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RESPONSES POINT BY POINT TO REFEREE N°2 OF WIND ENERGY SCIENCE 

DISCUSSIONS 

Assessing Inter-Model Agreement in Convection-Permitting Simulations of Extreme 

Winds for Wind Energy Applications 

Nathalia Correa-Sánchez, Xiaoli Guo Larsén, Eleonora Dallan, Marco Borga, and 

Francesco Marra 

Dear Referee No.2, 

We thank you for your review work and the valuable comments, which helped to improve our 

paper. Our responses are reported in blue, and all the modified or new text is reported in italics 

and red. Line numbering refers to the original version of the paper that was available for the 

open discussion. Reviewer(referee) comments are numbered as RxGCy for general 

comments and RxSCy for specific comments, where x indicates the reviewer number (1 or 2) 

and y indicates the sequential comment number. 

Overview 

The authors examine statistics of extreme wind speeds at turbine height from three different 

regional climate models with convection-permitting configurations, with the statistics 

separated into different land surface types. The models are assessed in terms of the 

differences between them, to evaluate the uncertainties associated with modelling extreme 

wind climates. 

 

Modelling of the extreme wind climate is an important of research and highly relevant for wind 

energy. I appreciated some aspects of the paper, such as examining differences between 

types of land surface climates. However, I also found some of the methods and data used in 

this paper to be unsuitable, with interpretations of the results that are in my opinion, not 

accurate. For these reasons, I think the submission needs significant changes in approach. I 

will expand on these issues below.  

 

General comments 

 

• Observations 

We are grateful for this comments, which allows us to clarify the scope and scientific value of 

our work. We agree that observational validation is the gold standard. However, our study 

faces data availability limitations that are inherent to the field, not the result of methodological 

design choices. To clarify this, we respond point by point to each aspect of the comment below. 

Below, we break down your general comment on the observations to respond to each 

component.  

 

R2GC1 The authors mention this as a limitation in the discussion, but I think the fact there are 

no observations used to evaluate the models undermines the rest of the work done here.  

R//: We acknowledge that the absence of observational validation is a significant limitation (as 

we stated in the motivation). Indeed, this limitation defines the nature of this work as a 

methodological/exploratory study rather than an operational/applied one. For this reason, we 
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believe that it does not “undermine” the scientific value of our work. The entire structure of the 

analyses is based on the reality of lack of ground observations.  

Our study establishes the first application of SMEV to wind in CPMs, quantifies inter-model 

uncertainty for this variable at turbine height for the first time, and identifies spatial categories 

with greater/lesser agreement between models. This information is valuable to the wind 

energy community precisely because it quantifies the level of disagreement between state-of-

the-art CPMs (differences in U50 exceeding 15-20 m/s in complex terrain according to Section 

4.1), identifies which methods are promising for short series (SMEV with approx 1200 ordinary 

events versus 10 annual maxima in traditional GEV), and indicates where resources should 

be prioritised for future observational validation campaigns.  

In this sense, we will further clarify explicitly in the Abstract, Introduction, and Conclusions that 

this is a methodological study whose objective is to establish a baseline of CPM capabilities 

and not to provide final estimates for wind farm design. Similar to the response to the 

comment R1SC4, CPMs provide spatially complete extreme-wind climatologies that are 

essential for regional wind energy planning, and that observational networks cannot provide. 

Our multi-model evaluation quantifies inter-CPM uncertainty, establishes SMEV feasibility for 

short time series, and identifies spatial zones requiring validation priority. These contributions 

enable informed risk assessment of wind farm locations and turbine design (IEC 61400-1) in 

areas with limited data. This supports strategic infrastructure planning that is related to, but 

different from, point-based observational validation. We have therefore modified: 

- Line 15 in the Abstract: “..assessments of extreme winds, and establishes a methodological 

framework that provides the wind energy community …” 

-In relation to the comment R1SC4, the idea that initially was in line 68 now has been moved 

to line 55 : “An effective use of CPMs for wind energy requires addressing key methodological 

challenges. First, the limited availability of long-term wind observations at hub heights restricts 

direct and absolute validation of CPM performance…” 

- Lines 90-91 in the Introduction: “...To advance in renewable infrastructure planning, not only 

point-based validation with observations for operational design is required, but also spatially 

complete extreme wind climatologies for regional planning and site prospecting across data-

sparse areas are needed. Our work addresses the second need by estimating extreme wind 

events at turbine height (100~m) using SMEV through an assessment of the relative 

agreement among three CPMs, establishing a methodological framework for wind energy 

applications...” 

- Section 5.6 Limitations in line 517:”...to the community as open data. Until such validation 

becomes possible, the framework presented here serves as a methodological baseline for 

understanding CPM capabilities and inter-model uncertainties in extreme wind assessment.” 

- Lines 542-545 in the conclusions:”...Overall, our work establishes a methodological 

framework for evaluating inter-model agreement and uncertainties in CPMs' extreme winds, 

providing baseline knowledge that could inform future work in wind resource assessment, 

turbine site placement, and grid integration planning across various surface conditions and 

climates…” 

 

R2GC2 It is interesting to compare the spread in extreme wind statistics between models, but 

if we don’t know any of the models represent some version of reality, then this exercise does 

not tell us anything about model uncertainties. For example, if one of the models produces 

nonsense, we will have no way of detecting this, and this will impact all the resulting 

interpretations of spread in the ensemble.  
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R//: It is true that we do not necessarily know if a model better represents reality or if a model 

produces more erroneous values. However, although some validation was done in the past 

and confirmed that these types of models are physically sound  (Correa-Sánchez et al., 2025), 

we have to start from the idea that observational data are not available in sufficient quantity 

and spatial distribution. As mentioned above, the entire structure of this study is organized 

around this notion, with the objective of deriving as much information as possible from the 

available data. Multi-model intercomparison does provide information on structural 

uncertainties even without direct observations.  

 

First, CPMs are built upon physical first principles (Navier-Stokes equations, atmospheric 

thermodynamics, conservation of mass, momentum, and energy), and the simulated wind 

speeds (such as those reported in the Section 4.1) fall within physically plausible ranges.  

Second, the relative comparison allows us to gather actionable information: knowing that the 

models agree more strongly in certain spatial categories (water surfaces R1 show “highest 

inter-model consistency” according to Results section 4.3) than in others (complex terrain 

where differences exceed 15-20 m/s) is useful for  identifying areas where observational 

validation should be prioritised. 

Third, our PCA analysis showed that CMCC diverges systematically from the other members, 

demonstrating that intercomparison can detect anomalous relative behaviour without the need 

for observations. Moreover, the consistent hierarchy ETH > CNRM > CMCC in all spatial 

categories (Discussion lines 476–478) “reinforces the idea that the way models are formulated 

leads to differences between them, rather than specific surface effects”, suggesting that these 

differences reflect genuine physical uncertainty in small-scale processes, not gross errors. 

Previous literature has established that multi-model spread is in fact a useful estimator of 

structural uncertainty (e.g. Smith et al. (2012)), as it identifies regions where models agree 

(potentially higher confidence) and regions where they diverge (priority for observational 

validation).  

Despite this, the reviewer is correct that we cannot establish absolute truth or detect whether 

all models share the same systematic bias in the same direction. This is already pointed out 

in line 84, lines 213-214, line 244, lines 508-509 but, to avoid delivering confusing messages 

on this crucial aspect, we will add also in the Discussion  in line 486 : “...representations. While 

previous validation confirms that these models are physically sound (Correa-Sánchez et al., 

2025) and multi-model ensembles quantify structural uncertainty, observational validation 

remains essential to establish absolute accuracy and to detect potential shared systematic 

biases beyond the structural uncertainty quantified by multi-model ensembles….” 

R2GC3 In some points of the manuscript, the model spread is interpreted as accuracy or 

reliability (L216), but I disagree. In other parts, the authors correctly acknowledge that their 

method does not establish accuracy, but can provide insights into robustness (L244). But 

again, I would argue that observations are needed to establish robustness, otherwise the 

ensemble could agree (which here, I assume would be interpreted as being “robust”) but 

without being realistic.  

R//: Thank you for pointing this out. We agree with the distinction between inter-model 

consistency and fidelity to reality. 
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Indeed, in the original manuscript we do not use the term “accuracy” except to acknowledge 

we cannot establish it without observations (lines 244, 84). We state that, given the absence 

of direct measurements, we cannot assess accuracy but rather agreement.  

 

Second, regarding “reliability”: We used this terminology following previous practice in 

literature, and we cited this relevant literature in lines 216 and 217 of the original manuscript. 

For this reason, and considering the already included text about the impossibility to establish 

“accuracy” without observations, we will better clarify its meaning in our context by modifying  

lines 216-219 to: “High inter-model agreement, measured through PCA loadings, may serve 

as a proxy for inter-model consistency (Smith et al., 2012; Yan and Tang, 2013), as 

independent models with strong consensus indicate reproducibility across different model 

formulations. However, this consistency does not guarantee accuracy without observational 

validation.” 

 

We will also modify lines 244-247 to clarify “robustness”: “...wind speed patterns. This 

approach provides insights into inter-model consistency and reproducibility. While this does 

not guarantee accuracy without observational validation, it indicates that results are not 

arbitrary or dependent on implementation. High agreement among models based on different 

physics schemes suggests potentially higher confidence in their outputs. Nevertheless, 

observational validation is necessary to determine whether this consistency reflects reality or 

shared systematic bias.”  

 

In relation to our response to comment R1SC7, we also would like to add that the CPMs 

analysed were developed independently with different cores (COSMO vs AROME), PBL 

schemes (TKE vs CBR), and numerical formulations (Section 2), which reduces (though does 

not eliminate) the likelihood of identical systematic bias. Combined with physical plausibility 

checks (Section 4.1 shows values within expected ranges), this provides some confidence, 

but we acknowledge observational validation remains essential as we have emphasised 

several times throughout the text. 

 

R2GC4 I would therefore strongly caution the application of any of these results to wind 

energy.  

R//: We fully agree on this cautionary statement. Our objective is not to provide quantitative 

values for design, and, indeed, we  did not give any specific quantitative value referred to a 

location. This is why, in relation with comment R2GC1, we have now further emphasise the 

nature of our paper to avoid this type of concern by presenting the ideas clearly and 

demonstrating the usefulness of our work in wind energy, highlighting that this work quantifies 

inter-CPM uncertainty, establishes SMEV feasibility for short time series, and identifies spatial 

zones requiring validation priority. These contributions enable informed risk assessment of 

wind farm locations and turbine design (IEC 61400-1) in areas with limited data. This supports 

strategic infrastructure planning that is related to, but different from, point-based observational 

validation. 

These specific contributions from our work establish the basis for future studies that might 

have observational data available. To improve clarity regarding the value of our work in wind 

energy, we will revise the abstract, discussion, and conclusions to emphasize  these points as 

we elaborated in comment R2GC1  . 
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R2GC5 The differences in annual average maximum wind speeds of 15-20 m/s certainly 

suggest that some of the models are producing an extreme wind climate that would be outside 

the range of observations if they were provided. 

R//: The entire idea behind our study is to identify and highlight this type of inconsistencies 

across models and behaviors. As stated above (comment R2GC1), we do not aim to provide 

quantitative information from model outputs, and indeed we do not do that. Following  the 

replies to the previous comments, we will futher clarify this aspect.  

R2GC6 The authors reference some studies that have analysed the spread in model 

ensembles (Bellucci et al. 2015, Smith et al. 2012, Yan and Tang 2013), but each of these 

studies appear to incorporate some source of observational data to first establish if the models 

are realistic.  

R//: The reviewer is correct that these studies use observational validation, but there are 

fundamental differences with our case. Smith et al. (2012), Bellucci et al. (2014), and Yan & 

Tang (2013) validate surface temperature, SST, and geopotential height GPH500 using 

observational products with more than 50 years of continuous and dense temporal coverage 

(HadCRUT since 1850, NCEP reanalysis since 1948, GPCC). These products were 

developed through decades of massive investment in observational networks, including 

thousands of land stations, ocean buoys, radiosondes, and satellites. No equivalent dataset 

exists yet for 100 m winds in our spatial and temporal domain. 

Meteorological towers at 100 m are expensive, scarce, and typically private. The only high-

resolution regional reanalysis in our domain, COSMO-REA6 (Bollmeyer et al. 2015), has for 

this variable only the period 2007–2013, overlapping only 3 years with our CPMs (2000–2009), 

which is statistically insufficient for extreme-value analysis capturing interannual variability and 

producing stable return period estimates. Moreover, COSMO-REA6 is a reanalysis (model 

plus assimilated observations), not direct observations; meaning the reanalysis at this height 

is largely influenced by the background model. 

In terms of spatial scale, GCMs at 100-300 km resolution evaluated in the cited papers can be 

validated with meteorological stations spaced tens of kilometres apart because temperature 

has high spatial correlation. CPMs at 3 km simulate convective phenomena of 5-20 km of 

extension with highly spatially variable winds, requiring observations spaced approximately 

every 5 km for appropriate validation. 

The difference is NOT that we chose to omit validation; it is that the necessary observational 

infrastructure (comparable to HadCRUT for temperature) are NOT available for 100 m winds. 

Under these circumstances, we designed our multi-model intercomparison to establish a 

baseline of CPM capabilities and guide future observational investments. 

• Choice of methods 

R2GC7 I found some of the methods chosen to not help in addressing the problem of extreme 

wind representation. Mainly the PCA analysis, which appears to use all daily wind data, most 

of which will not be extreme. I really appreciated the innovation of using this type of PCA 

analysis, but I think that this analysis will represent how the models vary generally, rather than 

providing any insights on extreme wind representations or agreement. Some of the 

interpretations of the analysis I also found strange, such as the authors suggesting that the 
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orthogonal PCAs should somehow represent different model parameterisations such as 

convective processes and momentum transport. All these schemes will interact in the model 

to produce a given surface wind value. 

R//: We appreciate the reviewer's recognition of the PCA innovation and welcome clarification 

of its scope. The PCA was deliberately designed to characterise systematic inter-model 

relationships and hierarchy, not to directly analyse extremes, which is the role of SMEV. Using 

daily wind gusts (10-year record) provides robust estimation of the inter-model covariance 

structure, revealing that 74.2% of variance represents a consistent consensus signal with 

stable hierarchy (ETH > CNRM > CMCC) across all spatial categories. This hierarchy also 

remains at the extreme estimates (Figure 6 a-c). Our framework is itself a complementary 

design: PCA establishing inter-model agreement/desagreement structure, SMEV quantifying 

extremes, that remains methodologically appropriate and addresses the wind energy 

community's need to understand both model agreement patterns and extreme value 

uncertainties. 

 

We also agree that parameterisation interpretation requires clarification. In the manuscript we 

used conditional language (“might”, “could reflect”) to illustrate potential physical origins of 

structured disagreements captured by PC2/PC3, not to assert definitive attributions, since we 

cannot state this with certainty. 

 

We have therefore modified lines 425-427 to clarify our intention of illustrate/exemplify: 

“...These independent divergence patterns indicate that systematic differences originate from 

various uncorrelated aspects of model formulation. While we cannot definitively attribute these 

to specific parameterisations without sensitivity experiments, as illustrative examples, PC2 

could potentially relate to sub-grid schemes and vertical momentum transport, while PC3 

might involve boundary layer mixing and surface flux calculations…” 

 

R2GC8 In addition, I understand that the extreme value analysis was developed for application 

to limited periods of data, but I’m not sure that a 10-year period is long enough for this type of 

analysis. Generally, for climatological analysis, I think that 20-30 years of data is required, 

especially when analysing extremes.  

R//: Thank you for raising this point. The reviewer is correct that 10 years are insufficient for 

full climatological characterisation, which typically requires 20-30 years to capture long-term 

climate variability. However, we need to distinguish between two separate concepts that 

underlie this requirement: 

 

On the one hand climate variability refers to natural multi-year oscillations (e.g., NAO, PDO...) 

that require 20-30+ years to characterise. On the other hand, estimation uncertainty refers to 

the statistical precision of parameter fitting, which is what SMEV addresses.  

 

Here, the 20-30 year requirement applies to traditional GEV/GPD methods that use only 

annual maxima (20-30 data points) or some few values above a threshold. SMEV, operating 

under different assumptions, uses the upper tail from all the independent ordinary events, 

which retain a more robust signal from the extremesfor distribution parameter estimation. This 

“drastically decreases the fitting uncertainty with respect to classic extreme value theory” 

(Marra et al., 2019) and has been validated in studies with similar record lengths (Miniussi and 

Marra, 2021; Dallan et al., 2023). Crucially, all three CPMs share identical ERA-Interim forcing, 

which removes climate variability from inter-model comparisons. The observed differences are 
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therefore structural (model formulation) rather than climatic, manifesting as a consistent 

systematic hierarchy (ETH>CNRM>CMCC) across all spatial categories. Our framework 

evaluates these systematic structural differences and estimation uncertainty, not climate 

representativeness. So, for detecting systematic inter-model patterns and establishing SMEV 

applicability, 10 years provide enough data. 

 

We have amended the text between lines 510 and 511 to clarify this point: “...represents a 

limitation for characterising long-term climate variability. Nevertheless, since identical forcing 

isolates systematic model differences from climatic variations, 10 years is sufficient aswell for 

inter-model comparison purposes. Also…” 

 

R2GC9 If I understood correctly, the seasonal agreement analysis assumes that the models 

should be correlated in time in their representation of extremes. Given that the analysis was 

done at point data, this will not account for extreme winds that are produced similarly between 

models, but at slightly different locations. This might often happen often during the warm 

season due to convective processes with limited spatial extent. I think that this type of analysis 

should either use a neighbourhood approach (considering a radius around a point) or assume 

that the models aren’t correlated in time (and instead analyse their distribution). 

R//: We thank the reviewer for this insightful observation regarding the spatial displacement of 

the convective events. As correctly pointed out by the reviewer, the seasonal agreement 

analysis assumes that the models should be correlated in time and in their representation of 

extremes, and the results of our analysis give a measure of what the reviewer points out (less 

correlation in summer, more in winter). The reduced summer correlations we observe (Figure 

5, July: 0.1-0.4) reflect the combined effects of genuine differences in convective physics 

representation and potential spatial displacement of similar events. Our interpretation that 

lower summer correlations indicate fundamental differences in convective processes driven 

by model formulation rather than boundary forcing, remains valid given consistency across all 

spatial categories.  

 

To highlight the potential spatial displacement in the text, we have added the following to line 

263: “...throughout the decadal period. Correlations are calculated at fixed grid points and 

therefore reflect temporal co-occurrence at specific locations rather than spatial displacement 

patterns. Then, point-wise correlations …” 

 

We have also included the interpretation in line 444: “...orographically influenced flows. The 

reduced summer correlations reflect both differences in convective physics representation and 

potential spatial displacement of similar events. This independent…” 

 

R2GC10 I think the best methods in this work are the simplest: Figure 3, I found easiest to 

interpret and very interesting. This could simply be split up by land surface type, examining 

the entire distribution, and incorporating some type of observations. 

R//: We appreciate the reviewer's positive assessment of Figure 3, which effectively 

communicates spatial patterns and allows for preliminary viewing of inter-model differences.  

 

Following your comment, we have added a supplementary figure with the information from 

Figure 3 broken down by spatial categories, and we have added the following text to line 330 

that mentions it: “These spatial patterns remain consistent when disaggregated by individual 

surface categories (Figure S2), persisting across all spatial category levels.  
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The differences in magnitude and…” 

 

And we have added the figure in question to the supplementary material: 

 
Figure S2. Distribution of annual maximum wind speeds and coefficient of variation (CV) 

across spatial categories. Boxplots show the complete distributions of (a-c) 10-year average 

annual maxima and (d-f) coefficient of variation for each CPM, disaggregated by climate 

zones, roughness classes, and topographic levels.  

 

Specific comments 

R2SC1 L31: ~10 km – GCMs are often coarser than this. 

R//: We thank the referee for this clarification, which has contributed to the rigour of the ideas 

we express. Following also the response to comment R1SC3, we have changed lines 31-32 

to: “...global and regional climate models (GCMs and RCMs) have served as essential tools 

for understanding large-scale atmospheric flows. However, while GCMs (∼100 km grid 

spacing) capture synoptic scales and RCMs (∼10 km) extend into larger mesoscales, neither 

can explicitly resolve convective processes and represent fine-scale surface heterogeneity 

that affects local wind behaviour and extremes (Soares et al., 2012; Prein…” 

 

R2SC2 L35: Might be worth mentioning some limitations of CPMs in future. From this, it 

sounds like the models can resolve all of the convective processes and gust front turbulence 

required to simulate extreme convective wind gusts. But there are still unresolved sub grid 

scale processes such as convective entrainment and turbulence. 

R//: Thank you for suggesting this clarification. To provide a more realistic perspective on 

CPMs, we will add the following to line 37: “...such as winds at 100 m. Although these CPM 

projections remain limited by aspects such as boundary layer turbulence parameterisations, 

sub-scale momentum transport schemes, they enable a more accurate representation of 

surface characteristics and their interactions with surface winds…” 
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R2SC3 L41: I was a little confused by the intention of this paragraph. It started off talking 

about CORDEX but then covers several different points around CPMs (all relevant points) 

R//: We thank the reviewer for bringing this paragraph to our attention, and we agree that it is 

confusing to read. To correct this, we have decided to split the paragraph into two paragraphs 

and add a transitional phrase at that point. So, in line 44, we have: “...eventually offering 

opportunities for medium and long-term planning. This framework provides the CPM ensemble 

analysed in the present study. 

| 

Previous research that relied on the wind speed field from CPMs has focused mainly on 

average conditions (Ruiz et al., 2022; Ma et al., 2022), rather than on extreme wind speed. 

While…” 

 

R2SC4 L111: It is not stated if these wind components are instantaneous or represent some 

type of maximum/mean. The daily maximum is taken later (L228) and are referred to as gusts, 

but I wonder if these are actually gusts (gusts are usually defined by a 3-second average wind, 

whereas I assume instantaneous model winds are used from the model time steps). Are they 

the same in each model and could this explain some of the differences (i.e. different outputs 

rather than different model processes)? 

R//: We thank the reviewer for this clarification regarding temporal resolution and terminology. 

The reviewer is correct in the sense that “gust” has a specific meteorological definition as the 

3-second average maximum (by WMO) that differs from our analysis. In our work, all three 

CPM models provide consistent hourly outputs that are the instantaneous model states at 

each time step. What we term “daily wind gusts” are actually the daily maximum wind speeds, 

calculated as the maximum instantaneous hourly value within each 24-hour period. 

 

To rectify this, we have replaced the sentence at the end of line 110 with: “...of the study (Table 

1). Specifically, wind speeds were derived directly from the zonal (u 100 m) and meridional (v 

100 m) wind components, available at hourly frequency, for the reanalysis period of 2000-

2009. All three CPM models provide consistent hourly outputs representing instantaneous 

model states at each hourly output time (i.e., snapshots at specific hours, not hourly averages 

or hourly maxima). In all models, ERA-Interim (Dee et al., 2011) provides…” 

 

Also, between lines 228 and 231, we have replaced the term “daily wind gust” with “daily 

maximum wind speed”,  which is more appropriate for what we actually did. The text would 

now be as follows: 

“ PCA was applied to daily maximum wind speed time series derived from hourly 100 m wind 

speed data (2000-2009) simulated by each of the three CPMs (Section 3.1.5). Daily maximum 

wind speeds are calculated as the maximum hourly wind speed for each day. To address the 

right-skewed distribution typical of wind data while ensuring mathematical validity for zero wind 

speeds, daily maximum wind speeds are transformed using WGlog = log(1+WG), where WG 

represents the original daily maximum wind speed values in m s-1.”  

 

R2SC5 L147: Do we know this? 

R//: We thank the reviewer for this observation. The reviewer is correct, the statement reflects 

a methodological assumption based on climate science literature (Ulbrich et al., 2009; Pfahl, 

2014) rather than a demonstrated finding. The aggregation was motivated by balancing 

interpretability with capturing major circulation regimes. Our results suggest this aggregation 
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did not obscure dominant inter-model patterns, though each aggregated category now 

contains more internal climate diversity than the original 13 types. 

 

We will modify line 147 to: “...as shown in Fig. 1a. This aggregation balances interpretability 

with preserving the major atmospheric circulation regimes that control extreme wind 

generation across Europe (Ulbrich et al., 2009; Pfahl, 2014).” 

 

R2SC6 Section 3.1.5: I’m a bit unsure why all points in the domain aren’t being used for 

analysis. Is it for computational reasons only? I feel like this is removing information/samples 

from the analysis. 

R//: We thank the reviewer for this question. However, this methodological design is not only 

due to computational reasons (which are valid when handling such a broad domain with these 

dense datasets), but also because using all domain points would introduce substantial spatial 

autocorrelation, where neighbouring points provide largely redundant information rather than 

independent samples. Stratified random sampling is methodologically superior to exhaustive 

spatial sampling for statistical inference (Cochran, 1977; Thompson, 2002; Webster & Oliver, 

2007). Our approach samples 100 randomly distributed points per spatial category, ensuring 

statistical independence while capturing the full range of within-category variability. This 

sampling strategy provides statistical rigour and computational feasibility, prioritising statistical 

independence over exhaustive spatial coverage. 

 

Nevertheless, we recognise that we should incorporate more information about the theoretical 

basis that led us to this methodological design. Therefore, we have modified lines 195-197 

with: “...Spatial randomisation was implemented within each of the dominant categories to 

mitigate potential spatial autocorrelation effects and sampling bias that could arise from 

clustered or systematic point selection. Here, we selected 100 points per category to provide 

a statistically representative sample size that ensures statistical independence for a robust 

parameter estimation (Cochran, 1977) while maintaining computational feasibility for 

subsequent analysis. This stratified random sampling is standard in spatial statistics 

(Thompson, 2002; Webster & Oliver, 2007)...” 

 

R2SC7  Figure 1: I like this combined classification method! 

R//: Thank you for recognising the value of our spatial category approach.  

 

R2SC8  L223: The models can develop their own atmospheric conditions separate from the 

initial forcing. 

R//: We thank the reviewer for this important technical clarification, also highlighted in the 

R1SC11 comment.  It is correct that CPMs develop their own internal mesoscale meteorology 

rather than operating under strictly “identical atmospheric conditions”. While all three models 

share consistent initial and lateral boundary conditions from ERA-Interim, each of them 

develops model-specific atmospheric states through their distinct physics designs,  

parameterisations, and dynamical cores, which is precisely the “added value” of convection-

permitting resolution (Prein et al., 2015; Coppola et al., 2020). To be clear about what we 

mean, we modified lines 123-124 with: “...At each grid point, the three time series represent 

the same meteorological variable (wind speed at 100 m) but simulated by different models 

under identical atmospheric boundary forcing (ERA-Interim), enabling PCA to decompose the 

pure inter-model covariance structure…”. This clarification better reflects that our inter-model 

comparison isolates physics-driven differences under equivalent boundary forcing. 
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R2SC9  L228: Why was the daily maximum taken? 

R//: We thank the reviewer for this question. Daily maxima were selected for PCA based on 

methodological considerations on independence and diurnal cycle effect.  

First, hourly wind speeds exhibit strong temporal autocorrelation due to atmospheric 

persistence, causing PCA components to reflect temporal dependencies and diurnal 

periodicity rather than inter-model covariance structure. Daily maxima substantially reduce this 

autocorrelation.  

Second, the diurnal cycle represents a significant component of hourly variance; PCA would 

mix this common signal with actual inter-model differences. With daily maxima, we eliminate 

the diurnal component while preserving important events.  

 

To clarify on this we have added in line 233: “Here we use a daily aggregation since it serves 

two methodological purposes for PCA: 1) It substantially reduces temporal autocorrelation 

inherent in hourly data that would cause components to reflect temporal dependencies rather 

than inter-model covariance, and 2) It eliminates the diurnal cycle that would mix a common 

atmospheric signal with actual model differences, which allows PCA to decompose inter-

model relationships in significant wind events (Jolliffe, 2002).” 

 

R2SC10 Section 3.3.1: What is the decorrelation time for wind? Does it depend on surface 

type/regime/season? 

R//:  We thank the reviewer for allowing us to clarify this. Decorrelation times were calculated 

individually for each CPM using the area-under-the-curve method (Kristensen et al., 2002) 

applied individually to hourly wind speed time series at each sampled location. The 

decorrelation time varied spatially across the domain, and these values defined the temporal 

separation for identifying independent ordinary events in the SMEV analysis. 

 

We have added an illustrative profile of the correlation times in the annexes for uniformly 

spaced time series for each CPM to the appendices, to exemplify the decorrelation times in 

our study over a regular grid of 1° space.   

To mention the figure, we have added the following to line 283: “...extreme value analysis. 

Figure S3 illustrates the patterns of latitudinal variation in decorrelation on a uniform grid of 

points for each model. …” 

 

The Figure S3 added in the supplementary material is as follows: 
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Figure S3. Temporal decorrelation time for 100 m wind speed in each CPM. (a) Latitudinal 

profile of zonally averaged decorrelation time for each CPM. (b)  Multi-model mean 

decorrelation time averaged across ETH, CNRM, and CMCC. Circles indicate the 1° x 1° 

grid points where decorrelation was computed for this illustrative analysis. 

 

R2SC11  L361: Unsure of what this means. 

R//: Thank you to the reviewer for pointing this out. We recognise that the term “inter-model 

hierarchy” in the context of pairwise correlations may be confusing. We have adjusted this 

sentence to clarify that we are describing consistent patterns in pairwise model agreement 

rather than a hierarchy of individual models. Specifically, the CNRM-CMCC pair exhibits 

systematically lower correlations than the ETH-CNRM and ETH-CMCC pairs, which show 

more similar correlation levels. This pattern reflects the PC2 divergence structure described 

in Section 4.2.1, in which CNRM and CMCC systematically diverge in opposite directions, 

while ETH occupies an intermediate position. 

 

In this sense, and in relation to the answer to comment R1SC12, the modifications we have 

included in lines 361-367 are: “...The seasonal correlation results (Figure 5) show that the 

CNRM-CMCC pair exhibits generally lower correlations than the ETH-CNRM and ETH-CMCC 

pairs across most months and spatial categories, consistent with the PC2 divergence pattern, 

in which CNRM and CMCC systematically diverge while ETH remains near consensus across 

spatial categories. The spatial categories show modest influence on correlation magnitudes 

(typically ∼0.1-0.3 variation), with high-elevation complex terrain categories exhibiting slightly 

lower correlations during the winter and transitional periods. We also performed this same 

analysis with the monthly maximum, and the correlational patterns obtained were similar, 

yielding consistent model rankings and seasonal patterns.…” 

 

 

 


