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This paper presents an ”adjustment” model [1] and its application for wind plant projects’ energy yield assessment
(EYA) in a repowering context. Figure 1 illustrates an overview of the proposed methodology graphically.

Figure 1: Visual abstract

The outcomes of energy yield assessment (EYA) are critical in the decision process of financial investment in
new wind farm projects. In particular, reducing energy yield uncertainty is a lever to improve the project’s economic
yield [2]. Greenfield wind farm projects have motivated the development of well-established EYA models. These
”theoretical” models are based on a sequence of equations that solve the physics, starting from the wind flow modeling
to wind turbine power conversion [3]. They are calibrated upon on-site wind measurements. These EYA models can
have up to 12% uncertainty in simple terrain in the annual yield prediction [4]. The paradigm of EYA differs for
repowering projects since long historical measurements from the operating plant are available. This data can be
integrated into the EYA model to estimate the annual yield contributing to the otherwise limited history of wind
campaigns used in greenfield projects. In the literature, this is done through either adjusting models inputs or outputs
[5, 6], calibrating the flow models [7, 8, 9] or replacing the theoretical model with a surrogate machine learning
model [10]. The main drawback of such models is the absence of a framework to assess their uncertainty: they
only qualitatively improve uncertainty. The uncertainty assessment is only possible with extensive testing of models
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on a vast, often unavailable database [9]. Besides, the uncertainty models are generally semi-empirical and cannot
characterize the added benefit of calibrated parameters or adjusted values [3].

The so-called ”adjustment model” proposed here and extensively detailed in [1] solves this issue by providing a
quantitative assessment of the uncertainty along with an annual energy production (AEP) assessment equation. This
paper presents the proposed adjustment model. The adjustment model builds upon the theoretical models. The work
demonstrates that the adjustment model consistently outperforms theoretical models regarding uncertainty. We illus-
trate the adjustment model by applying it to several real-world repowering or extension projects, where we compare
AEP established from the theoretical and the adjustment models.

In the following, we introduce the planned plant, which is intended to replace the operating plant. The adjustment
model for the planned wind farm aims to use historical data from the operating one. The various notations involved
in the theoretical and operational assessment are described in figure 2.

Figure 2: Idealized example of a repowering project. The left side of the figure represents the operating plant that produces a true AEPo that can be
estimated from a theoretical model ÂEPo or operational assessment ÃEPo. The site conditions are obtained from site measurements and weather
model data. On the right side is the planned project for which no operational data is available. Its future true AEPo is estimated with a theoretical
model ÂEP. This paper presents an alternative model to assess the planned plant.

In the first step, we present the mathematical reasoning of the adjustment model. This model assesses the error of
a theoretical model at the operating plant by comparing it to the operational assessment with:

ϵ̃ÂEPo
=

ÂEPo − ÃEPo

ÃEPo
(1)

From this observed error, we intend to model the theoretical model error at the planned plant :

ϵÂEPp
=

ÂEPp − AEPp

AEPp
(2)

To do so, the adjustment model captures the conditional distribution of ϵÂEPp
with ϵ̃ÂEPo

(in mathematical notation:
ϵÂEPp

|̃ϵÂEPo
). Especially, the work demonstrates that the latter is normally distributed. The parameters µ(ϵÂEPp

|̃ϵÂEPo
)

and σ2(ϵÂEPp
|̃ϵÂEPo

) of the probability distribution function are derived in [1]. The mean value of the conditional error
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is the adjustment factor to apply to AEP established from the theoretical model.

ÂEPp ←−
ÂEPp

1 + µ(ϵÂEPp
|̃ϵÂEPo

)
(3)

Besides, it is demonstrated in [1] that the distribution of the conditional error is narrower than the distribution of
the error: this induces that the uncertainty of the adjustment model is lower compared to theoretical models. These
findings assume that theoretical models and operational assessment errors are Gaussian distributed. This is verified
either from backcast reports [11, 12, 4, 13] or Monte Carlo simulation [14, 15].

Derivation of the conditional error parameters requires values from the theoretical model and the operational
assessment:

1. The uncertainty of the theoretical model applied to the operating and planned plant: the derivation of such
values is a common task of wind analyst. It is generally based on empirical models [3].

2. The uncertainty of the operational assessment: when operational data quality is considered reasonable, this can
be neglected; otherwise Monte Carlo method (see [15]) is a convenient tool to derive such values.

3. The observed theoretical model error values ϵ̃ÂEPo
as discussed above.

4. The correlation between the theoretical model errors at the operating and planned plant ρϵÂEPp
,ϵÂEPo

. Unlike
previous terms, this term is not a typical outcome of a theoretical model.

We present this correlation coefficient calculation for typical projects in the second step. It consists of evaluating
similarities between the errors at each step of the theoretical models at the operating and planned plant. The corre-
lation coefficient captures the similarities. Typically, we would evaluate the correlation of the wind speed estimation
errors for each turbine of the operating and planned plant. The wind speed evaluation builds upon on-site wind mea-
surements, wind flow models, and long-term extrapolation models. When similar inputs (measurement datasets) for
both operating and planned plants are used, it is expected that errors in wind resource assessment are correlated. It
is even more correlated if layouts and hub heights are similar for the operating and planned plants. Conversely, the
correlation of the power-curve errors and the power-production-losses-estimation errors may be low.

Unfortunately, there are few scientific articles on such errors correlation models. One of them, [16], describes
a model for wind-flow-model error correlation. Future work will build upon this work to create a thorough mathe-
matical model for correlation evaluation. However, we evaluate most of the correlation values from subjective expert
elicitation in the present work. In the paper, we present the evaluation of the correlation coefficient for two real-world
projects: 1. A repowering project that consists of replacing turbines at the same locations with turbines of a similar
hub height in southern France, and 2. a repowering project with a significant modification of the plant layout and
turbine hub heights also in France. For the former, the error correlation is around 60 %, mainly because the wind
speed evaluation errors are highly correlated. Statistically, the observed error at the operating plant can explain 60 %
of the theoretical model error at the planned plant.

We apply the adjustment model to the above two repowering projects in the third step. We evaluate the uncertainty
and compare both models. Uncertainty reductions of 4.05 % are obtained compared to theoretical models and it
increases P901 by 2.37 GWh per year. Finally, we also evaluate the sensitivity of the adjustment model to its various
inputs. We identify that the uncertainty of the model primarily relates to the correlation of the wind speed evaluation
errors. Indeed, the latter is a prevailing weight in calculating the correlation. We also assess the impact of the
operational assessment quality on the adjustment model. For example, old wind plants concerned with repowering
can suffer from sub-optimal performances that are difficult to detect. In such cases, the uncertainty of the operational
assessment increases, and consequently, the uncertainty of the adjustment model increases.

To the authors’ knowledge, this work brings significant innovative contributions to energy yield assessment re-
search because it embeds a framework for uncertainty assessment. The adjustment model can be implemented in
an Excel file, making it accessible for most energy yield assessment teams. The underlying models, theoretical and
operational assessments, are generally available in commercial software. The adjustment model is agnostic: it works
with any theoretical model. For example, it works similarly if an NO Jensen or an Ainslie model is chosen as the

1Values of AEP that have a probability of at least 90 % to be realized, the probability of exceedance at a 90 % level
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wake model. The elicitation of the correlation coefficient requires a careful assessment based on analyzing the wind
resource assessment outputs and other error sources. In any case, a conservative assessment of the correlation coeffi-
cient should be preferred. As long as the correlation is non-null, the adjustment model provides benefits compared to
theoretical models.

This presentation will provide the audience with the following:

1. An overview of the pro and cons of EYA models for repowering projects
2. An EYA model dedicated to repowering, including a rigorous assessment of its uncertainty
3. Several examples of the application of the adjustment model to typical repowering wind projects
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