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ABSTRACT 

The wind energy industry needs accurate forecasts of wind speeds at hub 

height and in the rotor layer to accurately project expected power output from a wind 

farm. These forecasts aid the industry in deciding if there will be enough power to 

meet the energy need or if back up power sources will be necessary, and they are also 

used to site future wind farms. Current numerical weather prediction (NWP) models 

struggle to accurately predict low level winds such as those at turbine heights, partially 

because of systematic biases within the models. These systematic errors are addressed 

through this study with statistical post-processing techniques such as model output 

statistics (MOS) and the analog ensemble (AnEn) approach. Additionally, the analog 

ensemble approach is used to take advantage of the spread of solutions produced by 

the ensemble members in creating a reliable forecast distribution.  

This study uses reforecasts from the Weather Research and Forecasting (WRF-

ARW) model version 3.5.1 and observations from SODAR instruments in West Texas 

over periods of up to two years to examine the skill added to forecasts when applying 

both MOS and AnEn techniques.  Different aspects of the techniques are tested such 

as model horizontal and vertical resolution, number of predictors, and training set 

length. Further, experiments are composited over different times to address the time-

dependent nature of systematic wind biases.  Both MOS and the AnEn are applied to 

several levels representing heights in the turbine rotor layer (40, 60, 80, 100, 120 m).  

Ultimately the results of this study present the degree of improvement each technique 

provides to raw WRF forecasts, and the translation of adjusted low-level wind 

forecasts into the real-time Texas Tech University (TTU) weather prediction system is 

discussed.  
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 CHAPTER I  

INTRODUCTION  

 

As the installed capacity of wind energy increases, it is becoming more 

important to make accurate wind forecasts. Wind power is a variable source of energy 

and therefore requires back-up base-load and spinning reserve units during periods of 

low wind. These base-load and spinning reserve units are usually powered by other 

sources such as coal, nuclear, or natural gas  (DOE 2008). There are high costs 

associated with starting up these units, and wind power forecasts can provide 

important guidance for their operation. In turn, accurate turbine-layer wind forecasts 

are vital to the efficient operation and development of wind power resources desired to 

support a clean and reliable global power supply. In fact, the quality of numerical 

weather prediction (NWP) forecasts has recently been identified as a crucial science 

priority if meteorological support of the wind energy industry is to improve (Schreck 

et al. 2008, Shaw et al. 2009, Banta et al. 2013).  

To accurately forecast wind power, accurate wind speed forecasts at turbine 

hub heights and throughout the rotor layer are crucial, where rotating blades convert 

the mechanical wind energy into electricity. The typical hub height for a utility-sized 

modern wind turbine is between 80 and 100 m, with rotor layers generally extending 

from about 30 to 150 m.  Underscoring the need for high-quality wind forecasts is the 

fact that the power output from a wind turbine is proportional to the wind speed cubed 

(DOE 2008), and therefore a small error in the wind speed forecast can result in much 

larger errors in projected power output. Forecast errors in wind speed, and therefore 

wind power, are also particularly important in turbine cut-in or cut-out wind speed 

ranges. This is because the difference between a power prediction and the actual 

generated power can be very large at these thresholds.  

Current NWP models struggle with forecasting low-level winds, such as those 

at turbine hub height and within the rotor sweep, partially due to systematic errors that 

occur within the planetary boundary layer (PBL) parameterizations. An example of 

this is described in Ancell et al. (2015) in which the bias was calculated against 
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METAR surface and 80-m tower wind observations over a month of ensemble 

Kalman filter (EnKF) runs and then with model runs that, instead, assimilated 

profiler/SODAR observations. The wind speed biases were very similar for both types 

of runs, as large as 2-5 m/s at 80-m, indicating a systematic error in the PBL 

parameterization by which all runs are influenced.  

These errors can be addressed with statistical post-processing techniques that 

use statistical models over training data periods to relate model forecasts to 

observations. One common and established technique is model output statistics 

(MOS). MOS uses a multiple linear regression to correct systematic errors in a 

forecast model by using deterministic NWP forecasts of certain weather variables as 

predictors and fitting these predictors to observations (Glahn and Lowry 1972). There 

are also techniques for post-processing that use an ensemble framework to take 

advantage of the spread of solutions produced by the ensemble members. One of those 

techniques is the analog ensemble (AnEn). The AnEn method uses forecasts from a 

high resolution deterministic NWP model run with archived observations over the 

same period to select the best “analogs” to serve as ensemble members to produce a 

probabilistic ensemble forecast (Delle Monache et al. 2013) with an improved 

deterministic prediction (the ensemble mean). 

This study applies two statistical post-processing techniques, MOS and AnEn, 

to raw deterministic NWP forecasts to understand the degree of improvement the 

techniques may provide to low-level wind speed forecasts in the Texas panhandle. 

Model configurations are chosen to mimic the real-time Texas Tech University (TTU) 

weather prediction system in effort to foster a seamless transition of research results 

into improved operational wind forecasts.  Further, this study is unique in that it 

applies the statistical techniques to sonic detection and ranging (SODAR) instrument 

observations existing throughout typical turbine rotor layers, instead of meteorological 

tower measurements and heights, providing an understanding of the potential forecast 

improvements with regard to the wind speeds that directly affect wind power 

prediction.  This work also compares the different statistical techniques for these 

unique observations, something that is rare in prior research on statistical post-
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processing of NWP forecasts.  Specifically, this study addresses the following research 

questions: 

1.  Does MOS add skill to raw Weather Research and Forecasting (WRF) 

model rotor-layer wind speed forecasts? 

2. How do different aspects of MOS (model horizontal and vertical resolution, 

number of predictors, training dataset length, time stratification; training MOS based 

on a certain valid time instead of mixing over all valid times, and the potential for 

regional MOS) affect the skill added to raw forecasts? 

3.  Does AnEn add skill to raw WRF rotor-layer wind speed forecasts, and how 

does the reliability of the AnEn compare to that of a raw ensemble? 

4. How do different aspects of AnEn (model horizontal and vertical resolution, 

predictor weighting, and training dataset length) affect the skill added to the raw 

forecasts? 

5. How do forecast improvements compare between MOS and the AnEn? 

The outline of this thesis is as follows: Chapter 2 provides background on the 

MOS and the AnEn techniques as well as a discussion of previous work involving 

these techniques. Chapter 3 presents the methodology used in this work, and Chapter 4 

includes results and discussion pertaining to the experiments performed. Chapter 5 

summarizes the research and includes the conclusions of this thesis.  
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CHAPTER II 

BACKGROUND 

  

Statistical post-processing involves the use of raw NWP forecasts along with 

observations to create a statistically corrected (post-processed) forecast with reduced 

systematic errors. These "corrected" forecasts can lead to improved prediction of 

certain NWP weather variables. Such systematic errors that are addressed when post-

processing are biases and model tendencies (under or overestimating), and the 

decrease in forecast accuracy at increasing forecast time into the future (e.g., a 48-h 

forecast is usually more inaccurate than a 24-h forecast) (Wilks 2011). One limitation 

to certain statistical post-processing techniques is that a long archive (~years) of NWP 

forecasts and corresponding observations of the forecast variable of interest is 

generally needed to make useful statistical relationships in order to successfully apply 

them to raw NWP forecasts (Wilks 2011). This can be difficult to obtain because 

NWP models undergo changes and upgrades frequently, and post-processing methods 

generally need to use the same version of the model in the training archive as is being 

used to forecast. There are also difficulties involving the computational resources of 

storing long periods of high-resolution model forecast data.  Thus, statistical post-

processing techniques may need to be redeveloped for different NWP models, for 

different versions of the same model, and for different forecast times (Wilks 2011) 

because a 24-h forecast may have different errors than a 48-h forecast within the same 

model. Typically, reforecasts of the NWP model’s version and setup are generated and 

used to  develop this archive, if one does not exist, to address the lack of a training 

dataset by a given NWP model, version, or forecast time (Jacks et al. 1990; Hamill 

and Whitaker 2006; Wilks 2011).  This study specifically addresses MOS and the 

AnEn statistical postprocessing techniques, which are described below:  

Model Output Statistics 

The first statistical post-processing technique this study evaluates is model 

output statistics (MOS).  The MOS approach uses a multivariate linear regression 

using NWP forecasts of variables as predictors and observations as the predictand 
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(Wilks 2011). For the MOS method, an archive of NWP forecasts and observations is 

needed to build the regression equation. Equation 1 shows the MOS forecast 

regression equation used in this study (Glahn and Lowry 1972). 

𝑌 = 𝑎0 + 𝑎1𝑋1 + 𝑎2𝑋2 + ⋯ + 𝑎𝑘𝑋𝑘        (1) 

where Y is the observations of a predictand, 𝑎0 is the regression constant, 𝑎𝑘 

are the regression coefficients, and 𝑋𝑘 are the NWP forecasts of the predictors. 

The process of selecting the predictors from a pool of potential predictors to 

use in the MOS regression equation is called a screening regression (Wilks 2011). It is 

important to narrow down the predictors to use in the regression equations to avoid 

overfitting and multicollinearity among predictors. Using too many predictors, 

especially ones that are redundant, can cause errors in the performance of the 

regression equation (Wilks 2011). One of the most common methods of screening 

regression is called forward selection (Wilks 2011). Forward selection is a method that 

aids in screening the potential predictors and selecting variables that will add the most 

value to the regression equation, avoiding redundant or mutually correlated predictors 

(Wilks 2011).  Forward selection is a method by which the goodness of fit between all 

the potential predictors and the predictand is calculated using some metric. In other 

words, simple regressions are computed between each possible predictor and the 

predictand, and the predictor with the best fit calculated by the metric becomes the 

first predictor in the regression equation. Many studies have used such metrics as 

mean squared error (MSE), reduction of variance (RV), coefficient of determination 

(R2), and others, or criteria based on more than one of the metrics (Glahn and Lowry 

1972; Wilks 2011; Ranaboldo et al. 2013). Once the first predictor is selected, then 

new multiple regressions are made between the predictand, the first predictor, and all 

remaining predictors to select the newest predictor with the best fit evaluated by the 

metric considering the first predictor selected on the previous step. Then the second 

predictor is found, and this process continues until a set defined number of predictors 

are selected.  
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Aside from the types and numbers of predictors, there are many other aspects 

that can optimize a MOS forecast equation. One aspect that can influence the skill of 

the MOS equations is the amount of training data used to develop the regression. 

Dabernig et al. (2015) found that having a longer training period when developing 

MOS more than compensated for having a coarser horizontal model resolution for 

deterministic forecasts and for having fewer ensemble members for probabilistic 

forecasts.  

Another way MOS can possibly be improved is with the development of a 

stratified MOS.  Due to the somewhat seasonal and diurnal systematic bias trend in 

NWP models, as well as the seasonal and diurnal trend of weather variables in general, 

for example, some studies have found it to be useful to subset the MOS equations 

monthly or seasonally to improve the performance of the MOS forecasts. Ranaboldo et 

al. (2013) performed a MOS study in which seasonally (monthly) stratified MOS 

equations were carried out to determine if there were improvements to short term wind 

power forecasts between different proposed MOS methods. It was found that MOS 

forecast equations improved NWP wind power forecasts by about 15% in terms of 

root mean squared error (RMSE) in two wind farms tested in the study. Their 

proposed methods, MOS1 and MOS2, showed better results compared with a simple 

regression MOS based on power measurements (MOS3).  The MOS1 and MOS2 

methods both involved multilinear regression with multiple NWP variables as 

predictors, while the MOS3 method was a simple (one predictor) regression where the 

only predictor used was NWP wind speed converted to power. Their results indicate 

that the number of predictors used can impact the forecast skill by MOS.  

Lazić et al. (2014)  proposed a summer stratified MOS that was trained over 

three years in which the data used was between June and October. The MOS methods 

in Lazić et al. (2014) were applied to the Eta model wind speed forecasts at different 

levels using tower observations. They found that the MOS method using multiple 

predictors involving modeled wind speed and 3 and 6-hour observations performed 

better than the raw model output in terms of lower mean error (ME), mean absolute 

error (MAE), root mean square error (RMSE) and higher coefficient of determination 
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(CD) than the MOS method involving only a simple regression where the only 

predictor is the modeled wind speed. 

Analog Ensemble 

 The AnEn post-processing technique is unique compared to MOS because it is 

a method that is applied to deterministic forecasts but it then creates an ensemble and 

therefore contains probabilistic information. The AnEn method is described in detail 

by Delle Monache et al. (2013). AnEn compares forecasts from a deterministic NWP 

model run with archived observations over the same period to select the best “analogs” 

to serve as ensemble members to produce a probabilistic ensemble forecast (Delle 

Monache et al. 2013). The analogs are found by choosing NWP variables to be used as 

predictors for the variable that is being observed. Then, for a particular forecast lead 

time, using the current NWP forecasts, the difference between the current NWP 

forecasts and all of the past NWP forecasts at the same lead time are calculated (Delle 

Monache et al. 2013).  For a particular lead time, the observations are taken at the 

times of the analogs. The analogs are past forecasts where there is the smallest 

difference between the past and current forecasts based on the predictors. The 

observations that occur at the analogs are used as the ensemble members (Delle 

Monache et al. 2013).  

Figure 2.1 is a diagram outlining the process for selecting the analogs to build 

an ensemble out of a deterministic forecast. The first step is to take the predictors from 

the current forecast (black box) and find the closest forecasts (i.e., analogs) in the 

training period (blue boxes) based on these predictors. Next, the verifying observation 

that occurred at that time in the training period is selected (green box) and that 

observation becomes the first member in the analog ensemble. The process then 

repeats, this time, searching the second closest forecast’s verifying observation in the 

training period. The process continues until a defined number of analog ensemble 

members are obtained. This will be the ensemble forecast for the current forecast time 

(black box) (Delle Monache et al. 2013). 
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Figure 2.1 Process to find members for the analog ensemble (Fig. 3 in Delle Monache 

et al. 2013). 

 

Equation 2 describes the method by which the distance between the current 

and past forecasts are calculated to determine the closest analog  (Delle Monache et al. 

2013). 

‖𝐹𝑡𝐴𝑡′‖ = ∑
𝑤𝑖

𝜎𝑓𝑖

√∑ (𝐹𝑖,𝑡+𝑗 − 𝐴𝑖,𝑡′+𝑗)2�̃�
𝑗=−�̃�

𝑁𝑣
𝑖=1             (2) 

where 𝐹𝑡 is the current deterministic WRF forecast for a location and time t, 

𝐴𝑡′  is an analog at a past time 𝑡′ and at the same location and lead time as 𝐹𝑡, Nv is the 

number of variables used as predictors, 𝑤𝑖 is the weights given to each predictor 

variable, 𝜎𝑓𝑖
 is the standard deviation of the predictor variables for a certain location 

over the training period of past forecasts, �̃� is half of the time window in which 

squared differences between analog and forecast values are calculated for a location 

and 𝐹𝑖,𝑡+𝑗, and 𝐴𝑖,𝑡′+𝑗 are the values of the forecast and the analog for a variable in a 

time window.  

Junk et al. (2015) sought to improve the AnEn technique by introducing static 

and dynamic weighting strategies to weight the predictors used to find the analogs. 

The static weighting strategy finds weights, 𝑤𝑖 , by minimizing the continuous ranked 

probability score (CRPS) over all possible combinations of weight values with the 

predictors. The dynamic weighting strategy does the same but the weights are updated 
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more frequently (e.g., seasonally) instead of calculating them once throughout the 

training period (Junk et al. 2015).  

A part of this AnEn method was introduced by (Delle Monache et al. 2011). 

They compared an analog method (AN) method for 10-m wind speed WRF forecasts 

with an analog Kalman filter (ANKF) technique, Kalman filter (KF), and 7-day 

running-mean correction (7-Day). These techniques are described in detail by Delle 

Monache et al. (2011). The AN method is a weighted average of the observations at 

the ten best analogs. It was determined that the AN method performed best. Their 

results show average improvements, measured by centered root mean square error 

(RMSE), of 10% over ANKF, 20% over KF, 25% over 7-Day, and 35% over the raw 

model forecasts (Delle Monache et al. 2011).  

Delle Monache et al. (2013) performed a study expanding on this idea to 

evaluate the AnEn method as an ensemble with probabilistic information and to 

compare this method with two other ensemble post-processing techniques, logistic 

regression (LR) and ensemble MOS (EMOS). They found that the AnEn method was 

statistically consistent and showed high reliability. It had equal or better skill than the 

LR forecasts applied to deterministic forecasts and EMOS applied to an ensemble. The 

AnEn method was also computationally less expensive compared to EMOS since it 

didn’t require an ensemble but only required deterministic forecasts.  

Alessandrini et al. (2015) also found that the AnEn method is cost effective 

and can perform just as well or even outperform other ensemble post-processing 

techniques for predicting wind power especially in the case of rare events. The AnEn 

performs as well as European Centre for Medium-Range Weather Forecasts Ensemble 

Prediction System (ECMWF-EPS), Consortium for Small-scale Modelling (COSMO)- 

Limited Area Ensemble Prediciton System (LEPS), and a quantile regression (QR) 

technique for common events. AnEn was also proven more skillful for rare events.  
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CHAPTER III 

METHODS 

Study Location and Observations 

Wind turbine rotor height (~ 40 – 120 m) wind speed observations are needed 

in order to develop the statistical models used in this study. These observations are 

obtained from the West Texas Mesonet’s Sonic Detection and Ranging (SODAR) 

instruments (Schroeder et al. 2005). Since a long training dataset is required to 

develop a useful statistical relationship, two years of observations from these 

instruments are used in this study. Figure 3.1 displays the different SODAR locations 

and topography. The locations marked with an “H” and “S” in Figure 3.1 indicate the 

Hereford and San Angelo SODARs, respectively, that are used in this study. There are 

seven SODARs in the network; the two that are selected for use in this study offered a 

good comparison of how the post-processed forecasts compare spatially and with 

different topographic features. This is because the Hereford and San Angelo locations 

are the furthest away from each other and the Hereford SODAR is on the caprock, 

while the San Angelo SODAR is off the caprock. The two SODARs also had similar 

sufficient training data available so that the success of the statistical models was not 

skewed. Samples of wind speed observations from these instruments are recorded in 

10-min averages and sampled at heights of 30 – 320 m. 
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Figure 3.1 SODAR locations map. The “H” marks the Hereford, TX SODAR and the 

“S” marks the San Angelo, TX SODAR used in this study. Map Adapted from West 

Texas Mesonet (2017) 

 

The SODARs used in this work are SCINTEC MFAS flat panel array 

SODARs (West Texas Mesonet 2017). The SCINTEC MFAS SODARs have a 

measurement accuracy of around 0.1 - 0.3 m/s for horizontal wind speed (Scintec 

Corporation 2012).  SODAR data can lose quality during precipitation and blowing 

dust events. The SCINTEC software have quality control tests that remove poor 

quality data before completing the 10-min average, including data that is affected by 

high winds or precipitation. Dry air will also increase atmospheric noise and reduce 

the number of good data.  In most cases, the warmer the temperature and higher the 

humidity values, the better the data (West Texas Mesonet 2017).  If the data values 

don’t pass the quality control tests (e.g. if the data doesn’t exist, signal strength is 

poor, lack of consistency, etc.) then the values are replaced with error values (99.99) 

and won't be used in the 10-minute averages. If the data values pass these quality 

control tests, then the values are validated and recorded with high confidence (Scintec 

Corporation 2015). For this study SODAR data from the top of each hour is used to 

match with the hourly output of the NWP model.  

H 

S 
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Model Setup 

The NWP model reforecasts that are used in this study come from the WRF 

V3.5.1 model (Skamarock et al. 2008). A 12-km domain is used to develop a 2-year 

training data set (2014 – 2015) with a 4-km nest during all of 2015 to test different 

horizontal model resolutions when training the MOS equations. The 2015 year is also 

rerun with 12 km resolution only, but with a higher vertical resolution than the original 

(51 levels vs. 38 levels) to test different vertical model resolutions when training the 

MOS equations. These model reforecasts, along with the SODAR observations, are 

used to train MOS. The model reforecasts involving one-year 12 km (38 levels and 51 

levels) and one-year 4 km datasets are used for the AnEn method. A plot of the 12-km 

(with 4-km nest) model domain is displayed in Figure 3.2. The WRF model is 

initialized from the Global Forecast System (GFS) forecasts four times a day, with 24-

h forecasts and output every hour. The model physics configuration matched the real-

time TTU prediction system, as the goal is to see how well these post-processing 

techniques work with this system. These physics schemes include the Thompson 

microphysics scheme (Thompson et al. 2008), Rapid Radiative Transfer Model 

(RRTM) longwave radiation scheme (Mlawer et al. 1997), Dudhia shortwave radiation 

scheme (Dudhia 1989), Noah land Surface Model (Tewari et al. 2004), Yonsei 

University planetary boundary layer scheme (Hong and Noh 2006), and Tiedtke 

cumulus scheme (Tiedtke 1989). Model reforecasts are also run over the year 2016 

with each type of resolution and physics for verification of these methods.  
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Figure 3.2 12-km WRF domain with 4-km nest. 

MOS Experiments 

The aspects of MOS evaluated in this study are horizontal and vertical 

resolution, training dataset length, number of predictors in the equation, stratification 

of the MOS equations by valid time, and the potential for regional MOS. These tests 

are summarized in Table 3.2. To test the impact of horizontal resolution on MOS skill, 

MOS equations are developed for one year (2015) of the 12-km forecasts and one year 

of the 4-km forecasts and then the two sets of equations are compared for their 

predictive skill. The vertical resolution is also varied using MOS trained with one year 

of 12 km horizontal resolution and a vertical resolution of 38 levels and comparing it 

to MOS trained with one year of 12 km horizontal resolution and a vertical resolution 

of 51 levels. Then, the MOS trained on each dataset is compared to determine if 

vertical resolution plays a role in MOS forecast skill.   

 To test training dataset length, MOS equations are developed for one year of 

the 12-km forecasts and six months of the 12-km forecasts and compared for skill. The 

six month training period is February, April, June, August, October, and December 

2015 to allow for a fair comparison with the one-year MOS since there is training 

taking place among all four seasons as well.  
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To test the number of predictors necessary, the numbers of predictors used in 

the MOS equations vary and different equations are developed for different numbers 

of predictors, starting at 20 predictors and working the way down to a single predictor, 

and these equations’ skills are compared. For this predictor test the one-year 12-km 

forecast dataset is used.  

The next aspect of MOS that is tested is stratifying the MOS equations by valid 

time much like how previous studies discussed stratification by season. This 

determines whether breaking up the MOS equations by valid time adds value to the 

MOS-corrected forecasts due to are specific error characteristics associated with 

different valid times. To do this, MOS equations are developed over only the 12-hr 

valid time of the one-year 12-km training period. Since this is done for each 

initialization time, the 00 UTC initialization time MOS is trained only over 12 UTC 

valid times throughout the year, similarly, the 06 UTC initialization time MOS is 

trained only over 18 UTC valid times, the 12 UTC initialization time MOS is trained 

over 00 UTC valid times, and the 18 UTC MOS is trained over 06 UTC valid times. 

Then the skill of these equations is compared to the skill of the MOS equations 

developed over the entire training period for the verification periods matching the 

respective training periods.  

The final MOS experiment is to determine the potential of developing a 

“regional” MOS equation. To test this, predictor names from the screening regression 

as well as MOS coefficients from one SODAR location are applied to the other 

SODAR location (and vice versa) to determine if the skill of the raw WRF forecasts is 

improved by using another SODAR’s MOS coefficients. If so, then these coefficients 

may potentially be applied to any location within the West Texas Panhandle instead of 

needing to tune each MOS equation to a specific location that may or may not have a 

large enough observational dataset to carry out such statistical post-processing. This is 

another reason why the two furthest SODAR locations were selected for this study.  

Along with testing the specific aspects of MOS, some of these MOS equations 

discussed above are also developed for each of the two SODAR locations, for several 

heights in the typical wind turbine rotor layer (40, 60, 80, 100, 120-m), and for each 
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initialization time (00, 06, 12, 18 UTC). This is to determine how the MOS statistical 

models and skill change at different locations, for different heights of wind speeds, 

and for different initializations from the WRF model.  

To find the optimal predictors to use for the MOS multivariate regression 

equations a screening regression is used (see chapter II). The screening regression 

code uses WRF-modeled U, V, W, wind speed, temperature, and pressure at every 

grid point within a 20-grid point box (10 grid points in each direction) around the 

SODAR of interest and at each of the vertical levels in the WRF model as potential 

predictors for the 4-km WRF runs. Lapse rate and Richardson number are calculated 

over the first few raw model levels (from ~surface to ~150-m) for each grid point 

within the 20-grid point box to also be used as potential predictors. For the 12-km 

runs, the same area within the domain around the SODAR location is used to select 

the pool of potential predictors as the 4-km runs which is about one-third of the 

number of grid points compared to the 4-km runs. This is how the screening regression 

is carried out for the MOS experiments.  A comparison is made in chapter IV to 

determine if the amount of area around the SODAR being used to select potential 

predictors for the screening regression makes a difference. To make this comparison, 

MOS is trained using the predictors from the pool of potential predictors from the 

small area for the 12-km domain (the original area described above), then MOS is 

trained over predictors from a larger area, which is 20-grid points around the SODAR 

location (10 grid points in each direction) for the 12-km domain, and then MOS is 

trained over predictors from the SODAR station location only and without selecting 

potential predictors around the SODAR location for the screening regression. Using 

spatial predictors like this, for MOS and AnEn, is unique because predictors are 

typically used at the station location only. 

This screening regression algorithm calculates the goodness of fit using the 

adjusted R2  value, shown in Equation 3 (Tacq 1997), between the observations and 

each potential predictor.  

𝑅𝑎𝑑𝑗
2 = 1 − [

(1−𝑅2)(𝑛−1)

𝑛−𝑝−1
]         (3) 
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where 𝑛 is the number of points in the data sample, 𝑝 is the number of 

independent regressors, i.e. the number of variables in the model not including the 

constant. The screening regression stops once the best 20 predictors are selected. Each 

predictor is then a WRF model variable located at a height and grid box location. An 

example of the predictors selected from the screening regression for San Angelo 00 

UTC 12-km 38-lev forecasts for each of the five heights are shown in Table 3.1. 

Table 3.1 The predictors outputted from the screening regression for each of the five 

rotor heights for San Angelo 00 UTC 12 km 38 level 1 yr. MOS forecasts. 

 

Once the optimal predictors are found, Equation 1 is used to find the fitted 

MOS coefficients. Then, using the coefficients, a new MOS equation is developed for 

each MOS test and verified using deterministic metrics and the 2016 WRF forecasts.  

Table 3.2 summarizes the MOS experiments being performed. 

AnEn Experiments 

The AnEn technique uses the one-year training period (from Jan 2015-Dec 

2015) of 4-km, 12-km 38-level, and 12-km 51-level datasets for several heights in the 

typical wind turbine rotor layer (40, 60, 80, 100, 120 m). The AnEn experiments that 

are tested in this study are the use of optimal predictor weighting, horizontal and 

vertical resolution, and training set length. The AnEn experiments are done for the 00 
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UTC initialization time wind speed forecasts from WRF and the San Angelo SODAR 

observation location.  

The top four optimal predictors found using the screening regression during the 

MOS tests are used as four of the predictors for the AnEn method. The fifth predictor 

is the WRF wind speed forecast at the height, SODAR location, and initialization time 

of interest. These 5 predictors are ingested into Equation 2 to find the best analogs as 

described in chapter II in the Analog Ensemble section. The AnEn predictor weights 

are found using the static weighting strategy explained in chapter II and in Junk et al. 

(2015). The weights are obtained using this strategy because Junk et al. (2015) 

concluded that the dynamic weighting approach did not improve the AnEn method 

over the static weighting approach. Therefore, this study uses the static weighting 

approach to obtain the optimal predictor weights.  

In the Delle Monache et al. (2011) study in which hourly frequency data were 

used, different values of the half time window �̃� were tested ranging from 0 to 12. It 

was found that there were very small differences when using these �̃� values, with a 

value of �̃�=1 giving the best results. Since this study also uses hourly data, �̃�=1 is used. 

Delle Monache et al. (2011) also tested the number of analogs (ensemble members) 

necessary to create the analog ensemble. The number of analogs ranged from 1 to 15 

and it was found that the performance of the analog ensemble method started to 

become constant when there were around 10 analogs (Delle Monache et al. 2011). 

Therefore, this study uses 10 analogs for the AnEn as well. AnEn code was obtained 

and used to calculate predictor weights and to generate the analog ensemble, as in 

Delle Monache et al. (2013). Once the analog ensemble is created, it is verified using 

deterministic, using the AnEn mean, and probabilistic metrics and the 2016 WRF 

forecasts as with the MOS experiments.  Table 3.2 includes a summary of the AnEn 

experiments being performed. 

The first AnEn experiment assess the amount of skill added by using the 

optimal weighting strategy described above for all 5 predictors versus weighing the 5 

predictors equally. This is done using the 12-km 2015 WRF runs. AnEn is run with 

the optimal predictor weights and then again with equal weights applied to the 
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predictors. These results are compared in terms of skill with each other, with the raw 

WRF forecasts, and with the 12-km MOS method. It is worth mentioning that 

comparisons between the AnEn mean and MOS have not been done for this purpose in 

the previous literature which highlights the novelty of this study’s approach. In the 

literature, AnEn was mostly evaluated against other ensemble statistical post 

processing methods.  

The second AnEn experiment evaluates the skill of AnEn using different 

horizontal resolutions. Therefore, this comparison is made using the same WRF runs 

as are used in the MOS horizontal resolution test. AnEn 12-km and 4-km results are 

compared with the raw WRF model forecasts as well as the MOS forecasts. The third 

AnEn experiment, the vertical resolution test, is similar in that it uses the same WRF 

dataset as the MOS vertical resolution test. The AnEn 38-level and 51-level results are 

compared with the raw WRF model forecasts and the MOS forecasts.  

The final AnEn experiment determines how training set length may play a role 

in the skill of the AnEn technique. AnEn is developed using the 2015 12-km WRF 

runs with the same 6-month dataset as used for the training period MOS test. Then 

AnEn 1-yr and AnEn 6-month are compared with each other, with the MOS forecasts, 

and with the raw WRF forecasts.  

Table 3.2 Summary table of post-processing techniques, aspect that is tested within 

each technique, and the WRF dataset needed for each test. 

Post-

Processing 

Technique 

 

Aspect to Test 

 

WRF Model Dataset Needed 

 

 

 

MOS 

 

Predictor 2015 12-km 

Training set length 2015 12-km 

6 month 2015 12-km  

Vertical Resolution 2015 12-km 51 levels 

2015 12-km 38 levels 

Horizontal Resolution 2015 12-km 
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2015 4-km 

Valid Time Stratification 2015 12-km  

Regional  2015 12-km  

 

  

AnEn 

Optimal Predictor Weighting 2015 12-km  

Horizontal Resolution 2015 12-km 

2015 4-km 

Vertical Resolution 2015 12-km 51 levels 

2015 12-km 38 levels 

Training Set Length 2015 12-km  

6 month 2015 12-km  

Verification 

To determine the skill of the two statistical post-processing methods as well as 

the deterministic raw WRF forecasts, the root mean squared error (RMSE) (Equation 

4) is calculated over the 2016 verification period for all the experiments (Wilks 2011):  

𝑅𝑀𝑆𝐸 =  √
1

𝑀
∑ (𝑦𝑚−𝑜𝑚)2𝑀

𝑚=1           (4) 

where M is the number of samples, 𝑦𝑚 are the model forecasts, and 𝑜𝑚 are the 

observations. For the MOS experiments, the goodness of fit for each trained multiple 

linear regression model is also shown with the coefficient of determination, R2, value. 

To test the significance of any differences in the RMSE and R2 values between 

the different methods and the raw WRF model, a right tail p-value test is done. The 

hypothesis is that the raw model or the coarser resolution method is tested to have 

larger RMSE and a smaller R2 value compared to either statistical method (when the 

raw WRF is being considered) or compared to the higher resolution method (when the 

lower resolution statistical method is being considered). For the AnEn versus MOS 

comparisons, the hypothesis is also tested via right tail p-value, that MOS has larger 

error than AnEn. For any p-value test, if the p-value is less than 0.05, then the 

hypothesis is accepted and this also proves that there is significantly larger error and 

smaller R2 for either raw WRF, the coarser resolution method, or MOS (when AnEn 
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versus MOS is being considered). If the p-value is greater than 0.05, then the 

hypothesis is rejected as not statistically significant. One the other hand, if 1 minus the 

p-value is less than 0.05, then this indicates that there is significance in the opposite 

hypothesis test, the left tail under the distribution. For example, if 0.9999 was the p-

value for the hypothesis right tail test of raw WRF having larger error than MOS, then 

1 – 0.9999 = 0.0001, which is less than 0.05. This indicates that the opposite is true: 

the raw WRF, in this case, would have significantly less error than MOS.   

The forecast bias, the observations subtracted from the forecasts, is also 

calculated for the time-stratified MOS experiment to show the types of biases that 

exist at the range of valid times and how this may change with the time-stratified 

MOS. 

The AnEn technique is verified against the raw deterministic WRF runs and 

the MOS forecasts using the RMSE of the ensemble mean. Because the AnEn is an 

ensemble, it is evaluated as an ensemble by calculating the spread-skill ratio. This is 

calculated by taking the ratio between the RMSE of the ensemble mean with the mean 

of the spread of the ensemble members. The spread is determined by calculating the 

standard deviation with the variances between the individual “analogs” or ensemble 

members about their mean as shown in Equation 5 (Wilks 2011): 

𝑆𝑝𝑟𝑒𝑎𝑑 =  √
1

𝑛−1
∑ (𝑥𝑖 − �̅�)2𝑛

𝑖=1           (5) 

with 𝑛 being the number of ensemble members, 𝑥𝑖 is the individual ensemble 

member forecast, and �̅� is the ensemble mean. If the value of the ratio is 1 this 

indicates a perfect ensemble. If the value of the ratio is less than 1 that means that the 

spread is larger than the skill and therefore the ensemble is overdispersive. If the ratio 

is greater than 1 then the spread is smaller than the skill and the ensemble is 

underdispersive.  
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CHAPTER IV 

RESULTS 

Model Output Statistics 

 The results of the MOS experiments: horizontal and vertical resolution test, 

predictors test, training set length, time stratification, and regional test, respectively 

are shown and discussed here. For all the experiments, the aspect of MOS being tested 

is the only thing changed and the rest of the parameters are held constant. These 

results are evaluated against the raw WRF model to determine the skill that may be 

added with this statistical post-processing technique.  

Screening Regression Number of Potential Predictors  

 As discussed in chapter III, the screening regression to select predictors to use 

for the MOS model equation selects from a pool of potential predictors which can vary 

in size. This experiment compares using predictors for MOS from the original 

screening area around the SODAR, with using predictors from a screening area that is 

3 times larger around the SODAR, and with using predictors from screening at the 

SODAR station location only to document if the size of the pool of potential 

predictors that are screened and selected for the MOS model makes a difference in the 

overall skill. This comparison is performed using the 00 UTC initialization WRF runs, 

and MOS is trained for both San Angelo and Hereford for all five heights. Figures 4.1 

and 4.2 show the RMSE profiles of each of the three versions of MOS based on the 

screening areas for San Angelo and Hereford, respectively. From these figures, it 

appears using the predictors only from the SODAR station location, which is typically 

how MOS is handled operationally and in previous studies, has larger MOS RMSE for 

both SODARs and at all levels compared to screening predictors over some area 

around the SODARs. The larger screening area MOS has slightly less error in terms of 

RMSE compared to the smaller screening area but they are very similar especially for 

the Hereford location.  

Tables 4.1 and 4.2 show the p-values between the three RMSE comparisons. 

For the original screening area versus the larger screening area, the p-values are all 

larger than 0.05 for all heights and both SODARs, indicating that there is no 
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statistically significant difference between the RMSE. This is the same for the station- 

only predictors versus the original screening area predictors. For the comparison of the 

station-only predictors versus the larger screening area predictors, there is significantly 

larger MOS RMSE for using the station predictors at Hereford 40 and 60 m but not the 

other heights or other SODAR.  

Figures 4.3 and 4.4 show the R2 model fit profiles of the three screening area 

predictors’ MOS comparisons for San Angelo and Hereford locations, respectively.  

For both SODARs’ figures, the larger the screening area, the larger the R2 value, and 

therefore, the better the MOS model fit. Table 4.3 shows the p-values over all heights 

for each of the SODARs’ three screening area comparisons. Since all the p-values are 

less than 0.05, there is a significant increase in R2 MOS model fit with increasing 

screening area. Even though the R2 value shows significance between the three 

comparisons, the RMSE reveals that there could be a justification in using a smaller 

screening area to select predictors for MOS. 
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Figure 4.1 San Angelo 00 UTC RMSE profile plot of using a different number of 

potential predictors in the screening regression and in the MOS model. The blue solid 

line represents the 12-km MOS RMSE over the larger screening area, the pink solid 

line is 12-km MOS RMSE over the original screening area, and the solid black line is 

12-km MOS RMSE over using the station location-only predictors. 

 

 

Table 4.1 San Angelo 00 UTC p-values comparing the three different screening 

regression areas to obtain MOS predictors in terms of RMSE of the MOS models for 

five heights within the rotor layer.  
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Figure 4.2 Hereford 00 UTC RMSE profile plot of using a different number of 

potential predictors in the screening regression and in the MOS model. The blue solid 

line represents the 12-km MOS RMSE over the larger screening area, the pink solid 

line is 12-km MOS RMSE over the original screening area, and the solid black line is 

12-km MOS RMSE over using the station location-only predictors. 

 

Table 4.2 Hereford 00 UTC p-values comparing the three different screening 

regression areas to obtain MOS predictors in terms of RMSE of the MOS models for 

five heights within the rotor layer. 
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Figure 4.3 San Angelo 00 UTC R2 profile plot of using a different number of potential 

predictors in the screening regression and in the MOS model. The blue solid line 

represents the 12-km MOS R2 over the larger screening area, the pink solid line is 12-

km MOS R2 over the original screening area, and the solid black line is 12-km MOS 

R2 over using the station location-only predictors. 
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Figure 4.4 Hereford 00 UTC R2 profile plot of using a different number of potential 

predictors in the screening regression and in the MOS model. The blue solid line 

represents the 12-km MOS R2 over the larger screening area, the pink solid line is 12-

km MOS R2 over the original screening area, and the solid black line is 12-km MOS 

R2 over using the station location-only predictors. 

 

Table 4.3 San Angelo and Hereford 00 UTC p-values comparing the three different 

screening regression areas to obtain MOS predictors in terms of R2 of the MOS 

models’ fits over the five heights within the rotor layer.  

 
 

Horizontal Resolution  

 The horizontal resolution aspect of MOS is evaluated by training a set of MOS 

equations with the 4- and 12-km 2015 WRF reforecasts. This is done for both 

SODARs, for all four forecast initializations, and for the five heights located within 

the rotor layer (40, 60, 80, 100, 120 m). Figures 4.5 and 4.6 are panel plots that show 
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profiles of the RMSE for the 4- and 12-km MOS forecasts and for the 4- and 12-km 

raw WRF forecasts for the San Angelo and Hereford SODARs respectively. For both 

SODARs and all four initializations, most of the raw WRF 4-km forecast RMSEs are 

lower than the 12-km. This is to be expected since the wind speed forecasts should be 

better with a higher horizontal resolution. Tables 4.4 – 4.11 show the p-values for 12-

km WRF versus 4-km WRF RMSE. By looking at these p-values, for San Angelo, 

there are significantly larger errors for 12-km WRF than for 4-km WRF for all four 

initializations and all five heights since the p-values are less than 0.05. However, for 

Hereford the p-values show that, for the most part, there are no statistically significant 

differences in error between the 12-km and 4-km WRF. This could be due to the two 

locations, Hereford versus San Angelo, having different topographic characteristics 

causing differences among the SODARs’ forecast skills, but further investigation 

would be required to understand fully why this happens. 

For both SODARs’, it is also seen that the MOS RMSE profiles for both 4 and 

12-km are smaller than their respective raw WRF forecast RMSE profiles. Tables 4.4 

– 4.11 show the p-values for 12-km WRF versus 12-km MOS and 4-km WRF versus 

4-km MOS. In these two columns of these tables, all p-values for both SODARs, all 

four initializations, and all five heights are less than 0.05, indicating a significantly 

larger RMSE for the raw WRF forecasts (both 4 and 12-km) compared to the MOS 

forecasts. Therefore, MOS significantly improves the raw WRF forecasts in terms of 

RMSE for both locations, all heights within the rotor layer and for all initializations 

tested in this study.  

The 4 and 12-km MOS profiles shown Figures 4.5 and 4.6 are very similar to 

each other. Tables 4.4 – 4.11 have a column of p-values for the 12-km MOS versus 4-

km MOS and these values for all heights, SODARs, and initializations in this study 

are greater than 0.05. Therefore, there is no significant difference in RMSE between 

the 4 or 12-km MOS forecasts. This indicates that a coarser raw NWP model, like 12-

km, is all that is really needed to correct the forecast with MOS to this extent. The 

higher resolution MOS doesn’t provide any more improvement than the 12-km MOS 

even though the raw WRF forecast has less error at higher resolution.  
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Figures 4.7 and 4.8 show the MOS model fit via R2 profiles for four 

initializations for San Angelo and Hereford SODARs, respectively. From these 

figures, for both profiles the 4-km MOS model has larger R2 values and therefore 

better model fit than the 12-km MOS. Table 4.12 shows the p-values over all heights 

for the four initializations of both SODARs. These p-values express significance at all 

of San Angelo’s initializations, Hereford 12 UTC and 18 UTC. However, even though 

the model fit is better for 4-km MOS at certain instances, the RMSE profiles and 

tables show that the 12-km MOS and 4-km MOS are similar in terms of the 

improvement of the raw model.  

 

 
 

Figure 4.5 San Angelo horizontal resolution RMSE profile panel plot. The blue solid 

line represents the 12-km MOS, the blue dashed line is the raw 12-km WRF, the green 

solid line is the 4-km MOS, and the green dashed line is the 4-km WRF forecast. 
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Table 4.4 San Angelo 00 UTC p-values comparing the raw WRF forecasts for both 

horizontal resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  

 
 

Table 4.5 San Angelo 06 UTC p-values comparing the raw WRF forecasts for both 

horizontal resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  
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Table 4.6 San Angelo 12 UTC p-values comparing the raw WRF forecasts for both 

horizontal resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  

 
 

Table 4.7 San Angelo 18 UTC p-values comparing the raw WRF forecasts for both 

horizontal resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  
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Figure 4.6 Hereford horizontal resolution RMSE profile panel plot. The blue solid 

line represents the 12-km MOS, the blue dashed line is the raw 12-km WRF, the green 

solid line is the 4-km MOS, and the green dashed line is the 4-km WRF forecast. 

 

Table 4.8 Hereford 00 UTC p-values comparing the raw WRF forecasts for both 

horizontal resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  
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Table 4.9 Hereford 06 UTC p-values comparing the raw WRF forecasts for both 

horizontal resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  

 

 

Table 4.10 Hereford 12 UTC p-values comparing the raw WRF forecasts for both 

horizontal resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  
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Table 4.11 Hereford 18 UTC p-values comparing the raw WRF forecasts for both 

horizontal resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  

 
 

 

  

Figure 4.7 San Angelo horizontal resolution R2 profile panel plot. The blue solid line 

represents the 12-km MOS and the green solid line is the 4-km MOS model fit. 
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Figure 4.8 Hereford horizontal resolution R2 profile panel plot. The blue solid line 

represents the 12-km MOS and the green solid line is the 4-km MOS model fit. 

 

Table 4.12 San Angelo and Hereford, p-values comparing the 4-km MOS and 12-km 

MOS R2 model fits for all four initializations.  
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Vertical Resolution  

 The vertical resolution aspect of MOS is evaluated by training a set of MOS 

equations with the 38-levels (38lev) and 51-levels (51lev) 2015 WRF reforecasts. This 

is done for both SODARs, for all four forecast initializations, and for the 5 heights. 

Figures 4.9 and 4.10 are panel plots that show profiles of the RMSE for the 38 and 51-

level MOS forecasts and for the 38 and 51-level raw WRF forecasts for the San 

Angelo and Hereford SODARs respectively. For both SODARs and all four 

initializations, the raw WRF 51-level forecast RMSEs are actually higher than the 38-

level. This is unexpected because intuition suggests that the wind speed forecasts 

should be better with a higher vertical resolution. Upon initial investigation into this, 

there are the same number of model levels around similar heights within the rotor 

layer for both the defined 38- and 51-level WRF model runs. This could be why the 

51-level model runs didn’t outperform the 38-level runs because even though there 

were more model levels, the increase in levels in the model setup didn’t occur within 

the rotor layer. This does help to explain why the 51-level forecasts weren’t better than 

the 38-level forecasts, but it doesn’t explain why the 51-level forecasts were worse in 

terms of RMSE. To fully be able to explain this, much further investigation is 

required. Tables 4.13 – 4.20 show the p-values for 38-level WRF versus 51-level 

WRF RMSE. By looking at these p-values, for both SODARs, all initializations, and 

all heights they are ~0.999. Since they are large, and 1 – 0.999 = 0.001 which is less 

than 0.05, this indicates that the 38-level WRF has significantly smaller (instead of 

larger) RMSE than the 51-level WRF.  

For both SODARs’, it is also seen in Figs. 4.9 and 4.10 that the MOS RMSE 

profiles for both 51-level and 38-level are smaller than their respective raw WRF 

forecast RMSE profiles. Tables 4.13 – 4.20 show the p-values for the 51-level WRF 

versus 51-level MOS. In this column in these tables, all p-values for both SODARs, 

all four initializations, and all five heights are less than 0.05, indicating a significantly 

larger RMSE for the raw 51-level WRF forecasts compared to the 51-level MOS 

forecasts. Therefore, MOS improves the raw WRF forecasts in terms of RMSE for 

both locations, all heights within the rotor layer, and for all initializations much like 

the horizontal resolution test.  
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The 51-level and 38-level MOS profiles shown in Figures 4.9 and 4.10 are 

very similar to each other. Tables 4.13 – 4.20 have a column of the p-values for 38-

level MOS versus 51-level MOS and these values for all heights, SODARs, and 

initializations in this study are greater than 0.05. Therefore, there is no significant 

difference in RMSE between the different vertical resolution MOS forecasts. This 

reiterates that a coarser raw NWP model, like 12-km from the horizontal resolution 

test and 38-levels, is all that is really needed to correct the forecast with MOS to this 

degree.  

Figures 4.11 and 4.12 show the MOS model fit via R2 profiles for four 

initializations for San Angelo and Hereford SODARs, respectively. From these 

figures, for both profiles the 38-level MOS model has larger R2 values and therefore 

better model fit than the 51-level MOS. Table 4.21 shows the p-values over all heights 

for the four initializations of both SODARs. These p-values express significance at 

San Angelo’s initializations and Hereford 12 UTC. Again, these p-values are large, but 

1 minus the p-value is less than 0.05 indicating the opposite hypothesis, as described 

in chapter three, meaning that the 51-level R2 values are significantly smaller than the 

38-level MOS R2. Much like the horizontal resolution test, even though the R2 values 

are sometimes significantly different between the two MOS models, the RMSEs are 

statistically similar for both vertical resolution MOS forecasts.  

Both horizontal resolution and vertical resolution MOS models have 

significant RMSE improvement over WRF for the two respective tests. Therefore, 

MOS must correct the NWP forecast biases associated with models having coarser 

resolutions (both horizontal and vertical resolutions).  
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Figure 4.9 San Angelo vertical resolution RMSE profile panel plot. The blue solid 

line represents the 38-level MOS and the green solid line is the 51-level MOS RMSE 

profile. The blue dashed line is the 38-level WRF and the green dashed line is the 51-

level WRF RMSE profile. 
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Table 4.13 San Angelo 00 UTC p-values comparing the raw WRF forecasts for both 

vertical resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  

 
 

Table 4.14 San Angelo 06 UTC p-values comparing the raw WRF forecasts for both 

vertical resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  
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Table 4.15 San Angelo 12 UTC p-values comparing the raw WRF forecasts for both 

vertical resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  

 
 

 

Table 4.16 San Angelo 18 UTC p-values comparing the raw WRF forecasts for both 

vertical resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  
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Figure 4.10 Hereford vertical resolution RMSE profile panel plot. The blue solid line 

represents the 38-level MOS and the green solid line is the 51-level MOS RMSE 

profile. The blue dashed line is the 38-level WRF and the green dashed line is the 51-

level WRF RMSE profile. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Texas Tech University, Meghan J. Mitchell, December 2017 

41 

Table 4.17 Hereford 00 UTC p-values comparing the raw WRF forecasts for both 

vertical resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  

 
 

Table 4.18 Hereford 06 UTC p-values comparing the raw WRF forecasts for both 

vertical resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  
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Table 4.19 Hereford 12 UTC p-values comparing the raw WRF forecasts for both 

vertical resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  

 

 

Table 4.20 Hereford 18 UTC p-values comparing the raw WRF forecasts for both 

vertical resolutions as well as a comparison with both resolutions of MOS for five 

heights within the rotor layer.  
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Figure 4.11 San Angelo vertical resolution R2 profile panel plot. The blue solid line 

represents the 38-level MOS and the green solid line is the 51-level MOS model fit. 
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Figure 4.12 Hereford vertical resolution R2 profile panel plot. The blue solid line 

represents the 38-level MOS and the green solid line is the 51-level MOS model fit. 

 

Table 4.21 San Angelo and Hereford, p-values comparing the 51-level MOS and 38-

level MOS R2 model fits for all four initializations.  
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Number of MOS Predictors  

 The number of predictors necessary to use in the MOS equations to improve 

the WRF raw forecasts is evaluated by training MOS equations varying the number of 

predictors from 20 to a single predictor using the 12-km 2015 WRF reforecasts. The 

skill of each MOS equation with the different number of predictors is tested for each 

initialization time, both SODARs, and each of the five heights through RMSE panel 

plots shown in Figures 4.13, 4.15, 4.17, 4.19, and 4.21. Model fit, R2, panel plots are 

also shown in Figures 4.14, 4.16, 4.18, 4.20, and 4.22. Each panel plot represents a 

different height wind speed. The RMSE plots for each wind speed height, both 

SODARs, and each initialization time reveal that after adding the first predictor to the 

MOS model, the model is already improved over the raw WRF forecasts. This is 

because the first predictor selected out of the screening regression has the best 

individual fit with the observations among all the potential predictors. The error 

decreases after more predictors are added but the error levels off around 10 predictors 

and sometimes even slightly fewer predictors than that. The R2 plots show an increase 

in model fit with more predictors added. After about 6-8 predictors, this increase 

seems to become more gradual and less steep. This indicates that using any more than 

10 predictors may be unnecessary and does not add appreciable skill to the MOS 

forecast.  
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Figure 4.13 San Angelo and Hereford number of predictors used in 40-m wind speed 

MOS RMSE panel plot. The blue solid line represents the San Angelo MOS RMSE 

(y-axis) trained over different number of predictors (x-axis), the green solid line is the 

Hereford MOS, the blue dashed line is the San Angelo WRF, and the green dashed 

line is the Hereford WRF RMSE. 
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Figure 4.14 San Angelo and Hereford number of predictors used in 40-m wind speed 

MOS R2 panel plot. The blue solid line represents the San Angelo MOS R2 (y-axis) 

trained over different number of predictors (x-axis), the green solid line is the 

Hereford MOS R2 model fit. 
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Figure 4.15 San Angelo and Hereford number of predictors used in 60-m wind speed 

MOS RMSE panel plot. The blue solid line represents the San Angelo MOS RMSE 

(y-axis) trained over different number of predictors (x-axis), the green solid line is the 

Hereford MOS, the blue dashed line is the San Angelo WRF, and the green dashed 

line is the Hereford WRF RMSE. 
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Figure 4.16 San Angelo and Hereford number of predictors used in 60-m wind speed 

MOS R2 panel plot. The blue solid line represents the San Angelo MOS R2 (y-axis) 

trained over different number of predictors (x-axis), the green solid line is the 

Hereford MOS R2 model fit. 
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Figure 4.17 San Angelo and Hereford number of predictors used in 80-m wind speed 

MOS RMSE panel plot. The blue solid line represents the San Angelo MOS RMSE 

(y-axis) trained over different number of predictors (x-axis), the green solid line is the 

Hereford MOS, the blue dashed line is the San Angelo WRF, and the green dashed 

line is the Hereford WRF RMSE. 
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Figure 4.18 San Angelo and Hereford number of predictors used in 80-m wind speed 

MOS R2 panel plot. The blue solid line represents the San Angelo MOS R2 (y-axis) 

trained over different number of predictors (x-axis), the green solid line is the 

Hereford MOS R2 model fit. 
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Figure 4.19 San Angelo and Hereford number of predictors used in 100-m wind speed 

MOS RMSE panel plot. The blue solid line represents the San Angelo MOS RMSE 

(y-axis) trained over different number of predictors (x-axis), the green solid line is the 

Hereford MOS, the blue dashed line is the San Angelo WRF, and the green dashed 

line is the Hereford WRF RMSE. 
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Figure 4.20 San Angelo and Hereford number of predictors used in 100-m wind speed 

MOS R2 panel plot. The blue solid line represents the San Angelo MOS R2 (y-axis) 

trained over different number of predictors (x-axis), the green solid line is the 

Hereford MOS R2 model fit. 
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Figure 4.21 San Angelo and Hereford number of predictors used in 120-m wind speed 

MOS RMSE panel plot. The blue solid line represents the San Angelo MOS RMSE 

(y-axis) trained over different number of predictors (x-axis), the green solid line is the 

Hereford MOS, the blue dashed line is the San Angelo WRF, and the green dashed 

line is the Hereford WRF RMSE. 
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Figure 4.22 San Angelo and Hereford number of predictors used in 120-m wind speed 

MOS R2 panel plot. The blue solid line represents the San Angelo MOS R2 (y-axis) 

trained over different number of predictors (x-axis), the green solid line is the 

Hereford MOS R2 model fit. 
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Training Set Length  

 The next aspect of MOS evaluated is the amount of training set length needed 

to train MOS models to improve and post-process the raw WRF forecasts. This is done 

to determine if the training set length makes a difference in the overall skill of the 

MOS model forecasts. MOS equations are trained over the 00 UTC 1-yr 2015 WRF 

reforecasts and 6-mo (February, April, June, August, October, and December) 2015 

WRF reforecasts for each of the two SODARs. Figures 4.23 and 4.24 show the RMSE 

profiles of the different training period length MOS models as well as the raw WRF 

RMSE profile for San Angelo and Hereford 00 UTC, respectively. These profile plots 

show that the 6-mo trained MOS RMSEs are slightly larger than the 1-yr trained 

MOS, but similarly, both MOS models have much lower RMSE than the raw WRF 

model.  

Tables 4.22 and 4.23 show the p-values between the two different MOS 

training length RMSEs and between the 6-mo. MOS RMSE with the raw WRF model 

RMSE for San Angelo and Hereford 00 UTC respectively. The p-values between both 

training length MOS RMSEs are all larger than 0.05 indicating that there are not 

significantly larger errors for the 6-mo. trained MOS versus the full 1-yr. trained 

MOS. The p-values between the raw WRF and the 6-mo. trained MOS RMSEs are 

smaller than 0.05 indicating that there are statistically significantly larger errors for the 

raw WRF model than for the 6-mo trained MOS. Therefore, the 6-mo trained MOS 

does have slightly more error than the 1-yr training period, but it is not significantly 

different in terms of RMSE compared to the original 1-yr training period. The 6-mo 

MOS also significantly reduces the raw WRF model’s RMSE. The 6-mo training 

period (with hourly sampling like this dataset) is all that is necessary to significantly 

reduce the errors of the raw WRF model forecasts.  

 Figures 4.25 and 4.26 show the R2 profiles for the two-training period length 

MOS model fits for San Angelo and Hereford 00 UTC, respectively. By looking at 

these figures, it appears that, for the most part, the 6-mo trained MOS has larger R2 

values and therefore better model fit than the 1-yr MOS, except for upper levels at San 

Angelo. However, the p-values over all heights for the two-different length trained 

models are 0.885 and 0.786 for San Angelo and Hereford respectively as shown in 
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Table 4.24. Since these p-values are larger than 0.05 this signifies that there are not 

statistically significantly larger R2 values for the 6-mo. trained MOS versus the 1-yr. 

trained MOS.  

 

 
 

Figure 4.23 San Angelo 00 UTC RMSE profile plot of different training set lengths 

for MOS. The blue solid line represents the 12-km 1-yr. trained MOS RMSE, the pink 

solid line is the 12-km 6-mo trained MOS RMSE, and the blue dashed line is the raw 

12-km WRF RMSE. 

 

Table 4.22 San Angelo 00 UTC p-values comparing the 6-mo trained MOS with 1-yr 

trained MOS and the 12-km raw WRF RMSE for all five heights. 
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Figure 4.24 Hereford 00 UTC RMSE profile plot of different training set lengths for 

MOS. The blue solid line represents the 12-km 1-yr trained MOS RMSE, the pink 

solid line is the 12-km 6-mo trained MOS RMSE, and the blue dashed line is the raw 

12-km WRF RMSE. 

 

Table 4.23 Hereford 00 UTC p-values comparing the 6-mo trained MOS with 1-yr 

trained MOS and the 12-km raw WRF RMSE for all five heights. 
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Table 4.24 Hereford and San Angelo 00 UTC p-values comparing the 6-mo trained 

MOS with 1-yr trained MOS R2 values averaged over all five heights.  

 

 

 
Figure 4.25 San Angelo 00 UTC R2 model fit profile plot of different training set 

lengths for MOS. The blue solid line represents the 12-km 1-yr trained MOS R2 and 

the pink solid line is the 12-km 6-mo trained MOS R2. The p-value between the two 

MOS training periods in terms of R2 over all heights is 0.885. 

 

 

 



Texas Tech University, Meghan J. Mitchell, December 2017 

60 

 
Figure 4.26 Hereford 00 UTC R2 model fit profile plot of different training set lengths 

for MOS. The blue solid line represents the 12-km 1-yr trained MOS R2 and the pink 

solid line is the 12-km 6-mo trained MOS R2. The p-value between the two MOS 

training periods in terms of R2 over all heights is 0.786. 

 

Time Stratification 

 There are certain systematic biases associated with different valid times 

forecasted by the WRF model. Training MOS over all valid times could mix in these 

biases (both positive and negative) and influence the skill of the MOS forecasts. To 

test this, MOS is stratified by forecast lead hour 12 valid time for the four 

initializations, for both 4-km and 12-km forecasts, for five heights, and for both 

SODARs. To stratify MOS in this way, MOS equations are trained over just the lead 

hour 12 valid time for each initialization (e.g., 00 UTC initialization MOS is trained 

over 12 UTC times) and verified over just those times using the 2016 WRF forecasts.  

 Figures 4.27 and 4.28 display the lead hour 12 valid time biases that exist for 

both 4 and 12-km WRF model forecasts (the four initializations) for San Angelo and 

Hereford, respectively. For the San Angelo SODAR (Figure 4.27), there are mostly 

fast (positive) biases throughout the rotor layer except for in the 06 UTC initialization 

forecast at the upper levels. For the Hereford SODAR (Figure 4.28), there are fast 



Texas Tech University, Meghan J. Mitchell, December 2017 

61 

biases for the 00 and 18 UTC initializations and slow (negative) biases for the 06 and 

12 UTC initializations. The bias is also generally smaller for 4-km WRF vs. 12-km 

WRF. 

 Figures 4.29 and 4.30 show the lead hour 12 valid time original MOS biases 

for 4- and 12-km forecasts (four initializations) for San Angelo and Hereford 

respectively. On occasion, at San Angelo, the original MOS reduces the biases but 

also, at certain instances, switches the signs of the biases. This is the same with the 

Hereford location except for at the times where the WRF bias is already low. For 

example, the Hereford 18 UTC initialization forecast (valid at 06 UTC) has low 4-km 

WRF biases around 100 and 120-m shown in Figure 4.28. The corresponding MOS-

corrected forecasts (Figure 4.30) have larger biases than the WRF forecasts. 

Therefore, MOS may be overcorrecting when the WRF forecast is good.  

Since there appears to be a mixture of the types of positive and negative biases 

within the MOS-corrected forecasts, this indicates that there may be some mixture of 

the signs of the biases among the different valid times. Therefore, this justifies the 

evaluation of the valid time stratification of MOS. The biases for the time-stratified 

MOS are shown in Figures 4.31 and 4.32 for San Angelo and Hereford respectively. 

The skill of the stratified MOS is more easily shown in Figures 4.33 – 4.36, which are 

RMSE profiles of the stratified MOS, original MOS, and WRF forecasts for San 

Angelo 12-km, 4-km, Hereford 12-km, and 4-km respectively. The first thing to notice 

about these plots is that the original MOS that is trained over all valid times has a 

lower RMSE than both the time-stratified MOS and the raw WRF forecasts. Also in 

most cases, the valid-time stratified MOS actually degrades WRF. The exception to 

this is San Angelo 00 and 18 UTC initializations for 4 and 12-km. One reason that the 

time-stratified MOS could have a larger error than the original MOS may be due to it 

having less training data. The time-stratified MOS is only trained on 365 points (one 

point is a valid time per day) instead of the original MOS that is trained on 8760 points 

(365 days * 24 valid times = 8760 points).  Some evidence for this reason is tested by 

training the original MOS over all valid times for ~15 days which would be 

approximately 365 points by grabbing every 24th day in the training period. This is 
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done for the Hereford location using the 00 UTC 80-m wind speed height. When this 

is done, the raw WRF model RMSE is 2.08 m/s and the MOS RMSE is 2.88 m/s. This 

shows that with the same size training period as the time-stratified MOS, the original 

MOS forecast also degrades the WRF forecast, which supports the idea that the 

training period length could be the reason that the time-stratification MOS degraded 

WRF.  Therefore, the time-stratified MOS does not make any improvements over the 

raw WRF forecasts compared to the original MOS that is mixed over all valid times, 

so the original MOS technique should be used due to its larger training period.  

 

  

 
Figure 4.27 San Angelo WRF bias profile panel plot for four initializations’ lead hour 

12 valid time forecasts. The blue solid line represents the 12-km WRF bias and the 

green solid line represents the 4-km WRF bias. 
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Figure 4.28 Hereford WRF bias profile panel plot for four initializations’ lead hour 12 

valid time forecasts. The blue solid line represents the 12-km WRF bias and the green 

solid line represents the 4-km WRF bias. 



Texas Tech University, Meghan J. Mitchell, December 2017 

64 

 
 

Figure 4.29 San Angelo MOS bias profile panel plot for four initializations’ lead hour 

12 valid time forecasts. The blue solid line represents the 12-km MOS bias and the 

green solid line represents the 4-km MOS bias. 
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Figure 4.30 Hereford MOS bias profile panel plot for four initializations’ lead hour 12 

valid time forecasts. The blue solid line represents the 12-km MOS bias and the green 

solid line represents the 4-km MOS bias. 
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Figure 4.31 San Angelo time-stratified MOS bias profile panel plot for four 

initializations’ lead hour12 valid time forecasts. The blue solid line represents the 12-

km stratified MOS bias and the green solid line represents the 4-km stratified MOS 

bias. 

 



Texas Tech University, Meghan J. Mitchell, December 2017 

67 

 
Figure 4.32 Hereford time-stratified MOS bias profile panel plot for four 

initializations’ lead hour 12 valid time forecasts. The blue solid line represents the 12-

km stratified MOS bias and the green solid line represents the 4-km stratified MOS 

bias. 
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Figure 4.33 San Angelo time-stratified 12-km MOS RMSE profile panel plot for four 

initializations’ lead hour 12 valid time forecasts. The blue solid line represents the 12-

km original MOS (mixed valid times) RMSE, the pink solid line represents the time-

stratified MOS RMSE, and the blue dashed line is the 12-km WRF RMSE. 
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Figure 4.34 San Angelo time-stratified 4-km MOS RMSE profile panel plot for four 

initializations’ lead hour 12 valid time forecasts. The blue solid line represents the 4-

km original MOS (mixed valid times) RMSE, the pink solid line represents the time-

stratified MOS RMSE, and the blue dashed line is the 4-km WRF RMSE. 
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Figure 4.35 Hereford time-stratified 12-km MOS RMSE profile panel plot for four 

initializations’ lead hour 12 valid time forecasts. The blue solid line represents the 12-

km original MOS (mixed valid times) RMSE, the pink solid line represents the time-

stratified MOS RMSE, and the blue dashed line is the 12-km WRF RMSE. 
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Figure 4.36 Hereford time-stratified 4-km MOS RMSE profile panel plot for four 

initializations’ lead hour 12 valid time forecasts. The blue solid line represents the 4-

km original MOS (mixed valid times) RMSE, the pink solid line represents the time-

stratified MOS RMSE, and the blue dashed line is the 4-km WRF RMSE. 

 

Regional MOS 

 The next MOS test that is shown is the potential for the current trained MOS 

forecast coefficients to be used across the West Texas region. This is done using the 

2015 00 UTC WRF forecasts. MOS forecast equations are created using the other 

SODAR’s (e.g., Hereford) predictor names (from the screening regression) and 

coefficients and applying them to the original SODAR (e.g., San Angelo). This is done 

both ways: the Hereford coefficients and predictor names are applied to San Angelo 

and then the San Angelo coefficients and predictor names are applied to Hereford. 

These new “regional” MOS forecasts are compared to the original MOS forecasts that 
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are tuned to the individual SODAR location as well as with the raw WRF forecasts. 

This can be seen in Figures 4.37 and 4.38, which are RMSE profile plots of the three 

comparisons for San Angelo and Hereford, respectively. It can be seen by these 

figures that the “regional” MOS forecasts, using the other SODAR’s coefficients, have 

larger error than the original MOS and WRF forecasts. Tables 4.25 and 4.26 show the 

significance of the regional MOS with the original MOS and the WRF forecast 

RMSEs for all heights using p-values for the San Angelo and Hereford locations 

respectively. The p-values are less than 0.05 for the regional MOS versus original 

MOS column of the tables. This means that the regional MOS has significantly larger 

error than the original MOS. The p-values are large for the raw WRF RMSE versus 

the regional MOS column of the tables. Since one minus the p-values are less than 

0.05 this indicates that the WRF forecast RMSE is significantly less than the regional 

MOS RMSE. Therefore, the MOS coefficients found in this study cannot be used on 

other locations to improve WRF because it may actually degrade WRF forecasts. 

Performing a regional MOS in this way is not ideal and the MOS coefficients will 

need to be tuned to the specific forecast location that is selected to be post-processed.  
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Figure 4.37 San Angelo 00 UTC RMSE profile plot of the original MOS (blue solid 

line), the raw WRF RMSE (blue dashed line), and the MOS using the Hereford 

SODAR coefficients (solid green line). 

 

Table 4.25 San Angelo 00 UTC p-values comparing the MOS using the other 

SODAR’s coefficients with the original MOS and the 12-km raw WRF RMSE for all 

five heights. 
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Figure 4.38 Hereford 00 UTC RMSE profile plot of the original MOS (blue solid 

line), the raw WRF RMSE (blue dashed line), and the MOS using the San Angelo 

SODAR coefficients (solid green line). 

 

Table 4.26 Hereford 00 UTC p-values comparing the MOS using the other SODAR’s 

coefficients with the original MOS and the 12-km raw WRF RMSE for all five 

heights. 
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Analog Ensemble 

 The results of the AnEn statistical post-processing method are shown and 

discussed here. Different aspects of the AnEn namely predictor weighting, horizontal 

and vertical resolution, and training set length are evaluated. The aspect being tested 

will change but the rest will be held constant for each test. The mean of the analog 

ensemble will also be tested against the MOS forecast and the raw WRF deterministic 

forecast to determine if skill was added compared to either of the two forecasts. The 

AnEn method will be evaluated by its performance as an ensemble using spread-skill 

ratios as well. The AnEn is applied using the San Angelo 00 UTC initialization 2015 

12-km WRF forecasts at the five rotor layer heights. 

Predictor Weighting  

 The AnEn uses the best four predictors out of the screening regression as well 

as the WRF-forecasted wind speed at the height and location of interest as the five 

predictors. These predictors can be weighted optimally as described in chapter III or 

they can all be weighted equally. Figure 4.39 shows the RMSE profiles of the AnEn 

mean with equally weighted predictors, the AnEn mean with optimally weighted 

predictors, the MOS RMSE, and the WRF forecast RMSE. From this figure, both 

AnEn mean profiles and the MOS profile are very similar. And all methods have much 

less error than the raw WRF model. Table 4.27 shows the p-values comparing the 

AnEn mean RMSE values (equally weighted predictors) with the MOS method and 

the raw WRF forecast RMSE. Much like MOS, the p-values indicate that the AnEn 

mean with equally weighted predictors has significantly less error than the raw WRF 

model and therefore improved the forecast significantly. The AnEn method and the 

MOS method error do not differ significantly from each other. Therefore, there is not 

one method between MOS and AnEn that improves the raw WRF forecasts better than 

the other, and either method can be used to improve the WRF forecasts. Because using 

the equally weighted predictors for AnEn is statistically similar to using the optimally 

weighted predictors for AnEn, as shown in Table 4.27, the AnEn with equally 

weighted predictors is used throughout the rest of the study.  
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Figure 4.39 San Angelo 00 UTC RMSE profile plot of the MOS (blue solid line), the 

raw WRF RMSE (blue dashed line), the AnEn mean RMSE with equally weighted 

predictors (green solid line), and the AnEn mean RMSE with optimally weighted 

predictors (red solid line). 

 

Table 4.27 San Angelo 00 UTC p-values comparing the AnEn (equally weighted 

predictors) with MOS and the 12-km raw WRF RMSE for all five heights. 
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Horizontal Resolution  

 To determine if the horizontal resolution of the WRF model forecasts affects 

the skill of the AnEn, the AnEn is developed using the 4 and 12-km WRF forecasts. 

Figure 4.40 shows the RMSE profiles of the 4-km AnEn, 12-km AnEn, 4-km MOS, 4-

km WRF, and 12-km WRF forecasts. From this figure, the 4-km AnEn RMSE is the 

lowest of all the methods shown and therefore has better skill, though only slightly 

better compared to the 12-km AnEn. Since the 4-km WRF has lower error than the 12-

km WRF, that could be why the 4-km AnEn is slightly more successful than the 12-

km AnEn. The 4-km AnEn looks to have better skill than the 4-km MOS in terms of 

RMSE. This seems to be a more distinct difference than what was seen in Figure 4.39 

for the 12-km AnEn versus the 12-km MOS. This could imply that the higher 

horizontal resolution of the raw model may play more of a role in the skill of AnEn 

than is done for MOS. Also, AnEn uses the corresponding observations found at the 

times of the analogs to serve as ensemble members instead of, like MOS, applying a 

correction to the model forecasts. Therefore, AnEn may follow the observations better 

than the MOS method because AnEn will mimic the variability of the observations 

whereas MOS will follow the smoothness of the raw model. Table 4.28 shows the p-

values for the different comparisons being made for this horizontal resolution test. The 

p-values for the 4-km WRF versus the 4-km AnEn indicate significantly smaller error 

with the AnEn method. However, there appears to be no significant difference in error 

between the 4-km MOS and the 4-km AnEn or between the 4-km AnEn and the 12-km 

AnEn methods, because all the p-values are larger than 0.05. Therefore, using any of 

the methods (with any horizontal resolution) is sufficient to significantly improve the 

raw model forecasts.  
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Figure 4.40 San Angelo 00 UTC RMSE profile plot of the 4-km MOS (black solid 

line), the 12-km WRF (blue dashed line), the 4-km WRF (green dashed line), the 12-

km AnEn mean RMSE (blue solid line), and the 4-km AnEn mean (green solid line). 

 

 

Table 4.28 San Angelo 00 UTC p-values comparing the 4-km AnEn with 4-km MOS, 

4-km WRF, and the 12-km AnEn RMSE for all five heights. 
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Vertical Resolution  

 The vertical resolution of AnEn is tested by applying AnEn to the 38-level and 

51-level WRF datasets. Figure 4.41 shows the RMSE profiles of the 38-level AnEn 

mean, 51-level AnEn mean, 51-level MOS, 38-level WRF, and 51-level WRF. Figure 

4.41 doesn’t show a large difference between either of the two AnEn mean vertical 

resolutions or between the 51-level AnEn and the 51-level MOS. Table 4.29 shows the 

p-values between the vertical resolution comparisons. For the 51-level WRF versus 

51-level AnEn RMSE, the p-values are much less than 0.05 meaning that the 51-level 

AnEn mean has significantly less error than the corresponding raw model forecasts. 

Therefore the 51-level AnEn mean significantly improves WRF. However, there isn’t 

a significant difference in error between the 51-level AnEn and the 38-level AnEn 

mean methods or the 51-level MOS and 51-level AnEn since the p-values are larger 

than 0.05. Therefore, any of the methods with either resolution will show 

improvement over the raw WRF forecasts significantly. A coarser resolution model is 

sufficient for the post-processing methods to improve WRF.  
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Figure 4.41 San Angelo 00 UTC RMSE profile plot of the 51-level MOS (black solid 

line), the 38-level WRF (blue dashed line), the 51-level WRF (green dashed line), the 

38-level AnEn mean RMSE (blue solid line), and the 51-level AnEn mean (green solid 

line). 

 

Table 4.29 San Angelo 00 UTC p-values comparing the 51-level AnEn with 51-level 

MOS, 51-level WRF, and the 38-level AnEn RMSE for all five heights. 
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Training Set Length  

 To evaluate the influence that training period length has on the skill of the 

AnEn mean forecast, AnEn is applied to a training period that is 6-mo in length 

(February, April, June, August, October, and December 2015) and to a training period 

that is 1-yr in length. Figure 4.42 shows the RMSE profiles of the 1-yr and 6-mo 

trained AnEn mean, the 6-mo trained MOS, and the 12-km WRF. The 1-yr trained 

AnEn mean has just slightly lower error than the 6-mo trained AnEn and the 6-mo 

trained AnEn mean has less error than the 6-mo trained MOS. However, the p-values, 

shown in Table 4.30 indicate that there is not a significant difference in error between 

the 6-mo trained AnEn and the 1-yr AnEn or the 6-mo trained MOS. As well as the 6-

mo trained AnEn has significantly less error than the raw WRF model, so it does 

improve the forecast significantly.  Therefore, using either of the two training period 

lengths (for either post-processing method) will significantly improve the WRF 

forecasts, so a period of 6-mo is sufficient. That said, the longer the training period, 

the lower the error. In the future, it would be useful to compare AnEn and MOS with 

training periods that are longer than 1-yr to see if there are statistically significantly 

better forecasts with even longer training periods. 
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Figure 4.42 San Angelo 00 UTC RMSE profile plot of the 6-mo trained MOS (black 

solid line), the 12-km WRF (blue dashed line), the 1-yr trained AnEn mean RMSE 

(blue solid line), and the 6-mo. trained AnEn mean (green solid line). 

 

Table 4.30 San Angelo 00 UTC p-values comparing the 6-mo trained AnEn with 

6mo. trained MOS, 12-km WRF, and the 1-yr trained AnEn RMSE for all five heights. 
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Spread – Skill Ratio 

 One of the benefits of using the AnEn method is that it produces an ensemble 

forecast instead of a deterministic forecast like MOS. Therefore, the AnEn can give 

the spread of possible solutions to produce a probabilistic forecast giving uncertainty 

information. MOS can give you probabilistic information, however, but not by giving 

you a spread of solutions or ensemble members. Instead, this is done by either 

defining a probability as the predictand to fit the MOS regression equations for the 

single deterministic run (e.g., probability of wind speed > 3 m s-1 or probability of 

precipitation > 0.25 in.), or by performing ensemble MOS (EMOS), in which a single 

MOS linear regression fit is performed for each ensemble member from an ensemble 

forecast (Wilks 2011). AnEn is also computationally less expensive because it uses 

only the ten closest 24-hour forecasts (analogs) in the training period, and therefore, 

less points compared to MOS, which uses all data in the training period for its 

calculations.  

 In the future, it may be useful to determine how frequently the same analogs 

were chosen for both SODARs and then apply one SODAR location’s analog dates in 

the training period to the other location. If this showed improved skill over raw WRF, 

then this could be a good regional approach for the AnEn method that would ideally 

show better results and less forecast error than the regional MOS approach that was 

attempted in this study.  

 To evaluate the AnEn’s performance as a forecast ensemble, the spread-skill 

relationship, in the form of a ratio, is calculated as described in chapter III. Table 4.31 

shows the spread-skill ratios for each height in the rotor layer for the San Angelo 00 

UTC 10-member Analog Ensemble. All the values in the table are around 0.9, which 

indicates that the ensemble is slightly overdispersive. This is because the spread is the 

denominator and the skill is the numerator of this ratio. Therefore, if the spread is 

larger than the skill, then the ratio will be less than one, and if the spread is smaller 

than the skill the ratio will be greater than one. Since these values are close to one (one 

being a perfect ensemble), this analog ensemble is good but slightly overdispersive. 
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Table 4.31 San Angelo 00 UTC spread-skill ratio values for the Analog Ensemble (10 

members) for all five heights. 
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CHAPTER V 

CONCLUSIONS 

 Two statistical post-processing techniques, MOS and AnEn, were applied to 

raw WRF rotor-layer wind speed forecasts to determine the skill that may be added to 

the model forecasts after each post-processing method was applied. In addition to 

testing the methods’ forecast skill compared to the raw model, different aspects of 

each method were tested to determine which were most important to improving the 

WRF model forecasts. Both MOS and AnEn significantly improved the raw WRF 

model forecasts and these methods were statistically similar to each other. Either of 

these methods could be used in the future and be applied to the Texas Tech real-time 

system to improve the WRF rotor-layer wind speed forecasts.  

For MOS the first aspect that was evaluated in this study was the screening 

regression area used to grab potential predictors for the MOS equations. It was found 

that using a larger area of potential predictors gave a significantly better model fit, R2, 

but there was no significance in terms of RMSE among the three different screening 

areas, and they all significantly improved WRF forecasts. Therefore, using a larger 

area, with more potential predictors to choose from is better, but a smaller area will 

still significantly improve the WRF forecasts and will be computationally less 

expensive.  

The next aspects of MOS that were tested were the resolutions of the WRF 

model (both horizontal and vertical) to determine if having a higher resolution model 

influences the skill of the MOS forecasts. This was done by training MOS equations 

on two different horizontal resolutions (4 and 12-km) and on two vertical resolutions 

(38 and 51-level). The model fit, R2, was better for the 4-km horizontal resolution 

MOS compared to the 12-km resolution MOS, but in terms of RMSE there was no 

statistically significant difference in error between either of the two horizontal 

resolution trained MOS forecasts and using either of the horizontal resolutions 

significantly improved the WRF model forecasts. These results are similar for training 

the MOS equations using two different vertical resolutions as well. The R2 model fits 

were sometimes significantly different between the two vertical resolution MOS 
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models, but the error was statistically similar for both vertical resolution MOS 

forecasts and both MOS forecasts (38-level and 51-level) significantly improved the 

WRF forecasts. Because both horizontal resolution and vertical resolution MOS 

models have significant RMSE improvement over WRF, the coarser resolution model 

can be used for the WRF forecast to be improved by MOS.  

The optimal number of predictors for the MOS equations was also tested by 

training MOS with between 1-20 predictors. The MOS model skill for each model 

with a different number of predictors showed that the error decreased after more 

predictors were added, but the error generally became nearly constant after around 10 

predictors and sometimes even less than that. There was an increase in model fit, R2, 

with more predictors added, but after about 6-8 predictors, this increase became more 

gradual and less steep. Therefore, using more than 10 predictors may be unnecessary 

and does not substantially enhance the MOS forecast. 

MOS was also trained over two different periods, 6 months and 1 year for 

2015, to determine if a shorter training period affects skill of the MOS forecasts. The 

6-mo trained MOS had more error than the 1-yr training period, but they were not 

significantly different in terms of RMSE. The 6-mo MOS, like the 1-yr MOS, 

significantly reduced the error of the raw WRF model. The longer the training period, 

the better the skill and model fit, but, in this case, using the 6-mo training period (with 

hourly sampling) was sufficient to significantly reduce the errors of the raw WRF 

model forecasts similarly to the 1-yr trained MOS.  

MOS was trained over the lead hour 12 valid times only and verified over 

those times to compare with the original MOS that was trained over all valid times. 

This test was performed to determine if stratifying MOS by valid time would improve 

the skill of the original MOS, because there are certain biases associated with different 

valid times. It was found that the time-stratified MOS did not make any improvements 

over the raw WRF forecasts compared to the original MOS, and, in most cases, the 

time stratified MOS degraded the WRF forecasts. One explanation for this was found 

to be due to there being a much smaller training period of just a single valid time per 

day instead of the original 24 valid times per day. Therefore, the original MOS 
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technique should be used due to its larger training period and better skill over the time 

stratified MOS. 

The last MOS aspect that was evaluated in this study was its ability for the 

MOS equations from one SODAR location to be used at a different location. This 

assessed whether creating a regional MOS would be valuable from the MOS equations 

that have been developed throughout this study. This was done by using one of the 

SODAR’s MOS coefficients for a different SODAR’s MOS forecast. It was found that 

using the MOS coefficients from one SODAR location for another SODAR MOS 

equation actually degraded WRF forecasts. Performing a regional MOS in this way is 

not ideal, and the MOS coefficients need to be tuned to the specific forecast location 

that is selected to be post-processed, as is done in the original MOS equations. 

The AnEn method was also evaluated in this study against the raw WRF model 

and the MOS forecasts. The first comparison that was made for the AnEn method was 

with the AnEn mean forecasts using five equally weighted predictors, the AnEn mean 

forecasts using five optimally weighted predictors, the MOS forecasts, and the raw 

WRF model forecasts. This comparison was made to determine if it was necessary to 

use the optimal weighting method within the AnEn technique for the predictors to 

significantly improve the WRF forecasts. Also, to determine how the AnEn mean 

forecasts compare to the MOS forecasts. In terms of RMSE, both AnEn mean 

forecasts and MOS forecasts were statistically similar and significantly improved the 

WRF model forecasts. Therefore, any of the statistical post-processing methods tested 

could be used in the future to improve the WRF forecasts. Equally-weighted predictors 

can be used for the AnEn technique because it is similar to the optimally-weighted 

predictors and it is computationally less expensive to not calculate the optimal 

weights, and instead to assume all predictors are weighted equally.  

The resolutions (both horizontal and vertical) were also tested with this AnEn 

method. The AnEn was trained using the same two horizontal and vertical resolutions 

as MOS. The skill of the coarser and higher resolution AnEn forecasts were compared 

with each other, with the corresponding higher resolution MOS, and with the raw 

WRF model forecasts for both resolutions. There was no significant difference in error 



Texas Tech University, Meghan J. Mitchell, December 2017 

88 

between the 4-km MOS and the 4-km AnEn or between the 4-km AnEn and the 12-km 

AnEn methods. There was significantly less error for the 4-km AnEn versus the 4-km 

WRF. This was similar for the vertical resolutions as well. There was no significant 

difference in error between the 51-level MOS and the 51-level AnEn or between the 

51-level AnEn and the 38-level AnEn but there was significantly less error for the 51-

level AnEn versus 51-level WRF. Therefore, any of the methods with either resolution 

will improve WRF significantly. A coarser resolution model is sufficient for the post-

processing methods to improve WRF.  

The training set length was the last aspect of AnEn that was tested. Like MOS, 

AnEn was trained on a 1-yr period and 6-mo period. The skill of each training period 

AnEn forecast was compared with the 6-mo MOS and the raw WRF model forecasts. 

Like MOS, the longer the training period for AnEn, the better the skill of the forecast, 

but there was no significant difference between the 1-yr AnEn, or 6-mo AnEn 

forecasts, or 6-mo MOS forecast RMSE. The 6-mo AnEn forecast also significantly 

improved WRF forecasts. Therefore, either post-processing method with either of the 

two training set lengths is useful in significantly reducing the WRF forecast error, but 

the 6-mo training period is sufficient. 

The spread-skill ratio was calculated for the AnEn method to evaluate the skill 

of AnEn as an ensemble forecast. The ratios were slightly less than one indicating that 

the ensemble was good but slightly overdispersive. Being able to obtain probabilistic 

information from a deterministic forecast as is done in this AnEn method may give 

AnEn an advantage over the MOS method used in this study, because MOS is only a 

deterministic forecast with no probabilistic uncertainty information. 

Overall, both MOS and AnEn methods were similar and sufficient in 

significantly reducing the errors in the raw WRF model forecasts. With these post-

processing methods, a coarser resolution (12-km 38-level) model and at least a 6-mo 

training period was found to be sufficient to improve the WRF model forecast skill. 

Both methods are easily able to be integrated into the TTU real-time forecast system 

and will lead to improved low-level wind speed forecasts at the five rotor layer heights 
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for any given observation location with sufficient observations, which is at least 6 

months of good data.  
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