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Variable electrical generation (VG) sources such as wind farms are an 

increasing percentage of total electrical generation in the Bonneville Power 

Administration (BPA) balancing area and are starting to impact the ability of the 

regional balancing authority to control the electric grid.  Wind farms are not 

dispatchable and challenge historical electric grid control methods.  Successful 

integration of VG at high penetration levels of wind needs to address increased overall 

system variability and the rapid power ramp rates caused by wind.  One of the new 

control paradigms needed is accurate wind speed prediction which directly relates to 

wind farm power output.  With an accurate wind speed forecast other generation 



 

 

sources can be dispatched as needed to ensure grid stability.  This work uses BPA 

metrology station (MS) data to make predictions for short-term wind speed where 

short-term is defined as a one hour prediction horizon.  It is shown that, using the 

available metrology station data and several different prediction methodologies, only 

small improvements in short-term wind speed prediction can be achieved with the 

available data for the algorithms analyzed. 
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Methods for Short-Term Prediction of Wind Speeds in the Pacific Northwest 

Columbia Gorge Wind Farm Region 

Introduction 

 The need for accurate wind prediction for electric grids with installed wind 

farms is discussed and economic and security issues are introduced.  Unique 

conditions for the BPA control region are identified and discussed.  It is shown that 

grid security and economics drive the need for improved wind forecasts where 

security, in reference to electric power grids, refers to maintaining a functioning 

system under all operating conditions. 

Surface wind prediction methods are explained and compared.  The difficulty 

of comparing results from different model in published literature is explained.  The 

prediction techniques that are explored in this thesis are examined in greater detail and 

previous research performed at Oregon State University (OSU) is discussed. 

Metro station data from thirteen BPA weather stations are evaluated to identify 

parameters that might be predictive of local wind speed. These parameters are 

evaluated using three ARMA techniques to determine if models can be found that 

improve the accuracy of short-term wind speed predictions.  The comparison model is 

a persistence model and the results of this work show that small improvements to a 

persistence model can be achieved using available metro weather station data. 
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Literature Review 

 This section presents an overview of a basic wind farm design and then 

discusses issues associated with integrating a wind farm into an electric grid.  

Atmospheric wind generation and the role of wind prediction are discussed.  A 

summary of prediction techniques is presented and includes relevant Oregon State 

University wind prediction research. 

Overview of Wind Farm Design 

Wind Farm Basics 

 Extracting energy from the wind has been done since ancient times [1].  

Modern society is adding a new dimension by extracting wind power using an array of 

wind turbines, called a wind farm, and converting it into electrical power [2].  There 

are several good references for wind turbine operation [3][4][5].  The following 

provides a basic overview of wind turbines and farms.  A simple wind turbine is 

shown in Fig. 1.  Adjustable parameters in a wind turbine system include yaw 

(rotation about z-axis), and pitch (blade angle) controls that are used to optimize 

energy production and protect the system in extreme wind events that exceed the 

design ratings of the turbine system.  Commercial wind turbines have a hub height 

(tower height) of 80 to 100 meters, blade lengths of 60 to 80 meters, and 850 kW to 3 

MW name plate capacity [6].  A typical wind farm consists of an array of widely 
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spaced generator units.  Wide spacing between turbine towers is needed to ensure 

upwind turbines do not create turbulence for downstream turbines and to maximize 

aggregate wind farm power extraction [7][8]. 

 
 

Fig. 1: Simplified wind turbine cutaway [9]. 
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An example of turbine space at a wind farm is shown for Biglow Canyon wind farm as 

seen in Fig. 2.  The space between towers may still be used for farming and ranching.  

Wind turbines have a non-linear power output curve as shown in Fig. 3.  There is a 

minimum cut-in wind speed that is needed before power is produced.  Output power 

ramps with wind speed to rated power output.  Between rated output wind speed and 

cutout wind speed, power output is constant and controlled by blade pitch and power 

electronics.  Above the maximum speed turbine damage is likely to occur and the 

blades are turned out of the wind and no power is generated. 
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Fig. 2: Wind turbine layout for Biglow Canyon wind farm in Oregon [10]. 
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Fig. 3: Generic wind turbine power curve [7]. 

 

Technical Considerations for Wind Farm Wind Prediction 

A wind farm installation must meet a multitude of constraints before 

construction can begin.  The constraints are primarily of environmental, political, 

national defense, social, economic, and technical in nature.  This work addresses some 

of the technical issues related to wind farm integration.  In order to successfully 

integrate wind farms the existing electric grid must have sufficient installed generation 

capacity to respond to wind events and there must be sufficient electrical power ramp 

rate capability so that rapid changes in wind farm output does not disrupt grid 

operation.  A control area sensitivity to wind events is a function of generation mix 
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and thus unique to each control area.  Therefore there is no industry standard that 

defines a wind event although several journal articles provide general definitions 

[11][12].  In the simplest terms it merely refers to sustained wind ramps either up or 

down that materially impact grid operation.   This thesis will discuss integration issues 

in relation to wind prediction, specifically geographic location and integrating wind 

farms into a balancing area. 

A well designed wind farm is sited in a geographic location that has consistent 

wind above the minimum cut-in speed for the proposed wind turbine [13].  Such 

locations are generally open planes, geographic features that focus wind, such as the 

Columbia Gorge in the Pacific Northwest, and shallow depth off-shore locations [13].  

Fig. 4 shows the location of wind farms in eastern Oregon and Washington state [14].  

They are predominantly located near the eastern edge of the Columbia Gorge.  The 

gorge winds are generally easterly or westerly and are funneled through the gorge 

creating high, sustained winds [15]. 
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Fig. 4: Current and proposed wind farms in the BPA balancing area as of 5/6/2011 

[16]. 

 

Accurate wind speed prediction is necessary to ensure wind farms, 

dispatchable generation and loads are balanced to maintain a stable and secure electric 

grid.  The current method of electric grid operation is based on having a dispatchable 

energy source that can match a variable, but predictable load.  The grid system is 

configured so that on-line generators have the power range to match short term load 

variability.  When load is expected to exceed the power range of on-line generation 

then other generators are dispatched or curtailed as needed.  Predictability is important 

because of the time that is needed to bring on-line additional thermal generators and 

for ensuring an appropriate generator mix is available to match changing wind ramps.  
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For example, it may take 40 to 170 minutes to start a combined cycle steam turbine 

depending time since its last standstill [17].  Gas turbine systems have a faster 

response, but still only have two-thirds capacity available 30 to 40 minutes after the 

start sequence is initiated [17].  Hydro generators can be brought online much quicker 

than thermal generation.  Wind speeds, and thus wind farms, can ramp up and down 

much faster than nuclear and fossil fuel based generation sources.  Hydro generators 

do not have an inherent ramp rate limitation [18] and are therefore well suited for 

adjusting for wind power variability. 

Role of Wind Prediction in Wind Farm Operation 

 This section provides a background into how electric grids operate by 

discussion the role of balancing authorities and wind farm operators.  Resources in the 

BPA balancing area are summarized and there is a short discussion on issues created 

with high wind power penetration. 

Electric Grid Operation 

 Historically an electric grid contains dispatchable generation sources and 

variable loads connected through a transmission and distribution grid.  A balancing 

authority is responsible for balancing generation with load in their control area.  Fig. 5 

shows the balancing areas for western USA.  Control areas are in constant 

communication with each other and transfer power as needed to ensure the whole 
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western grid remains stable.  A goal of the control areas is to dispatch sources as 

economically as possible while maintaining grid security. 

 

Fig. 5: Balancing authorities in western United States. 

 

BPA Control Area 

 The majority of power generation in the BPA control area consists of hydro 

dams on the Columbia River system, the Columbia Generating Station (nuclear power 
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plant), and wind farms.  BPA coordinates with the U.S. Army Corps of Engineers and 

the U.S. Bureau of Reclamation to regulate the flow of the Columbia River.  The river 

flow is determined by the needs of salmon recovery, irrigation, flood control, 

transportation and power generation.  Wind farms are treated as negative loads that 

supply as much power as possible although curtailment order are issued if necessary. 

BPA has control over approximately 22,000 MW of hydro generation [19] and 

2,000 MW of thermal generation (fossil fuel and nuclear).  Installed wind power 

generation capacity is over 4,400 MW [20].  Load, and thus generation, has significant 

cyclical variation such as daily, weekly, and seasonally.  A snapshot of BPA load and 

generation is shown in Fig. 6.  Approximating the data in this snapshot shows load is 

6,000 MW, wind is 1,000 MW, hydro is 13,000 MW, thermal is 1,000 MW and 

interchange is 10,000 MW.   
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Fig. 6: Snapshot of BPA load and generation [21]. 

 

Wind Farm Integration Issues 

 When wind farms are operated as unconstrained negative loads they generate 

multiple issues that the balancing authority must address.  The issues are increased 

load variability, increased power ramp rates, intermittency of generation and increased 

power ramp range [22].  In the BPA region hydro is used to compensate these issues.  

Hydro generators have a response time that can match wind variability [18] and so 
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these issues only become a concern when the installed wind power base approaches 

the available range of hydro generation output. 

Atmospheric Wind 

 This section makes the point that predicting atmospheric events such as wind is 

a difficult problem.  In 1963 Edward Lorenz documented the chaotic nature of weather 

and demonstrated that very small errors in initial conditions make it extremely 

unlikely to have accurate predictions more than two weeks in advance [23].  The most 

accurate predictive technique is to use a numerical weather prediction (NWP) model; 

however, super computers are required to ensure solutions are calculated in a 

reasonable time frame.  The input to NWP models are satellite, radiosone and other 

data that is used to generate the initial model conditions for a three dimensional 

mesoscale atmospheric grid system simulation [24].  Additionally, there are over 10 

reputable NWP models and there is not a single model that is consistently better than 

other models [25].  A graphical representation of NWP modeling is shown in Fig. 7. 
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Fig. 7: Simplified NWP model details [26]. 

 

The atmosphere may be modeled as a thermodynamic system with the earth 

surface as the system boundary.  Also, earth rotation creates an accelerating reference 

frame and Coriolis Effect must be taken into account.   The system is divided into a 

three dimensional grid and the set of system equations are solved for each grid point.  
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The simplest set of equations that describes atmospheric motion are called the set of  

primitive equations [24].  There are five equations and they consist of the horizontal 

equation of motion  

  

  
       ⃗⃗   ⃗⃗   ⃗⃗  (1) 

     

Where    is the geopotential,    ⃗⃗  is the Coriolis force,  ⃗⃗  is the wind velocity vector, 

and  ⃗⃗  is the friction force.  The geopotential at any point in the atmosphere is defined 

as the work that must be done against gravity to raise a mass of 1 kg from sea level to 

that point. 

The hypsometric equation defines the relation between altitude and temperature and is  

 
  

  
 

   

 
 (2) 

 

Where p is pressure, R is the gas constant, and T is temperature. 

The thermodynamic energy equation   

  

  
 

  

 
  

 

  
 (3) 

 

Where   is vertical velocity, J is the adiabatic heating rate,    is the specific heat of 

dry air at constant pressure, and         . 

The continuity equation  
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     ⃗⃗  (4) 

 

The bottom boundary condition 

   

  
   ⃗⃗        

  

  
 ∫ (   ⃗⃗ )  

  

 

 (5) 

 

where    is the boundary surface pressure,  ⃗⃗   is the velocity at the surface,    is the 

geometric vertical velocity at the boundary surface.  This system is sufficient to 

describe a hypothetical water world.  Additional models and equations are needed for 

area specific features such as clouds and orography. This system of equations results 

in a nonlinear system that exhibits chaotic behavior. 

Surface Wind Prediction Techniques 

 Attempts have been made to use less computationally intensive modeling to 

predict surface winds for wind farm sites.  The techniques can be grouped as 1) 

arithmetic moving average which has many variations, such as, auto-regressive 

(ARMA) and adaptive least squares (ALS-ARMA), 2) artificial neural networks 

(ANN), 3) markov chain, 4) support vector machines (SVM), and 5) hybrid.  Hybrid is 

a catch-all for any technique that does not fit into the other categories or is a 

combination of techniques.  There are several recent publications that summarize 

prediction techniques [27][28][29].  Many researchers have determined optimal 
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prediction techniques, but generally the use is restricted to their particular data set 

[29][30][31].  Most models require an expert user for set up and continuous updating 

is needed to ensure the model maintains its validity. 

Relevant OSU Research 

 Previous work at Oregon State University focused on spatially separated MS 

sites and a central wind farm location using a 2009 data set [32].  Four variations of an 

ALS-ARMA model for wind speed prediction and a ramp prediction method using a 

fuzzy inference technique were evaluated.  A further refinement was to only use wind 

data when the wind from a metro site was toward the wind farm location in a ± 30 

degree window.  The metric used to evaluate performance was mean square error 

(MSE) and the comparison was the persistence model MSE for the same data set.  A 

persistence model states that the wind speed at any time horizon in the future is the 

same as the current wind speed. The persistence model is defined in (6). 

 (   )   ( ) (6) 

 

Where  ( ) is the current wind speed. 

The research showed that there is an optimum training length and model order for a 

given prediction interval.  Wind prediction speeds were determined by solving for 

coefficients of the ALS-ARMA equation and then using those coefficients for 

predicting future wind speed.  It was postulated that incorporating additional weather 
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data, such as temperature and pressure into an ARMA model may result in additional 

improvement.  It was also noted that additional study is needed for better ramp 

prediction. 
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Materials and Methods 

Background 

 The main focus of this work is on identifying additional MS parameters that 

can be incorporated into an ALS-ARMA model and determine if they improve wind 

speed prediction.  For wind speed prediction it is not necessary to restrict the data to 

be predicted to a wind farm.  Since complete metro data sets are available from BPA 

weather stations and not from our available wind farm data it was decided to use the 

Roosevelt metro station as the site where wind would be predicted using adjacent 

metro station data.  BPA has 20 MS in the pacific northwest.  The thirteen metro 

stations in the eastern Columbia Gorge region are used in this research.  The data 

consists of one year (2011) of five minute average readings for barometric pressure 

(BP), relative humidity (RH), temperature (T), wind direction (WD), and wind speed 

(WS).  The available metro sites are shown in Fig. 8.  Data is analyzed on a per unit 

basis with Roosevelt data as the base.  Table 1 summarized the basis values.  

Table 1: Roosevelt basis values. 

 Per unit basis 

Barometric pressure (in Hg) 28.825 

Relative Humidity (percent) 111.6 

Temperature (F) 95.1 

Wind Direction (degrees) 360 

Wind Speed (mph) 64.9 
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Since most wind farms are located in the eastern Columbia Gorge region (see Fig. 4), 

the decision was to limit MS data review to Biddle Butte (BID), Augspurger (AUG), 

Hood River (HOO), Seven Mile Hill (SEV), Wasco (WAS), Goodnoe Hills (GOO), 

Shaniko (SHA), Roosevelt (ROO), Horse Heaven (HOR), Chinook (CHI), Sunnyside 

(SUN), Kennewick (KEN), and Butler Grade (BUT). 

 

Fig. 8: BPA metro station locations [33]. 
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BPA Metro Station Data Review 

 The data used is public data published on BPA web site 

http://transmission.bpa.gov/business/operations/Wind/MetData.aspx.  the data requires 

careful pre-processing to ensure missing and unrealistic data is taken into account.  

The time stamp for MS data is consistent for all stations.  Data from some stations are 

not in the same format for the full year.  Some of the data sets are in both five minute 

and ten minute sample intervals, some are in ten minute data and some are in five 

minute data.  Interpolation between ten minute data was done to generate five minute 

data.  Missing data in a series over ten points or more were left as missing (NaN).  If 

there is less than ten NaN in a row then they were interpolated to fill in the data.  The 

data was plotted and reviewed manually for outliers that do not make sense physically.  

The data is in empirical units: BP is “in Hg”, RH is percent, T is Fahrenheit, WD is 

degrees relative to south in a clockwise rotation, and WS is in mph.  Conversion to SI 

units is not done since none of the prediction techniques used in this work require a 

particular unit.  Additionally, all data was normalized prior to evaluation.  The one 

year data is a file of 105120 rows by 66 columns.  Time is from 1/1/2011 8:00 AM to 

1/1/2012 7:55 AM.  The approach for pre-processing the data was to set any suspect 

data to NaN.  The preprocessed dataset has a wide range of missing points as shown in 

Table 2, but even in the worst case 83 percent of data was useable. 

http://transmission.bpa.gov/business/operations/Wind/MetData.aspx
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Table 2: Number of missing data for each site and parameter. 

Metrology 

Site 

Number of missing data out of 105000 points 

BP RH T WD WS 

AUG 0 0 30 114 138 

BID 36 36 34 48 48 

BUT 17680 17675 17678 17675 17675 

CHI 8878 8878 8878 4595 6138 

GOO 6818 6818 6818 4152 4152 

HOO 40 34 34 48 48 

HOR 2659 907 907 921 921 

KEN 116 116 116 116 116 

ROO 587 582 582 596 596 

SEV 6337 6337 6337 3671 3671 

SHA 44 34 34 48 48 

SUN 46 34 34 52 52 

WAS 97 53267 100 97 97 

 

 

Experiment Success Criteria 

 There are several metrics that have been used to evaluate wind prediction 

experiments.  They include, but are not limited to, mean absolute error (MAE), root 

means squared error (RMSE), bias, mean squared error (MSE), standard deviation of 

the error (SDE), and skill scores that look at improvement between different metrics 

[29].  There is currently no consensus on the most appropriate success metric [27][28], 

and MAE was chosen as the metric for this research.  In order to describe a 

distribution, information about the spread of data is also important and statistics such 

as standard deviation, range, minimum/maximum value, and inner quartile range are 



23 

 

 

useful summaries.  This research concentrated on improving the MAE, but the full 

distribution of error was reviewed to ensure that MAE improvements did not result in 

an unacceptable spread in the predicted data. 

A review of persistence MAE calculations shows there is only a small amount 

of improvement that can be obtained for the 5 to 180 minute prediction horizon.  It 

was observed that persistence MAE is sensitive to horizon time and a graph of MAE 

for prediction time horizons from 5 to 180 minutes is in Fig. 9.  The data is in percent 

occurrence versus wind speed per unit (pu) bin.  The persistence error is small for 

short time horizons and gets increasingly worse with increasing prediction horizon 

time.  The frequency of extreme events above 0.4 pu, for 30 to 180 minute horizon, is 

1 to 3 events per year.  Table  provides summary statistic. 
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Fig. 9: Persistence error using Roosevelt metro station wind speed.  Data is 

normalized. 

 

Table 3: Roosevelt summary statistics. 

Prediction 

horizon 

(minutes) 

Mean absolute 

error, MAE 

(pu) 

Maximum 

absolute error 

(pu) 

Standard 

Deviation 

(pu) 

5 0.013 0.23 0.013 

30 0.028 0.41 0.027 

60 0.037 0.45 0.035 

180 0.057 0.56 0.051 
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Adaptive Least Squares Auto-regressive Moving Average 

 This thesis used a two parameter ALS-ARMA so that pressure could be 

evaluated as a predictive parameter for wind speed.  ALS-ARMA is discussed in two 

parts.  First a method for using a single parameter ALS-ARMA is reviewed.  Then a 

method for a two parameter ALS-ARMA is presented. 

The ALS-ARMA method uses a moving historical data range to calculate 

linear coefficients that best describe the historical data.  These coefficients are then 

used to predict the future response.  The general form of the ALS-ARMA single 

parameter equation is in (7).  Historical data is entered into a training equation (8) that 

is solved for coefficients.  The coefficients are used in the iterative prediction 

equations (9a), (9b), and (9c).  The state of the [X] matrix determines what linear 

algebra method can be used to perform the inverse.  Many times [X] is not a square 

matrix and pseudoinverse methods must be used to evaluate the system.  In Matlab 

there are two functions that may be used: PINV([X]) or REGRESS([Y], [X]).  PINV 

does not work if the matrix contains NaN or is singular.  From Matlab help, “X = 

PINV(A) produces a matrix X of the same dimensions as A' so that A*X*A = A, 

X*A*X = X and A*X and X*A are Hermitian. The computation is based on SVD(A) 

and any singular values less than a tolerance are treated as zero”.  From Matlab help, 

“REGRESS performs multiple linear regression using least squares.  B = 

REGRESS(Y,X) returns the vector B of regression coefficients in the linear model Y 
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= X*B.  X is an n-by-p design matrix, with rows corresponding to observations and 

columns to predictor variables”. The dimensions of the matrices are:          

                           . 

           (7) 

 

                     [
  

 
  

] (8) 

 

                  [
  

 
  

] (9a) 

 

                       [
  

 
  

]  (9b) 

 

 

                           [
  

 
  

]  (9c) 

 

Where    are historical wind speeds.      are the best fit coefficents for the training 

data.  Training length determines the number of rows for     and equation order, o, 

determines the number of columns in    .   

There are various ways to include additional parameters.  A convenient method 

is to use an augmented matrix where            becomes 
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  are wind speeds at site where prediction occurs.    

  are any other parameter 

used for wind prediction. 

The iterative prediction equations are given in (11a), (11b), and (11c). 
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The dimensions of the matrices are:                                     .  

The order for each parameter is independent as indicated by the use of    and    

variables in (10).  The     matrix needs to be either invertible or have a pseudo-

inverse for a solution to be obtained.  The details are basic to linear algebra and can be 

found in any graduate level linear algebra text book.  This model can easily be 

extended for additional parameters. 
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Results 

ALS-ARMA Evaluation Using Test Data 

The ALS-ARMA, one parameter model was evaluated using test data 

consisting of the equation 

     (
  

 
 )     (

  

 
  

 

   
)                (12) 

 

The period,          , is two days with five minute sampling interval.  The test 

data roughly simulates a daily wind ramp event.  Fig. 10 and Fig. 11 show how the 

ALS-ARMA prediction model performs for this sinusoidal function.  The persistence 

model MAE is 0.681.  There are several observations that can be made about ALS-

ARMA for this equation.  Sweeping the order parameter shows there is a minimum 

MAE between 5 and 40.  The magnitude of overshoot varies with model order and 

training length.  For all evaluations with order greater than three the ALS-ARMA 

MAE is significantly less than the persistence MAE.  To look more like a wind event 

(12) was modified to have   set to zero whenever the calculated   was less than zero.  

ALS-ARMA ran on this test data gives behavior that results in high absolute errors as 

shown in Fig. 12.  This behavior is similar to response observed with actual wind 

speed data.  These observations only apply to this test data, but show that there can be 

significant numerical error even for relatively simple data sets. 
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Fig. 10: ALS-ARMA evaluation using a sinusoidal function with random noise.  

Training length (tl) is 50.  Model order (o1) = [3, 5, 20, 40]. 

 
 

Fig. 11: ALS-ARMA evaluation using a sinusoidal function with random noise.  

Model order (o1) is 20.  Training length (tl) = [3, 10, 100, 200]; 
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Fig. 12: ALS-ARMA sinusoid with values < 0 set equal to zero. 

 

Weather Station Parameter Evaluation 

 Correlation plots of the available data between all relevant metro stations were 

generated and used to identify parameters that might be relevant for wind speed 

prediction.  Time shifted correlation was also done to identify possible predictive 

parameters using the year 2011 dataset. 

Two new terms are now introduced.  “Self-correlation” which refers to time 

offset correlations between metro parameters for the same metro site and “cross- 
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correlation” which refers to time offset correlations between metro parameters of other 

sites against the reference site which was Roosevelt.  For example, self-correlation of 

WS and BP refers to correlation between current BP and future WS over the one year 

data where future WS is the actual WS at a given time in the future.  Cross-correlation 

is similar, but refers to metro parameters at other sites correlated to future WS at the 

Roosevelt site.  These correlation coefficients provide a rough estimate of whether a 

particular parameter might be useful for predicting wind speed.  Time offset 

correlation is done by generating a matrix of time offset data.  Each column in the 

matrix is shifted by one sample point.  For this evaluation offset was from 0 to 40 time 

steps (0 to 200 minutes).  Correlation coefficients were then calculated for each 

possible column pair. 

   (   )   (   )    (    )   (13) 

 

Where   (   ) is a time-shifted wind speed series. 

In general wind speed at a metro site was found to have the highest correlation 

to future wind speeds at that site.  The other MS parameters BP, RH, T, and WD have 

weak correlation to WS using this technique.  Examples of self and cross correlation 

are shown in Fig. 13 and Fig. 14, respectively.  The values for correlations shown in 

Fig. 13 and Fig. 14 are typical for all self-correlation and cross-correlation data. 

 Table 2, Table 3 and Table 4 provide a list of self-correlation and cross-

correlation coefficients for WS – WS evaluation. 
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Table 2: Self correlation coefficients for wind speed. 

↓Metro Site / 

Horizon→ 

Prediction Horizon (minutes) 

5 10 15 30 60 120 

Roosevelt (ROO) 0.98 0.97 0.96 0.94 0.91 0.84 

Augspurger (AUG) 0.97 0.96 0.95 0.93 0.88 0.81 

Biddle Butte (BID) 0.98 0.97 0.97 0.96 0.94 0.89 

Butler Grade (BUT) 0.99 0.98 0.97 0.95 0.91 0.84 

Chinook (CHI) 0.98 0.975 0.97 0.94 0.9 0.84 

Goodnoe Hills (GOO) 0.95 0.93 0.92 0.875 0.82 0.725 

Hood River (HOO) 0.94 0.93 0.92 0.88 0.84 0.77 

Horse Heaven (HOR) 0.835 0.834 0.832 0.825 0.8157 0.809 

Kennewick (KEN) 0.984 0.983 0.982 0.979 0.977 0.973 

Seven Mile Hill (SEV) 0.875 0.874 0.872 0.871 0.867 0.863 

Shaniko (SHA) 0.99 0.99 0.99 0.98 0.97 0.95 

Sunnyside (SUN) 0.947 0.945 0.945 0.945 0.943 0.942 

Wasco (WAS) 0.94 0.92 0.89 0.84 0.75 0.61 

 

Table 3: Cross-correlation coefficients for wind speed. 

Metro 

Site 

Metro Site Prediction 

Horizon 

(min) 
AUG BID BUT CHI GOO HOO 

ROO 0.470 -0.29 0.54 0.58 0.55 0.57 5 

ROO 0.472 -0.287 0.54 0.59 0.56 0.57 10 

ROO 0.473 -0.288 0.55 0.6 0.57 0.57 15 

ROO 0.479 -0.287 0.56 0.61 0.58 0.58 30 

ROO 0.49 -0.283 0.57 0.64 0.61 0.58 60 

ROO 0.504 -0.277 0.61 0.69 0.67 0.60 120 
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Table 4: Cross-correlation coefficients for wind speed (continued) 

Metro 

Site 

Metro Site Prediction 

Horizon 

(min) 
HOR KEN SEV SHA SUN WAS 

ROO 0.64 0.45 0.31 0.26 0.4 0.3 5 

ROO 0.64 0.46 0.31 0.27 0.4 0.31 10 

ROO 0.64 0.46 0.31 0.27 0.4 0.31 15 

ROO 0.63 0.48 0.29 0.27 0.4 0.33 30 

ROO 0.62 0.51 0.23 0.28 0.39 0.37 60 

ROO 0.60 0.57 0.17 0.29 0.39 0.44 120 

 

 

 

 

 

Fig. 13: Representative graph of self-correlation wind speed-wind speed for Butler 

Grade metro site for time shifted correlation. 
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Fig. 14: Self-correlation between parameters at Roosevelt metro site for time shifted 

correlation. 

 

Roosevelt and Horse Heaven MS have the strongest time shifted cross-correlation and 

are the two sites used for wind speed prediction.  The selected parameters are 

Roosevelt wind speed, Horse Heaven wind speed, and Horse Heaven pressure.  

Correlation plots for ROO-ROO parameters are in Fig. 15.  Correlation plot for (ROO 

WS) – (HOR WS) is in Fig. 16. Correlation plot for (ROO WS) – (HOR BP) is in Fig. 

17. It is evident from these graphs that there is only a weak correlation between these 

parameters. 
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Fig. 15: Roosevelt parameter correlation plots. 
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Fig. 16: Roosevelt to Horse Heaven wind speed correlation plot. 
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Fig. 17: Roosevelt wind speed and Horse Heaven barometric pressure correlation plot. 

 

Predictive Models Evaluated 

 This thesis evaluated the following wind prediction methodologies;  

1) ALS-ARMA incorporating multiple parameters,  

2) persistence, and  

3) simple two parameter ARMA with fixed coefficients. 

It should be noted that there is an infinite variety of prediction algorithms that may be 

developed and a reasonable guideline is to use the simplest algorithm that provides the 
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necessary accuracy.  The correlation evaluation presented above indicates that, of the 

data available for this work, wind speed history is probably the most useful data for 

making wind speed predictions.  Another parameter, pressure, is evaluated even 

though it was not likely to be a good wind speed predictor. 

 

Two Parameter Adaptive Least Squares Auto-regressive Moving 

Average 
 

 The two parameter ALS-ARMA equations, (11a), (11b), and (11c) are applied 

to wind speed and barometric pressure at Roosevelt MS.  Training length and model 

order were varied and evaluation was done over the 2011 metrology dataset.  Table 5, 

Table 6, and Table 7 are summaries of 2011 data over the maximum number of 

useable data points.   
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Table 5: Median average error summary for 2011 data using Roosevelt wind speed 

and Horse Heaven wind speed for ALS-ARMA model with two parameters. 

Two parameter ALS-ARMA model using ROO WS and HOR WS 

Horizon=1 hr 

Order2 = 5 

Training length 

(Persistence median absolute error = 0.0339) 

Order1 3 10 50 100 200 

5 0.0393 0.3143 0.0399 0.0391 0.0383 

10 0.0457 0.0692 0.0429 0.0400 0.0384 

20 0.0374 0.0454 0.0518 0.0428 0.0395 

 

Two parameter ALS-ARMA model using ROO WS and HOR WS 

Horizon=1 hr 

Order2 = 10 

Training length 

(Persistence median absolute error = 0.0339) 

Order1 3 10 50 100 200 

5 0.0373 0.0585 0.0425 0.0402 0.0389 

10 0.0375 0.0506 0.0463 0.0414 0.0389 

20 0.0370 0.0429 0.0582 0.0444 0.0402 

 

Two parameter ALS-ARMA model using ROO WS and HOR WS 

Horizon=1 hr 

Order2 = 20 

Training length 

(Persistence median absolute error = 0.0339) 

Order1 3 10 50 100 200 

5 0.0363 0.0411 0.0500 0.0428 0.0401 

10 0.0367 0.0415 0.0569 0.0445 0.0402 

20 0.0366 0.0401 0.0836 0.0484 0.0417 
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Table 6: Median average error summary for 2011 data using Roosevelt wind speed 

and Horse Heaven pressure for ALS-ARMA model with one and two parameters. 

Two parameter ALS-ARMA model using ROO WS and HOR BP 

Horizon=1 hr 

Order2 = 5 

Training length 

(Persistence median absolute error = 0.0339) 

Order1 3 10 50 100 200 

5 0.0471 0.3183 0.0427 0.0409 0.0393 

10 0.0385 0.2014 0.0465 0.0423 0.0395 

20 0.0362 0.0468 0.0561 0.0456 0.0409 

 

Two parameter ALS-ARMA model using ROO WS and HOR BP 

Horizon=1 hr 

Order2 = 10 

Training length 

(Persistence median absolute error = 0.0339) 

Order1 3 10 50 100 200 

5 0.0469 0.0774 0.0450 0.0416 0.0399 

10 0.0381 0.2012 0.0496 0.0433 0.0402 

20 0.0356 0.0468 0.0617 0.0467 0.0416 

 

Two parameter ALS-ARMA model using ROO WS and HOR BP 

Horizon=1 hr 

Order2 = 20 

Training length 

(Persistence median absolute error = 0.0339) 

Order1 3 10 50 100 200 

5 0.0468 0.0545 0.0522 0.0442 0.0412 

10 0.0379 0.2004 0.0593 0.0462 0.0415 

20 0.0353 0.0463 0.0869 0.0506 0.0433 

 

Table 7: Median average error summary for 2011 data using Roosevelt wind speed for 

ALS-ARMA model with one parameter. 

One parameter ALS-ARMA model using ROO WS 

Horizon=1 hr 

Order2 = 0 

Training length 

(Persistence median absolute error = 0.0339) 

Order1 3 10 50 100 300 

3 0.0725 0.0418 0.0374 0.0384 0.0375 

10 0.0401 0.2065 0.0410 0.0392 0.0367 

20 0.0380 0.0481 0.0486 0.0416 0.0375 
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These tables include the one parameter and two parameter ALS-ARMA results.   Note 

that median average error is reported instead of mean average error (MAE).  The 

reason for this is that the ALS-ARMA calculation is significantly different from the 

actual wind speed data in a few percent of locations and results in a strong skew in 

MAE results.  This type of result was demonstrated with the test data at the beginning 

of chapter 4.  A segment of a 20 point rolling MAE is given in Fig. 18 and shows a 

comparison between typical ALS-ARMA MAE and the persistence model MAE for a 

one hour prediction horizon.   

 

 

Fig. 18: Example of 20 point rolling MAE from a one parameter ALS-ARMA model. 
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Similar results were obtained for the two parameter ALS-ARMA evaluation.  As can 

be seen from the summary statistics in Table 5, Table 6, and Table 7 ALS-ARMA 

does not outperform the persistence model when averaged over the 2011 data set. 

Evaluation of the coefficients of the 1 and 2 parameter ALS-ARMA shows that 

the most contribution to predictions comes from the current wind speed at time ‘n’ and 

time ‘n-1’.  Fig. 19 and Fig. 20 show a typical box plot of one year of coefficients for 

the first and second parameter in a two parameter ALS-ARMA, respectively.   

 

 

Fig. 19: Coefficients for the 1st parameter of a 2 parameter ALS-ARMA.  Term 

definitions: tl – training length, o1 – order of Roosevelt model, o2 – order of HOR 

model, h – horizon.  Beta1 Coefficient 2 through 6 refers to the coefficients  
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Fig. 20: Coefficients for the 2nd parameter of a 2 parameter ALS-ARMA.  Term 

definitions: tl–training length, o1–order of Roosevelt model, o2–order of HOR model, 

h–horizon. 

 

Beta1 of Fig. 19 refers to values in the first column of the coefficient matrix [B] of (7).  

Beta2 of Fig. 20 refers to values in the second column of the coefficient matrix [B]. 

 

Three Parameter Adaptive Least Squares Auto-regressive 

Moving Average 
 

 The simulation was repeated taking wind direction at Roosevelt MS into 

account.  The wind direction rule applied is the same as used in [32].  All the MS were 

evaluated with parameter two (o2) as the remote wind speed and parameter three (o3) 

as the remote barometric pressure.  Parameter one (o1) was wind speed at Roosevelt 

MS.  Table 8 provides a summary of the results.  MAE is improved, but at the loss of 
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useable data.  Only the combinations of tl, o1, o2, and o3 that have a smaller MAE 

than persistence model are reported. 

Table 8: MAE of a 3 parameter ALS-ARMA with wind direction adjustment.  Column 

heading abbreviations: training length (TL), Order1 (o1), order2 (o2), order3 (o3). 

site 

Angle 

(deg)/ 

Distance 

(km) 

Horizon = 1 hour 

TL o1 o2 o3 

MAE 

(ARMA/ 

PERS) 

Std AE 

(ARMA/ 

PERS) 

BID 83/154 3 

10 20 

3 
0.0402/ 

0.0414 

0.0363/ 

0.0403 

7 
0.0411/ 

0.0414 

0.0361/ 

0.0403 

10 
0.0411/ 

0.0414 

0.0361/ 

0.0403 

20 
0.0411/ 

0.0414 

0.0361/ 

0.0403 

20 

7 

7 
0.0411/ 

0.0414 

0.0381/ 

0.0403 

10 
0.0400/ 

0.0414 

0.0379/ 

0.0403 

20 
0.0399/ 

0.0414 

0.0375/ 

0.0403 

10 

3 
0.0399/ 

0.0414 

0.0375/ 

0.0403 

7 
0.0401/ 

0.0414 

0.0374/ 

0.0403 

10 
0.0400/ 

0.0414 

0.0372/ 

0.0403 

20 
0.0399/ 

0.0414 

0.0370/ 

0.0403 

20 

3 
0.0405/ 

0.0414 

0.0368/ 

0.0403 

7 
0.0401/ 

0.0414 

0.0364/ 

0.0403 

10 
0.0400/ 

0.0414 

0.0362/ 

0.0403 
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20 
0.0399/ 

0.0414 

0.0361/ 

0.0403 

GOO 95 / 23 3 20 20 

10 
0.0288/ 

0.0311 

0.0246/ 

0.0265 

20 
0.0288/ 

0.0311 

0.0246/ 

0.0265 

HOO 86 / 100 100 

3 

3 

10 
0.02756/ 

0.0277 

0.0262/ 

0.0370 

20 
0.0264/ 

0.0277 

0.0264/ 

0.0370 

7 

3 
0.0244/ 

0.0277 

0.0281/ 

0.0370 

7 
0.0262/ 

0.0277 

0.0269/ 

0.0370 

10 
0.0271/ 

0.0277 

0.0255/ 

0.0370 

20 
0.0277/ 

0.0277 

0.0269/ 

0.0370 

10 

3 
0.0242/ 

0.0277 

0.0282/ 

0.0370 

7 
0.0251/ 

0.0277 

0.0278/ 

0.0370 

10 
0.025/ 

0.0277 

0.0262/ 

0.0370 

20 
0.0260/ 

0.0277 

0.0263/ 

0.0370 

20 

3 
0.0244/ 

0.0277 

0.0296/ 

0.0370 

7 
0.0268/ 

0.0277 

0.0278/ 

0.0370 

10 
0.0254/ 

0.0277 

0.0268/ 

0.0370 

7 

7 

3 
0.026/ 

0.0277 

0.0285/ 

0.0370 

20 
0.0274/ 

0.0277 

0.028/ 

0.0370 

10 3 
0.0260/ 

0.0277 

0.0290/ 

0.0370 
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7 
0.0275/ 

0.0277 

0.0278/ 

0.0370 

10 
0.028/ 

0.0277 

0.0271/ 

0.0370 

20 
0.0277/ 

0.0277 

0.0286/ 

0.0370 

20 

3 
0.0273/ 

0.0277 

0.0296/ 

0.0370 

10 
0.0271/ 

0.0277 

0.0272/ 

0.0370 

10 3 20 
0.0275/ 

0.0277 

0.0279/ 

0.0370 

SEV 84 / 82 100 

3 3 3 
0.0351/ 

0.0407 

0.0290/ 

0.0400 

7 3 3 
0.0349/ 

0.0407 

0.0294/ 

0.0400 

SHA 29 / 95 10 7 20 

3 
0.0324/ 

0.0465 

0.0324/ 

0.0465 

7 
0.035/ 

0.0465 

0.0421/ 

0.0446 

10 
0.0365/ 

0.0465 

0.0420/ 

0.0446 

20 
0.0377/ 

0.0465 

0.0419/ 

0.0446 

 

 

ARMA Single Parameter with Fixed Coefficients 

 A second order one parameter, ARMA with training length of one is evaluated 

for the 2011 dataset.  Equations (14a) through (14c) are chosen since evaluation of 

coefficients from the ALS-ARMA work indicates that the current, n, and the (n-1) 

wind speed measurements have the greatest influence on predicting future wind speed. 

          (       )  (14a) 



47 

 

 

 

            (       )  (14b) 

        

              (             )  (14c) 

 

 

Fig. 21 shows the MAE for a sweep of   and   parameters.  The optimal range for   

is  

              and for   is -0.75      .  As shown in Fig. 21 the 

improvement in MAE is small.  Adding a third parameter using (15) and a greedy 

function methodology resulted in a   value of 0.04 and the improvement in MAE is 

not significant. 

          (       )   (       )  (15) 
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Fig. 21: Second order ARMA   and   optimization. 

β-coefficient 
α-coefficient 
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Discussion 

 Global warming is occurring due to anthropogenic causes [34].  In order to 

mitigate global warming and sustain the current standard of living into the far future, 

alternative energy sources must be developed.  Wind energy is one such resource.  The 

nature of wind ensures this is a variable generation source and has many issues that 

need to be addressed in order to successfully integrate wind energy into existing 

electrical grid systems.  Among these is the ability to accurately predict wind speed 

which is important for ensuring sufficient dispatchable resources are available in the 

event of a wind ramp event. 

 The BPA service area is unique in that it has a very large hydro energy 

capacity.  Hydro generation has the ability to follow wind energy variability and 

lowers the need for having slower responding energy sources such as coal and nuclear 

readily available for wind power following.  However, additional constraints on hydro 

generation limit the ability to follow all wind variation at high wind power penetration 

levels.  Simulations show grid security issues may occur with a wind power base 

greater than 5000 MW [35].  Therefore accurate wind speed prediction capability is 

becoming more necessary. 

 Research in this work evaluated multi-parameter ALS-ARMA wind speed 

prediction techniques.  The models were applied to the available BPA weather station 

data.  The prediction interval was limited to a short-term, one hour horizon.  A 
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sinusoidal test function was used to evaluate the output of ALS-ARMA models and 

the results showed that models behave as expected, but high prediction errors were 

observed under one-sided test conditions that mimic actual data.  The research results 

were compared to a persistence model.  The one hour, persistence prediction model 

over one year has a small MAE of about four percent and leaves little room for 

improvement.  For some models used in this work it was determined that 

improvements over a persistence model for short-term prediction are possible, but are 

very small. 

 Another ALS-ARMA approach was to take wind direction into account and 

only predict wind speed using distant weather stations when wind direction was within 

30 degrees of the remote MS.  Several sites had an improved MAE (and other 

statistics) when this method was used.  The main drawback is that there are not 

sufficient MS surrounding Roosevelt MS to cover 360 degrees.  Roughly six weather 

stations would be needed based on a ±30 degree window. 

 A second order ARMA model with fixed coefficients is a small improvement 

over a persistence model as shown in Fig. 21.  It is easy to implement, but does require 

sufficient historical data to calculate optimum coefficient values. 

 Expert knowledge of the algorithm behavior is needed to ensure that it is 

robust against conditions that could cause high prediction overshoot as demonstrated 

with the test data experiment.   
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The data source may be a reason why this wind prediction research was not 

more successful.  The wind parcels experienced by metro stations distant from the 

reference station may not be the same parcels as experienced at the reference site.  

Identifying the actual air parcel path is quite difficult and likely varies seasonally. 
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Conclusion 

 ARMA prediction algorithms work well for predicting sinusoidal responses, 

but when signals are complex and non-stationary, as in wind speed data, a high level 

of error may result.  Including barometric pressure into a multi-parameter ARMA 

model does not result in increased prediction accuracy.  The simplest model, a second 

order difference equation with optimized coefficients gave a MAE result that was 

lower than the persistence MAE for the same data.  When wind direction is taken into 

accounted for the ALS-ARMA models MAE improves and is lower than the 

persistence model MAE for optimized training length and model order, but the 

drawback is that many more weather stations are needed to fully utilize wind 

direction.  For any model except persistence there may be conditions under which a 

large overshoot may occur.  Expert knowledge and simulation is needed to ensure any 

algorithm used is robust against all possible wind conditions even if they don’t exist in 

the historical data. 

It may be possible to improve wind speed prediction using more relevant 

surface wind speed measurements.  For example, if weather data was collected in a 

circular pattern around a wind farm and at a sufficient distance from the farm it may 

be possible to more accurately predict wind speeds.  At the very least upstream 

weather stations in the dominant wind directions should be installed; however, the 

economic cost may preclude adding additional weather stations. 
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Appendices 

Matlab code for ALS-ARMA with one parameter 

% ALS-ARMA, 1 parameter model.  Training length, model order, and horizon are 

% variable.  Input data is a single column of data.  Assumption is that the time 

% interval between data points is a constant. 

% Author: James Davidson, 11 May 2012. 

  

% training equation: [Y] = [X]*[B], solve for [B]. by using inverse or  

% quasi-inverse of [X] 

% example: 

% y(4)        1 y(3) y(2) y(1)        b0 

% y(5)   =   1 y(4) y(3) y(2)   *   b1 

% y(6)        1 y(5) y(4) y(3)        b2 

%                                                b4 

% 

% prediction equation: [Y(n+1)] = [1 y(n) y(n-1) y(n-3)]*[B],  

% repeat iteratively until the desired horizon is obtained. 

  

% model parameters 

tl = 300;      % training length sets the number of rows in training equation 

o1 = 10;        % order1 sets the number of columns in x1 of the training equation 

h = 12;        % horizon time sets the number of time steps into the future for prediction 

bc = 0;        % counts the number of invalid training matrices formed 

cnt1 = 0;      % count number of 'bad' beta values 

cnt2 = 0;     % count number of time AE arma is < AE pers 

m = 0;         % counter 

  

% clear re-used variables that aren't redefined before reuse 

if exist('beta', 'var'); clear beta; end; 

if exist('betaStats', 'var'); clear betaStats; end; 

if exist('pm', 'var'); clear pm; end; 

  

% initialize matrices 

beta.data = zeros(o1+1, 1); 

  

% define the data to use. See the structure to determine columns used 

% data is normalized 
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w1 = data.cleanData(:, 46)/max(data.cleanData(:, 46));    % ROO wind speed 

% w1 = downsample(w1, 2); 

% p1 = data.cleanData(:, 42)/max(data.cleanData(:, 42));    % ROO pressure 

  

% % test data 

% T = 2*24*12;                    % period 

% t = [0:5:365*24*12*5];     % time series 

% if exist('w1', 'var'); clear w1; end; 

% for i = 1: length(t); 

%     d(i, 1) = sin(2*pi/T*t(i))+sin(3*pi/T*t(i)+pi/5.4)+random('normal', 0, 0.1); 

%     if d(i, 1) < 0; d(i, 1) = 0; end; 

%     if mod(i, 20000) == 0; disp(['Test data, i= ', num2str(i)]); end; 

% end; 

% w1 = d(:, 1); 

% w1 = downsample(w1,2); 

% % end of test data 

  

start = 1501;                       % where in the data set to start 

stop = length(w1)-2000;       % where in the data set to stop 

  

w1(:, 2:h+4) = NaN;     % set prediction initial values 

  

% set the bias column of the training matrix 

bias = ones(tl, 1); 

  

% loops for sweep of training length, tl 

tls = [100];        % define training length series 

o1s = [5];          % define model order series 

for ii = 1:length(o1s); 

    for jj = 1: length(tls); 

        tl = tls(jj); 

        o1 = o1s(ii); 

        beta.data = zeros(o1+1, 1); 

        bias = ones(tl, 1); 

  

        % main calculation 

        for j = start:stop; 

            y = (w1(j-tl+1:j, 1)); 

  

            % training matrix 
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            x1 = bias; 

            for i = 1:o1; 

                x1 = [x1 w1(j-tl+1-i:j-i, 1)]; 

            end; 

  

            if sum(sum(isnan(x1))) == 0; % can't invert when NaN's are present 

                beta.data(:, j-start+1) = pinv(x1)*y; % column vector for each trn matrix 

  

                % prediction matrix 

                pm = [1 y(end)]; 

                for i = 2:o1; 

                    pm = [pm x1(tl, i)]; 

                end; 

  

                % prediction.  NOTE: prediction values go in a diagonal in the 

                % horizon columns of the results matrix 

                w1(j+1, 2) = pm*beta.data(:, j-start+1);   % row vector for each prediction 

                for i = 3:h+1;  % subsequent prediction data 

                    pm = [1 w1(j+1+i-3, i-1) pm(2:end-1)]; 

                    w1(j+i-1, i) = pm*beta.data(:, j-start+1); 

                 end; 

            else 

                % counter and data for unusable input data 

                m = m+1; 

                bc(m) = j; 

            end; 

        end; 

  

        % coefficient statistics data structure 

        beta.h=h;   % horizon 

        beta.tl=tl; % training length 

        beta.o1=o1; % model order 

  

        % prediction statistics for  

        % arma are in w1(:, h+2), pers are in w1(:,h+3), h+4 is any special 

        % evaluation desired 

        hor = h;       % set the desired horizon 

        % absolute error for ARMA results 

        w1(start+hor:stop, hor+2) = … 

            abs(w1(start+hor:stop, 1)-w1(start+hor:stop, hor+1)); 
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        % absolute error for persistence 

        w1(start+hor:stop, hor+3) = abs(w1(start+hor:stop, 1)-w1(start:stop-hor, 1)); 

  

        % if beta is not allowed use persistence value and put in last column of 

        % w1 

        for i = start:stop; 

  % count times AE arma < AE persistence 

            if abs(w1(i, hor+2)) < abs(w1(i, hor+3));     

                cnt2 = cnt2+1; 

            end; 

  % count and track number of times beta(1)  

 

            if abs(beta.data(1, i-start+1)) < 0.05;    % is very small 

                w1(i, end) = w1(i, end-1); 

                cnt1 = cnt1+1; 

            end; 

        end; 

  

        % calculate statistical data for MAE 

        statsData.maeArma = nanmean(w1(:, h+2)); 

        statsData.maePers = nanmean(w1(:, h+3)); 

        statsData.maeModArma = nanmean(w1(:, h+4)); 

        statsData.medianaeArma = nanmedian(w1(:, h+2)); 

        statsData.medianaePers = nanmedian(w1(:, h+3)); 

        statsData.medianaeModArma = nanmedian(w1(:, h+4)); 

        statsData.maxmaeArma = nanmax(w1(:, h+2)); 

        statsData.maxmaePres = nanmax(w1(:, h+3)); 

        statsData.maxmaeModArma = nanmax(w1(:, h+4)); 

        statsData.NbadBeta = cnt1; 

        statsData.AEarmaLTAEpers = cnt2; 

  

        % generate plots as desired.  Sample plot is included 

%         subplot(2, 2, ii); 

%         figure(1); 

%         plot(data.cleanData(start:stop, 1), w1(start:stop,1), '.b', ... 

%             data.cleanData(start:stop, 1), w1(start:stop, h+1),'<g', ... 

%             data.cleanData(start+h:stop, 1), w1(start:stop-h,1),'>r'); 

%         grid on 

%         xlabel('Sequence'); 

%         ylabel('Per Unit'); 
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%         title(['ALS-ARMA with Random Noise: o1= ', … 

%             num2str(o1),', MAEarma=', num2str(statsData.maeArma)]); 

%         legend('actual','ARMA','PERS'); 

         

        % histogram plots 

        figure(2); 

        [persData, cats]=hist(w1(:, h+3), [(0.01:0.01:0.07) 1]); 

        persData=persData/length(w1(:, h+3)); 

        bar(cats, persData); 

        xlabel('Absolute Error Center'); 

        ylabel('Frequency (percent)'); 

        title(['Persistence Absolute Error Histogram, tl= ', ... 

            num2str(tl), ', o1= ', num2str(o1), ', h= ', num2str(h)]); 

        figure(3) 

        [armaData, cats]=hist(w1(:, h+2), [(0.01:0.01:0.07) 1]); 

        armaData=armaData/length(w1(:, h+2)); 

        bar(cats, armaData); 

        xlabel('Absolute Error Center'); 

        ylabel('Frequency (percent)'); 

        title(['ARMA Absolute Error Histogram, tl= ', ... 

            num2str(tl), ', o1= ', num2str(o1), ', h= ', num2str(h)]); 

         

        % output statistics and case identification to the screen 

        disp(['tl= ',num2str(tl), ', o1= ', num2str(o1), ... 

            ', med_aeArma= ', num2str(statsData.medianaeArma), ... 

            ', med_aePers= ', num2str(statsData.medianaePers), ... 

            ', maeArma= ', num2str(statsData.maeArma), ... 

            ', maePers= ', num2str(statsData.maePers)]);  

  

    end; 

end; 
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Matlab code for ALS-ARMA with two parameters 

% ALS-ARMA, 2 parameter model.  Training length, model order1 & order2, and 

horizon are 

% variable.  Input data is a single column of data.  Assumption is that the time 

% interval between data points is a constant. 

% Author: James Davidson, 11 May 2012. 

  

% training equation: [Y] = [X]*[B], solve for [B]. by using inverse or quasi-inverse of 

[X] 

% example: 

% y(4) x(4)        1 y(3) y(2) y(1) x(3) x(2) x(1)       b0  b7 

% y(5) x(5)   =   1 y(4) y(3) y(2) x(4) x(3) x(2)  *   b1  b8 

% y(6) x(6)        1 y(5) y(4) y(3) x(5) x(4) x(3)       b2 b9 

%                                                                          b3 b10 

%                                                                          b4 b11 

%                                                                          b5 b12 

%                                                                          b6 b13 

% 

% prediction equation: [Y(n+1)] = [1 y(n) y(n-1) y(n-2) x(n) x(n-1) x(n-2)]*[B],  

% repeat iteratively until the desired horizon is obtained. 

  

start = 501;       % where in the data set to start 

stop = 104000;      % where in the data set to stop 

  

tl = 3;        % training length sets the number of rows in training equation 

o1 = 5;        % order1 sets the number of columns in x1 of the training equation 

o2 = 5;        % order2 sets the number of columns in x2 of the training equation 

h = 12;         % horizon time sets the number of time steps into the future for prediction 

bc = 0;        % counts the number of invalid training matrices formed 

m = 0;          % counter 

  

% define the data to use. See the structure of variable 'data' to determine columns used 

% data is normalized 

  

w1 = data.cleanData(:, 46)/max(data.cleanData(:, 46));          % ROO wind speed 

p1 = data.cleanData(:, 32)/max(data.cleanData(:, 42));          % HOR pressure 

  

% p1 = data.cleanData(:, 42)/max(data.cleanData(:, 42));      % ROO pressure 

% p1 = data.cleanData(:, 36)/max(data.cleanData(:, 46));      % HOR wind speed 
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% p1 = (data.cleanData(:, 42)-data.cleanData(:, 32))/ ... 

% max(data.cleanData(:, 42)-data.cleanData(:, 32));      % ROO BP - HOR BP 

  

% test data 

% w1 = sine Function; 

  

% loops for sweep of tl, o1 and o2 

tls = [200];    % training length sequence 

o1s = [5];      % model order sequence 

o2s = [5];      % model order sequence 

  

for ii = 1:length(tls); 

    for jj = 1:length(o1s); 

        for kk = 1:length(o2s); 

             

            % set model variables 

            tl = tls(ii);   % training length 

            o1 = o1s(jj);   % model order 

            o2 = o2s(kk);   % model order 

             

            % initialize coefficient matrices 

            beta1 = zeros(o1+o2+1, 1); 

            beta2 = zeros(o1+o2+1, 1); 

  

            w1(:, 2:h+3) = NaN;     % set prediction initial values 

            p1(:, 2:h+3) = NaN;     % set prediction initial values 

  

            % set the bias column of the training matrix 

            bias = ones(tl, 1); 

  

            % clear re-used variables that aren't redefined before reuse 

            if exist('beta', 'var'); clear beta; end; 

            if exist('pm', 'var'); clear pm; end; 

            if exist('pm1', 'var'); clear pm1; end; 

            if exist('pm2', 'var'); clear pm2; end; 

             

            % main calculation 

            for j = start:stop; 

                y1 = w1(j-tl+1:j, 1);   % generate [Y] 
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                 y2 = p1(j-tl+1:j, 1); 

                 y = [y1 y2]; 

  

                % training matrix 

                x1 = bias;      % generate [X] 

                x2 = []; 

                for i = 1:o1; 

                    x1 = [x1 w1(j-tl+1-i:j-i, 1)]; 

                end; 

                for i = 1:o2; 

                    x2 = [x2 p1(j-tl+1-i:j-i, 1)]; 

                end; 

                x = [x1 x2]; 

  

                if sum(sum(isnan(x))) == 0;            % can't invert when NaN's are present 

                    betaAll = pinv(x)*y;    % column vector for each training matrix 

                    beta.beta1(:, j-start+1) = betaAll(:, 1); 

                    beta.beta2(:, j-start+1) = betaAll(:, 2); 

  

                    % prediction matrix 

                    pm1 = [1 y1(end)]; 

                    pm2 = y2(end); 

                    for i = 2:o1; 

                        pm1 = [pm1 x1(tl, i)]; 

                    end; 

                    for i = 2:o2; 

                        pm2 = [pm2 x2(tl, i)]; 

                    end; 

                    pm = [pm1 pm2]; 

  

                    % prediction calculation 

                    w = pm*betaAll;   % column vector for each prediction 

                    w1(j+1, 2) = w(1); 

                    p1(j+1, 2) = w(2); 

                    for i = 3:h+1; 

                        pm1 = [1 w1(j+1+i-3, i-1) pm1(2:end-1)]; 

                        pm2 = [p1(j+1+i-3, i-1) pm2(1:end-1)]; 

                        pm = [pm1 pm2]; 

                        w = pm*betaAll; 

                        w1(j+i-1, i) = w(1); 
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                        p1(j+i-1, i) = w(2); 

                     end; 

                else 

                    % count the number of missed calculations and record iteration number 

                    m = m+1; 

                    bc(m) = j; 

                end; 

            end; 

  

            % coefficient statistics 

            beta.h = h; 

            beta.tl = tl; 

            beta.o1 = o1; 

            beta.o2 = o2; 

  

            % prediction statistics 

            hor = h;       % set the desired horizon 

            w1(start+hor:stop, hor+2) = abs(w1(start+hor:stop, 1)-w1(start+hor:stop, 

hor+1)); 

            w1(start+hor:stop, hor+3) = abs(w1(start+hor:stop, 1)-w1(start:stop-hor, 1)); 

  

            statsData.maeArma = nanmean(w1(:, h+2)); 

            statsData.maePers = nanmean(w1(:, h+3)); 

  

            statsData.medianaeArma = nanmedian(w1(:, h+2)); 

            statsData.medianaePers = nanmedian(w1(:, h+3)); 

            statsData.maxmaeArma = nanmax(w1(:, h+2)); 

            statsData.maxmaePres = nanmax(w1(:, h+3)); 

  

            % some plots 

            % plot(data.cleanData(start:stop, 1), w1(start:stop,1), '.b', ... 

            %     data.cleanData(start:stop, 1), w1(start:stop,2),'<g', ... 

            %     data.cleanData(start+h:stop, 1), w1(start:stop-h,1),'>r'); 

            % grid on 

            % legend('actual','ARMA','PERS'); 

  

            % output sequence parameters and statistics to screen 

           disp(['h= ', num2str(h), ... 

               ', tl=', num2str(tl), ', o1=', num2str(o1), ', o2=', num2str(o2), ... 

                ', median AE arma= ', num2str(statsData.medianaeArma), ... 
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                ', median AEpers= ', num2str(statsData.medianaePers)]); 

        end; 

    end; 

end; 

 


