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Abstract: Simulation of stationary non-Gaussian stochastic processes with prescribed 

marginal distributions and second-order dependence structures is important in wind 

engineering and random vibration analysis. This study proposes a new power-spectrum-

based simulation method to jointly represent the marginal distribution and dependence 

structure. A distribution process is introduced as an intermediate representation, and the 

distribution correlation of the target non-Gaussian process is transformed into the Pearson 

correlation of the underlying Gaussian process within the Gaussian copula framework. The 

corresponding power spectrum is further defined to describe the frequency-domain 

dependence structure. Based on this formulation, a standard procedure and a simplified 

procedure are developed. The standard procedure retains the complete correlation 

transformation, whereas the simplified procedure uses a linear approximation to reduce 

computational complexity. Numerical examples of single-point non-Gaussian processes and 

a two-dimensional multi-point inflow wind field show that the proposed method can 

reproduce the target marginal distributions, power spectral densities, cross-power spectra, 

and coherence structures. The standard procedure is more stable for multi-point dependence, 

while the simplified procedure provides an efficient approximation for rapid simulation and 

large-scale parametric analysis. 

1. Introduction 

The simulation of stationary stochastic processes is a fundamental issue in structural wind 

engineering, random vibration, and reliability analysis. For Gaussian stochastic processes, the 

statistical characteristics can be fully described by the mean, variance, correlation function, or power 

spectral density. Therefore, the spectral representation method based on prescribed correlation 

functions or power spectral densities has been well developed and widely applied to one-dimensional 

processes, multivariate processes, and spatial random fields[1–10]. However, practical engineering 

loads and structural responses are often not strictly Gaussian. Wind pressures, fluctuating wind 

velocities, and nonlinear structural responses may exhibit skewness, heavy tails, or sharp peaks, 

making conventional Gaussian models insufficient for simultaneously representing marginal 

distributions and dependence structures. 

Journal of Civil Engineering and Urban Planning (2026) 
Clausius Scientific Press, Canada

DOI: 10.23977/jceup.2026.080206 
ISSN 2616-3969 Vol. 8 Num. 2

46



Existing methods for simulating non-Gaussian stochastic processes are mostly based on the 

translation-process framework. In this framework, an underlying Gaussian process is first generated 

and then transformed into the target non-Gaussian process through a memoryless nonlinear 

mapping[11–18]. Hermite polynomial models, Johnson transformations, Gamma-distribution-based 

transformations, and kernel-density-based transformations are typical examples of this type of 

method. The translation-process method is attractive because of its clear formulation, convenient 

implementation, and ability to control the target marginal distribution. It has therefore been widely 

used in non-Gaussian wind load simulation, fatigue analysis, extreme value estimation, and reliability 

assessment[13–19]. 

However, the main challenge of the translation-process method lies in preserving the second-order 

dependence structure. A nonlinear marginal transformation usually changes the correlation function 

and power spectral density of the underlying Gaussian process. As a result, the target marginal 

distribution and the target second-order structure are difficult to satisfy at the same time. To reduce 

this discrepancy, correlation-function inversion, spectral correction, iterative updating, and higher-

order spectral methods have been proposed[20–31]. These methods improve the simulation accuracy of 

non-Gaussian processes to some extent, but they usually require complicated integrations, numerical 

iterations, or spectral corrections. In multi-point simulations, the resulting underlying Gaussian cross-

spectral matrix may also become unrealizable. Therefore, a more direct way to coordinate non-

Gaussian marginal distributions and second-order dependence structures is still needed. 

Copula theory provides another perspective for this problem. According to Sklar’s theorem, a 

multivariate joint distribution can be decomposed into marginal distributions and a copula-based 

dependence structure, which provides a theoretical basis for modeling non-Gaussian dependence[32–

38]. Unlike Pearson’s linear correlation, Spearman correlation equivalent to measure correlation 

between distributions mainly measures monotonic correlation and remains invariant under strictly 

increasing transformations[39–41]. This property makes distribution correlation a suitable intermediate 

dependence measure between non-Gaussian variables and underlying Gaussian variables. Existing 

copula and distribution-correlation methods have mainly been developed for finite-dimensional 

random variables. For stationary stochastic processes, however, distribution correlation has rarely 

been incorporated into a frequency-domain simulation framework for stationary non-Gaussian 

stochastic processes. 

To address this issue, this study proposes a simulation method for stationary non-Gaussian 

stochastic processes based on distribution transformation. Within the Gaussian copula framework, a 

closed-form mapping is first established between the distribution correlation of the target non-

Gaussian process and the Pearson correlation of the underlying Gaussian process. Then, a 

standardized distribution transformation process is constructed, and the power spectrum 

corresponding to the distribution-correlation function is defined. In this way, the distribution-based 

dependence structure is extended from the time domain to the frequency domain. Based on this 

formulation, both a standard simulation procedure and a simplified simulation procedure are 

developed. Single-point benchmark examples and a two-dimensional multi-point inflow wind field 

example are used to verify the capability of the proposed method to preserve both marginal 

distributions and second-order dependence structures. 

2. Distribution Transformation 

2.1 Second-Order Probabilistic Characteristic Transformation Problem 

Let 
1 2( ) [ ( ), ( ),..., ( )]T

nt X t X t X tX  denote an n-dimensional stationary non-Gaussian stochastic 

vector process. In the translation-process method, an underlying standard Gaussian stochastic vector 
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process 
1 2U ,U , ,( ) [ ( ) ( ) (U )]T

nt t t t U  is constructed, and the target non-Gaussian process is then 

obtained through marginal distribution transformation: 

( ) ( ( )) 1,2,...,i i iX t T U t           i n                 (1) 

where ( )iT   is the nonlinear transformation function determined by the target marginal 

distribution. Since ( )iT   is nonlinear, the correlation function of the target non-Gaussian process is 

not identical to that of the underlying Gaussian process. For an arbitrary time lag  , the two are 

related by 

,

1 2 1 2 , 1 2

( ) [ ( ( )) ( ( ))]

( ) ( ) ( , ; ( ))

X ij i i j j

i j U ij

R E T U t T U t

T u T u u u du du

 

  
 

 

 

  
                  (2) 

This equation shows that the correlation function of the target non-Gaussian process and that of 

the underlying Gaussian process are connected through a nonlinear mapping governed by the 

marginal distribution. When the target correlation function or power spectral density is prescribed, 

the corresponding underlying Gaussian correlation structure usually has to be obtained through 

numerical integration and inverse solution. In multi-point stochastic process simulation, this 

procedure is also constrained by the realizability of the spectral matrix. 

2.2 Empirical Distribution Process and Distribution-Correlation Transformation 

For the i-th component ( )iX t  of the n dimensional stationary non-Gaussian stochastic vector 

process ( )tX , samples are taken at equal time intervals mt m t  : 

, ( ) 1,2,...,i m i mx X t           m= M               (3) 

The sequence is sorted in ascending order, and the order of 
,i mx  in the sample set is denoted by 

,i mr . The empirical distribution process is then constructed as 

,

, ( )
1

i m

i M m

r
D t

M



                  (4) 

For a finite sample, the distribution process can be interpreted as the empirical cumulative 

distribution function of the sample. As the sample size increases, it gradually approaches the true 

cumulative distribution function. 

For two components ( )iX t  and ( )jX t  , the distribution correlation can be defined as the 

Pearson correlation coefficient between the corresponding distribution variables. Since 

( ) ~ (0,1)iD t U , its mean and variance are 1/2 and 1/12, respectively. Then 

( ) 12 ( ( ) ( )) 3D

ij i jE D t D t                    (5) 

Within the Gaussian copula framework, let 
Pearson

,U ij  be the Pearson correlation function of the 

underlying standard Gaussian process ( )tU . In the large-sample limit, 

( ) ( ( )) Φ(U (t))i i i iD t F X t                  (6) 
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where ( )iF   is the marginal distribution function of the i-th component, and Φ( )  is the standard 

Gaussian cumulative distribution function. Based on Plackett’s identity and further derivation, Eq. (5) 

can be written as 

Pearson

, ( )6
( ) arcsin( )

2

U ijD

ij

 
 


                   (7) 

The inverse transformation is then 

Pearson

, ( ) 2sin( ( ))
6

D

U ij ij


                      (8) 

This equation establishes a closed-form transformation between the distribution correlation 

function of the target non-Gaussian process and the Pearson correlation function of the underlying 

Gaussian process. Compared with the inverse double integration used in the traditional translation 

method, the distribution-correlation transformation is more direct and concise. 

2.3 Construction of Distribution Transformation 

Let 
1 2( ) [ ( ), ( ),..., ( )]T

nt X t X t X tX  be a stationary non-Gaussian stochastic vector process. Since 

the process is stationary, the marginal distribution of the i-th component is independent of time and 

is denoted by 

( ) { ( ) }i iF x P X t x                     (9) 

When ( )iF x  is continuous, the distribution process can be defined as 

( ) ( ( ))          ( ) ~ (0,1)i i i iD t F X t D t U              (10) 

Thus, the distribution transformation can be regarded as a quantile mapping induced by the 

marginal distribution function, and finite-sample sorting is its empirical implementation. According 

to copula theory, monotonic transformations do not change the copula dependence structure. Since 

the distribution transformation is a sorting or quantile-mapping transformation, it is also a monotonic 

transformation. 

The distribution transformation also preserves the stationarity of the original process. If ( )tX  is a 

stationary stochastic process, its arbitrary finite-dimensional joint distribution remains unchanged 

under time translation. Since the distribution transformation applies a deterministic marginal 

transformation to each component, the finite-dimensional joint distributions of the distribution 

process 
1 2( ) [ ( ), ( ),..., ( )]T

nt D t D t D tD  also remain unchanged under time translation. Therefore, 

( )tD  preserves the stationarity of the original process. For second-order analysis, the joint 

distribution of [ ( ) ( )]i jD t D t   depends only on the time lag  . 

For further normalization, the distribution process is standardized to have zero mean and unit 

standard deviation: 

( ) 12( ( ) 0.5)i iD t D t                    (11) 

The distribution correlation coefficient function after standardization is identical to that before 

standardization and can be written as 

D
j( ) ( ( ) ( ))iij E D t D t                      (12) 
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This function is the covariance function of the standardized distribution process. For arbitrary 

finite time points 1 2, ,... mt t t , arbitrary components , 1, 2,....i j n , and arbitrary real coefficients 
,i pa  

D

, , ,

1 1 1 1 1 1

( ) ( ( )) 0
m m n n m n

ii p j q ij q p i p p

p q i j p i

a a t t Var a D t
     

                (13) 

Therefore, the distribution correlation coefficient matrix 
D ( )ρ  is positive semi-definite. To 

obtain a covariance-equivalent representation, the distribution correlation function can be scaled by 

the standard deviations of the original process. 

D( ) ( )D

ij i j ijR                        (14) 

Under stationarity, the distribution correlation coefficient function depends only on the time lag 

 . The corresponding power spectrum can then be constructed in analogy with the Wiener–Khinchin 

relationship between the Pearson power spectrum and the Pearson correlation function: 

1
( ) ( )

2

D D ie d  





 R S                  (15) 

( ) ( )D D ie d  





 S R                    (16) 

The distribution power spectrum is the power spectrum of the standardized distribution process 

( )tD  after scaling by the standard deviations. The conventional Pearson power spectrum 

characterizes the linear second-order structure of the original amplitude process, whereas the 

distribution power spectrum characterizes the frequency-domain distribution of the monotonic 

dependence structure. Through the distribution transformation, the influence of the marginal 

distribution form on the second-order dependence structure is effectively weakened. 

3. Simulation procedure for non-Gaussian stochastic processes based on distribution 

transformation 

This section presents the simulation procedure for stationary non-Gaussian stochastic processes 

based on distribution transformation. The objective is to generate an n -variate stationary non-

Gaussian stochastic process 
1 2( ) [ ( ), ( ),..., ( )]T

nt X t X t X tX  with prescribed marginal distributions 

Fi(x) and target second-order dependence structure. Based on the distribution transformation 

established above, both the standard procedure and the simplified procedure are introduced. Their 

applicable conditions are also discussed. 

3.1 Standard simulation procedure 

The standard simulation procedure based on distribution correlation is shown. The distribution 

structure of the target non-Gaussian process is used as an intermediate representation. The target 

distribution power spectrum, distribution correlation function, and underlying Gaussian correlation 

function are connected to construct the underlying Gaussian power spectral matrix. The target non-

Gaussian process is then obtained through spectral representation and marginal transformation. 

The standard procedure includes the following steps: 

(1) Extract the target distribution vector process Rσ(t) from the target non-Gaussian process 

X0(t). 

(2) Estimate the target distribution power spectral matrix S
D

(ω). 
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(3) Obtain the distribution correlation matrix RD(τ) from S
D(ω)  through inverse Fourier 

transform. 

(4) Transform the distribution correlation matrix RD(τ) into the underlying Gaussian correlation 

matrix RU(τ) using the normalized element-wise distribution transformation. 

(5) Transform RU(τ) into the underlying Gaussian power spectral matrix SU(ω) through Fourier 

transform. 

(6) Generate the underlying Gaussian process U(t) with the target correlation structure based on 

spectral representation. 

(7) Apply the marginal transformation ( ) ( ( ))t tX T U  to obtain the target non-Gaussian process 

X(t), which has the prescribed marginal distributions and second-order dependence structure of X0(t). 

The standard procedure retains the nonlinear closed-form transformation between the distribution 

correlation and the underlying Gaussian correlation. It is suitable for multivariate stochastic process 

simulation when the dependence structure is relatively complex or when high accuracy is required. 

However, the procedure involves repeated transformations between the frequency domain and the 

time domain. It also requires matrix-valued operations, spectral estimation, frequency discretization, 

and spectral truncation. These steps may increase the computational complexity in large-scale 

simulations. 

3.2 Simplified simulation procedure 

The standard procedure requires multiple transformations among the distribution power spectrum, 

distribution correlation function, underlying Gaussian correlation function, and underlying Gaussian 

power spectrum. To reduce the implementation complexity, the closed-form transformation between 

distribution correlation and the underlying Gaussian Pearson correlation can be approximated by a 

linear relation. 

According to the previous derivation, the distribution correlation and the underlying Gaussian 

Pearson correlation satisfy 

Pearson D

, ( ) 2sin( ( ))
6

U ij ij


                   (17) 

Within the small-correlation range commonly encountered in engineering applications, this 

relation can be approximated as 

𝜌𝑈,𝑖𝑗
Person(𝜏) ≈

𝜋

3
𝜌𝑖𝑗

D(𝜏)                   (18) 

Accordingly, the distribution power spectral matrix and the underlying Gaussian power spectral 

matrix can be approximately related by 

( ) ( )
3

D

U


 S S                 (19) 

Figure 1 compares the standard transformation and the simplified transformation. The two curves 

agree well over the interval [-1,1], and they are nearly identical in the small-correlation range. The 

approximation error increases as the distribution correlation becomes larger. Therefore, the simplified 

distribution transformation should be regarded as an engineering approximation rather than a strictly 

equivalent transformation. 
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Figure 1. Comparison between the standard and simplified distribution transformations 

The simplified procedure includes the following steps: 

(1) Extract the target distribution vector process Dσ(t) from the target non-Gaussian process 

X0(t). 

(2) Estimate the target distribution power spectral matrix S
D

(ω). 

(3) Obtain the underlying Gaussian power spectral matrix SU(ω) directly from S
D

(ω) using the 

simplified transformation 

(4) Generate the underlying Gaussian process U(t) with the target correlation structure based on 

spectral representation. 

(5) Apply the marginal transformation X(t)=T[U(t)] to obtain the target non-Gaussian process 

X(t). 

Compared with the standard procedure, the simplified procedure has a shorter computational path 

and avoids repeated transformations between correlation functions and power spectral matrices. It is 

therefore more suitable for cases with relatively low correlation levels, fast simulation demands, or 

large-scale parametric analyses. 

3.3 Applicability and implementation conditions 

The proposed simulation method is based on the distribution process, distribution correlation, and 

distribution transformation. Its use requires the following theoretical and numerical conditions: 

(1) Stationarity requirement. The definition of the distribution power spectrum requires the 

distribution correlation function to depend mainly on the time lag τ, rather than on the absolute time. 

Therefore, the method is applicable to stationary or approximately stationary non-Gaussian stochastic 

processes. If the target process contains obvious mean drift, variance modulation, abrupt regime 

changes, or time-varying frequency components, detrending, segmentation, or application within 

approximately stationary windows is required. 

(2) Gaussian assumption. The method uses distribution correlation to describe monotonic 

dependence and converts it into the underlying Gaussian correlation structure through a closed-form 

relation under the Gaussian copula. Therefore, it is more suitable for non-Gaussian processes whose 

dependence structure can be reasonably approximated by a Gaussian copula. If the process shows 

significant tail dependence, asymmetric dependence, or strong non-monotonic coupling, distribution 

correlation alone may be insufficient to fully characterize the dependence structure. 

(3) Realizability of the spectral matrix. The distribution power spectral matrix is usually estimated 

from finite samples. The estimate is affected by the record length, window function, overlap ratio, 

frequency resolution, and finite-precision ordering. In multivariate cases, estimation errors may cause 

the spectral matrix at some frequency points to deviate from Hermitian symmetry or positive semi-

definiteness. Such deviations may affect spectral matrix decomposition and stochastic process 
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simulation. In engineering implementation, spectral smoothing, frequency-band truncation, 

Hermitian symmetrization, and negative-eigenvalue truncation can be used to improve the 

decomposability of the spectral matrix. 

4. Numerical Examples 

4.1 Single-Point Non-Gaussian Stochastic Process Example 

Table 1 Parameters of five typical marginal distributions  

Distribution Parameter Mean Std Skewness Kurtosis 

Normal  0 1.00 0 3.00 

Lognormal 
L

L

0

0.35








 0 1.00 1.13 5.35 

Weibull 
2.00

1.00

k






 0 1.00 0.63 3.25 

Gamma 
3.00

1.00








 0 1.00 1.15 5 

Laplace 0.71b   0 1.00 0 6 

This example considers five typical marginal distributions: normal, lognormal, Weibull, Gamma, 

and Laplace distributions. These distributions are used to represent typical non-Gaussian cases, 

including symmetric, right-skewed, and heavy-tailed distributions. For comparison among different 

distributions, all target processes are linearly standardized with zero mean and unit standard deviation. 

The parameters and first four statistical moments of the target marginal distributions are listed in 

Table 1. The target second-order structure is described by a normalized Kaimal-type one-sided power 

spectrum. The sampling frequency is f
s
=10Hz, and the total duration is 3600 s. The Welch method is 

used for spectral estimation, with a Hann window, a 50% overlap ratio, and 8192 FFT points. For 

each distribution, a non-Gaussian stochastic process with the target marginal distribution and target 

power spectrum is first generated as the target process. Its distribution power spectrum is then 

estimated. The standard and simplified procedures are further used to generate simulated processes. 

Since only one sample path is generated for each distribution, this example focuses on the statistical 

reproduction of the marginal distribution and frequency-domain structure, rather than point-by-point 

agreement between time histories. 

The distribution process and its distribution power spectrum are then estimated. The standard and 

simplified procedures are further applied to generate simulated processes. After the latent Gaussian 

process is generated, the same marginal mapping is used in both procedures to obtain the target non-

Gaussian simulated process. Figure 2 shows the PDF comparison among the target process, the 

standard procedure, and the simplified procedure for the five marginal distributions. Overall, the three 

curves show good agreement in the main distribution region, indicating that both procedures can 

recover the target marginal distribution well. For the Laplace distribution, slight deviations appear 

near the peak and tail regions because of its sharper peak and heavier tail. Nevertheless, the overall 

distribution shape is still preserved. 

Figure 3 shows the power spectral density comparison among the target process and the two 

simulated processes for the five marginal distributions. The three curves show similar spectral shapes 

and decay trends in the dominant energy frequency range, indicating that the target second-order 

frequency-domain structure is effectively reproduced. The local fluctuations in the high-frequency 

range are mainly related to finite-sample spectral estimation based on a single sample path. 
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(a) Normal        (b) Lognormal 

  
 (c) Weibull        (d) Gamma 

 
(e) Laplace 

Figure 2: PDF comparison under five typical marginal distributions 

  
(a) Normal        (b) Lognormal 
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 (c) Weibull         (d) Gamma 

 
 (e) Laplace 

Figure 3: PSD comparison under five typical marginal distributions 

To further quantify the reproduction of marginal distributions, the K-S distance is used to evaluate 

the maximum deviation between the empirical distribution functions of the target and simulated 

processes. It is defined as 

sup ( ) ( )KS X YD F x F x                     (20) 

where FX(x) and FY(x) are the empirical distribution functions of the target process and the 

simulated process, respectively. The log-spectral error is also used to evaluate the difference between 

the target spectrum and the simulated spectrum: 

2

log 10 1 10 2

1
[log ( ) log ( )]

k

k k

f

S f S f
K




 
B

              (21) 

where B is the evaluation frequency band, K is the number of frequency points in this band, and 

S1(f
k
) and S2(f

k
) are the two power spectra to be compared.  

Table 2: Comparison of simulation error parameters for the two procedures 

Distribution 
Standard procedure Simplified procedure 

KSD  log  
KSD  log  

Normal 0.008 0.127 0.024 0.146 

Lognormal 0.016 0.149 0.016 0.139 

Weibull 0.010 0.149 0.011 0.143 

Gamma 0.009 0.142 0.017 0.136 

Laplace 0.050 0.158 0.051 0.177 
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Table 2 summarizes the main error indices for the single-point example. Except for the Laplace 

case, the K-S distances remain below 0.02 for both procedures. The larger K-S distance for the 

Laplace distribution is mainly caused by the higher sensitivity of its sharp peak and heavy tail to 

finite-sample errors. The log-spectral errors of the two procedures are of the same order of magnitude, 

indicating that the simplified procedure does not significantly weaken the reproduction capability for 

the main frequency-domain structure, although it adopts a linear approximation. 

4.2 Two-Dimensional Multi-Point Inflow Wind Field Example 

To further verify the applicability of the proposed method to multi-point stochastic process 

simulation, a two-dimensional cross-sectional stationary non-Gaussian inflow wind field is 

constructed. This example does not repeat the discussion on the recovery of single-point marginal 

distributions and auto-power spectra. Instead, it focuses on the preservation of cross-power spectra 

and frequency-domain coherence structures under multi-point conditions. 

The two-dimensional inflow section adopts a 7×7regular grid with 49 measurement points, as 

shown in Figure 4. The central point is denoted as (0, 0), with a height of 90 m. The horizontal and 

vertical spacings between adjacent points are both 20 m. Thus, the seven height levels are 30, 50, 70, 

90, 110, 130, and 150 m. A 1 h wind speed process is generated at each measurement point, with a 

sampling frequency of 10 Hz. The whole wind field sample can therefore be regarded as a 49-

dimensional stationary non-Gaussian random vector process. 

   
(a) Layout of measurement points  (b) Inflow wind field schematic 

Figure 4: Schematic of the inflow wind field and measurement point layout 

The target marginal distribution at each height level is described by the Johnson SUdistribution to 

represent mild right-skewness and peak-heavy-tail characteristics of wind speed fluctuations. The 

target mean is determined by the standard wind speed profile, and the standard deviation varies with 

height. The target marginal statistical parameters at the seven height levels are listed in Table 3. 

Table 3: Target marginal statistical characteristics of the seven height level  

Height H(m) Mean(m/s) Std(m/s) Skewness Kurtosis 

30 23.84 3.57 0.284 4.360 

50 25.87 3.88 0.263 4.057 

70 27.30 4.09 0.272 4.069 

90 28.42 4.26 0.214 3.959 

110 29.35 4.40 0.189 4.158 

130 30.14 4.52 0.207 3.862 

150 30.84 4.62 0.185 3.863 
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The target second-order structure is determined jointly by the single-point auto-power spectrum 

and the point-to-point coherence function. The auto-power spectrum at each point is described by the 

Kaimal spectrum, and the spatial coherence between measurement points is described by the 

Davenport exponential coherence model: 

( ) ( )exp
ij

ij
ij

fd
f C

U
                              (22) 

where dij is the spatial distance between two measurement points, Ūij is the average mean wind 

speed of the two points, and C is the coherence decay coefficient. The cross-power spectrum between 

any two measurement points is then constructed as 

( ) ( ) ( ) ( )ij ij ii jjS f f S f S f                       (23) 

In this way, the target power spectral matrix of the 49-point two-dimensional inflow wind field is 

obtained. After the target process is generated, the standard and simplified procedures are applied for 

simulation. The preservation of the multi-point spatial correlation structure is then evaluated from the 

cross-power spectrum and coherence matrix. 

Figure 5 shows the cross-power spectrum comparison for six representative measurement point 

pairs. The cross-power spectrum reflects the frequency-domain spatial correlation between different 

measurement points. It can therefore be used to examine the reproduction of the spatial coupling 

structure of the multi-point wind field. The results show that both procedures can follow the variation 

trend of the target cross-power spectra in the low-frequency range, indicating that the main spatial 

correlation structure is preserved. As frequency increases, the fluctuations of the cross-power spectral 

curves become stronger, and the differences between the simulated and target results increase. This 

is mainly related to finite-sample spectral estimation and the higher difficulty of recovering multi-

point correlation structures. 

  
(a) [(0,0),(0,2)]         (b) [(0,0),(2,1)] 

  
(c) [(0,0),(3,3)]        (d) [(0,2),(2,1)] 

57



  
(e) [(0,2),(3,3)]        (f) [(2,1),(3,3)] 

Figure 5: Cross-PSD comparison for six representative measurement point pairs 

Table 4 lists the cross-power spectral errors of the six representative measurement point pairs in 

the low-frequency and mid-low-frequency bands. Overall, both procedures maintain relatively small 

errors in the low-frequency range, indicating that the spatial correlation characteristics in the 

dominant energy range are well reproduced. Compared with the auto-power spectrum, the cross-

power spectral errors are relatively larger, showing that the recovery of multi-point spatial coupling 

structures is more difficult than that of single-point frequency-domain structures. 

Table 4: Comparison of CPSD errors for six representative grid-point pairs 

Grid point pair 
Standard procedure Simplified procedure 

log ( 0.2Hz)f   log ( 0.5Hz)f   log ( 0.2Hz)f   log ( 0.5Hz)f   

[(0,0),(0,2)] 6.36% 11.6% 7.08% 13.3% 

[(0,0),(2,1)] 9.63% 16.1% 8.25% 16.8% 

[(0,0),(3,3)] 9.97% 22.1% 8.09% 20.4% 

[(0,2),(2,1)] 8.40% 23.9% 6.34% 17.2% 

[(0,2),(3,3)] 5.79% 19.5% 7.25% 19.7% 

[(2,1),(3,3)] 7.57% 15.5% 4.52% 13.9% 

To further examine the frequency-domain spatial correlation structure at the matrix level, Figure 

6 shows the coherence matrix heatmap at the representative frequency f=0.1Hz. The target coherence 

matrix presents a clear main diagonal band. The high-value region is mainly distributed near the main 

diagonal, indicating that measurement points with shorter spatial distances have stronger coherence. 

Both the standard and simplified procedures can recover this overall spatial distribution pattern, 

indicating that both procedures can preserve the main frequency-domain coherence structure of the 

two-dimensional wind field. In comparison, the standard procedure is closer to the target result in the 

continuity of the high-value region. The simplified procedure shows more local fluctuations, but it 

still preserves the main diagonal band and the overall spatial decay pattern. 

Overall, the single-point example and the two-dimensional multi-point inflow wind field example 

show that the proposed non-Gaussian stochastic process simulation method based on distribution 

power spectra can effectively recover the target second-order dependence structure while preserving 

the target marginal distribution. The standard procedure is more stable in recovering multi-point 

spatial correlation structures. The simplified procedure reduces the implementation complexity while 

still preserving the main statistical characteristics, making it suitable for rapid simulation and large-

scale parametric analysis. 
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(a) Standard procedure      (b) Simplified procedure 

 
(c) Target process 

Figure 6: Coherence heatmap at the representative frequency of 0.1 Hz 

5. Conclusion 

This study developed a distribution transformation-based method for simulating stationary non-

Gaussian stochastic processes. By establishing the distribution process as an intermediate 

representation, the marginal distribution and the distribution-based dependence structure can be 

specified in a more coordinated manner. A standard procedure and a simplified procedure were 

developed to construct the underlying Gaussian spectral structure and then generate the target non-

Gaussian process through marginal transformation. 

The main findings are summarized as follows. First, the distribution power spectrum provides an 

effective frequency-domain representation of the dependence structure of non-Gaussian stochastic 

processes. Second, the single-point example shows that both procedures can reproduce the target 

marginal distributions and the main PSD characteristics. Third, the multi-point inflow wind field 

example shows that the proposed method can reasonably preserve cross-PSD and coherence 

structures. The standard procedure gives more stable results for multi-point dependence, whereas the 

simplified procedure retains the main statistical characteristics with lower implementation complexity, 

making it suitable for rapid simulation and large-scale parametric analysis. 
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