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Industry Support for CFARS

“UL strongly supports the activity of CFARS and in particular the work done to produce this significant
and useful suitability white paper. We feel that this is a very valuable industry initiative that will support a
deeper understanding of the applicability of remote sensing by the careful and detailed analysis of a large
number of high quality data sets. The results CFARS presents in this white paper will help to create a
common understanding and foster a great acceptance by stakeholders across the whole wind industry.”
Dr Chris Ziesler, Director Advisory Services, North America, UL

“CFARS is pushing the boundary of wind resource science. Their work increases our confidence in remote
sensing data, including for applications like climate suitability that previously relied nearly exclusively on
meteorological mast data. CFARS’s work helps WSP provide the best possible advice to our clients,
minimizing risk and maximizing project performance.”

Matthew Breakey, Team Lead, Renewable Energy Assessment, WSP

“Natural Power places great value in the work undertaken by the CFARS participants, and is pleased to
be involved in the on-going effort to best leverage RSD technology in the wind industry. In this white paper,
through common vision, collaboration, and intelligence sharing, the site suitability working group has
brought us a step closer to realizing the potential that RSDs have to inform site conditions by defining a
framework to characterize RSD turbulence behavior as compared to traditional anemometry.”

Taurin Spalding, Global Validation & Methods Manager, Natural Power

“The interest of applying lidars for measurements of site wind characteristics have increased
exponentially over the last 5-10 years. DNV believe lidars will serve a role in future projects and run
internal projects as well as a joint industry project with the aim to write a Recommended Practice about
lidar TI measurements. DNV is one of the partners in CFARS, and we see this CFARS whitepaper as
an important development in making lidar TI measurements certifiable. The open-source tool TACT will
be very beneficial and will enable different stakeholders to create more reliable lidar Tl data.”

Johan Olaison, Principal Specialist, DNV Renewables Certification
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Introduction

In 2017 the industry consortium, Consortium for Advancing Remote Sensing (CFARS), launched to as an
open platform for key wind stakeholders to collaborate on projects that advance the understanding of the
accuracy and reliability of RSD measurements. CFARS is comprised of nearly 30 diverse wind energy
stakeholders, including developers, consultants, turbine manufacturers, RSD manufacturers, and
research institutions. CFARS is dedicated to bringing together wind industry stakeholders with a shared
interest in closing persistent knowledge gaps that impede acceptance of RSD use. The mission of CFARS
is to unlock opportunities for the wind industry to take more advantage of RSD measurement benefits and
accelerate widespread adoption of RSDs for a variety of use cases throughout the wind plant lifecycle.

CFARS operates within two workstreams; the Science and Guidance working groups. The Science
working group identifies open questions regarding RSD acceptance for prioritized use cases and
leverages open source science and tool to advance understanding and build consensus on the best
approach to achieve acceptance. The Science working group’s mission is to establish best practice
frameworks for stakeholder collaboration to achieve data-driven answers to overcome RSD acceptance
challenges. The Guidance working group aggregates and socializes existing industry best practice and
standards and solicits input from industry stakeholders, via surveys and forums, to determine the priority
use cases for Science Working Group focus. In addition, the Guidance working group amplifies the
findings from the Science group via publications and messaging, further driving consensus on best
practice approach for accelerating RSD acceptance.

Science
Working Group

Mission w’g& CFARS Mission

Identify Persistent Hurdles to RSD Acceptance

for Prioritized Use C . -
orFrioritized Use Lases Aggregate & Socialize Existing Industry Best

Leverage Open Source Science and Tools to Practice & Standards

Build Consensus

Accelerate Acceptance of
Solicit Input from Industry Stakeholders to .
Establish Best Practice Frameworks for Determine Science Working Group Priorities Stand'Alone RSD Use n the
Stakeholder Collaboration Wind Industry

Amplify Findings from Science Group via

Achieve Date-Driven Answers to Overcome Publications and Messaging

Persistent RSD Acceptance Challenges . .
P 8 Drive Consensus on New Best Practice

Frameworks for Stakeholder Collaboration l ‘ }}I

Guidance
Working Group
Mission

There are many benefits of RSDs underpinning the desire for greater use of RSD for wind industry
applications, including safety, cost, efficiency and wind production estimate accuracy given capacity to
measure at higher heights and more complex boundary layer parameters (e.g., Turbulence Kinetic
Energy). Therefore, as the industry seeks to deploy RSDs in greater numbers, in more varied flow
conditions, and for a wider variety of use cases, it is important that the measurements obtained from these
devices are well understood and appropriate for the intended purpose(s). One important use case for
wind data is that of site suitability analysis, determining the most optimal turbine for the given site
conditions. One of the key variables in any site suitability analysis is turbulence intensity.
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Today, a majority of the industry’s understanding, along with tools deployed for modelling the relationship
between turbulence and turbine fatigue loads, are derived from meteorological mast mounted cup
anemometer measurements of turbulence. It is well known that RSD turbulence intensity measurements
differ from cup anemometers given inherent differences in measurement principles. Therefore, until the
industry forms a consensus regarding the relationship between RSD derived turbulence intensity and
turbine fatigue loads directly, RSD measurements should be adjusted to produce similar results to
anemometers, to avoid installation of potentially suboptimal turbines for the given site conditions.

Ideally, a Tl adjustment method would be developed that permits the use of RSDs, not only in conjunction
with an onsite meteorological mast, but also in the absence of any supplemental onsite measurements.
Within CFARS, the Site Suitability Subgroup (the Subgroup) formed with the mission to share
knowledge, increase confidence, and build consensus on best practice use of ground based,
vertically profiling, RSDs for onshore site suitability assessment, both as a collocated and a
standalone! device.

In this white paper, the results from the Subgroup’s first benchmarking analysis of unadjusted RSD to
cup anemometer turbulence intensity (TI) and reference cup-to-redundant cup measurement
differences are presented. The Subgroup chose to benchmark these collocated measurements first to
establish a 1) baseline understanding of the unadjusted RSD to cup measurement differences and 2)
proof-of-concept for successful industry collaboration using a closed data and open method approach.
Eight organizations participated in the benchmarking activity, contributing a total of 35 datasets.

Further, this document introduces the Subgroup’s forthcoming analysis, examining the performance
of adjusted RSD Tl measurements compared to cup anemometry. The second analysis expands on the
closed data and open method approach and will create the industry’s first open source tool for
comparing the performance of disparate RSD Tl measurements and cup anemometry, the TI
Adjustment Comparison Tool (TACT). TACT incorporates stakeholders’ views on best practices for
RSD TI adjustment methods, consisting of more than 15 techniques ranging from simple to advanced in
complexity and cover both site-specific to global application. The Subgroup does not intend to develop
new RSD TI adjustment methods and designed TACT flexible enough to input proprietary RSD TI
correction methods for performance benchmarking. Further, TACT performs statistical analyses on the
measurement differences and reports key Tl comparison evaluation metrics that its contributors deem
appropriate for informing decisions on acceptable Tl bias for turbine load models. Preliminary results
from this benchmarking activity using TACT will be released to the industry in the Spring 2022 and
summarized in detail in a forthcoming peer-reviewed article.

Finally, to ensure the delivery of commercial value to open source science and tools generated in the
Subgroup, a best practice collaboration framework to connect RSD Tl benchmarking activities with
RSD Tl acceptance decision-making for site suitability assessment is introduced herein. The CFARS
best practice framework does not attempt to establish adjusted RSD Tl acceptance threshold criteria, but
rather provide a platform that enables more-informed, data-driven decisions, on acceptable loads bias
thresholds in a commercial setting. The framework encourages industry stakeholders to collaborate
to further refine TACT, leverage the tool to advance industry understanding of the sensitivity of
turbine fatigue load models to varying Tl measurements and therefore de-risks the use of adjusted
RSD measurements in site suitability assessment.

1 Standalone means there is no onsite meteorological mast
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The CFARS Site Suitability Subgroup

The Site Suitability Subgroup (the Subgroup) aims to increase the acceptance

of RSDs for turbine site suitability assessment, with a focus on turbulence WSdev
intensity (Tl) measurements. The classic definition of (horizontal) turbulence TI [%] = W
intensity is derived from the measurement strategy of a cup and sonic g
anemometer which deliver a time series of wind speed values. The TI metric

used in site suitability assessment today describes how much the observed wind speed at a given height
varies over a 10-minute period for a given wind speed bin.

High turbulence can generate excessive fatigue loads on major components in a turbine. This is a problem
because it reduces turbine performance and energy yield, increases operation and maintenance costs
related to unanticipated repairs, and potentially decreases the turbine’s overall lifespan. Therefore, it is
imperative that a project site’s Tl conditions during a pre-construction site suitability assessment are
accurately measured and understood to make sure we are choosing a suitable turbine — a turbine that
will not endure disproportionate fatigue loads once operational. Reliable measurements of Tl are required,
not only for selecting an appropriate turbine, but also to enable site suitability modelling to ensure an
appropriate operating strategy for the selected turbine. This is increasingly pertinent as the industry seeks
to extend and maximize turbine lifetimes.

Today, a majority of the industry’s understanding, methodology, and modelling strategies for turbine site
suitability assessment originate from meteorological mast mounted cup anemometer measurements of
wind speed. While trusted cup anemometry remains invaluable, the familiarity and reliance on cup
anemometry have been barriers to wide-spread use of RSDs. However, the growing demand to meet new
market requirements, coupled with more than a decade of proven RSD wind measurements, is motivating
broad industry desire and momentum towards integrating more agile and advanced measurement
techniques from RSDs into many elements of wind project development and operation, including site
suitability assessment. Further, in addition to measuring the traditional horizontal TI metric described
above, RSDs can measure a wealth of parameters across the line-of-sight beams and spectral analysis
may be helpful to characterize atmospheric flow beyond what a cup or sonic anemometer can measure.

Wind turbine hub heights and blade lengths have increased dramatically over the last decades, a trend
widely expected to continue. These taller turbines increase the cost to install and maintain hub height
meteorological masts to gather the required wind measurements for wind energy development and
operations. RSDs are proven devices that can reliably and accurately [1-2] make measurements for these
high hub heights and heights across the whole turbine rotor.

Another important industry motivation is that of safety. Safety is critical to the wind power industry. It
should no longer be acceptable to use a higher risk method of wind measurements (meteorological mast)
as standard, when a safer, lower risk, method (RSD) can also give technically acceptable results.

Specifically, in relation to site suitability, there are a number of relevant considerations for turbine safety,
and certification:

Wind turbines are often operated close to the site-specific conditions. Thus, uncertainty and bias
originating from a site suitability analysis based on RSD Tl measurements could lead inadvertently
to the breaching of fatigue load design limits of a wind turbine generator (WTG) and thus component
damage and increased failure rates, jeopardizing the WTG’s structural integrity and thus resulting in
safety issues.

Turbines are developed, designed, and verified (prototype wind and load measurements) against
anemometer turbulence intensity measurements and the loads calculated based upon these
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turbulence measurements. Any change in measurement technology and differences in turbulence
intensity could lead to a ‘misalignment’ or bias in the design load calculations which are the basis for
a turbine certification.

There could be a misalignment in turbulence intensity assumptions on a project level. Turbines are
designed and certified against anemometer TI. If, as part of a wind farm certification or due
diligence, on-site RSD Tl data are being used, the Tl prediction method needs to be sufficiently
precise to produce a Tl level comparable with the measurement technology (anemometers) used in
the actual design of the turbine.

Therefore, while it is currently not broadly accepted to deploy standalone RSD for all sites or for all
measurement purposes, the mission of CFARS remains: to increase the acceptance of RSDs, by
demonstrating their validity across the full life cycle of wind project development and specifically, in the
case of this whitepaper, for site suitability.

Nonetheless, two compounding challenges lie ahead on the road to RSD derived turbine site suitability
decisions. The first challenge is the fundamental difference between cup anemometer and RSD wind
measurement principles. The RSD measures across a volume of air (assuming homogenous flow through
this measurement volume and can therefore be adversely affected by complex flows), while cups measure
at a single point. As a result, cup anemometer and RSD Tl measurements will inevitably vary, even when
collocated. Therefore, while both cup anemometer and RSDs indicate Tl, the measured turbulence
fundamentally differs hence the direct comparison between the two observations requires more care. The
inherent differences between these two instrument types also highlights some advantages for remote
sensing devices. Although both cup anemometers and RSDs are influenced by vertical wind speed, an
RSD can isolate this component from the TI measurement, while a cup anemometer cannot decompose
velocity vectors.

The second, perhaps more formidable challenge, is centered on what the industry does about the inherent
cup to RSD Tl measurement differences. One solution to this challenge is to adjust RSD reported TI
values to fit well to the ones reported by a cup or sonic anemometer. Another possible way forward would
be to advance understanding of the relationship between RSD volumetric Tl and turbine design
parameters/ suitability, which in turn, would enable refinement of current turbine fatigue models to receive
RSD measurements directly. The Subgroup agreed to begin by tackling open questions regarding
best practice RSD Tl adjustments for onshore site suitability assessments from ground based,
vertically profiling RSDs first, both as co-located and standalone devices, since itis alow-hanging
fruit approach that the industry has already suggested as acceptable.

Finally, the Subgroup continues to work closely with other industry site suitability workstreams, such as
the IEA Task 32 and the DNV Joint Industry Project (JIP) Lidar Measured TI, to ensure the learnings
amongst all entities are shared and that maximum value is generated towards the common objective to
advance understanding of RSD use for site suitability.
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Methods

Data Collection

To benchmark the Tl differences, 35 datasets were collected from 8 organizations. Of these 35 datasets,
29 consisted of 10-minute data from two anemometers and an RSD measurement, all collocated at the
same height. The remaining 6 datasets had data from two anemometers only. Each organization filtered
their own datasets for RSD measurement quality, sensor plausibility, icing, and met tower shading.

The Subgroup’s first iterations of an open source tool? allowed each member to locally process their own
filtered, collocated datasets. For this analysis the tool enabled the computation of binned error statistics
between different TI measurements with a consistent analysis methodology and a standardized output.
The Subgroup results were generated by aggregating each organization’s output.

The group datasets include:

e 4 anemometer types, 2 lidar types, and 1 sodar

e Concurrent measurement heights ranging from 30 m to 139 m

e Met tower to RSD collocation distances ranging from 0 m to 130 m

e Simple, moderate, and complex terrain classes?

e 8regions in North America and 3 locations in Europe

e Unadjusted lidar and sodar measurements directly output from the device (i.e., no post-
processed adjustment methods applied to any measurements)

Subgroup data providers are at liberty to provide any dataset for analysis, although it was highly
encouraged to have at least 3 months of collocated measurements. The datasets used for this analysis
included a variety of anemometer model types and mast configurations. For each dataset a set of
metadata was also provided in order to understand the likely quality of the datasets provided and the
potential for additional bias. The metadata includes information on IEC mounting compliance, the
anemometer model, the anemometer class and data filtering actions taken. This information made it
possible to determine the sensitivity of the results to these and several other factors. In short, only those
datasets that met IEC compliance were used to generate the results described herein.

There remains a need for more data to evaluate RSD TI adjustment techniques in the full range of wind
energy site conditions. In particular, the sodar datasets are too small to draw definitive benchmarking
conclusions in this report.

Finally, over the past two years, the Subgroup adopted an iterative approach to its analyses, in which
learnings from initial tests motivated new research questions and evolved its testing strategy. Details on
the Subgroup’s upcoming second benchmarking exercise investigating the sensitivity of a generic turbine
loads model output to adjusted RSD TI compared to cup anemometers and is presented in more detail in
Section 4.

2 https://github.com/CFARS/site_suitability _tool

3 The classification of sites can be subjective and a different, data-based, approach to site classification will be used
in the Subgroup’s second benchmarking exercise and presented in a forthcoming white paper.
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2.2

Analysis

The methodologies and metrics used in the benchmarking tests for all 35 project datasets are described
in this section with reference to and the plotting of an example dataset (“the example dataset”) for
illustrative purposes. The example dataset contains wind speed measurements from 2 cup anemometers
and 1 RSD at the same measurement height and concurrent in time. The example dataset is comprised
of filtered 10-minute data over a period of 4 months. This dataset has 10 channels as shown in Figure 1
below. The first cup anemometer in each dataset, as in this example dataset, is defined as the reference
anemometer i.e., the truth measurement (WS_Cupl_Avg). Each wind speed measurement source (Cup
1, Cup 2, RSD) has an associated attribute for wind speed average, wind speed standard deviation, and
calculated TI as depicted in the column header in Figure 1.

Figure 1: Timeseries Subset of the Example Dataset

Timestamp
2/12/2018 10:10
2/12/2018 10:20
2/12/2018 10:30
2/12/2018 10:40
2/12/2018 10:50
2/12/2018 11:00

WD_Avg
256.7
2573
258.3
260.0
256.9
259.7

WS_Cupl_Avg

7.03
6.61
7.12
711
7.01
6.90

WS_Cupl_Std

1.09
129
1.20
1.08
134
1.23

Tl _Cupl

15.5%
19.5%
16.9%
15.2%
19.2%
17.8%

WS_Cup2_Avg
6.91
6.65
7.12
7.13
6.97
6.93

The TI for each 10-minute timestamp is calculated by

TI [%]

Wsstdev
WSavg

where Tl is expressed as a percent, its most common form.

110
123
1.20
1.03
134
121

WS_Cup2_Std

TI_Cup2
15.8%
18.5%
16.8%
14.5%
19.2%
17.5%

WS_RSD_Avg

7.12
7.19
7.14
6.95
7.02
7.08

WS_RSD_Std
125
1.47
157
133
152
1.41

TI_RSD
17.6%
20.4%
22.0%
19.1%
21.7%
19.9%

(1)

A common visualization of the example data, showing Tl from the three measurements as a function of
the reference wind speed is displayed in Figure 2 (Cupl).

Figure 2: Scatter plot of Tl Data for the Example Dataset

Example Dataset
Cup1

Example Dataset
Cup2

Example Dataset
RSD

Tleus [%]
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4

More informative however, is the direct comparison of various TI measurements. The simplest metric for
this comparison is Tl difference. The reference wind speed (Cupl) is considered our baseline, so using

10
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the data shown in Figure 2, we can calculate the difference between Tl observed by Cup 2 and by Cup 1
(Tlcupz - Tlcups, labelled “Cup2Cup”) and the difference between Tl observed by the RSD and by Cup 1
(TIrsD - Tlcup1, labelled “RSD2Cup”) for every 10-minute timestamp.

Figure 3: Scatter plot of Tl Data for the Example Dataset

Example Dataset Example Dataset
Cup2Cup RSD2Cup

= N W AW

o o o oo
I
.

A
o o o
|

|
Tlrsp~ Tloypt [%]

TICupQ' TICup‘I [%"]

A
(=]
|

n
=]

1T 1T 1T T 1
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20

WSCum [m/s] WSCum [m!s]

From Figure 3 it is evident that for this example dataset, the RSD-to-cup Tl differences are greater than
the cup-to-cup differences with RSD-to-cup comparison results showing a more pronounced deviation
from zero within each wind speed bin; nonetheless both sets of Tl differences are non-zero, although the
mean TI difference across all wind speed bins is consistently positive for RSD-to-cup comparison (3.2 %)
and closer to zero for the cup-to-cup comparison (-0.2 %).

Finally, a dynamic bin count threshold was used, based on the IEC 12-1 recommended sensitivity analysis
bin threshold formula, to determine the minimum number of data points required for a bin to be included
in the analysis and calculated for each project. Essentially, the formula requires that the minimum number
of samples per bin are 50% of the number that represents an even distribution of all samples over all bins.

A dynamic sample size threshold (N;) was calculated as:

ni =N/ an (2)
where,

N; is the minimum number of samples required per bin for a given data set

N is the total number of data points

Ny is the number of bins according to the distinct wind speed range available in each project data set

11
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2.2.1

Mean Bias Error (Accuracy) and Root Mean Square Error (Precision)

A key aim of this work is to benchmark the difference between unadjusted RSD and cup TI measurements.
The Subgroup chose two basic statistical metrics to support this goal. First, binned TI Mean Bias Error
(MBE), hereafter referred to as Tl MBE, is used to measure the average Tl difference between two
datasets, which gives overall bias or systematic error. When using MBE, the error direction, indicating an
over prediction versus an underprediction, is preserved but muted in the process of averaging. MBE can
be described as a measure of accuracy (i.e. representative of closeness to the truth). Figure 4a shows an
example of high accuracy results (i.e., MBE close to 0) and Figure 4b shows an example of low accuracy
results (i.e., MBE farther from 0), despite both panels having the same precision (spread of the observed
data).

Figure 4:

Figure 4a Higher Accuracy = Mean is Figure 4b Lower Accuracy = Mean is
close to truth farther from truth

(i.e., MBE close to 0) (i.e., MBE far from 0)

The equation for MBE is shown below. In this analysis, a value of zero for MBE at a given wind speed bin
indicates that on average, the two Tl measurements are indistinguishable. Oftentimes, MBE is a single
number, though due to the importance of resolving the results of this analysis by wind speed bin, TI| MBE
is calculated for each wind speed bin i such that:

N;
1
TI MBE; [%] = N. Z Tlcomp,n,i - TIref,n,i )
' n=1

where,

Tleomp is the comparison quantity (Tlcup2 or Tlrsp)

Tlret is the reference quantity (Tlcup1)

i is the wind speed bin (wind speed bin is center averaged with a size of 1 m/s)
n is the individual datapoint (timestamp)

N is the total number of data points in wind speed bin i

12
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Next, the Tl Root Mean Square Error (RMSE) is used in this study to measure the average Tl precision
between two datasets, where the direction of the error is not considered. Strictly speaking, precision refers
to the repeatability of data measurement. Herein, because in a broad scale, we are comparing datasets
with different methodologies under different measurement conditions, precision in this study represents
the random error or the statistical variability between instruments, which can be described by the spread
of the Tl errors (i.e., RMSE). Figure 5a shows an example of high precision (i.e., low RMSE) and Figure
5b shows an example of low precision (i.e., high RMSE), despite both figures illustrating the same average
accuracy.

Figure 5:
O ©)
Figure 5a Higher Precision = Lower Figure 5b Lower Precision = Higher
Spread Spread
(i.e., lower RMSE) (i.e., higher RMSE)

The equation for TI RMSE is shown below, where we calculate TI RMSE for every wind speed bin i
following:

N;

1 2
TI RMSEi [%] = ﬁ Z(Tlcomp,n,i - TIref,n,i) (4)
=1

Considering again the example dataset, TI MBE is calculated by binning the data from the scatter plot
shown in Figure 2. TI MBE results for the example dataset demonstrate higher accuracy for the cup-to-
cup results (near-zero MBE) compared to RSD-to-cup results (larger MBE, further from zero ) (Figure 6).
Recall that Cup 1 is always considered the reference measurement in this study, and either Cup 2, lidar,
or sodar are the comparison measurement. It is also worth noting that the RSD-to-cup MBE in the Figure
6 example is positive across all wind speeds, meaning there is a consistent overestimation in Tl bias
compared to the reference cup.

13
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Figure 6: TI Mean Bias Error (MBE) for the Example Dataset

Example Dataset

TI MBE
10
8_
—_ 6
B.E 4 ///\’\—’—\_/—/\/\—\/\
2_
w ol
= -2
— 4
= 6 - — RSD2Cup
-8 — Cup2Cup
-10 | T T | | | | |

I
0 2 4 6 8 10 12 14 16 18 20

The TI RMSE results from the example dataset demonstrate higher precision for the cup-to-cup results
(lower RMSE) compared to RSD-to-cup (higher RMSE) (Figure 7).

Figure 7: Root Mean Square Error (RMSE) for the example Dataset

Example Dataset
TI RMSE

]
o

— RSD2Cup
— Cup2Cup

—
wn
|

TI RMSE [%]
|

i

0 I I I I i I | I |
0 2 4 6 8 10 12 14 16 18 20
WSCup1 [me]

It is helpful to analyse MBE and RMSE together because they illustrate different, yet complementary,
information about TI measurement comparisons. MBE depicts the closeness to the truth on average
(Figure 8a), and RMSE represents the average closeness of the results to each other and to the truth
(Figure 8b). For instance, in a dataset of Tl error, half of the data are above the mean and half of the data

14
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are below the mean. In this case, the dataset is highly accurate on average (i.e., MBE = 0), but the spread
of the data indicates noticeable statistical variability (i.,e., R MSE > 0). Depending on how the analysis
is presented and interpreted, these features in the data could lead to a higher uncertainty or lower
confidence in the dataset overall.

The goal is to target both low MBE and low RMSE (i.e. adequate accuracy and adequate precision as
shown in Figure 8c)

Figure 8:

Figure 8a Low MBE and Figure 8b High MBE and Figure 8c Low MBE, Low
High RMSE Low RMSE RMSE

2.2.2 Representative Tl

In addition to quantifying the concurrent Tl measurements’ accuracy and precision, the Subgroup is
interested in understanding the magnitude of differences in Representative Tl as it is used explicitly in
making decisions regarding turbine suitability at a given site. Representative Tl is defined as the value
that marks the approximate 90" percentile of the Tl distribution. In other words, there is a 90% probability
that the measured TI will be less than or equal to the representative TI.

Returning to our example dataset, consider now the wind speed and Tl data that has been binned by
WS_Cupl. For each wind speed measurement (Cup 1, Cup 2 and RSD), we have WS_Avg, WS_Std,
Tl_Avg, and TI_Std. A sample binned data set is shown in the Table 1 below.

Table 1: Binned Results of the Example Dataset

Cup 1 Cup 2 RSD

WS_bin BinCount| WS_Avg WS_Std TI_Avg TI_Std | WS_Avg WS_Std TI_Avg TI_Std | WS_Avg WsS_Std TI_Avg TI_Std
3.5 28 3.62 0.07 12.79 4.76 3.65 0.10 11.46 4.95 3.74 0.14 12,71 5.38
4.0 63 4.00 0.14 11.86 4.87 4.04 0.17 10.79 4.92 4.12 0.21 11.71 3.73
4.5 a0 4.51 0.14 12.40 5.97 4.54 0.16 11.74 5.94 4.63 0.18 12.51 6.38
5.0 91 4.98 0.14 12.76 5.84 4.99 0.14 12.36 6.25 5.08 0.20 13.30 6.84
3.5 93 5.49 0.13 12.54 6.19 351 0.14 12.35 6.65 3.59 0.22 13.51 7.20
6.0 59 5.96 0.13 13.76 6.03 3.99 0.16 13.41 6.18 6.08 0.23 14.44 6.72
6.5 62 6.46 0.14 15.63 5.60 6.44 0.15 15.73 5.78 6.57 0.20 16.39 6.70
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From the binned data for an individual project, we can easily calculate representative Tl [3], by combining
the binned TI_Avg and TI_Std data using:

Representative Tl; [%] = Tlgyg; + 1.28 - Tlgq, (5)
where i is the wind speed bin.

Representative Tl can be defined in this way as the turbulence intensity measurements within each wind
speed bin are assumed to be normally distributed.

The representative Tl curves for the three wind speed measurements from the example dataset (Cup 1,
Cup 2, RSD) are displayed in Figure 9. These results show that the two cup anemometers measure very
similar representative Tl, while the RSD reports a higher representative Tl across all wind speed bins.
Since the data are from the same site and the dataset is concurrent, we can conclude that the measured
representative Tl is dependent on wind speed measurement device. It is important to calculate and
evaluate representative Tl across wind speeds because it is one of the direct inputs to loads models.

Figure 9: Representative Tl Curves for Cup 1, Cup 2, and RSD for the Example Dataset

Example Dataset
Representative TI
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In addition, it is important to evaluate the difference in concurrent cup and RSD representative Tl
curves. The difference between the representative Tl value in each bin for the example dataset, again
using Cup 1 as the reference measurement, is shown in Figure 10.
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Figure 10: Representative Tl Difference for the Example Dataset
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3.1

Benchmarking Cup and Unadjusted RSD TI
Measurement Differences

The difference in turbulence intensity measurements between two sensors or two discrete
representations of Tl (i.e., adjusted vs. unadjusted) manifests as a difference in the characterization of
turbulence intensity mean and standard deviation in each windspeed bin at a given project site.
Because a loads model ingests these binned statistics, the model output from two different Tl
distributions as input will vary based on the magnitude of bias between the two TI distributions in each
bin. It is also important to note that differences in T1 within each wind speed bin can impact loads
differently depending on both the project site and specific turbine model. Therefore, the definitive
acceptance of TI measurements relies on an evaluation based on a specific turbine model and the
statistical representation of the Tl distribution coupled with the site wind speed distribution as input to a
specific load model. For example, for one turbine, a relatively high Tl bias in a low wind speed bin may
lead to a higher error in the overall loads than another turbine with a lower percentage of overall power
production in that wind speed bin.

Aggregated TI MBE Results

For the comprehensive results of the benchmarking exercise, all 35 datasets compiled by the Subgroup
were leveraged to understand the magnitude of concurrent TI measurements’ MBE (i.e., difference or
accuracy), and RMSE (i.e., precision or repeatability) and the dependence of these metrics on sensor
type. Each project has an associated TI| MBE curve for the cup-to-cup comparison, and all but six projects
have an associated TI MBE curve for the RSD-to-cup comparison.

Individual project TI MBE and the binned average T| MBE across the entire CFARS dataset (i.e.,
Aggregated Tl MBE) are compared in Figure 11. Because not all projects have data for every wind speed
bin, the project count included in the average for the aggregated result varies by wind speed. In other
words, the Aggregated TI MBE is calculated as the average across all projects with available data in that
bin.

Figure 11: Individual Project and Aggregated TI MBE for cup-to-cup, lidar-to-cup, and sodar-to-
cup. The example dataset presented earlier would represents just one of the individual light-
coloured lines.
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The same aggregated results as above are shown in Figure 12, now on the same axis. This plot shows
the first summary of key results from the benchmarking exercise.

Figure 12: Aggregated TI MBE
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Aggregated Tl MBE for cup-to-cup, lidar-to-cup, and sodar-to-cup. Note that there are only 3 sodar
datasets, all for a single sodar model (Triton). RSD measurements are unadjusted. Given the small
sample size, the fact datasets were cleaned based on each participants’ best practices and represent a
mix of simple to complex terrain, broad conclusions from the results within should not be drawn.

Focusing on the more important wind speed bins for energy capture, 4-12 m/s, the aggregated cup-to-
cup MBE is near-zero at 0.04-0.20% across the wind speed range (Table 2). Because the result is
consistently positive, this means Cup 2 slightly overestimates the TI compared to Cup 1. For the full set
of aggregated results by wind speed bin, see Error! Reference source not found. in the Appendix.

Table 2: Aggregated TI MBE for comparison at the 4-12m/s bin range. RSD measurements are
unadjusted.

Range of Aggregated T1 MBE for 4-12 m/s

Cup2Cup | Lidar2Cup | Sodar2Cup
Min 0.04 0.65 -4.03
Max 0.20 2.40 1.13

The cup-to-cup comparison includes mostly sites with two different cup anemometer models (23 out of
27), which results in anticipated anemometer to anemometer differences. The MBE is in some instances

higher for individual projects (up to 2%) than the aggregate values (Figure 11).
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The lidar-to-cup MBE is between 0.65-2.40% for the same wind speed range (demonstrating lidar Tl
overestimation), with a trend of improving accuracy as wind speeds increase. The sodar-to-cup MBE has
a different trend, with positive MBE up to 1.13% for wind speeds less than 6 m/s and negative MBE up to
- 4.0% for wind speeds above 6 m/s.

It was expected that the MBE would be higher for the lidar-to-cup and sodar-to-cup comparisons due to
inherent differences in measurement principles.

Both lidar and sodar tend to strongly overestimate Tl at low wind speeds and sodar tends to strongly
underestimate Tl at high wind speeds. Tests were conducted with only 3 sodar (Triton) datasets, so strong
conclusions cannot be drawn from the small sample size.

Aggregated TI RMSE Results

Figures 13 and 14 are structured the same way as Figures 11 and 12 for TI MBE, but instead show the
Individual and Aggregated TI RMSE metric.

Figure 13: Individual Project and Aggregated TI RMSE for cup-to-cup, lidar-to-cup, and sodar-to-cup.
RSD measurements are unadjusted.
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This plot shows the second key result from the benchmarking.

Figure 14: Aggregated TI MRSE for cup-to-cup, lidar-to-cup, and sodar-to-cup. RSD measurements are
unadjusted.
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Again, focusing on the wind speed range 4-12 m/s, the aggregated cup-to-cup RMSE result is again quite
low (favorable precision) at 0.43-1.23% across the wind speed range (Table 3). The lidar-to-cup RMSE
is larger, between 2.21-5.77% for the same wind speed range, and the sodar-to-cup RMSE is largest,
between 3.85-12.59%. All comparisons have a trend of improving precision as wind speeds increase.
Nonetheless, given the small sample size, the fact datasets were cleaned based on each participants’
best practices and represent a mix of simple to complex terrain, broad conclusions from the results within

should not be drawn.

Table 3: Aggregated TI RMSE for comparison at the 4-12 m/s bin range.

unadjusted.

Range of Aggregated Tl RMSE for 4-12 m/s

Cup2Cup | Lidar2Cup | Sodar2Cup
Min 0.43 2.21 3.85
Max 1.23 5.77 12.59

RSD measurements are
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Representative Tl Results

Figure 15 and Figure 16 below show the representative Tl results, as defined in section 2.2.2, now
aggregated across all projects.

Figure 15: Individual Project and Aggregated Representative Tl for cup-to-cup, lidar-to-cup, and sodar-
to-cup. RSD measurements are unadjusted.
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Figure 16: Aggregated Representative Tl Difference for cup-to-cup, lidar-to-cup, and sodar-to-cup.
RSD measurements are unadjusted.
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Within wind speed range 4-12 m/s, cup-to-cup aggregated representative Tl difference ranges from -0.18
to 0.10% while aggregated representative Tl difference for lidar-to-cup and sodar-to-cup exhibit larger
differences (Table 4). The lidar-to-cup aggregated representative Tl difference is positive across all wind
speed bins while the sodar-to-cup aggregated representative Tl difference switches from positive to
negative as wind speed surpasses 7 m/s.
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Table 4: Aggregated Representative Tl Difference for comparison at the 4-12 m/s range.

measurements are unadjusted.

Range of Aggregated Representative TI
Difference for 4-12 m/s

Cup2Cup | Lidar2Cup | Sodar2Cup
Min -0.18 1.30 -5.43
Max 0.10 4.92 7.06

RSD

While differences between cup and unadjusted RSD Tl measurements are expected, benchmarking the
magnitude of the variation is a helpful starting point when considering the possible impact on turbine

fatigue load model output and the performance targets of RSD Tl adjustment methods.
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Upcoming Analysis: Benchmarking Cup and
Adjusted RSD Tl Measurement Differences with
Open Source TACT

As a complementary next step to the results presented herein, the Subgroup will generate aggregated
statistics on the magnitude of adjusted RSD-to-cup TI differences using the industry’s first open
source tool for comparing the performance of disparate RSD Tl measurements and cup anemometry,
the TI Adjustment Comparison Tool (TACT). This analysis will utilize an expanded global dataset of over
40 collocated RSD and cup measurement datasets derived in simple to complex terrain. Users can run
TACT on their local computer by downloading the source code from the GitHub repository and completing
a configuration template that allows the script to understand the user’s unique dataset.

Figure 17: Schematic of the Subgroup’s upcoming analysis using TACT.
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TACT incorporates more than 15 RSD Tl adjustment methods, based on stakeholders’ feedback on
best practice. The RSD Tl adjustment methods included range from simple to advanced, such as slope
and offset adjustments, machine learning models, and raw 1 Hz physical and spectral based corrections.
TACT also allows users to input their proprietary RSD TI correction methods for performance
benchmarking compared to the other ‘common’ techniques. The Subgroup does not intend to develop
new RSD TI adjustment methods and so designed TACT. Nonetheless, the Subgroup welcomes industry
collaboration to advance or optimize a viable RSD Tl adjustment method. For example, learnings within
the group led to the incorporation of a less widely used lidar Tl adjustment method into TACT that
leverages lidars’ 1Hz measurements and the formulation of Turbulent Kinetic Energy (TKE).
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TACT Output

TACT reports Tl comparison evaluation metrics that its contributors’ deem appropriate for informing
decisions on acceptable TI bias for turbine load models; such as wind speed binned relative MBE and
relative RMSE for unadjusted and adjusted RSD TI and representative TI measurements compared to
cup TI, as well as comparing error statistics between adjusted RSD TI to extrapolated cup TI. TI
distribution similarity tests by wind speed bin are also performed.

Further, TACT performs sensitivity analyses on each dataset’s temporal length and TKE stability class to
understand if the performance of RSD Tl adjustments may be classified by such conditions. This would
allow analysts to gauge the appropriateness of using adjusted RSD Tl measurements after early
assessment of environmental parameters and therefore decide if additional measures need to be taken
to work with the data. In addition, a corresponding RSD measurement uncertainty framework could be
developed, and uncertainty assigned based on conditions during deployment. In essence this would be
a classification of the TI measurement capabilities similar to the classification of the wind speed
measurement capabilities of the RSD as presented in the Annex L of the IEC 61400-12-1. Such a
classification is likely to be required per RSD model and firmware version, and differences between
continuous wave and pulsed lidars, and sodars would likely exist.

Finally, in the upcoming Subgroup analysis, the participants’ aggregated TACT output will be passed
to EMD International to input into their generic turbine fatigue loads model. A loads-based
sensitivity analysis from various Tl input will be performed, with the aim to quantify load model
bias as a function of adjusted RSD TI bias to cup (Figure 17). Specifically, the impact of adjusted
RSD TI bias on the blade and tower bending moments will be studied. The participants’ aggregated TACT
output will be shared with turbine OEMSs, to increase understanding of Tl adjustment methods on
proprietary loads models as well. This upcoming Subgroup analysis has the potential to significantly
move-the-needle towards RSD Tl acceptance consensus given the large dataset deployed in
testing, broad range of RSD Tl adjustment methods considered, and commitment from key
industry players to share knowledge regarding loads model impact. Preliminary results from this
effort will be released in the Spring 2022 and summarized in detail in a forthcoming peer-reviewed article.
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Best Practice Framework for Stakeholder
Collaboration to Determine Acceptable Loads Bias
Thresholds with Adjusted RSD TI

The Subgroup developed a best practice collaboration framework to elucidate an opportunity to connect
RSD TI benchmarking activities with RSD Tl acceptance decision-making for site suitability assessment
(Figure 18). The framework encourages industry stakeholders to continue collaborating to refine
TACT, leverage the tool to advance industry understanding of the sensitivity of turbine fatigue
load models to varying Tl measurements and therefore de-risks the use of adjusted RSD
measurements in site suitability assessment. Specifically, the Subgroup’s open source TACT and
complementary best practice framework enables consensus on the following:

Important RSD parameter(s) that could be considered in Tl adjustment methods

Relevant statistical analysis for comparing performance of Tl adjustment methods to cup
anemometers

Appropriate evaluation metrics and sensitivity analyses to define the target for RSD data validity

Advantages of adopting a load-based sensitivity approach when considering acceptability of load bias
and uncertainty from adjusted RSD Tl measurements

The first step of the evaluation framework recommends the owner or turbine OEM input RSD and cup
measurements into TACT. As described in Section 4, TACT applies numerous simple and more complex
correction methods to the RSD measurements and computes binned error metrics and sensitivity
analyses regarding the performance of the adjusted Tl methods compared with the collocated cup
measurements for a given dataset. The tool is also adaptable to input a proprietary RSD Tl adjustment
method for comparison. While the TACT tool incorporates knowledge and best practices from a diverse
group of industry stakeholders in the Subgroup, the tool would greatly benefit from broad industry review
and refinement; a key “ask” from the Subgroup.

Next, the framework recommends turbine OEM’s input TACT output of binned cup and adjusted RSD
representative Tl measurements into their specific fatigue load models. This would allow turbine OEMs,
and IEs if appropriate, to directly compare the impact of various adjusted TI measurements on load model
bias compared to a cup at a given site. In addition to generating these site-specific results, the Subgroup’s
aggregated results showing the sensitivity of a generic load model’s response to various measurements
may also be referred to for reference.

The CFARS best practice framework does not attempt to establish distinct RSD Tl acceptance threshold
criteria. Rather, the CFARS best practice framework described herein encourages the broader industry
to further refine TACT and for turbine OEMs and IEs to leverage its output in a commercial setting so that
data-driven discussions around the sensitivity of load model output to adjusted RSD Tl may ensue.
In turn, these discussions will advance understanding of suitability risks when using adjusted RSD TI
measurements and ultimately lead to more-informed decisions on accepting adjusted RSD TI for
site suitability assessment.
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Figure 18: Schematic representing a CFARS recommend best practice framework from stakeholder
collaboration to leverage TACT in determination of acceptable loads bias from RSDs. *TACT — TI
Adjustment Comparison Tool. More information on TACT may be found here:
https://github.com/CFARS/site_suitability _tool.
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Next Steps for Acceptance

Since its inception, the Subgroup has remained acutely aware of the need to advance the connection
between RSD TI research and commercial implementation. As a first effort to accelerate Tl adjustment
research to operations, the Subgroup presents results from an industry-wide Tl benchmarking activity
involving eight organizations and 35 collocated RSD and cup datasets. Aggregated error statistics of
MBE and RMSE between unadjusted RSD-to-cup and cup-to-cup are reported, as well as differences in
Representative TI. Overall results demonstrate moderate to large error between unadjusted RSD-to-
cup measurements compared to collocated cup-to-cup measurements, with the largest error associated
with the few sodar datasets analysed.

As a complementary next step, the Subgroup will generate aggregated statistics on the magnitude of
adjusted RSD-to-cup TI differences using the open source TACT, which comprises of over 15 RSD TI
adjustment methods. Further, the Subgroup will perform a loads-based sensitivity analysis from various
Tl input to directly link loads model bias to adjusted RSD TI bias. Preliminary results from this
benchmarking activity will be released to the industry in the Spring 2022 and summarized in detail in a
forthcoming peer-reviewed article.

Finally, to ensure the Subgroup’s research to business roll-out goal was achieved to pave the way
forward for adjusted RSD TI acceptance for site suitability assessment, a best practice stakeholder
collaboration framework was introduced to leverage the open source TACT and empower the industry
to engage in data-driven discussions about load model sensitivity and acceptance of adjusted RSD TI
bias in commercial setting. The DNV JIP [4] is working on adjusted RSD TI bias acceptance criteria for
site suitability to be released in a DNV Recommended Practice document. After its release (expected
for Summer 2022), the outcome will be included into the CFARS best practice framework to further
accelerate decision-making on appropriate RSD deployment and use for site suitability assessment on a
site-by-site basis.

Collectively, the Subgroup’s success in benchmarking unadjusted RSD Tl and creating the industry’s
first open source tool to adjust RSD Tl measurements and compare to collocated cup anemometry are
powerful examples of the technical and commercial advantages from adopting a forward-looking,
collaborative, approach. Further, the Subgroup’s upcoming TACT analysis has the potential to
significantly move-the-needle towards RSD Tl acceptance consensus given the large dataset
deployed in testing, broad range of RSD Tl adjustment methods considered, and commitment
from key industry players to share knowledge regarding loads model impact. Finally, the best
practice stakeholder collaboration framework introduced herein to leverage TACT in site suitability
decision-making showcases how contributions of goodwill to share knowledge and innovate can bring
stakeholders value in confidential, commercial, discussions as well.

CFARS’ success in unifying the industry around the shared value of removing nuance and
ambiguity in RSD best practice for site suitability is a testament to how open source
collaboration can improve the industry’s efficiency and accuracy across the wind plant lifecycle.
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Appendices

Appendix 1

The tables below provide the Aggregated TI MBE, RMSE, and Representative Tl results.

Table 1: Aggregated TI MBE Results

Wind Cup2Cup Lidar2Cup Sodar2Cup

Speed Project | Aggregated Project Aggregated Project | Aggregated
Bin Count TI MBE Count TI MBE Count TI MBE
[m/s] [-] (%] [-] [%] [-] [%0]
2.0 9 -1.25 10 1.19 -- --
2.5 15 -0.18 14 2.75 2 1.97
3.0 18 -0.08 16 3.52 3 1.78
3.5 24 0.00 23 2.96 3 0.79
4.0 24 0.06 23 2.40 3 1.13
4.5 24 0.04 23 1.93 3 0.80
5.0 25 0.11 24 1.98 3 0.14
55 27 0.20 26 1.69 3 -0.04
6.0 27 0.15 26 1.41 3 0.42
6.5 27 0.16 26 1.40 3 -0.32
7.0 26 0.16 25 1.25 3 -1.06
7.5 25 0.15 24 1.06 3 -1.42
8.0 26 0.15 25 1.11 3 -2.00
8.5 25 0.07 24 0.88 3 -2.43
9.0 23 0.08 22 0.79 3 -2.84
9.5 23 0.05 22 0.86 3 -2.96
10.0 23 0.05 22 0.78 3 -3.53
10.5 22 0.06 21 0.65 3 -3.39
11.0 20 0.06 20 0.68 2 -4.03
11.5 16 0.11 17 0.65 1 -3.13
12.0 16 0.08 16 0.69 1 -3.26
12.5 12 0.08 11 0.76 1 -3.00
13.0 6 0.21 5 0.71 1 -3.28
135 5 0.26 4 0.84 1 -3.16
14.0 3 0.22 3 0.59 -- --
14.5 3 0.21 3 0.67 -- --
15.0 2 0.54 2 0.21 -- --
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Table 2: Aggregated TI RMSE Results

Wind Cup2Cup Lidar2Cup Sodar2Cup
Speed Project | Aggregated Project Aggregated Project | Aggregated
Bin Count TI MBE Count TI MBE Count TI MBE

[m/s] [-] [%] [-] [%] [-] [%0]
2.0 9 3.83 10 9.08 -- --
2.5 15 2.26 14 8.37 2 19.52
3.0 18 1.68 16 7.82 3 13.23
3.5 24 1.43 23 6.56 3 12.08
4.0 24 1.23 23 5.77 3 12.59
4.5 24 1.00 23 5.05 3 9.72
5.0 25 0.95 24 4.65 3 8.13
55 27 0.87 26 4.01 3 8.63
6.0 27 0.80 26 3.64 3 10.31
6.5 27 0.75 26 3.50 3 8.88
7.0 26 0.71 25 3.14 3 6.70
7.5 25 0.66 24 2.91 3 7.35
8.0 26 0.66 25 2.93 3 5.68
8.5 25 0.59 24 2.64 3 5.66
9.0 23 0.55 22 2.63 3 5.12
9.5 23 0.54 22 2.47 3 5.32
10.0 23 0.53 22 2.52 3 5.29
10.5 22 0.51 21 2.30 3 5.33
11.0 20 0.47 20 2.61 2 4.84
11.5 16 0.47 17 2.31 1 3.85
12.0 16 0.43 16 2.21 1 3.91
12.5 12 0.43 11 2.11 1 3.63
13.0 6 0.55 5 2.6 1 4.11
13.5 5 0.58 4 2.09 1 3.76
14.0 3 0.62 3 1.57 -- --
14.5 3 0.60 3 1.69 -- --
15.0 2 0.64 2 0.62 -- --
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Table 3: Aggregated TI RMSE Results

Wind Cup2Cup Lidar2Cup Sodar2Cup

Speed Project | Aggregated Project Aggregated Project | Aggregated
Bin Count Repr TI Diff Count Repr TI Diff Count Repr TI Diff
[m/s] [-] [%] [-] [%] [-] [%0]
2.0 9 -1.49 10 2.23 -- --
2.5 15 -0.42 14 4.91 2 9.35
3.0 18 -0.29 16 6.42 3 5.46
3.5 24 -0.37 23 5.30 3 4.42
4.0 24 -0.18 23 4.92 3 7.06
4.5 24 -0.18 23 3.98 3 3.31
5.0 25 -0.08 24 4.07 3 1.31
55 27 0.03 26 3.38 3 2.55
6.0 27 -0.01 26 3.10 3 5.31
6.5 27 0.06 26 2.98 3 3.12
7.0 26 0.05 25 2.67 3 -0.20
7.5 25 0.04 24 2.27 3 0.06
8.0 26 0.10 25 2.31 3 -2.15
8.5 25 -0.02 24 1.83 3 -2.12
9.0 23 0.01 22 1.56 3 -3.61
9.5 23 -0.03 22 1.50 3 -3.59
10.0 23 0.03 22 1.55 3 -4.37
10.5 22 0.03 21 1.30 3 -3.66
11.0 20 0.00 20 1.62 2 -5.43
11.5 16 0.05 17 1.58 1 -4.71
12.0 16 0.04 16 1.39 1 -4.80
12.5 12 0.09 11 1.12 1 -3.97
13.0 6 0.20 5 1.87 1 -4.33
13.5 5 0.25 4 1.13 1 -3.93
14.0 3 0.20 3 0.89 -- --
14.5 3 0.16 3 0.86 -- --
15.0 2 0.46 2 0.09 -- --
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CONSORTIUM FOR ADVANCING
REMOTE SENSING

About Us

CFARS was established in 2018 and initially comprised major North American wind project owners, developers, operators, 3rd party

consultants and OEM / Technology providers. Working groups have been established to collaborate on projects promoting the acceptance and
standardisation of Remote Sensing use.

Our work has attracted global interest and now CFARS represents hundreds of individuals and organisations and we seek to create
consensus - industry consensus - and speak of Remote Sensing with a common voice.

We build bridges between industry players, research centres, standardisation bodies and task forces and other industry working groups to
rapidly address short term projects.

CFARS gives access to a large pool of wind industry Remote Sensing data and jointly with our members help to validate the use of data. We
jointly present compelling results to our industry peers.

Why? To act as a Consortium For Advancing Remote Sensing to enable and increase the competitiveness of the wind energy industry within
the energy & power sector.

Our Members
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No part of this document or translations of it may be reproduced or transmitted in any form or by any means, electronic or mechanical

including photocopying, recording or any other information storage and retrieval system, without prior permission in writing from CFARS. All
facts and figures correct at time of print. All rights reserved. © Copyright 2021



