
Author’s response to the referee comments of the paper
Enhancing minute-scale lidar-based power forecasts of offshore wind farms towards
an operational use

Frauke Theuer, Janna Kristina Seifert, Jörge Schneemann, and Martin Kühn5

We thank the referees for the time and effort they put into reviewing our work and appreciate their constructive feedback and
comments. Please find our answers to the comments below. Referee comments are printed in italic font while our answers are
printed in normal font.
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Referee 1

General Comments:
[R1C1] One of the key novelties of the paper is the extension of the forecast horizon up to 30 minutes. The authors also

emphasize this aspect in the abstract and the introduction. The results are somewhat sobering for the longest forecast horizons15

and no positive skill score could be achieved. While this might be disappointing for applications, it is an important finding.

However, the skill scores for very long forecast horizons are not mentioned in the abstract nor in the conclusion. This creates

an inconsistency in the overall presentation. I suggest placing this more prominently in both sections and clearly stating the

maximum forecast horizons for which a meaningful skill score can be achieved.

Authors response: We clearly state up to which forecast horizons and for which atmospheric conditions the skill scores are20

positive in both the abstract (cf. line 8f.) and the conclusion (cf. line 525ff.). We’ve added a short phrase to clarify that for
higher forecast horizons skill scores were negative to the conclusion. To keep the abstract brief and concise, we kept it as is.

[R1C2] The authors identify the farm-level forecast as the most important for applications. However, the presentation of the

results for the whole wind farm is rather brief. I suggest expanding this section and discussing the presented results in more25

detail. If possible, add results on, e.g., the effect of the height correction on the forecast for the entire wind farm.

Authors response: To understand and further develop the methodology it is important to understand its shortcomings and any
systematic bias that might occur. For that purpose, analysing forecasts of individual turbines in detail is useful and valuable.
Wind farm aggregates, i.e. farm-level forecasts, can possibly achieve better results as compared to individual turbines as some
errors are averaged out (cf. Section 3.3., line 370ff.). A systematic bias, however, would persist. The analysis of such bias is in30

our opinion well covered by the analysis of individual turbine forecasts. Thus, an analysis of the effect of height correction on
the forecast for the entire wind farm would in our opinion not add significant value to the paper while making it even longer.
With the methodology well understood and analysed in-depth, future work will focus on forecasts of entire wind farms and
their application.

35

[R1C3] In some places, descriptions of the methodology and conclusions drawn from the results lack precision.

Authors response: We changed some parts of the methodology and conclusions based on your specific comments.
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[R1C4] In some places, results and conclusions are presented as statements and omit the presentation of (quantitative)

evidence.40

Authors response: We improved this based on the suggestions you made in the specific comments.

[R1C5] Towards the end of the results section and in some parts of the conclusion, the text lacks clarity and is hard to

understand.

Authors response: We revised the results section and conclusion based on your specific comments.45

[R1C6] In some places, English language editing could be improved. I did not include this in the review.

Authors response: We tried to further improve English language.

Specific Comments:50

[R1C7] L43: The authors state: “In order for the forecasts to be useful for applications not only in system integration but

also in electricity trading, an extension of the forecast horizon to at least 15 minutes plus an additional processing time of a

few minutes for forecast generation and application is required.” This is the central motivation for why the extension of the

forecast horizon is relevant. However, no further explanation and/or literature is given. Please add a short explanation, ideally

including literature, to support your statement.55

Authors response: We have added the following explanation: These forecast horizons account for 15 minute trading intervals
commonly used on the intraday market, forecast generation and the gate closure time of the market Scharff (2015).

[R1C8] L82: “To avoid a frequent change of trajectories, the wind direction intervals were defined to overlap in a 10◦ sector.”

Is this intended as a hysteresis? Please rephrase for clarity and name it if so.60

Authors response: Yes, that’s correct. We changed it accordingly.

[R1C9] L81: “These sectors were optimized for lidar-based forecasting considering the wind direction, the lidar position and

the wind farm layout.” An optimization suggests an objective quantitative procedure. Please provide a quantitative description

of the optimization process (objective, constraints, method). If no objective and quantitative approach was used, please65

rephrase.

Authors response: You’re right. In this work, we used a qualitative approach to define scanning trajectories for different wind
direction sectors. Only in later work, a quantitative procedure was introduced. We rephrased the statement accordingly.

[R1C10] L80: “During the campaign, it was alternated between five horizontal PPIs and a set of profile-PPIs.” What is “it”?70

The scan pattern? Please clarify.

Authors response: Yes, "it" refers to the scan pattern. We changed the sentence accordingly.

[R1C11] Table 2: Splitting this table into two tables (one for horizontal PPI and one for profile PPI) would increase readability.

Authors response: We are assuming you are referring to Table 1. As suggested, we’ve splitted it into two tables.75
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[R1C12] Figure 2: There are no explicit panel labels (a) and (b) in the figure (only left and right). Please ensure the figure

panels are labeled to match the caption and provide the projection/coordinate system for the left panel.

Authors response: Figure 2 does already contain panel labels (a) and (b).
80

[R1C13] L127: “In this work, ktend was optimized in a sensitivity study and defined as...” Please provide sufficient details so

the sensitivity study is reproducible. What was the optimization criterion/cost function, parameter search space?

Authors response: We have added a sentence to further detail the sensitivity study. In this work, ktend was optimised in a
sensitivity study to minimise the forecasts rmse. We analysed values of ktarg and ktend up to 30 minutes in 1 minute steps
respectively. ktend is defined as:85

[R1C14] L132: How were the inclination data processed/averaged? The inclination sensor measures acceleration relative to

the gravitational field (I assume). High-frequency vibration-related accelerations from the turbine could contaminate short-

interval inclination estimates and introduce ”phantom-inclinations”. While distinguishing these effects may be difficult, this

potential issue should at least be discussed.90

Authors response: We clarified the description of the inclination sensors in Section 2.1, line 88ff. and added: "The lidar was
equipped with two accurate high speed 1D inertial sensors (Micro-Epsilon INC5701), measuring pitch and roll of the device.
The sensors feature a resolution of 0.001◦ and an accuracy of 0.04◦ at a sampling rate of 250Hz. An internal low pass filter
with a dynamic extension called sensorFUSION allows for accurate and undisturbed inclination readings even in vibrating
environments (MICRO-EPSILON Eltrotec GmbH)."95

[R1C15] L169: “While in this work we analysed deterministic forecasts only...” I suggest moving this to the discussion rather

than methods/results, as probabilistic methodology is not applied here.

Authors response: We have moved the whole paragraph to Section 4.3, Line 501ff.
100

[R1C16] Figure 3: If the aim is to illustrate scatter, please state this explicitly. It would also help to use a colour bar to indicate

point density.

Authors response: We added a colour bar showing point density.

[R1C17] L181: I am not sure if “deterministic” is the right word here. Maybe use “average” instead.105

Authors response: We changed "deterministic power curve" to "average power curve" as suggested.

[R1C18] L253: “...recognising that the forecast characteristics for neutral stratification, e.g. classified by |L| > 500 m, could

differ.” Why did you not include a separate neutral class if you recognise the results could differ?

Authors response: Our previous work has revealed a strong dependency of forecast skill on atmospheric conditions (Theuer110

et al., 2020a, b, 2021). In Theuer et al. (2021) we found that forecast skill is impacted by the different definitions of the stability-
corrected wind profile for L < 0 and L > 0. This supports the choice of data subsets in accordance with the definition of the
stability-corrected logarithmic wind speed profile we used in this work. From a purely pragmatic perspective, a distribution
of neutral cases to stable and unstable ones, i. e. only distinguishing between L < 0 and L > 0, increases the number of valid
samples per subset while keeping it also balanced between the two subsets. A more detailed distinction between stability cases115
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was performed in Theuer et al. (2021) and goes beyond the scope of this work.

[R1C19] L253: “With increasing lead time, the forecast availability significantly reduces.” This is important for applications

and could be displayed and discussed in more detail. Percentages of forecast availability over the investigated period would

be easier to interpret than absolute counts.120

Authors response: We added percentage (related to the availability at a forecast horizon of 1 minute) in addition to the absolute
numbers.

[R1C20] Figure 4: It is very hard to distinguish the markers. Please use more easily distinguishable symbols/line styles.

Authors response: We have adjusted the line styles to make a distinction easier.125

[R1C21] L279: “Comparing the rmse and rmse ss of individual turbines, it can be noted that free-stream turbines for main

wind direction show lower rmse, i.e. can be predicted more accurately. During unstable cases also the rmse ss is higher for

those turbines. In stable cases this is not as distinct as also persistence is more accurate for free stream turbines.” While

this may have been observed, it is not visible in the presented results. Either modify the figures to illustrate this or provide130

additional quantitative results supporting these statements.

Authors response: We have adjusted Figures 6, 7 and 11 to distinguish between free flow and wake impacted turbines.

[R1C22] L283: You attribute the observed biases to the limited lidar range. Could increased pointing uncertainty, measurement

height errors and wind-profile errors also play a role? If not, please discuss why not.135

Authors response: The strong negative bias for large forecast horizons (as visible in Figure 6c) is very clearly related to
limited lidar range. The analysis of only situations the lidar range can cover (cf. Equation 12) in Figure 7c confirms this. More
evidence is presented in Figure 8, which shows the forecast’s bias dependent on forecast horizon and wind speed. The positive
bias observed for smaller horizons is related to low wind speeds and the definition of the LF, which is - similarly as persistence
- utilizing the observed wind speed at time t. While we are confident that the limited lidar range dominates the bias, it is true140

that other factors could also contribute. Please refer to Theuer et al. (2021) for a detailed analysis of measurement height errors
and wind profile errors on overall forecast uncertainty. In this work we also analyse and discuss the forecast uncertainty related
to wind speed extrapolation to hub height in Section 3.1 and Section 4.1.

[R1C23] L336: “...and the average scan ID of the wind vectors contributing, with lower IDs corresponding to more recent145

scans, on the average wind vector age is shown.” Please define and explain “scan ID” more clearly and how it is assigned.

Authors response: We have added a definition of "scan ID".

[R1C24] L363: “Additionally, the number of valid forecasts...” This sentence is cumbersome and hard to read, and it reads

like a table header. Please rephrase and explain the quantities while discussing the results separately.150

Authors response: We have changed the sentence to make it easier to read.

[R1C25] L366: “The skill at a 15-minute horizon holds significant value when aiming at the application of the forecast for

trading and system operation.”This appears out of context here. A short explanation of why 15 minutes is critical would help.

4



Also, many other forecast horizons are discussed—what is their intended use?155

Authors response: For the importance of 15 minute forecast horizons, please refer to our answer to your comment R1C7. The
evaluation of other forecast horizons is important to understand the benefit and shortcomings of the methodology and to further
develop it. Forecast horizons beyond 15 minutes allow for more flexibility when trading continuously on the intraday market.
Shorter forecast horizons could be explored for applications in wind farm and wind turbine control, however, this is not focus
of our work.160

[R1C26] Figure 12: Introduce a symbol for propagation time/duration and add it to the legend. You use ∆Tprop in Table 3 but

do not introduce it in the text before.

Authors response: We have added ∆Tprop to the legend of Figure 12 and an introduction to the text.
165

[R1C27] End of Section 3.4: I think the farm-level results are the most relevant for applications. Nevertheless, very little space

is given to explaining the results, and they are cramped between long case definitions. I suggest allocating more space to

explain the results. At present, the last two paragraphs of Section 3.4 are quite hard to read.

Authors response: We have tried to improve the last two paragraphs of Section 3.4 to make them easier to read. Please also
refer to our answer to you comment R1C3 regarding the detailed analysis of individual wind turbine power forecasts.170

[R1C28] Table 3: Much of this information is already displayed in Figure 12. Consider condensing the table or moving some

content to the figure/caption.

Authors response: Despite the fact that some of the results summarised in Table 3 are also displayed in Figure 12, we would
like to keep the table as is. We believe the results are very important and thus should be shown in as much detail as they are in175

Table 3.

[R1C29] Section 3.4: Use “maximum” instead of “maximal.”

Authors response: We’ve implemented the suggestion.
180

[R1C30] L396: “In those cases, the forecast uncertainty is not dominated by the height correction...” This implies that

height correction dominates at shorter lead times. Consider rephrasing to “In those cases, height correction is less important

compared to other factors.”

Authors response: We’ve implemented the suggestion.
185

[R1C31] L416: “The estimation of the measurement height using the tilt model was similarly accurate to using the inclination

sensor data.” The measurement height itself was not evaluated in this work. Therefore, this conclusion cannot be drawn as

stated. You showed that wind speed extrapolation led to similar improvements in forecast skill for both methods.

Authors response: We agree and rephrased the sentence.
190

[R1C32] L444–L450: “If only few scans contribute to a forecast...” The point is hard to follow. Please rephrase for clarity.

Also check whether “enhanced” is the right verb in some sentences.
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Authors response: We have rephrased the sentence and exchanged "enhanced" for "amplified".

[R1C33] L502: “Our results also confirmed the dependence of forecast skill on turbine position... Free-stream turbines can195

be predicted more accurately than inner-farm ones.” This is stated but not shown in the displayed results (see comment above).

Please provide supporting evidence or soften the claim.

Authors response: As stated above, we’ve changed the figures to show these results.

[R1C34] L511: “As ill-predicted ramp events can become very costly both in electricity trading...” You argue economic value200

via ramp events; however, you did not investigate them here. It would be better to explain how the KPIs investigated in your

study contribute to the economic viability of LFs, or clearly point to planned future work.

Authors response: In lin 509f. we highlight the necessity of a cost-benefit analysis for different areas of application to analyse
the LF’s economic viability. Such an analysis is out of the scope of this work. However, as studies have shown and as we also
mention in this paragraph of the discussion, the benefit of the LF compared to statistical methods is particularly high during205

ramp events. We thus consider it worthwhile to mention the possible/likely economic upside of the LF during the situations
and motivate further work (cf. line 513f.)

[R1C35] L516: “...of a minute-scale wind speed and power forecast.” Add “lidar based” (or similar) for clarity.

Authors response: We added "lidar-based" as suggested.210

[R1C36] Conclusion: Why do you not mention farm-level forecasts here? You state yourself that they are most relevant for

applications.

Authors response: We mention that the analysis of forecast characteristics is useful to assess wind farm power forecasts. We
have added a sentence that mentions the skill score of farm-level forecasts during unstable atmospheric conditions.215

[R1C37] L528: “Considering these forecast characteristics has proven useful for the assessment of wind farm power forecasts

and can be beneficial to end-users.” This sentence seems too vague. Consider specifying how it benefits end-users (e.g.,

selection rules, extended horizon where persistence is outperformed).

Authors response: We specified this further by mentioning the usefulness of forecast characteristics for the definition of220

selection rules.

Referee 2
General Comments:
[R2C1] The influence of lidar measurement geometry is discussed repeatedly throughout the manuscript and is proposed to be225

important for the forecast skill and bias. However, these relationships are not explicitly demonstrated in the results. I encourage

the authors to quantify the effect of measurement geometry, for example by analyzing forecast skill as a function of parameters

related to the measurement geometry.

Based on Figure 2, I suggest making a map of the forecast skill as seen in for instance Figure 9 transformed into spatial

locations, i.e. does the forecast skill depend on where in space the measurement comes from?230

Authors response: We agree that this is an interesting question that deserves further analysis. In Theuer et al. (2020b) the authors
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analyse the dependence of forecast skill on wind direction. They found that directions not covered well by lidar scans result in
lower forecast skill. Ortensi et al. (2022) analysed the impact of scanning trajectory parameters on wind field reconstruction and
lidar-based forecast skill using large eddy simulations (LES). They found that both angular and temporal resolution of the lidar
scans have an effect on forecast skill. Using LES to study the impact of measurement geometry and scanning trajectories on235

forecast skill is a very reasonable approach, as it allows to test and analyse different scan settings under the same atmospheric
conditions. With real data, it is on one hand difficult to test many different scan settings due to limited measurement campaign
durations. On the other hand, many other factors such as wind speed, atmospheric stability and differences in lidar data quality
due to weather impact the forecast skill and make it difficult to distinguish between effects. Such an analysis was out of the
scope of this paper, however, we’ve added a sentence to discuss this in Section 4.2, Line 438.240

[R2C2] Forecast skill is extensively analysed as a function of stability, but not wind direction. Given the coastal site characteristics,

I would like to see such an analysis taking both stability and wind direction into account.

Authors response: We agree that such an analysis would be interesting to see. In Theuer et al. (2020b) an analysis of forecast
skill dependent on wind direction was performed. The authors found that low forecast skill for certain wind directions is related245

to a less favourable lidar coverage. However, this was not at a coastal site.
We expect atmospheric stability to differ between land and sea sectors, with more stable cases for land-breezes as warm air
from land flows over cold water. As we distinguish between atmospheric conditions, this effect is to some extent covered in
our analysis. Nevertheless, this and other impacts, such as more turbulent flow for land sectors, would be interesting to analyse
in more detail. With our paper focusing on developing the forecast towards an operational use, we believe such an analysis is250

out of scope here. We have added a sentence that mentions the possible impact of wind direction on the results to Section 4.3,
Line 483.

[R2C3] Generally, I would like to be able to understand the figures by just looking at them and reading the figure labels, so

please provide more description in the figure labels of the variables used in the figures.255

Authors response: We have revised the figure captions.

[R2C4] The manuscript repeatedly emphasises operational use (electricity trading, system operation, end-users), but no

quantitative assessment of operational or economic value is provided. Please moderate these claims or provide supporting

evidence.260

Authors response: You are correct, the value of operational use is not quantified in this research. The objective of our present
work is to increase the forecast horizon and skill of a lidar-based forecasting approach to make it useful for future operational
use (cf. Section 1, line 46f.). The economic quantification of the lidar-based forecast is an important next step towards an
operational use. It depends on several, mainly economic factors like current energy prices. This is not the scope of this work.
Our present analysis is an important contribution to further understand the forecast methodology as well as its potential and265

shortcomings. In particular the distinction between favourable and unfavourable power forecasts compared to a reference
method is a valuable step towards operational use. We agree that further analysis is required to assess the economic value
of lidar-based forecasts, however, this would exceed the scope of our work. Please also refer to Section 4.3. for a detailed
discussion of the operational use of lidar-based forecasts. To summarise, in our opinion our objective aligns well with the
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analysis, results and discussion we show and we thus did not change it.270

Specific Comments:
[R2C5] Lines 73-75: Please clarify the distinction between range-gate spacing and spatial resolution. The current description

is difficult to follow.

Authors response: We have changed the wording to make the distinction between range gate-spacing and spatial resolution275

more clear.

[R2C6] Line 79: Please update the status of Paulsen et al. (2024) and please provide sufficient methodological detail in the

manuscript for the convenience of the reader.

Authors response: We have updated the reference Paulsen et al. (2026). We describe the method used to determine wind profiles280

from elevated lidar scans in Section 2.3 (line 137ff.) in sufficient detail for the reader to follow. For more detailed information
we refer to Paulsen et al. (2026). The used scans are described in Section 2.1 (line 74ff.).

[R2C7] Line 88: Please provide additional information on the placement of the inclination sensors and discuss the potential

influence of structural vibrations on the measurements. How well does these measurements reflect the lidar beam direction?285

Authors response: Please refer to our answer to comment R1C14 for additional information on the inclination sensors. The
used inclination sensors accurately measure pitch and roll of the lidar. You refer to the bias between the direction measured by
the inclinometers and the true beam direction. We assessed this bias using the method of sea surface levelling (SSL). Using
SSL we obtained the true beam elevation and compared it to the readings of the inclinometers to assess the bias.

290

[R2C8] Line 92: Please define OSTIA at first use (Operational Sea Surface Temperature and Ice Analysis).

Authors response: We’ve added the missing definition.

[R2C9] Lines 109-110: Please justify the chosen filtering thresholds (75°-105° and 50% scan availability). Were sensitivity

studies performed?295

Authors response: The threshold 75◦ − 105◦ was defined considering an uncertainty estimation of Equation (1) used for wind
field reconstruction and is a commonly used threshold, e.g. Schneemann et al. (2020). The 50% threshold for scan availability
was chosen as a trade-off between a high number of available scans and sufficient data quality, i.e. few data gaps. No sensitivity
study was performed to define the threshold.

300

[R2C10] Line 151: How frequently were stability-corrected logarithmic profiles used as a fallback due to missing profile-PPI

measurements? Was there a tendency that this happened during specific meteorological situations?

Authors response: We used stability-corrected logarithmic profiles from 01/2023 until 05/2023, when no profile-PPIs were
performed (cf. Table 2). During times when profile-PPIs were performed and horizontal PPIs yielded valid scans (cf. Section
2.2, line 109ff.) roughly 7% of profile-PPIs were replaced by logarithmic profiles. Generally, the times during which both305

horizontal and profile-PPIs provide useful data align well, i.e. during fog or rain neither is available. For profile measurements,
data availability decreases with height as a consequence of fewer measurement points Paulsen et al. (2026).
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Figure 1. rmse and bias of the power curve’s bias averaged for all turbines of Nordergründe for forecast horizons from 1 to 30 minutes in %,
normalised with the turbines’ rated power.

[R2C11] Line 160: Equation (5)/(6) Consider adding a nomenclature table or schematic explaining the variables used in

Equations (5) and (6). This could also be useful for a lot of other variables in the manuscript.310

Authors response: Please refer to Theuer et al. (2021) for a detailed explanation of the tendency approach, also including a
schematic that visualises Equations (4) and (5).

[R2C12] Line 186: Regarding the bias correction in Eq7, I wonder how the distribution of (Pobs(t + ktarg) - Ppc(t + ktarg))

-(Pobs(t) - Ppc(t)) look like and what the mean and std of it is. Please include these diagnostics.315

Authors response: The diagnostic you are describing aims at understanding if the assumption that the deviation of the observed
SCADA power from the power curve persists is true. Figure 1 shows the rmse and bias of (Pobs(t+ ktarg)−P (t+ ktarg))−
(Pobs(t)−Ppc(t)) averaged for all turbines of Nordergründe for forecast horizons from 1 to 30 minutes in %, normalised with
the turbines’ rated power. While the bias fluctuates around zero for all cases, the rmse increases with lead time from 6.5% at 1
minute to 7.9% at 30 minutes. We consider this increase small enough to justify the assumption of a persisting deviation from320

the power curve. We decided not to include this in the manuscript.

[R2C13] Line 199: Typo “can then defined” should read “can then be defined”.

Authors response: We’ve corrected this mistake.
325

[R2C14] Line 220: Please explain what is meant by “The reference case does not account for differences in measurement

height between consecutive wind speed forecasts.”

Authors response: The three different methodologies to account for measurement height differences (no tilt correction, tilt
model and inclination sensors) are evaluated using the rmse skill score. As stated in Equation (10), it compares the rmse of the
case to be analysed against a reference case. Here, the reference case does not account for measurement height differences of330
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wind vectors contributing to the wind speed forecast caused by the changing lidar tilt and positions of origin.

[R2C15] Line 235: Please define “NG” and other abbreviations when first introduced or even better omit the use of them. The

manuscript contains many abbreviations and by the time NG appears, some readers may be tempted to interpret it as “Not

Good” rather than Nordergründe.335

Authors response: We have added the missing definition of "NG".

[R2C16] Line 245: Could the exclusion of September 2022 to January 2023 introduce seasonal bias into the evaluation? Please

also make the writing of dates, months and years clearer.

Authors response: In our data the months January to May are overrepresented (cf. Table 2). We expect this to impact the340

distribution of atmospheric stability in the data set and possibly also the wind speed average. As this study and previous work
has shown, in particular atmospheric stability has a strong impact on forecast skill and bias, with a large positive bias associated
with stable conditions Theuer et al. (2021). By distinguishing between stable and unstable cases in our analysis, we expect the
exclusion of September 2022 to January 2023 not to significantly impact the bias.
We have changed the writing of dates, months and year.345

[R2C17] Line 253: Forecast availability decreases substantially with lead time. Please discuss the trade-off between forecast

skill and forecast availability.

Authors response: Forecast availability decreases with lead time as a consequence of limited lidar measurement range. Forecast
skill is also related to lead time as discussed in detail in Section 4.2: Longer wind vector propagation duration is related350

to greater uncertainty. If we apply selection criteria based on the propagation duration, forecast availability is even further
reduced, particularly for large forecast horizons (cf Table 3). You are correct that the application of selection criteria reduces
the forecast availability while improving the overall forecast skill. While this seems like a trade-off between forecast skill and
forecast availability, understanding during which situations the lidar-based forecast is beneficial as compared to persistence is
crucial. As discussed in Section 4.3 (line 507ff.), a cost-benefit analysis is required to assess the value of the LF. Also, this355

knowledge might be beneficial to develop and train hybrid models (cf. Section 4.3, line 497ff.).
More general, we consider it very important for forecast availability as well as skill to increase measurement range by increasing
lidar range and optimising lidar trajectories and device positioning (cf Section 4.2, 435ff.).

[R2C18] Line 278: The method is unable to outperform persistence under stable conditions. This limitation deserves further360

discussion.

Authors response: Please refer to Section 4.3 for a discussion of the impact of atmospheric condition on forecast skill and in
comparison to persistence. It also refers to several studies that have found and discussed similar findings, e.g. Theuer et al.
(2021), Theuer et al. (2022b) and Pichault et al. (2021).

365

[R2C19] Line 283: Could induction-zone or blockage effects contribute to the observed forecast bias? Please discuss.

Authors response: Several points need to be taken into account when assessing the impact of induction-zone or blockage
effects on forecast bias. First, wind vectors are not measured and propagated at hub height but for distances close to the wind
farm typically at lower altitudes. We thus expect them not to be impacted significantly by blockage. Moreover, the tendency
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approach considers the wind speed tendency as estimated using the propagated wind vectors, and by doing so a systematic370

bias of individual forecasts is reduced (cf. Section 4.2, line 451ff.). A bias caused by blockage would only become relevant if
the amount of blockage changes, similarly as it would for changing wake situations (cf. Theuer et al. (2022a) for more detail).
Finally, we expect the global blockage effect of Nordergründe to be small and at most relevant during a few specific atmospheric
conditions. To summarise, we expect induction-zone or blockage effects to be negligible compared to other factors. We have
clarified this in the discussion in Section 4.3.375

[R2C20] Line 344: Figure 9 How does the forecast skill depend on turbine location within the wind farm (free stream versus

waked turbines and how does the wind direction influence the results? I wonder if there is some influence from spatial location

to time, i.e. if you based on spatial location show the performance, can you then see some trends in the result?

Authors response: Regarding free-stream versus waked turbines, please refer to the comments R1C21 and R1C33 of Reviewer380

1 and Section 4.3. Regarding the impact of wind direction on the results, please refer to our answer to your comment R2C2
and Section 4.3. Regarding the impact of spatial location on the results, please refer to our answer to your comment R2C1.

Community comment by Elliot Simon
[R3C1] Line 38: “To our knowledge, the only exceptions with forecast horizons beyond 5 minutes is a study by Würth (2022)..”385

The authors should also be aware of the following works:

Carpenter, R. L. (2013). Short-term Numerical Forecasts Using WindTracer Lidar Data, AMS,

https://ams.confex.com/ams/93Annual/webprogram/Manuscript/Paper216094/Carpenter%20WindTracer%20AMS2013%204Energy.pdf

Includes a lidar based advection forecast method with horizon covering 0-45 minutes ahead.

Simon, E. (2019). Minute-Scale Wind Forecasting Using Lidar Inflow Measurements. PhD Thesis. DTU Wind Energy. https://doi.org/10.11581/dtu:00000054390

Includes a lidar based forecast method with forecast horizons covering 0-60 minutes ahead (see for example page 110).

Authors response: Thanks for pointing this out. We have added both references to our introduction.
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Abstract. Minute-scale power forecasts are gaining importance to support the integration of volatile wind power in particular

for offshore wind farms with geographical concentration of generation capacity. Lidar-based approaches have proven useful

as an alternative to statistical methods, however, their forecast horizon needs to be extended from currently 5 minutes to at

least 15 minutes to be useful for end-users. In this work, we utilize
:::::
utilise

:
data from an extensive offshore measurement

campaign and adapt a lidar-based forecasting approach, e.g. to include wind profile and lidar inclination measurements for5

improved tilt correction and vertical extrapolation of wind speed, to forecast wind speed and power with horizons of up to 30

minutes. We evaluate individual turbine wind speed and power forecasts and compare them against the benchmark persistence.

Further, the impact of forecast characteristics on the forecast skill are analysed. Our results revealed the lidar-based forecast’s

ability to outperform persistence up to a 16 minute forecast horizon during unstable conditions. An increased wind vector

age and propagation duration was found to reduce the forecast skill. Wind farm power forecasts are analysed neglecting large10

propagation durations, which increased the forecast skill and forecast horizon for which persistence was outperformed. We

discuss the applied wind speed extrapolation approaches, the impact of lidar trajectories and wind vector propagation on

forecast skill
:
, and the value of lidar-based minute-scale power forecast for end-users. In conclusion, the skill of the lidar-based

approach highly depends
:
is
::::::
highly

:::::::::
dependent

:
on atmospheric conditions and the forecast characteristics. When considering

this for its operational use, the lidar-based forecast has the potential to improve wind farm power forecasts for relevant forecast15

horizons.

1
:::::::::::
Introduction

In order to reach its climate targets
:
, the EU aims to cover 45 % of its overall

:::
total

:
energy consumption by renewable energies

:::::
energy

:
by 2030 (European Commission, 2023). In this context, the installed capacity of offshore wind in the EU member

states is supposed to increase from 16 GW at present to 111 GW by the end of this decade (WindEurope, 2023). With this20

increasing share of fluctuating sources that are being fed into our energy system, keeping the grid stable become
:::::::
becomes

increasingly challenging. Thus, accurate minute-scale forecasts are required to support the system integration of wind and

solar power (Sweeney et al., 2020; Würth et al., 2019). On these time scales, typically statistical methods are
:::::::
typically

:
used;

however, recently remote-sensing-based approaches have proven useful for wind power forecasts (Würth et al., 2019; Theuer
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et al., 2021, 2022a; Pichault et al., 2021a). These approaches utilize
::::
utilise

:
upstream wind measurements to derive wind speed25

and power forecasts at a downstream position as a physical-based alternative to statistical methods.

Theuer et al. (2021) developed a lidar-based approach based on a probabilistic radar-based forecast (Valldecabres et al.,

2018b, 2020) and applied it to individual free-stream turbines of a large offshore wind farm to predict power with forecast

horizons of 5 minutes. The authors further extended this approach to all turbines of the wind farm and by integrating turbine

operational data to an observer-based approach (Theuer et al., 2022a). Pichault et al. (2021a) combined a lidar-based forecast30

with turbine operational data and a machine learning approach to successfully predict the aggregated power of an onshore wind

farm.

While these studies have proven the potential of lidar-based forecasting approaches, they are all limited to a forecast horizon

of 5 minutes. As Valldecabres et al. (2018b), Würth et al. (2018) and Theuer et al. (2020a) discuss in their work, the short

forecast horizon is primarily
:::::
mainly

:
attributed to limitations in the available data. As follows from the advection methodologies35

applied, the forecast horizon of lidar-based forecasts is directly related to the measurement range of the lidar devices and

the prevailing wind speed. In many cases, the measurement campaigns were not designed for the purpose of minute-scale

forecasting, further limiting the forecast horizon.

To our knowledge, the only
::::
Only

::
a
:::
few

:
exceptions with forecast horizons beyond 5 minutes is a study by Würth (2022)

, in which the authors
::::
exist.

::::::::::::::::::::
Carpenter et al. (2013)

:::
used

::
a
:::
set

:::
of

:::::::
elevated

::::
lidar

:::::
scans

:::
to

::::::
predict

:::::
wind

:::::
speed

:::::
with

:::::::
forecast40

:::::::
horizons

::
of

::::
0-45

:::::::
minutes

::
at
:::
an

:::::::
onshore

:::
site.

::::
The

::::::
author

:::::
found

::::
that

::
an

::::::::
advection

:::::::
method

::
is

::::
able

::
to

:::::::::
outperform

::::::::::
persistence

:::
for

::
all

:::::::
analysed

:::::::
forecast

::::::::
horizons,

::::::::
however,

::::
only

:::
few

::::::
details

::
on

:::::::::::
methodology

:::
and

:::::::
analysis

:::
are

::::::::
provided.

::::::::::::
Simon (2019)

::::
used

::::::
almost

::::::::
horizontal

::::
PPI

::::
scans

:::
of

:::::
lidars

:::::::::
positioned

::
on

::
a

:::::::
platform

::
to

::::
train

::
a
::::
SGD

::::::::::
(Stochastic

:::::::
Gradient

::::::::
Descent)

::::::
model

:::
and

::::::
predict

:::::
wind

:::::
speed

::::
with

:::::::
forecast

:::::::
horizons

:::::
from

::::
1-60

:::::::
minutes

::
at

::
an

:::::::
onshore

::::
site.

::::
For

::
all

:::::::
forecast

::::::::
horizons

::::
their

:::::
model

:::::::
showed

:::::
lower

:::::
rmse

:::
than

::::::::::
persistence.

:::::::::::::
Würth (2022) predicted wind power with forecast horizons of up to 30 minutes, averaged over 10-minute-45

intervals, at an offshore site and a complex onshore site. At the offshore site, a long-range lidar was positioned on the nacelle

of a wind turbine and utilized
::::::
utilised to predict its power more accurately than persistence for a 10-minute horizon. At the

onshore site, the lidar-based approach was neither able to outperform a statistical benchmark for a 0 to 10 minute nor a 10 to

20 minute forecast horizon, which the authors mainly attribute to the complex orography at the site. In order for the forecasts

to be useful for applications not only in system integration but also in electricity trading, an extension of the forecast horizon50

to at least 15 minutes plus an additional processing time of a few minutes for forecast generation and application is required.

:::::
These

:::::::
forecast

:::::::
horizons

:::::::
account

:::
for

:::
15

::::::
minute

::::::
trading

:::::::
intervals

::::::::::
commonly

::::
used

::
on

:::
the

::::::::
intraday

::::::
market,

:::::::
forecast

::::::::::
generation,

:::
and

:::
the

::::
gate

::::::
closure

::::
time

::
of

:::
the

::::::
market

:::::::::::::
(Scharff, 2015).

:

The objective of our work is therefore to further increase the forecast horizon and skill of a lidar-based wind power forecast

to make it suitable for an operational use. To this end, we conducted an extensive measurement campaign specifically designed55

for the purpose of lidar-based minute-scale forecasting in an offshore wind farm utilizing a long-range lidar with measurement

distances reaching up to 14 km. We extend the forecasting methodology introduced in Theuer et al. (2021) to larger forecast

horizons and implement different variants of tilt correction and wind speed extrapolation to make it more robust against missing

input data. We evaluate the forecast skill of deterministic wind speed and power forecasts against the benchmark persistence

2



and dependent on forecast horizon and atmospheric conditions. Finally, to reduce the forecast’s bias and increase its benefit for60

end-users we analyse its characteristics in more detail.

2 Methods

The work presented in this study is based on the measurement campaign conducted at the offshore wind farm Nordergründe

::::
(NG)

:
introduced in Section 2.1 that was designed for minute-scale forecasting. The lidar-based forecasting approach developed

by Theuer et al. (2021) was applied and extended to larger forecast horizons as explained in Section 2.2. The main steps of the65

generic forecasting methodology are visualized
::::::::
visualised in Figure 1. Several approaches to measurement height estimation

(purple boxes) and wind speed extrapolation from measurement height to hub height (green boxes) are introduced in Section

2.3. The transformation from wind speed to power forecasts is explained in Section 2.4 (blue boxes). Finally, the assessment

and selection of the enhanced lidar-based forecasts for an operational use is introduced in Section 2.5 (yellow boxes).

2.1 Measurement campaign at the offshore wind farm Nordergründe70

The basis of this work is an extensive measurement campaign at the offshore wind farm Nordergründe in the German North

Sea from September 2021 to May 2023. The campaign was specifically designed for minute-scale lidar-based wind speed and

power forecasting and incorporates lessons-learned from previous studies (Theuer et al., 2021, 2022a). Nordergründe consists

of 18 turbines of type Senvion 6.2M126 with a rated power of Pr = 6.15MW, a hub height of zhh = 84m and a rotor diameter

of D = 126m. It is located in close proximity to the coast, with a minimum distance of approximately 15 km to the German75

mainland and an average tidal amplitude of approximately 1.4 m (Figure 2a). A Vaisala Windcube 400S (serial no. 192) was

positioned at a height above mean sea level of approximately zTP = 16.5m on the transition piece (TP) of turbine NG17,

indicated by the purple diamond in the wind farm layout visualized
::::::::
visualised in Figure 2b. For the analysis presented in this

work, two different scanning trajectories were implemented. First, horizontal PPI scans with an elevation of 0◦, an opening

angle of 120◦, an azimuthal resolution of 2◦ and range gates from 300 m to 13730 m in 85 m steps and with a resolution
::::
were80

::::::::
performed

::
in
:::::::::

clockwise
::::::::
direction.

::::
Due

::
to

:::
the

::::
used

:::::
laser

:::::
pulse

::::::
length,

::::
each

:::::
range

::::
gate

::::::::
represents

::
a
::::
long

:::::::::::
measurement

:::::::
volume

::::
along

:::
the

:::::
laser

:::::
beam of 150 m were performed in clockwise direction. The

::::::
length.

:::
The

:::::::
spacing

::
of

:::
the

::::::::::
overlapping

:::::
range

:::::
gates

:::
was

:::::
85 m.

:::
The

:
accumulation time was set to 1 s, resulting in a scan duration of 60 s and an additional measurement reset time of

6 s. Secondly, 15 consecutive PPI scans with elevations of −0.2◦ and 0◦ to 2.1◦ in 0.15◦ steps were performed with an opening

angle of 80◦, an azimuthal resolution of 2◦ and range gates from 300 m to 9780 m in 60 m steps. The accumulation time was85

set to 0.1 s. The measurement reset time could be reduced to approximately 1 s by alternating the scanning direction between

clockwise and anti-clockwise, resulting in a total scanning duration of approximately 75 s. The purpose of this set of elevated

scans is the extraction of wind profiles, which is why we will refer to them as profile-PPIs in the following. More information

on the profile-PPIs can be found in Paulsen et al. (2026) and Section 2.3.

During the campaign, it
:::
the

::::
scan

::::::
pattern

:
was alternated between five horizontal PPIs and a set of profile-PPIs. The scan90

orientation of the PPI scans was automatically adapted to the five sectors summarized in Table ??
::::::::::
summarised

::
in
:::::

Table
::

1.
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Figure 1. Generic overview of the lidar-based forecasting methodology. The input sensors are shown in orange, the lidar-based method in

grey, the wind profile estimation in green, the height estimation in purple, the transformation from wind speed to power forecasts in blue and

the forecast assessment and selection in yellow.
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Table 1. Lidar trajectories
::
of

::::::::
horizontal

:::
PPIs

:
for different wind direction sectors.

wind direction [◦]
::::
lidar

:::::::
azimuth [

:

◦]

horizontal PPI profile PPI height115 to 185 103 to 223

::
175

::
to
:::
215

::
140

::
to

:::
260

:

::
205

::
to
:::
245

::
175

::
to

:::
295

:

::
235

::
to
:::
275

::
210

::
to

:::
330

:

::
265

::
to

:
5

::
243

::
to

:
3
:

Table 2.
::::
Lidar

:::::::::
trajectories

::
of

:::::
profile

::::
PPIs

::
for

:::::::
different

::::
wind

:::::::
direction

::::::
sectors.

::::
wind

:::::::
direction

:
[
:

◦]
::::
lidar

:::::::
azimuth [

:

◦]

115 to 140 103 to 183

140 to 160 110 to 190

160 to 180 130 to 210

175 to 215140 to 260 180 to 200 150 to 230

205 to 245175 to 295 200 to 220 170 to 250

220 to 240 190 to 270

235 to 275210 to 330 240 to 260 210 to 290

265 to 5243 to 3 260 to 280 230 to 310

280 to 300 250 to 330

300 to 320 270 to 350

320 to 5 283 to 3

These sectors were optimized
::::::
defined

:
for lidar-based forecasting considering the wind direction, the lidar position and the

wind farm layout. To avoid a frequent change of trajectories, the wind direction intervals were defined to overlap in a 10◦

sector
::
as

:::::::::
hysteresis. In Figure 2 an exemplary scan sector is indicated in blue with the wind direction interval for which this

sector was chosen shown in red. Similarly, also the sectors of profile-PPIs were automatically adapted
:::::::
adjusted to the wind95

direction (Table ??
:
2). The lidar’s view was blocked by the turbine tower for the sector 3◦ to 103◦. For wind directions 5◦ to

115◦, trajectories for a different purpose were measured and thus no lidar-based forecasts generated.

The lidar was equipped with two inclination
:::::::
accurate

::::
high

:::::
speed

:::
1D

::::::
inertial

:
sensors (Micro-Epsilon INC5701), measuring

pitch and roll of the devicewith .
::::
The

:::::::
sensors

::::::
feature

:
a resolution of 2 Hz.

:::::
0.001◦

::::
and

:::
an

:::::::
accuracy

:::
of

:::::
0.04◦

::
at

::
a
::::::::
sampling

:::
rate

::
of

:::::::
250Hz.

:::
An

::::::
internal

::::
low

::::
pass

::::
filter

::::
with

:
a
::::::::
dynamic

::::::::
extension

:::::
called

:::::::::::::
sensorFUSION

:::::
allows

:::
for

:::::::
accurate

::::
and

::::::::::
undisturbed100

:::::::::
inclination

:::::::
readings

::::
even

::
in

:::::::
vibrating

::::::::::::
environments

:::::::::::::::::::::::::::::
(MICRO-EPSILON Eltrotec GmbH)

:
. Moreover, two meteorological sensors

(Vaisala HMP155 and PTB330) measuring air temperature, air pressure and humidity were installed at the lidar location. Two

infrared sensors (Heitronics CT09 and CT15) measured the sea surface temperature (SST) with 1 Hz resolution and applied

a correction for sky radiation
:::::::::::::::::
(Paulsen et al., 2026). As a complement to the SST measurements, OSTIA

::::::::::
(Operational

::::
Sea

5



Figure 2. (a) Location of the offshore wind farm Nordergründe in red and other offshore wind farms in the German North Sea (2023) in

black. In (b) the layout of Nordergründe is shown with the lidar position as origin of the coordinate system and marked as purple diamond.

The azimuth scan sector is depicted in red
:::
blue. Blue

::
Red

:
lines indicate the corresponding wind direction interval for which this sector was

chosen.

::::::
Surface

:::::::::::
Temperature

:::
and

:::
Ice

::::::::
Analysis)

:
data was used (Good et al., 2020).105

For forecast generation and evaluation 0.2 Hz SCADA data, including wind speed, wind direction, power, blade pitch, yaw

angle and turbine operational status, were available.

In Figure 1 the utilized sensors are visualized
::::::
utilised

::::::
sensors

:::
are

:::::::::
visualised as orange boxes. Not all sensors and measurements

were available for the whole duration of the campaign. Thus, Table 3 provides an overview over all used data and their

availability throughout the campaign. It also summarizes
::::::::::
summarises what each data set is used for, which will be explained110

in more detail in the following sections.

2.2 Lidar-based wind speed forecasting

The lidar-based forecast (LF) presented in this work is based on the method developed by Theuer et al. (2021). It is summarized

::::::::::
summarised by grey boxes in Figure 1. Horizontal single lidar PPI scans (see Section 2.1) are used to derive wind speed115

information at hub height at individual turbine positions downstream. To this end, the lidar scans are first filtered using a

quality flag provided by the manufacturer of the device. Applying a Velocity Azimuth Display (VAD)-like fit the horizontal

6



Table 3. Summary of senors utilized
:::::
sensors

::::
and

:::
data

:::
sets

::::::
utilised

:
for the analysis presented in this study. For each sensor

:::
and

:::
data

:::
set

:
the

considered variables, period with available data and application is
::
are shown.

sensor variables period application

Windcube400S
horizontal vLOS

09/2021–09/
::::::::
September

::::::::::::
2021–September

:
2022,

01/2023–05/
::::::
January

::::::::::
2023–May

2023

wind vector propagation

elevated vLOS

09/2021–09/
::::::::
September

::::::::::::
2021–September

:
2022

wind speed profile measurements

Micro-Epsilon INC5701 pitch, roll
04/2022–05/

::::
April

::::::::
2022–May 2023 estimation of lidar tilt

SCADA data wind speed, power
09/2021–05/

::::::::
September

::::::::
2021–May

2023

Vaisala PTB330 pressure
09/2021–05/

::::::::
September

::::::::
2021–May

2023

air density correction

Vaisala HMP155 air temperature, humidity
09/2021–05/

::::::::
September

::::::::
2021–May

2023
atmospheric stability

Heitronics CT09/CT15 sea surface temperature
04/2022–05/

::::
April

::::::::
2022–May 2023

OSTIA sea surface temperature
09/2021–05/

::::::::
September

::::::::
2021–May

2023

wind direction χ dependent on range gate r is then determined for each individual lidar scan (Werner, 2005). This is based on

the assumption that the vertical wind speed component can be neglected and the wind direction is homogeneous across each

range gate. The measured line-of-sight (LOS) wind speed uLOS is further translated to horizontal wind speed uhor considering120

χ, the elevation φ and the azimuth angle ϑ of the lidar using

uhor(r,ϑ) =
uLOS(r,ϑ)

cos(ϑ−χ(r)) cos(φ)
. (1)

Areas of the scan with an almost perpendicular orientation of azimuth angle and wind direction, i.e. 75◦ < |ϑ−χ|< 105◦, are

neglected as they are subject to large uncertainty. For the following analysis, only lidar scans with an overall availability, i.e.

the share of valid measurement points per lidar scan after filtering, of at least 50 % were considered.125

7



Both horizontal wind speed and direction, referred to as wind vectors in the following, were interpolated to a Cartesian grid

with 50 m spacing and then propagated in space and time using Lagrangian advection (Valldecabres et al., 2018a). Hereby, it is

assumed that wind vectors travel with their local wind speed and direction and do not change their trajectory while travelling.

Wind vectors, in the following denoted by index v, reaching a pre-defined area of influence (AoI) around the target turbine

within the time interval k± 30s, with forecast horizon k, are selected to contribute to the wind speed forecast. In this study,130

we chose 2D = 252m as the AoI’s radius following previous work (Theuer et al., 2022a). For a forecast to be considered

valid, a minimum of 20 wind vectors was required to contribute. It should be noted that the travelling
:::::::
traveling time of wind

vectors contributing to the same forecast might differ due to two reasons. One, several lidar scans measured previous to the

initialization time of the forecast t, which is defined as the end time of the last available lidar scan, were considered. And two,

also the measurement time within one scan differs due to the finite scanning speed and was taken into account during wind135

vector propagation.

2.3 Wind speed extrapolation to hub height

After wind vector selection, wind speed forecasts need to be extrapolated to hub height. Here, we applied a method introduced

as tendency-based approach in previous work (Theuer et al., 2021). Wind vectors are first extrapolated to the average measurement

height of a lidar-based forecast initiated at t−ktend, with ktend being the lead time of the forecast used to derive the wind speed140

tendency. The choice of ktend can be understood as a trade-off between shorter lead times and thus lower forecasting errors

and lead times close to the target lead time ktarg and thus higher correlations of the respective forecasting errors. In this work,

ktend was optimized
::::::::
optimised in a sensitivity study and defined as

ktend =

⎧⎪⎨⎪⎩1min ktarg < 14min

ktarg − 13min ktarg ≥ 14min.
(2)

To extrapolate wind vectors to a common height, first the measurement height of each wind vector needs to be determined.145

We used the inclination sensors to determine the average pitch and roll value for each lidar scan. Considering pitch, roll,

the location of origin of the wind vectors and the curvature of the Earth, a measurement height was calculated. In case no

data from the inclination sensors were available (see Table 3), a thrust model developed by Rott et al. (2022) was applied as

suggested by Theuer et al. (2021). The model uses averaged wind speed and turbine orientation SCADA data to determine

pitch and roll angles for each lidar scan. It was calibrated for the lidar measurements at Nordergründe using the inclination150

sensor measurements. The measurement height estimation is indicated by the purple boxes in Figure 1.

Once the measurement height of each wind vector zm,v is determined, it can be extrapolated using wind speed profiles.

Here, we utilized
::::::
utilised

:
the profile-PPI lidar scans to derive wind speed profiles. To do so, each individual profile-PPI scan

was filtered and its horizontal wind speed reconstructed as described in Section 2.2. In this case, one VAD fit was performed

for a set of 10 range gates, thus a 600 m range band. After also correcting the measurement height of the profile-PPI scans155

as described earlier, horizontal wind speeds were binned according to their measurement heights from 5 m to 365 m in 10 m

intervals. Horizontal wind speeds were then averaged for each height band and with 30 min resolution (Paulsen et al., 2026). In a
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next step, wind speed at the measurement and target height were extracted from the respective wind profile by means of linear

interpolation. In the context of the lidar-based forecasts, these correspond to the profile wind speed uprof,v at measurement

height of the wind vectors selected for forecasts initiated at t− ktend and t respectively. That means ,
:::
that wind speed is not160

extrapolated from measurement height to hub height, but measurement heights of the two forecasts used to determine the wind

speed tendency are aligned.

A height correction parameter cheight,v is defined as

cheight,v(t) =
uprof(t− ktend)

uprof,v(t)
(3)

with the average profile wind speed at measurement height uprof .165

When no profile-PPIs were available, stability-corrected logarithmic wind speed profiles were defined using the Obukhov

length L and roughness length z0. L and z0 were defined using pressure, humidity and air temperature measurements at TP

height and sea surface temperature measurement as described in more detail in Schneemann et al. (2021) and Theuer et al.

(2021). If available, the SST measurements were utilized
::::::
utilised. Otherwise, the interpolated OSTIA SST was used (see Table

3). Following the work of Theuer et al. (2021) and assuming atmospheric conditions do not change significantly from t−ktend170

to t, in this case cheight yields

cheight,v(t) =
ln
(︂

zm(t−ktend)
z0

)︂
−Ψ

(︂
zm(t−ktend)

L

)︂
ln
(︂

zm,v(t)
z0

)︂
−Ψ

(︂
zm,v(t)

L

)︂ (4)

with the wind vectors measurement height zm,v , the average measurement height zm and the stability correction term Ψ. The

wind profile estimation is indicated by green boxes in Figure 1.

After adjusting the wind speed forecast initiated at t to the height of that initiated at t− ktend using the height correction175

parameter, their wind speed tendency can be derived. The forecasts ufc,v initiated at times t− ktend and t predict wind speed

at times t and t+ ktarg and their tendency can thus be applied to the hub height wind speed observed at the initialisation time

t of the forecast uobs(t), i.e. SCADA wind speed, to estimate the wind speed at hub height at the target time uhh,v(t+ ktarg).

It yields

uhh,v(t+ ktarg) = cheight,v(t)
ufc,v(t)

ufc(t− ktend)
uobs(t) (5)180

with the average wind speed forecast ufc. Finally, the wind speed forecast at hub height and the target time is defined as the

average of all contributing wind vectors

uhh(t+ ktarg) =
1

Nvec(t+ ktarg)

∑︂
v

uhh,v(t+ ktarg) (6)

with the number of contributing vectors Nvec. While in this work we analysed deterministic forecasts only, the introduced

method can also be applied to derive probabilistic forecasts. In that case, the selected wind vectors are resampled to a predefined185

number of ensemble members as suggested by Theuer et al. (2022a). To further improve probabilistic forecast skill, additional

post-processing can be performed, e.g. using a calibration approach (Thorarinsdottir and Gneiting, 2010).
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Figure 3. Deterministic air density-corrected power curve of turbine NG5 shown in black. Blue dots visualize 1-minute mean SCADA data

used to determine the power curve
:::::::
visualised

::
as
::::::
density

:::::
scatter

:::
plot.

:::::
Shown

:::
are

:::::
power

::
P

::::::::
normalised

::
by

:::
the

::::
rated

:::::
power

:::
Pr :::

over
::::
wind

:::::
speed

::
u.

2.4 Wind turbine and wind farm power forecast

In a final step wind speed forecasts for each individual turbine, time step and forecast horizon are transformed to power

forecasts, summarized
::::::::::
summarised

:
by the blue boxes in Figure 1. Deterministic

::::::
Average

:
power curves were defined for each190

turbine of Nordergründe using 1-minute wind speed and power averages determined from 0.2-Hz-SCADA data. To do so,

we excluded situations with behaviour differing from the normal operation, such as curtailment, using pitch data and turbine

operational mode. Wind speed values were air density corrected following IEC 61400-12-1 (IEC, 2017) as described in Ulazia

et al. (2019). Power values were then averaged within 0.5ms−1 wind speed bins. An exemplary power curve for one turbine

is visualized
::::::::
visualised

:
in Figure 3.195

To account for the large scatter of the actual power values around the deterministic
::::::
average

:
power curve, power forecasts

were then generated in a two-step process. First, utilizing the defined deterministic
::::::
average

:
power curves and linear interpolation,

a power value at the target time P (t+ ktarg) was derived from each air density-corrected wind speed forecast uhh(t+ ktarg).

Secondly, the same procedure was applied to the hub height SCADA wind speed observed at the initialization time uobs(t) and

yields Ppc(t). A bias correction based on the assumption that the current deviation of the observed SCADA power from the200

power curve persists was then applied

Pcorr(t+ ktarg) = P (t+ ktarg)+ (Pobs(t)−Ppc(t)) (7)

with Pobs(t) the power observed at the initialization time and Pcorr(t+ ktarg) the bias-corrected power forecast at the target

time. Applying this bias correction allows to account for e.g. yaw misalignment or the impact of wind shear or turbulence that

10



might cause deviations from the deterministic
:::::::
average power curve, assuming that these effects change on time scales longer205

than the considered forecast horizon.

To generate a wind farm power forecast we only considered situations during which for at least 12 of the 18 turbines a valid

forecast was available. We normalized
:::::::::
normalised the aggregated wind power forecasts with the rated power of the aggregated

turbines to account for the different number of turbines considered.

2.5 Selection of enhanced lidar-based power forecasts210

To incorporate the enhanced lidar-based power forecasts into operational forecasting systems, it is important to understand their

advantages and shortcomings and performance in comparison to commonly used statistical methods. We therefore analysed

the dependency of wind speed forecast skill on the forecast characteristics.

As visualized
::::::::
visualised in Figure 1 by the yellow boxes, the forecast characteristics are derived from individual turbine

wind speed forecasts. By evaluation against wind speed observations and other statistical methods, selection criteria can then
::
be215

defined. Hereby, it is important to choose characteristics that can directly be derived from the forecast itself. Other parameters

might in principle also be useful for forecast evaluation, e.g. wind speed observations at the target time (see Section 3.2),

however, they will only be valuable for forecast selection if available in real-time.

While we evaluated a number of parameters, including, among others, the number of wind vectors contributing to a forecast,

the wind vectors’ wind speed spread and the number of lidar scans from which wind vectors are selected, in this analysis we220

focus on the wind vector age as it showed most impact on forecast skill.

We defined the average wind vector age ∆T as the average time difference between a vector’s measurement time tv and the

initialisation time t of a forecast:

∆T =
1

Nvec(t+ ktarg)

∑︂
v

(t− tv) (8)

The wind vector age does not consider the propagation duration related to different forecast horizons.225

Once selection criteria based on the forecast characteristics are defined, they can be applied to select those forecasts that are

likely useful to end-users.

3 Results

After introducing the different wind speed extrapolation approaches in Section 2, we evaluate them in comparison to a reference

case in Section 3.1. The forecast skill of the LF dependent on atmospheric stability is evaluated for forecast horizons up to230

30 minutes in Section 3.2. We present different forecast characteristics and their impact on forecast accuracy in Section 3.3.

Finally, power forecasts of individual turbines and the aggregated wind farm are evaluated in Section 3.4, also considering the

identified selection criteria.
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3.1 Evaluation of wind speed extrapolation approaches

In this section we analyse the impact of measurement height correction, i.e. accounting for the lidar tilt and wind speed235

extrapolation, on the forecast accuracy. The reference case does not account for differences in measurement height between

consecutive wind speed forecasts. Further, three different ways to correct the measurement height are analysed, namely i)

considering only the curvature of the Earth, ii) applying the tilt model developed by Rott et al. (2022) and iii) performing a tilt

correction utilizing the inclination sensor data. All three cases are evaluated in combination with two extrapolation approaches,

that is i) using a stability-corrected logarithmic wind speed profile and ii) utilizing the profile-PPIs. Overall, this amounts to240

seven different cases. Forecasts are evaluated using the root-mean-squared error (rmse)

rmse =

⌜⃓⃓⎷ 1

Nt

Nt∑︂
i=1

(fci − obsi)2. (9)

with forecasts fci, observations obsi and the number of available forecasts Nt. Observations are 1-minute-mean wind speed

SCADA data.

The six different cases of measurement height correction and wind speed extrapolation are then evaluated against the245

reference case by means of the rmse skill score (ss)

rmse ss = 100%

(︃
1− rmse

rmseref

)︃
(10)

with the reference case’s rmse rmseref . Negative rmse skill scores indicate a lower skill compared to the reference.

For this analysis, only periods with all necessary data available were considered (see Table 3), reducing the available data

set to a period of approximately six months from April 2022 to September 2022. Figure 4 shows the rmse ss for the six cases250

analysed and averaged for all 18 turbines of NG. All of the extrapolation approaches can improve the forecast skill for most

of the forecast horizons compared to the reference. The highest rmse ss of up to 2.6 % at 15 minute forecast horizon can be

observed when applying the tilt model in combination with the measured profiles. The combination of inclination sensors and

measured profiles shows an only slightly lower skill score. For all cases, measured profiles outperform the logarithmic profiles.

This effect is in particular distinct for larger forecast horizons to which more measurements at larger ranges and with a larger255

spread of the measurement height contribute. For forecast horizons up to 14 to 15 minutes the rmse ss increases before it starts

to decrease with further increasing lead times. When using logarithmic wind profiles and a tilt correction, skill scores reach

negative values from 24 minutes onwards.

3.2 Wind speed forecast skill dependent on atmospheric stability and forecast horizon

After the comparison of the different wind speed extrapolation approaches in Section 3.1, we analyse the whole available data260

set from 09/21 to 05/23, excluding 09/22 to 01/23
::::::::
September

:::::
2021

::
to

::::
May

:::::
2023,

:::::::::
excluding

:::::::::
September

::::
2022

::
to
:::::::
January

:::::
2023

due to non-available horizontal lidar scans (see Table 3), in the following. Despite the slightly better results for the tilt model

shown in Section 3.1, we rely on pitch and roll measurements for height estimation if available and use the results of the tilt

model as an alternative. This choice is related to the availability and calibration of the model and will be discussed in more
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detail in Section 4.1. For wind speed extrapolation, wind profile measurements are used as a first option and stability-corrected265

logarithmic wind profiles as a back-up. If no lidar tilt or no wind speed profile can be determined, no forecast is generated. In

total, 92.186 valid wind speed forecasts for individual wind turbines were generated for a forecast horizon of 1 minute in stable

and 146.602 in unstable cases. We bin the stratification in only two classes and denote all cases with L > 0m as stable and

L < 0m as unstable, recognising that the forecast characteristics for neutral stratification, e.g. classified by |L|> 500m, could

differ. With increasing lead time, the forecast availability significantly reduces. For a 15-minute forecast horizon the number270

of valid forecasts yields 60.071
:::::::
(65.16%

::
of

:::
the

:::::::::
availability

::
at
::
a
:::::::
forecast

::::::
horizon

::
of
::

1
:::::::
minute) in stable and 114.417

::::::::
(78.05%)

in unstable cases, for a 30-minute horizon only 15.572
::::::::
(16.89%) and 29.804

:::::::
(20.33%), respectively. Wind speed forecasts are

evaluated in terms of rmse and bias

bias =
1

Nt

Nt∑︂
i=1

(fci − obsi). (11)

Moreover, the LF is compared against the benchmark persistence using the rmse ss with persistence as reference method.275

Persistence is a commonly used statistical method that assumes the future value equals the current observation.

The wind conditions during the analysed period are visualized
::::::::
visualised in Figure 5. The wind rose shows 1-minute-mean

wind speed and direction SCADA data averaged over all turbines of the wind farm for time steps with valid lidar-based

forecasts. As described in Section 2.1, wind direction sectors from 5◦ to 115◦ are not covered by the lidar scans and thus not

included in the analysis.280
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Figure 5. Wind speed and wind direction distribution of all analysed cases. Shown are 1-minute mean SCADA values averaged over all

turbines.

In Figure 6a-c we evaluate the wind speed LF’s skill against persistence for different forecast horizons and distinguishing

between atmospheric conditions. In Figure 6a the average normalized
:::::::::
normalised rmse for all turbines of NG of both persistence

(empty markers) and the LF (filled markers) are shown in blue for unstable and in red for stable atmospheric conditions. For

the LF, additionally, the individual turbines’ scores are visualized as
::::::::
visualised

:::
as

:::
thin

:::::
lines

::::::
without

::::::::
markers.

:::::::
Hereby,

::::::
dashed

::::
dark

::::
lines

::::
show

::::::::::
free-stream

:::::::
turbines

::
for

:::::
main

::::
wind

::::::::
direction

:::::
while pale-coloured lines

::::
show

:::::::::::::
wake-impacted

::::::
turbines. The rmse285

ss and normalized
:::::::::
normalised

:
bias are shown in Figure 6b and c, respectively. The rmse and bias are normalized

:::::::::
normalised

with the average wind speed of the analysed time steps that was determined from SCADA data. A negative bias indicates an

underestimation of wind speed.

As shown in Figure 6a the rmse increases for both persistence and the LF with increasing forecast horizon. For small lead

times, forecasts are more accurate during stable situations as compared to unstable ones. This is in good agreement with results290

from previous studies and can be attributed to smaller wind speed fluctuations during stable stratification that can be captured

more accurately by both methods. However, during stable cases the rmse increases at a steeper rate and consequently for larger

lead times both persistence and the LF are more accurate during unstable situations. We attribute this to changes of larger scale

in the wind field which are gaining importance for longer lead times.

We compare the skill of the LF with persistence in Figure 6b. Averaged over all turbines of NG, the LF outperforms295

persistence in terms of rmse for forecast horizons from 2 to 16 minutes for unstable cases, with a maximum rmse ss of

4 % at 7 minutes forecast horizon. For the individual turbines, the maximum rmse ss varies between 2.1 % and 6.5 % and the

maximal
:::::::::
maximum advantageous forecast horizon lies between 14 minutes and 20 minutes. For stable cases, the LF is not able

to outperform persistence. Comparing the rmse and rmse ss of individual turbines, it can be noted that free-stream turbines for

14



5 10 15 20 25 30

k
targ

 [min]

5

10

15

20

25

n
o

rm
a

liz
e

d
 r

m
s
e

 [
%

]

LF, stable

LF, unstable

P, stable

P, unstable

5 10 15 20 25 30

k
targ

 [min]

-25

-20

-15

-10

-5

0

5

10

rm
s
e

 s
s
 [

%
]

5 10 15 20 25 30

k
targ

 [min]

-4

-2

0

2

4

n
o

rm
a

liz
e

d
 b

ia
s
 [

%
]

(a) (b) (c)

Figure 6. (a) Normalized
::::::::
Normalised rmse and (c) bias of the wind speed LF (filled markers) and persistence (P, empty markers) for forecast

horizons
:::
ktarg:up to 30 minutesand distinguishing between stable .

:::::
Stable

:
cases as

:
(red circles)

:
and unstable cases as (blue triangles

:
)
:::
are

::::::::::
distinguished. Thick

:::::::
Turbines’

::::::
average

:::::
scores

:::::
(thick

:
lines with markersindicate the turbines’ average

:
),
:
scores while

::
of

:::::::
individual

:::::::
turbines

:
(thin lines without markersshow )

:::
and

:
scores of individual

:::::::::
free-stream turbines

:::
for

::::
main

::::
wind

:::::::
direction

::::::
(dashed,

:::::
darker

:::::
lines)

::
are

:::::
shown. In

(b) the rmse skill score in % is shown. Black dashed lines indicate a 0 % skill score and normalized
::::::::
normalised

:
bias, respectively.

5 10 15 20 25 30

k
targ

 [min]

5

10

15

20

25

n
o

rm
a

liz
e

d
 r

m
s
e

 [
%

]

LF, stable

LF, unstable

P, stable

P, unstable

5 10 15 20 25 30

k
targ

 [min]

-15

-10

-5

0

5

10

rm
s
e

 s
s
 [

%
]

5 10 15 20 25 30

k
targ

 [min]

-2

0

2

4

6

8
n

o
rm

a
liz

e
d

 b
ia

s
 [

%
]

(a) (b) (c)

Figure 7. Same as in Figure 6. Here wind speeds that cannot be predicted using the lidar set-up are neglected according to Equation 12.
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main wind direction show lower rmse, i. e. can be predicted more accurately. During unstable cases also the rmse ss is higher300

for those turbines. In stable cases this is not as distinct as
::
the

::::
case

::
as

:
also persistence is more accurate for free stream turbines.

While the bias of persistence lies close to zero for both stable and unstable cases, the LF tends to overestimate wind speed for

smaller forecast horizons and underestimates it for larger horizons as visible in Figure 6c. For stable cases, the bias increases

to 2% at a 10-minute forecast horizon, decreases until it starts to underestimate wind speed for horizons from 19 minutes

onward and reaches a negative value of −3.5% at a 29-minute horizon. The effect is less significant for unstable atmospheric305

conditions, where the strongest overestimation of 0.3% is observed at a horizon of 6 minutes. The underestimation occurs

for horizons from 11 minutes onward and reaches an extreme value of −3% at 29 minutes. For large forecast horizons, wind

vectors need to travel a longer duration and consequently longer distances before contributing to a forecast. The limited lidar

range cannot capture those distances for high wind speeds, resulting in an underestimation. In agreement with this, a decreasing

average wind speed of forecasts with increasing lead times was observed.310

To exclude the effect of the limited lidar range on the scores, we neglected wind speeds that cannot be forecasted with the

used lidar set-up, i.e. the maximal lidar range. To do so, we assume a lidar range of r = 12km and a wind vector travelling

duration of ktarg. The maximal wind speed that can be forecasted then yields

uobs,max(t+ ktarg) =
r

ktarg
. (12)

In Figure 7 the results of this analysis are shown. To analyse the bias in more detail we moreover show the normalized315

:::::::::
normalised

:
bias binned according to forecast horizon and observed wind speed uobs(t+ ktarg) and distinguishing between

stable and unstable atmospheric conditions in Figure 8a and b. The cases above the black line are neglected for the analysis

shown in Figure 7. In Figure 8c the wind speed distribution for exemplary forecast horizons of 5 minutes, 12 minutes and

20 minutes is depicted for stable and unstable cases. It becomes clear that short forecast horizons are not impacted by the

filtering following Equation 12 and consequently scores depicted in Figure 7 do not change. For larger forecast horizons, wind320

speed distributions are already shifted towards lower wind speeds prior to filtering (see Figure 8c). This effect is then further

enhanced by applying the filter.

Consequently, the bias of the LF, persistence, stable as well as unstable cases is significantly impacted for lead times of 10

to 15 minutes onwards (see Figure 7). Persistence’s bias strongly increases with forecast horizon for stable and unstable cases.

Following the definition of persistence, an overestimation is caused by a decrease of wind speed from t to t+ ktarg. For small325

observed wind speeds uobs(t+ktarg) it is more likely that strong decreases rather than increases of wind speed have occurred,

resulting in the significant overestimation observed for large lead times. Similarly, also the LF’s bias increases for large lead

times instead of decreasing when considering only wind speeds that the lidar would in principle be able to cover. The changes

in bias also affect the rmse and consequently rmse ss. Skill scores are strongly improved for larger horizons when applying the

filter. In unstable cases, the rmse ss is close to zero with -0.94 % at a 24 minute horizon. In stable cases skill scores are still330

significantly negative with -6.7 % at 22 minute horizon, however, individual turbines even reach positive values of up to 3.1 %

at 29 minute horizon.
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Figure 8. Normalized
:::::::::
Normalised bias of the wind speed LF binned according to forecast horizon

::::
ktarg:and observed wind speed uobs(t+

ktarg) for (a) unstable and (b) stable atmospheric conditions. Black lines indicate the filter criterion according to Equation 12. In (c) the wind

speed distribution for exemplary forecast horizons and stable and unstable cases is visualized
:::::::
visualised.

In Figure 8a and b the bias’ dependence on wind speed and forecast horizon is visible in more detail. Hereby, two overlapping

effects can be identified. Firstly, a with forecast horizon and wind speed increasing negative bias related to the limited lidar

range as explained previously. And second, a positive bias for low wind speeds that is slightly increasing with forecast horizon.335

For low wind speeds, a wind speed reduction from t to t+ ktarg is more frequent than an increase. As also the LF utilizes

::::::
utilises uobs(t), the effect is similar but less distinct than the one observed for persistence. The higher share of low wind speeds

for larger forecast horizons results in the increasing bias with forecast horizon observed in Figure 6 and Figure 7.

3.3 Impact of forecast characteristics on wind speed forecast accuracy

In addition to the dependency on forecast horizon and atmospheric stability, we analysed the impact of forecast characteristics,340

more specifically the average wind vector age, on forecast skill. Such an analysis can support the interpretation of the LF and

can be useful for end-users. Wind speed forecasts were binned according to ∆T in 60 s intervals. Moreover, we distinguished

between different forecast horizons and atmospheric stability. Different scores were determined and visualized
::::::::
visualised in

Figure 9a-f. For the analysis, forecasts of individual wind turbines were considered.

In Figure 9a and d we show the normalized
:::::::::
normalised rmse for unstable and stable atmospheric conditions. In agreement345

with results presented in Section 3.2, forecast errors increase with increasing forecast horizon. Also with growing ∆T , the

normalized
:::::::::
normalised rmse grows for both stable and unstable cases. Both larger forecast horizons and wind vector ages

correspond to a longer wind vector travelling duration which is associated with higher uncertainty. One should note, however,

that the forecast horizon has an additional effect on the forecast skill as it impacts also other variables contributing to the

forecast such as meteorological variables and SCADA data.350
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Figure 9. Wind speed forecast skill dependent on forecast horizon
:::
ktarg:and average wind vector ageand distinguishing between unstable

:
.

::::::
Unstable

:
atmospheric conditions (upper row) and stable atmospheric conditions (lower row)

::
are

::::::::::
distinguished. In (a) and (d) the normalized

::::::::
normalised rmse in %, in (b) and (e) the rmse skill score in % with persistence as reference and in (c) and (f) the normalized

::::::::
normalised

:
bias

in % are shown.

An exception to the increasing average rmse with increasing ∆T are very low vector ages and up to medium range forecast

horizons for which the opposite holds. While most combinations of ktarg and ∆T are dominated by a negative bias, for these

cases an overestimation of wind speed was observed as shown in Figure 9c and f. In particular for stable conditions, a distinct

positive bias is visible for average vector ages of up to 10 minutes and forecast horizons up to 20 minutes.

Small ∆T result from wind speed forecasts for which most wind vectors are selected from very recent or, in the most extreme355

case, only the most recent lidar scan. In Figure 10 the dependence of the number of individual lidar scans contributing to a

forecast and the average scan ID of the wind vectors contributing
::
on

:::
the

::::::
average

:::::
wind

:::::
vector

:::
age

::
is

::::::
shown.

:::::
Each

::::
scan

::::::::
measured

::::
prior

::
to

:::
the

:::::::::::
initialization

::::
time

::
of

:::
the

:::::::
forecast

::
is
::::::::::
enumerated

::::
and

:::::::
assigned

::
as

:::::
Scan

:::
ID, with lower IDs corresponding to more

recent scans, on the average wind vector age is shown. Results are averages for all wind turbines and forecast horizons with

error bars indicating their standard deviation. The figure clearly shows that small vector ages correspond to a low number of360
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Figure 10. The number of individual lidar scans contributing to a LF and the average scan ID of the contributing wind vectors dependent

on the average wind vector age is shown. Markers indicate the average values for all wind turbines and forecast horizons and error bars the

corresponding standard deviation.

scans considered. As a consequence of the wind vector age’s definition, for those cases mainly the most recent scans contribute.

We will discuss the impact of lidar trajectories and wind vector propagation on the forecast’s bias in more detail in Section 4.2.

The rmse ss in Figure 9b and e shows that the LF is able to outperform persistence for forecast horizons up to 19 minutes

for unstable cases when the average wind vector age lies below 2 minutes. This analysis also revealed that even during stable

stratification persistence can be outperformed for lead times up to 5 minutes and average wind vector ages between 2 and 5365

minutes. The highest skill score of 8.6 % was achieved for a forecast horizon of 5 minutes and an average wind vector age of 2

minutes during unstable stratification.

3.4 Evaluation of individual turbine and wind farm power forecasts

After the detailed analysis of the wind speed forecast’s skill in the previous sections, we will now focus on the evaluation

of power forecasts. As for many applications, not individual turbine but wind farm power is of importance, this analysis will370

include wind farm power forecasts. The

Figures 11a, b and c visualize
:::::::
visualise

:
the same scores as Figure 6. Here we compare the average of the normalized

:::::::::
normalised rmse, rmse ss and bias of individual turbines of Nordergründe.

The results align well with the wind speed forecasts presented in Section 3.2. The behaviour of normalized
:::::::::
normalised

:
rmse

and bias is for both LF and persistence and during stable as well as unstable cases very similar to that observed for the wind375

speed forecast. In general, scores are higher in this case due to the cubic nature of the power curve. The LF is able to outperform

persistence during unstable cases for forecast horizons up to 17 minutes. The maximal
::::::::
maximum

:
rmse ss yields 6.4 % at 9-
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Figure 11. (a) Normalized
:::::::::
Normalised rmse and (c) bias of the power LF (filled markers) and persistence (empty markers) for forecast

horizons
:::
ktarg:up to 30 minutesand distinguishing between stable .

:::::
Stable

:
cases as

:
(red circles)

:
and unstable cases as (blue triangles

:
)
:::
are

::::::::::
distinguished. Thick

:::::::
Turbines’

::::::
average

:::::
scores

:::::
(thick

:
lines with markersindicate the turbines’ average

:
),
:
scores while

::
of

:::::::
individual

:::::::
turbines

:
(thin lines without markersshow )

:::
and

:
scores of individual

:::::::::
free-stream turbines

:::
for

::::
main

::::
wind

:::::::
direction

::::::
(dashed,

:::::
darker

:::::
lines)

::
are

:::::
shown. In

(b) the rmse skill score in % is shown. Black dashed lines indicate a 0 % skill score and normalized
::::::::
normalised

:
bias, respectively.

minute forecast horizon with maximal
::::::::
maximum

:
values for the individual turbines ranging between 4.2 % and 9.8 %. During

stable cases persistence outperforms the LF.

In Figure 12 we evaluate the wind farm power forecast. Following the analysis in Section 3.3, in addition to the atmospheric380

condition we also consider the average propagation duration
::::::
∆Tprop:

here. The average propagation duration
:::::::
∆Tprop is defined

as the average wind vector age plus the forecast horizon. We show five different cases, namely i) all valid forecasts as evaluated

in Figure 11, ii) forecasts during unstable atmospheric conditions, iii) forecasts during unstable conditions and with an average

propagation duration below 25 minutes, iv) below 20 minutes and v) below 16 minutes. For all cases, the rmse ss with

persistence as reference is depicted. The 95 % confidence intervals were generated using bootstrapping with replacement385

and are depicted as error bars. Additionally,
::::
Table

::
4
:::::::
provides

:::::::
detailed

::::::::::::
characteristics

:::
for

:::
all

:::
five

:::::
cases

::::::::
presented

::
in

:::::::::
Figure 11,

::::::::
including the number of valid forecastsat a 5 minute and a 15 minute forecast horizon, N5min:

,
:::
the

:::::::::
maximum

:::::::
reached

::::
skill

:::::
score, and N15min, normalized with N5min of case i), the maximal rmse ss and its corresponding lead time, rmse ssmax and

ktarg(rmse ssmax), the rmse ss at 15 minute forecast horizon rmse ss15min and the maximal lead time with a positive rmse ss

ktarg,max(rmse ss> 0) are summarized in Table 4
::
the

::::::
largest

:::::::
forecast

::::::
horizon

::::
that

:::::
beats

:::::::::
persistence. The skill at a 15-minute390

horizon holds significant value when aiming at the application of the forecast for trading and system operation.

Compared to the individual turbines’ power forecasts the rmse skill score is larger for wind farm power forecasts with a

maximum value of 12.1 % at a forecast horizon of 6 minutes. During unstable conditions, the rmse ss even reaches values

as high as 19.0 % at a 7-minute forecast horizon. Through the averaging, forecast errors of individual turbines average out,
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Figure 12. The rmse ss with persistence as a reference for all available wind farm power forecasts, forecasts during unstable situations and
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confidence intervals. The black dotted line indicates a skill score of 0 %.

resulting in an overall higher forecast skill. Though the same applies for persistence, the effect seems to be stronger for the LF,395

resulting in a larger rmse ss. As shown in Section 3.3, large wind vector ages and large forecast horizons are associated with

higher uncertainty. By excluding those cases, the rmse ss can be improved,
:
.
::::
This

::
is

::::
valid

:
in particular for larger lead times for

which the confidence intervals confirm the significance of the results. Also the maximal
:::
The

:::::::::
maximum forecast horizon with a

positive skill score , thus outperforming persistence, increases for unstable conditions when considering an average propagation

duration below 25 minutes (case iii))
:
.
::::
That

::
is in comparison to all available forecasts (case i)) and unstable situations (case ii)).400

For unstable cases with an average propagation duration below 20 minutes (case iv)) and 15 minutes (case v)) it
::
the

:::::::::
maximum

::::::
forecast

:::::::
horizon decreases, along with a significant drop in the number of available forecasts, particularly for larger lead times.

4 Discussion

In this section we discuss the accuracy and feasibility of the wind speed extrapolation approaches introduced in this work

(Section 4.1), the impact of lidar trajectories and wind vector propagation on forecast skill (Section 4.2) and the finally the405

possible value of the introduced minute-scale power forecast for end-users (Section 4.3).

4.1 Wind speed extrapolation approaches and lidar tilt correction

For the determination of wind power forecasts, the wind speed extrapolation from measurement to hub height is a crucial

part of the forecasting methodology. As discussed in various previous studies a lidar tilt can cause significant differences in

measurement height when considering the large measurement distances of the utilized
::::::
utilised long-range devices (Theuer410
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Table 4. The number of valid forecasts at 5 minute forecast horizon N5min and at 15 minute forecast horizon N15min normalized
::::::::
normalised

with N5min of case i), the maximal
:::::::
maximum

:
rmse ss rmse ssmax and its corresponding lead time ktarg(rmse ssmax), the rmse ss at 15

minute forecast horizon rmse ss15min and the maximal
::::::::
maximum lead time with a positive rmse ss ktarg,max(rmse ss> 0) for all data and

four different filters applied.

N5min [%] N15min [%]
rmse ssmax

[%]

ktarg(rmse ssmax)

[min]

rmse ss15min

[%]

ktarg,max(rmse ss> 0)

[min]

i) all 100 73.51 13.92 6 2.36 16

ii) unstable 61.51 47.91 19.94 7 10.21 19

iii) unstable & ∆Tprop < 25min 60.75 40.15 20.17 7 11.50 20

iv) unstable & ∆Tprop < 20min 54.04 24.07 20.73 8 14.33 19

v) unstable & ∆Tprop < 16min 41.02 2.95 27.66 12 21.84 16

et al., 2020b, 2021; Schneemann et al., 2021). Previous studies have shown that applying a stability-corrected logarithmic

profile for wind speed extrapolation can cause large errors in particular during stable atmospheric conditions and for profiles

deviating from the assumed logarithmic shape such as low level jets or reversed profiles (Theuer et al., 2020a, 2021). While

the forecasting method applied here, referred to as tendency method in previous work, was proven to be less sensitive to these

impacts, a dependence of rmse on the extrapolation distance was nonetheless proven by Theuer et al. (2021). This indicates415

that further development of extrapolation methodologies is worthwhile.

In good agreement with these expectations, our analysis has shown that all applied extrapolation approaches, i. e. measured

or logarithmic wind profiles without tilt correction or with a correction based on a tilt model or inclination sensors, were able

to improve forecast skill. However, after reaching a maximum value at medium-range forecast horizons, skill scores start to

decrease and even reach negative values for larger lead times. In those cases, the forecast uncertainty is not dominated by the420

height correction and wind speed extrapolation but by other impacts
:::
are

:::
less

:::::::::
important

::::::::
compared

::
to

:::::
other

:::::
factors, such as wind

vector propagation, reducing their impact on the overall forecast skill. At the same time, the height differences that need to be

corrected for are increasing with forecast horizon as they are mainly related to wind speed changes (Theuer et al., 2021), which

are expected to increase with time increments. Thus, improving profiles has a stronger impact for larger forecast horizons,

explaining the increasing rmse ss observed up to a 15 minute forecast horizon. On the other hand, we attribute the negative425

skill scores when using logarithmic profiles for larger forecast horizons to a similar effect, i.e. the application of inadequate

profiles.

Utilizing wind profile measurements has proven advantageous over the use of stability-corrected logarithmic wind profiles

(Møller et al., 2020) and aligns well with the results from Theuer et al. (2021) mentioned above. For further work, an analysis

of the impact of these measured profiles on forecast skill during e.g. low-level jets might be interesting. Furthermore, the430

extraction of wind profiles might be useful to determine a rotor equivalent wind speed from single-value wind speed forecasts

at hub height and based on that more accurate power forecasts. This might become in particularly relevant for future offshore

wind turbines with very large rotor diameters. In this work we used a set of very fast PPI scans with varying elevation angles to
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determine the wind profile. This allowed to determine highly resolved wind profiles in the inflow wind field and did not require

additional measurement equipment. However, it also reduced the amount of horizontal scans that could be propagated and put435

additional strain on the lidar devices, especially considering the fast scanning speed. For future campaigns, we thus suggest

to rely on an additional lidar device that measures wind profiles in VAD mode at a location close to the location of the PPI

lidar. Alternatively, scanning trajectories that combine wind vector propagation and profile estimation could be explored. That

means, a set of scans with few different elevations and lower scanning speed that cover relatively large ranges and azimuth

sectors. Such an approach could also be beneficial to determine height-resolved wind speed forecasts.440

The estimation of the measurement height
::::
Wind

:::::
speed

:::::::::::
extrapolation

:
using the tilt model was similarly accurate to

::::::
yielded

::::::
similar

::::::::::::
improvements

::
in

:::::::
forecast

::::
skill

::
as

:
using the inclination sensor data. One should note, however, that the calibration of

the tilt model is based on the availability of inclination data, determined either by inclination sensors or so-called sea surface

levelling as described in Section 2 and Rott et al. (2022). Moreover, high frequency SCADA data needs to be available. That

means, the tilt model cannot be applied directly after deploying the lidar but a certain amount of data needs to be collected to445

be able to calibrate it. To analyse how much data is required was out of the scope of this work, however, in general it can be

assumed that longer periods covering a larger variety of conditions lead to better results.

Overall, our results support the notion that the tilt model can be used as a feasible alternative to inclination sensor data

when sensors fail during the campaign. The same holds for the use of stability-corrected logarithmic profiles as an alternative

to measured profiles, however, to a lesser extent. The identification of viable fall-back options is important when aiming at450

generating a fail-safe forecast for real-time applications and can thus be considered an important step for pushing the lidar-

based forecasts towards an operational use.

4.2 Relation of forecast skill and horizon

In our analysis we have shown that a longer wind vector propagation duration, i.e. a larger forecast horizon or wind vector

age, corresponds to larger forecast uncertainties. Besides higher uncertainty associated to the vector propagation, this is also455

linked to the forecast’s negative bias. This agrees well with results presented by Würth (2022) who observed an increasing

underestimation of wind speed and power for forecast horizons from 10 to 30 minutes for both an onshore and an offshore

site. High wind speeds travel longer distances in the same duration and can thus not be captured adequately by the maximum

measured distance. Excluding those wind speeds from the analysis strongly improved the results and removed the underestimation.

This effect is strongly related to the maximal range of the lidar, but the selected trajectories, wind direction and wind farm460

layout also play an important role. While we tried to optimize
:::::::
optimise the scanned area (Section 2.1), the selected trajectories

are still a trade-off between scanning duration, the ability to cover all turbines of the wind farm adequately and a sufficient

azimuth angle spanned for robust VAD-fitting.
:::
An

:::::::
analysis

::
of

:::
the

::::::
impact

:::
of

::::
scan

:::::::
settings

::
on

:::::::
forecast

:::::
skill,

:::
e.g.

:::::
using

::::::
Large

::::
Eddy

::::::::::
Simulations

::::::
(LES)

::
as

::::::::
suggested

:::
by

::::::::::::::::
Ortensi et al. (2022)

:
,
:::::
could

::::::
further

:::::::
improve

:::
the

:::::
choice

:::
of

::::
lidar

::::::::::
trajectories.

We have already discussed the systematic underestimation of wind speed related to the measurement range. This effect might465

be enhanced by the utilization of several subsequent lidar scans: As low wind speeds travel slower, they will be captured in

more of the considered lidar scans and can thus repeatedly contribute to the forecast. The time window within which wind

23



vectors are selected to contribute has the opposite effect. A broader range of distances is eligible for higher wind speeds, which

could result in an overestimation. These considerations agree well with the positive bias observed for low average wind vector

ages which were shown to relate to a low number of more recent scans considered. If only few scans contribute to a forecast,470

the effect of
::::::::::::
overestimation

::::::::
favoured

::
by

:
the time window will dominate over that of the

::
the

::::::::::::::
underestimation

:::::::
favoured

:::
by

:::
the

slow vectors’ appearance throughout more scans. While the selection of only few scans can in principle be related to the nature

of the wind field, the effect might be enhanced
::::::::
amplified

:
during data gaps when the lidar was not measuring or caused by

low-quality scans. As described in Section 2.2, these scans were not considered for forecasting. The positive bias might be

enhanced by slow wind vectors that would originate close to the turbines but are not captured by the most recent lidar scan as475

a consequence of the scanning trajectory and wind farm layout. Theuer et al. (2020a) discuss a similar effect in their work that

they attribute to an area not covered well by the lidar scans.

When analysing the bias, one needs to consider that the impact of systematic errors in e.g. wind vector propagation is

reduced by using the tendency approach (Theuer et al., 2021). That means, the bias observed during forecast evaluation is

caused by differences in the bias of forecasts with ktend and ktarg as described in Section 2.2. With ktend < ktarg and Equation480

5 this results in an increasing underestimation of wind speed with larger lead times. For ktarg < 14min the difference between

ktend and ktarg increases before reaching a constant value of 13 min (see Equation 2). Consequently, also the difference in bias

increases, which we assume contributes to the increasing positive bias observed during the analysis. Moreover, we were able

to identify the changing wind speed distribution towards a higher share of low wind speeds with increasing forecast horizon as

a main reason for the increasingly positive bias. Apart from the wind speed tendency, also the currently observed wind speed485

contributes strongly to the LF. As also observed for persistence, low wind speeds at t+ktarg are more often related to negative

wind speed increments from t to t+ ktarg, resulting in an overestimation of wind speed. While for persistence the opposite

holds for larger wind speeds, resulting in an overall bias close to 0, for the LF the overestimation dominates, in particular for

stable cases.

To reduce the systematic error caused by the utilization of subsequent lidar scans, a temporal weighting could be introduced.490

Rott et al. (2020) use spatio-temporal weighting in their work to account for the spatial distance of wind vectors to the

target turbine and the increasing uncertainty of the assumptions related to Lagrangian advection. In Theuer et al. (2022a)

a temporal weighting was applied to a SCADA-based forecast that was then combined with a lidar-based approach to an

observer-based forecast. Considering the generally increasing uncertainty related to wind vector advection with propagation

duration, a temporal weighting of wind vectors is considered promising and should be explored further. The additional use of495

SCADA data can also reduce data gaps caused by the lidar trajectory, in particularly close to the target wind turbine, which

might reduce the positive bias. It would also be interesting to analyse how the scanning duration and thus repetition rate of

individual lidar scans impacts the results. Moreover, further work could explore the possibility of scaling the time window

during which wind vectors are selected with wind speed.
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4.3 Operational use of minute-scale forecasts500

As mentioned previously, forecast horizons of at least 15 minutes with an additional processing time of few minutes are

required for application in electricity trading and system operation. For that purpose, the evaluation of wind farm power

forecasts is particularly important, while the evaluation of wind speed forecast at individual turbines is crucial to understand

the forecast and its limitations. While our results show that the lidar-based forecast is not able to outperform persistence for

all situations and forecast horizons it clearly has the potential to do so under specific conditions. A main influencing factor505

is atmospheric stability. In previous studies from Theuer et al. (2021) and Theuer et al. (2022a) the authors showed that

the LF can outperform persistence during unstable atmospheric conditions in good agreement with this work. Also Pichault

et al. (2021b) found that their lidar-based wind farm power forecast outperformed persistence during unstable and particularly

neutral cases, however, not during stable ones. The authors also identified a dependence on wind direction which they attribute

to differences in measurement height, terrain and variability in the wind associated to the different wind directions.
::
In

::::
this510

:::::
work,

:::
we

:::::
chose

:::
not

::
to

:::::::
analyse

:::::::
forecasts

::::
skill

:::::::::
dependent

:::
on

::::
wind

::::::::
direction

::
as

::
it
::::
was

::::::
beyond

::::
our

:::::
scope

:::
and

:::
we

::::::
expect

::::::
results

::
to

::
be

::::::
mainly

::::::::
impacted

:::
by

::::::
varying

:::::::
stability

:::::::::::
distributions

::
for

::::::::
different

::::
wind

:::::::::
directions.

::::::::::::
Nevertheless,

:::
the

::::::
coastal

::::::::::::
characteristics

::
of

:::
the

:::
site

:::::
make

::
it
::::::::::
worthwhile

::
to

:::::::
analyse

:::
this

:::
in

:::::
future

:::::::
studies.

:
Valldecabres et al. (2018b) related the higher forecast skill

of their lidar-based wind speed forecast during neutral situations as compared to stable ones to the logarithmic wind profile

without stability correction that they applied for height correction. Moreover, Valldecabres et al. (2020), Würth et al. (2018)515

and Pichault et al. (2021b) found their remote sensing-based approaches to outperform persistence in particular during ramp

events. A thorough analysis of an individual turbine’s probabilistic wind speed and power forecast at an offshore location from

0 minutes to 10 minutes forecast horizon by Würth (2022) revealed a dependence of forecast skill on wind speed. The author

related this to neglecting the lidar tilt, that results in a difference between the measurement height and hub height and causes

larger absolute errors for higher wind speeds. Regarding the forecast characteristics, Würth (2022) found an impact of the520

number of wind vectors contributing to a forecast and the distance those vectors originate from. While considering more wind

vectors is related to smaller errors, larger distances correspond to larger ones. For operational use, the distinction between

favourable and unfavourable LFs as compared to a reference method is important. What has proven especially useful in our

analysis is the consideration of atmospheric stability and the propagation duration for forecast evaluation. In the results shown

in Section 3.4, the LF was able to outperform persistence for horizons up to 20 minutes and for a 15-minute horizon with skill525

scores of 11.9 % when only unstable cases and a propagation duration below 25 minutes were considered. The LF can thus

be considered a valuable extension to statistical methods. It
:::::
While

::
in

:::
this

:::::
work

:::
we

:::::::
analysed

:::::::::::
deterministic

::::::::
forecasts

:::::
only,

:::
the

:::::::::
introduced

::::::
method

:::
can

::::
also

::
be

::::::
applied

::
to

::::::
derive

::::::::::
probabilistic

::::::::
forecasts.

::
In

:::
that

:::::
case,

:::
the

::::::
selected

:::::
wind

::::::
vectors

:::
are

::::::::
resampled

::
to
::
a

::::::::
predefined

:::::::
number

::
of

::::::::
ensemble

::::::::
members

::
as

::::::::
suggested

:::
by

:::::::::::::::::
Theuer et al. (2022a)

:
.
::
To

::::::
further

:::::::
improve

:::::::::::
probabilistic

::::::
forecast

:::::
skill,

::::::::
additional

:::::::::::::
post-processing

:::
can

::
be

::::::::::
performed,

:::
e.g.

:::::
using

:
a
:::::::::
calibration

::::::::
approach

::::::::::::::::::::::::::::::
(Thorarinsdottir and Gneiting, 2010).

:::::::::
Moreover,530

:
it
:
might be rewarding to explore more sophisticated approaches to select the beneficial LFs than the one presented in this study,

e.g. the consideration of more parameters characterizing the forecast or the implementation of machine learning approaches.

Also the development of a hybrid approach could further improve the results. For instance, Theuer et al. (2022b) showed that
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an observer-based forecast can support persistence also for situations during which it was not able to outperform it. Our results

also confirmed the dependence of forecast skill on turbine positionthat was already discussed by Theuer et al. (2022b). Free-535

stream turbines can be predicted more accurately than inner-farm ones. ,
:::::
which

::::::::::::::::::
Theuer et al. (2022b)

::::::
explain

:::
by

:::::::::
turbulence

::
in

::::
wake

:::::::
regions.

:::
No

:::::::::
systematic

:::::
errors

::::::
caused

:::
by

::::::
wakes,

::::::
global

::::::::
blockage

::
or

::::::::
induction

::::
zone

::::::
effects

:::::
were

:::::::
observed

::::::
which

:::
can

:::
be

::::::::
attributed

::
to

:::
the

:::
use

::
of

::::
past

::::::::::
observations

::
in

:::
the

:::::::::
lidar-based

::::::::
forecast. Further work could analyse to what extent power forecasts

of free-stream turbines could be extrapolated to wind farm power forecasts, neglecting less accurate individual turbine forecasts.

We expect the circumstances under which the LF is able to outperform persistence to be related to the specific wind farm540

layout, conditions at the site (e.g. coastal effects) and scanned trajectories. Thus, a detailed analysis and a sufficiently large data

set to train hybrid models or selection algorithms would be required. It should be noted that a strict selection of favourable LFs

might improve its skill score as compared to a reference method, however, it also reduces the number of selected cases, i.e. the

number of situations during which the lidar forecast is applied. A cost-benefit analysis for the different areas of application is

required to assess the value of the LF under these circumstances. However, several studies have shown the value of lidar-based545

approaches in particular during ramp events (Valldecabres et al., 2020; Pichault et al., 2021b; Würth, 2022). As ill-predicted

ramp events can become very costly both in electricity trading and grid operation, we expect the lidar-based forecast to be

cost-effective despite the ramp events’ relatively low frequency of occurrence. Due to brevity, we did not analyse ramp events

in more detail in this work but aim to do so in a future study.

5
::::::::::
Conclusions550

In this work we extended the forecast horizon of a
:::::::::
lidar-based minute-scale wind speed and power forecast from 5 to 30 minutes

utilizing long-range lidar data and adapting a lidar-based forecasting methodology. An important contributor to increasing the

forecast’s horizon was carefully planning the offshore measurement campaign, optimizing lidar trajectories and installing

complementary sensors, i.e. meteorological sensors and inclination sensors. In this context, applying a model for the static and

operation-induced mean tilt was proven a valid alternative to using inclination sensors to determine the lidar’s tilt. Further,555

stability corrected logarithmic profiles can be used to correct measurement heights, however, using wind profiles measured by

multi-elevation lidar scans is favourable. Moreover, and in good agreement with previous studies, we have found the forecast

skill, more specifically the forecast’s bias, to be impacted by the lidar trajectories, i.e. the area covered by the scans. In this

context, particularly the measurement range plays an important role.

For a medium-sized offshore reference wind farm we showed that the lidar-based approach is able to outperform the560

statistical benchmark persistence for unstable atmospheric conditions up to forecast horizons of 16 minutes for individual

turbine wind speed and power forecasts
:::
and

:::
up

::
to

:::
19

:::::::
minutes

:::
for

::::
wind

:::::
farm

:::::
power

::::::::
forecasts. During stable conditions

:::
and

::
for

::::::
larger

:::::::
forecast

::::::::
horizons the lidar-based approach was not able to outperform persistence. Our results further revealed

the dependence of the forecast skill on the average wind vector age and propagation duration. Considering these forecast

characteristics has proven useful for the assessment of wind farm power forecasts and can be beneficial to end-users .
:::
e.g.

::
in565

:::::::
defining

:::::::
selection

:::::
rules. Overall, we conclude that lidar-based approaches can contribute substantially to generating wind farm
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power forecasts. In future work, their application in electricity trading and system operation needs to be further developed

and tested, including, among others, the prediction of ramp events and their use complementary to other methods, i.e. hybrid

approaches that combine e.g. statistical methods and the lidar-based approach.
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