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ABSTRACT 

Wind power has been increasingly integrated into electricity grid as renewable 

power supply through worldwide power system year by year. The intermittent and 

variable characteristics of wind energy will be pronounced in large-area wind power 

integrated power systems. When a large amount of wind power production changes, it 

would have significant impact on the stable operation of power systems because of the 

significant power imbalance introduced by large-area wind generation. Since current 

power system is more prepared to handle small variations of wind power, the above 

situation would pose a significant yet new challenge for power system operators to 

maintain the stability and reliability of system operations, schedule power planning, 

prepare non-spinning reserves, make unit commitment, and also manage economic 

market. Large wind power ramps are the especially critical events which are sudden 

and significant change in wind power generation in a relatively short time period. This 

makes large-area wind power ramp forecasting extremely important for power system 

operators. Since wind power ramps occurs very stochastically, it would be much 

useful and reliable to forecast them in a short time horizon.  

Normally, the wind speed data from local measurement site can be used for 

forecasting wind power ramps of individual wind turbine or wind farm. However, 

when forecasting large-area wind power ramps, there are multiple wind speed data 

available from different measurement sites covered over the corresponding 

geographical region which should be considered to predict more accurately. NWP 

(Numerical Weather Prediction) models can also be used for wind power ramp 

forecasting, whereas it is not accurate when predicting hourly and intra-hour wind 

power ramps because of its low refreshing rate of output data which typically updates 

only every 3 or 6 hours limited by their computational complexity and complicated 

postprocessing. This issue should be resolved to make it possible for NWPs to provide 

timely predictions of wind power ramps. 

This dissertation would be focused on addressing the above-mentioned issues, 

which would be predicting the large-scale wind power ramps in an extended region 

with hourly ahead forecast results. Three innovative methodologies have been 
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proposed for the forecasting purpose in a timely manner. First, the ordinal levels of 

wind power ramp events have been defined as the forecasting information for power 

system operators. Multinomial logistic regression has been developed based on the 

discovery of the correlation of real-time meso-scale wind speed measurements from 

multiple Mesonet sites with regional wind power data. Further, the probabilistic output 

of individual multinomial logistic regressive models been combined to an aggregate 

model formed with different weights which are calculated by minimizing the Brier 

skill score (BSS) on the individual models. Based on the observation of the 

multivariate wind speed measurements from diverse locations in the extended region, 

those measurements are highly correlated. Thus, sparse primary component analysis 

(PCA) has been developed to utilize the above correlation information for further data 

fusion and feature extraction to improve the performance of forecasting models. 

Besides, ensemble NWP model has been developed with the weighted linear 

combination of several individual NWPs based on ensemble learning method. This 

method calculates the weights by minimizing the difference between forecast values 

and real-time wind speed measurements through gradient boosting algorithm. All the 

above developed models can be trained offline and carried out for online wind power 

ramp forecasting.  The developed methods been tested and evaluated with real-world 

data using several metrics compared with other currently proposed methods. The 

results have shown the effectiveness and outperformance of these methods for 

improving wind power ramp event forecasting. 
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CHAPTER I 

INTRODUCTION 

1.1 Background and motivation 
As more and more wind turbines have been installed and integrated into power 

energy grid worldwide in recent years, wind power nameplate capacity have reached 

to 650.8 GW totally around the world at the end of 2019 with additional 59.667 GW 

installed in 2019 according to World Wind Energy Association (WWEA) released 

statistics, and current total wind resources can provide for more than 6% of global 

electricity demand [1]. What’s more, the planned wind power capacity in the future 

years will grow by a large amount across the world according to the Statista 2021 

analysis as shown in Figure 1.1 [2]. This figure shows the predicted global cumulative 

wind energy capacity from 2017 to 2022. 

 

Figure 1.1 Projected global cumulative wind power capacity from 2017 to 2022 in 
gigawatts (GW) 

According to U.S. Department of Energy (DOE), with more than 126 GW 

installed wind capacity nationwide by the end of 2020 [3, 4], current wind power 

generation in U.S. could supply 8.8% of total electricity demand [5] while the 

maximum wind penetration has reached up to 17% on December 23rd in 2020 [6]. 
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Furthermore, the whole country is projected to double the share of renewable energy 

generation in U.S. electricity generation mix from 21% in 2020 to 42% in 2050 

according to U.S. Energy Information Administration (EIA) [7]. Further, Figure 1.2 

plots the blueprint of the project in the next 30 years of renewable energy growth 

including wind energy.  

 

Figure 1.2 U.S. electricity generation projection 

Moreover, Texas as the state with the most wind capacity, has already had an 

installed wind capacity of over 30 GW as of 2020, which ranks first in the United 

States. And the wind power, which serves as the third-largest electricity generation 

source in Texas, provides around 15.9% of total electricity generation in 2018 [8]. 

Figure 1.3 illustrates the proportions of electricity generation sources for Texas in the 

year of 2018. Further, according to U.S. DOE report in December 2020, the wind 

power generation has increased to 18% of the state’s electricity generation in 2019 [9].  
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Figure 1.3 Proportions of electricity generation sources for Texas in 2018 

Electric Reliability Council of Texas (ERCOT) which serves 90% electricity in 

Texas reported that wind power has accounted for 17.4% electricity of total generation 

in its area [8]. The maximum hourly wind output generation has reached to 21.2 GW 

on June 29, 2020. Further, the wind penetration of ERCOT has set a new record to 

59% of electricity demand on May 2, 2020 [9].  Figure 1.4 below shows an example of 

ERCOT hourly wind power output data in 2019 from which we can see the high level 

of wind power penetration during the year with the hourly load demand ranging from 

around 27 GW to 74 GW [10]. The installed wind capacity in ERCOT reaches 27,057 

MW as of 2019. From the investigation of the 2019 data in ERCOT, we have observed 

that the hourly wind power can variate from 218 MW to 19,613 MW in a very short 

time period throughout the whole year which indicates the uncertain nature of wind 

energy. According to the data, the hourly wind output can increase up to by 4,491 MW 

(16% of rated wind capacity) or reduce by 4,243 MW (15.6% of rated wind capacity) 

which are also called wind power up ramp and down ramp. Additionally, the statistical 

analysis has also stated that there are 177 up ramps and 157 down ramps with more 

than 2,000 MW (7% of rated wind capacity) hourly wind power change across the 

year.  
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Figure 1.4 ERCOT hourly wind output data in 2019 

These data have given us a detailed vision in that how wind power output can 

significantly, suddenly, and frequently change during the operation of power grid 

while supplying load demand, which could become a critical issue for stable and 

reliable operation of power system. Thus it is necessary to study the characteristics of 

wind power ramps, to realize how it would impact the operation of whole power 

system as well as how to handle this challenge and protect the system from being 

affected by those variations. With the information of wind power ramps we obtained 

through above aspects, it comes clear to us that better actions for power system 

operators to process this situation will be to prepare this problem with feasible 

solutions ahead of its happening. Then, we need sufficient information and time earlier 

before the wind power ramp happens for us to make decisions and develop strategies 

for it. Thus, wind power ramp forecasting, especially prediction of large wind power 

ramps, which provides very useful and reliable information of what’s happening with 

wind power in the future, would become extremely important and necessary as the 

0
1,000
2,000
3,000
4,000
5,000
6,000
7,000
8,000
9,000

10,000
11,000
12,000
13,000
14,000
15,000
16,000
17,000
18,000
19,000
20,000
21,000

M
W

ERCOT 2019 Total Wind Output, 1-Hour 
Snapshots



Texas Tech University, Xiaomei Chen, May 2021 

5 

premise for improving power system operations under the trend of rapidly growth of 

wind capacity worldwide.  

1.1.1 Wind power ramp events 
In order to predict the wind power ramps in wind power generation ahead of its 

happening and provide useful and clear information to power system operators, we 

need to clarify the definition of the ramp events. There are different definitions of 

wind power ramp events used by different forecasting scenarios differentiated with 

various timing and magnitude [11]. According to the Alberta Pilot Project UL/AWS 

Truewind 2008, wind power ramp is a large enough amplitude change in wind power 

output for a relatively short time period. “Swings”, “extreme events”, and “ramp 

changes” can also be used for its identification. The wind power ramp events can be 

referred to as local change at a single turbine level, or wind farm level, or even in a 

regional geographical level which contains multiple wind farms. 

There are three important factors necessary to define wind power ramp event: 

direction, duration, and magnitude. Some ramp event can be a large wind power 

change with more than 50% of installed capacity and lasts for a period of time such as 

4 hours or less. Figure 1.5 shows a ramp event definition example from Greaves et al. 

(2009) [11].  

 

Figure 1.5 One example for ramp event definition  
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For wind power ramp direction, there are basic two directions commonly 

studying: up ramp (upward) and down ramp (downward). Up ramp means the increase 

of wind power output which might be caused by low pressure, thunderstorms, wind 

gusts, or similar weather conditions. Whereas down ramp which occurs with a 

decrease of wind power may be caused by high-speed wind reaching to the cut-out 

limits of wind turbines and making turbine to shut down in order to avoid turbine 

damage. Then, with respect to the duration of wind power ramp event, it can be from 5 

minutes to 1 hour depending on the forecasting interests. For the magnitude, typically 

it will be the percentage of wind farm rated capacity or real wind power value. 

Duration is normally related to the magnitude of wind power ramp, which means 

sometimes the longer the duration, the larger the magnitude. And specifically, 

UL/AWS Truewind report [12] suggests that a significant down ramp is a power 

change with at least 15% of its total capacity in an hour, while a significant up ramp is 

a power change with at least 20% of its total capacity. Also, there are other more 

general ramp event identification ways regarding to the magnitude and duration of 

wind power which are informally adopted by different researchers. The following 

shows four different definitions currently used in literature [11], which all consider 

that a positive power ramp value corresponds to an up ramp event, and a negative 

power ramp value corresponds to a down ramp event. 

Definition 1: Wind power ramp is identified at the start of an interval ∆𝑡 when 

the difference between magnitudes of start wind power signal 𝑃(𝑡) and end signal 

𝑃(𝑡 + ∆𝑡) of the interval is greater than a threshold 𝑃 , that is:  

|𝑃(𝑡 + ∆𝑡) − 𝑃(𝑡)| > 𝑃                                              (1.1) 

Definition 2: Wind power ramp is occurring during an interval ∆𝑡 when the 

difference between maximum and minimum power output in the time interval is 

greater than 𝑃 , that is: 

max(𝑃[𝑡, 𝑡 + ∆𝑡]) − min(𝑃[𝑡, 𝑡 + ∆𝑡]) > 𝑃                          (1.2) 
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Definition 3: Wind power ramp occurs when ratio of the difference between 

measured power at start and end points of an interval ∆𝑡  to the time ∆𝑡  exceeds 

reference power ramp rate 𝑃𝑅𝑅 , that is: 

| ( ∆ ) ( )|

∆
> 𝑃𝑅𝑅                                             (1.3) 

Definition 4: Wind power ramp occurs when the absolute value of filtered 

signal 𝑝  is greater than threshold 𝑃  in an interval, that is: 

𝑝 > 𝑃                                                        (1.4) 

Where, 𝑝 = 𝑚𝑒𝑎𝑛 𝑝 − 𝑝 ; ℎ = 1, … , 𝑛  is the transformed 

signal from original power signal, and the timing of the event is when the filtered 

signal reaches its local maximum magnitude [11]. 

The first definition only considers the start and end points of an interval 

disregarding what happens in between; the second definition considers the total 

fluctuation magnitude without taking into account the duration and the direction; the 

third one focuses on the power rate of change, which is also called “slope”, which is 

also important to power ramp forecasting; and the last one gives another alternative 

method for evaluating power ramp events which may be valuable for some aspects of 

wind power ramp studies. In this dissertation, we comprehensively consider the 

current definition types and come to a relatively more detailed, practical, meaningful, 

and useful wind power ramp event definition for providing more accurate wind power 

ramp forecasting information including the timing and direction of the events as well 

as the magnitude of ramps. That is, we use one hour as the fixed time interval, and are 

more focused on the real values of the ramps, and also identify the ramp event level in 

a new way to distinguish their severity to power systems. 
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1.1.2 Importance of wind power ramp forecasting 
As mentioned above, wind power ramp events can bring a big challenge for 

power system operations, since it can affect the power balance between electrical 

generation and load demand at random time which we cannot control and respond 

immediately once it happens. Thus, wind power should also be scheduled ahead. This 

requires some basic information on wind power volatility which needs to be provided 

to operators earlier before making scheduled strategies. This procedure is a necessary 

step for power system operators to balance generation and demand, to maintain 

stability and reliability, and to maximize the economic and environmental benefits. 

The earlier the events can be forecasted and reported, the better the system operators 

can manage the sophisticated situation, because it would offer more time for system to 

respond and for all system participants to make a suitable plan for the events. For 

example, when an up ramp event occurs, some wind turbines would be shut down to 

curtail the generation to avoid energy excess, or the wind power generation agreement 

should have been adjusted with system operators to utilize the excessive energy by 

storing it into non-spinning reserves, such as battery storage systems and hydroelectric 

systems. Besides that, electric utilities can trade in power system market to buy more 

cheaper and clean wind energy instead of traditional generation to save costs. On the 

contrary, when down ramp event occurs, power system operators can utilize more 

hydro generation and non-spinning reserves to compensate the deficit of wind power 

output. Further, load shedding schedules can also be implemented as the final solution 

to system’s safe and stable operations. Especially when the wind power penetration 

into electric grids grows higher, it become more urgent and important for power 

systems to get controllable and observable wind power. Without that useful 

information, power systems would become more vulnerable to cause operation 

problems. One real case happened in ERCOT on February 26th 2008, when a large 

and sudden down ramp event caused a system emergency and high-cost system 

conditions [11]. 
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Thus, wind power ramp forecasting plays a basic and important role in power 

system operations, especially for the case of a large amount of wind power integration 

into power grids. More accurate forecasting results need to be obtained which are also 

important to better mitigate the influence of larger wind power ramps on power system 

stability and reliability and reduce costs. 

1.1.3 Challenges with current forecasting methods 
Current wind power forecasting can be categorized into two types:  

i) The first one is to utilize historical measurements of wind speed, wind 

power, and weather data to develop statistical and machine learning models as 

forecasting approaches. These forecasting results are directly wind power 

output, the classification or actual values of wind power ramp events, or the 

probability distribution of ramps;  

ii) The second type is to develop physical models, i.e., NWPs which are 

parametric models based on the physical characteristics of atmosphere and 

geographical conditions. Then, those models are refined for local wind farm 

sites. Finally, the forecasting results of the models are mapped to wind power 

output by using power curves [11]. 

Normally, the wind power forecasts report forecasting results several days or 

hours ahead. Classification, regression, supervised or non-supervised, linear or 

nonlinear, parametric or non-parametric forecasting techniques are proposed in recent 

studies for different terrain conditions, different characteristics and structures of data 

and also various forecasting objectives. Deterministic and probabilistic forecasting 

results have also been carried out from current studies with multiple methods. Most of 

existing forecasting models provide deterministic results which can either be a real 

value or a classified indicator of the ramp event [11]. Both long-term and short-term 

wind power ramp estimation have been studied for multiple uses in power system 

operations. Long-term horizons can be monthly, quarterly, or even annually, while 

short-term estimation is typically for several hours to day ahead [13]. Different entities 
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including power system operators, electric utilities, and wind power producers have 

different forecasting objectives, either for better integrating wind energy into power 

grid more stably or to reduce the damage to wind turbines. Based on the above 

forecasting characteristics and purposes, various methods and models have been 

proposed and implemented for the various practical applications in power system. 

Optimized swinging door algorithm is utilized to extract ramp events from 

actual and forecasted wind power data at different temporal and spatial scales in [13]. 

Several data-mining algorithms including multilayer perceptron (MLP), support vector 

machines (SVM), random forest (RF), classification and regression trees, and pace 

regression, have been investigated and trained for 10- to 60-minute-ahead prediction 

of power ramp rates with selected features as inputs obtained by boosting tree 

algorithm from a single wind farm [14]. Other machine learning techniques such as 

extreme learning machines (ELMs), support vector machines for regression (SVR), 

and Gaussian process for regression (GPR) that have been hybridized with the 

numerical-physical weather models to predict classification problems of wind power 

ramps with a time interval of 6 hours have been explored by [15]. Reference [16] 

develops the quantile regression forest algorithm to predict extreme wind power ramps 

48 hours ahead by mapping the initial wind power data into a transformed signal 

defined in equation 1.4 and also predicts 80 hours ahead of wind ramp events based on 

ensemble prediction system (EPS) model consisted of several meteorological 

prediction models of European Centre for Medium-Range Weather Forecasts 

(ECMWF) experimented on single wind farm with time interval over 2 hours. An 

ensemble model consisted of empirical mode decomposition (EMD), kernel ridge 

regression (KRR) and random vector functional link (RVFL) network is employed for 

deterministic forecasting of binary class of short-term wind power ramps and the ramp 

rate from historical single wind farm time series data [17]. 

Probability distribution of wind power ramp factors have been predicted by 

[18] with a neural network (NN) method to generate all possible stochastic power 

output scenarios and stochastically derive the ramp information from those scenarios 
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for a single wind farm power data. Another data-driven probabilistic wind power ramp 

forecasting (p-WPRF) method is developed to model the distribution of wind power 

forecasting errors by using a generalized Gaussian mixture model (GGMM) based on 

a large number of simulated wind generation scenarios for probability forecasting of 

wind power ramp events in the literature [19].  

A hybrid wind power ramp forecasting model is developed by [20] with the 

combination of orthogonal test (OT) and SVM to forecast the real value of wind 

power ramp at each time point of a wind farm based on the local meteorological factor 

data and wind power data. SHREA framework is introduced in [21] which is a stream-

based model that continuously learns a discrete Hidden Markov Model (HMM) to 

forecast wind power ramp events and actual values based on recent wind power and 

wind speed measurements in a short term. A set of autoregressive multinomial logit 

models have been proposed to forecast the short-term probability of wind power ramp 

event which occurs when hourly wind power changes beyond a specified threshold, or 

different thresholds, and also forecast a joint probability of two wind farm power ramp 

event by using bivariate Bernoulli distribution [22]. Three-class (negative ramp, non-

ramp, and positive ramp) prediction model has been produced by [23] through 

combination of Reservoir Computing which is a recurrent neural network layer, a non-

linear kernel mapping, and an ordinal logistic regression to forecast three types of 

wind power ramp events with the predictors obtained from historical wind speed data 

and meteorological data of reanalysis of physical models for a single wind farm. 

NWP models have also been widely used in the research of wind power ramp 

forecasting technologies. Major NWP forecasting systems used in practice include 

Global Forecast System (GFS) from National Center for Environmental Prediction 

(NCEP), ECMWF Integrated Forecast System (IFS), which are used for global and 

medium-range forecasts [24]. Other smaller area models for research of mesoscale 

atmospheric processes, such as North American Mesoscale Forecast System (NAM) 

[25], the Advanced Regional Prediction System (ARPS) from Center for Analysis and 

Prediction of Storms (CAPS) [26, 27], Mesoscale Atmospheric Simulation System 
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(MASS) from UL/AWS Truepower [28], the Weather Research and Forecasting 

(WRF) model from National Center of Atmosphere Research (NCAR) [29], and the 

hourly-updated Rapid Refresh (RAP) and High Resolution Rapid Refresh (HRRR) 

models developed through the Wind Forecasting Improvement Project (WFIP) I and II 

for short-term wind power forecasting [30, 31, 32].  

NWPs have been considered inefficient when predicting wind power ramps in 

a very short-term because of its low frequency updating feature (normally updating 

every 6 hours) and low vertical resolutions [11]. Further, the accuracy of the NWP 

models is highly dependent on the resolution of NWPs and the complexity of the 

terrain and weather conditions. Combination of different NWPs from different sources 

has been proven to predict wind power ramp results much more accurately than a 

single NWP model [11]. In [33], two separate NWP data sources and combination of 

the two NWP sets haven been investigated and compared based on their ramp 

forecasting accuracy and ramp capture ability by incorporating the NWP inputs, 

statistical processing and adaptive algorithms which shows that the combined method 

is more accurate than the other two. And based on the forecasting method 

implemented by [16] with the ensemble NWP input data from 51 meteorological 

forecast sources (each with every 12 hours run time) provided by EPS model of 

ECMWF, the author shows that the performance of the forecast results relies on the 

number of ensemble members and also the predicting time intervals where larger 

number and longer time interval yields better performance. An optimized ensemble 

model (OEM) of multiple sources of NWP models such as HRRR, ARPS, WRF, 

MASS models has been employed in [34, 35] to improve short-term wind power 

forecasting compared with current short-term wind power forecast (STWPF) adopted 

by ERCOT. [36] listed global ensemble systems currently existing in the world such 

as NCEP in United States, ECMWF in Europe, CMA in China, MSC in Canada, etc., 

which run 2 or 4 times a day. Probability density of wind power representing 

description of expected future value and associated uncertainty has been predicted 
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from wind speed ensemble predictions based on atmospheric models with calibration 

and smoothing process which proves superior to the statistical time series models [37].  

The diurnal wind speed cycle in the Planetary Boundary Layer (PBL) has been 

recognized in [38] as a factor for NWP model-based forecasting error both on 

deterministic and ensemble probabilistic forecasting results which needs to be 

improved through model physics parameterization and physical ensemble 

perturbations for all NWP models. Wind power reforecast that recomputes past 

forecast with a recent NWP model has been conducted to formulate the statistical 

relationship between long forecast and historical observation data of past dates which 

can be provided for statistical postprocessing of NWPs output to correct the systematic 

forecast errors in [39], and the case studies on major NWP systems have proven the 

higher performance and smaller errors of reforecast on specific practical ensemble 

NWP model. Another improved wind power forecasting method focusing on 

correcting NWP output is implemented by [40] using an advanced autoregressive 

integrated moving average (ARIMA) method based on error information from the 

statistical features of NWP. Another novel NWP data adjustment approach through 

hierarchical structure constructed with a bad data detection module which contains a 

K-means clustering algorithm and Bayes information criterion (BIC) for detecting bad 

data and a neural network (NN)-based forecasting module is also developed by [41] 

for improvement of short-term wind power forecasting. Additionally, a three-

dimensional convolutional neural network (3D-CNNs) has been adopted for 

automatically extracting the spatial-temporal features from NWP output data for wind 

power prediction [42]. Pressure gradient features are extracted from atmospheric 

pressure fields produced by NWP model through an image texture extraction 

technique called Gabor filtering. The Gabor features are demonstrated correlated to 

the wind power generation and thus are used as inputs together with wind speed 

forecasts from NWP model into the MLP model for six-hour interval wind power 

ramp forecasting [43]. 
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Most current studies focus on a single wind farm or several wind farms ramp 

prediction based on the univariate time series data, while a larger region that contains 

a huge number of different area wind farms would have significant impact on the 

power system operation and market design for system operators. Thus, the large area 

wind power data and wind speed measurements which consist of multi-variate data 

would bring new challenge for developing new methodology to obtain regional wind 

power ramp forecast by incorporating all the data into analysis. However, few research 

has been conducted on the multiple-level classification analysis (not only indicating 

three levels of up-ramp, down-ramp, no-ramp events) of wind power ramp which 

could be important information for power system operators to efficiently understand 

and identify the severe level of each wind power ramp event for power system 

operation. And also, the NWP models applied to wind power ramp forecast are 

typically thought better for long-term forecast because of low refreshing rate of NWP 

data due to their computational complex and cost, rather than short term prediction 

which matters more for utilities and system operators to prepare reserves and manage 

dispatchment effectively such as one hour. Thus, more accurate and timely prediction 

need to be achieved by improving the accuracy of NWP to reduce the forecasting 

error.  

To explore possible solutions for above challenges, this dissertation develops 

three innovative approaches for improving large scale regional wind power ramp 

forecast with various prediction results used for different practical scenarios, such as 

ordinal level prediction for ramp event alert application, real ramp value prediction 

provided as basics for power planning, scheduling, economic dispatching and also 

market energy trading applications. 

1.2 Dissertation objectives and outline 
The objective of this dissertation is to develop new short-term classified and 

deterministic-probabilistic wind power ramp forecasting tools with multiple data 

sources in an extended geographical region with a timely manner. These forecasting 

models can be utilized online based on real-time measurements. In chapter 2, all the 
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dataset that has been used for training and testing the forecasting models in this 

dissertation has been described, illustrated, and preprocessed before model 

development, including geographical information of West Texas Mesonet (WTM) site 

locations and wind farm locations in the West Texas and Panhandle region, real-time 

wind speed data, wind power output data, and NWP data from Advanced Research 

WRF (WRF-ARW) model. Chapter 3 introduces the aggregated multinomial logistic 

regressive model which is the weighted voting model used for forecasting the ordinal 

multiple classifications of regional wind power ramp events. The model is combined 

with multiple individual logistic regressive models each built by univariate time series 

data from a single Mesonet site. In Chapter 4, sparse primary component analysis 

(PCA)-based algorithm has been proposed based on the highly correlated 

characteristic of wind speed measurements for data fusion and feature extraction of a 

multi-variate regressive model as another method for regional wind power ramp 

ordinal level forecasting. Chapter 5 proposes an ensemble learning approach to 

combine multiple NWP models with optimized weights obtained by gradient descent 

boosting algorithm for improved accurate wind power ramp forecasting. A detailed 

description of each chapter is presented as following: 

Chapter 2: The original real-time data is introduced which includes 

geographical information of WTM locations and also wind farm locations covered in 

West Texas and Panhandle region, real-time 5-minute wind speed measurements from 

the 86 Mesonet sites in the year 2015, hourly wind power data from ERCOT in 2015. 

The details of NWP data source WRF-ARW have also been introduced. Four wind 

power curves have been presented by using the 5-minute data of wind power and wind 

speed for several wind farms. And further, the map of WTM sites and wind farm 

locations has been plotted. The preprocessing of wind speed and hourly wind power 

data have been presented with detailed method. Further, the relevance analysis of wind 

speed to wind power have also been conducted from different aspects. 

Chapter 3: The multiple ordinal levels used to identify the different ranges of 

wind power ramp values are introduced to capture the ramp event classes. Then the 
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individual multinomial logistic regressive model has been developed for predicting the 

probabilities of multiple ordinal levels at the forecasting time point with the regressive 

coefficients obtained by fitting the model to training data through maximum a 

posteriori (MAP) estimation. Then the deterministic forecast of wind power ramp 

ordinal level will be the ordinal level which has the highest probability among all the 

levels. Next, the aggregate model is obtained by combining the multiple regressive 

models with optimized weights calculated by minimizing the Brier skill score. The 

misclassification rate is also used to evaluate the proposed method compared with 

other state-of-the-art machine learning approaches, including random forest (RF), 

support vector machine (SVM) and neural networks (NN). 

Chapter 4: Based on the logistic regressive model mentioned in previous 

chapter, another statistical method for better forecasting ordinal levels of wind power 

ramps is the sparse PCA-based algorithm that process the original multiple regressive 

variables of the regressive model with data fusion and feature extraction. By using the 

sparse PCA method, the original wind speed measurement data is transformed into a 

new dataset which contains key information of predictors. And the regression model 

could be built based on the new collection of primary components as regressive 

variables for wind power ramp level predicting with the same coefficient estimation 

process as previous chapter. Finally, the forecasting performance of the above two 

methods has been evaluated through the Brier skill score metric which proves their 

effectiveness compared to the benchmark approaches. And also the misclassification 

rate is used to further evaluate the proposed method in comparison with the state-of-

the-art machine learning approaches, RF, SVM and NN. 

Chapter 5: An ensemble NWP-based learning method has been proposed in 

this chapter for improved wind power ramp forecasting. Scoring analysis of individual 

NWP models has been realized by calculating the correlation coefficients between 

NWP forecast data and real wind speed measurements. And the ensemble model is 

built based on the scores of those NWPs which are combined with various weights 

solved by gradient-descent boosting algorithm. Different training data weights have 
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been used for producing different methods. The forecasted wind speed data from the 

ensemble model is transformed into wind power forecast by using wind power curves 

of wind farms. NWP data from eight schemes of WRF-ARW is produced. And finally, 

the forecasting performance has been evaluated by using commonly used forecast 

error metrics such as mean absolute percentage error (MAPE), mean absolute error 

(MAE) and root mean square error (RMSE). Furthermore, the MAPE forecast errors 

of regional wind power ramp of the proposed methods have also been tested. 

Chapter 6: This chapter provides conclusions of this dissertation and discusses 

future work. 
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CHAPTER II 

DATA DESCRIPTION AND ANALYSIS [44, 45] 

In this chapter, all the data that are used for training and testing the proposed 

models have been described in details, such as wind speed data from multiple Mesonet 

sites, hourly wind power data from ERCOT wind farms, NWP output data from WRF-

ARW simulation. The geographical distribution information of all the WTM sites and 

the wind farms in the West Texas and Panhandle region has also been provided to give 

an abstract sense of the forecasted region layout. Also for wind power ramp 

forecasting purpose based on NWP data, the wind power curves of wind farms have 

been given to get the wind power ramp forecasting results. And the last is to illustrate 

how the original data has been preprocessed for forecasting purpose. 

2.1 Introduction 
In order to test the models that we are going to propose in the following 

chapters, various dataset needs to be utilized for the numerical experiments. Thus, the 

real-time wind speed data from WTM, wind power data from ERCOT, NWP data 

from WRF-ARW, and relevant geographical data have been provided here. 

West Texas Mesonet (WTM) was initiated in 1999 by Texas Tech University 

to provide free real-time meteorological and agricultural data to the citizens of west 

Texas [46]. It contains 134 meteorological stations with the height of 10 meters 

covering 79 counties in West Texas, southwest CO and eastern New Mexico region 

now as shown in Figure 2.1 [47]. Each station monitors 15 meteorological data and 10 

agricultural data, including wind speed, direction, gust speed, temperature, solar 

radiation, humidity, air pressure, soil temperature, and water content at multiple 

depths, precipitation and barometric pressure [48]. The measurement devices take 

sampling every 3 second and record and transmit the data to Reese Technology Center 

through radio network with an observation period of 1-minute (new stations), 5-

minute (old stations) and 15-minute averages [49]. The wind measurements used in 
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this dissertation are mainly 10-meter wind speed with 1-minute or 5-minute 

observations. 

 

Figure 2.1 West Texas Mesonet site information 

The hourly wind power data are obtained from ERCOT website [50]. The 

Electric Reliability Council of Texas (ERCOT) as the major independent power 

system operator in most Texas region, manages 90 percent power of the state, serving 

more than 26 million customers in Texas. It provides various generation information 

covered in the Texas region including forecast and actual generation for wind power. 

The wind power data are recorded with 5-minute or hourly averaged values by 

geographical region. And the system-wide and regional forecasted values of wind 

generation resources in ERCOT from forecast system STWPF and other systems have 

also been provided for ERCOT day-ahead unit commitment, wind power producers’ 

power planning and market operations with a rolling period of 168 hours. The short-

term wind power forecast (STWPF) is developed by UL/AWS Truepower [51] based 

on the Mesoscale Atmospheric Simulation System (MASS) [28] which is a numerical 

weather model. Here in this dissertation, we use the 5-minute wind power data for 

wind power curve construction and use the hourly wind power data for model training 

and testing purpose.  
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NWP models are actually mathematical models of atmosphere used for 

predicting weather conditions [52] and have been widely used for wind power 

forecasting [53]. The models are made of governing equations indicating the physical 

principles of atmosphere, which are solved numerically with given initial conditions. 

Further, the output of NWP is postprocessed by model output statistics (MOS) [54] 

which are statistical approaches to correct the systematic errors of the NWP output 

(e.g., wind speed and direction) and match them to local surface observations at lower 

layers. The Weather and Research Forecasting (WRF) is a next-generation mesoscale 

NWP model and atmospheric modeling system for atmospheric research and 

operational forecasting applications developed by NCAR, NCEP, etc. It is a common 

tool for university research and has a large worldwide amount of users because of its 

wide application areas including meteorological studies, real-time NWP, idealized 

simulations, data assimilation, earth system model coupling, and model training [55]. 

It can also produce simulations both for real atmospheric conditions and idealized 

conditions. The following Figure 2.2 describes the principal components of WRF 

which contains dynamic solvers, physics packages interfacing with solvers, WRF-Var 

data assimilation system, and WRF-Chem for air chemistry modeling. There are two 

dynamic solvers in WRF, the Advanced Research WRF (ARW) developed at NCAR, 

and the Nonhydrostatic Mesoscale Model (NMM) developed at NCEP [29]. 
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Figure 2.2 WRF system architecture 

The ARW dynamics solver is a component in WRF modeling system together 

with physics schemes, numerics options, initial conditions, data assimilation package, 

and grid-nesting techniques contributing to the simulation of WRF. The ARW can be 

run with user-defined initial conditions for idealized simulations or utilizing three-

dimensional interpolated data for real data simulations which rely on WRF 

preprocessor system (WPS) which feeds raw meteorological and terrestrial data into 

ARW pre-processor for generating initial and lateral boundary conditions. ARW 

system also provides horizontal nesting techniques on the physical grids which is the 

targeted simulation area for achieving higher resolution over region which introduces 

an additional grid into simulation. The nested grids are aligned within the parent grid 

and can be initialized by interpolated from parent grid. ARW can choose various 

physics options which are categorized as microphysics, cumulus parameterization, 

planetary boundary layer (PBL), land-surface model and radiation used for computing 

tendencies of velocity components, potential temperature, wind, moisture fields, 

radiation, humidity and turbulence variables for different weather conditions like 

precipitation, snow and storm in the model [56]. The WRF-ARW model also contains 
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the data assimilation system, WRF-Var system which is used for optimizing the 

estimation of atmospheric state [29]. 

The NWP data used in this dissertation are obtained from the Texas Tech real 

time weather prediction system which utilizes the WRF-ARW model containing 42-

member ensemble forecast system for data assimilation and forecasting [57]. Each 

ensemble member contains model configurations, physics parameterizations and data 

assimilation techniques. More details will be illustrated later. 

2.2 Geographical mapping of WTM sites and ERCOT wind farms 
The geographical region that has been used for case studies in this dissertation 

is the West Texas and Panhandle regions which covers multiple WTM sites and a 

portfolio of ERCOT grid-connected wind farms. 

The Mesonet location information has been provided by the WTM website 

which contains the latitude and longitude of each Mesonet site with a total of 86. The 

following Figure 2.3 shows part of information where the eighth column indicates 

station names, and the fifth and sixth column provides the latitudes and longitudes in 

decimal form. 

 

Figure 2.3 Mesonet location information 
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And total of 156 wind farm location information has been obtained from 

ERCOT wind farm data as shown in the following Figure 2.4 with the latitude and 

longitude data at the column of twelve and thirteen which are named with 

LAT_CTR_WNDFARM and LONG_CTR_WNDFARM. The whole list of wind 

farms group has been shown in the appendix A Figure A.1. 

 

Figure 2.4 ERCOT wind farm location information 

Given the above locational information, the mapping of 86 WTM sites and 135 

ERCOT wind farms has been plotted as following Figure 2.5 to provide intuitive 

knowledge on the proximity of WTM sites and wind farms, the correlation of wind 

farms output, and the development of wind power ramp at individual wind farms 

under large scale weather events. From the map, we can clearly see that the 

distribution of WTM sites and wind farms are mainly located at the West Texas and 

Panhandle regions. 
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Figure 2.5 West Texas Mesonet sites and ERCOT wind farms 

2.3 Real-time wind speed measurements 
The original wind speed data used in this dissertation are from the Reese 

Center recorded by 86 Mesonet sites covering the West Texas and Panhandle regions 

in the year 2015 and 2016 [58, 59]. The 2015 data is used for training forecasting 

models, and corresponding 2016 data is used for testing. An example of the measured 

data on January 1st, 2015 from the WTM site ‘ABER’ can be found in the appendix A 

Figure A.2.  

2.3.1 Data preprocessing 
Since the raw wind speed measurements reported by Mesonet sites are 1-

minute or 5-minute data, hourly averaging of the measured wind speed data is needed 

in order to be used for forecasting wind power ramps.  

Another source of wind speed measurements are from ERCOT wind farm 

where the meter towers are installed beside the wind turbines. Figure A.3 and A.4 in 

the appendix A present the examples of 5-minute wind speed data and hourly wind 

speed data in mile per hour (mph) on May 27th, and 1st, 2015 respectively. As we can 

see from the wind speed data example, there are some missing data and bad data in the 
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original data file. For the missing data, “Configure” “Scan off” “No Data” can be 

recorded as NaN as shown in the data file. For bad data, for example, some negative 

values as following Figure 2.6, 1-D extrapolation methods (linear, spline, pchip or 

cubic) can be applied to preceding measurements. An example on wind speed 

measurement at site SWEETWN is given in the following figure. The bad data can be 

processed by using the following MATLAB pseudo-code: 

SWEETWN2.UN.WND2.ANLG.MPH(166:172) = 

interp1(SWEETWN2.UN.WND2.ANLG.MPH(1:165), 166:172, method, 

extrapolation); 

 

Figure 2.6 An example of bad wind speed measurement at site SWEETWN 

Bad data detection has been performed by visualization and thresholding 

checking. More intelligent approaches based on stochastic models and confidence 

intervals are under consideration and will be developed in future for processing much 

higher volume of data. 

2.3.2 Weibull distribution analysis 
Based on the obtained historical wind speed data of Mesonet sites in the year 

2015, further preliminary statistical analysis has been conducted and reveals that the 

wind speed measurements very well follow Weibull distributions. Two example sites 

have been studied to illustrate this distribution, one is on the site ‘AMAN’, another is 

on the site ‘SASU’. The first site has the 1-minute data, a scale parameter of 𝜆 =

4.9 𝑚/𝑠 and a shape parameter of 𝑘 = 1.7 for the Weibull distribution, the second site 
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has the 5-minute data, a scale parameter of  𝜆 = 3.6 𝑚/𝑠 and a shape parameter 𝑘 =

1.8. The distributions haven been illustrated as following Figure 2.7. 

 

Figure 2.7 Weibull distribution of wind speed: (a) ‘AMAN’, (b) ‘SASU’ 

2.4 Wind power data and power curves 
The year 2015 and 2016 wind power data are obtained from 135 ERCOT wind 

farms in the region of West Texas and Panhandle [50]. The 2015 data is used for 

training forecasting models, and corresponding 2016 data is used for testing. And we 

have utilized two types of time resolution data for different uses, one is 5-minute data 

used for constructing power curves of several wind farms and another is hourly data 

for wind power ramp forecasting model training and testing purpose. Appendix A 

Figure A.5 and A.6 show all the examples of the two types of wind power data in 

details. 

Wind power curve is an important part for forecasting wind power ramp events 

based on wind speed measurements because it maps wind speed forecast to its wind 

power generation and also reflects the relations between wind speed measurements 

and wind power data. Thus we need to construct the wind power curves for wind 
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farms. With the 5-minute wind speed data and wind power data from May 27th to 30th 

2015, totally 1152 data points, the power curves are constructed for each site by fitting 

a piecewise curve comprised of polynomial and linear segments to historical data on 

collated wind speed and power measurements in a least square manner. Four example 

power curves are illustrated in Figure 2.8 and 2.9. 

 

Figure 2.8 Power curves of wind farms: (a) ‘CHAMPION’, (b) ‘CSEC’ 
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Figure 2.9 Power curves of wind farms: (a) ‘BLSUMMIT’, (b) ‘ANACACHO’ 

It can be seen from Figure 2.10 that ‘BLSUMMIT’ is a smaller wind farm with 

rated power output of 9MW, and its power curve is closer to manufacture’s power 

curve of a single wind turbine; while for the larger wind farm ‘ANACACHO’ with 

rate power of 99 MW, the extended geographical area of the wind farm induces time 

lag between turbines reaching cut-out mode, leading to a smooth cut-out segment. 

These power curves provide convenient tools for forecasting wind power and power 

ramps given wind speed forecast results. 

2.5 Relevance analysis of wind speed to wind power 

2.5.1 Cubic processing of wind speed data 
Since the fitted wind power curves of wind farms are similar to the 

manufacture’s power curve of wind turbines which could be comprised of a cubic 

region followed by a rated power region, as seen from above examples in Figure 2.8 

and 2.9. Thus, for wind power ramp events where wind speed is typically in the cubic 

region, the wind power is fundamentally related to the cube of wind speed. And as we 

know from previous wind speed data analysis, the wind speed measurements follow 
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Weibull distributions. And basically, the 1-minute or 5-minute wind speed data need 

to be hourly averaged before used for hourly wind power ramp forecasting use. With 

all these observations and knowledges, it is more appropriate to use the hourly mean 

of the cube of 1-minute or 5-minute wind speed measurements of Mesonet sites for 

wind power ramp event forecasting. Thus the preprocessing of the original wind speed 

data is required which can be implemented by applying following equation (2.1): 

𝜔 , = 𝜔 ,
( )

( )
                                           (2.1) 

Where, 𝜔 ,  are the hourly mean of the 1-minute or 5-minute wind speed 

measurements, and Γ(∙) is the gamma function. 

2.5.2 Time lead of wind speed ramp to wind power ramp  
In order to discover the time relevance of wind speed measurements from 

WTM sites to wind power data from ERCOT wind farms. We have selected a portion 

of the historical hourly wind power data and corresponding hourly averaged wind 

speed data mentioned before from May 28th to 30th, 2015 to compare and investigate 

the relationship. The following Figure 2.10 shows the plotted data for the 86 Mesonet 

sites and 135 wind farms which have no missing data during that time. 
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Figure 2.10 Mesonet hourly wind speed and ERCOT hourly wind power (2015) 

It could be seen that the ‘envelop’ formed by the wind speed time series has a 

similar shape with that of the ERCOT wind farm power production time series; 

however, it leads the wind power down ramp occurred from 2 AM to 6 AM, May 

29th, by 4 hours, and the wind power up ramp occurred from 0 AM to 3 AM, May 

30th, by 3 hours. This is because the Mesonet stations cover an extended geographical 

region, and the ramp of observed wind speed could lead that in the wind power output 

within that region. 

2.5.3 Correlation analysis of wind speed data to regional wind power  
Further quantitative relevance analysis between wind speed measurements and 

regional wind power data has been conducted by applying the correlation analysis 

between the hourly wind speed data from each Mesonet site and the regional wind 

power data for different values of lead time based on the lead time discovering above. 

This analysis and observation provide important information for regional wind power 

ramp forecasting techniques proposed later in this dissertation based on wind speed 

measurements. Some results of correlation coefficients for several representative sites 

are shown in Figure 2.11. 
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Figure 2.11 Correlation between wind speed measurements and wind power data 

Two key observations have been drawn from the figure: 1) the wind speed 

measurements at Mesonet sites are highly correlated with regional wind power data, 

with correlation coefficients ranging from 0.6 to 0.8; 2) the correlation coefficients for 

different Mesonet sites could peak at different lead times. For example, for Mesonet 

site ‘FLOY’, the regional wind power data has the highest correlation coefficient of 

0.76 with wind speed measurements of 4 hours ago at this site. That is because the 

Mesonet sites are dispersed in this extended geographical region, and thus the 

variations in the aggregate regional wind power could lag that of wind speed 

measurements at a single Mesonet site. This also explains that different sites may have 

different lead time for maximal correlation to the regional wind power, depending on 

their relative location to the wind farms of the region. 

2.6 ERCOT NWP-based wind power forecasting case study 
As mentioned before, the currently used wind power ramp forecasting tool of 

ERCOT is the STWPF with hourly forecasting values by utilizing a NWP model 

called MASS. Due to the accuracy or refreshing rate of the NWP model, hourly wind 

power forecasting of ERCOT might have significant errors. Such an instance is 

illustrated in the following Figure 2.12 [60], which shows the most recent and day-

ahead STWPF forecasts (blue and orange lines, respectively) deviated significantly 

from actual ERCOT aggregated system-wide hourly wind power (green line) during 

the large wind power down ramp event on February 28, 2017 before 3 pm. 
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Figure 2.12 ERCOT hourly wind power, 15 PM, Feb 28, 2017 

It is observed that in the time period from 6 AM-10 AM, the most recent 

hourly forecasts captured the trend of the down ramp, while failed to quantify the 

magnitude correctly. More importantly, during time period from 10 AM-12 PM, the 

actual wind power remained in the down ramp, while the most recent hourly forecasts 

began ramp up. One key observation is that if the evidence of down ramp could be 

incorporated to calibrate the NWP-based forecast, the huge forecasting error which is 

up to 3.3 GW at 12 PM could be mitigated. This observed event from ERCOT data 

would motivate the NWP based forecasting method proposed in this dissertation to 

utilize real-time observation data to calibrate and improve wind power forecasting, 

especially for wind power ramp events.    

2.7 NWP data from WRF-ARW model-based ensemble system 

2.7.1 Description of the Texas Tech real-time ensemble system   
The real-time 42-member ensemble system that are used to provide NWP data 

for our study and operated by Texas Tech University utilizes the WRF-ARW version 

3.5.1 to produce forecasts on a nested grid [55, 57]. The NWP models utilize 12 km-

by-12 km grid cells encompassing southwest U.S. and 4 km-by-4 km higher resolution 

grid cells over Texas and portions of surrounding states for the two nested domains 
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that both possessing 38 vertical levels. The lateral boundary conditions of ensemble 

members on the inner domain are from the outer domain, and the outer domain 

receives the lateral boundaries by the Global Forecast System (GFS). The two 

domains are configured with Noah land surface model, Thompson microphysics, 

Yonsei University (YSU) PBL scheme, shortwave radiation parameterized by Dudhia 

scheme, longwave radiation parameterized by Rapid Radiative Transfer Model 

(RRTM) scheme, and cumulus parameterization with Tiedtke scheme for parent 

domain [57]. The following Figure 2.13 shows an image of the domains that WRF 

simulations are performed on.  

 

Figure 2.13 WRF simulation domain 

2.7.2 Ensemble NWP construction 
The ensemble system used in this dissertation comprised of eight physical 

schemes is a data assimilation and forecasting system as well. The initial conditions 

are created through an ensemble Kalman filter assimilation procedure [57], and more 

ensemble members are created by varying the initial conditions from these eight 

physical schemes. The eight physical schemes for parameterizations are the YSU PBL 

scheme (Hong er al. 2006), the Mellor-Yamada-Janjic (MYJ) PBL scheme 



Texas Tech University, Xiaomei Chen, May 2021 

34 

parameterizing turbulence (Janjic 1994), BouLac turbulent kinetic energy (TKE) 

scheme (Bougeault and Lacarrere 1989), Bretherton TKE scheme (Bretherton and 

Park 2009), SHIN PBL scheme (Shin and Hong 2015), GBM TKE scheme (Grenier 

and Bretherton 2001), QNSE-EDMF scheme (Sukoriansky et al. 2005), and MYNN 

TKE scheme (Nakananishi and Niino 2006) [56]. The output of the ensemble forecast 

system is updated every three hours with the forecasting time horizon up to 48 hours 

[57]. 

2.7.3 Observation of NWP output 
The WRF-ARW is run by using re-analysis data for the eight physical schemes 

for an inner domain that covers the same geographical region with a grid cell size of 3 

km-by-3 km with refreshing rate of 3 hours. By using the latitude and longitude 

information, the grid cells that contain a Mesonet site or an ERCOT wind farm is 

identified, and its NWP data is retrieved and vertically interpolated for hub height of 

wind turbines.  

And preliminary observation of the NWP output from the reanalysis of the 

eight physical schemes is conducted by comparing the forecast data with the wind 

speed measurement of a selected Mesonet site on May 29th, 2015 where ramp event 

occurs. This study is aimed at implementing deep analysis of the NWP data to see how 

their forecasted wind speed data matches real-time measurement especially during 

wind power ramp events. The corresponding NWP data is obtained at 0300 UTC, and 

is then interpolated for 120m which is the typical hub height of wind turbines. 

Whereas the Mesonet wind speed measurements are collected at an elevation of 33ft 

(10m). Note that NWP for 10 m is not attainable because the lowest vertical layer of 

the domain is above 10 m, and also, the NWP output values for 120 m are generally 

higher than the measured ones at 10 m.  

The comparison analysis between NWP forecasted data and real measurement 

data is illustrated in the following Figure 2.14.  
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Figure 2.14 Wind speed measurements and NWP data 

We can get one key observation from this figure, which is that for the down 

ramp time period, i.e., from 0 AM – 4 AM, the measured wind speed drops 

dramatically, however, not all the NWP values are following the same trend. 

Specifically, four among the eight schemes, ‘SHIN’, ‘YSU’, ‘QNSE-EDMF’, and 

‘Bretherton’, correctly predict the trend (dropping); in sharp contrast, for some other 

schemes, the forecasted values are even climbing. In this case, if all eight schemes are 

used with equal weights to produce a point forecast, a significant forecasting error 

could be produced. However, if any side information or evidence on the credibility of 

the eight schemes (like the analysis here, by inspecting how their predicted wind speed 

matches the real-time Mesonet measurements), the significant forecast error could be 

reduced by assigning different weights to NWP models. The above observation gives 

significant insights on using real-time Mesonet measurements to weigh the schemes in 

an ensemble NWP which will be discussed in chapter 5. 

2.8 Conclusion 
This chapter mainly focuses on the description of the dataset obtained from 

multiple WTM sites, ERCOT wind farms and Texas Tech real-time ensemble system, 
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including location information of Mesonet sites and ERCOT wind farms, 1-minute or 

5-minute wind speed measurements, 5-minute or hourly wind power productions, and 

also NWP output data for the West Texas and Panhandle region. Additionally, various 

data analyses have also been implemented including raw data preprocessing, Weibull 

distribution analysis of wind speed data, power curves construction for individual 

wind farms, cubic processing of wind speed data for wind power ramp forecasting, 

correlation analysis between wind speed data and wind power. Some discoveries have 

also been drawn from the above analysis, such as wind speed ramps lead wind power 

ramps by several hours, wind speed measurements from Mesonet sites are highly 

correlated with regional wind power, however different sites could reach the 

maximum correlation coefficient at different lead times. Finally, the individual NWP 

data from the ensemble system are compared with the real-time wind speed 

measurements which indicates that only part of those NWP data is consistent with the 

measurements when wind ramp occurs which motivates the study in this dissertation 

to develop improved ensemble model to better track the ramp events. 
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CHAPTER III 

MULTINOMIAL LOGISTIC REGRESSIVE METHOD [44] 

This chapter presents novel approaches for ordinal level-based regional wind 

power ramp forecasting using real-time meso-scale wind speed measurements. The 

ordinal level information of impending wind power ramp would support power system 

operator to manage power operation and ramping reserves in a timely manner. The 

proposed approach utilizes multinomial logistic regression which is motivated by the 

correlation of the meso-scale wind speed measurements with regional wind power 

discovered in the previous chapter for wind power ramp forecasting. Further, the 

combined model which integrates the probabilistic output of individual regressive 

models in a weighted manner is developed with the weights calculated by minimizing 

the Brier skill score of the combined model. Then the model is tested by real-world 

data described in previous chapter and compared with benchmark methods. 

3.1 Introduction 
Wind power ramps, which is referred to as the significant changes in the wind 

power production in a relatively short time period, is a result of the volatility in the 

wind or meteorological conditions at different geographical scales. Wind power ramps 

could refer to the abrupt power production change from a single-turbine level or a 

wind farm level, to regional level or system level. Combining with the uncertain 

nature of wind power, which makes wind power forecasting attain a certain level of 

accuracy, large-scale wind power ramps have posed technical challenges for power 

system operations. Particularly, the ERCOT has adopted an approach that incorporates 

wind power ramp risks into the requirements of non-spinning reserves [61, 62]. 

Further, the ERCOT large ramp alert system (ELRAS) [63] utilizes numerical weather 

predictions to provide information (including timing, magnitude, direction, and 

likelihood) on potential large wind power ramps. The information on wind power 

ramps (magnitude and timing) could alert control room operators of future wind power 

conditions and energy forecasts so they can make well-informed scheduling decisions. 
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In spite of such an overall forecasting accuracy of numerical weather 

prediction models in practice [24, 64], these approaches and systems could fail on 

providing pertinent and timely information on large wind power ramp events [33]. 

One key reason is that it is an extremely computationally intensive procedure for 

global or regional numerical weather prediction models to produce forecasting data, 

which consists of the processing for synoptic data assimilation, solutions for complex 

mathematical and physical models (multiple sets of models in the case of ensemble 

forecasting) of atmospherical variables, necessary post-processing. Therefore, the 

output data of numerical weather prediction models may not be generated in a timely 

manner for determining the timing of wind power ramps. In this context, the 

approaches and apparatus that utilize real-time measurement data (e.g., wind speed 

measurement from meteorological station) for wind power ramp forecasting and 

detection would be very useful. 

Proven methods and cost-effective techniques for online wind power ramp 

forecasting that utilize real-time measurements and apply models trained offline could 

be found in the survey [11, 65]. More recently, advanced statistical models and data-

mining models have been applied as mentioned in chapter I. Additional to the 

mentioned models above, another machine learning approach which is least-square 

support vector machine has also been proposed for forecasting single wind farm power 

ramp events as illustrated in [66]. Also, there are some other fields of studies 

addressing some issues of wind power ramps forecasting, such as reference [67] which 

applies supervised learning approaches to predict wind power ramps, and particularly 

focuses on addressing the class imbalance issues (as large wind power ramps are low-

probability events [68]. Reference [69] utilizes an elaborate model that feeds input 

data to a support vector machine for wind power ramp classification. An innovative 

wavelet-based ramp characteristic function for wind power ramp detection from time 

series is proposed in [70], which is obtained by considering large power gradients 

evaluated for different time scales. 

In existing work, as presented in the aforementioned literature, the key 

predictors for wind power ramp forecasting or classification in mainly a univariate 
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time-series of wind speed or wind power corresponding to real-time measurements 

collected from one location, meteorological station, or wind farm. For regional wind 

power ramps that cover an extended geographical region, there could be multiple 

sources of real-time measurements, which poses a new problem of wind power ramp 

forecasting with multi-variate measurements. Then, a challenging issue would be the 

effective fusion and combination of these multi-variate measurements. This paper 

studies the new problem for regional wind power forecasting based on logistic 

classification models, by developing a weighted voting model to combine the 

decisions of individual logistic classifiers. Further, the logistic classification models 

utilized are all multinomial, in the sense that they will predict multiple ordinal levels 

of wind power ramps which can be specified. 

3.2 Ordinal levels of wind power ramps 
As mentioned above, numerical weather prediction models are capable of 

producing accurate forecasting of the magnitude of wind power ramps; however, the 

high computational complexity and low data refreshing rate of these models may 

compromise the timely delivery of these forecasts. Instead, predictive or classification 

models that utilizes real-time measurements can provide unrefined yet timely 

information on impending wind power ramps. One kind of this information would be 

the ordinal levels [23] of wind power ramps. More specifically, categorical or 

numerical labels could be assigned to the wind power ramps with magnitude falling 

into specific ranges. For example, a wind power ramp within the range 

(2.5 𝐺𝑊, 2 𝐺𝑊] could be labeled as ‘2’ or ‘Large Up Ramp’, and one in the range 

[−3 𝐺𝑊, ∞)  could be labeled as ‘-3’ or ‘Extreme Down Ramp’. By using the 

numerical labels for hourly wind power ramps of ERCOT, the ordinal level 

information is plotted in Figure 3.1. It can be seen that the ordinal levels (represented 

by the numerical labels) could capture the levels of wind power ramp with sufficient 

fidelity for the purpose of power system operations and ramping reserve acquisition. 

Therefore, this chapter aims at predicting the ordinal levels of hourly wind power 

ramps. 
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Figure 3.1 ERCOT hourly data in 2018: (a) hourly wind power, (b) hourly wind power 
ramp, (c) ordinal levels of wind power ramp 

3.3 Logistic regression for wind power ramp forecasting 
Based on the observation of the high correlation analysis between wind speed 

measurements and regional wind power from previous chapter II, which indicates that 

wind speed measurements from Mesonet sites are highly correlated with regional wind 

power data and different Mesonet sites may have different lead times for peak 

correlation to regional power, it would be effective to apply a linear regressive model 

[71] to the log-odds of wind power ramp, by using the Mesonet wind speed 

measurements within a lead time window of up to N hours as the predictors, which is 

given by  

log
( )

 ( )
= 𝛽 𝜔 , + ⋯ + 𝛽 𝜔 ,                        (3.1) 

Where, 𝑃𝑟 𝑌 = 1  is the forecast probability that wind power ramp occurs at 

time slot 𝑡 , the predictors (i.e., 𝜔 , ,  𝜔 , ,…,  𝜔 , ) are the wind speed 

measurement at the 𝑚 -th Mesonet site within a time window of 𝑄 hours (𝑄 could be 

chosen to be 6 based on the observation obtained in previous chapter) immediately 
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ahead of the time slot 𝑡, and 𝛽 are the corresponding regressive coefficients of the 

predictors. It is worth mentioning that logistic regression has been applied to wind 

power ramp forecasting (e.g., in literature [22] and the references therein). However, 

the prior studies apply regression to the same wind power time-series for wind power 

ramp forecasting in an autoregressive manner, and the predictors are univariate (in the 

sense that they are from the same time-series). In sharp contrast, this chapter is 

focused on utilizing multi-variate predictors which are wind speed measurements from 

dispersed locations in an extended geographical region. It is noted that by using 

multiple sources of data as multi-variate predictors, the regressive models have 

significant potentials for improving the performance of wind power ramp forecasting. 

However, due to the complex nature and the distinct lead time for the Mesonet 

measurements from different sites, there is no existing approaches for efficient fusion 

or combination of the multi-variate predictors for regional wind power forecasting. 

This chapter will fill this gap by developing a combination of individual logistic 

regressive models. 

3.4 Multinomial logistic regression for ordinal forecasting 
In what follows, multinomial logistic regression for predicting the ordinal 

levels of wind power ramps is first introduced. Let 𝐾 be the number of wind power 

ramp levels. For example, Figure 3.1 illustrates 10 levels of wind power ramps. Then 

the objective of the ordinal wind power forecasting model is to assign a label 𝑌 = 𝑘 to 

indicate that the forecast ramp level for time slot 𝑡 is 𝑘 (𝑘 ∈ {1, … 𝐾}). By applying 

multinomial logistic regression [72] to the wind speed measurement at the 𝑚 -th 

Mesonet site, the forecast probability of an ordinal level 𝑘 is given by 

𝑃𝑟 𝑌 = 𝑘 = 𝑒𝜷 𝒘                                             (3.2) 

Where, 𝒘 = (𝜔 , , … , 𝜔 , )  is a vector of the wind speed 

measurements at the 𝑚-th Mesonet site in the forecasting time window with a window 

size of 𝑄, 𝜷  is a vector of corresponding regressive coefficients for the 𝑘-th ordinal 

level, and 𝑧 is partition function [73] that normalizes the forecast probability which is 

given by 𝑧 = ∑ 𝑒𝜷 𝒘 . The set of regressive coefficients in each vector 𝜷  are 
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obtained by fitting the above models to the training data through maximum a 

posteriori (MAP) estimation [74, 75]. The MAP method is to maximize the posterior 

probability which refers to the probability of the regressive coefficients given the real-

time measurements realized by following equations (3.3) and (3.4) . 

Posterior distribution:  

𝜷 ⟼ 𝑓(𝜷 |𝑘) =
( |𝜷 ) (𝜷 )

∫ ( |𝜷 ) (𝜷 )
                              (3.3) 

MAP method:  

𝜷 (𝑘) = 𝑎𝑟𝑔 max
𝜷

𝑓(𝜷 |𝑘) = arg max 𝑓(𝑘|𝜷 )𝑔(𝜷 )    (3.4) 

Where, 𝑓(𝑘|𝜷 )  is the logistic function mentioned in equation (3.2), and 

𝑔(𝜷 ) is the prior distribution of regressive coefficients. 

3.5 Combination of multiple regressive models 
With the multinomial logistic regressive models built for the wind speed 

measurements from each Mesonet site, the forecast decision could be combined to 

produce an aggregate forecasting model that is more accurate than any individual 

ones. A scheme for combining multiple logistic regressive models through weighted 

voting is developed, and the weights are obtained by minimizing a probabilistic 

forecast skill score. By adopting the weighted voting scheme, the forecast probability 

of the aggregate forecasting model is given by: 

Pr 𝑌 = 𝑘 = ∑ 𝑎 Pr 𝑌 = 𝑘 = ∑ 𝑒𝜷 𝒘          (3.5) 

Where 𝑎  is the voting weight of the regressive model built by using wind 

speed measurements from the 𝑚 -th Mesonet site, and ∑ 𝑎 = 1  is chosen to 

normalize the forecast probabilities. Then, a natural question would be how to find the 

voting weights 𝑎  so that the aggregate forecasting model has the optimal 

performance. To this end, the multi-class Brier skill score [76] for probabilistic 

forecast is utilized to quantify the performance of the aggregate model: 

𝑆 𝕐, 𝕐; 𝕒 = ∑ ∑ (𝟏{ } − Pr 𝑌 = 𝑘 )                           (3.6) 
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Where 𝑡 is the index of training data, 𝟏{∙} is the indicator function, and 𝑌  is the 

actual ordinal level of the wind ramp occurring at time slot 𝑡. Therefore, it holds that 

𝟏{ } = 1 only when a level- 𝑘 wind ramp occurred at time slot 𝑡. Therefore, the 

vector of voting weights 𝕒 could be obtained by minimizing the probabilistic forecast 

skill score: 

𝕒∗ = 𝑎𝑟𝑔 min
𝕒

𝑆 𝕐, 𝕐; 𝕒                                          (3.7) 

The above equation is subject to the constraint that ∑ 𝑎 = 1. For brevity, let 

𝒴  denote 𝟏{ } , 𝑝  denote Pr 𝑌 = 𝑘  (note that the values of 𝒴  and 𝑝  

are already known). Further, let 𝒑  be the vector of 𝑝  (𝑚 = 1,∙∙∙, 𝑀). Then, 

Pr 𝑌 = 𝑘 = ∑ 𝑎 Pr 𝑌 = 𝑘 = 𝕒 𝒑                    (3.8) 

Then, the Lagrangian for the problem in (3.7) is given by: 

𝐿(𝕒, 𝜆) = ∑ (𝒴 − 𝕒 𝒑 ) + 𝜆(1 − 𝒆 𝕒)                   (3.9) 

Where 𝒆 is an 𝑀-by-1 all-one vector. The gradient of the Lagrangian has the 

following components: 

(𝕒, )

𝕒
= ∑ (𝕒 𝒑 𝒑 − 𝒴 𝒑 ) − 𝜆𝒆                    (3.10) 

(𝕒, )
= 1 − 𝒆 𝕒                                         (3.11) 

Solving for 𝕒 and 𝜆 such that the gradient is zero, yielding: 

𝜆∗ = (1 − 𝒆 𝑷 ∑ 𝒴 𝒑 )/𝒆 𝑷 𝒆                    (3.12) 

𝕒∗ = 𝑷 (𝜆∗𝒆 + ∑ 𝒴 𝒑 )                            (3.13) 

Where 𝑷 = ∑ 𝒴 𝒑𝒌𝒕  is non-singular when a sufficient amount of training 

data is used. 

3.6 Case study 
The year 2015 hourly wind power data for the region of West Texas and 

Panhandle, together with the year 2015 Mesonet wind speed measurement data 

described in chapter II, is used for training. The trained logistic regressive models are 
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then tested using corresponding 2016 data. The number of forecasting ordinal levels is 

set to 6, among which two levels correspond to extreme ramps ( > 3 𝐺𝑊  and <

−3 𝐺𝑊), and four levels for evenly distributed between [−3 𝐺𝑊, 3 𝐺𝑊]. To account 

for the seasonality and diurnal non-stationary, as revealed in prior work [68, 77], the 

logistic regressive models are built for data corresponding to each month and each of 

the four 6-hour intervals of a day. 

3.6.1 Regressive analysis 
For each model, the hourly wind speed measurements within a 6-hr time 

window are used as the predictors. By following the proposed approach, individual 

regressive models are built by using the measurement from a single site only. The 

parameters of the trained regressive models (for ordinal level 𝑘 = 2, i.e., up ramp 

within (1.5 𝐺𝑊, 3 𝐺𝑊] for 7 representative sites are show in Figure 3.2.  

 

Figure 3.2 Regressive models: (a) regressive coefficients, (b) p-values 

In Figure 3.2(a), a higher positive regressive coefficient indicates that the 

probability of a level- 𝑘 wind power ramp could increase more significantly w.r.t. that 

wind speed measurement. In Figure 3.2(b), a higher p-value indicates that the wind 

speed measurement is statistically less significant, and thus could be extracted from 
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the regression model. Note that the p-value for the intercept term is not plotted in 

Figure 3.2(b). One key observation from Figure 3.2 is that not all wind speed 

measurements within the same 6-hour window are significantly relevant to wind 

power ramp forecasting. This also raises the needs for feature extraction of the wind 

speed measurements from multiple Mesonet sites through sparse PCA which will be 

discussed in next chapter. Based on the observations from Figure 3.2(b) for the seven 

models built by using the data from seven sites, a threshold of 0.05 is adopted for the 

p-values, and it turns out that 112 of the 516 (6×86) regressive variables are 

statistically significant. 

3.6.2 Performance evaluation 
For probabilistic forecast, the proposed approach is tested and compared with a 

benchmark approach. For the benchmark approach, multinomial logistic regressive 

models are built by using wind speed measurements from a single site (which is 

consistent with the practice in state-of-the-art work, e.g., [23]). The performance 

metric for ordinal wind power ramp forecasting is the multi-class Brier skill score 

defined in equation (3.6). Two performance measures are produced for the benchmark 

approach: 1) the lowest Brier skill score of all models, and 2) the average of the lowest 

Brier skill score per each test data point. Note that the latter is unattainable in practice, 

since which individual model produces the best forecast is not known a priori. The 

results are shown in Table 3.1. 

Table 3.1 Performance evaluation I 

 Benchmark 1 Benchmark 2 Proposed 1 

Brier score (training) 0.016 0.015 0.017 

Brier score (testing) 0.089 0.065 0.071 

It can be seen that the proposed approach has the minimum score, indicating 

that it outperforms the existing approach (Benchmark 1 and 2). The Brier skill scores 

for the training data is also shown in Table 3.1, wherein the lower score basically 

indicates that the model fits the training data better (yet unnecessarily generalizes 

better though). 



Texas Tech University, Xiaomei Chen, May 2021 

46 

For deterministic forecast of the wind power ramp ordinal levels, which is 

obtained by selecting the level with highest probability among the 𝐾  levels, the 

proposed approach is then compared with the state-of-the-art machine learning 

approaches applied to wind power ramp forecasting, including random forest (RF) 

[78], support vector machine (SVM) [69], and neural networks (NN) [18]. It is worth 

noting that the work is focused on ordinal level forecast, which is basically multi-class 

classification. Therefore, a RF with multi-class classification trees, one-against-all 

SVM, and an NN with multi-class activation at its output layer are used as 

benchmarks. More specifically, the RF is built by using bootstrap samples and 

randomly-selected predictors (amounting to square root of the number of all 

predictors). Radial basis function (RBF) is adopted for the kernel-based soft-margin 

SVM. Grid search based hyper-parameter tuning is utilized to find the optimal number 

of trees and tree height of the RF, the parameter of the RBF for SVM, and the number 

of hidden layers and size of activation map of NN. The misclassification rate is used 

as the metric for performance comparison between the deterministic forecasts. 

Table 3.2 Performance evaluation II 

 RF SVM NN Proposed 1 

Error rate 9.89% 10.23% 9.64% 9.68% 

It can be seen from the Table 3.2 that for the 6 ordinal levels, the proposed 

method achieves comparable or better performance than other state-of-the-art machine 

learning approaches. It is worth noting that the proposed multi-logistic regression 

model could be regarded as NN with a single hidden layer, but the weights are 

obtained through MAP rather than learned in a hostile manner through back 

propagation. Further, due to the strong correlation revealed by Figure 2.11, NNs with a 

single or only a few layers suffice to capture the relationship between the predictors 

(Mesonet measurements) and the forecast value (ordinal levels). 

Further, the impact of the ordinal level 𝐾 on the forecasting performance is 

illustrated in Table 3.3. 
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Table 3.3 Impact of level number 𝐾 

𝐾 2 4 6 10 16 

Proposed 1 0.056 0.062 0.071 0.083 0.122 

The proposed method has performance degradation as the number of forecast 

ordinal levels increases, which shows the tradeoff between forecasting accuracy and 

refined ordinal levels. 

3.7 Conclusion 
A new approach for predicting the ordinal levels of regional wind power ramp 

in ERCOT by using real-time wind speed measurements from multiple Mesonet sites 

are proposed in this chapter. The proposed approach builds the multinomial logistic 

regressive models by using separate Mesonet data and combines only the forecast 

output of individual models. The work presented in this chapter provides examples 

and insights of using dispersed measurement data as multi-variate predictors for 

regional wind power forecasting. 
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CHAPTER IV 

MESOSCALE WEATHER DATA FUSION METHOD [79] 

This chapter introduces an improved approach for ordinal level wind power 

ramp forecasting based on the multinomial logistic regression discussed in previous 

chapter. This approach combines the multi-variate regressive variables, i.e., the wind 

speed measurements collected from different locations, through sparse primary 

component analysis. The linkage between this method and the previous regressive 

method has also been analyzed. Finally, the forecasting accuracy of this method has 

been tested by real-world data and is compared with benchmark models. 

4.1 Introduction 
As discussed in the previous chapter, current wind power ramp forecasting 

work are mainly using a univariate time-series of wind speed or wind power 

corresponding to real-time measurements from a single wind farm or meteorological 

site. Thus we have proposed the approach to consider multivariate measurements 

based on logistic classification models to address this issue as described in chapter 3 

which is about combining the decision of individual logistic classifiers with a 

weighted voting scheme. However, this method is just from one perspective of the 

real-world dispersed multiple source data utilization for producing wind power ramp 

information to control room operators depending on the real-world utility integration 

ways. In reality, there are two real-world application scenarios for utility integration: 

1) a predictive model is built offline by using the data at an individual weather station 

locally, and is then used online to produce and report the decisions to the control 

center (this scenario requires minimum communications from the weather stations to 

the control center), and 2) the predictive models are built at the control center using all 

measurement data; however, to mitigate the impact of missing measurements or bad 

data, the logistic models are sparse, in the sense that the predictors are restricted to a 

reduced number of measurements. The first proposed method is based on the above 

first scenario where the regressive parameters of each model is trained by using the 

wind speed measurement from a single Mesonet site only. Therefore, the rich 
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information contained in the diverse yet highly correlated wind speed measurements 

from the Mesonet sites are not exploited which can be utilized for the second scenario 

mentioned above. Thus, with an aim to further improve the performance of the 

forecasting models, this chapter applied PCA-based regressive analysis for data fusion 

and feature extraction of a multi-variate regressive model. The developed approach is 

comprised of several key steps illustrated as follows. 

4.2 PCA-based regressive model 

4.2.1 Data organization 
When building the multi-variate regressive models, each training data point is 

the concatenation of all the variables – the wind speed measurements in the 

forecasting window with a size 𝑄 for all the 𝑀 Mesonet sites. Specifically, a training 

data point for the time slot 𝑡 could be represented as 𝒘 = (𝒘 , 𝒘 , ⋯ , 𝒘 ) , i.e., a 

𝑃 × 1  vector where 𝑃 = 𝑄𝑀 . Note that these 𝑄 × 𝑀  variables were also used by 

individual logistic regressive models; however, they were used separately by 

individual models. This arrangement of the variables resembles that of the Eigenface 

approach [80] that re-organizes image data into a vector for face recognition and 

classifications. Then, the 𝑁 training data points could be organized into a 𝑁 × 𝑃 data 

matrix 𝑾 = (𝒘 , 𝒘 , ⋯ , 𝒘 ) . 

4.2.2 Data normalization 
Let 𝒘 denote the mean of the vectors 𝒘 , 𝒘 , ⋯ , 𝒘 . Then the mean vector 𝒘 

is subtracted from each row of the data matrix 𝑾. This centering processing is to 

produce a data matrix with a zero sample mean, so that the sample covariance matrix 

of the N training data points could be quantified as follows: 

𝚺 = 𝑾 𝑾                                                  (4.1) 

4.2.3 Sparse PCA 
Among all the 𝑃 variables, it is observed from Figure 2.11 in chapter 2 that not 

all of them could have sufficiently high correlation to the regional wind power. 

Further, it is noted that some wind power ramps could occur within a subarea of the 
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geographical region, and thus it is reasonable to include only the wind speed 

measurements in that subarea for the principal components. Therefore, for the PCA-

based feature extraction, it would be reasonable to make the principal component to be 

a linear combination of not all the variables. To this end, the sparse PCA [81] method 

is adopted. A 𝑠-sparse principal component direction can be found as follows: 

max 𝝂𝑻𝚺𝝂 

s.t. ‖𝜗‖ = 1 

‖𝜗‖ ≤ 𝑠                                                   (4.2) 

In which the first constraint on the 𝐿  norm of 𝜗  enforces 𝜗  to be a unity 

vector, and the second constraint on the 𝐿  norm of 𝜗  requires that the non-zero 

entries in the vector 𝜗  is no greater than 𝑠 . Therefore, the produced principal 

component direction 𝜗 is a linear combination of only 𝑠 variables among all the 𝑃 =

𝑄𝑀 wind speed measurements in the forecasting window. Based on the observation 

from Figure 2.11, the value of 𝑠 could be chosen to be the number of variables with a 

correlation coefficient to the regional wind power which exceed a threshold (e.g., 

0.66). After finding the first 𝑠-sparse principal component direction 𝜗 , the residue 

sample covariance matrix is given by: 

𝚺 = 𝚺 − (𝝂𝑻𝚺𝝂)𝝂𝝂𝑻                                       (4.3) 

Then, the residue sample covariance matrix is used by equation (4.2) to 

identify subsequent principal component directions in a recursive manner. There are a 

few technical issues when applying the 𝑠-sparse PCA. First, it is worth noting that the 

orthogonality of the obtained 𝑠-sparse principal components are not guaranteed [81]; 

however, strict orthogonality between the principal components is not necessary when 

they are used for regression analysis. Second, the second constraint in (4.2) makes the 

problem NP-hard [82], and thus it is relaxed by using 𝐿  norm that convexifies the 

problem [83]. Further, it is not necessary to find all the 𝑃  primary component 

directions. It is worth noting that the optimal value of the objective function in (4.2) is 
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the 𝑠-sparse ‘eigenvalue’. Therefore, when recursively solving (4.2), if the optimal 

value 𝝂∗𝑻𝚺𝝂∗ below a threshold 𝜀, then PCA could stop. 

4.2.4 PCA-based regression 
After identifying the 𝑠-sparse primary component directions, 𝝂∗ , ⋯ , 𝝂∗  (𝐷 ≤

𝑃) , the corresponding primary components of a data point 𝒘  are given by 

𝒘 𝝂∗ , ⋯ , 𝒘 𝝂∗ . Note that these primary components could be regarded as the 

coordinates of the data point 𝒘  in a transformed space spanned by the primary 

component directions. Then, by using each of the 𝐷  primary components, a 

multinomial logistic regressive model could be built for 𝑘 = 1, ⋯ , 𝐾 as follows: 

𝑃𝑟 𝑌 = 𝑘 = 𝑒∑ 𝜷 𝒘 𝝂∗
                                        (4.4) 

 The regressive coefficient 𝜷  for each ordinal class 𝑘  could be jointly 

estimated in the same manner as for equation (3.2) in chapter 3 by following the MAP 

approach [74]. 

4.3 Comparison of the previous two methods 
From equation (3.8) in chapter 3, it can be seen that the likelihood the 

combined regressive model gives a correct classification is given by: 

ℒ = ∑ 𝒴 𝕒 𝒑                                               (4.5) 

It is worth noting that the above likelihood is not a strictly proper skill score 

function. However, it still quantifies the performance of probabilistic forecasts. 

Combining with equation (3.5) and by using the convexity of exponential functions, 

the following inequality follows: 

ℒ ≤ ∑ 𝒴 𝑒∑ 𝜷 𝒘 = ∑
𝒴

𝑒∑ 𝜷 𝒘          (4.6) 

Where, 𝑧 = ∏ 𝑧 . By comparing with equation (3.5), the term 𝑒∑ 𝜷  

could be interpreted as the regression on the linear combination of the wind speed 

measurements within the forecasting window from all Mesonet sites. Therefore, the 

PCA-based approach, as shown in (4.4), transforms all the regressive variables 

𝒘  (𝑚 = 1, ⋯ , 𝑀) to the principal component direction 𝝂∗  (𝑑 = 1, ⋯ , 𝐷) and then 
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perform the linear combinations of transformed regressive variables, and thus could 

have comparable or better performance than the simple linear combination in (4.6). 

4.4 Case study 
The same year 2015 hourly wind power data for the region of West Texas and 

Panhandle, together with the year 2015 Mesonet wind speed measurement data, is also 

used for training as the previous method. And the trained logistic regressive model has 

also been tested using corresponding 2016 data. More details can be found in chapter 

2. The number of wind power ramp ordinal levels is still set to 6 with the same level 

range as the previous chapter 3. And also the logistic regressive models are built 

respectively for data corresponding to each month and each of four 6-hour intervals of 

a day to account for the seasonality and diurnal non-stationary. 

4.4.1 PCA analysis 
For each model, the hourly wind speed measurements within a 6-hr time 

window are used as the predictors. Since based on the observations from previous 

chapter 3 Figure 3.2(b) for the seven regressive models built by using the data from 

seven sites, a threshold of 0.05 is adopted for the p-values, and 112 out of 516 (6×86) 

regressive variables have been found statistically significant. Therefore, the sparse-

PCA, the number of non-zero wind speed measurements that comprise the primary 

component directions, 𝑠, is set to 112. Then the next step is to determine 𝐷, i.e., the 

number of primary components of the sparse PCA to be used for regression of (4.4). 

Here, one practical issue is that the sample covariance matrix 𝚺, as shown in equation 

(4.1), is not full rank. This is because the data matrix 𝑾 has a dimension of 𝑁 × 𝑃, 

where 𝑁 is no greater than 186 (31×6) while 𝑃 = 𝑄𝑀 is 516. Therefore, the 𝑠-sparse 

PCA procedure (4.2) and (4.3) is iterated for 𝑁 rounds to obtain 𝑁 primary component 

directions. The following Figure 4.1(a) illustrates the plot of the loadings (the primary 

component coefficients) of the regressive variables (re-organized to 86 sites by 6-hour 

lead time) for the first primary component for the data within the time period 6 AM to 

12 PM of May. 
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Figure 4.1 Loadings of regressive variables (1st primary component) 

The loading of a regressive variable quantifies the weight of the regressive 

variable in the transformed primary component directions. Particularly, a loading of 0 

indicates that a regressive variable has no bearing on the primary component direction. 

Figure 4.1(b) provides another view of the plot of the loadings of the regressive 

variables for the 86 sites by six regressive variables (within the 6-hr forecasting 

window). It can be seen that the first primary component direction is comprised of 

only a portion (112/516) of the original regressive variables. 

Further, note that the primary component directions identified by the 𝑠-sparse 

PCA are not guaranteed to be orthogonal and thus, it is possible that more than 𝑁 

primary component directions could be produced by additional iterations of (4.2) and 

(4.3); however, these additional iterations are not adopted as by experiments the 

corresponding eigenvalues are not significant as compared with the first 𝑁 ones. To 

obtain 𝐷 out of the 𝑁 primary component directions, the commonly used rule, such as 

eigenvalue thresholding by choosing the ones with eigenvalues greater than a 

threshold (e.g., 1) or cumulative variance thresholding by choosing the first 𝐷 primary 

component directions that contribute more than a threshold (e.g., 90%) of total 
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variance of the sample covariance matrix. In this work, by utilizing the previous idea 

of the statistical significance of regressive variables, all the 𝑁  primary component 

𝒘 𝝂∗  (𝑛 = 1, ⋯ , 𝑁) are used to build the regressive model for a first run. Then, by 

inspecting the p-values of the primary components (note that each primary component 

has 𝐾 − 1 p-values for each of the 𝐾 ordinal levels), if any of the p-values is below 

the threshold (0.05), then the corresponding primary component direction is chosen. In 

this manner, 𝐷 primary component directions are selected, and then used to learn the 

regressive model for a second run. It is also worth pointing out that although the linear 

transformation of PCA generally does not facilitate discriminative models, the primary 

component directions that are chosen in the aforementioned manner are indeed of 

statistical significance for the developed regressive classification model. Figure 4.2 

illustrates the plot of the 𝐾 − 1 p-values of the primary components as the regressive 

variables for the data within the time period of 6 AM to 12 PM of May.  

 

Figure 4.2 p-values of primary components (first run) 

It can be seen that a majority of the primary components (131/186) have one or 

multiple p-values that is lower than the threshold (0.05), which indicates that they are 

of statistical significance to forecasting the probability of at least one ordinal class. 

Therefore, these 𝐷 (𝐷 = 131) primary components would be selected for estimating 
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the regressive coefficients of the model for a second run, and the learned model would 

be used for wind power ramp forecasting for the time period of 6 AM to 12 PM of 

May. 

4.4.2 Performance evaluation 
For probabilistic forecast, the proposed approach is first tested and compared 

with the aforementioned benchmark model described in chapter 3 by using the multi-

class Brier skill score as performance metric for ordinal wind power ramp forecasting. 

The results are shown in Table 4.1. It can be seen that the proposed approach 2 has the 

minimum score and outperforms both the existing approach and the proposed 

approach 1 compared with the results from Table 3.1. This reveals the effectiveness of 

utilizing multiple measurements and sparse PCA-based feature extraction and also 

proves the improvement of this new approach for regressive forecasting models. 

Table 4.1 Performance evaluation I 

 Benchmark 1 Benchmark 2 Proposed 2 

Brier score (training) 0.016 0.015 0.018 

Brier score (testing) 0.089 0.065 0.063 

For the proposed approach, the deterministic forecast results of the ordinal 

levels of wind power ramps produced by selecting the level with the highest 

probability among the 𝐾  levels are also compared with state-of-the-art machine 

learning approaches that have been applied to wind power ramp forecasting such as 

RF, SVM, and NN which are illustrated in details in chapter 3. The misclassification 

rates for all the models are calculated as following Table 4.2. 

Table 4.2 Performance evaluation II 

 RF SVM NN Proposed 2 

Error rate 9.89% 10.23% 9.64% 9.56% 

The ordinal levels are also 6, and the results show that the proposed approach 2 

has better performance than all these state-of-the-art machine learning models as well 

as the proposed approach 1. And this PCA-based logistic regressive method can also 

be regarded as NN with a single hidden layer. 
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Finally, the impact of ordinal level 𝐾  on forecasting performance of the 

proposed approach 2 has also been presented in Table 4.3. This result also shows that 

the increase of the number of forecasting ordinal levels reduces the forecasting 

performance of the PCA method. But its performances on all numbers of ordinal 

levels are still better than the previous proposed method 1 compared with the results in 

Table 3.3 which shows the overall performance improvement of the PCA-based 

forecasting model to the combined model. 

Table 4.3 Impact of level number 𝐾 

𝐾 2 4 6 10 16 

Proposed 2 0.051 0.055 0.063 0.074 0.103 

 

4.5 Conclusion 
This chapter introduces an improved regional wind power ramp ordinal level 

forecasting model with respect to the first proposed method developed in chapter 3 

which incorporates sparse-PCA-based feature extraction based on multiple Mesonet 

site measurements. The results demonstrate the improved performance of this method 

compared with the pervious approach as well as the current benchmark models. 
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CHAPTER V 

NWP-BASED ENSEMBLE LEARNING METHOD [44] 

Additional to the above ordinal level classification forecasting for regional 

wind power ramps, actual regional wind power ramp forecasting also plays an 

important role in power system operations. Numerical weather predictions as widely 

used wind power forecasting models are considered in this work. However, they might 

not be very accurate because they may not be updated in a timely manner in practice, 

due to its high computational complexity and complicated postprocessing. Thus, the 

accuracy of wind power forecasts could be significantly compromised especially 

during wind ramp events. This chapter presents an innovative method for improving 

regional wind power ramp forecasting through ensemble learning of numerical 

weather prediction models, by using real-time measurements as supervisory data. The 

numerical weather prediction models are combined to minimize the discrepancy 

between the forecast values and the real-time measurements in the trend of wind 

ramps, and the weights of the linear combination are calculated through gradient 

boosting algorithm. The proposed method is non-intrusive and could be efficiently 

carried out online. The accuracy of the approach is evaluated on historical ERCOT 

wind power ramp events and compared with existing ensemble aggregation method 

using simple averaging. 

5.1 Introduction 
Grid integration of wind power has been benefited by enhanced short-term 

wind power forecasting that are based on numerical weather prediction (NWP) [84]. 

NWP provides weather condition forecast including wind information which is 

obtained by numerically solving a set of partial differential equations-based 

mathematical models representing the physical principles of atmosphere with initial 

conditions for wind power forecasting systems. Then the output of NWP will be post-

processed by MOS to further match the ground-based observations within the 

atmospheric boundary layer. When applied to short-term wind power forecasting, 

NWP faces two key technical challenges. First, numerically solving partial differential 
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equations can be very computationally intensive [85], and meanwhile, the error caused 

by the disparity between the numerical solution and the exact solution of the partial 

differential equations could accumulate over the rolling horizon [86]. Second, these 

partial differential equations are typically conditioned or parameterized by exogenous 

physical processes (e.g., solar radiation, terrain condition, etc.) [87], which introduces 

a variety of inherent uncertainty to the models and prediction results. As a practical 

solution, ensemble forecasting has been utilized to gauge the confidence of forecast by 

accounting for the stochastic nature and inherent uncertainty of atmospheric processes 

[88]. Basically, ensemble forecasting utilizes multiple NWP models and/or by varying 

the physical parameterization or initial conditions of individual models. Particularly, 

probabilistic wind power forecasts could also be produced from ensemble forecasts 

[86]. 

Due to the high computational burden, NWP produces output sporadically. For 

example, the major NWP systems in practice, including GFS and NAM are refreshed 

every six hours [25], and the WRF is run 8 times a day [89]. Most recently, effort has 

been made toward incorporating the hourly-updated RAP NWP for wind forecasting 

through the Wind Forecast Improvement Project II [32]; however, the extreme 

computational expense of numerical experiments prevents its immediate application to 

wind power forecasting. Consequently, during the time period of a few hours when the 

NWP results are yet to be refreshed, the actual wind speed can deviate dramatically 

from the forecasts, especially for wind ramp events. Then, the resulting wind power 

forecasts could have significant error. To deal with this challenging issue, this chapter 

investigates post-processing methods of ensemble NWP for improved wind power 

forecast. 

Several literatures that utilize the state-of-the-art NWP models for wind power 

forecasting have been described in chapter 1 such as ensemble probabilistic wind 

power forecasting models, NWP based wind power re-forecast models, statistical 

feature-based NWP adjustment models, data mining approach based short-term wind 

power forecasting adjustment models, etc. Wind power forecasting that utilizes 
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ensemble NWP and prognosis of forecast uncertainty has also been proposed in 

reference [90].  

Different from existing work, this chapter is focused on the critical time 

window (1-3 hours ahead of impending wind power ramps) while refreshed NWP 

results are not available and utilizes real-time weather measurements to improve the 

forecast of ensemble NWP models. Based on our observations from the ERCOT’s 

STWPF wind power forecast error described in chapter 2, we realize that the real-time 

observation data should be used to improve the ensemble forecast results. And all the 

output data of several NWP models that we used in this chapter to develop the 

ensemble model is from the WRF model based real-time ensemble weather prediction 

system described in chapter 2. 

5.2 Scoring NWP models 
Since we have known from observation conclusion of chapter 2 that different 

scheme-based NWP models may have different forecasting errors on predicting wind 

speed, scoring the NWP models about how well their forecasts match the Mesonet 

wind speed measurements becomes the first necessary step of the proposed approach 

for significantly reducing wind power forecast error. And this can be easily measured 

by the model’s forecasting error. 

However, one tricky issue arises that the wind speed measurements are 

collected at 33 ft (10 m) while the output of NWP does not contain data for 33 ft (10 

m). To circumvent this situation, the sample correlation coefficient between the NWP 

and the wind speed measurements could be utilized instead; this is plausible since in 

the example in Figure 2.14, it has been seen that correctly predicting trend is of top 

priority for wind ramps. Figure 5.1 shows the centered and normalized wind speed 

data of two NWP models, in comparison to the wind speed measurements for one 

Mesonet site during a 4-hour time window (10 PM, May 28th – 1 AM, May 29th, 

2015). Note that the 4-hour time window is immediately ahead of the large down ramp 

event occurred from 2 AM to 6 AM, May 29th which can be seen in Figure 2.10 

which shows the time lead of Mesonet wind speed measurements to the wind power 

production in that region. 
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Figure 5.1 Sample correlation coefficient-based score 

From the Figure 5.1, we can see that the model ‘Boulac’ predicts the wrong 

trend, resulting in a low correlation coefficient of -0.884, while the model ‘QNSE-

EDMF’ matches the measured wind speed very well with a correlation coefficient as 

high as 0.935. Indeed, the model ‘QNSE-EDMF’ correctly predicts the trend in the 

wind speed for the following down ramp, which can be clearly seen from Figure 2.14 

in chapter 2. With this insight, the NWP models could be scored as follows. 

Specifically, let 𝒘 = 𝜔 ( ), ⋯ , 𝜔 ( )  be the wind speed 

measurements at the 𝑛-th (𝑛 = 1, ⋯ , 𝑁) Mesonet site within a time window of size 𝑇 

that is immediately ahead of the forecasting time instant 𝑡. Let 𝑢  and 𝜎  denote the 

sample-based mean and standard deviation of the wind speed measurements of the 𝑛-

th Mesonet site. Then, the centered and normalized wind speed measurements are 

given by: 

𝒚 =
𝒘

√
                                                     (5.1) 

The sample correlation-based score of the 𝑘 -th (𝑘 = 1, ⋯ , 𝐾)  NWP model 

𝒇 (∙) is given by: 

𝑠 = 𝒚 𝒇 (𝑥 , 𝑡)                                             (5.2) 
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Where 𝒇 (𝑥 , 𝑡) is the centered and normalized wind speed by the 𝑘-th NWP 

model for the geographical location 𝑥  (the latitude and longitude) of the grid cell that 

covers the 𝑛-th Mesonet site. It can be seen that 𝑠 ∈ [−1,1], and a score of 1 

indicates the 𝑘-th NWP model perfectly matches with the 𝑛-th Mesonet measurements 

in its trend. Note that one NWP model would have totally 𝑁 scores by the 𝑁 Mesonet 

sites. 

5.3 An additive ensemble model 
Generally, ensemble forecasting methods combine NWP models to produce a 

more accurate point forecast. One such approach is by model averaging [91], which 

may simply adopt equal weights for averaging or by following a certain criterion, e.g., 

Akaike’s information criterion and Bayes’ information criterion, for averaging. In this 

proposed approach, by leveraging the well-posed sample correlation coefficient-based 

scores, an additive ensemble model as a weighted combination of the NWP models is 

developed as follows: 

𝑭 (𝑥) = ∑ 𝑎 𝒇 (𝑥)                                          (5.3) 

Where 𝑎  is the weight for the 𝑘-th NWP model, 𝑥 is the geographical index of 

the grid cell to be forecasted for. For brevity, the time index 𝑡 is omitted from here on. 

Intuitively, the weights 𝑎  should be higher when the scores of the 𝑘-th NWP model 

on all the 𝑁 Mesonet sites are all high. Then, the objective boils down to finding the 

weights 𝑎  for an optimal additive ensemble model 𝑭 (𝑥), which could be quantified 

by the following aggregate score by all the 𝑁 Mesonet sites: 

𝑆 = ∑ 𝒚 𝑭 (𝑥)                                          (5.4) 

With this insight, to find the weights 𝑎  could be casted as an ensemble 

learning problem under supervised learning framework, with the following aspects: 

1) Weak learner: Each NWP model constitutes a weak learner. A weak learner 

produces wind speed forecasts for any location within the region. The weak learner are 

to be combined in an additive manner as in (5.3) towards obtaining a strong learner 

that produces more accurate forecasts. 
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2) Meta supervisory data: The wind speed measurements from the Mesonet 

sites comprise the meta supervisory data. Specifically, each individual Mesonet forms 

a ‘training data point’. The wind speed measurements within the time window of  𝑇 of 

a Mesonet site is used to score the weak learners. The score of a week learner (an 

NWP model) on a training data point (a Mesonet site) is given by (5.2). It can be seen 

from (5.2) that the score of the weak learner takes values in [−1,1].  A higher score 

indicates that the weak learner performs better on the training data point, in the sense 

that the forecast produced by the NWP model has a higher correlation with measured 

wind speed and thus correctly captures the trend for wind ramps. The scoring scheme 

is designed in analogy to the scores of binary classification models in supervised 

learning, in which a binary classification model scores 1 when its classification result 

matches the label of a training data point. 

3) Strong learner: The strong learner is obtained from the additive model of the 

weak learners, as shown in (5.3). The additive coefficients, i.e., the weights of the 

weak learner, could be obtained through an ensemble-learning procedure using the 

training data points from Mesonet sites. Then, the strong learner as the additive model 

could be used to ‘generalize’ wind speed forecasts for any location (particularly for the 

wind farm locations) of the region. Further, the produced wind speed forecast is 

expected to be more accurate than the one produced by individual weak learners 

(NWPs). 

5.4 An ensemble learning method 

The objective is to build an additive ensemble model from the 𝐾 ‘weak’ NWP 

models, by using available 𝑁  ‘training data points’ from the 𝑁  Mesonet sites. The 

framework is illustrated in the following Figure 5.2. Particularly, the score of the 𝑘-th 

‘weak’ model on the 𝑛-th ‘training data point’ is given by 𝑠  in (5.2) which takes 

value in [−1,1] . The weights 𝑎  of each ‘weak’ model could be obtained by 

minimizing a well-defined cost function. 
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Figure 5.2 Ensemble learning of NWP models 

5.4.1 A surrogate cost function 
Based on the score function defined in (5.2), the following surrogate cost 

function parameterized by the weights 𝕒 could be adopted: 

𝐶 (𝑭 ; 𝕒) = ∑ 𝑑 log 1 + 𝑒 𝒚 𝑭 ( )                        (5.5) 

Where 𝑑 =  is the data weight. The above cost function is adopted since 

log 1 + 𝑒 𝒚 𝑭 ( )  acting as an upper bound for −𝒚 𝑭 (𝑥)  (see Appendix B). 

Therefore, minimizing 𝐶 (∙)  forms a well-posed problem towards obtaining an 

additive ensemble model that has a high score on the ‘training data points’ of the 

Mesonet sites. Further, it is easy to see from (5.5) that the function is convex, 

continuous, and Lipschitz differentiable w.r.t. to 𝑭 (𝑥) (see Appendix B). Therefore, 

according to Theorem 1 of reference [92], 𝐶 (∙) could be efficiently minimized in a 

gradient descent (gradient boosting) manner. 

5.4.2 Weights 
An iterative gradient-descent method similar to that in reference [93] could be 

adopted to solve for the weights 𝑎 . Specifically, for the 𝑘-th step (𝑘 = 1, ⋯ , 𝐾) of 

the iterations, an NWP model 𝒇  is chosen so that it is closest to the negative gradient 

of 𝐶  at 𝑭 , i.e., −∇𝐶 (𝑭 ). Further, the weight 𝑎  is solved for, as the ‘step 

size’ for the corresponding ‘gradient’ 𝒇 , by minimizing 𝐺 (𝑎) ≜ 𝐶 (𝑭 + 𝑎𝒇 ). 



Texas Tech University, Xiaomei Chen, May 2021 

64 

Then the NWP model 𝒇  is added to 𝑭  to obtain the additive ensemble model of 

the 𝑘 + 1-th step, i.e., 𝑭 = 𝑭 + 𝑎 𝒇 . More specifically, 𝑭  for 𝑘 = 1 is set to 

zero. The closeness of 𝒇  to −∇𝐶 (𝑭 ) could be quantified by the following inner 

product between them: 

〈𝒇 , −∇𝐶 (𝑭 )〉 = ∑
𝒚 𝑭 ( )

                   (5.6) 

Further, if 〈𝒇 , −∇𝐶 (𝑭 )〉 > 0  holds, there exists a unique 𝑎 ∈ ℛ  that 

minimizes 𝐺 (𝑎) (see Appendix B), which is achieved at 𝐺 (𝑎) = 0, which could be 

easily solved by using numerical methods. It is possible that 〈𝒇 , −∇𝐶 (𝑭 )〉 < 0, 

i.e., even the best one among the remaining 𝐾 + 1 − 𝑘 models contributes negatively 

to the present additive model, then, 𝑎  would be negative, which can also be 

numerically solved. 

5.4.3 Scaling weights 
The additive ensemble model in (5.3) is obtained by additively combining the 

weak learners according to their weights. It is noted that in classic binary classification 

problems, scaling the voting weights will not change the classification result (as the 

classification decision is made by inspecting the sign of 𝑭 ); however, the additive 

ensemble model in (5.3) in this work is used to produce wind speed forecasts, and thus 

the scales of the voting weights would have significant impact over the forecasting 

results. Therefore, an additional post-processing step is necessary to augment the 

output of the additive ensemble model. Specifically, a scaling factor 𝑎  is applied to 

the additive ensemble model, and it is found by minimizing the mean squared error 

between all the individual NWP models, as follows: 

𝑎∗ = 𝑎𝑟𝑔 min ∑ (𝑎 𝑭 (𝑥) − 𝒇 (𝑥))                       (5.7) 

Where 𝑥 is the data of wind speed forecast within the time window of 𝑇 for an 

individual wind farm. 
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5.4.4 Training data weights 
For improved wind power forecasting performance, it could be necessary to 

train an additive ensemble model for each individual wind farm. One feasible method 

is to adapt the weights of the training data points, 𝑑 , for each wind farm.  

For a wind farm, the wind speed measurements from the Mesonet sites in 

proximity would be of higher values than those from remote Mesonet sites. With this 

insight, distance-based data weights could be adopted: 

𝑑 =
𝚾 𝚾

                                                (5.8) 

Where 𝚾  and 𝚾  are the geographical coordinate (the latitude and longitude) 

of the 𝑛-th Mesonet site and a wind farm, respectively, 𝑍 is a normalizing constant 

such that ∑ 𝑑 = 1, and 𝛾 (𝛾 > 0) is a control parameter that tunes the effect of 

the distance 𝚾 − 𝚾  on the data weight 𝑑  (particularly, when 𝛾  is much 

smaller than distance, the data weights tend to be equal; and when 𝛾  is much larger 

than distance, the data weights tend to be inversely proportional to distance).  

Similarly, correlation-based data weights could also be adopted by using the 

correlation of the wind speed measurements of Mesonet sites to wind power 

production of wind farms: 

𝑑 =
𝒚 𝑷

                                                (5.9) 

In which 𝒚  is normalized wind speed measurements, 𝑷  is wind farm power, and the 

parameter 𝑍 and 𝛾 are similar to that of the distance-based data weights. 

5.5 Numerical experiment 
In order to do numerical experiment of the proposed method, the hourly wind 

power data from ERCOT for 135 wind farms within the region covered by the 86 

Mesonet sites of the year 2015 and corresponding hourly wind speed measurements of 

Mesonet sites are used as illustrated in chapter 2. The re-analysis output data of NWP 

is obtained from the eight physical schemes of WRF-ARW that covers the same 

geographical region with a grid cell size of 3 km-by-3 km and refreshing data every 3 
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hours. The NWP data is transformed to a Mesonet site or an ERCOT wind farm by 

using the latitude and longitude information of grid cells that contain the location and 

also interpolated for the hub height of turbines. Then the wind speed forecast produced 

from the NWP models can be mapped to wind power forecast for a wind farm or a 

region by using the wind farm power curves constructed in chapter 2. All the data 

information can be found through chapter 2. 

5.5.1 Test results for a single wind farm 
The proposed methods are applied to the 2015 data of the wind farm 

‘BRISCOE’ which contains 81 units and is rated at 150 MW. There were 1,523 

instances of wind power ramp events that had an hourly change of 22.5 MW (i.e., 15% 

of its rated capacity). Table 5.1 summarizes the test results. Two benchmark methods 

as the current practice or state-of-the-art are considered: 1) a single NWP model, and 

2) a simple average of the ensemble (noted as ‘Ensemble-Ave’ in Table 5.1). The 

single NWP model is chosen as the physical scheme ‘YSU’ which turned out to be the 

best among the ensemble in the test. Three proposed methods are also tested, which 

are with equal data weights, distance-based data weights, and correlation-based data 

weights (noted as ‘Proposed-ED’, ‘Proposed-DD’, ‘Proposed-CD’ respectively in 

Table 5.1). The control parameter 𝛾 is set to 0.735 which is the inverse of the standard 

deviation of the Mesonet coordinates for the method ‘Proposed-DD’, and to 1.863 

which is the inverse of the mean correlation coefficient for the method ‘Proposed-CD’. 

Then, the normalized parameter 𝑍 are calculated accordingly.  

Since the forecast results of wind power ramps are real numbers, the predictive 

accuracy of the proposed methods can be measured by assessing the difference 

between the forecasted value and the observed value. Then, some widely evaluation 

metrics in wind industry such as mean absolute percentage error (MAPE), mean 

absolute error (MAE) and root mean square error (RMSE) are used for measuring the 

forecast error. They are calculated by using following formulas [11, 94, 95]: 

𝑀𝐴𝑃𝐸 = ∑
( ) ( )

( )
                                     (5.10) 
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𝑀𝐴𝐸 =
∑ | ( ) ( )|

                                         (5.11) 

𝑅𝑀𝑆𝐸 =
∑ ( ( ) ( ))

                                    (5.12) 

Where, 𝑁 is the number of prediction points, 𝑦(𝑡) is the forecasted value at the 

time instant 𝑡, and 𝑦(𝑡) is the observed value. 

Table 5.1 Wind power ramp forecast error for wind farm ‘BRISCOE’ 

 MAPE MAE RMSE 

Single NWP 13.12% 6.84MW 8.96MW 

Ensemble-Ave 10.33% 4.97MW 6.33MW 

Proposed-DD 9.16% 4.52MW 5.35MW 

Proposed-ED 9.12% 4.46MW 5.16MW 

Proposed-CD 9.09% 4.41MW 5.07MW 

From the results of the above Table 5.1, we can see that the ensemble methods 

significantly outperform the single best NWP model, and all the three methods have 

comparable improvement over the state-of-the-art method ‘Ensemble-Ave’. 

5.5.2 Test results for a region 
Among the 135 wind farms, 97 wind farms that have correlation coefficients of 

0.6 or above with at least four Mesonet sites in the year 2015 data are selected for 

testing the proposed methods. This selection is to ensure that the training data points 

formed by the Mesonet sites are sufficient and pertinent to the produced forecasting 

model for the selected wind farms. The proposed methods are tested on 852 large 

ramp events that has an hourly wind power ramp of 1,000 MW and above, including 

453 up ramps and 399 down ramps. The results of forecast error in MAPE are 

summarized in Table 5.2 with breakdown into up ramps and down ramps.  

Table 5.2 Regional wind power ramp forecast error (in MAPE) 

 
Single 
NWP 

Ensemble-
Ave 

Proposed-
DD 

Proposed-
ED 

Proposed-
CD 

Overall 15.26% 12.61% 10.84% 10.95% 10.65% 
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Up ramps 15.34% 12.64% 10.66% 10.78% 10.72% 

Down 
ramps 

15.17% 12.58% 11.04% 11.14% 10.57% 

Further, it is noted that the proposed methods utilize the real-time weather 

measurements in a time window to calculate the score according to (5.2). Thus, it 

would be interesting to investigate the impact of the duration of consecutive ramps on 

the accuracy of the proposed methods. The breakdown of wind power ramps by 

duration and the results on forecast error with regard to the ramp duration are 

illustrated in Figure 5.3. For brevity, the up ramp and down ramp events are plotted in 

the same figure.  

 

Figure 5.3 (a) Histogram of large wind power ramp by ramp duration (- for down 
ramps and + for up ramps), (b) Forecast error of Proposed-CD w.r.t. ramp duration 

Specifically, in Figure 5.3, a duration of ‘-5’ indicates that a large down ramp 

occurs after four consecutive hour of wind power reduction. It can be seen that the 

large wind power ramp events are concentrated in the range of duration of 2-5 hours. 

Further, the proposed methods perform slightly better for wind power ramps with 

longer duration. This is because the longer the wind ramp has been, the more 
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trustworthy the correlation-based score is and thus the more accurate wind power 

ramp forecast is. 

5.6 Conclusion 
Meso-scale weather measurements contain pertinent information regarding the 

change of wind speed and wind power. Despite that NWP may have already 

incorporated these data into their input, the relatively low refreshing rate makes the 

most recent measurements not used by these models in a timely manner. In this 

chapter, an innovated method for weighted averaging of ensemble weather predictions 

according to their scores evaluated from the correlation with real-time measurements 

is developed. And further three different methods based on this ensemble model are 

proposed which differ on their training data weights adaption for each wind farm. And 

the forecast errors of hourly wind power ramp values for both single wind farm and 

regional wind farms have been measured by using three error metrics for prediction 

including MAPE, MAE and RMSE. The evaluation results of all the three proposed 

methods and two benchmark models show the better performance of all the proposed 

approaches. And finally, the impact of duration of wind power ramps on the 

forecasting accuracy of proposed methods has also been investigated which indicates 

better forecasting performance of the proposed methods for wind power ramps with 

longer duration. 
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CHAPTER VI 

CONCLUSIONS AND FUTURE WORK 

This chapter gives the summaries of the research work presented in this 

dissertation and outlooks the potential future work of wind power ramp forecasting. 

6.1 Conclusions 
This dissertation focuses on regional wind power ramp forecasting because of 

increasing integration of wind power into grid in recent years which would causes 

significant large wind power ramp events in large scale wind power integrated system. 

This would pose a big challenge for stable and secure operations of wind power 

system, wind generation and market management. Thus our work utilizes the multiple 

sources of real-time measurements from the Mesonet sites and wind farms to realize 

more accurate and timely wind power ramp forecast both on the classified ramp levels 

and real ramp values to support decision making of power systems. 

First, the multivariate logistic regressive model has been developed based on 

individual multinomial logistic regression for probabilistic forecasting of wind power 

ramp ordinal levels. Before the forecasting, multiple ordinal labels for wind power 

ramps in different ranges have been designated for level forecasting. This is a useful 

part in real-world application to determine the severe degree of the wind power ramp 

which can be useful information to help system operators make quick responses. Then 

the combined method of the individual regression models has been proposed which is 

a weighted voting scheme to minimize the probability forecast skill score. The 

forecasting accuracy of this method is validated by comparing with benchmark 

approaches and state-of-the-art machine learning methods which proves its 

comparable effectiveness. 

The second method is also focused on predicting the ordinal level of wind 

power ramp events whereas it improves the forecast accuracy relative to the proposed 

method 1 by exploiting the Mesonet data correlations. The sparse PCA-based data 

fusion and feature extraction method has been used for providing primary information 



Texas Tech University, Xiaomei Chen, May 2021 

71 

for the logistic regressive forecasting model. Then this method has been evaluated and 

verified to achieve better performance than the proposed method 1 and all other 

benchmark methods by real-world data testing. 

Additional to the ordinal level forecasting of wind power ramp, actual value 

forecasting of wind ramp is also important. Thus the additive ensemble learning model 

based on several NWPs has been proposed which resolves the forecasting accuracy 

problem and low refreshing rate problem of individual NWP model for improved wind 

power ramp forecasting. This model also maintains its satisfied forecasting 

performance because of the real-time measurements from Mesonet sites for 

supervising the model weights. And further the model is adjusted with training data 

for each wind farm to match individual wind farm correlation with wind speed 

measurements from Mesonet sites. This method is non-intrusive, in the sense that it 

does not modify the output of individual NWP, which has great potentials to be 

adopted in applications. The forecasting performance of the three methods based on 

different training data weights assignment approaches have been assessed by error 

metrics and compared with existing ensemble methods which reveal their 

improvement and effectiveness for regional wind power ramp forecasting. 

6.2 Future work 
As we have known that the wind speed measurements from Mesonet sites are 

dispersed and highly correlated in the forecasted region, it would be more feasible to 

utilize these characteristics to incorporate those data with different weights to further 

improve the wind power ramp event forecasting in regional scale. For example, the 

wind speed training data from Mesonet sites in vicinity which have higher values than 

remote Mesonet sites should be given higher weights. And since the logistic model 

can provide probabilistic prediction of the wind power ramp event, maybe we can 

produce the probabilistic distribution of the regional wind power ramp event for each 

level. 

It is worth noting that although the presented numerical results from the 

proposed ensemble model are focused on hourly wind power ramp forecast, the 

proposed method can also be used for wind power ramp forecasting at higher time 
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resolutions. This is because the Mesonet real-time measurements are at 1-minute or 5-

minute timescale. Since the ensemble model is based on the NWP models created 

from the same WRF-ARW model with different physical schemes, it is also worth 

being investigated to utilize NWP models from different systems. Further, the ever-

lasting expansion of the Mesonet system would enable wind power ramp forecast for 

more extended regions. Combination of the regional wind power ramp level 

forecasting results and ensemble model-based wind power ramp value forecasting 

results can also be considered to adjust the forecasting results more accurately. 
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APPENDIX A 

ERCOT WIND FARMS GROUP 

 
Figure A.1 ERCOT Wind farms group 
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WIND SPEED MEASUREMENTS 

1) Measurements from Mesonet site ‘ABER’ on January 1st, 2015: 

 

Figure A.2 Example of Mesonet data 

The order that the parameters appear in the above data is as following file 

format: 

Array ID (1), Julian day, local standard time, station ID, 10-meter wind speed 

scaler (m/s) (1-minute or 5-minute average of 3-sec samples), 10-meter wind speed 

vector, 10-meter wind directions (degrees), 10-minute wind direction STD deviation, 

10-meter wind speed STD deviation, 10-meter wind speed peak 3-sec wind gust (m/s), 

1.5-meter temperature (degrees C), 9-meter temperature, 2-meter temperature, 1.5-

meter relative humidity, station pressure (mb), rainfall (inches), dewpoint (degrees C), 

2-meter wind speed (m/s); 

Array ID (2), Julian day, local standard time, station ID, natural soil 

temperature-5 cm (degrees C), natural soil temperature-10 cm, natural soil 
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temperature-20 cm, bare soil temperature-5 cm, bare soil temperature-20 cm, water 

content reflectometer-5 cm depth (%), water content reglectometer-20 cm depth, water 

content reflectometer-60 cm depth, water content reglectometer-70 cm depth, leaf 

wetness sensor (%), battery voltage (V), program signature. 

2) 5 minute and hourly wind speed data (MPH) from ERCOT wind farms 

on May 27th and 1st, 2015: 

 

Figure A.3 5-minute wind speed data in mph from ERCOT wind farms 

 

Figure A.4 Hourly wind speed data in mph from ERCOT wind farms 
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WIND POWER DATA FROM ERCOT IN THE YEAR 2015 

1) 5-minute wind power data for each wind farm in ERCOT region: 

 

Figure A.5 5-minute wind power data from ERCOT wind farms 

2) Hourly wind power data for each wind farm in ERCOT region: 

 

Figure A.6 Hourly wind power data from ERCOT wind farms 
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APPENDIX B 

B.1 Surrogate cost function as an upper bound to the negative score 

function: 

When the score function is positive, i.e., −𝒚 𝑭 (𝑥) ≤ 0, it holds that 

−𝒚 𝑭 (𝑥) ≤ 0 ≤ log 1 + 𝑒 𝒚 𝑭 ( )                           (B.1) 
Further, when the score function (as a sample correlation coefficient) is 

negative, i.e., −𝒚 𝑭 (𝑥) > 0, it holds that 

−𝒚 𝑭 (𝑥) ≤ 1 ≤ log 1 + 𝑒 𝒚 𝑭 ( )                           (B.2) 
B.2 Convexity and differentiability of 𝑪𝑵(∙): 

The convexity and continuity of 𝐶 (∙) follows those of the logistic function 

log (1 + 𝑒 ). The gradient of 𝐶 (∙) is given by  

∇𝐶 (𝑭 ) = − ∑
𝒚

𝒚 𝑭
                           (B.3) 

Further, let 𝑭  and 𝑭  be two additive models of the ensemble, and the 

difference of their gradients is given by 

‖∇𝐶 (𝑭 ) − ∇𝐶 (𝑭 )‖

≤
1

𝑙𝑛2
𝑑

𝒚

1 + 𝑒 𝒚 𝑭 ( )
−

𝒚

1 + 𝑒 𝒚 𝑭 ( )

≤
1

𝑙𝑛2
𝑑 ‖𝒚 ‖ ‖𝒚 𝑭 (𝑥 ) − 𝒚 𝑭 (𝑥 )‖

≤
1

𝑙𝑛2
𝑑 ‖𝒚 ‖ ‖𝒚 𝑭 (𝑥 ) − 𝒚 𝑭 (𝑥 )‖

≤
1

𝑙𝑛2
‖𝑭 − 𝑭 ‖  

The above inequalities utilize that ‖𝒚 ‖ = 1 according to (5.1) in chapter 5, 

and that the logistic function is Lipschitz continuous with a Lipschitz constant of 1. 

Therefore, it can be seen that 𝐶 (∙)  is Lipschitz differentiable with a Lipschitz 

constant of 𝑙𝑛 2. 

B.3 Uniqueness of 𝒂 that minimizes 𝑮𝒌(𝒂): 
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It can be seen that 𝐺 (0) = −〈𝒇 , −∇𝐶 (𝑭 )〉. Further, 

𝐺 (𝑎) = ∑
‖𝒇 ( )‖ 𝒚 𝑭 ( ) 𝒇 ( )

𝒚 𝑭 ( ) 𝒇 ( )
                 (B.4) 

Thus, 𝐺 (𝑎) > 0  for any  𝑎 ∈ ℛ . Therefore, if 𝐺 (0) < 0 , there exists a 

unique 𝑎 ∈ ℛ  that minimizes 𝐺 (𝑎) at 𝐺 (𝑎) = 0. On the other hand, if 𝐺 (0) > 0, 

there exists a unique 𝑎 ∈ ℛ  that minimizes 𝐺 (𝑎) at 𝐺 (𝑎) = 0. 

 


