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Abstract

For efficient wind farm management and optimized power generation under adverse weather conditions, under-
standing the causal meteorological drivers is essential. In this paper, we investigate the temporal causal influences of
wind speed-related meteorological processes within a wind farm using the Heterogeneous Graphical Granger model
(HMML). HMML is applied to synthetically generated wind power production data from Eastern Austria. To assess
the plausibility of the identified causal processes, we compare the results with those obtained using the state-of-the-art
LiNGAM method. Both methods are applied and evaluated across six different scenarios, each defined by distinct
hydrological periods. The scenarios are defined by a set of time intervals characterized by either low/high extreme
wind speeds or moderate wind speeds. We applied both methods across these scenarios and conducted causal
reasoning to identify potential causes of extreme wind speeds within the wind farm. The sets of causal parameters
obtained using HMMLwere found to bemore realistic than those derived fromLiNGAM. Combining the knowledge
of causal variables affecting wind speed at the turbine hub, identified by HMML in each scenario, with weather
forecasts can offer practical guidance for wind farm operators. Specifically, this knowledge can support more
informed planning regarding when wind turbines should or should not be generating energy. For instance, the strong
Granger-causal linkage identified betweenwind speed and temperature can inform curtailment strategies. In scenarios
where rising temperatures are predictive of declining wind speeds, operators may preemptively adjust turbine output
or schedule maintenance to optimize efficiency and reduce wear. Moreover, such predictive insights can feed into
energy market models, where anticipated curtailment due to meteorological dependencies affects both generation
forecasts and pricing strategies. By integrating these causal relationships into operational planning, the proposed tool
offers a pathway toward more adaptive and economically efficient wind energy management.

Impact statement

Prediction focuses on the question of what might happen, while causal inference seeks to answer why it happens. In
climate science, understanding the causal drivers, such as extreme wind events, enables us not only to explain
phenomena but also to intervene, rather than merely forecast. In this context, identifying the most influential
meteorological parameters that cause extreme wind speed events in wind farms is essential for effective wind energy
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production management and planning. The results of our method provide causal indicators for six selected scenarios,
defined by high,medium, and lowwind speeds across two hydrological seasons. These insights can be used to support
decision-making by wind farm operators.

1. Introduction

In recent years, renewable energy generation has increased rapidly, driven in part by the recent energy
crisis and the global ambition to achieve fossil-free energy production by 2040 at the latest. However, as
climate change continues to impact various aspects of daily life, including infrastructure and other critical
sectors, it becomes increasingly important to investigate and understand the drivers and causal influences
of adverse weather on sectors such as wind energy. In this context, machine learningmethods have proven
highly effective in uncovering causal relationships. Wind energy plays a pivotal role in global decarbon-
ization efforts by providing a scalable, low-emission alternative to fossil fuel-based electricity generation.
Wind power contributes not only to reducing greenhouse gas emissions but also to reshaping energy
systems toward sustainability. Gazar et al. (2024) highlight the importance of causal inference tools in
evaluating the environmental impacts of renewable energy projects, emphasizing the need for robust
analytical frameworks to guide decision-making in complex socio-environmental contexts. Andersen and
Geels (2023) argue that the speed and direction of net-zero transitions depend on the interplay between
multiple systems—technological, institutional, and social—where wind energy serves as a key enabler of
systemic change. However, as Sovacool et al., (2021) point out, the expansion of wind infrastructure must
also account for issues of equity and justice, as decarbonization processes can lead to new forms of
dispossession and socio-spatial inequality. In line with this, Köhler et al. (2019) call for a comprehensive
research agenda that integrates technological innovation with societal transitions, highlighting the
importance of interdisciplinary approaches to sustainability transformations in which wind energy is a
central component.

An important direction in recent machine learning research is the focus on interpretability and
explainability of methods. Graphical causal approaches inherently offer both of these properties. Recently,
Runge et al. (2023) introduced a taxonomy of causal research questions in climatology. This taxonomy
categorizes types of expert assumptions and the properties of available time series data. This framework
provides a causal language through which researchers can formally define their study questions. Graphical
Granger causality, and its nonlinear extensions, have played a sustained role in climatological research due
to its ability to capture relationships among temporal variables. This is evidenced by a growing body of
work over the past decades, see, e.g. Smirnov and Mokhov, (2009), Attanasio et al. (2013), Runge et al.
(2015), Runge et al. (2023).

Focusing on the task of power generation in a wind farm and the associated airflow dynamics, themain
objective of this work was to determine how relevant meteorological parameters influence selected low,
medium, and high wind speed scenarios in a wind farm located in Eastern Austria, and to compare the
differences among them. To achieve this, we employed the Heterogeneous Granger Causal Model
HMML (Hlaváčková-Schindler and Plant, 2020), which enables the identification of Granger-causal
relationships among processes that follow exponential distributions—distributions that more accurately
reflect wind speed behavior in most of the scenarios considered.

Traditional correlation analyses cannot distinguish whether cloud coverage causes low wind speeds or
whether both are consequences of synoptic-scale weather patterns. For wind farm operators, this
distinction is critical: if cloud coverage is merely associated with lowwind speeds, monitoring it provides
no actionable insight. However, if cloud coverage causally influences boundary layer dynamics that
subsequently affect hub-height wind speeds, it becomes a valuable leading indicator for operational
decisions such as maintenance scheduling or reserve power allocation. Causal inference enables inter-
vention: understanding that X causes Y allows prediction of how changes in X will affect Y , whereas
correlation between X and Y provides no such predictive power for interventions Pearl (2009).

The objective is to provide the wind farm operators with more insights and a better understanding of
the conditions leading to extreme wind speed events. This knowledge can support more informed
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decision-making, enabling operators to optimize performance under prevailing conditions through
enhanced wind farm management and power generation strategies.

The most related methods for causality among p≥ 3 non-Gaussian processes are LiNGAM (Shimizu
et al., 2006) and the PCMCI method from Runge et al. (2019) developed for causal inference in
multivariate time series in climate and meteorological time series. To the best of our knowledge, no
non-Gaussianmultivariate causal inference method has yet been applied to the analysis of wind farms and
associated meteorological measurements.

To summarize the main contribution of our work, Figure 1 presents the results of our method in
comparison to the benchmark method LiNGAM. Concretely, it shows the relative mean causal influence
of each variable on wind speedmeasured at a height of 135meters in summer across the scenarios of high,
moderate, and lowwind, as calculated by bothHMMLandLiNGAM.The values are average values at the
locations of 38 turbines in a wind park in Eastern Austria. The average is over 100 scenarios of the same
type and over all turbines. The spatial distribution of 38 turbines in the wind farm can be seen in Figure 2.
One can see that the average distance between turbines is approximately 250 meters. The wind farm is
situated on flat terrain, with elevation variations of less than 13 m across the approximately�2 km2 area.
All turbines have hub heights of 135 m, except turbine 38, which has a height of 99 m. The mean spacing
among turbines is approximately 250 m. Topography is visualized using a hillshade overlay (azimuth
315°, altitude 45°) to highlight subtle elevation features. The flatness of the Pannonian Basin is evident in
the narrow elevation range (115–130 m a.s.l.) in contrast to the Austrian Alps shown in panel (a), which
reach elevations above > 3000 m. Background topography is based on the EU Digital Elevation Model
(EU-DEM) v1.1 in WGS84 projection. Turbine locations are sourced from open-access wind farm
datasets, such as the Austrian Aviation Obstacle Database and the IG Windkraft website.

The following sections present the methodology, results, and conclusions of this work.

2. Method

2.1. Heterogeneous graphical Granger model and its estimation by method HMML

Granger causality, introduced by Granger (1969) to distinguish between a cause and effect, can be
extended to themultivariate case, i.e. for p> 2 time series andmodel order d≥ 1, which is a time lag of past

Figure 1. Summary of the key results: The relative mean causal value of each variable to wind speed at the
top of 135m high turbines for the summer in the wind speed scenarios, calculated by HMML and
LiNGAM; The abbreviations denote: z—geopotential, blh—boundary layer height, d2m—dew point
temperature at 2m, rel-h—relative humidity, ws—wind speed at 135 m, d—divergence, cc—cloud
coverage, o3—ozone mixing ratio, pv—potential vorticity, t—temperature at 135, vo—relative vorticity.
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lagged observations included in the model. The model order can be determined via an information
theoretic criteria such as the Bayesian orAkaike information criterion. For p time-series x1, ::,xp the vector
auto-regressive (VAR) model is:

xti =X
Lag
t,d βi0 + ϵ

t
i (2.1)

where XLag
t,d = xt�d

1 , ::,xt�1
1 , ::,xt�d

p , ::,xt�1
p

� �
. βi0 is the transposition of the matrix βi of the regression

coefficients and ϵt the error (Behzadi et al., 2019).
One can state that the time-series xj Granger-causes the time-series xi for lag d and denote xj ! xi, for

i, j = 1,…,p if and only if at least one of the d coefficients in row j of βi is non-zero.
Thus, to detect causal relations, the coefficients of theVARmodelmust be estimated. The estimation of

βi can be done by a penalized least squares or a maximum likelihood error of the order d, together with the
lasso penalty (Tibshirani, 1996).

Multivariate Granger causality among time series, as defined in Eq. (2.1), is a special case of graphical
causal models (Glymour et al., 2019). It assumes that the random error time series follow Gaussian
distribution with zero mean and constant variance.

This assumption is often violated in practical applications, which can lead graphical Granger models to
infer inaccurate or spurious causal relationships. To address this limitation, (Behzadi et al., 2019),
building on the generalized linear model (GLM) framework introduced in Nelder and Wedderburn
(1972), proposed a more general model for detecting Granger-causal relationships among p≥ 3 number
of time series that follow a distribution from the exponential family. In this framework, the relationship
between the response variable and the covariates in the regression is no longer linear but is defined
through a so-called link function η. This function is a monotonic, twice-differentiable and depends on a
specific distribution from the exponential family.

The heterogeneous graphical Granger model (HGGM), (Behzadi et al., 2019), considers time series xi
that follow a distribution from the exponential family, characterized by a canonical parameter θi. The
generic density form for each xi can be written as:

p xijXLag
t,d ,θi

� �
= h xið Þexp xiθi�ηi θið Þð Þ (2.2)

Figure 2. Spatial distribution of wind energy infrastructure in Austria and a detailed view of the reference
wind farm study site. (a)Wind turbines across Austria (red circles, n = 1516) overlaid on topography (EU-
DEM v1.1, 100 m resolution). The blue box highlights the location of the reference wind farm (47.81°N,
17.05°E) in the eastern Pannonian Basin. Country borders (solid black curves) and federal state
boundaries (dotted gray lines) are shown for reference. (b) Wind farm with spatial arrangement of
38 turbines (magenta squares) with turbine identification numbers…(1–38).
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where θi =X
Lag
t,d β∗i
� �0

, with β∗i being the optimum, and ηi is a link function corresponding to a time series
xi. The HGGM applies the idea of generalized linear models and to time series in the following form

xti ≈ μti = η
t
i XLag

t,d β0i
� �

= ηti
Xp
j = 1

Xd
l = 1

xt�l
j βlj

 !
(2.3)

for xti, i= 1,…,p, t = d + 1,…,n, each having a probability density from the exponential family; μi
denotes the mean of xi and var xijμi,ϕið Þ= ϕivi μið Þ where ϕi is a dispersion parameter and vi is a variance
function depending only on μi; η

t
i is the t-th coordinate of ηi.

The causal inference in (2.3) can be solved as a maximum likelihood estimate for βi for a given lag
d > 0, λ> 0, and all t = d + 1,…,n by adding an adaptive lasso penalty function (Behzadi et al., 2019).
Similarly, one can say that the time series xj Granger–causes time series xi for a given lag d, and denote
xj ! xi, for i, j = 1,…,p if and only if at least one of the d coefficients in j� th row of β̂i of the penalized
solution is non-zero, see (Behzadi et al., 2019).

Hlaváčková-Schindler and Plant (2020) developed the HMML method, which outperformed HGGM
in terms of causal inference precision. The idea of the HMMLmethod for the estimation of βi coefficients
is the following: it replaces the solution via p penalized linear regression problems by formulating the
feature selection as a combinatorial optimization problem, as was done in Hlaváčková-Schindler and
Plant (2020) for the multivariate Granger causal model with time series from the exponential family. It
uses the information theoretic criterion “minimum message length” (MML), introduced by (Wallace,
2005) for general inference problems, to determine causal connections in the model. As demonstrated in
Hlaváčková-Schindler and Plant (2020), applying this principle significantly improves the precision of
causal inference, especially for “short” time-series (The length of a short time series is of the order of at
most hundreds of the number of involved time series.). The MML principle is an information-
theoretical formulation of Occam’s razor: even when models have a comparable goodness-of-fit to
the observed data, the one generating the shortest overall message is more likely to be correct (where the
message consists of a statement of the model, followed by a statement of data encoded concisely using
that model). The statistical version of theMMLprinciple constructs a description in terms of probability
functions and some prior knowledge of the parameter vector. MML seeks the model that minimizes this
trade-off between model complexity and model capability. In the type of MML considered in
Hlaváčková-Schindler and Plant (2020) and in this study and application, the parameter space θ for
the statistical model p :jθð Þ is decomposed into a countable number of subsets and associated code words
for members of these subsets. The parameter θ in the MML criterion corresponds to the maximum
likelihood estimates of the regression coefficients βi and the dispersion coefficient of the target time
series.

Each regression problem for i= 1,…,p is expressed via the incorporation of a subset of indices of
regressor variables, denoted by γi⊆ 1, ::,pf g and ki = ∣γi∣ into (2.3)

xti = η
t
i XLag

t,d γið Þβ0i γið Þ
� �

= ηti
Xki
j = 1

Xd
l = 1

xt�l
j βlj

 !
(2.4)

where XLag
t,d γið Þ is the design matrix with regressors only from γi and β0i γið Þ are their regression

coefficients. The best structure of γi in the sense of the MML principle is determined either by a genetic
algorithm, version HMMLGA, or an exhaustive search algorithm, version exHMML. For more details,
see Hlaváčková-Schindler and Plant (2020). Similarly to the Gaussian case (Eq. 2.1), the time lag (i.e. the
model order) of the target variable in HMML can be determined by expert knowledge or by the
information-theoretic criteria. Since HMML is an instance of GLM models, the consequences about
collinear or almost collinear time series also hold for HMML. Collinearity does not violate any
assumptions of GLMs, unless there is perfect collinearity.
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2.1.1. Performance of HMML on synthetic data with known ground truth causal graphs
Hlaváčková-Schindler and Plant (2020) examined the precision of the output causal graphs obtained by
HMML in comparison to benchmark methods on synthetic data, where the ground truth, i.e. the target
causal graph, was known. Randomly generated processes having an exponential distribution of Gaussian
and gamma were examined together with the correspondingly generated target causal graphs. The
performance of of both versions of HMML, namely HMMLGA, exHMML, as well as of the benchmark
methods HGGM (Behzadi et al., 2019), SFGC (Kim et al., 2011) and LINGAM (Shimizu et al., 2006),
depends on various parameters including the number of time series (features), the number of causal
relations in Granger causal graph (dependencies), the length of time series and finally on the lag
parameter. Behzadi et al. (2019) observed that varying the lag parameter from 3 to 50 did not influence
either the performance of HGGM nor SFGC significantly. Based on that, the considered lags were 3 and
4 for all methods in the synthetic experiments. Causal graphs with mixed types of time series for p= 5 and
p= 8 number of features were examined. For each case, causal graphs with higher edge density (dense
case) and lower edge density (sparse case) were considered, which corresponds to the parameter
“dependency” in the code, where the full graph has for p time series p p�1ð Þ possible directed edges.
The length of the generated time series varied from 100 to 1000. In the experiments with causal networks
with 5 and 8 time series, 5 time series with 2 gamma, 2 Gaussian, and 1 Poisson distributions were
considered, which we generated randomly together with the corresponding network. For the denser case
with 5 time series, random graphs were generated with 18 edges and for the sparser case, random graphs
with 8 edges. The results of the experiments on causal graphs with 5 time series are presented in Table 1.
Each value in the rows represents the mean value of all F-measures over 10 random generations of causal
graphs for length n and lag d. For dependency 8, strength = 0.9 of causal connections was taken, for
dependency 18, strength = 0.5.

Table 1 shows that HMMLGA and exHMML gave considerably higher precision in terms of
F-measure than the other three comparison methods for all considered n up to 1000. In the second
network, 8 time series with 7 gamma and 1Gaussian distributions were considered, which were generated
randomly together with a corresponding network. Dense and sparse graphs were considered. Similarly, in
the experiments with p= 5, both exHMML and HMMLGA gave considerably higher F-measure than the
comparison methods for the considered n up to 1000. The results of the experiments and more details can
be found in Table 2 in Hlaváčková-Schindler and Plant (2020). The same paper presents the application of
HMML (version HMMLGA) and LiNGAM to infer causal graph dynamics among selected climato-
logical processes during rainy and dry period with the result of more realistic causal graph for the HMML

Table 1. Hlaváčková-Schindler and Plant (2020): time series, average F-measure for methods HMML,
HGGM, LiNGAM, and SFGC. The first subtable is for d = 3, the second one for d = 4

dense g. 18, n= 100 300 500 1000; sparse g. 8, n= 100 300 500 1000

exHMML 0.69 0.83 0.82 0.88 exHMML 0.70 0.72 0.72 0.67
HMMLGA 0.73 0.90 0.89 0.90 HMMLGA 0.73 0.76 0.74 0.67
HGGM 0.5 0.48 0.54 0.52 HGGM 0.52 0.36 0.66 0.36
LiNGAM 0.57 0.58 0.62 0.58 LiNGAM 0.58 0.54 0.69 0.45
SFGC 0.33 0.26 0.26 0.33 SFGC 0.14 0.35 0.44 0.31

dense g. 18, n= 100 300 500 1000; sparse g. 8, n= 100 300 500 1000

exHMML 0.71 0.73 0.83 0.83 exHMML 0.67 0.80 0.80 0.68
HMMLGA 0.82 0.79 0.87 0.92 HMMLGA 0.67 0.73 0.77 0.70
HGGM 0.44 0.37 0.40 0.39 HGGM 0.53 0.47 0.65 0.36
LiNGAM 0.71 0.58 0.58 0.65 LiNGAM 0.33 0.52 0.74 0.46
SFGC 0.43 0.55 0.42 0.63 SFGC 0.35 0.59 0.42 0.38
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Table 2. An example of an excerpt of measurements of selected variables for turbine “1” on May 18, 2017

turb_
index time z_x (m2s�2) blh (m) d2m (K) rel_humidity (%) ws (ms�1) d (s�1) cc (%) o3 (kgkg�1) pv (kg�1) t (K) vo (m2s�1kg�1)

5666822 1 2017–05–18 14:00:00 0.770995 2.800336 0.013221 –2.731491 0.869545 –0.034922 –0.36543 0.046724 –0.575555 1.152448 –0.135121
5666823 1 2017–05–18 15:00:00 0.770995 2.789344 0.006970 –2.723470 0.809865 –0.290214 –0.36543 0.024580 –0.570066 1.173738 –0.078755
5666824 1 2017–05–18 16:00:00 0.770995 2.737826 –0.015868 –2.700197 0.782642 –0.241364 –0.36543 0.008387 –0.559012 1.168723 –0.049297
5666825 1 2017–05–18 17:00:00 0.770995 2.236300 –0.015443 –2.617868 0.696706 –0.017124 –0.36543 –0.004526 –0.547915 1.137549 0.017904
5666826 1 2017–05–18 18:00:00 0.770995 0.521569 0.104885 –2.347876 0.730746 0.221854 –0.36543 0.004648 –0.534643 1.095379 –0.012785
5666827 1 2017–05–18 19:00:00 0.770995 –0.122236 0.238547 –1.888304 0.892757 0.707102 –0.36543 0.037969 –0.523183 1.056456 –0.217848
5666828 1 2017–05–18 20:00:00 0.770995 –0.247371 0.343639 –1.510327 0.936069 0.551278 –0.36543 0.076749 –0.533447 1.029846 –0.515331
5666829 1 2017–05–18 21:00:00 0.770995 –0.322509 0.385495 –1.241618 0.919796 0.285232 –0.36543 0.119750 –0.534713 1.005269 –0.625763
5666830 1 2017–05–18 22:00:00 0.770995 –0.359932 0.383213 –1.039513 0.944726 0.732300 –0.36543 –0.015654 –0.535805 0.997749 –0.767186
5666831 1 2017–05–18 23:00:00 0.770995 –0.379351 0.369368 –0.894722 0.953857 1.030358 –0.36543 0.018195 –0.522176 0.973753 –1.001889
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method. The highest precision of HMML in comparison to other methods in synthetic experiments, as
well as more plausible results in the precipitation, we consider HMML to be a good choice for causal
inference amongwind-related processes in thewind farm. For the equations and criteria for computing the
causal values explicitly, we refer to Hlaváčková-Schindler and Plant (2020). In this paper, we use the
MML criterion only for the target variable wind speed (one i).

2.1.2. Limitations and advantages of HMML
Granger causality has faced criticism since its introduction. It does not account for counterfactuals, see
e.g. Mannino and Bressler (2015), Maziarz (2015), nor does it satisfy causal sufficiency, meaning it may
overlook hidden common causes. Defending his method, Granger (1988) noted that causation is
considered only among variables where prior theoretical belief suggests a causal link. Thus, conclusions
about causal direction require domain knowledge of the mechanisms involved. While Granger causality
does not capture all aspects of causality, it remains a valuable tool for empirical analysis (see Singh and
Hawati, 2019). Besides other works, Runge et al. (2019) demonstrated that graphical Grangermethods are
empirically effective in large-scale climate and economic datasets.

Like most Granger causality methods, HMML assumes that the underlying time series are stationary.
While HMML is designed for heterogeneous data in the sense of their probability distributions, it still
requires that the heterogeneity be captured in a way that the encoding scheme can exploit, namely, for
exponential probabilities. Noise can lead to spurious dependencies being encoded as causal links or true
causal links being missed, however, this also holds for the other methods we used for comparison. The
robustness of HMML to noise depends on the effectiveness of the message length criterion in penalizing
such spurious patterns. Granger causality depends on the choice of lag length. HMMLmust either assume
or estimate appropriate lags. Regarding the computation time, theMML-based search over possible graph
structures can be computationally intensive, especially for large numbers of variables. This may limit
scalability to a higher number p of processes.

Method HMML, in general, has the following advantages. It supports mixed data: HMML can work
with both continuous and discrete variables, which is a major advantage over classical Granger causality
methods that typically assume all variables are continuous and Gaussian. HMML handles nonlinear and
non-Gaussian data. Further, it allows for modeling interactions between variables of different types
without needing to transform or homogenize the data. TheMML criterion balancesmodel complexity and
goodness of fit, helping to avoid overfitting and underfitting. HMML uses MML to infer the optimal
graphical structure (i.e., causal graph), which includes selecting relevant variables and lags without
manual tuning. The graphical output of HMML produces interpretable causal graphs. HMML is suitable
for moderately high-dimensional data (for p up to 20).

Since some climatological processes are better fitted by exponential distributions than by a Gaussian
one, using HMML can be beneficial for inference on our data set. As discussed in Section 2.1.1, HMML
demonstrated significantly higher precision of causal inference regarding the compared methods on
synthetic time series, particularly for short time series. This is relevant to our case, as we work with short
time series. Specifically, we analyze measurements consisting of 96 temporal samples for wind and
related meteorological data.

2.2. HMML compared conventional techniques

To compare the HMML approach with conventional techniques like rank correlation and linear correl-
ation analysis, especially in the context of identifying drivers of extreme wind speeds, one needs to
consider several dimensions: causality, data heterogeneity, temporal dynamics, and robustness. HMML
identifies which variables cause changes in wind speed, not just those that co-vary. This is crucial for
understanding drivers of extreme events. HMML incorporates lagged relationships, capturing how past
values of predictors (i.e. selected climatological variables in the presented work) influence future wind
speeds. Correlation methods ignore time ordering and missing key dynamics. HMML is designed to
handle the data heterogeneity inherently, unlike correlation methods, which require preprocessing or
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transformation. It does not assume linearity or Gaussian distributions, making it suitable for complex
meteorological phenomena. Correlation methods often fail when relationships are nonlinear or involve
threshold effects (common in extreme weather). The Minimum Message Length (MML) principle
penalizes overly complex models, helping HMML avoid overfitting and spurious causal links. This is
especially valuable in noisy environmental data. The output of HMML is a causal graph showing which
variables influence wind speed and how strongly. This is an interpretable graphical output. This aids in
visualizing and communicating the structure of dependencies, which is not possible with correlation
matrices.

2.3. Wind farm data and HMML

The data used in this study consist of synthetically generated wind power production data, along with
accompanying meteorological parameters derived from ERA5 reanalysis data (Hersbach et al., 2020).
This data set was generated for a wind farm located in Eastern Austria, consisting of 24 meteorological
parameters for the 38 individual wind turbines. (The full ERA5 dataset is available from Copernicus
Climate Data Store: https://cds.climate.copernicus.eu/datasets.) The data set is available with hourly
resolution for the past 21 years (2000–2020). The following parameters are used: geopotential inm2s�2

(z), boundary layer height in m (blh), dew point temperature at 2m in K (d2m), relative humidity in %
(rel-h), wind speed at 135 m inms�1 (ws), divergence in s�1 (d), cloud coverage in% (cc), ozone mixing
ratio in kgkg�1 (o3), potential vorticity in m2s�1kg�1 (pv), temperature at 135 in K (t), relative vorticity
in m2s�1kg�1 (vo). A short excerpt of the data measurements for the turbine labeled “1” is shown in
Table 2.

The target variable is wind speed at 135m, corresponding to the hub height of the turbines. Pressure
(surface and at 1000 hPa) was not considered as a feature as the idea was to look into not-so-obvious
causal relationships. Pressure is a confounding parameter rather than a causal one to the target and other
variables. The aim of our study was to identify by HMML, which meteorological variables have a causal
effect on wind speed at 135 meters, and consequently, on power production.

Remark 2.1. Since both HMML and LiNGAM rely on autoregressive modeling, the target variable,
wind speed at 135meters in our application, is included among the set of causal variables in bothmethods.
However, our primary interest lies in identifying which other variables, aside from wind speed at
135 meters, have a causal influence on this target variable.

2.3.1. Validation of synthetic data
To assess the realism of the ERA5-derived synthetic dataset, we compared synthetic wind speeds and
power estimates from ERA5with anonymized turbine-level measurements from the samewind farm over
the period 2016–2021. Figure 3 summarizes the results.

In terms of power production, Figure 3 shows daily-aggregated power production comparing ERA5-
synthetic values to measured operational data. The validation reveals strong agreement with Pearson
correlation r = 0:920 and normalizedmean absolute error (NMAE) of 27.1%. Themonthly-averaged time
series (Figure 3a) demonstrates ERA5 captures seasonal and inter-annual variability. The scatter plot
(Figure 3b) confirms good linearity (R2 = 0:807), though with a systematic bias of +1569 kWh/day
(9.6%), attributable to ERA5’s 30km grid not resolvingmicroscale turbulence andwake effects. Thewind
speed validation (Figure 3) compares ERA5 wind speeds at 135m to measured hub-height observations.
Results confirm that ERA5 adequately captures wind speed variability at this site. Seasonal distributions
show ERA5 slightly overestimates high-wind events but captures the overall distribution shape. The
strong temporal correlation confirms ERA5 captures the meteorological variability patterns that drive
wind speed changes. While absolute power production differs due to turbine-specific power curves not
modeled in ERA5, the day-to-day and month-to-month variations, which are the basis for causal
inference, are well represented. Therefore, ERA5 is suitable for identifying which meteorological
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Figure 3. Validation of theERA5-based synthetic dataset against anonymized wind-farm observations. Left: Comparison of measured and ERA5-synthetic
wind speeds at 135 m. Panels (a–f) show monthly averages, scatter relation, probability density, and seasonal distributions. Right: Normalized power
comparison between measured and ERA5-synthetic data (anonymized). Panels (a2–f2) showmonthly averages, scatter relation, distributions, and seasonal
patterns. The synthetic series reproduces the temporal variability andmagnitude of both wind speed and power well (correlation r = 0:94 for wind speed and
r = 0:92 for normalized power). Probability-density and seasonal distributions confirm that the synthetic data capture the observed spread and seasonal
cycle, supporting their suitability for the causal-analysis framework.
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variables drive wind speed variability. However, absolute thresholds should be interpreted with caution
and adapted when applying the method to other wind turbine types.

All time series were standardized. Due to the nature of wind speed dynamics, only short time series are
relevant. Therefore, we used the previous 96 hours of data, including wind speed (for the selected
scenario) and a time series of equal length for the other meteorological variables. TheHMMLmethodwas
applied separately to each turbine, as well as across six defined scenarios at 135meters height: for both the
winter and summer hydrological half-years, we considered periods of low extreme wind, moderate wind,
and high extreme wind.

The summer and winter half-years are defined as follows: the summer half-year includes all samples
observed between March 20 and September 22, while the winter half-year includes samples from
September 23 to March 19, respectively.

Our research objectives were as follows: First, we identified intervals of extreme wind events and
moderate wind periods for each turbine in the wind farm over the past 21 years (2000–2020). Second, we
applied HMML and LiNGAM to estimate the corresponding β-values for each meteorological parameter,
indicating the strength of its causal relationship to wind speed in a given scenario and turbine. To ensure
the reliability of the β-values over the 21-year period for each half-year, we averaged the results across
100 scenarios distributed throughout these years. Dividing the analysis into six scenarios enabled us to
perform causal reasoning based on the values obtained by HMML and LiNGAM. Specifically, we
compared the β-values of the meteorological variables across scenarios, evaluated the differences among
them, and interpreted the plausibility of the results.

To make the findings from HMML and LiNGAM more accessible to wind power producers, we
visualized the individual causal variables for each of the 38 turbines in the wind farm.

3. Related work

The related work in this paper focuses on the graphical causal models using multivariate time series,
namely the graphical Granger causality and its non-linear extensions, themethod LiNGAM fromShimizu
et al. (2006) and the PCMCI method from Runge et al. (2019).

Causal inference methods, i.e. the bivariate Granger causality, Granger (1969), and its multivariate or
non-linear graphical extensions, have been used to address causal questions in observational time-series
data relying on different types of assumptions, see e.g. Zhu et al. (2015, Papagiannopoulou et al. (2017,
Behzadi et al. (2019, Hlaváčková-Schindler and Plant (2020, Silva et al. (2021), Hlaváčková-Schindler
et al. (2022). Since these methods are designed for time series, they can provide insights into complex
dynamical systems, such as the Earth’s climate, where conducting experiments or randomized trials is
infeasible or impossible. Zhu et al. (2015) proposed the so-called spatio-temporal extended Granger
causality model to analyze causalities among urban dynamics for air quality estimation using geograph-
ically sparse time-series data. Papagiannopoulou et al. (2017) emphasize the necessity of non-linear
extensions of Granger Causality and propose a non-linear framework improving the predictive power of
GC. Behzadi et al. (2019) introduced the method HGGM (Heterogeneous Graphical Granger Model),
especially suited to time-series generated by distributions from the exponential family. The method uses
adaptive lasso as a variable selection method. HGGM was applied to investigate spatio-temporal
relationships in German and Austrian climatological data sets in Behzadi et al. (2019). The same model
but with an algorithm based on minimum message length (HMML) was applied to the causal analysis of
wind speed extreme events from Hersbach et al. (2020) data of hourly meteorological parameters in
Hlaváčková-Schindler et al. (2022).

LiNGAM (Shimizu et al., 2006) was also proposed for multivariate causal modeling among time
series. The method estimates causal structures in Bayesian networks among non-Gaussian time series
using structural equation models and independent component analysis.

Runge et al. (2019) proposed method PCMCI for causal inference in time series of observational data.
PCMCI assumes causal stationarity, no contemporaneous causal links, and no hidden variables. It outputs
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directed lagged links and undirected contemporaneous links.More recent adaptation of PCMCI is PCMCI+
(Runge, 2020) and allows contemporary links with outputs of directed lagged links.

Since the LiNGAM method is based on a vector autoregressive model and is therefore conceptually
similar to HMML, we will compare our results with those obtained using LiNGAM in our experiments.

4. Experiments

To apply both the HMML and LiNGAMmethods, we identified scenarios based on the mean value wind
speed over a 96-time-step window. The considered intervals were: high-wind extreme 9:5,18½ �m/s, low-
wind extreme 1,4½ � m/s and moderate wind 6,8½ � m/s.

The thresholds for defining “high-wind extreme” ([9.5, 18] m/s) and “low-wind extreme” ([1, 4] m/s)
are based on conditions approaching turbine rated capacity, typically 12-15 m/s for modern turbines,
where curtailment decisions become critical (Manwell et al., 2010; Pryor and Barthelmie, 2021). Low
extreme [1-4 m/s] captures near cut-in conditions, typically 3-4 m/s, where forecasting challenges are
greatest and correspond to sub-optimal generation conditions near the cut-in speed (Manwell et al., 2010).
Moderate [6-8m/s] represents the optimal operating range. These thresholds correspond to the 15th, 40th-
60th, and 85th percentiles, respectively of the 21-year wind speed distribution at hub height, and align
with IEC 61400-1 wind turbine class considerations for the region.

We first filtered the data from the years 2000 to 2020 according to hydrological half years, summer and
winter. For each half-year, we calculated themeanwind speedwithin each 96-samplewindow. If themean
fell within one of the predefined intervals, the timestamp of the window’s onset was stored in the
corresponding set of appropriate windows. To avoid overlap between the used windows, a minimum gap
of two time steps frompreviously selectedwindowswas enforced. Then, for each scenario and turbine, we
randomly sampled 100 of these appropriate windows uniformly to perform causal inference and averaged
the results.

The dominance of geopotential (zx) in HMML’s summer high-wind scenario (beta value 20:6%) aligns
with the established understanding that extreme wind events in this region are driven by synoptic-scale
pressure gradients, see Ban et al. (2014). The elevated influence of temperature (beta value t = 13:1%) and
dewpoint (beta value d2m= 10:0%) reflects thermal instability that promotes vertical mixing. In contrast,
winter high-wind events show a stronger dew point influence (beta value = 11:1%), indicating frontal
passages where moisture gradients are key indicators.

4.1. Maximum lag in time series and best-fitting exponential distribution

Both HMML and LiNGAM require determining the maximum lag of the target wind speed time series.
Additionally,HMMLrequires identifying the best-fitting exponential distribution for each of the 100wind
speed time series.

In HMML, the maximum lag d was determined using the Akaike Information Criterion (AIC), defined
as AIC = 2k�2lwhere l is the log likelihood, k is the number of parameters and n number of samples used
for fitting.We constructed severalAR dð Þ autoregressivemodels with varying lag values d and selected that
one with the lowest AIC value. Theoretically, one could use the BIC criterion. However, under the
assumption time series follows an exponential distribution (which is light-tailed and non-Gaussian), the
AIC is preferred over BIC for these reasons: It is asymptotically efficient for prediction,meaning it tends to
select models that generalize better to new data. For non-Gaussian data (like exponential), where the true
model may not be in the candidate set, AIC is more robust in selecting a model that approximates the data-
generating process well. BIC is derived under the assumption that the true model is in the candidate set and
that the likelihood is well-behaved, often assuming Gaussian errors. Simulation studies and empirical
analyses, e.g. Hurvich and Tsai (1989) show that AIC tends to perform better in selecting lag lengths when
the data is non-normal, heteroscedastic, or light-tailed, as is the case with exponential distributions.

The best-fitting distribution of wind speed within each interval was identified using the Residual Sum
of Squares (RSS) and the Kolmogorov–Smirnov (K–S) test. The candidate distributions tested included
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the Gaussian distribution, the inverse Gaussian distribution, and the gamma distribution. Different
scenarios may exhibit different best-fitting distributions, as illustrated in Figure 4, which shows wind
speed over time for the year 2007. In this example, wind speed in both extreme scenarios followed a
Gaussian distribution, whereas the moderate wind scenario was best described by a gamma distribution.

4.2. βi-Proportionality measure and statistical validation of causal values

We applied both methods to the six scenarios and provided lists of β values. The lists correspond to the p
variables (p= 11 variables in our case) that were considered to find a causal connection to the target
variable, wind speed measured at a height of 135meters. For HMML, each list contains d entries, where d
is the lag value determined for each scenario. For LiNGAM, we obtain d + 1 values, as it accounts for
contemporaneous contributions. The lag d varied between 2 and 10 across different scenarios. From the β
values for each scenario, we compute the

βi‐proportionality =
Xd
l= 1

∣βli∣Pp
j = 1

Pd
k = 1∣β

k
j ∣

(4.1)

that can be understood as the relative causal strength of the ith variable with respect to all p variables.
To ensure statistical validity of the causal values, we compute the arithmetic mean of the

βi‐proportionality across all 100 windows per turbine and scenario. This results in a total of 3,800
windows per scenario.

4.3. Visualization of the causal values in the farm

The βi‐proportionality can be interpreted as the percentage contribution of each individual variable to the
prediction of the target variable wind speed. These percentages are visualized as pie charts (see Figure 5
for HMML and Figure 6 for LiNGAM), where each pie represents one of the 38 turbines in the wind park,
identified by the index at the center of the pie). The pie charts are spatially arranged according to the
geographic coordinates of the respective turbines.

Table 3 presents the average βi-proportionality values across all 38 turbines for each scenario for both
HMML and LiNGAM. The three strongest causal variables are indicated in bold font, with the largest

Figure 4. The graph shows the wind speed in m/s over a time frame of 12 days (three 96-hour windows) in
January 2000, given at the wind turbine with index zero. It showcases that we identify scenarios for low
(green color), moderate (yellow), and high wind speed (red) based on it s average in the given time
window.
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value in blue. Moreover, we provide also the list of βi-proportionality values for individual turbines for
HMML in Table A1 and LiNGAM in Table A2 in Appendix A.1.

In contrast, most turbines analyzed with HMML share the same three causal variables with the highest
magnitudes. Notably, HMML also shows a much higherproportionality value for turbines 15 and
28 compared to the rest. In the averaged results shown in Table 2, HMML consistently identifies wind
speed as the dominant contributor, whereas LiNGAM selects a broader range of variables with more
evenly distributed causal strengths. Wind speed appears among the top three contributors in only 3 out of
6 scenarios for LiNGAM, while it is the top contributor in all six scenarios for HMML.

The following observations can be made from Figures 5 and 6: with LiNGAM, a clear distinction is
visible in the causal variables for turbines 15 and 28, where z_x being selected as the strongest causal
variable compared to the others. In contrast, most turbines analyzedwithHMMLshare the same three causal
variables with the highest magnitudes. Also here, z_x has a much larger βi proportionality value in turbines
15 and 28, compared to other turbines. In the averaged results shown in Table 3, HMML consistently
identifies wind speed as the dominant contributor, whereas LiNGAM selects a broader range of variables
with more evenly distributed causal strengths.Wind speed appears among the top three contributors in only
3 out of 6 scenarios for LiNGAM, while it is the top contributor in all six scenarios for HMML.

4.4. Stability of the βi-proportionality values

To examine the stability of the causal values obtained by HMML with respect to the lag parameter d and
the time-series length n, additional experiments were conducted using the approach described in the
previous sections.

Figure 5. βi-proportionality of all variables in a pie diagram for each turbine selected by HMML for the
summer high-wind scenario (averaged over 100 time windows). Variables with up to 5 the most
significant percentage values are denoted at each turbine. The concrete values for the rest of the variables
are in Table 4.
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For the lag parameter, where d denotes the lag chosen by AIC—we test these variations:
d�1,d,d + 1½ �. For the time-series length, we use the following numbers of samples n per window:
94,96,98½ �. We conducted experiments with HMML and LiNGAM again for each combination of these
parameters and compared the results to the baseline approach (with the lag selected byAIC and 96 samples
time-series length).

We investigated the stability of the achieved βi-proportionality variables with respect to the variable d
and n from two perspectives: (1) the stability of bothmethods in terms of the percentage of deviation of the
obtained causal values and (2) the stability o with respect to the ordering of the causal variables
contributing most to the wind speed.

4.4.1. Percentage of deviation
From the first test, we can conclude that the percentage deviations of the βi-proportionality values—
relative to theirmean— are higher for HMML than for LiNGAMacross all sixweather scenarios. Detailed
results for each scenario are provided in the Appendix B.1.

4.4.2. Ordering of causal variables according to magnitude
In the second test, we examined the stability of the ordering of the βi-proportionality values—based on
their magnitude—in relation to wind speed at 135 meters.

For HMML, in the summer high scenario, the ordering of the strongest three variables is constant with
respect to these parameters (see Table 4). For LiNGAM, the ordering is stable with respect to the window-
length n but not for the lag d (see Table 5).

Figure 6. βi-proportionality of all variables in a pie diagram for each turbine selected by LiNGAM for the
summer high-wind scenario (averaged over 100 time windows). Variables with up to 5 the most
significant percentage values are denoted at each turbine. The concrete values for the rest of the variables
are in Table 5.
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Table 3. Average βi-proportionality over all 38 turbines per scenario for methods HMML and LiNGAM. The three strongest causal variables are
indicated bold, out of which the largest value is blue

blh (m) cc (%) d (s�1) d2m (K) o3 (kgkg�1) pv kg�1
�

)
relative_

humidity (%) t (K) vo (m2s�1kg�1) ws (ms�1) z_x (m2s�2)

hmml_summer_high 0.010718 0.079535 0.004296 0.099815 0.026698 0.028379 0.038402 0.130577 0.009313 0.366104 0.206165
hmml_summer

_moderate
0.007511 0.100917 0.005569 0.058434 0.035654 0.014051 0.010381 0.081753 0.011433 0.626433 0.047865

hmml_summer_low 0.002231 0.138644 0.005513 0.041688 0.058175 0.014398 0.006758 0.077774 0.016632 0.550005 0.088181
hmml_winter_high 0.030218 0.029386 0.004598 0.111286 0.073426 0.015348 0.033999 0.148024 0.011094 0.429314 0.113308
hmml_winter

_moderate
0.019419 0.029173 0.002366 0.072296 0.053059 0.007739 0.020270 0.091549 0.009450 0.653804 0.040875

hmml_winter_low 0.033402 0.026969 0.003894 0.060693 0.093625 0.007804 0.020339 0.089240 0.011791 0.567959 0.084284
LiNGAM_summer

_high
0.044372 0.087343 0.010182 0.169025 0.058528 0.053601 0.067977 0.186625 0.028091 0.145060 0.149195

LiNGAM_summer
_moderate

0.029283 0.145048 0.011271 0.129643 0.093561 0.037885 0.043297 0.181143 0.031034 0.141622 0.156212

LiNGAM_summer_low 0.017905 0.146604 0.013205 0.093012 0.126015 0.038562 0.032256 0.195150 0.038639 0.137788 0.160862
LiNGAM_winter_high 0.065327 0.052218 0.010815 0.167298 0.111132 0.037054 0.064306 0.224315 0.026572 0.118339 0.122624
LiNGAM_winter

_moderate
0.069029 0.060717 0.012725 0.138700 0.109793 0.031899 0.057071 0.203016 0.031271 0.158153 0.127627

LiNGAM_winter_low 0.059501 0.051235 0.016041 0.104872 0.140458 0.031327 0.045804 0.180356 0.044170 0.179412 0.146822
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Table 4. Ordering and βi-proportionality values of variables by HMML, with respect to the chosen parameters in the summer half year and high wind
scenario. The window-size is represented by wsize, dmod indicates the modifier added to the lag d chosen by AIC, and var/val represent the variables/

values respectively

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var ws z_x t d2m cc pv relative_humidity o3 Vo blh d
wsize=94,dmod=–1 val 0.489 0.155 0.1 0.077 0.067 0.035 0.022 0.021 0.017 0.01 0.007
wsize=94,dmod=0 var ws z_x t d2m cc relative_humidity pv o3 Blh vo d
wsize=94,dmod=0 val 0.351 0.214 0.134 0.102 0.073 0.04 0.03 0.027 0.012 0.012 0.005
wsize=94,dmod=1 var ws z_x t d2m cc relative_humidity o3 pv blh vo d
wsize=94,dmod=1 val 0.247 0.21 0.178 0.123 0.09 0.046 0.045 0.033 0.014 0.01 0.003
wsize=96,dmod=–1 var ws z_x t d2m cc pv o3 relative_humidity vo blh d
wsize=96,dmod=–1 val 0.495 0.149 0.101 0.071 0.068 0.036 0.023 0.021 0.017 0.01 0.007
wsize=96,dmod=0 var ws z_x t d2m cc relative_humidity pv o3 blh vo d
wsize=96,dmod=0 val 0.366 0.206 0.131 0.1 0.08 0.038 0.028 0.027 0.011 0.009 0.004
wsize=96,dmod=1 var ws z_x t d2m cc relative_humidity o3 pv blh vo d
wsize=96,dmod=1 val 0.254 0.208 0.181 0.12 0.092 0.045 0.041 0.032 0.014 0.01 0.004
wsize=98,dmod=–1 var ws z_x t cc d2m pv o3 relative_humidity vo d blh
wsize=98,dmod=–1 val 0.513 0.142 0.098 0.07 0.068 0.038 0.023 0.018 0.015 0.008 0.007
wsize=98,dmod=0 var ws z_x t d2m cc relative_humidity pv o3 blh vo d
wsize=98,dmod=0 val 0.372 0.206 0.134 0.094 0.08 0.035 0.029 0.027 0.01 0.009 0.005
wsize=98,dmod=1 var ws z_x t d2m cc relative_humidity o3 pv blh vo d
wsize=98,dmod=1 val 0.269 0.204 0.18 0.111 0.094 0.043 0.039 0.035 0.012 0.01 0.004
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Table 5. Ordering and βi-proportionality values of variables by LiNGAM, with respect to the chosen parameters in the summer
half year and high wind scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var t ws d2m z_x cc relative_humidity blh o3 pv vo d
wsize=94,dmod=–1 val 0.172 0.154 0.14 0.127 0.112 0.069 0.066 0.058 0.052 0.037 0.013
wsize=94,dmod=0 var t d2m z_x ws cc relative_humidity o3 pv blh vo d
wsize=94,dmod=0 val 0.185 0.168 0.151 0.143 0.089 0.068 0.058 0.055 0.045 0.028 0.01
wsize=94,dmod=1 var t d2m z_x ws cc relative_humidity o3 pv blh vo d
wsize=94,dmod=1 val 0.226 0.174 0.155 0.088 0.081 0.072 0.068 0.053 0.044 0.029 0.011
wsize=96,dmod=–1 var t ws d2m z_x cc relative_humidity blh o3 pv vo d
wsize=96,dmod=–1 val 0.165 0.154 0.153 0.126 0.103 0.074 0.071 0.055 0.051 0.034 0.012
wsize=96,dmod=0 var t d2m z_x ws cc relative_humidity o3 pv blh vo d
wsize=96,dmod=0 val 0.187 0.169 0.149 0.145 0.087 0.068 0.059 0.054 0.044 0.028 0.01
wsize=96,dmod=1 var t d2m z_x ws cc relative_humidity o3 pv blh vo d
wsize=96,dmod=1 val 0.228 0.173 0.153 0.089 0.082 0.073 0.068 0.053 0.042 0.028 0.011
wsize=98,dmod=–1 var t ws d2m z_x cc relative_humidity blh o3 pv vo d
wsize=98,dmod=–1 val 0.169 0.155 0.154 0.121 0.101 0.073 0.069 0.058 0.052 0.032 0.014
wsize=98,dmod=0 var t d2m z_x ws cc relative_humidity o3 pv blh vo d
wsize=98,dmod=0 val 0.185 0.168 0.15 0.15 0.085 0.067 0.06 0.053 0.043 0.028 0.01
wsize=98,dmod=1 var t d2m z_x ws cc relative_humidity o3 pv blh vo d
wsize=98,dmod=1 val 0.231 0.173 0.147 0.092 0.083 0.073 0.067 0.052 0.042 0.029 0.011
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Table 6. Ordering and βi-proportionality values of variables by HMML, with respect to the chosen parameters in the summer
half year and low wind scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var ws cc z_x t o3 d2m pv vo relative_humidity d blh
wsize=94,dmod=–1 val 0.664 0.082 0.065 0.057 0.042 0.036 0.02 0.016 0.009 0.006 0.004
wsize=94,dmod=0 var ws cc z_x t o3 d2m vo pv relative_humidity d blh
wsize=94,dmod=0 val 0.543 0.129 0.091 0.081 0.064 0.044 0.018 0.016 0.007 0.005 0.003
wsize=94,dmod=1 var ws cc z_x t o3 d2m pv vo relative_humidity d blh
wsize=94,dmod=1 val 0.49 0.158 0.1 0.093 0.067 0.045 0.016 0.016 0.008 0.003 0.002
wsize=96,dmod=–1 var ws cc z_x t o3 d2m pv vo relative_humidity d blh
wsize=96,dmod=–1 val 0.66 0.087 0.066 0.061 0.039 0.036 0.018 0.014 0.009 0.005 0.004
wsize=96,dmod=0 var ws cc z_x t o3 d2m vo pv relative_humidity d blh
wsize=96,dmod=0 val 0.55 0.139 0.088 0.078 0.058 0.042 0.017 0.014 0.007 0.006 0.002
wsize=96,dmod=1 var ws cc z_x t o3 d2m pv vo relative_humidity d blh
wsize=96,dmod=1 val 0.481 0.171 0.107 0.089 0.069 0.039 0.016 0.015 0.008 0.003 0.002
wsize=98,dmod=–1 var ws cc z_x t o3 d2m pv vo relative_humidity d blh
wsize=98,dmod=–1 val 0.664 0.079 0.069 0.061 0.041 0.036 0.017 0.014 0.009 0.006 0.004
wsize=98,dmod=0 var ws cc z_x t o3 d2m vo pv relative_humidity d blh
wsize=98,dmod=0 val 0.554 0.13 0.09 0.079 0.059 0.041 0.018 0.016 0.006 0.005 0.002
wsize=98,dmod=1 var ws cc z_x t o3 d2m pv vo relative_humidity d blh
wsize=98,dmod=1 val 0.495 0.173 0.107 0.083 0.064 0.037 0.015 0.014 0.007 0.003 0.002
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Table 7. Ordering and βi-proportionality values of variables by LiNGAM, with respect to the chosen parameters in the summer
half-year and low wind scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var ws z_x t cc o3 d2m pv vo relative_humidity blh d
wsize=94,dmod=–1 val 0.172 0.168 0.159 0.15 0.111 0.09 0.042 0.037 0.035 0.022 0.014
wsize=94,dmod=0 var t z_x cc ws o3 d2m vo pv relative_humidity blh d
wsize=94,dmod=0 val 0.197 0.165 0.143 0.137 0.125 0.093 0.039 0.038 0.032 0.018 0.013
wsize=94,dmod=1 var t z_x o3 cc d2m ws pv vo relative_humidity blh d
wsize=94,dmod=1 val 0.202 0.195 0.127 0.124 0.1 0.097 0.043 0.04 0.039 0.018 0.014
wsize=96,dmod=–1 var ws z_x t cc o3 d2m pv vo relative_humidity blh d
wsize=96,dmod=–1 val 0.172 0.167 0.157 0.152 0.108 0.093 0.04 0.037 0.036 0.023 0.014
wsize=96,dmod=0 var t z_x cc ws o3 d2m vo pv relative_humidity blh d
wsize=96,dmod=0 val 0.195 0.161 0.147 0.138 0.126 0.093 0.039 0.039 0.032 0.018 0.013
wsize=96,dmod=1 var t z_x o3 cc d2m ws pv vo relative_humidity blh d
wsize=96,dmod=1 val 0.2 0.198 0.126 0.125 0.1 0.098 0.042 0.04 0.039 0.018 0.014
wsize=98,dmod=–1 var ws z_x cc t o3 d2m pv vo relative_humidity blh d
wsize=98,dmod=–1 val 0.176 0.168 0.156 0.154 0.106 0.092 0.04 0.036 0.034 0.024 0.013
wsize=98,dmod=0 var t z_x cc ws o3 d2m vo pv relative_humidity blh d
wsize=98,dmod=0 val 0.195 0.161 0.147 0.14 0.125 0.093 0.038 0.038 0.032 0.017 0.013
wsize=98,dmod=1 var t z_x cc o3 ws d2m pv vo relative_humidity blh d
wsize=98,dmod=1 val 0.2 0.198 0.127 0.125 0.1 0.099 0.041 0.04 0.039 0.018 0.014
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In the winter high scenario, neither method is stable for the three strongest causal variables (see
Tables B8 and B12 in Appendix B.2). In the summer low scenario, HMML is stable for the six strongest
causal variables, but LiNGAM does not exhibit stability with respect to any parameter, see Tables 6 and 7
and Figures 6 and 7. In the winter low scenario, no method is stable (see Tables B9 and B13 in Appendix
B.2). In the moderate wind speed scenario, HMML shows stable results in both half years, whereas
LiNGAM’s three strongest causal variables and their orderings change with respect to both parameters d
and n (see Tables B11 and B14 in Appendix B.2). Based on all these experiments, we conclude that the
ordering of causal variables is more stable in both summer extreme scenarios when using HMML,
compared to LiNGAM, see Figures 7 and 8. The results of both types of robustness tests suggest that
HMML is more stable than LiNGAM in terms of the obtained causal values across all six weather
scenarios. Furthermore, the ordering (ranking) of causal variables contributingmost towind speed ismore
stable in summer scenarios for HMML than for LiNGAM.

5. Conclusions

The objective of this work was to identify the most causally influential meteorological parameters
affecting wind speed at 135 meters above ground level (approximately the hub height of the wind
turbines) in theAndauwind park in EasternAustria, across various seasonal scenarios, and to compare the
resulting parameter sets between seasons. Using theHMMLmethod, which is based onGranger causality,
we gained insights into the causal variables influencing wind speed. Our findings indicate that the set of
causal parameters for wind speed remains stable in at least two summer extreme scenarios. Concretely, in
the summer high-wind scenario, HMML consistently identifies the following three parameters as having
the highest causal strength: wind speedwindspeed (wspeed135m/ws), geopotential (z_x) and temperature
(t), with a stable order of influence. In the summer low-wind scenario, the order of causal strength is stable
for the six most influential variables: windspeed, cloud-coverage (cc), geopotential, temperature, ozone
mass mixing ratio (o3) and dewpoint temperature measured at 2 meters height (d2m).

Figure 7. Causal parameters by HMML in the summer low wind scenario.
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In both high-wind scenarios (summer and winter), the three parameters with the highest causal
influence on wind speed - aside from wind speed itself - are geopotential, temperature, and dew point
temperature at 2 meters. Wind speed consistently exhibits the strongest causal influence by a significant
margin, while the other three variables typically show similar levels of influence. In contrast, for low-wind
scenarios during the summer half-year, cloud coverage emerges as the most influential variable, whereas
in winter, the ozone mass mixing ratio shows the highest causal influence on wind speed.

The order of causal influence among parameters identified by HMML varies between summer and
winter, as well as across different wind speed regimes. For instance, the ozone mass mixing ratio shows a
stronger influence in summer than in winter. This can be attributed to ozone-related processes having a
greater impact on wind turbine performance during summer, due to their role in radiative forcing and
boundary layer mixing. In contrast, humidity and dew point temperature aremore relevant for phenomena
such as cloud formation, fog, or icing - factors that are more critical in winter or colder climates.

Among the eleven variables considered, the following were not found to have a significant causal
influence on wind speed: relative humidity, boundary layer height (blh), potential vorticity (pv), relative
vorticity (vo), and divergence (d).

The practical application of our results lies in combining the scenario-specific causal insights provided
by HMML with weather forecasts. This integration can offer valuable guidance for wind farm operators.
Specifically, understanding which meteorological variables most strongly influence wind speed at hub
height allows for more informed planning of turbine operation—helping to determine when turbines
should or should not be producing energy.

While the results are specific to the Pannonian Basin’s flat terrain and the continental climate, the
applicability to more complex terrain (mountains, coastlines) or other flat regions requires site-specific
analysis due to different boundary layer physics. However, this does not imply that the HMML
methodology is not transferable. On the contrary, adaptations to specific locations (size independent)
are always needed, as local conditions like land-use (agriculture, forest) in the vicinity of a wind farm

Figure 8. Causal parameters by LiNGAM in the summer low wind scenario.
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always influences the site. Future work should validate in: (1) coastal wind farms with sea-breeze
dynamics, (2)mountainous regionswith complex flow, (3) offshore farmswith different stability regimes.

In practice, the following added values can be drawn from the HMML results mainly for curtailment
forecasting, maintenance scheduling, seasonal strategies and turbine-specific optimization.

Curtailment forecasting for 6–12 hours ahead involves monitoring numerical weather prediction (NWP)
forecasts, specifically focusing on geopotential anomalies and hub-height temperature gradients. When the
zonal geopotential anomaly (zx) exceeds +1.5 standard deviations and the temperature shows a warming
greater than 2K, there is a 73% probability of high-wind events (greater than 12 m/s) occurring within that
time frame. This indicates the need to prepare for curtailment. Formaintenance scheduling, low-wind periods
—which are optimal for turbine maintenance—are typically associated with increased cloud coverage and
decreased ozone levels. Schedulingmaintenance during times when cloud coverage exceeds 60% and ozone
levels are trending downward can reduce lost production by approximately 15% compared to random
scheduling. Seasonal strategies should also be considered. Inwinter, events show stronger causalitywith dew
point temperature at 2 meters (d2m), with a beta value of 11.1% compared to 10.0% in summer, suggesting
the influence of frontal passages. In contrast, summer events are more strongly linked to temperature and
zonal geopotential anomalies (with beta values of 13.1% and 20.6%, respectively), indicating convective
dynamics. Therefore, differentiated forecasting strategies are recommended for different seasons. Finally,
turbine-specific optimization reveals that turbines 15 and 28 exhibit higher sensitivity to zx (with beta values
of 0.53 and 0.25, respectively, compared to the farm average of 0.21). This suggests these turbines are more
exposed to synoptic-scale forcing, and thus may benefit from differentiated curtailment thresholds.
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Table A1. βi-proportionality values of all 38 turbines by HMML in the summer high-wind scenario as displayed in Figure 5

turb_index z_x (m2s�2) blh (m) d2m (K) rel_humidity (%) ws (ms�1) d (s�1) cc (%) o3 (kgkg�1) pv (kg�1) t (K) vo (m2s�1kg�1)

1 0.223825 0.017277 0.115204 0.048840 0.321946 0.004020 0.069998 0.025440 0.020880 0.143093 0.009478
2 0.143758 0.006751 0.077016 0.036892 0.451875 0.004723 0.106889 0.022441 0.022428 0.113444 0.013782
3 0.271543 0.005897 0.098679 0.041237 0.308723 0.006128 0.048323 0.027130 0.017205 0.169991 0.005144
4 0.264667 0.009320 0.111965 0.031956 0.328830 0.006386 0.067458 0.023190 0.028223 0.119786 0.008218
5 0.140626 0.006297 0.102040 0.045324 0.412718 0.002421 0.053606 0.025241 0.037002 0.164919 0.009805
6 0.121895 0.014248 0.108868 0.028959 0.460668 0.002511 0.075672 0.027867 0.029583 0.118593 0.011138
7 0.145133 0.010503 0.133008 0.048532 0.314511 0.004821 0.093660 0.041543 0.028646 0.166202 0.013442
8 0.059375 0.012639 0.114830 0.049770 0.397038 0.006904 0.121064 0.040137 0.032122 0.155693 0.010429
9 0.144827 0.008809 0.104118 0.028994 0.470313 0.007400 0.050974 0.029597 0.024477 0.121073 0.009418
10 0.142088 0.011363 0.087033 0.026433 0.359706 0.000961 0.133646 0.043539 0.033354 0.147380 0.014498
11 0.095238 0.014972 0.127418 0.050008 0.381545 0.004116 0.072659 0.045707 0.037622 0.159171 0.011545
12 0.191915 0.021191 0.110000 0.062744 0.317236 0.002243 0.087952 0.030140 0.031217 0.137725 0.007638
13 0.188941 0.012150 0.133346 0.036483 0.333549 0.006596 0.074729 0.038061 0.026504 0.139263 0.010376
14 0.176408 0.017640 0.081005 0.030964 0.346262 0.004845 0.152822 0.023462 0.023888 0.135597 0.007106
15 0.305915 0.010450 0.100515 0.022766 0.316114 0.003974 0.035499 0.023456 0.023338 0.148128 0.009846
16 0.533113 0.009476 0.031411 0.031325 0.254766 0.000351 0.057358 0.007183 0.010791 0.058846 0.005380
17 0.269279 0.012367 0.118811 0.035792 0.313035 0.001714 0.072396 0.026863 0.034229 0.106959 0.008556
18 0.181565 0.012140 0.094821 0.033662 0.377989 0.000725 0.127340 0.023326 0.031321 0.110571 0.006541
19 0.233350 0.009081 0.107661 0.036233 0.304126 0.006108 0.071336 0.023752 0.045925 0.146154 0.016274
20 0.290031 0.009452 0.110095 0.023941 0.370046 0.006241 0.047821 0.014462 0.018264 0.102587 0.007059
21 0.242779 0.009361 0.103136 0.039927 0.349998 0.000700 0.068752 0.014911 0.020301 0.145180 0.004955
22 0.255143 0.016087 0.075818 0.028335 0.393566 0.004368 0.098483 0.012217 0.022416 0.086780 0.006788

Continued

A. Appendix

A.1. βi -Proportionality values for summer extreme scenario for all turbines and both methods

In the moderate wind scenario during the summer half-year, HMML attributes most of the causal strength to wind speed, with additional influence assigned to cloud coverage, temperature, and
geopotential. Compared to the summer high-wind scenario, dewpoint temperature (d2m) and temperature (t) have a lower influence. For LiNGAM, the contribution ofwind speed is notably lower, and a
broader range of variables is selected. As observed in the high-wind scenario, both methods show a significantly increased influence of geopotential (z_x) for turbines 15 and 28 compared to the others.
This pattern is consistently present across all considered scenarios.
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turb_index z_x (m2s�2) blh (m) d2m (K) rel_humidity (%) ws (ms�1) d (s�1) cc (%) o3 (kgkg�1) pv (kg�1) t (K) vo (m2s�1kg�1)

23 0.186000 0.009267 0.103775 0.037385 0.390965 0.006854 0.049850 0.024452 0.033013 0.145125 0.013314
24 0.248338 0.008890 0.075883 0.032825 0.372795 0.007041 0.047889 0.018289 0.018140 0.160935 0.008975
25 0.196187 0.006757 0.091165 0.061989 0.375081 0.003745 0.058007 0.034132 0.023847 0.140711 0.008379
26 0.122103 0.009476 0.100389 0.045407 0.376881 0.003392 0.131864 0.039925 0.032493 0.131193 0.006878
27 0.186189 0.008326 0.108669 0.052983 0.378479 0.005254 0.064057 0.022866 0.021615 0.140914 0.010649
28 0.249735 0.009008 0.120658 0.044134 0.364062 0.003601 0.047769 0.031467 0.020703 0.101374 0.007489
29 0.472557 0.007449 0.092402 0.022068 0.218173 0.003572 0.048572 0.011588 0.017985 0.097649 0.007985
30 0.289758 0.014113 0.119014 0.032271 0.344784 0.003581 0.030102 0.010314 0.013500 0.133396 0.009167
31 0.191313 0.010964 0.099776 0.038294 0.366396 0.003001 0.067318 0.031191 0.044381 0.138608 0.008756
32 0.173232 0.009841 0.097764 0.025959 0.401645 0.006650 0.083130 0.051573 0.034791 0.105849 0.009567
33 0.171545 0.007882 0.096112 0.042197 0.408886 0.004229 0.087505 0.016514 0.024865 0.130294 0.009971
34 0.145061 0.005236 0.080387 0.042212 0.401251 0.004378 0.099529 0.027001 0.030618 0.158591 0.005736
35 0.167228 0.016578 0.115822 0.039421 0.332111 0.005754 0.105397 0.035904 0.031033 0.140696 0.010056
36 0.134074 0.007804 0.078047 0.048298 0.437425 0.004153 0.103704 0.016515 0.038155 0.126574 0.005252
37 0.127728 0.010278 0.069403 0.033652 0.446294 0.006269 0.125299 0.019329 0.044299 0.106763 0.010686
38 0.151791 0.007933 0.096889 0.041061 0.412175 0.003521 0.083899 0.033784 0.049221 0.106117 0.013608

e3-26
K
ateřina

H
laváčková-Schindler

etal.

https://doi.org/10.1017/eds.2026.10031 Published online by Cam
bridge U

niversity Press

https://doi.org/10.1017/eds.2026.10031


Table A2. βi-proportionality values of all 38 turbines by LiNGAM in the summer high-wind scenario, as displayed in Figure 6

turb_index z_x (m2s�2) blh (m) d2m (K) rel_humidity (%) ws (ms�1) d (s�1) cc (%) o3 (kgkg�1) pv (kg�1) t (K) vo (m2s�1kg�1)

1 0.075595 0.046144 0.201551 0.078772 0.169424 0.010557 0.076882 0.065802 0.054992 0.192171 0.028110
2 0.064144 0.042107 0.196386 0.070278 0.163259 0.012471 0.124745 0.060682 0.056826 0.180558 0.028543
3 0.246661 0.040304 0.166673 0.061456 0.142051 0.009561 0.043275 0.048802 0.047094 0.168419 0.025704
4 0.197032 0.040517 0.156113 0.062126 0.152875 0.009234 0.052922 0.057550 0.051391 0.193822 0.026419
5 0.072770 0.051156 0.180897 0.072821 0.162637 0.011035 0.079985 0.064060 0.057603 0.215195 0.031843
6 0.031924 0.047974 0.194603 0.071289 0.175720 0.011378 0.091166 0.071258 0.065011 0.205485 0.034192
7 0.044807 0.053801 0.205724 0.082533 0.152202 0.009838 0.106219 0.057838 0.059443 0.197103 0.030493
8 0.030248 0.047755 0.190533 0.083042 0.140606 0.012607 0.122906 0.062107 0.067173 0.211139 0.031884
9 0.052618 0.059708 0.190095 0.068682 0.164984 0.012210 0.098833 0.063297 0.062130 0.197277 0.030166
10 0.058091 0.046539 0.164285 0.066372 0.156670 0.010635 0.140434 0.061552 0.059969 0.206030 0.029421
11 0.049413 0.050766 0.177780 0.084339 0.174537 0.011160 0.108985 0.058069 0.064445 0.190048 0.030457
12 0.039443 0.052318 0.191365 0.077624 0.168920 0.011335 0.106046 0.067022 0.054580 0.202459 0.028888
13 0.096828 0.040512 0.196487 0.077318 0.158614 0.009579 0.078229 0.065577 0.054615 0.194060 0.028180
14 0.085330 0.047945 0.157425 0.066457 0.142271 0.010127 0.133381 0.071350 0.054133 0.204451 0.027131
15 0.183141 0.044726 0.166512 0.068836 0.136186 0.010246 0.045829 0.065019 0.051864 0.196969 0.030673
16 0.769193 0.012793 0.041521 0.013948 0.051264 0.002992 0.014721 0.016382 0.014705 0.052597 0.009883
17 0.241857 0.042638 0.156599 0.062821 0.125577 0.008757 0.063965 0.053036 0.042725 0.177660 0.024365
18 0.245877 0.039901 0.156659 0.055863 0.120888 0.009140 0.068943 0.058651 0.046315 0.170924 0.026839
19 0.092005 0.046128 0.188978 0.076314 0.149470 0.011291 0.084360 0.063985 0.059131 0.195264 0.033074
20 0.292686 0.042715 0.138118 0.061439 0.139808 0.009440 0.041749 0.041014 0.047179 0.157858 0.027994
21 0.318720 0.034250 0.128283 0.053411 0.122701 0.007920 0.070595 0.043021 0.042233 0.152420 0.026447
22 0.191707 0.037635 0.151363 0.057473 0.141683 0.011209 0.074042 0.053227 0.053073 0.200308 0.028280
23 0.128284 0.042358 0.190629 0.079842 0.126565 0.011444 0.071610 0.062864 0.060372 0.196035 0.029996
24 0.100037 0.049737 0.173343 0.070365 0.153631 0.010477 0.070533 0.071143 0.049376 0.223172 0.028185
25 0.059612 0.050496 0.186395 0.074037 0.169785 0.010137 0.090362 0.063452 0.059405 0.207623 0.028697
26 0.054490 0.042220 0.167580 0.076124 0.156030 0.010784 0.141365 0.059300 0.055876 0.209435 0.026796
27 0.063604 0.049908 0.169024 0.073776 0.166704 0.010364 0.094094 0.073428 0.054404 0.214060 0.030632
28 0.193234 0.046379 0.180156 0.066030 0.128636 0.010211 0.068308 0.055570 0.051611 0.170467 0.029397
29 0.713706 0.014947 0.055869 0.019989 0.048934 0.003660 0.026658 0.022066 0.019283 0.063303 0.011586
30 0.384460 0.030061 0.126059 0.052594 0.107809 0.008106 0.053366 0.043384 0.041975 0.130489 0.021696
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turb_index z_x (m2s�2) blh (m) d2m (K) rel_humidity (%) ws (ms�1) d (s�1) cc (%) o3 (kgkg�1) pv (kg�1) t (K) vo (m2s�1kg�1)

31 0.145032 0.044135 0.177959 0.068423 0.129045 0.009894 0.079546 0.057552 0.061520 0.198235 0.028659
32 0.068653 0.046148 0.177636 0.067364 0.169291 0.011494 0.101184 0.071267 0.063440 0.192462 0.031060
33 0.075992 0.050183 0.178506 0.078369 0.155802 0.010903 0.111976 0.057789 0.056667 0.195547 0.028266
34 0.046655 0.049668 0.175806 0.073608 0.175033 0.011936 0.116782 0.065557 0.060795 0.194718 0.029441
35 0.049097 0.055148 0.186449 0.074380 0.151380 0.011271 0.124786 0.057062 0.057272 0.203656 0.029499
36 0.038738 0.055270 0.187609 0.076980 0.160157 0.010748 0.108693 0.057354 0.052928 0.221249 0.030274
37 0.036057 0.049620 0.184548 0.073155 0.157861 0.012121 0.120975 0.067453 0.064148 0.200377 0.033687
38 0.031677 0.041538 0.207431 0.084866 0.143270 0.010663 0.110592 0.069521 0.061122 0.208701 0.030619
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Figure A1. Causal parameters by HMML in the summer moderate wind scenario.

Figure A2. Causal parameters by LiNGAM in the summer moderate wind scenario.
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Figure A3. Causal parameters by HMML in the winter high wind scenario.

Figure A4. Causal parameters by LiNGAM in the winter high wind scenario.
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Figure A5. Causal parameters by HMML in the winter moderate wind scenario.

Figure A6. Causal parameters by LiNGAM in the winter moderate wind scenario.
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Figure A7. Causal parameters by HMML in the winter low wind scenario.

Figure A8. Causal parameters by LiNGAM in the winter low wind scenario.

e3-32 Kateřina Hlaváčková-Schindler et al.

https://doi.org/10.1017/eds.2026.10031 Published online by Cambridge University Press

https://doi.org/10.1017/eds.2026.10031


B. Appendix

B.1. Stability Test 1
We investigated the deviations of the βi-proportionality values, expressed as percentages, for HMML and LiNGAM. Tables A2–B6 present two rows per method: the first row (“mean ± std”)
reports the mean β-proportionality and standard deviation for each variable, while the second row (“std %”) shows the standard deviation as a percentage of the mean.

Table B3. βi-proportionality values and their standard deviations in summer low scenarios

blh (m) cc (%) d (s�1) d2m (K) o3 (kgkg�1) pv (kg�1)
relative_humidity

(%) t (K) vo (m2s�1kg�1) ws (ms�1) z_x (m2s�2)

HMML mean (+-
std)

0.003(+– 0.001) 0.127(+– 0.037) 0.005(+– 0.001) 0.04(+– 0.004) 0.056(+– 0.012) 0.017(+– 0.002) 0.008(+– 0.001) 0.076(+– 0.013) 0.016(+– 0.002) 0.567(+– 0.077) 0.087(+– 0.017)

HMML std % 33.3 29.1 20.0 10.0 21.4 11.8 12.5 17.1 12.5 13.6 19.5
LiNGAM mean (+-

std)
0.019(+– 0.003) 0.141(+– 0.013) 0.014(+– 0.0) 0.095(+– 0.004) 0.12(+– 0.009) 0.04(+– 0.002) 0.036(+– 0.003) 0.184(+– 0.021) 0.038(+– 0.001) 0.137(+– 0.033) 0.176(+– 0.016)

LiNGAM std % 15.8 9.2 0.0 4.2 7.5 5.0 8.3 11.4 2.6 24.1 9.1

Table B1. βi-proportionality values and their standard deviations in summer high scenarios

blh (m) cc (%) d (s�1) d2m (K) o3 (kgkg�1) pv (kg�1) relative_humidity (%) t (K) vo (m2s�1kg�1) ws (ms�1) z_x (m2s�2)

HMML mean (+- std) 0.011(+– 0.002) 0.079(+– 0.011) 0.005(+– 0.002) 0.096(+– 0.02) 0.03(+– 0.009) 0.033(+– 0.003) 0.034(+– 0.011) 0.137(+– 0.035) 0.012(+– 0.003) 0.373(+– 0.106) 0.188(+– 0.03)
HMML std % 18.2 13.9 40.0 20.8 30.0 9.1 32.4 25.5 25.0 28.4 16.0
LiNGAM mean

(+- std)
0.052(+–0.013) 0.092(+–0.011) 0.012(+–0.001) 0.164(+–0.012) 0.061(+–0.005) 0.053(+–0.001) 0.071(+–0.003) 0.194(+–0.027) 0.03(+–0.003) 0.13(+–0.031) 0.142(+–0.013)

LiNGAM std% 25.0 12.0 8.3 7.3 8.2 1.9 4.2 13.9 10.0 23.8 9.2

Table B2. βi-proportionality values and their standard deviations in summer moderate scenarios

blh (m) cc (%) d (s�1) d2m (K) o3 (kgkg�1) pv (kg�1)
relative_humidity

(%) t (K)
vo

(m2s�1kg�1) ws (ms�1) z_x (m2s�2)

HMML mean (+-
std)

0.008(+– 0.001) 0.116(+– 0.054) 0.007(+– 0.004) 0.062(+– 0.02) 0.042(+– 0.015) 0.016(+– 0.002) 0.013(+– 0.003) 0.085(+– 0.029) 0.012(+– 0.0) 0.585(+– 0.142) 0.055(+– 0.023)

HMML std % 12.5 46.6 57.1 32.3 35.7 12.5 23.1 34.1 0.0 24.3 41.8
LiNGAM mean

(+- std)
0.028(+– 0.001) 0.144(+– 0.009) 0.012(+– 0.001) 0.128(+– 0.006) 0.089(+– 0.007) 0.038(+– 0.001) 0.045(+– 0.002) 0.17(+– 0.016) 0.031(+– 0.0) 0.14(+– 0.039) 0.175(+– 0.025)

LiNGAM std % 3.6 6.2 8.3 4.7 7.9 2.6 4.4 9.4 0.0 27.9 14.3
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Table B4. βi-proportionality values and their standard deviations in winter high scenarios

blh (m) cc (%) d (s�1) d2m (K) o3 (kgkg�1) pv (kg�1) relative_humidity (%) t (K) vo (m2s�1kg�1) ws (ms�1) z_x (m2s�2)

HMML mean
(+- std)

0.031(+– 0.001) 0.033(+– 0.011) 0.005(+– 0.001) 0.122(+– 0.032) 0.083(+– 0.028) 0.019(+– 0.003) 0.038(+– 0.007) 0.144(+– 0.036) 0.012(+– 0.001) 0.392(+– 0.124) 0.121(+– 0.008)

HMML std % 3.2 33.3 20.0 26.2 33.7 15.8 18.4 25.0 8.3 31.6 6.6
LiNGAM mean

(+- std)
0.067(+– 0.009) 0.053(+– 0.001) 0.011(+– 0.002) 0.164(+– 0.012) 0.109(+– 0.012) 0.038(+– 0.002) 0.063(+– 0.002) 0.21(+– 0.012) 0.028(+– 0.002) 0.11(+– 0.028) 0.145(+– 0.016)

LiNGAM std % 13.4 1.9 18.2 7.3 11.0 5.3 3.2 5.7 7.1 25.5 11.0

Table B6. βi-proportionality values and their standard deviations in winter low scenarios

blh (m) cc (%) d (s�1) d2m (K) o3 (kgkg�1) pv (kg�1) relative_humidity (%) t (K) vo (m2s�1kg�1) ws (ms�1) z_x (m2s�2)

HMML mean
(+- std)

0.029(+– 0.007) 0.033(+– 0.012) 0.006(+– 0.001) 0.071(+– 0.023) 0.098(+– 0.031) 0.011(+– 0.005) 0.027(+– 0.007) 0.105(+– 0.047) 0.017(+– 0.008) 0.52(+– 0.154) 0.081(+– 0.017)

HMML std % 24.1 36.4 16.7 32.4 31.6 45.5 25.9 44.8 47.1 29.6 21.0
LiNGAM mean

(+- std)
0.057(+– 0.001) 0.054(+– 0.003) 0.016(+– 0.001) 0.103(+– 0.004) 0.129(+– 0.009) 0.031(+– 0.003) 0.046(+– 0.001) 0.172(+– 0.017) 0.042(+– 0.004) 0.17(+– 0.04) 0.18(+– 0.024)

LiNGAM std % 1.8 5.6 6.2 3.9 7.0 9.7 2.2 9.9 9.5 23.5 13.3

Table B5. βi-proportionality values and their standard deviations in winter moderate scenarios

blh (m) cc (%) d (s�1) d2m (K) o3 (kgkg�1) pv (kg�1)
relative_humidity

(%) t (K) vo (m2s�1kg�1) ws (ms�1) z_x (m2s�2)

HMML mean
(+- std)

0.025(+– 0.004) 0.039(+– 0.016) 0.004(+– 0.001) 0.084(+– 0.029) 0.06(+– 0.019) 0.011(+– 0.002) 0.028(+– 0.007) 0.101(+– 0.032) 0.013(+– 0.002) 0.586(+– 0.123) 0.05(+– 0.015)

HMML std % 16.0 41.0 25.0 34.5 31.7 18.2 25.0 31.7 15.4 21.0 30.0
LiNGAMmean

(+- std)
0.067(+– 0.005) 0.06(+– 0.003) 0.013(+– 0.0) 0.135(+– 0.01) 0.106(+– 0.006) 0.033(+– 0.001) 0.057(+– 0.002) 0.189(+– 0.015) 0.032(+– 0.001) 0.151(+– 0.038) 0.157(+– 0.025)

LiNGAM std% 7.5 5.0 0.0 7.4 5.7 3.0 3.5 7.9 3.1 25.2 15.9

B.2. Stability Test 2
We investigated the stability of the ordering of the βi-proportionality valueswith respect to wind speed at 135m, based on theirmagnitudes. The ordering and corresponding β-proportionality values
for HMML and LiNGAM are presented in Tables B7–B14.
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Table B7. Ordering and βi-proportionality values obtained by HMML, with respect to the chosen parameters in the summer half year and moderate
wind scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var ws cc t d2m z_x o3 pv relative_humidity vo d blh
wsize=94,dmod=–1 val 0.721 0.064 0.054 0.041 0.032 0.028 0.015 0.013 0.012 0.012 0.007
wsize=94,dmod=0 var ws cc t d2m z_x o3 pv vo relative_humidity blh d
wsize=94,dmod=0 val 0.614 0.103 0.085 0.059 0.049 0.037 0.016 0.011 0.011 0.008 0.005
wsize=94,dmod=1 var ws cc t d2m z_x o3 pv relative_humidity vo blh d
wsize=94,dmod=1 val 0.39 0.185 0.126 0.09 0.084 0.063 0.019 0.019 0.012 0.009 0.003
wsize=96,dmod=–1 var ws cc t d2m z_x o3 pv vo d relative_humidity blh
wsize=96,dmod=–1 val 0.731 0.059 0.052 0.042 0.033 0.028 0.015 0.012 0.011 0.011 0.007
wsize=96,dmod=0 var ws cc t d2m z_x o3 pv vo relative_humidity blh d
wsize=96,dmod=0 val 0.626 0.101 0.082 0.058 0.048 0.036 0.014 0.011 0.01 0.008 0.006
wsize=96,dmod=1 var ws cc t d2m z_x o3 pv relative_humidity vo blh d
wsize=96,dmod=1 val 0.409 0.183 0.118 0.086 0.084 0.061 0.019 0.018 0.012 0.008 0.003
wsize=98,dmod=–1 var ws cc t d2m z_x o3 pv vo d relative_humidity blh
wsize=98,dmod=–1 val 0.729 0.061 0.055 0.042 0.033 0.027 0.015 0.012 0.011 0.011 0.006
wsize=98,dmod=0 var ws cc t d2m z_x o3 pv vo relative_humidity blh d
wsize=98,dmod=0 val 0.624 0.104 0.081 0.057 0.05 0.037 0.014 0.011 0.01 0.008 0.005
wsize=98,dmod=1 var ws cc t d2m z_x o3 pv relative_humidity vo blh d
wsize=98,dmod=1 val 0.419 0.182 0.116 0.086 0.082 0.06 0.018 0.016 0.012 0.007 0.003
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Table B8. Ordering and β-proportionality values obtained by HMML, with respect to the chosen parameters in the winter half year and high wind
scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var ws z_x t d2m o3 relative_humidity blh cc pv vo d
wsize=94,dmod=–1 val 0.519 0.115 0.101 0.091 0.055 0.033 0.031 0.021 0.017 0.011 0.006
wsize=94,dmod=0 var ws t z_x d2m o3 relative_humidity cc blh pv vo d
wsize=94,dmod=0 val 0.388 0.147 0.129 0.118 0.079 0.037 0.035 0.032 0.019 0.012 0.004
wsize=94,dmod=1 var ws t d2m z_x o3 relative_humidity cc blh pv vo d
wsize=94,dmod=1 val 0.227 0.187 0.163 0.132 0.123 0.048 0.048 0.032 0.023 0.013 0.003
wsize=96,dmod=–1 var ws z_x t d2m o3 relative_humidity blh cc pv vo d
wsize=96,dmod=–1 val 0.522 0.114 0.102 0.091 0.055 0.033 0.029 0.021 0.017 0.01 0.006
wsize=96,dmod=0 var ws t z_x d2m o3 relative_humidity blh cc pv vo d
wsize=96,dmod=0 val 0.429 0.148 0.113 0.111 0.073 0.034 0.03 0.029 0.015 0.011 0.005
wsize=96,dmod=1 var ws t d2m z_x o3 relative_humidity cc blh pv vo d
wsize=96,dmod=1 val 0.24 0.184 0.162 0.133 0.12 0.047 0.046 0.03 0.023 0.012 0.003
wsize=98,dmod=–1 var ws z_x t d2m o3 relative_humidity blh cc pv vo d
wsize=98,dmod=–1 val 0.528 0.113 0.1 0.089 0.056 0.031 0.029 0.019 0.016 0.01 0.006
wsize=98,dmod=0 var ws t z_x d2m o3 relative_humidity blh cc pv vo d
wsize=98,dmod=0 val 0.418 0.148 0.118 0.113 0.074 0.035 0.031 0.03 0.016 0.012 0.005
wsize=98,dmod=1 var ws t d2m z_x o3 relative_humidity cc blh pv vo d
wsize=98,dmod=1 val 0.257 0.181 0.161 0.127 0.116 0.046 0.044 0.031 0.022 0.012 0.003
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Table B9. Ordering and β-proportionality values obtained by HMML, with respect to the chosen parameters in the winter half year and low wind
scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var ws o3 z_x t d2m relative_humidity cc blh vo pv d
wsize=94,dmod=–1 val 0.673 0.065 0.063 0.056 0.051 0.024 0.021 0.021 0.01 0.008 0.007
wsize=94,dmod=0 var ws t o3 z_x d2m blh cc relative_humidity vo pv d
wsize=94,dmod=0 val 0.527 0.101 0.097 0.093 0.062 0.034 0.031 0.024 0.016 0.009 0.005
wsize=94,dmod=1 var ws t o3 d2m z_x cc relative_humidity blh vo pv d
wsize=94,dmod=1 val 0.311 0.169 0.138 0.102 0.102 0.052 0.036 0.034 0.029 0.018 0.007
wsize=96,dmod=–1 var ws o3 t z_x d2m relative_humidity cc blh vo pv d
wsize=96,dmod=–1 val 0.676 0.063 0.058 0.057 0.052 0.024 0.024 0.021 0.011 0.008 0.007
wsize=96,dmod=0 var ws o3 t z_x d2m blh cc relative_humidity vo pv d
wsize=96,dmod=0 val 0.568 0.094 0.089 0.084 0.061 0.033 0.027 0.02 0.012 0.008 0.004
wsize=96,dmod=1 var ws t o3 d2m z_x cc relative_humidity blh vo pv d
wsize=96,dmod=1 val 0.329 0.162 0.138 0.102 0.096 0.048 0.037 0.036 0.027 0.018 0.007
wsize=98,dmod=–1 var ws o3 z_x t d2m cc relative_humidity blh vo pv d
wsize=98,dmod=–1 val 0.69 0.062 0.059 0.055 0.048 0.023 0.021 0.018 0.01 0.009 0.005
wsize=98,dmod=0 var ws o3 t z_x d2m blh cc relative_humidity vo pv d
wsize=98,dmod=0 val 0.559 0.097 0.094 0.084 0.063 0.032 0.028 0.02 0.011 0.007 0.004
wsize=98,dmod=1 var ws t o3 d2m z_x cc blh relative_humidity vo pv d
wsize=98,dmod=1 val 0.35 0.159 0.131 0.101 0.093 0.047 0.037 0.034 0.026 0.016 0.007
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Table B10. Ordering and β-proportionality values obtained by HMML, with respect to the chosen parameters in the winter half year and moderate
wind scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var ws t d2m o3 z_x cc relative_humidity blh vo pv d
wsize=94,dmod=–1 val 0.684 0.071 0.059 0.042 0.039 0.027 0.026 0.023 0.014 0.012 0.004
wsize=94,dmod=0 var ws t d2m o3 z_x cc blh relative_humidity vo pv d
wsize=94,dmod=0 val 0.634 0.091 0.074 0.056 0.044 0.031 0.024 0.023 0.011 0.009 0.003
wsize=94,dmod=1 var ws t d2m o3 z_x cc relative_humidity blh vo pv d
wsize=94,dmod=1 val 0.411 0.143 0.122 0.087 0.072 0.063 0.037 0.032 0.015 0.013 0.004
wsize=96,dmod=–1 var ws t d2m o3 z_x cc relative_humidity blh vo pv d
wsize=96,dmod=–1 val 0.695 0.07 0.055 0.041 0.037 0.026 0.025 0.023 0.013 0.011 0.004
wsize=96,dmod=0 var ws t d2m o3 z_x cc relative_humidity blh vo pv d
wsize=96,dmod=0 val 0.654 0.092 0.072 0.053 0.041 0.029 0.02 0.019 0.009 0.008 0.002
wsize=96,dmod=1 var ws t d2m o3 z_x cc relative_humidity blh vo pv d
wsize=96,dmod=1 val 0.425 0.141 0.121 0.086 0.068 0.06 0.037 0.03 0.015 0.013 0.004
wsize=98,dmod=–1 var ws t d2m o3 z_x cc relative_humidity blh vo pv d
wsize=98,dmod=–1 val 0.693 0.072 0.056 0.041 0.036 0.028 0.024 0.022 0.014 0.01 0.005
wsize=98,dmod=0 var ws t d2m o3 z_x cc relative_humidity blh vo pv d
wsize=98,dmod=0 val 0.641 0.09 0.074 0.056 0.043 0.031 0.022 0.022 0.01 0.008 0.002
wsize=98,dmod=1 var ws t d2m o3 z_x cc relative_humidity blh vo pv d
wsize=98,dmod=1 val 0.437 0.142 0.118 0.082 0.067 0.06 0.034 0.029 0.014 0.012 0.004
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Table B11. Ordering and β-proportionality values obtained by LiNGAM, with respect to the chosen parameters in the summer half year and moderate
wind scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var ws z_x cc t d2m o3 relative_humidity pv vo blh d
wsize=94,dmod=–1 val 0.182 0.16 0.155 0.148 0.12 0.081 0.043 0.038 0.031 0.029 0.013
wsize=94,dmod=0 var t z_x cc ws d2m o3 relative_humidity pv vo blh d
wsize=94,dmod=0 val 0.181 0.157 0.148 0.138 0.129 0.093 0.044 0.038 0.031 0.029 0.011
wsize=94,dmod=1 var z_x t cc d2m o3 ws relative_humidity pv vo blh d
wsize=94,dmod=1 val 0.212 0.18 0.133 0.133 0.094 0.093 0.047 0.038 0.031 0.027 0.011
wsize=96,dmod=–1 var ws z_x cc t d2m o3 relative_humidity pv vo blh d
wsize=96,dmod=–1 val 0.185 0.16 0.153 0.148 0.122 0.079 0.044 0.037 0.031 0.029 0.013
wsize=96,dmod=0 var t z_x cc ws d2m o3 relative_humidity pv vo blh d
wsize=96,dmod=0 val 0.181 0.156 0.145 0.142 0.13 0.094 0.043 0.038 0.031 0.029 0.011
wsize=96,dmod=1 var z_x t d2m cc ws o3 relative_humidity pv vo blh d
wsize=96,dmod=1 val 0.208 0.182 0.134 0.133 0.096 0.094 0.047 0.038 0.031 0.027 0.011
wsize=98,dmod=–1 var ws z_x cc t d2m o3 relative_humidity pv vo blh d
wsize=98,dmod=–1 val 0.187 0.158 0.154 0.15 0.12 0.079 0.044 0.037 0.031 0.029 0.013
wsize=98,dmod=0 var t z_x cc ws d2m o3 relative_humidity pv vo blh d
wsize=98,dmod=0 val 0.181 0.157 0.145 0.144 0.128 0.094 0.043 0.038 0.031 0.029 0.011
wsize=98,dmod=1 var z_x t cc d2m ws o3 relative_humidity pv vo blh d
wsize=98,dmod=1 val 0.204 0.18 0.134 0.134 0.098 0.094 0.048 0.038 0.032 0.027 0.011
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Table B12. Ordering and β-proportionality values obtained by LiNGAM, with respect to the chosen parameters in the winter half year and high wind
scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var t z_x d2m ws o3 blh relative_humidity cc pv vo d
wsize=94,dmod=–1 val 0.195 0.148 0.147 0.138 0.094 0.077 0.059 0.055 0.039 0.032 0.014
wsize=94,dmod=0 var t d2m z_x o3 ws blh relative_humidity cc pv vo d
wsize=94,dmod=0 val 0.22 0.168 0.13 0.114 0.111 0.064 0.064 0.055 0.037 0.026 0.011
wsize=94,dmod=1 var t d2m z_x o3 ws relative_humidity blh cc pv vo d
wsize=94,dmod=1 val 0.208 0.176 0.169 0.122 0.074 0.064 0.058 0.053 0.04 0.027 0.01
wsize=96,dmod=–1 var t d2m z_x ws o3 blh relative_humidity cc pv vo d
wsize=96,dmod=–1 val 0.196 0.151 0.148 0.14 0.093 0.08 0.061 0.053 0.036 0.03 0.014
wsize=96,dmod=0 var t d2m z_x ws o3 blh relative_humidity cc pv vo d
wsize=96,dmod=0 val 0.224 0.167 0.123 0.118 0.111 0.065 0.064 0.052 0.037 0.027 0.011
wsize=96,dmod=1 var t d2m z_x o3 ws relative_humidity blh cc pv vo d
wsize=96,dmod=1 val 0.213 0.175 0.163 0.122 0.076 0.064 0.058 0.052 0.04 0.027 0.01
wsize=98,dmod=–1 var t d2m z_x ws o3 blh relative_humidity cc pv vo d
wsize=98,dmod=–1 val 0.199 0.15 0.145 0.142 0.094 0.079 0.061 0.053 0.036 0.03 0.012
wsize=98,dmod=0 var t d2m z_x ws o3 blh relative_humidity cc pv vo d
wsize=98,dmod=0 val 0.224 0.167 0.126 0.116 0.112 0.063 0.063 0.053 0.037 0.027 0.011
wsize=98,dmod=1 var t d2m z_x o3 ws relative_humidity blh cc pv vo d
wsize=98,dmod=1 val 0.213 0.178 0.157 0.122 0.078 0.065 0.058 0.051 0.04 0.027 0.01
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Table B13. Ordering and β-proportionality values obtained by LiNGAM, with respect to the chosen parameters in the winter half year and low wind
scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var ws z_x t o3 d2m blh cc relative_humidity vo pv d
wsize=94,dmod=–1 val 0.212 0.183 0.148 0.124 0.099 0.057 0.052 0.047 0.037 0.027 0.016
wsize=94,dmod=0 var t ws z_x o3 d2m blh cc relative_humidity vo pv d
wsize=94,dmod=0 val 0.184 0.171 0.155 0.14 0.103 0.058 0.053 0.045 0.044 0.031 0.016
wsize=94,dmod=1 var z_x t o3 ws d2m cc blh vo relative_humidity pv d
wsize=94,dmod=1 val 0.211 0.182 0.125 0.118 0.107 0.058 0.057 0.046 0.044 0.034 0.017
wsize=96,dmod=–1 var ws z_x t o3 d2m blh cc relative_humidity vo pv d
wsize=96,dmod=–1 val 0.211 0.186 0.15 0.121 0.098 0.056 0.052 0.047 0.036 0.027 0.016
wsize=96,dmod=0 var t ws z_x o3 d2m blh cc relative_humidity vo pv d
wsize=96,dmod=0 val 0.18 0.179 0.147 0.14 0.105 0.06 0.051 0.046 0.044 0.031 0.016
wsize=96,dmod=1 var z_x t o3 ws d2m cc blh vo relative_humidity pv d
wsize=96,dmod=1 val 0.204 0.185 0.126 0.12 0.108 0.058 0.057 0.046 0.045 0.034 0.017
wsize=98,dmod=–1 var ws z_x t o3 d2m blh cc relative_humidity vo pv d
wsize=98,dmod=–1 val 0.216 0.181 0.15 0.12 0.099 0.056 0.051 0.047 0.037 0.028 0.016
wsize=98,dmod=0 var t ws z_x o3 d2m blh cc relative_humidity vo pv d
wsize=98,dmod=0 val 0.182 0.177 0.149 0.14 0.104 0.058 0.052 0.046 0.044 0.031 0.016
wsize=98,dmod=1 var z_x t o3 ws d2m blh cc vo relative_humidity pv d
wsize=98,dmod=1 val 0.202 0.185 0.125 0.123 0.108 0.058 0.056 0.046 0.045 0.034 0.018
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Table B14. Ordering and β-proportionality values obtained by LiNGAM, with respect to the chosen parameters in the winter half year and moderate
wind scenario

1 2 3 4 5 6 7 8 9 10 11

wsize=94,dmod=–1 var ws t z_x d2m o3 blh cc relative_humidity pv vo d
wsize=94,dmod=–1 val 0.189 0.169 0.156 0.123 0.099 0.071 0.063 0.054 0.032 0.032 0.013
wsize=94,dmod=0 var t ws d2m z_x o3 blh cc relative_humidity pv vo d
wsize=94,dmod=0 val 0.2 0.152 0.137 0.135 0.111 0.069 0.063 0.057 0.033 0.032 0.013
wsize=94,dmod=1 var t z_x d2m o3 ws blh relative_humidity cc pv vo d
wsize=94,dmod=1 val 0.197 0.192 0.145 0.109 0.102 0.061 0.059 0.057 0.034 0.033 0.013
wsize=96,dmod=–1 var ws t z_x d2m o3 blh cc relative_humidity vo pv d
wsize=96,dmod=–1 val 0.192 0.169 0.154 0.123 0.098 0.073 0.061 0.054 0.031 0.031 0.013
wsize=96,dmod=0 var t ws d2m z_x o3 blh cc relative_humidity pv vo d
wsize=96,dmod=0 val 0.203 0.158 0.139 0.128 0.11 0.069 0.061 0.057 0.032 0.031 0.013
wsize=96,dmod=1 var t z_x d2m o3 ws blh relative_humidity cc pv vo d
wsize=96,dmod=1 val 0.196 0.19 0.144 0.109 0.104 0.062 0.059 0.056 0.034 0.033 0.013
wsize=98,dmod=–1 var ws t z_x d2m o3 blh cc relative_humidity vo pv d
wsize=98,dmod=–1 val 0.195 0.171 0.15 0.122 0.097 0.072 0.062 0.054 0.032 0.032 0.013
wsize=98,dmod=0 var t ws d2m z_x o3 blh cc relative_humidity pv vo d
wsize=98,dmod=0 val 0.2 0.157 0.138 0.13 0.11 0.07 0.062 0.057 0.032 0.032 0.013
wsize=98,dmod=1 var t z_x d2m o3 ws blh relative_humidity cc pv vo d
wsize=98,dmod=1 val 0.198 0.181 0.145 0.11 0.107 0.062 0.059 0.057 0.034 0.033 0.013
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