increases, both the length and number of these significant mountain wave events will change.  For 434 

instance, if the threshold decreases to 20 %, there will be another simulated mountain wave event 435 

from November 12th 04Z to November 12th 08Z for 20151111 case. However, this simulated 436 

mountain wave event is much weaker compared to the first event (Fig. 8a). Note that in this study, 437 

we are only interested in significant mountain wave activities and our current threshold value 438 

certainly can capture such major mountain wave activities from all three case studies.  439 

 440 

Similarly, if the wave duration increases, there will be fewer simulated mountain wave events to 441 

examine. In that case, the significant but relative short mountain wave event, such as that happened 442 

on 20151111 (Fig. 3a) will be left out. On the other hand, if the wave duration decreases to 1 hour, 443 

the number of simulated mountain wave event will increase drastically. However, the relatively 444 

short data period might not be sufficient to establish any statistically significant relationship 445 

between the observations and model simulations. 446 

 447 

In order to determine a more accurate threshold value for significant mountain wave’s intensity 448 

and duration, more collaborations between the scientific community and the wind energy sector 449 

are needed to examine how big the impact does real-world mountain wave have on the actual wind 450 

power production. Only then, we can have more confidence in issuing hazard warning when such 451 

mountain wave activities are forecasted. 452 

 453 

5. Summary and conclusions 454 

 455 

Recent studies (Wilczak et al. 2019; Draxl et al. 2020) have shown that mountain wave activity 456 

impacts wind power generation. While predicting the exact details of mountain waves might be 457 

difficult, it is still valuable to evaluate a numerical model’s ability to simulate such events. In this 458 

study, we applied FFT to extract the simulated mountain wave signals on hub-height wind speed 459 

from three mountain wave simulations, using band-pass filtering, and compared with SoDAR 460 

observations. These three mountain wave events were identified as being of significant importance 461 

to the wind energy sector by the WFIP2 team.  462 

 463 

Our results suggest that the WRF model has moderate skill in simulating observed mountain wave. 464 

Further, given WRF predictions of wavelength range and wave period, the FFT can calculate the 465 

simulated mountain wave impact on hub-height wind speed. The resulting wind speeds agree well 466 

with SoDAR observations in terms of both magnitude and pattern. Finally, for the simulated cases, 467 

WRF consistently predicts impacts of significant mountain wave events about an hour earlier than 468 

the actual observations. 469 

 470 

There are many possible reasons as to why the simulated mountain wave impact occurs a bit earlier 471 

than the observation. It is possible that the band-pass filtering does not capture the entire spectrum 472 

of simulated mountain wave activities. In addition, misrepresentation from the prescribed initial 473 

conditions as well as limitation from the model physics, such as the turbulent mixing induced from 474 

the PBL scheme, could also be playing a major role. By inheriting the abundance of the WFIP2 475 

observational dataset, we can further explore the cause for this discrepancy, which will be the 476 

focus of a subsequent study.  477 

  478 
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