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Abstract. As the share of wind energy grows, reliable engineering computations for wind speed
modeling become critical for forecasting, stability assessment, and risk-informed design. A central
challenge is that available wind records are often limited to coarse time averages, such as 10-minute
or hourly means, which suffice for energy yield estimates but miss the high-frequency variability
needed for reliability analysis, fatigue assessment, and extreme-event studies.

Building on the Temporal Enhanced Fourier Transform (TEFT), we develop an integrated
storm-hazard reliability framework that transforms coarse storm wind histories into high-resolution
structural loading scenarios. The approach estimates the spectrum implied by averaged data, cor-
rects for attenuation due to temporal averaging, and reconstructs a finer time grid by adjusting
Fourier coefficients under consistency constraints. These constraints enforce agreement with ob-
served moments and marginal distributions, while stochastic sampling generates ensembles that
reflect uncertainty. The procedure avoids direct reliance on measured high-rate data, yet maintains
realistic maxima, means, variance, distributional fit, and spectral slope.

Results show that the generated high-resolution series align with observed characteristics and
support reliability computations. The method enables more faithful storm-to-structure simulations
for grid stability, structural reliability of onshore and offshore assets, and extreme-event risk anal-
ysis, thereby strengthening the reliability and reproducibility of engineering decisions for critical
infrastructure systems.

Keywords: wind speed modeling, risk assessment in wind energy, stochastic wind simulation,
high-resolution wind data, environmental processes

1. Introduction

High-frequency wind fluctuations can dominate short-duration structural demand, fatigue accumu-
lation, and threshold exceedances, but many environmental wind archives are distributed only as
time-averaged records. TEFT was introduced to reconstruct high-resolution wind-speed histories
from coarse measurements while preserving statistical and spectral properties (Tambat et al., 2026).
The resulting scale gap is especially relevant for tropical-cyclone and severe-storm scenarios, where
a slowly varying storm envelope can coexist with reliability-relevant turbulent fluctuations.
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Hybrid parametric and background-wind models have already been used to connect typhoon
wind fields with port disruption and regional economic losses (Zhang et al., 2020; Tian et al.,
2023). Artificial storm-track generation has likewise been used to construct targeted rare-event
scenarios for coastal risk studies (Sun et al., 2022). The present work redirects these ideas toward
structural reliability by coupling the storm wind-field layer with TEFT-based temporal refinement
and OpenSees dynamic response analysis (McKenna et al., 2010).

The paper is organized around a modular hazard-to-response workflow. The methodology is
summarized in Section 2, followed by a controlled fixed-storm TEFT benchmark and a stochastic
storm-to-structure reliability example.

2. Methodology

The proposed framework couples tropical-cyclone wind-field simulation, spectrally consistent tem-
poral upscaling, structural load generation, and dynamic reliability analysis. The workflow starts
from best-track-like storm information, computes a coarse wind-speed history at the structure loca-
tion, reconstructs a high-resolution wind signal using TEFT (Tambat et al., 2026), and propagates
the resulting wind loads through a unit-consistent finite-element model. This structure keeps the
hazard model, temporal refinement, and structural response model modular, so that deterministic
storm scenarios and stochastic storm ensembles can be treated within the same computational
pipeline at the desired level of modeling detail.

2.1. Storm Representation and Wind-Field Model

Each storm event is represented by a best-track-like table

B = {ti, ϕi, λi, pc,i, Vmax,i, Rmax,i, ub,i, vb,i}Ni=1, (1)

where ti is time, ϕi and λi are the cyclone-center latitude and longitude, pc,i is central pressure,
Vmax,i is maximum wind speed, Rmax,i is the radius of maximum wind speed, and (ub,i, vb,i) denotes
the eastward and northward components of the background wind vector at the site. For deterministic
examples, this table is prescribed. For stochastic examples, the table is generated from a small
set of physically interpretable random variables. The current Monte Carlo results use random
track geometry, central pressure, maximum intensity, background wind, and TEFT realization
seed. Rmax is not sampled independently in these Monte Carlo runs; it is computed inside the
parametric wind model from central pressure, latitude, and translation speed. A separate stochastic
one-shot prototype additionally samples Rmax explicitly, but that variant is not the source of
the reliability numbers reported in Section 3. This extends targeted artificial-track ideas used
for synthetic superstorm studies (Sun et al., 2022) by randomizing a richer set of best-track and
wind-field variables.

The stochastic modelling of tropical cyclones uses a quadratic-Bezier track generator in a local
east–north coordinate system centered at the structure site. Let e(α) = (cosα, sinα)⊤ be the
along-track unit vector for heading α, and n(α) = (− sinα, cosα)⊤ its left-normal direction. For
each sample, the heading H, along-track extent L, closest-approach control distance Dc, curvature
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control κ, minimum pressure pmin, maximum intensity cap V cap
max, background-wind speed Ub, and

background-wind direction Θb are drawn independently from bounded uniform distributions:

H ∼ Unif(150◦, 205◦), L ∼ Unif(1900, 3000) km,
Dc ∼ Unif(35, 140) km, κ ∼ Unif(0, 520) km,
pmin ∼ Unif(910, 945) hPa, V cap

max ∼ Unif(54, 68) m/s,
Ub ∼ Unif(2, 10) m/s, Θb ∼ Unif(−120◦, 40◦).

(2)

All angles are measured counterclockwise from east. A common ocean-side genesis region is imposed
through the reference heading Href = 160◦ and start distance D0 = 1050 km:

P0 = −D0e(Href), P2 = P0 + Le(H). (3)

The quadratic Bezier control point is then chosen as

P1 = 2Dcn(H)− 1

2
(P0 +P2) + κn(H), (4)

and the storm centerline is

P(τ) = (1− τ)2P0 + 2(1− τ)τP1 + τ2P2, 0 ≤ τ ≤ 1. (5)

The N = 21 best-track rows are evaluated at τi = (i − 1)/(N − 1), using 6 h spacing. The local
coordinates P(τi) are converted to latitude and longitude by a local geodetic offset. The parameter
Dc should be interpreted as a closest-approach control rather than an exact realized minimum
distance: the curvature term shifts the mid-track point to (Dc+κ/2)n(H), and the actual minimum
site distance follows from the full sampled curve.

The pressure and intensity histories are smooth functions of the normalized track coordinate
u = 2τ − 1:

pc(τ) = pouter − (pouter − pmin) exp(−3u2), (6)

with pouter = 1000 hPa in the reported runs. The maximum wind speed parameter is linked to the
pressure deficit by

Vmax(τ) = Vmin + η(τ)0.65 (V cap
max − Vmin) , η(τ) =

penv − pc(τ)

penv − pmin
, (7)

where Vmin = 18 m/s and penv = 1010 hPa. The background wind is constant within one sample,
(ub, vb) = Ub(cosΘb, sinΘb), but varies between samples.

At each time step, the wind vector at a site is obtained from a hybrid parametric cyclone
model. Following the broad structure used in typhoon-induced port-disruption studies (Zhang et al.,
2020; Tian et al., 2023), the storm-relative wind is decomposed into a moving component and a
rotating component, and then blended with the background wind:

v(t) = (1− e(r))vtc(t) + e(r)vb(t), (8)

with

e(r) =
c4

1 + c4
, c =

r

nRmax
. (9)
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Here r is the distance from the cyclone center to the site and n controls the transition from cyclone-
dominated to background-dominated flow. The vector vtc(t) is the sum of the storm translation
and rotating cyclone components, vb(t) = (ub(t), vb(t))

⊤ is the background wind, c is the radius
normalized by nRmax, and e(r) is the corresponding hybrid blending weight. In the current Monte
Carlo runs, the radius of maximum wind is derived as

Rmax =

[
aR tanh{bR(ϕ− 28)}+ cR exp

(
penv − pc
33.86

)
+ dRVtr + eR

]
1000, (10)

where ϕ is storm-center latitude, Vtr is translation speed. The coefficients are

(aR, bR, cR, dR, eR) = (28.52, 0.0873, 12.22, 0.2, 37.22). (11)

The bracketed value is in kilometres and is converted to metres before evaluating the wind field.
The resulting coarse wind-speed history is the Euclidean norm

Uc(tk) = ∥v(tk)∥2 , (12)

evaluated on a regular time grid, here using 10-minute spacing.

2.2. Threshold-Triggered TEFT Upscaling

The high-frequency wind content is reconstructed only during dynamically relevant storm periods.
A TEFT window is triggered when the coarse site wind speed exceeds a prescribed threshold
Uthr. Padding is added before and after the triggered interval so that the upscaling captures the
surrounding storm envelope.

Let Uc(tk) denote the coarse wind-speed samples with time step ∆T . The coarse signal is
separated into a slowly varying trend and a fluctuating component,

Uc(tk) = mc(tk) + u′c(tk). (13)

The Fourier amplitudes of u′c are estimated from the coarse record. Because coarse samples represent
time-averaged wind speeds, the resolved spectrum is corrected for attenuation by the temporal aver-
aging operation. The unresolved high-frequency Fourier coefficients are then extrapolated according
to the estimated spectral decay, while the total variance is constrained to match a target turbulence
level.

A fine-grid fluctuation u′f (t) is synthesized by combining the corrected and extrapolated Fourier
amplitudes with stochastic phases. An iterative amplitude adjusted Fourier transform step is used
to preserve the target marginal distribution and moment constraints. The final high-resolution wind
history is constructed as

Uf (t) = mf (t) + a(t)u′f (t), (14)

where mf (t) is the interpolated storm-scale trend and a(t) is a time-varying turbulence envelope
derived from the coarse storm history. In the implementation, a preliminary envelope is computed
from the interpolated trend relative to the coarse-window mean,

ã(t) = max

(
mf (t)

U c

, amin

)
, (15)
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where amin is an envelope floor. The envelope is then RMS-normalized,

a(t) =
ã(t)(

1
|T |

∫
T ã2(τ) dτ

)1/2
, (16)

so that it redistributes the target turbulent standard deviation over time without changing its
window-scale energy. This gives a separable evolutionary spectral representation,

S(t, f) = a2(t)STEFT(f), (17)

where STEFT(f) is the one-sided spectrum implied by the corrected and extrapolated TEFT Fourier
amplitudes of the stationary fluctuation u′f (t). This preserves the non-stationary cyclone envelope
while restoring high-frequency variability relevant for structural response.

2.3. Wind Load Generation and Structural Response

The refined wind-speed history is converted to nodal wind loads for the finite-element model.
For each loaded structural node j, the wind load is computed from the local wind speed us-
ing a Eurocode-style aerodynamic load model (European Committee for Standardization, 2005),
including height-dependent exposure and force coefficients:

Fj(t) =
1

2
ρCjAjU

2
j (t). (18)

The resulting load histories are written as OpenSees input files and applied to the structural model
as time-dependent nodal loads.

The structural model used in the numerical examples is a 50 m steel lattice tower idealized as a
cantilever truss-type structure in OpenSees (McKenna et al., 2010). The tower is discretized by 17
nodes and 16 beam-column elements, as shown schematically in panel (a) of Figure 1. Nodes 1–16
correspond to the wind-loaded tower sections, while Node 17 is fixed at the base. Section-dependent
aerodynamic areas, enclosed areas, reference heights, and lumped masses are assigned according to
the tower documentation. The lumped mass distribution follows the enclosed-area allocation

mi = Mtot
Aenc

i∑
k A

enc
k

, Mtot = 13 172 kg. (19)

The section stiffnesses are derived from the lattice-support approximation

Ieff = 0.5h20Ach, (20)

where h0 is the section width and Ach is the total cross-sectional area of the main chord members.
In the present numerical examples the nominal Young’s modulus is E = 2.1 · 108 kN/m2.

The structural response is evaluated by solving the dynamic equilibrium equation

Mq̈(t) +Cq̇(t) +Kq(t) = F(t), (21)
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Figure 1. Coupled structural and wind-loading representation used in the numerical examples. The tower idealization
defines the nodal load application points, while the site wind-speed history illustrates the threshold-triggered TEFT
refinement that supplies high-resolution dynamic loading during the storm core.

where q(t) contains the structural degrees of freedom and F(t) is the vector of wind-induced nodal
loads. The present numerical examples extract response histories and peak nodal displacements
after each OpenSees simulation. To avoid evaluating the initial transient caused by sudden load
application, peak displacement metrics are computed only after the first 20 s of simulated response.

2.4. Reliability Formulation

For stochastic analyses, the random input vector X may include storm-track parameters, pressure
deficit, maximum wind speed, Rmax, background wind, TEFT phase realization, turbulence inten-
sity, and structural parameters. The performance function is defined in terms of the maximum
absolute top-node displacement:

g(X) = dcap −max
t

|dtop(t;X)|. (22)

Failure occurs when g(X) ≤ 0, and the failure probability is estimated by Monte Carlo simulation
as

P̂f =
1

Ns

Ns∑
s=1

1 [g(Xs) ≤ 0] . (23)

This formulation allows the same framework to support deterministic one-shot demonstrations,
stochastic best-track scenarios, and full storm-to-structure reliability simulations.
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2.5. Computational Implementation

The computational workflow is implemented as a Julia package StormHazards (Bittner, 2026;
Bezanson et al., 2017). It couples parametric storm simulation, TEFT upscaling, load generation,
and reliability orchestration, and uses OpenSees for dynamic structural response (McKenna et al.,
2010). Monte Carlo sampling and external-model execution are managed through UncertaintyQuan-
tification.jl (Behrensdorf et al., 2023; Behrensdorf et al., 2026), with SLURM scripts used for
cluster-scale runs. Each module exchanges explicit tabular data products, including best-track
tables, wind histories, load histories, response histories, and figure-ready CSV files. This makes
the framework practical and modular: the storm generator, temporal-upscaling method, structural
solver, or reliability estimator can be replaced without changing the complete pipeline.

Storm states
best-track table

TEFT upscaling
fine wind history

Dynamic simulation
(OpenSees)

Reliability
capacity exceedance

Figure 2. Modular storm-to-reliability workflow. The implementation keeps the storm description, temporal recon-
struction, structural analysis, and reliability calculation as separate exchangeable stages connected by auditable data
files.

3. Numerical Results

Two N = 1000 truss-tower simulations are used to separate the effect of temporal wind upscal-
ing from the effect of storm-to-storm variability. The first run, denoted here as the controlled
TEFT benchmark, keeps the single synthetic storm history, background wind, structural model,
and capacity fixed, and samples only the unresolved TEFT-EPSD wind realization. The second
run samples the artificial best-track geometry, intensity parameters, background-wind vector, and
TEFT realization before propagating each event through the same OpenSees tower model. Both
runs use a demonstration site near Kowloon Bay, Hong Kong, (22.3◦N, 114.2◦E), a 10-minute
coarse wind record, a 10 s refined time step, an 18 m/s trigger threshold, and the illustrative
top-displacement capacity dcap = 0.25 m.

Table I summarizes the two experiments. In the controlled benchmark, the maximum coarse site
wind speed is 43.47 m/s. After TEFT-EPSD refinement, the sample-wise maximum wind speed
has mean 52.14 m/s and reaches 66.95 m/s. The mean maximum absolute top-node displacement
is 0.182 m, with 95th and 99th percentiles of 0.264 m and 0.288 m, respectively. At the selected
capacity, 93 of 1000 samples fail, giving P̂f = 0.093 with Monte Carlo standard error 0.0092.
This run is therefore best interpreted as a controlled check of the TEFT-to-structure coupling: the
storm envelope is fixed, but the unresolved temporal variability alone is sufficient to move part of
the response distribution into the failure domain.

The stochastic storm ensemble adds storm-to-storm variability to the same OpenSees structural
calculation. The random-variable definitions and ranges are given in Section 2.1, and Figure 3
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Table I. Summary of the two 1000-sample truss-tower reliability runs. Wind maxima
refer to sample-wise TEFT-refined maxima; displacement statistics refer to the maximum
absolute top-node displacement.

Run Main random variables Umax Umax d95 d99 dmax P̂f

(m/s) (m/s) (m) (m) (m)

Controlled TEFT bench-
mark

TEFT-EPSD realiza-
tion

52.14 66.95 0.264 0.288 0.292 0.093

Stochastic storm ensemble Track, intensity, back-
ground wind, TEFT-
EPSD realization

47.82 77.87 0.274 0.321 0.395 0.093

Generated stochastic best-track ensemble
Representative sampled tracks; dots show best-track maximum wind speed at each state
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Figure 3. Generated stochastic best-track ensemble used as hazard input for the storm-to-structure simulations. The
curves show representative sampled quadratic-Bezier storm tracks, while the colored best-track states indicate the
evolving maximum wind-speed parameter along each artificial event. The figure documents the stochastic storm
geometry before temporal upscaling and structural propagation.

visualizes representative sampled quadratic-Bezier best tracks before temporal upscaling and struc-
tural propagation. In the present 1000-sample run, the sampled coarse-wind ensemble has mean
maximum speed 42.90 m/s and reaches 54.29 m/s; after TEFT-EPSD refinement the corresponding
sample-wise wind maxima have mean 47.82 m/s and reach 77.87 m/s.

Figure 4 summarizes the wind input and the resulting top-node demand for the stochastic
storm ensemble. The reliability calculation itself is evaluated from the maximum absolute top-node
displacement defined in Eq. (22). In the wind diagnostic, the deterministic fixed-storm preview
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remains visible as a reference, while the sampled coarse-wind mean and the TEFT-refined ensemble
describe the stochastic run.

The stochastic run produces a mean maximum absolute top-node displacement of 0.157 m and
a median of 0.147 m, both below the corresponding controlled-run values of 0.182 m and 0.184 m.
This decrease in central demand is expected because many sampled storms pass less unfavorably
than the fixed benchmark track. The main difference appears in the upper tail: the 95th percentile
increases from 0.264 m to 0.274 m, the 99th percentile increases from 0.288 m to 0.321 m, and the
maximum observed top-node displacement increases from 0.292 m to 0.395 m. At dcap = 0.25 m, 93

of 1000 stochastic storm samples fail, giving P̂f = 0.093 with Monte Carlo standard error 0.0092.
Thus, at the selected illustrative capacity, the two experiments give the same exceedance estimate,
with both values obtained directly from the exported sample tables. They reach this estimate
through different demand distributions: the stochastic storm ensemble has a lower center and a
heavier extreme tail.

The height-wise displacement profile in Figure 5 shows that the largest responses occur at the
upper tower nodes and decrease toward the base, as expected for the cantilever-type idealization.
Across both runs, the top response node is also the critical node for the reported capacity ex-
ceedance. In the controlled benchmark the estimated exceedance probability drops to zero once
the capacity exceeds 0.295 m. In the stochastic storm run, a nonzero exceedance tail remains up
to the largest inspected capacity of 0.35 m, where 3 of 1000 samples still exceed the limit. This
comparison is the clearest reliability effect of the second example: even when the probability at
0.25 m is unchanged, storm-parameter uncertainty controls the high-capacity tail.

The Fourier-coefficient and PSD diagnostics generated with the runs are retained as traceability
outputs, but they are not all reproduced here. Their role is to verify the same TEFT steps described
by Tambat et al. (Tambat et al., 2026): the resolved low-frequency body is inferred from the coarse
record, the high-frequency tail is extrapolated, and the spectrum is rescaled to match the target
turbulent standard deviation. The present framework differs by applying that reconstruction only
inside the storm-triggered active window and by embedding it in the separable TEFT-EPSD repre-
sentation S(t, f) = a2(t)STEFT(f). Figure 6 shows this time-frequency construction. The diagnostic
highlights that the spectral shape STEFT(f) is retained while the nonstationary storm envelope
modulates the local spectral energy over time.

4. Conclusions

The first numerical results support the intended role of the framework as a bridge between coarse
storm-wind information and structural reliability analysis. In the fixed-storm benchmark, TEFT-
EPSD sampling restores unresolved short-duration wind peaks and produces a non-negligible dis-
placement exceedance probability for the OpenSees tower model. In the stochastic storm example,
the central top-node demand decreases because many sampled tracks are less severe than the fixed
benchmark, but the upper response tail becomes substantially larger once storm-track, intensity,
curvature, and background-wind variables are sampled together with the TEFT realization. At
the illustrative 0.25 m displacement capacity, both 1000-sample experiments give the same ex-
ceedance estimate, while the stochastic storm ensemble retains nonzero exceedance probability at
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1000-sample TEFT wind-speed ensemble
Grey histories are TEFT samples; blue line is ensemble mean; blue band and dashed lines are mean +/- one standard deviation
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sampled coarse mean

reference coarse preview

threshold

time from storm start [h]

wind speed [m/s]

(a) Stochastic wind-speed ensemble.

1000-sample top-node response histories
Grey histories are OpenSees top-node displacements; blue line is mean; blue band and dashed lines are mean +/- one standard deviation
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0.4 wind threshold
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time from storm start [h]
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(b) Signed top-node displacement histories.

Figure 4. Wind input and structural response diagnostics for the 1000-sample stochastic tower run. The wind histo-
ries retain the threshold-triggered storm envelope, while the response histories show the signed OpenSees top-node
displacement before extracting maximum absolute demand for the reliability calculation.

REC 202610



Peak displacement profile over tower height
Monte Carlo statistics of maximum absolute displacement; node IDs are listed in the CSV data file
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(a) Node-wise peak displacement profile.

Capacity exceedance from TEFT-EPSD Monte Carlo demand
Top-node peak displacement demand compared with candidate displacement capacities
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(b) Capacity exceedance curve.

Figure 5. Structural reliability diagnostics for the stochastic tower run. Panel (a) reports Monte Carlo statistics over
height, while panel (b) reports the estimated exceedance probability as a function of displacement capacity. The
vertical marker indicates the 0.25 m capacity used for the main reliability estimate.

Decoupled TEFT-EPSD
Color shows log10 S(t,f); S(t,f) = envelope(t)^2 S_TEFT(f), units [(m/s)^2/Hz]
Adapted coarse trend 13.46-43.47 m/s; TEFT-EPSD envelope 0.48-1.55
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Figure 6. TEFT-EPSD heat map for the stochastic tower run. Color represents log10 S(t, f), illustrating how the
stationary TEFT spectrum is modulated by the storm-scale envelope during the active window.
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larger capacities. This redistribution of demand toward a rarer but more severe tail is the central
reliability-relevant effect observed so far.

The present results should be interpreted as proof-of-concept demonstration cases rather than
site-specific design values. The storm-variable ranges are bounded synthetic inputs, the displace-
ment capacity is illustrative, and the final rare-event calculations are still being extended. Never-
theless, the computed response statistics show that the modular TEFT–storm–OpenSees workflow
can produce traceable demand distributions, capacity-exceedance curves, and spectral diagnostics
from coarse wind histories in a practical manner.
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