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Abstract 

Improving the simulation efficiency of the spectral representation method (SRM) for non-
stationary fluctuating wind fields has attracted considerable attention. To this end, this 
study proposes a method based on proper orthogonal decomposition (POD) decoupling 
and Spline interpolation to enhance computational efficiency. This method selects a lim-
ited number of interpolation points in the time-frequency domain of the evolutionary 
power spectral density (EPSD) for Cholesky decomposition, utilizes the proper orthogo-
nal decomposition (POD) technique to achieve time-frequency decoupling of the spectral 
matrix, and employs Spline interpolation but not the traditional Hermite-interpolation to 
reconstruct the complete time-frequency functions, thereby enabling the rapid synthesis 
of wind-velocity time histories via the FFT. Then, the wind field on a three-span frame 
lightning-rod structure is taken as an example to validate the reliability of the proposed 
method. The influences of the modal order and the number of time-frequency interpola-
tion points on both simulation efficiency and error are investigated, and comparisons are 
given with the Hermite-interpolation-based method. The results indicate that the simula-
tion efficiency is governed primarily by the modal order, and the method with Spline in-
terpolation shows higher computational efficiency and accuracy because it can satisfy ac-
curacy requirements at a lower modal order. Finally, a rational truncation criterion based 
on the cumulative energy ratio of at least 99.9% is suggested to determine the optimal 
modal order, thereby achieving a balance between accuracy and computational efficiency. 

Keywords: spectral representation method; nonstationary fluctuating wind-field  
simulation; proper orthogonal decomposition; Spline interpolation; error analysis;  
efficiency analysis 
 

1. Introduction 
For a stationary wind field under a well-behaved wind environment, wind-velocity 

statistics such as the mean, variance, power spectral density (PSD) and coherence function 
are time-invariant [1,2]. However, extensive studies and field measurements have demon-
strated that, in peculiar wind environments such as typhoons [3,4], downbursts [5,6], and 
mountainous canyon winds [7,8], the above statistics and the coherence function exhibit 
pronounced time-varying characteristics. In other words, the wind velocity should be 
modeled as a nonstationary stochastic process, and the spectrum should be described in 
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terms of the evolutionary power spectral density (EPSD) rather than the conventional 
PSD. 

In engineering practice, the spectral representation method or harmonic synthesis 
method is commonly adopted, together with empirical wind spectra and coherence func-
tions, to generate stationary or nonstationary wind fields and to further evaluate struc-
tural wind-load effects [9–12]. The simulation of stationary wind fields has been well de-
veloped. For nonstationary wind fields, however, the simulation process is extremely 
time-consuming compared with the stationary case [13] because the EPSD is a coupled 
function of time and frequency. To improve the efficiency of nonstationary wind-field 
simulation, research has mainly advanced along the following two aspects [14] in the past 
decade. 

First, interpolation is used to reduce the number of Cholesky decompositions of the 
EPSD. This is an effective and generally applicable approach and its application has ex-
tended from frequency interpolation for stationary wind fields to time-frequency interpo-
lation for nonstationary wind fields [15–21]. The decomposed spectral matrix (hereafter 
referred to as the H matrix) could be reconstructed using time-frequency interpolation 
functions. 

Second, the H matrix is decoupled in the time-frequency domain to enable FFT-ac-
celerated harmonic superposition. Using FFT techniques to perform harmonic superposi-
tion for stationary wind-field simulation has become a mature and efficient scheme 
[22,23]. However, since the EPSD of a nonstationary wind field is a function of both time 
and frequency, FFT cannot be directly invoked. To address this issue, various techniques 
have been proposed, such as the orthogonal polynomial method [24], wavelet-based spec-
tral superposition [25], proper orthogonal decomposition (POD) [26], non-negative matrix 
factorization (NMF) [27,28], and as well other approaches [29]. These methods decouple 
the time-frequency coupled H matrix into a sum of products of independent time func-
tions and frequency functions, thereby allowing the FFT to be reintroduced for the fre-
quency-dependent functions. 

In addition, by combining the above two stages, some studies have further performed 
time-frequency decoupling of the H matrix and the interpolation-based reconstruction of 
the time and frequency functions after the interpolation-enhanced Cholesky decomposi-
tion [29,30]. In this case, the selections of the decoupling scheme and the interpolation 
function jointly determine the simulation accuracy and efficiency. For large-scale wind-
field simulation, it is necessary to investigate the influences of the decoupling scheme and 
the interpolation function on both the accuracy and efficiency. 

Based on a detailed review of existing fast simulation methods for nonstationary 
wind fields, this study proposes a nonstationary wind-field simulation method based on 
POD-based decoupling and Spline interpolation. Specifically, a limited number of inter-
polation points are first selected in both the time and frequency directions for the EPSD, 
at which Cholesky decompositions are performed. The resulting H matrix is then decou-
pled via POD to obtain independent time functions and frequency functions. Next, Spline 
interpolation is employed to reconstruct the full time-frequency functions, thereby ena-
bling FFT-based harmonic superposition for wind-field simulation. Finally, numerical ex-
amples and comparisons with existing methods are presented to validate the correctness 
of the proposed method and to demonstrate its superior computational efficiency. 

2. Theoretical Background 
In the simulation of a fluctuating wind field, the spatially continuous wind field 

should be discretized into multiple simulation points and represented as an m-dimen-
sional zero-mean stochastic process X(t) = [x1(t), x2(t), …, xm(t)]T, where xi(t) denotes the 
fluctuating wind-velocity time history at the ith point (i = 1, 2, …, m), and m is the number 
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of simulation points. For a nonstationary wind field, the cross-correlation function matrix 
of X(t) and the corresponding EPSD can be expressed by Equations (1) and (2), respec-
tively: 
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where t is the time variable, τ is the time lag, and Rjk(t, t + τ) denotes the auto-/cross-
correlation function between xj(t) and xk(t); ω is the circular frequency (rad/s); and Sjk(ω, t) 
denotes the auto-/cross-evolutionary power spectral density function between the jth and 
kth components, which can be evaluated by the following equation: 

jk jj kk jkω  t S ω  t S ω  t γ ω  t( , ) = ( , ) ( , ) ( , )S  (3)

where γjk(ω, t) is the spatial coherence function. It should be noted that Sjj(ω, t) and Skk(ω, 
t) are the auto-EPSDs which are determined by specific empirical spectral models (e.g., 
the Kaimal spectrum used in Section 4.1, given by Equations (30)–(32)). Equation (3) is 
essentially used to determine the off-diagonal terms in the EPSD matrix. A commonly 
adopted form is the Davenport coherence function, as given in Equations (4): 
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where a Cartesian coordinate system is adopted in which the x, y, and z axes represent the 
longitudinal (along-wind), lateral (across-wind), and vertical directions, respectively. Ac-
cordingly, Cx = 6, Cy = 16, and Cz = 10 are the longitudinal, lateral, and vertical decay coef-
ficients, respectively [31]; and jU z  t( , )   and kU z t( , )   denote the instantaneous mean 

wind velocities at points j and k at time t, respectively. 
The EPSD in Equation (2) can be subjected to the Cholesky decomposition as 

S H HTω  t ω  t ω  t*( , ) = ( , ) ( , )  (5)
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where H(ω, t) is a lower triangular matrix, and HT*(ω, t) denotes the complex conjugate 
transpose of H(ω, t). Its element Hjk(ω, t) can be written in the polar form as 

jkiθ ω  t
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where |·| denotes the modulus of a complex number; θjk(ω, t) is the phase angle of Hjk(ω, 
t); and Im[·] and Re[·] represent the imaginary and real parts of a complex number, re-
spectively. 

Accordingly, the fluctuating wind-velocity time history xj(t) at an arbitrary simula-
tion point j can be obtained by harmonic superposition as follows: 
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where Δω = ωu/N is the frequency increment, with ωu being the cut-off frequency and N 
the number of frequency components; ωl = lΔω (l = 1, 2, …, N) denotes the single-index 
angular frequency. Since a nonstationary process does not satisfy ergodicity, the single-
index frequency discretization is adopted [32]. In addition, φkl is a set of independent ran-
dom phase angles, which are uniformly distributed over [0, 2π]. 

For the cut-off frequency ωu, it should be determined according to two critical factors: 
the energy distribution of the target wind spectrum and the dynamic characteristics of the 
structure. On one hand, since the energy of natural wind is predominantly concentrated 
in the low-frequency range (generally below 0.5 Hz), the selected cut-off frequency must 
be sufficiently high to capture the majority of the fluctuation energy in the evolutionary 
power spectral density (EPSD) [33]. On the other hand, it is crucial to ensure that ωu covers 
the dominant natural frequencies of the target structure to correctly excite the resonant 
responses [13]. 

It should be noted that the above formulation is established for nonstationary sto-
chastic processes. If the nonstationary and time-varying characteristics of the wind field 
are neglected, Equations (1)–(8) degenerate into a time-invariant stationary stochastic pro-
cess, and the time-varying mean wind speed further reduces to a constant mean wind 
speed. 

3. Nonstationary Wind-Field Simulation Based on POD Decoupling 
and Spline Interpolation 
3.1. Selection of Interpolation Points 

Since the EPSD exhibits different variation characteristics along the time and fre-
quency directions, the selection of time-frequency interpolation points prior to the Chole-
sky decomposition should be treated differently in the two dimensions. According to 
Zhao and Jiang [30], a uniform distribution is suitable in the time direction (Equation (10)), 
whereas a non-uniform distribution is more appropriate in the frequency direction. More-
over, the adopted quartic polynomial can be tuned to meet the required distribution of 
frequency points (Equation (11)), providing higher adaptability. The same strategy is 
adopted here for selecting the time-frequency interpolation points. 

i t
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- 1
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r u ω
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where i t  and rω  denote the interpolation points in the time and frequency directions, 
respectively; T0 is the total simulation duration; Nt and Nω are the number of interpolation 
points in time and frequency, respectively, which should generally satisfy Nt << M and Nω 
<< N, where M and N are the total numbers of time and frequency points; ω1 and ωu are 
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the lower and upper bounds of the frequency range; and κ is an adjustable parameter 
controlling the degree of non-uniformity. 

After the time and frequency interpolation points t   and ω   are determined, the 
Cholesky decomposition of the EPSD is performed only at the selected interpolation 
points. The resulting H matrix is then decoupled via POD, and Spline interpolation is 
subsequently employed to reconstruct the full time and frequency functions, thereby en-
abling FFT-based harmonic superposition. The overall procedure is illustrated in Figure 
1, and the detailed decoupling and interpolation processes are presented in Section 3.2. 
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Figure 1. Schematic illustration of the decoupling, interpolation, and reconstruction procedure. 

3.2. POD Decoupling and Spline Interpolation 

Although various decoupling methods have been proposed for the H matrix, most 
of them [24–26] can be generally expressed in the following form: 

≈     
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where jk
qa t( )  is the qth order time function, and jk

qΦ ω( )  is the qth order frequency func-

tion; NR is the number of retained modes in the time and frequency directions. 
Tao et al. [29] compared several decoupling methods and concluded that, for the 

POD-based approach, an effective time-frequency decoupling can be achieved by retain-
ing only the eigenvectors associated with relatively high eigenvalue contributions, lead-
ing to a more concise and efficient procedure. Therefore, POD is also adopted in this study. 

To perform POD-based decoupling, the time-frequency function  jkH ω t( , )  needs to 

be arranged into a matrix form as 
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For each column vector of H jk
 , an optimal set of orthogonal basis vectors Φ (Equa-

tion (14)) is sought such that the projection of H jk
  onto this basis is maximized. This set 

of basis vectors can be obtained by performing an eigen-decomposition of the time-aver-
aged frequency correlation matrix R [26], as given in Equations (15) and (16): 

×Φ Φ Φ Φ
ω ωq N N ω  q  N1 2= [ , ,..., ] , = 1, 2,...,  (14)
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R H HT
jk jk
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where λq is the eigenvalue associated with the qth eigenvector Φq. It should be noted that 
some studies have further modified the above decoupling procedure by performing the 
decomposition only for the diagonal elements of the  jkH ω t( , )  matrix [21,34]. Although 

this can improve the decomposition efficiency, the mathematical and physical meanings 
of the resulting frequency functions are not clearly defined. Therefore, the standard POD-
based decoupling approach is still the final choice here. 

According to the orthogonality of the basis vectors, Equation (17) can be obtained, 
where a jk jk jk T

qq a t a t a t1 2= ( ), ( ),. ]..,[ ( )   ; Φ jk jk jk
q qΦ ω Φ ω Φ ω1 2= [ ( ), ( ),..., ( )]   . Since only a subset of 

eigenvectors corresponds to relatively large eigenvalues, the eigenvalues are reordered in 
descending order, and jk

H  (i.e.,  jkH ω t( , ) ) can be approximately reconstructed in a form 

similar to Equation (12), as expressed by Equation (18): 
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After jk
qa t( )  and jk

qΦ ω( )  in Equation (18) are determined, interpolation is required 

to reconstruct the complete time and frequency functions. The Hermite interpolation 
adopted by Zhao and Jiang [30] guarantees only the continuity of the first derivative. To 
reduce the interpolation error, a higher modal order NR is therefore required. By contrast, 
Spline interpolation ensures the continuity of the second derivative and generally yields 
smaller errors than Hermite interpolation. Hence, Spline interpolation is selected in this 
study to reconstruct both the time and frequency functions. The procedure is introduced 
below by taking jk

qa t( )  in the time direction as an example. 

Let the time-step size hi and the principal-coordinate increment ai be defined by Equa-
tions (19) and (20). Since, in Spline interpolation, the second derivative ′′S t( )  within the 
interval hi = [ti, ti+1] is linear, Equation (21) can be obtained. By integrating it twice and 
using the function values at the two endpoints of the interval, ai and ai+1, the piecewise 
polynomial expression over the interval can be derived, as given in Equation (22): 
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where ti is the ith time interpolation point; Mi is the second-derivative value at ti; and Si(t) 
denotes the Spline polynomial constructed over the ith interval. 
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Then, taking the first derivative of Equation (22) over the intervals [ti−1, ti] and [ti, ti+1], 
respectively, and enforcing the equality of the left and right first derivatives at t = ti, the 
system of equations governing the second derivatives at all interior nodes can be derived, 
as given in Equation (23). Meanwhile, according to the not-a-knot boundary condition, 
the continuity of the third derivative is required at the first and last interior nodes, as 
expressed in Equation (24). By combining Equations (23) and (24), the coefficients Mi in 
Equation (22) can be determined. Figure 2 presents a comparison between the piecewise 
functions obtained using Spline interpolation and Hermite interpolation, taking ten 
equally spaced time interpolation knots as an example. 
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Figure 2. Comparison between Spline interpolation and Hermite interpolation. 

As shown in Figure 2, owing to the not-a-knot boundary condition in Spline interpo-
lation, the first two segments and the last two segments are represented by the same pol-
ynomial. Here, the smoothness is quantitatively defined by the order of derivative conti-
nuity: the Spline method maintains C2 continuity (continuous second-order derivatives) 
across all nodes, resulting in a very smooth curve with minimized global curvature, espe-
cially when the number of data points is limited. In comparison, the Hermite curve is 
constructed locally over segments and maintains only C1 continuity [35], making it less 
smooth in the overall sense than the Spline interpolation. 

3.3. FFT-Based Harmonic Superposition 

After completing the decoupling and interpolation-based reconstruction described 
above, FFT can be employed to accelerate the harmonic superposition. The procedure is 
as follows: 

Substituting Equation (18) into Equation (9) yields Equation (25). For Equation (25), 
FFT can be invoked to accelerate the harmonic superposition. However, the time variable 
t needs to be discretized into equally spaced instants [Δt, 2Δt,…, MΔt] with M = 2N. Ac-
cordingly, Equation (25) can be rewritten as Equations (26) and (27): 
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where p = 0, 1, …, M − 1. 
To prevent frequency aliasing in the simulated fluctuating wind field, the time inter-

val Δt should also satisfy Equation (28) [32]: 

≤
u
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2 2 2Δ = =
2 2 Δ Δ
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In this study, Equation (28) is taken as an equality. Therefore, Equation (25) can be 
expressed in the following form: 
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4. Numerical Validation 
4.1. Nonstationary Fluctuating Wind-Field Simulation Results 

To validate the proposed non-stationary fluctuating wind field simulation method, 
this section conducts a simulation of the X-direction wind field for the three-span frame 
lightning-rod structure (Figure 3a) presented in Dong et al. [36]. The 105 wind-velocity 
simulation points adopted herein are plotted in Figure 3b (In the structural model, a global 
Cartesian coordinate system is defined relative to the structural geometry: the X-axis is 
perpendicular to the plane of the frames (corresponding to the along-wind direction), the 
Y-axis is parallel to the length direction of the girders (corresponding to the across-wind 
direction), and the Z-axis aligns with the vertical height of the towers). The simulation is 
implemented by programming in Matlab 2025a, and the computational environment is as 
follows: Intel (R) Core (TM) i5-14600KF CPU @ 3.50 GHz and 32 GB RAM. 
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Figure 3. Three-span frame lightning-rod structure [36]: (a) Structural configuration; (b) Layout of 
simulation points. 

In the simulation, the target spectrum in the along-wind direction adopts the evolu-
tionary spectrum S(ω, t) (Equations (30)–(32)) modulated from the Kaimal spectrum 
[37,38]. The time-varying mean wind speed is obtained by modulating the mean wind 
(Equations (33) and (34)), and the vertical variation of the mean wind speed follows the 
exponential wind profile (Equation (35)), as detailed below: 

Sω t Aω t Sω2( , ) =| ( , )| ( )  (30)

fωS ω =
πu f2 5/3

*

200( )
2 (1+ 50 )

 (31)

 
  
 
 
  





ωz
U z t πU zA ω t ωzU z

πU z, t

5/3

1+ 50
( , ) 2 ( )( , ) =
( ) 1+ 50

2 ( )

 (32)

U z t d t U z( , ) = ( ) ( )  (33)

≥β λtd t α t e    α  β   λ0 -
0 0 0( ) = , > 0, , 0  (34)

α
r

zU z U( ) = ( )
10

 (35)

where A(ω, t) is the modulation function, which is a coupled function of time and fre-
quency; S(ω) is the Kaimal spectrum; f = nz/U z( )  is the Monin coordinate; U z( )  is the 
mean wind speed; n = ω/2π is the fluctuating-wind frequency; *u  = KU z( ) /log(z/z0) is the 
friction velocity, with K = 0.4 being the von Karman constant; z is the height of the simu-
lation point above the ground; d(t) is the time-modulation function, and it can be shown 
from its derivative that it attains its maximum at tmax = β0/λ; U10 is the mean wind speed at 
z = 10 m, and U10 = 20 m/s is adopted in this study; z0 and α are the roughness length and 
terrain roughness exponent, respectively. For terrain category A, the Code for Wind-re-
sistant Design of Highway Bridges specifies (JTG/T 3360-01-2018) [39] α = 0.12, and z0 = 
0.01 can be adopted [40]. 

Other basic parameters used in the simulation are listed in Table 1. In this study, 
considering the flexibility of the three-span frame lightning-rod structure, its dominant 
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natural frequencies are relatively low, with the first and second lateral bending frequen-
cies being 0.75 Hz and 2.09 Hz [40], respectively. Consequently, ωu = 4π rad/s (i.e., 2.0 Hz) 
was selected, which is sufficient to cover both the significant wind energy range and the 
primary modal frequencies. Furthermore, this value corresponds to the time step Δt = 0.25 
s employed in the simulation (ωu = π/Δt), thereby satisfying the Nyquist–Shannon sam-
pling theorem to prevent frequency aliasing [41]. The selections of NR, Nt, and Nω will be 
further discussed in the next section. 

Table 1. Basic computational parameters. 

Parameters Value Parameters Value 
Cut-off frequency ωu = 4π Total simulation duration T0 = 600 s 

Number of frequency points N = 1200 Number of time points M = 2400 
Frequency increment Δω = ωu/N = 0.0105 rad/s Time step Δt = T0/M = 0.25 s 

Shape parameter β0 = 4 Peak time tmax = 300 s 
Modal order NR = 3 Peak value d(tmax) = 1 

Adjustable parameter κ = 0.8 Number of interpolation points Nt = 30 and Nω = 20 

The 10 min along-wind fluctuating wind-velocity time histories at Point 13, 26, 43, 
88, and 105 (Figure 3b) obtained from the present simulation are shown in Figure 4. In 
order to validate the effectiveness of the proposed method in simulating nonstationary 
fluctuating wind velocities, 2000 wind-speed samples are generated for Point 13 and Point 
43, respectively, and the sample-averaged EPSD and correlation functions are then ob-
tained accordingly (Equations (36) and (37)). 

 

Figure 4. Along-wind fluctuating wind-velocity time histories. 


N

r
jj jj

r
S ω  t S ω  t

N

samp

=1samp

1( , ) = ( , )  (36)


N

r r
jk j k

r
R t  t +τ E V t V t +τ

N

samp

=1samp

1( , ) = [ ( ) ( )]  (37)

where jjS ω, t(  )  and jkR t t τ( , + )  denote the sample-averaged EPSD and the auto-/cross-

correlation function, respectively; Nsamp is the number of samples; Sr 
jj(ω, t) is the EPSD of 

the rth wind-speed sample; and Vr 
j  and Vr 

k (t + τ) are the wind speeds at the jth and kth 
measurement points at time instants t and t + τ in the rth sample, respectively. 

Comparison with the target results (Figures 5 and 6) indicates that the resulting mean 
EPSD and autocorrelation functions agree well with the targets. Owing to the large dis-
tance between Point 13 and Point 43, the cross-correlation function between the two points 
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exhibits relatively large scatter, yet it still fluctuates around the target values. These results 
demonstrate that the proposed method has high fidelity and is capable of effectively sim-
ulating nonstationary fluctuating wind fields. 
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Figure 5. Comparison of EPSD slices: (a) Frequency domain; (b) Time domain. 
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Figure 6. Validation of correlation functions: (a) Autocorrelation at Point 13; (b) Cross-correlation 
between Point 13 and Point 43. 

To demonstrate the superiority of Spline interpolation, Hermite interpolation is also 
adopted for comparison. The coherence functions at t = 300 s obtained by the two interpo-
lation schemes are compared in Figure 7. As shown in Figure 7a, the maximum deviation 
of the coherence function for Point 43 and Point 88 from the Spline interpolation is less 
than 0.44%, whereas the Hermite interpolation reaches 2.61%. Similarly, in Figure 7b, the 
maximum deviations are 0.79% for Spline and 2.95% for Hermite for another group of 
points, indicating that the simulation method using Spline interpolation achieves higher 
accuracy than that using Hermite interpolation in reconstructing the time-frequency func-
tions. 
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Figure 7. Comparison of coherence functions at t = 300 s: (a) Point 43 and Point 88; (b) Point 43 and 
Point 105. 

4.2. Error and Efficiency Analysis 

It is clear that all errors in the simulation originate from the decoupling and interpo-
lation-based reconstruction of the H matrix. The level of error is evidently related to the 
number of time-frequency interpolation points Nt and Nω, as well as the retained modal 
order NR used in reconstruction. The influence of these parameters can be analyzed using 
the error function E(Nt, Nω, NR) [29]: 

 
 

u

u

T ω
jm jk jk

t ω R T ω
j k

jk0 0

H ω t - H ω t dωdt
E  N N  N

m m H ω t dωdt

0

0

0 0

=1 =1

( ) ( )2( ) =
( + 1

, ,
, ,

) ( ),
 

(38)

where Hjk(ω, t) and jkH ω t( ),  represent the elements of the target and reconstructed lower 

triangular matrices obtained from the Cholesky decomposition, respectively. Consistent 
with the definition in Equations (1) and (2), m denotes the total number of simulation 
points, while j and k serve as the row and column indices, respectively. 

For the above numerical example, with NR = 3, the simulation errors corresponding 
to different numbers of time-frequency interpolation points are shown in Figure 8. When 
Nt = 30 and Nω = 20, the error E is only 2.13 × 10−3, which fully satisfies the computational 
requirement. Compared with performing the Cholesky decomposition on the full time-
frequency matrix (N = 1200, M = 2400), or without truncating the modal order (Nmax 

R  = Nω 
= 20), the computational costs of decomposition and decoupling are reduced by approxi-
mately 99.98% and 85.00%, respectively, leading to a significant improvement in simula-
tion efficiency. 

 

Figure 8. Influence of the number of time-frequency interpolation points on simulation accuracy. 
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Two additional groups of time-frequency interpolation points are further selected for 
error comparison (Group 1: Nt = 15 and Nω = 10; Group 2: Nt = 30 and Nω = 20), and Hermite 
interpolation is again included as a benchmark. The results are presented in Figure 9. It is 
evident that, for a fixed group number of time-frequency interpolation points Nt and Nω, 
Spline interpolation produces smaller errors than Hermite interpolation for all considered 
NR. This advantage is particularly pronounced for Group 2: the error of the proposed 
method with NR = 2 is close to that obtained using Hermite interpolation with NR = 5, and 
with NR = 3 the former becomes much smaller than the latter even at NR = 5, providing a 
direct demonstration of the accuracy advantage of Spline interpolation. 

In terms of computational efficiency, it can be deduced from Equations (12) and (25) 
that the number of interpolation and FFT operations required by the two methods are m(m 
+ 1)NR and m(m + 1)NR/2, respectively. Therefore, reducing NR from 5 to 2 or 3 decreases 
the computational effort associated with interpolation and FFT by approximately 60% and 
40%, respectively. The detailed runtimes of each step are listed in Table 2. Moreover, for 
fixed Nt and Nω, even if the number of simulation points increases from 105 in this example 
to 500, the relative efficiency resulting from the reduced NR remains unchanged. This in-
dicates that the proposed method is more advantageous for large-scale wind-field simu-
lations. 

1 2 3 4 5

E

NR

            Group1  Group2
Hermite    
 Spline     

10−1

10−2

10−3

100

 

Figure 9. Comparison of simulation errors obtained by the two interpolation methods. 

Table 2. Comparison of simulation time for different NR values (unit: s). 

Procedure NR = 2 NR = 3 NR = 5 Time Ratio 
Cholesky decomposition 0.22 0.22 0.22 1:1:1 

Interpolation + decoupling 0.66 0.87 1.32 1:1.32:2.00 
FFT 0.43 0.63 1.26 1:1.47:2.93 

Total 1.31 1.72 2.80 1:1.31:2.14 
Note: The values in the ‘Time ratio’ column represent the computational time of each case normal-
ized by the time of the first case (the leftmost data column). 

To further investigate the effects of Nt, Nω, and NR on simulation efficiency, an error 
threshold of E = 1.2% is adopted. Using Spline interpolation, the minimum required Nt 
and Nω are determined for four cases with NR = 2~5, while keeping Nt/Nω = 1.5. The results 
are summarized in Table 3, where the step-by-step runtimes and the corresponding sim-
ulation errors are also provided. 
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Table 3. Comparison of runtime and error under different cases. 

Parameters NR = 2 
Nt = 30, Nω = 20 

NR = 3 
Nt = 21, Nω = 14 

NR = 4 
Nt = 20, Nω = 13 

NR = 5 
Nt = 18, Nω = 12 Time Ratio 

Cholesky 
decomposition (s) 0.22 0.12 0.09 0.07 1:0.55:0.41:0.32 

Interpolation +  
decoupling (s) 0.66 0.70 0.83 1.00 1:1.01:1.20:1.45 

FFT (s) 0.43 0.67 1.08 1.20 1:1.56:2.51:2.79 
Total (s) 1.31 1.49 2.00 2.27 1:1.11:1.49:1.69 

Simulation error E (%) 1.13 1.04 1.11 1.17 --- 

As shown in Table 3, although the simulation errors in all four cases are approxi-
mately 1.2%, the case with NR = 2 yields the shortest total runtime. With increasing NR, 
even though Nt and Nω gradually decrease, the total runtime still increases. This suggests 
that, under a fixed error level, NR has a greater impact on the total runtime than Nt and 
Nω. The reason is that the number of interpolation and FFT operations are directly pro-
portional to NR, and these two parts dominate the computational cost, whereas Nt and Nω 
affect only the number of decompositions, whose cost is relatively small. Therefore, for 
large-scale wind-field simulations, reducing the modal order benefits more than reducing 
the number of time-frequency interpolation points in improving efficiency. This also high-
lights the importance of selecting an appropriate interpolation function, which allows a 
smaller NR to be used while maintaining accuracy and thus enhances computational effi-
ciency. 

As shown in Figure 9, for the present example, the simulation error is close to 1.2% 
when NR = 2 and becomes negligible for NR = 3~5. To guide a rational choice of NR, the 
average energy ratios of the first five modes of the temporal-averaged frequency correla-
tion matrix R are listed in Table 4, taking Group 2, i.e., Nt = 30 and Nω = 20, as an example. 
It can be seen that when NR = 1 the energy ratio already reaches 99.06%, indicating that 
almost all the energy of the correlation matrix R is concentrated in the first eigenmode. 
When NR = 2, the cumulative energy exceeds 99.99%, and the energy in the higher modes 
could be neglected totally. Therefore, considering both accuracy and efficiency, NR = 2 is 
recommended as the truncation order for this example, because the cumulative energy 
ratio of the modes of the correlation matrix R is at a high level (> 99.9%) while avoiding 
the additional computational cost induced by retaining excessive modes. 

Table 4. Average energy ratios of the correlation matrix R for different NR values. 

Modal Order NR Average Energy Ratio (%) 
1 99.06 
2 0.93 
3 4.11 × 10−3 
4 2.21 × 10−5 
5 1.33 × 10−7 

5. Conclusions 
This study proposes a nonstationary wind-field simulation method based on POD 

decoupling and spline interpolation, which is applied to a three-span frame lightning-rod 
structure for validation. The influences of the parameters NR, Nt, and Nω on simulation 
error and efficiency are investigated comparatively with the Hermite-interpolation-based 
method. The results demonstrate the high efficiency and high fidelity of the proposed 
method. The main conclusions are as follows: 
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(1) For the nonstationary fluctuating wind field simulated by the proposed method, the 
sample-averaged EPSD, correlation functions, and coherence functions show excel-
lent agreement with the target values, verifying the effectiveness of the proposed 
method. 

(2) Compared with the Hermite-interpolation-based method, the proposed method 
achieves a pronounced improvement in computational efficiency. For the present ex-
ample, using Spline interpolation with NR = 2 attains an accuracy quite close to that 
achieved by Hermite interpolation with NR = 5. The reduced NR results in fewer POD-
decoupling and FFT computations. 

(3) The number of POD-decoupling and FFT operations are directly related to NR, and 
these two parts account for a larger portion of the total runtime than the other steps. 
Therefore, under the same error threshold, NR has a greater impact on simulation 
efficiency than Nt and Nω. A rational choice of NR can be determined based on the 
cumulative energy ratio of the temporal-averaged frequency correlation matrix R, 
and it is recommended that the cumulative energy ratio reaches 99.9% to achieve a 
balance between accuracy and computational efficiency. 

It should be noted that the time-varying mean wind employed in this study is artifi-
cially specified. Under this specific wind pattern, the Spline interpolation demonstrates 
superior simulation performance compared to the Hermite interpolation. Comparative 
analyses were also conducted using measured time-varying mean wind. It was observed 
that, due to the less pronounced time-varying characteristics of the measured wind com-
pared to the artificially specified one, the advantage of Spline interpolation—while still 
observable—was less distinct. Consequently, the artificially specified time-varying mean 
wind was adopted in this study to better demonstrate the superiority of the Spline inter-
polation method. 

Furthermore, future work will focus on the following aspects: First, the calculation 
of structural dynamic responses under non-stationary wind fields will be performed to 
analyze their characteristics, including displacement responses, internal forces, and time-
frequency energy distributions. More importantly, the significant differences in dynamic 
response features between stationary and non-stationary wind excitations will be investi-
gated. 
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