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Collective and Nonlinear Structure of Wind-Power Correlations
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We describe the correlation structure of wind-power fluctuations in a farm of 80 turbines, sampled over
Syears. We report the presence of universal, collective, and nonlinear correlations, responsible for the
excess persistency and intermittency of farm-aggregated power output. A first cross-correlation analysis
of turbine production reveals a dynamical scaling transition (a la Family-Vicszek) from local decoherence
to large-scale turbulence-driven scaling, and responsible for the geographical smoothing effect, previously
reported beyond farm scale [M. M. Bandi, Spectrum of wind-power fluctuations, Phys. Rev. Lett. 118,
028301 (2017)]. A second bivariate analysis shows the long-range correlation of non-Gaussian features,
responsible for their amplification in total farm output. These findings provide important insights into wind
energy, the variability of which directly results from atmospheric turbulent forcing. By characterizing the
multivariate and intermittent structure of fluctuations, our results advance the current understanding of
wind-power variability and provide valuable priors for grid management and storage optimization, thereby
supporting improved integration of wind energy into modern power systems.
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I. INTRODUCTION

Renewables occupy a growing share of the global
energy portfolio. The main challenge of their exploita-
tion is their variability and poor controllability, direct
consequences of the fluctuating nature of resources such
as wind [1-3] and solar radiation [4—6]. As a result,
renewables constitute a source of risk—both local and
global—on infrastructure integrity [7—11], adaptability to
demand [12], and market pricing regulation [13,14].

To ensure the safe and efficient integration of these
sustainable energy sources, a deep understanding of
generation-side fluctuations [15—17] becomes essential.
For wind energy in particular, turbine power output P(¥)
fluctuations mirror the both scale-invariant and inter-
mittent nature of atmospheric wind turbulence [18-31],
roughly ranging from turbine reaction time (zz ~ 10s) to
day-night injection cycles (7 ~ 24 h).

Beyond single-turbine production, the larger-scale
impact of a wind farm on the energy grid is evalu-
ated by its total output production (P = ), P;). Direct
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farm-level data analysis has shown the emergence of a
smoothing effect under geographical averaging, at farm
level [22] or beyond [18], and its translation into steeper
spectral decay. This apparent advantage—more persistent
fluctuations might intuitively suggesting improved short-
term predictability—is rapidly mitigated by the statistical
properties of both individual and aggregated signals. In
particular, spatially averaged power outputs retain and
even amplify the non-Gaussian features observed at the
single-turbine level (see distributions in Ref. [32]), the
heavy-tailed nature of which can give rise to potentially
damaging extreme events. Understanding these robust
statistics across scales is thus a key requirement in the
global and sustainable integration of wind energy.

This paper reports an analysis of the statistical struc-
ture of wind-power production in a wind farm of 80
turbines, that spans over 20 km. To do so, the wind speed
v;(®) = ||vi|| and wind power P;(¢) of each individual
turbine were sampled every 10 min—following Interna-
tional Energy Commission standard 61400-12 [33]—for
over 5Syears. The turbines, of rotor-hub height 80 m and
90m and diameter 116 m are organized in rows with an
average separation of 365m, and positioned on slightly
elevated rolling crest lines of maximum height difference
A = 150m. Each rows are facing the direction of the
most prevailing wind directions from the south-southwest
origin, and are separated by a minimum distance of
approximately 1km, beyond the near wake of turbines
[34-37].
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Technical information of the wind farm considered is
reported in Sec. | of the Supplemental Material [38]. In
Sec. 11, a first discussion on the turbulent nature of atmo-
spheric winds (Il A) motivates the description of turbine
statistics through increments (Il B) and multifractal analy-
sis (II C). In Sec. III, these characterizations are extended
at farm scale to understand the persistence of extreme fluc-
tuations over farm aggregation (III A): a cross-correlation
analysis reveals the coherent structure of wind-induced tur-
bine fluctuations, and its impact over aggregated produc-
tion (I1I B). Ultimately, we describe the spatial persistency
of extreme events, among and beyond the farm (III C).

II. FROM ATMOSPHERIC TURBULENCE TO
WIND-TURBINE STATISTICS

A. Atmospheric wind turbulence
1. Increment statistics

Turbulent flows, commonly characterized through their
velocity, pressure, or temperature fields, are known to
exhibit multiscaling properties [39—44]. Formally, for a
multiscaling field X (r, ), the increments §, . X = X (r +
£,t+ 1) — X (r,t) exhibit anomalously scaling absolute
moments, namely, the structure functions

Sq(ea 7) = (|8L1X|q> .
In particular, temporal increments satisfy
Sy = (18X 7%, 1, KT LT, (1)

where the scaling-exponent spectrum ¢, characterizes the
self-similar properties of X (f) from the energy-injection
timescale 7" down to the viscous microscale 7,. Here, the
generalized Hurst (or roughness) exponent spectrum H, =
{4/q quantifies the temporal persistence of fluctuations,
from typical events (¢ <« 2) to extreme ones (g > 2).
While a monofractal process with H, = H exhibits scale-
invariant jump statistics, as in fractional Brownian motion,
a multifractal process with H, # H displays continuously
evolving statistics across scales [45,46]. For example, a
decreasing spectrum H, corresponds to the presence of
increasingly heavy-tailed distributions at small scales, a
property commonly referred as small-scale intermittency.

2. Inertial range of atmospheric turbulence

In atmospheric turbulence, the low kinematic viscosity
of air implies velocity fluctuations extending down to very
short timescales, of the order of the Kolmogorov timescale
7, ~ 10 pus. Here, however, we focus on the large-scale
forcing time 7, beyond which fluctuations decorrelate
(Sy(r > T) — const), and contrast two physically distinct
interpretations for its origin.

A first estimation assumes that turbulent structures are
generated by the vertical shear of the mean wind, with

representative speed vy = (v) ~ 8 ms~!, across the height
of the atmospheric boundary layer, of characteristic height
L ~ 1km. Assuming the turbulence to be locally produced
by mean flow gradients, one can compute a characteris-
tic timescale 7'~ L/vy ~ 125s. However, this timescale
lies well below the upper correlation ranges reported in
atmospheric measurements [18,19].

Instead, a second sweeping-based interpretation asso-
ciates the decorrelation time with the diurnal cycle, 7' =~
24 h, as directly observed in wind-speed records [18]. In
this picture, turbulent structures are advected horizontally
by the largest energy-containing motions at a root-mean-
square velocity ums = +/(87v%) ~ Sms~! [47,48]. The
associated sweeping length, L = w7 ~ 400500 km,
defines a mesoscale range consistent with meteorologi-
cal measurements [18,27,28]. This large-scale sweeping
picture is further supported by the observation of spatial
and temporal Kolmogorov scaling ({3 = 1) [39,40], across
various altitudes [18,27,28,49].

3. Space-time structure

A joint space-time description of turbulent statistics pro-
vides a powerful experimental framework for characteriz-
ing correlations over the full spatiotemporal domain. Tak-
ing cue from prior turbulence experiments and numerical
studies [47,50], it has been shown that, for isotropic turbu-
lence under linear advection, iso-S, contours in space-time
could be convincingly approximated by elliptical shapes
(see, however, Ref. [47] for convective corrections). This
leads to an effective parametrization that incorporates both
advection and sweeping effects,

Sy(8,7) ((E —vor)? + ufmsrz)gq/z , ()

and which interpolates between the Galilean-invariant
Taylor frozen-turbulence limit (vy >> uyys) and the con-
tinual renewal of turbulent structures described by the
Kraichnan-Tennekes random-sweeping hypothesis (vy <
Urms) [48,51].

While the spatial scaling of upper-atmospheric winds is
well known to follow Kolmogorov’s K41 k=/3 law [49],
the ABL is expected to exhibit different and nontrivial spa-
tial features. First, the turbulent organization of the ABL
[52] undergoes strong diurnal modulation, ranging from
daytime buoyancy-driven convection to nighttime stable
stratification at night. Second, viscous effects induced by
obstacles—such as topographic variations [53]—introduce
local retardation and disrupt the steadiness of wind flows.
Third, advection may remain observable between turbine
rows in the downwind direction (south-southwest in the
data set analyzed here). However, taking an inter-row dis-
tance of 1 km and representative wind speed vy = 8ms™!
yields an advection time Tugyection = 1000m/8ms~! =
125 s well below our sampling resolution A7 = 10 min. For

023007-2



STRUCTURE OF WIND-POWER CORRELATIONS

PRX ENERGY 5, 023007 (2026)

larger separations, these causal structures should be further
dampened by interactions with terrain and other obstacles.
We anticipate both effects of Eq. (2) to mix into a single
effective sweeping contribution of leading order

S,(0,7) o (2 + 7)), 3)

where the coherence time t, sets the characteristic sweep-
ing time over distance ¢ below which fluctuations should
decorrelate (S,(t < 1¢) — const) and beyond which mul-
tiscaling should be retrieved. Furthermore, we expect inter-
actions with local topographic roughness to affect smaller
turbulent structures particularly strongly. This conjecture
should manifest itself through a sublinear growth of 7, with
£, will be examined below.

B. Extreme power fluctuations

Wind turbines convert a nearly constant fraction of the
incoming wind power Pyinq(#) into electrical power P(?).
The wind power, associated with the transport at speed v
of a cylindrical volume of air carrying kinetic energy E.
v2, leads to the well-established cubic scaling P o v? [20].
Figure 1(a) illustrates the close correspondence between
the temporal fluctuations of v(¢) and P(¢) for a represen-
tative turbine in the farm. Deviations from the cubic law
arise outside the operational wind-speed range of the tur-
bines, bounded by the cut-in (lower) and rated (upper)
speeds [20], beyond which the electrical power saturates.
The overall turbine response curves P = f (v) for the two
turbine models considered in this study are reported in Sec.
I of the Supplemental Material [38].

Similar to standard turbulence analysis, we describe
the statistical structure of wind speed and wind power
by computing their increments §,;v and &, P. We see in
Fig. 1(a) that such a finite difference renders the signal
stationary and it now evolves around a clearly defined
average. The envelopes of the increments, (|6,v],|5.:P]),
themselves fluctuate over larger correlation scales, display-
ing alternating phases of weak local activity periods and
intermittent bursts [46,54]. These stationary yet intermit-
tent variations give rise to time-aggregated non-Gaussian
jump statistics, as illustrated in Figs. 1(b) and 1(c), where
normalized probability density functions (see caption for
standardization rule) exhibit increasingly heavy tails at
small 7, reflecting small-scale intermittency. For 6, v, the
jump statistics progressively converge toward a Gaussian
distribution as t increases. In contrast, for §, P, the turbine
response function P = f (v) imposes a hard cutoff, confin-
ing the power to the interval [0, Pg,]. This constraint leads
to a condensation of probability near §, P = £ P, for the
largest increments, and near 6, P = 0 during shutdown or
rated operating regimes. As shown in Sec. II of the Sup-
plemental Material [38], defining a corrected power signal
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FIG. 1. The jump statistics of the wind speed v and the
wind power P. (a) The weekly evolution of the wind speed
v, the power output P, and their jumps 8;v and 6.P (t =
10 min). (b),(c) The probability density functions (PDFs) of
jumps (6;v,8.P) for t = 10min, 1 h,2h,4h. To avoid the bias
introduced by cutoff effects (especially for P), the core of
the PDFs has been collapsed by rescaling jumps by the ratio
between empirical and Gaussian low order (¢ < 1) moments:

te = [(18:X1) /T272/T (1 + €)/D]V<.

P, obtained by removing these saturating regimes, is suf-
ficient to retrieve the statistics of v3, except for extreme
fat-tail events that cannot be reproduced by such filtering.

C. Multifractal analysis

Following seminal contributions to turbulence [39,40,
55] and more recent analytical developments [45,46,56,
57], it is now well established that the non-Gaussian statis-
tics of turbulent flows can be efficiently described within
the multifractal formalism. In the following, we investigate
the scaling properties of our wind-farm data set.

1. From velocity to speed and power

We expect the intermittent non-Gaussian statistics of v
and P to originate from the multifractal nature of the under-
lying turbulent wind velocity field v [40], as encoded in
the scaling properties of its increments. To first order, the
increments of speed and power can be approximated as

S;v=28.v-e, &P =08 v-e)=0v8v, ()
where e, denotes the unit vector in the direction of the
mean wind velocity v. In both expressions, velocity incre-
ments are effectively projected onto the dominant flow
direction. While identical scaling properties are therefore
expected for v and v, the multiplicative factor v? in the
power increment introduces additional variability, leading
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FIG. 2. The intermittency analysis of the wind speed v (o),
the single-turbine power output P (+), and the total farm pro-
duction Pioe = ), Pi (x). (a) S3(7) versus 7. (b) S,(7) rescaled
by (S2(1))? for g = 1,2,2.5,3, with fits for 30min <t <5h
shown as dotted black lines. (c) The scaling-exponent spectrum
Hq = é-q/Q-

to potential deviations in the statistics of P, as discussed
below.

For real wind turbines, however, the electrical power is
bounded by the rated value Pg,. In this regime, the effective
scaling of power increments, 8, P ~ P%/3 8, v, is expected
to closely follow that of the wind speed, yielding

vV oo QU P o ¢
Sy~ Sy~ S8, ~ T
The limiting case of ideal turbines, for which Py, — 400,
will be discussed separately.

2. Kolmogorov scaling

Figure 2(a) shows the third-order structure functions
S3(t) of both v and P for a representative turbine, which
display clear power-law scaling up to ¢ ~ 12 h, in accor-
dance with the diurnal forcing timescale. A fit performed
over approximately one decade, 30 min < t < 5h—the
smallest scales being typically affected by windowing pro-
cedures— yields S3(t) o T8 with &3 >~ 1. We show in
Sec. III of the Supplemental Material [38] that this scal-
ing behavior is observed for all turbines in the farm and
is consistent with previous measurements reported in Ref.
[18], down to the turbine response time tz &~ 30s. It cor-
responds to the Kolmogorov (K41) [39] prediction for a
direct turbulent cascade, as has been similarly reported in
Dutch and Corsican meteorological observations [27,28].

This result indicates that, within a real wind-farm con-
figuration, the temporal autocorrelation properties of the

wind-speed and power fluctuations are essentially iden-
tical across turbines, although this does not imply their
statistical independence. This behavior contrasts with
results from idealized experiments and numerical sim-
ulations, where regularly designed farms with periodic
turbine placement, linearly advected turbulence, and iden-
tical rotor heights could imprint modification on individual
spectral behavior [58—61]. Here, the subjection of wind
turbines to real meteorological and topographical condi-
tions suppresses such effects.

3. Multifractal analysis

The full scaling spectrum ¢, is obtained by combin-
ing two independent measures: ¢3, extracted from the
fit shown in Fig. 2(a), and the deviations [, — q¢2/2],

inferred from the ratios Sq/S;’/ 2 displayed in Fig. 2(b).
That last observable extends the classical flatness (¢ =
4) commonly used in turbulence studies into a general-
ized flatness measure. As mentionned in previous works
[62], fitting ratios of structure functions effectively enlarge
the inertial range and improve the robustness of scaling
exponents. Consistent results are also obtained using an
extended self-similarity (ESS) analysis [32,63]; however,
without enforcing the constraint £3 = 1. The resulting gen-
eralized Hurst exponent spectrum, H, = {,/q, is reported
in Fig. 2(c) and its behavior is discussed below.

First, in regard to previously established works [18],
the same exponents H, ~ 0.4 have been retrieved, in full
correspondence with other energy-spectrum estimates [18,
19]. This allows us to discuss the relative position of expo-
nents at lower and higher order. For ¢ < 2, the moments
primarily describe the scale invariance of small-amplitude
fluctuations, at the core of increment distributions. Tur-
bine shutdown and saturated regimes produce persistent
extended periods of low-amplitude jumps &, P = 0, result-
ing in larger roughness exponents H, for P compared to v.
For g > 2, the moments are expected to describe increas-
ingly intense fluctuations associated with the tails of the
distribution. However, the mean-reverting statistics of v
induce an effect analogous to the bounded structure of P,
leading to similar exponents.

4. Extension to ideal turbines

The scaling properties of the measured power P are
strongly influenced by the response function of turbines.
Therefore, we extend the analysis to ideal turbines with
infinite rated power (Ps; — +00) by directly examining
v? and the corresponding ideal farm output Y, v3. Figure
3(a) reveals a clear scaling behavior for v3, with a rough-
ness exponent H3 >~ 0.25, smaller than the Kolmogorov
predictions (H; = ¢3/3 >~ 1/3) and identically observed
for P, (not shown here).

We attribute this effect to the autoregressive proper-
ties of the wind speed, reported in Ref. [20] and which
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FIG. 3. The intermittency analysis of the wind speed v (o), v’

(+), and > v3 (x). (a) The structure functions S3 versus 7. (b)
The generalized Hurst exponents H, = ¢,/q versus g, fitted as in
Fig. 2 (c) H; — H, versus q.

results in positive correlations between the wind ampli-
tude v and the increment amplitude |5, v/, i.e., strong mean
winds yield stronger wind fluctuations. As a result, the
increments of the exponentiated velocity should scale as
a higher-order power law of wind-speed increments:

8. (V™) ~ v 18 v ~ (8,v)m,

with o, > 1, increasing with m. In consequence, wind-
power increments (m =3 for ideal turbines) will be
shifted, ¢ — o9, and will yield the decrease in H,
reported for v* in Fig. 3(b). We have found, by collaps-
ing the exponent spectra of v> and v* onto v, that a; &~ 1.3
and a3 ~ 1.5.

III. CORRELATION STRUCTURE OF
WIND-FARM PRODUCTION

A. Statistics of aggregated turbines

From the standpoint of wind-farm operators, the total
farm production Py = ), P; is an observable of inter-
est for power transmission and grid design. Although one
would expect the summation of production over turbines
to yield smoother Gaussian statistics and fewer extreme
events, we will see below that this intuition does not hold.
A preliminary result may be that the daily deviation to
mean ratio only weakly decays from P; to Py (see Table
I) and remains significantly larger than the discount pre-
dicted by the central limit theorem (CLT) N~!/2 ~ 0.1. We
expect such behavior to result from the presence of tempo-
ral and spatial correlations among and between turbines.
That intuition is confirmed in Fig. 4, where a qualitative
comparison of single- and farm-aggregated turbine out-
put statistics evidences strong similarities, which we now
investigate quantitatively.

TABLEI. The statistics of the wind speed v, the individual tur-
bine power P, and the total farm power Py,. Here (—) indicates
most extreme values among turbines, and (%) error bars from the
curves fitted in Fig. 3(a).

X v P Ptot

(X) 8.0-9.0ms™! 1.09-1.36MW 1002 MW
(87X 2) 44-53ms™! 1.12-128MW  91.6 MW
(87X2)/(X)  0.54-0.64 0.90—1.04 0.93

& 1.05 £ 0.03 0.95+0.03 1.10+0.04

As shown in Fig. 2(a), the aggregated farm production
Py reproduces the scale-invariant behavior observed for
individual turbine power P, with, however, modified scal-
ing exponents. Timescales shorter than the sweeping time
across the farm, tp = D/uyms ~ 2h, are expected to be
affected by spatial aggregation. In practice, the relaxation
toward decorrelation and the presence of retarded struc-
tures extend these modifications up to 2—3 7p; for a direct
comparison between the scaling behavior of P and Py,
see Sec. IV of the Supplemental Material [38]. The result-
ing generalized Hurst exponents H,, shown in Fig. 2(c),
are systematically larger for Py, at low orders (¢ < 2),
while they coincide with those of P for higher orders
(g > 2). This, respectively, indicates the emergence of a
more spread distribution core, as well as the conserva-
tion of non-Gaussian tail properties over aggregation. Note
that the increase of H, indicates the emergence of more
persistent time correlations.

While the second-order exponent H, primarily charac-
terizes the correlation structure of the time series—persistent
(antipersistent) dynamics corresponding to H > 1/2
(H, < 1/2) —the scale dependence of standardized jump
statistics is more naturally captured by the relative rough-
ness exponent H, — H,, directly fitted from generalized
flatness functions. In the idealized limit P,y = 400, Fig.
3(c) shows that low-order relative exponents remain essen-
tially unchanged, whereas high-order ones decay sharply:
the core of the increment distributions is preserved, while

6.Pilo; WW

6¢Ptot/Otot

t (days)

FIG. 4. The wind-power increments §. P (t = 10 min) of a sin-
gle turbine (top) and of the total farm (bottom), sampled over
a week. Each time series has been normalized by its empirical
deviation.
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extreme events, unbounded here, constructively add up to
extend the tail of aggregated production.

B. Cross-structure analysis

The multifractal analysis introduced above confirms the
presence of cross-correlations among turbines, which we
now directly describe. As shown previously and further
described in Sec. I of the Supplemental Material [38], the
statistics of P have been found to be similar to v® within
the operating regime P o v®. To describe the wind-field
structure dictating turbine production, we then directly
use wind speeds (v;), standardized by their deviations and
mean values. We describe pairwise correlations by using
cross-structure functions:

ST(1) = (vt + ) — (O],

We focus on the second-order case g =2 to retrieve
the a direct equivalence with cross-spectrum analysis
Flvi]F[v;] [64]. Note that replacing v by v*, or cleaned
turbine output P, yields identical conclusions in the fol-
lowing.

1. Cross-structure analysis

Figure S(upper inset) shows Sj (r) for four turbines
separated by distances £;;—{;; = 0 corresponding to i = .
Two scaling regimes, postulated in Eq. (3), appear: (i)
for low 7, S’zj flattens as turbulence decorrelates at short
timescales; (ii) beyond this short timescale, the signal
coherence [64] is retrieved as an £;;-dependent transition
toward scale invariance, S5 oc T2.

This asymptotic behavior being identical to the effec-
tive sweeping predicted in Eq. (3), we have decided in Fig.
S5(lower inset) to fit and display, for all (7,7 ), an effective
coherence time parameter 7; defined from

) 02
SY (1) ('52 + ryz) v (5)

We have found 7; to evolve from a few minutes to
the previously estimated sweeping time over the farm
7p = 2h. Estimation of the sweeping speed u; = ¢;; /7
for neighboring turbines (1; = 500m/300s = 1.3ms™")
indicates that the decoherence regime over short distances
is dictated by slower more retarded sweeping dynamics.
This result is confirmed in Fig. 5(lower inset), where
a power-law fit 7; Ef:- B =0.60 £ 0.15 evidences the
sublinear growth of sweeping times over separation £;; .

2. Influence of ABL regimes

The scattering of measured 7, has multiple causes: wake
patterns, rough topography, and seasonal changes. In par-
ticular, we know the wind-speed correlation structure to
be strongly affected by day-night modulations of the ABL.

20
/e
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5 10° x 7
10—2 ) 15
1071
r _
=d 1S
~
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7’
103} o
Ut &
= 10®  10°
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107! 10° 10! 102 103
T/Tj
FIG. 5. The cross-structure analysis of wind turbines.

The upper inset shows S5 versus 7 for neighbouring turbines,
with the pair turbine distance £;; in the legend. The main figure
shows the rescaled S; versus t, fitted and collapsed using Eq.
(5). The scaling asymptote is shown in black, with ¢, = 0.8.
The lower inset shows the fitted coherence times 7;; as functions
of £; and the fitted power-law scaling shown in black, with
B =0.60 £0.15.

Indeed, during the day, solar heating creates vertical mix-
ing that brings stronger winds from higher altitudes down
to the surface, making winds typically stronger and gustier.
At night, the ground cools, stabilizing the atmosphere and
suppressing vertical mixing, which leads to calmer winds
with horizontally stratified structures. We reproduce the
analysis of Fig. 5 by masking (v;) into day (vertical and/or
convective) and night (horizontal and/or sweeping) ABL
regimes [52]. We have retrieved § = 0.3 £0.1 and 8 =
0.8 + 0.1, corresponding to: (i) convective turbulence, for
which 7; is expected to saturate [47,65] (B = 0); and (ii)
horizontally swept and/or advected turbulence, for which
T; o« £ (B =1). We expect higher-frequency sampling
over a few days to yield more refined estimates of §.

3. Collapse to master curve

In the main plot of Fig. 5, S; versus 7 curves have been
rescaled from Eq. (5) using ¢, = 0.8. As a result, all of the
data set has collapsed onto a single master curve x — f (x),
defined by

1, forx « 1,
f ) { x%2, forx > 1,

where x = t/7;. This form is directly analogous to
dynamic scaling, a la Family-Vicszek, where space-time
correlations collapse onto a universal function. The coher-
ence time 7; encapsulates a strong statistical dependence

023007-6



STRUCTURE OF WIND-POWER CORRELATIONS

PRX ENERGY 5, 023007 (2026)

on turbine separation £;;, demonstrating that the transient
and coherence regimes are universal across the farm.

4. From correlations to spectral steepening

The increase of the scaling exponents of Py, can now be
traced back to the cross-correlation identified previously.
For g = 2, the structure function of the total power can be
written as

=Y s+ Y[l -sio)],
i i

which, in the limit N > 1, is dominated by the second sum
on the right-hand side, involving N(N — 1) ~ N? con-
tributions. These pairwise contributions can be expanded
following

ij

i

where the exponent « controls the scaling properties of
f around 0. In particular, the effective sweeping form of
Eq. (3) predicts ballistic scaling with o« = 2, whereas the
elliptic approximation of Eq. (2), dominated by advection
effects, leads to diffusive scaling with o« = 1. We note,
however, that the scaling range of the individual cross-
structure terms S5 (7) — S5 (0) is not sufficiently extended
in the present data set to allow for a definitive discrimina-
tion between these two regimes.

C. Extreme fluctuations: Excess intermittency and
range

1. Copula analysis

While the cross-scaling analysis above accounts for the
increase of the roughness exponents H, under turbine-
output aggregation, it does not by itself explain the persis-
tence of non-Gaussian statistics, nor their enhancement, at
short timescales (t — 0). This effect is directly observable
in Fig. 4, where the relative amplitude of calm to extreme
fluctuations appear is visually higher for Py than for a
single turbine.

To address this point, we turn to a multivariate descrip-
tion of power increments and analyze the joint PDFs
P(8.P;, 6. P;), focusing on their dependence on the time
lag T and the interturbine separation £;;. As shown in Sec.
V of the Supplemental Material [38], the progressive align-
ment of the iso-IP contours along the diagonal reveals the
buildup of correlations between power fluctuations, as t
increases and ¢; decreases, corresponding, respectively, to
temporal integration and turbine separation.

To eliminate the bias induced by the marginal distri-
butions of power increments, we construct the associ-
ated Gaussian copulas by mapping each marginal onto

a zero-mean unit-variance normally distributed variable,
u; = F[8.P;]. The monotonic transformation F is found
to be approximately identical across turbines. The resulting
copulas,

p (u; = F[6:Pil,u; = F[8.P;]) = P(8:P;,8:P;), (6)

are computed from Gaussian-kernel-density methods [66,
67] and are shown in Figs. 6(a) and 6(b) (see also Sec. V of
the Supplemental Material [38]). They reveal a distinctly
nonelliptical dependence structure, closely resembling that
observed in joint-return statistics in finance [68], the sig-
nificance of which we now explain. At fixed 7, extreme
events remain strongly correlated for all separations ¢;;,
yielding a characteristic cross-shaped joint PDF, while for
neighboring turbines their signs align preferentially, as evi-
denced by the pronounced elongation along the u; = u;
direction. This joint alignment of signs and persistence of
large amplitudes directly drives the excess intermittency,
since coincident extreme fluctuations add coherently and
dominate the aggregated statistics.

2. Magnitude correlations

To quantitatively measure the space-time range of
extreme-events correlations, we compute from our time
series a measure of local deviation, the log-volatility (or
magnitude), defined as

wy = In |8, X| + g, @)

where the constant term €2, ensures that (w.) = 0. Inter-
estingly, this measure has been introduced in Ref. [45] and
used in Refs. [27,28,46,54] as a complementary descrip-
tion of multifractal statistics. In fact, for a multifractal
process of intermittency coefficient A = —¢,;(0), it has
been shown [27,45] that the covariance of its magnitude
should decay following

Co, (1) = (W we(t+ 1)) = —AInt/T, T>¢, (8)

where 7 is an upper multifractal range, usually coinciding
with upper inertial range 7—although see Refs. [46,54] for
counterexamples. In Fig. 6(c), the autocovariance of the
wind-speed magnitude o} computed from Eq. (8) expect-
edly shows logarithmic decay for T > ¢, with 7 =T =
24h, and A = 0.04, identically reported in Ref. [27,28] for
hourly sampled (¢ = 1h) Dutch and Corsican wind data.
Note that fitting /7, around ¢ — 0 from our wind-speed
data yields the same A = 0.04 value. The excess correla-
tions reported for T < ¢ result from the coarse graining
introduced in the volatility computation.
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FIG. 6. The copula analysis and spatial correlations. (a),(b)

Iso-density lines of the Gaussian copula p (#;, u;) of power incre-
ments [computed from Eq. (6)], for (a) neighboring and (b)
distanced turbines. (c) The wind-speed autocovariance C,, ver-
sus the lag t for different ¢ values. The red line is the decaying
logarithm of parameters 7 = 24h, and A = 0.04 [28]. (d),(e)
The covariances Ci, versus ¢; [computed from Eq. (8)] for
& = 10 min, and 60 min, for (d) P and (e) v. The black and red
logarithmic curves, respectively, use A = 0.10, £ = 200 km and
A = 0.04, £ = 600 km (similar to Ref. [28]).

We extend our analysis to spatial correlations of the
magnitude by defining and computing the pairwise covari-
ance,

Cl. = (@L(DL(1)), 9)

for all 80> = 1600 pairs (i,j) of magnitude measures of
P and v, using ¢ = 10 min and 60 min [28]. Figures 6(d)
and 6(e) show the decaying trend of these covariances as
functions of turbine separation £;;. For wp, the correlations
have been found to slightly decrease over turbine distance,
an effect that we ascribe to the presence of saturating and
shutdown regimes.

For w,, Fig. 6(d) shows that the spatial covariance orga-
nizes along logarithmically decaying curves as a function

of turbine separation, of the form

C,, () = —AIn¢/E. (10)

For a coarse-graining timescale ¢ = 1h, a fit [black
curve in Fig. 6(d)] yields £ = 200 £ 50 km =~ L/2, slightly
below the forcing scale associated with diurnal variabil-
ity,and A = 0.10 & 0.01, significantly larger than the value
inferred from the temporal correlations of w, inthe 7 > ¢
regime.

In reality, to evidence a universal correlation regime
for w,, the sweeping approximation yields a condition
similar to 7 > ¢ found for the autocovariance analysis:
€ > & U, Which for ¢ = 60 min leads to a quasimaxi-
mum turbine separation £ = 18km ~ D. As a result, log-
arithmic fits obtained for larger values of ¢ will display
excess correlations and coarse-graining-dependent fitting
parameters.

For ¢ = 10 min, the sweeping condition reduces to £ >
3 km. In this case, Fig. 6(d) reveals a crossover from excess
short-range correlations to a logarithmic decay consis-
tent with the parameters A = 0.04 and & = 600 km (black
curve) reported in Ref. [28] for £ > ¢, although the data
points around ¢ ~ 20 km remain systematically above the
fit. This value of £ is consistent with previous estimates of
correlation lengths for instantaneous (¢ — 0) power fluc-
tuations across wind plants in Texas (L =~ 300 km) [69], as
well as with the estimate L ~ 400 km obtained from the
sweeping approximation.

Ultimately, in the context of wind power, our results
show that amplitude correlations extend over distances
comparable to, and well beyond, the physical size of the
wind farm. We further identify a clear crossover from
excess short-range correlations induced by signal filtering
to a surface-layer-boundary turbulent regime, consistent
with previously reported statistics [28]. As a consequence,
spatial aggregation does not suppress extremes: rather,
extreme fluctuations combine coherently, allowing the
farm power output to retain and even amplify its non-
Gaussian character.

IV. CONCLUSIONS
A. Results

We conclude by summarizing our main findings. We
have shown that wind turbines inherit the scale-invariant
and non-Gaussian statistics of atmospheric wind-speed
fluctuations. At the farm level, however, the aggregated
power output departs from single-turbine behavior, by
displaying steeper spectral decay and more intermittent
statistics. These features have been investigated through
a combination of cross-correlation analyses and nonlin-
ear multivariate descriptions, applied consistently to both
wind-speed and power signals.
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We have demonstrated the existence of robust and uni-
versal cross-correlations between turbine outputs. These
correlations show a transition from short-time decoherence
to turbulence-driven scaling regime, controlled by a coher-
ence time 7; directly related to turbine pair-distance £;; In

particular, we have found the sublinear relation 7; ~ Kg
with 8 < 1, indicating the stronger retardation of smaller
scale structures in the farm.

By using Gaussian copula and autocorrelation anal-
yses, we have further shown that wind-power fluctua-
tions exhibit persistent correlations in both amplitude and
sign across turbines. In particular, and consistently with
mesoscale boundary layer fluctuations, amplitude corre-
lations extend well beyond the physical size of the farm
(approximately 20km). As a result, extreme events in
neighboring turbines align in jump directions, leading
to coherent summation of power bursts, thus reinforcing
intermittent behavior in the aggregated output.

We have systematically extended our analysis to ideal
turbines with unbounded rated power (Pg; = +00, P
v?). In this limit, the scaling of individual turbine produc-
tion has been found to deviate from the Kolmogorov scal-
ing of the wind speed, a behavior that we attribute to the
autoregressive nature of wind-speed fluctuations. Despite
the absence of saturation effects, the aggregated power in
this idealized setting exhibits the same increase in persis-
tency (jump sign correlations) and intermittency reported
for real turbines. This confirms that nonlinear response
regimes and turbulence-induced correlations are both inde-
pendently responsible for the robustness of non-Gaussian
features under wind-power aggregation.

B. Perspectives

Our results rely on the scale-invariant properties of
atmospheric wind turbulence; we therefore expect the
reported findings to remain valid, and to be further refined,
at higher temporal resolutions. In particular, a better iden-
tification of causal wind structures, boundary-layer vari-
ability, and e-independent magnitude correlations would
be beneficial.

For the resolution considered, At = 10 min, the map-
ping of the wind speed and/or power introduced by the
response function P = f (v) suggests practical routes for
forecasting intraday power fluctuations. One option would
be to enrich multivariate wind-speed models with a spa-
tial prior in order to improve short-time predictions, as
explored in Refs. [30,70], where Fokker-Planck-based
predictors for wind speed and power have been devel-
oped—albeit relying solely on local-in-space measure-
ments. In this context, the long-range magnitude correla-
tions identified here, and previously reported in the litera-
ture [28], provide a valuable basis for wind-speed volatility
forecasting, in close analogy with methods developed for
asset-price dynamics [71-73].

More broadly, the framework developed in this work
provides quantitative tools to assess wind-farm sensitivity
to extreme events and to evaluate their impact on electrical
infrastructure. In a way similar to the phenomenological
description of financial markets [74—76], we expect that
the continued uncovering and characterization of the non-
linear correlation structure of wind-power fluctuations will
provide actionable insights for local buffering and control
strategies.

While the large-scale transition toward sustainability
will rely on coordinated policies and cross-system col-
laboration [15,77], we expect our results, together with
recent advances in renewable variability, to provide quan-
titative benchmarks to inform and calibrate future policy
and operational decisions.

ACKNOWLEDGMENTS

We thank C. P. Connaughton, A. Pumir, J. Liu, J.-P.
Bouchaud, C. Aubrun, J. Garnier-Brun, and members of
the Econophysics & Complex Systems Research Chair
(Ecole polytechnique) for scientific discussions. S.L. was
supported by a Japan Society for the Promotion of Sci-
ence (JSPS) Postdoctoral Fellowship (Grant No. P24714).
M.B. was supported by JSPS KAKENHI (Grant No.
24KF0079). The data used in this work were obtained from
Scout Clean Energy, Boulder, Colorado.

DATA AVAILABILITY

The data that support the findings of this paper are not
publicly available because they are owned by a third party
and the terms of use prevent public distribution. The data
are available from the authors upon reasonable request.

[1] R. Wiser, Z. Yang, M. Hand, O. Hohmeyer, D. Infield, P. E.
H. Jensen, V. Nikolaev, M. O’Malley, G. Sinden, A. Zervos,
and Wind energy, in /PCC Special Report on Renewable
Energy Sources and Climate Change Mitigation, edited by
O. Edenhofer, R. Pichs-Madruga, Y. Sokona, K. Seyboth,
P. Matschoss, S. Kadner, T. Zwickel, P. Eickemeier, G.
Hansen, S. Schlémer, and C. von Stechow (Cambridge Uni-
versity Press, Cambridge, United Kingdom and New York,
USA, 2011).

[2] J. Peinke, S. Barth, F. Béttcher, D. Heinemann, and B.
Lange, Turbulence, a challenging problem for wind energy,
Physica A: Stat. Mech. Appl. 338, 187 (2004).

[3] J. E. Manwell, J. G. McGowan, and A. L. Rogers, Wind
Energy Explained: Theory, Design and Application (John
Wiley & Sons, Chichester (UK), 2010).

[4] K. Klima, J. Apt, M. M. Bandi, P. Happy, C. Loutan, and R.
Young, Geographic smoothing of solar photovoltaic elec-
tric power production in the Western USA, J. Renewable
Sustainable Energy 10, 053504 (2018).

023007-9


https://doi.org/10.1016/j.physa.2004.02.040
https://doi.org/10.1063/1.5038028

LAKHAL, SARDONIA, and BANDI

PRX ENERGY 8§, 023007 (2026)

[5] G. Bel and M. M. Bandi, Geographic dependence of the
solar irradiance spectrum at intermediate to high frequen-
cies, Phys. Rev. Appl. 12, 024032 (2019).

[6] G. Bel and M. M. Bandi, Spectral analysis of solar-
irradiance fluctuations, Phys. Rev. Appl. 21, 034019
(2024).

[7] P. J. Menck, J. Heitzig, J. Kurths, and H. Joachim
Schellnhuber, How dead ends undermine power grid sta-
bility, Nat. Commun. 5, 3969 (2014).

[8] M. Rohden, A. Sorge, M. Timme, and D. Witthaut, Self-
organized synchronization in decentralized power grids,
Phys. Rev. Lett. 109, 064101 (2012).

[9] J. Apt and P. Jaramillo, Variable Renewable Energy and the
Electricity Grid (Routledge, New York (US), 2014).

[10] G. Bel, C. P. Connaughton, M. Toots, and M. M. Bandi,
Grid-scale fluctuations and forecast error in wind power,
New J. Phys. 18, 023015 (2016).

[11] P. Tavner, Y. Qiu, A. Korogiannos, and Y. Feng, The corre-
lation between wind turbine turbulence and pitch failure, In
Proceedings of the European Wind Energy Conference and
Exhibition, Brussels, Belgium, 14—17 March 2011 (2011),
pp- 94-96.

[12] K. Schmietendorf, J. Peinke, and O. Kamps, The impact
of turbulent renewable energy production on power grid
stability and quality, Eur. Phys. J. B 90, 222 (2017).

[13] X. Hu, J. Jaraité, and A. Kazukauskas, The effects of wind
power on electricity markets: A case study of the Swedish
intraday market, Energy Econ. 96, 105159 (2021).

[14] C. Brancucci Martinez-Anido, G. Brinkman, and B.-M.
Hodge, The impact of wind power on electricity prices,
Renewable Energy 94, 474 (2016).

[15] P. Veers et al., Grand challenges in the science of wind
energy, Science 366, eaau2027 (2019).

[16] G. A. M. Van Kuik, J. Peinke, R. Nijssen, D. Lekou, J.
Mann, J. N. Serensen, C. Ferreira, J.-W. van Wingerden, D.
Schlipf, P. Gebraad, et al., Long-term research challenges in
wind energy—a research agenda by the European Academy
of Wind Energy, Wind Energy Sci. 1, 1 (2016).

[17] J. Peinke and A. Fuchs, L’énergie éolienne, du point de vue
de la physique, Reflets Phys. 77, 67 (2024).

[18] M. M. Bandi, Spectrum of wind power fluctuations, Phys.
Rev. Lett. 118, 028301 (2017).

[19] J. Apt, The spectrum of power from wind turbines, J. Power
Sources 169, 369 (2007).

[20] M. M. Bandi and J. Apt, Variability of the wind turbine
power curve, Appl. Sci. 6, 262 (2016).

[21] J. Bossuyt, C. Meneveau, and J. Meyers, Wind farm power
fluctuations and spatial sampling of turbulent boundary
layers, J. Fluid Mech. 823, 329 (2017).

[22] T. Nanahara, M. Asari, T. Sato, K. Yamaguchi, M. Shibata,
and T. Maejima, Smoothing effects of distributed wind tur-
bines. Part 1. Coherence and smoothing effects at a wind
farm, Wind Energy 7, 61 (2004).

[23] H. Haehne, J. Schottler, M. Waechter, J. Peinke, and O.
Kamps, The footprint of atmospheric turbulence in power
grid frequency measurements, Europhys. Lett. 121, 30001
(2018).

[24] M. Anvari, G. Lohmann, M. Wachter, P. Milan, E. Lorenz,
D. Heinemann, M. R. R. Tabar, and J. Peinke, Short term

fluctuations of wind and solar power systems, New J. Phys.
18, 063027 (2016).

[25] L. Liu and F. Hu, Cascade-like and scaling behavior of
wind velocity increments in the atmospheric surface layer,
Physica A: Stat. Mech. Appl. 392, 5808 (2013).

[26] C. Beck, E. G. D. Cohen, and S. Rizzo, Atmospheric
turbulence and superstatistics, Europhys. News 36, 189
(2005).

[27] J.-E. M. C. Muzy, R. Baile, and P. Poggi, Intermittency of
surface-layer wind velocity series in the mesoscale range,
Phys. Rev. E 81, 056308 (2010).

[28] R. Baile and J.-F. M. C. Muzy, Spatial intermittency of sur-
face layer wind fluctuations at mesoscale range, Phys. Rev.
Lett. 105, 254501 (2010).

[29] R. Calif, F. G. Schmitt, and Y. Huang, Multifractal descrip-
tion of wind power fluctuations using arbitrary order Hilbert
spectral analysis, Physica A: Stat. Mech. Appl. 392, 4106
(2013).

[30] R. Calif and F. G. Schmitt, Multiscaling and joint mul-
tiscaling description of the atmospheric wind speed and
the aggregate power output from a wind farm, Nonlinear
Process. Geophys. 21, 379 (2014).

[31] N. Ali, A. Fuchs, 1. Neunaber, J. Peinke, and R. B. Cal,
Multi-scale/fractal processes in the wake of a wind turbine
array boundary layer, J. Turbul. 20, 93 (2019).

[32] P. Milan, M. Wichter, and J. Peinke, Turbulent character of
wind energy, Phys. Rev. Lett. 110, 138701 (2013).

[33] IEC, Wind energy generation systems—Part 12-1: Power
performance measurements of electricity producing wind
turbines, Tech. Rep. IEC 61400-12-1:2017 (International
Electrotechnical Commission, Geneva, Switzerland, 2017).

[34] M. M. Amiri, M. Shadman, and S. F. Estefen, A review of
physical and numerical modeling techniques for horizontal-
axis wind turbine wakes, Renewable Sustainable Energy
Rev. 193, 114279 (2024).

[35] N. Ali, H. F. Kadum, and R. B. Cal, Focused-based mul-
tifractal analysis of the wake in a wind turbine array
utilizing proper orthogonal decomposition, J. Renewable
Sustainable Energy 8, 063306 (2016).

[36] P. Bachant and M. Wosnik, Characterising the near-wake of
a cross-flow turbine, J. Turbul. 16, 392 (2015).

[37] N. Ali and R. B. Cal, Scale evolution, intermittency and
fluctuation relations in the near-wake of a wind turbine
array, Chaos Solitons Fractals 119, 215 (2019).

[38] See the Supplemental Material http://link.aps.org/supple
mental/10.1103/vms3-ng8z for: detailed turbine specifi-
cations (Sec. I); information on the cleaning procedure
applied to wind-power time series (Sec. II); a comparison
of scaling properties across turbines (Sec. III); a com-
parison of standardized structure functions for individual
and aggregated wind power (Sec. IV); and a copula-based
analysis of wind-power fluctuations (Sec. V).

[39] A. N. Kolmogorov, The local structure of turbulence in
incompressible viscous fluid for very large Reynolds num-
bers, Proc.: Math. Phys. Sci. 434, 9 (1991).

[40] U. Frisch, Turbulence: The Legacy of AN Kolmogorov
(Cambridge University Press, Cambridge (UK), 1995).

[41] J. Friedrich, D. Moreno, M. Sinhuber, M. Wichter, and
J. Peinke, Superstatistical wind fields from pointwise

023007-10


https://doi.org/10.1103/PhysRevApplied.12.024032
https://doi.org/10.1103/PhysRevApplied.21.034019
https://doi.org/10.1038/ncomms4969
https://doi.org/10.1103/PhysRevLett.109.064101
https://doi.org/10.1088/1367-2630/18/2/023015
https://doi.org/10.1140/epjb/e2017-80352-8
https://doi.org/10.1016/j.eneco.2021.105159
https://doi.org/10.1016/j.renene.2016.03.053
https://doi.org/10.1126/science.aau2027
https://doi.org/10.5194/wes-1-1-2016
https://doi.org/10.1051/refdp/202477067
https://doi.org/10.1103/PhysRevLett.118.028301
https://doi.org/10.1016/j.jpowsour.2007.02.077
https://doi.org/10.3390/app6090262
https://doi.org/10.1017/jfm.2017.328
https://doi.org/10.1002/we.109
https://doi.org/10.1209/0295-5075/121/30001
https://doi.org/10.1088/1367-2630/18/6/063027
https://doi.org/10.1016/j.physa.2013.07.054
https://doi.org/10.1051/epn:2005603
https://doi.org/10.1103/PhysRevE.81.056308
https://doi.org/10.1103/PhysRevLett.105.254501
https://doi.org/10.1016/j.physa.2013.04.038
https://doi.org/10.5194/npg-21-379-2014
https://doi.org/10.1080/14685248.2019.1590584
https://doi.org/10.1103/PhysRevLett.110.138701
https://doi.org/10.1016/j.rser.2024.114279
https://doi.org/10.1063/1.4968032
https://doi.org/10.1080/14685248.2014.1001852
https://doi.org/10.1016/j.chaos.2018.12.018
http://link.aps.org/supplemental/10.1103/vms3-ng8z
https://doi.org/10.1098/rspa.1991.0075

STRUCTURE OF WIND-POWER CORRELATIONS

PRX ENERGY 5, 023007 (2026)

atmospheric turbulence measurements, PRX Energy 1,
023006 (2022).

[42] B. Castaing, Y. Gagne, and E. J. Hopfinger, Velocity
probability density functions of high Reynolds number
turbulence, Physica D: Nonlinear Phenom. 46, 177 (1990).

[43] L. Chevillard, S. G. Roux, E. Lévéque, N. Mordant, J.-
F. Pinton, and A. Arnéodo, Intermittency of velocity time
increments in turbulence, Phys. Rev. Lett. 95, 064501
(2005).

[44] R. M. Pereira, L. Moriconi, and L. Chevillard, A multifrac-
tal model for the velocity gradient dynamics in turbulent
flows, J. Fluid Mech. 839, 430 (2018).

[45] E. Bacry, J. Delour, and J. F. Muzy, Multifractal random
walk, Phys. Rev. E 64, 026103 (2001).

[46] S. Lakhal, L. Ponson, M. Benzaquen, and J.-P. Bouchaud,
Wrapping and unwrapping multifractal fields: Application
to fatigue and abrupt failure fracture surfaces, Phys. Rev.
Res. 7, L012003 (2025).

[47] X.He and P. Tong, Kraichnan’s random sweeping hypothe-
sis in homogeneous turbulent convection, Phys. Rev. E 83,
037302 (2011).

[48] R. H. Kraichnan, Kolmogorov’s hypotheses and Eulerian
turbulence theory, Phys. Fluids 7, 1723 (1964).

[49] G. D. Nastrom, K. S. Gage, and W. H. Jasperson, Kinetic
energy spectrum of large-and mesoscale atmospheric pro-
cesses, Nature 310, 36 (1984).

[50] G.-W. He and J.-B. Zhang, Elliptic model for space-time
correlations in turbulent shear flows, Phys. Rev. E 73,
055303(R) (20006).

[51] H. Tennekes, Eulerian and Lagrangian time microscales in
isotropic turbulence, J. Fluid Mech. 67, 561 (1975).

[52] L. Liu, S. N. Gadde, and R. J. A. M. Stevens, Univer-
sal wind profile for conventionally neutral atmospheric
boundary layers, Phys. Rev. Lett. 126, 104502 (2021).

[53] P. Druault, B. Gaurier, and G. Germain, Spatial integration
effect on velocity spectrum: Towards an interpretation of
the —11/3 power law observed in the spectra of turbine
outputs, Renewable Energy 181, 1062 (2022).

[54] S. Vernéde, L. Ponson, and J.-P. Bouchaud, Turbulent frac-
ture surfaces: A footprint of damage percolation? Phys.
Rev. Lett. 114, 215501 (2015).

[55] B. B. Mandelbrot, Multifractal measures, especially for the
geophysicist, Pure Appl. Geophys. 131, 5 (1989).

[56] B. B. Mandelbrot, in Statistical Models and Turbulence,
edited by M. Rosenblatt and C. Van Atta (Springer-Verlag,
Berlin, 1972), pp. 333-351.

[57] L. Chevillard, M. Lagoin, and S. G. Roux, Multifractal
fractional ornstein-uhlenbeck processes, arXiv:2011.09503
[math.PR].

[58] H. Liu, Y. Jin, N. Tobin, and L. P. Chamorro, Towards
uncovering the structure of power fluctuations of wind
farms, Phys. Rev. E 96, 063117 (2017).

[59] T. Chatterjee and Y. T. Peet, Contribution of large scale
coherence to wind turbine power: A large eddy simulation
study in periodic wind farms, Phys. Rev. Fluids 3, 034601
(2018).

[60] J. Singh and J. M. Alam, Characterization of atmospheric
and wind farm turbulence, Comput. Fluids 289, 106537
(2025).

[61] N. Tobin and L. P. Chamorro, Turbulence coherence and
its impact on wind-farm power fluctuations, J. Fluid Mech.
855, 1116 (2018).

[62] S. Santucci, K. J. Maley, A. Delaplace, J. Mathiesen, A.
Hansen, J. O. Haavig Bakke, J. Schmittbuhl, L. Vanel, and
P. Ray, Statistics of fracture surfaces, Phys. Rev. E 75,
016104 (2007).

[63] R. Benzi, S. Ciliberto, R. Tripiccione, C. Baudet, F. Mas-
saioli, and S. Succi, Extended self-similarity in turbulent
flows, Phys. Rev. E 48, R29 (1993).

[64] Y. Liu and R. J. A. M. Stevens, Turbulence coherence in
wind farms: The role of turbines, J. Phys. Conf. Ser. 2767,
092108 (2024).

[65] Q. Zhou, C.-M. Li, Z.-M. Lu, and Y.-L. Liu, Experimental
investigation of longitudinal space-time correlations of the
velocity field in turbulent Rayleigh-Bénard convection, J.
Fluid Mech. 683, 94 (2011).

[66] M. Rosenblatt, Remarks on some nonparametric estimates
of a density function, Ann. Math. Stat. 27, 832 (1956).

[67] B. Silverman, Density Estimation for Statistics and Data
Analysis (Routledge, London (UK), 2018).

[68] R. Chicheportiche and J.-P. Bouchaud, The joint distribu-
tion of distribution of stock returns is not elliptical, Int. J.
Theor. Appl. Finance 15, 1250019 (2012).

[69] W. Katzenstein, E. Fertig, and J. Apt, The variability
of interconnected wind plants, Energy Policy 38, 4400
(2010).

[70] C. Behnken, M. Wachter, and J. Peinke, Multipoint recon-
struction of wind speeds, Wind Energy Sci. 5, 1211 (2020).

[71] C. Sattarhoffand T. Lux, Forecasting the variability of stock
index returns with the multifractal random walk model for
realized volatilities, Int. J. Forecast. 39, 1678 (2023).

[72] J.-F. Muzy, D. Sornette, J. delour, and A. Arneodo, Mul-
tifractal returns and hierarchical portfolio theory, Quant.
Finance 1, 131 (2001).

[73] E. Bacry, J. Delour, and J. F. Muzy, Modelling financial
time series using multifractal random walks, Physica A:
Stat. Mech. Appl. 299, 84 (2001).

[74] J. Garnier-Brun, M. Benzaquen, S. Ciliberti, and J.-P.
Bouchaud, A new spin on optimal portfolios and ecolog-
ical equilibria, J. Stat. Mech: Theory Exp. 2021, 093408
(2021).

[75] J.-P. Bouchaud, A. Matacz, and M. Potters, Leverage effect
in financial markets: The retarded volatility model, Phys.
Rev. Lett. 87, 228701 (2001).

[76] C. Aubrun, R. Morel, M. Benzaquen, and J.-P. Bouchaud,
Identifying new classes of financial price jumps with
wavelets, Proc. Natl. Acad. Sci. 122, €2409156121 (2025).

[77] IEA Wind TCP Task 25, Design and Operation of Energy
Systems with Large Amounts of Variable Generation,
Tech. Rep. (International Energy Agency Wind Technology
Collaboration Programme, 2018), final summary report,
https://community.ieawind.org/task25/home.

023007-11


https://doi.org/10.1103/PRXEnergy.1.023006
https://doi.org/10.1016/0167-2789(90)90035-N
https://doi.org/10.1103/PhysRevLett.95.064501
https://doi.org/10.1017/jfm.2018.12
https://doi.org/10.1103/PhysRevE.64.026103
https://doi.org/10.1103/PhysRevResearch.7.L012003
https://doi.org/10.1103/PhysRevE.83.037302
https://doi.org/10.1063/1.2746572
https://doi.org/10.1038/310036a0
https://doi.org/10.1103/PhysRevE.73.055303
https://doi.org/10.1017/S0022112075000468
https://doi.org/10.1103/PhysRevLett.126.104502
https://doi.org/10.1016/j.renene.2021.09.106
https://doi.org/10.1103/PhysRevLett.114.215501
https://doi.org/10.1007/BF00874478
https://arxiv.org/abs/2011.09503
https://doi.org/10.1103/PhysRevE.96.063117
https://doi.org/10.1103/PhysRevFluids.3.034601
https://doi.org/10.1016/j.compfluid.2024.106537
https://doi.org/10.1017/jfm.2018.713
https://doi.org/10.1103/PhysRevE.75.016104
https://doi.org/10.1103/PhysRevE.48.R29
https://doi.org/10.1088/1742-6596/2767/9/092108
https://doi.org/10.1017/jfm.2011.249
https://doi.org/10.1214/aoms/1177728190
https://doi.org/10.1142/S0219024912500197
https://doi.org/10.1016/j.enpol.2010.03.069
https://doi.org/10.5194/wes-5-1211-2020
https://doi.org/10.1016/j.ijforecast.2022.08.009
https://doi.org/10.1080/713665541
https://doi.org/10.1016/S0378-4371(01)00284-9
https://doi.org/10.1088/1742-5468/ac21d9
https://doi.org/10.1103/PhysRevLett.87.228701
https://doi.org/10.1073/pnas.2409156121
https://community.ieawind.org/task25/home

	I.. INTRODUCTION
	II.. FROM ATMOSPHERIC TURBULENCE TO WIND-TURBINE STATISTICS
	A.. Atmospheric wind turbulence
	1.. Increment statistics
	2.. Inertial range of atmospheric turbulence
	3.. Space-time structure

	B.. Extreme power fluctuations
	C.. Multifractal analysis
	1.. From velocity to speed and power
	2.. Kolmogorov scaling
	3.. Multifractal analysis
	4.. Extension to ideal turbines


	III.. CORRELATION STRUCTURE OF WIND-FARM PRODUCTION
	A.. Statistics of aggregated turbines
	B.. Cross-structure analysis
	1.. Cross-structure analysis
	2.. Influence of ABL regimes
	3.. Collapse to master curve
	4.. From correlations to spectral steepening

	C.. Extreme fluctuations: Excess intermittency and range
	1.. Copula analysis
	2.. Magnitude correlations


	IV.. CONCLUSIONS
	A.. Results
	B.. Perspectives

	. ACKNOWLEDGMENTS
	. DATA AVAILABILITY
	. REFERENCES


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.5
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


