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1   INTRODUCTION 

Wind energy resource assessment is a critical component of the wind project 

development process. A number of important steps in that process depend on the results 

of the wind energy resource estimate, including project layout, turbine suitability analysis, 

financing, and construction. Considering the importance of wind resource assessment to 

project development, it is incumbent upon the consulting arm of the wind energy industry 

not only to provide the most accurate resource assessments possible, but to demonstrate 

that accuracy with validation studies that compare preconstruction wind energy 

assessments to postconstruction energy production.  

Furthermore, as the industry has matured, consultants have increasingly been relied 

upon to estimate not only the expected mean energy production of a wind farm, but to 

accurately estimate the uncertainty surrounding that mean estimate.  This shift has come 

about as the financial industry has focused more on the risks and uncertainty of investing 

in new wind developments; as well as the fact that in many regions, the windiest and 

logistically most feasible locations have largely been developed, and the industry has 

turned its attention to sites with a more marginal resource, exposing investors to a greater 

downside risk in project performance.  Several important validation studies have emerged 

across the consulting industry in recent years [1-3], which have shown two key results: an 

encouraging trend from mean overestimation of production to mean correct (zero-bias or 

“calibrated”) estimation of production; but at the same time, a lack of correspondence 

between estimated uncertainties on wind farm production and the magnitudes of 

deviations of production from the long-term estimates. 

Vaisala is a global provider of weather instrumentation and weather-related 

information services across a broad spectrum of applications, including renewable energy.  

Vaisala has been providing comprehensive preconstruction wind energy resource 



assessment services to developers and financiers in markets across the globe for many 

years.  In response to the motivations described above, Vaisala has undertaken a major 

validation study of our wind energy assessment approach, including both the mean energy 

estimates and the uncertainty bands around those estimates.  Not only does this validation 

study provide the industry with confirmatory support for the accuracy of Vaisala’s 

methodology, but as an ongoing effort, the study allows Vaisala to continually test and 

improve the various components of its state-of-the-art methodology. 

This validation study was made possible through partnerships developed between 

Vaisala and a number of wind farm owner/operators, who provided the relevant pre- and 

post-construction data from a diverse set of wind farms.  With this data in hand, Vaisala 

performed its standard wind energy assessment procedure to produce mean net annual 

energy production estimates for each wind farm.  We then compared those estimates to 

subsequent year-by-year energy production reported to us by the wind farms. This paper 

describes the details and results of that study. 

2   VAISALA’S WIND RESOURCE ASSESSMENT METHODOLOGY 

Vaisala’s approach to wind resource assessment follows many of the standard and 

best practices that the industry is familiar with, but also is built around some key innovative 

technologies: 

 a strong foundation in Numerical Weather Prediction (NWP) modeling, for both 

spatial modeling and multi-decadal weather and climate simulation; 

 treatment of wind modeling, power modeling, and losses in a multi-decadal 

time series domain rather than a frequency domain; and 

 full propagation of uncertainties throughout entire modeling process, including 

error dependencies. 

These newer techniques advance the scientific foundation of wind resource assessment, 

but at the same time, require even more diligence in validation to ensure that the 

techniques are indeed adding value to the process, and not introducing systematic errors 

or excessive random errors into that process. 

2   DATASET DETAILS 

The dataset gathered for this study is summarized below, and in Fig. 1. 



 Size of dataset: 24 wind farms, 115 wind farm years (WFYs)1, yielding an 

average of 4.8 WFYs per project 

 Project sizes range from 20 to 300 MW. 

 Projects are located primarily across the United States, with a small number in 

Europe (see Fig. 1). 

 85% of WFYs are within the period 2010-2014. 

 Preconstruction data includes met mast locations, commissioning and 

calibration documents, turbine layout, and turbine specifications (power curve, 

thrust curve, etc.). 

 Postconstruction data includes monthly totals of metered energy, monthly 

estimates of percent system availability, and monthly estimates of externally 

curtailed energy. 

Figure 1. Map of approximate locations of the wind farms used in the validation study. The 

number in each circle indicates the number of wind farms included in the study from that 

approximate region. 

3   PROCEDURE 

For each wind farm in the study, we performed our standard wind energy 

assessment process, including quality control of all data provided, long-term modeling, 

spatial modeling, wake modeling, loss calculations, and uncertainty modeling.  The key 

final numbers for each wind farm assessment are the mean annual net energy production 

in gigawatt-hours; and the uncertainty in percent for any one year of production.  The 1-

year uncertainty arises both from uncertainties in the energy estimation technique, and 

from interannual variability in wind resource and losses.  With regard to the production 

                                                        
1 The results reported here are based on a nearly complete analysis of the dataset.  The 
full dataset consists of 30 projects with approximately 135 wind farm years, and analysis of 
the full dataset will be completed soon. 



data, at each wind farm, we gathered the monthly data into groups of 12 consecutive 

months (not necessarily January through December) to create “wind farm years” (WFYs), 

and aggregated the monthly production into WFY values.  Because our assessment 

procedure does not attempt to predict an external curtailment loss or its variability, we 

added the wind farm-reported estimates of external curtailment back into the metered 

production numbers, to create a compatible comparison with the preconstruction 

assessment estimates. 

4   RESULTS 

We present the results of three different measurements of validity.  First, at the most 

fundamental level, it is desirable to examine whether on average, Vaisala’s estimate of 

mean annual wind energy production is unbiased, or calibrated, with respect to actual 

production.  To examine this, the deviation of each WFY of production with respect to the 

preconstruction estimate of mean annual energy production was calculated as a percent of 

the preconstruction estimate, and those deviations compiled into a histogram, shown in 

Fig. 2.  The distribution is approximately normal, though the sample size is small so that 

deviations from a perfect normal distribution are expected.  The equivalent normal 

distribution that shares the same mean and standard deviation as the actual distribution is 

shown in the gray curve.  The black curve indicates the expected normal distribution, 

which has a mean of 0.0% and a standard deviation equal to the average estimated 1-year 

uncertainties for all the projects in the study.  The mean values of the actual and expected 

deviations are represented by the gray and black vertical bars, respectively. The 

calibration of the mean production estimate averaged across entire dataset is, therefore, 

illustrated by the distance between these two vertical bars, which is -0.5%, or in other 

words, on average, wind projects perform 0.5% below what was expected based on 

Vaisala’s preconstruction estimates.  The small sample size (115 WFYs) requires that this 

result be viewed in a context of statistical significance.  If we consider each of the 115 wind 

farms years to be fully independent, the narrower confidence interval (1.6%) is 

appropriate.  However, considering that many WFYs come from the same wind farm, and 

some wind farms are geographically close to each other, a more conservative estimate of 

independent points (24, the number of projects in the study) yields a wider (more 

conservative) confidence interval (3.4%). In either case, the sample mean bias is not 

statistically different from 0.0%, but may be a few percent on either side of zero. 



The second focus of the validation is to check how well calibrated Vaisala’s average 

uncertainty estimate is across the entire dataset.  This is facilitated by comparing the 

widths of the two idealized normal distributions of wind farm production deviations shown 

in Fig. 2.  The expected width (the width of the black dashed curve), which is based on the 

average 1-year uncertainty for all the projects studied, is 10.5%.  The observed width (the 

width of the gray curve), which is based on the root mean-square of all 115 WFY energy 

deviations from their preconstruction estimate, is 8.6%.  Therefore, Vaisala’s uncertainty 

is, on average, high (or more conservative) by approximately 2 percentage points. 

Figure 2. Histogram of deviations of observed wind-farm-year energy production from 

preconstruction estimates of long-term mean annual energy production.  Gray curve is 

equivalent normal distribution, with mean and standard deviation indicated by gray 

values and arrows.  95% confidence interval for mean deviation across all wind farm 

years indicated at top, for both 115 and 24 degrees of freedom.  Expected normal 

distribution based on average preconstruction uncertainty estimate, and zero mean 

error, indicated with black dashed curve. 



The third focus of the validation is to examine how well Vaisala’s uncertainty 

estimates for individual wind farms relate to actual errors at those wind farms.  This can be 

tested by creating a scatter plot, with the x-axis indicating the 1-year uncertainty estimate 

for a wind farm, and the y-axis indicating the WFY absolute energy deviations from the 

preconstruction estimate (both expressed as a percent of the long-term mean annual 

energy production).  Such a scatter plot is shown in Fig. 3.  The 115 points, representing 

all the WFYs in the study, tend to lie in vertical columns, because all of the points for a 

particular wind farm have the same estimated 1-year uncertainty, but have different yearly 

deviations due to interannual variability of wind resource and losses.  If the uncertainty 

model captures the true range of expected errors for wind farms with the estimated 

uncertainty, one would expect the vertical range of points to expand as one moves to the 

right on the x-axis toward larger valued of uncertainty.  Visually, this does not appear to be 

the case in Fig. 3.  The relationship can be quantitatively examined by performing a least-

squares fit of a line to the scatter plot.  If the uncertainty model perfectly captures the 

errors, it can be shown that the fitted line on this scatter plot should have a slope of 

approximately 0.8.  In this scatter plot (Fig. 3), the best fit line has a slope of zero, 

Figure 3.  Scatter plot of 1-year uncertainty estimates for wind farms (x-axis) versus WFY 

absolute energy deviations from the preconstruction estimate (y-axis), both expressed as a 

percent of the long-term mean annual energy production).  Best fit line (slope = 0.0) shown 

as thin black line. 



indicating that the uncertainty model is not capturing the true farm to farm variability in 

uncertainty.  However, a cautionary note should be made, that the study uses a 

statistically small sample size, and there is a nonnegligible likelihood that a zero (or even 

negative) slope can be achieved in a scatter plot from such a small sample size, even if 

the uncertainty model is perfect.  A Monte Carlo experiment was conducted in which the 

error characteristics of the present dataset are used, and a “perfect uncertainty model” is 

assumed, and this model indicates that a slope of 0.8 is well within the 95% confidence 

bound for the true slope, given a sample slope of 0.0.  This result illustrates the challenge 

in validating uncertainty estimates: a very large dataset is required to definitively establish 

a relationship (or lack thereof) between preconstruction uncertainty estimates and 

postconstruction energy deviations.  Nevertheless, regardless of whether or not such a 

relationship exists in Vaisala’s wind energy assessments, the results presented here 

demonstrate that there is much work to be done, and Vaisala is actively examining the 

both the year-by-year deviations at the individual wind farms in this study, as well as the 

internal details of its uncertainty modeling framework, to identify any components that can 

be corrected or improved.  This effort ties back to the second motivation for this validation 

study described in the introduction, in that it allows Vaisala to continually test and improve 

the various components of its state-of-the-art wind energy assessment methodology. 

5   CONCLUSIONS 

Vaisala has conducted an extensive validation study of its comprehensive wind 

energy resource assessment methodology, using a dataset of 24 wind farms and 115 wind 

farm years of energy production data.  For each of the 24 wind farms, a wind resource 

assessment was performed, based only on data available prior to construction of the wind 

farm.  The estimated long-term mean annual energy production was then compared to 

individual yearly production totals at the corresponding wind farm, using energy production 

reports provided by the wind farm owners. 

Results of the study indicate that Vaisala’s preconstruction estimates are, with 95% 

confidence, close to calibration, with a mean deviation of -0.5% between wind farm year 

production values and the preconstruction estimates, and a confidence interval on the true 

mean deviation ranging from 1.6% to 3.4%, depending on the number of truly 

independent data points that is assumed.  Therefore, a value of 0.0% mean deviation lies 

well within the 95% confidence band. 



On average, the deviations of actual energy production for individual years from the 

preconstruction estimates have a root mean-squared value of 8.6%.  This compares with 

the average preconstruction estimate of 1-year uncertainty of 10.5%, indicating that 

Vaisala’s uncertainty estimates are, on average, about 2 percentage points high (or more 

conservative). As in previous validation studies within the industry, Vaisala’s uncertainty 

estimates did not exhibit a significant positive relationship with the magnitude of wind farm 

production errors.  While this is attributed partly to the small sample size in this study, it is 

also a motivation to explore areas of potential improvement in Vaisala’s uncertainty model, 

an effort which is ongoing. 
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