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ABSTRACT 
 

The accurate estimation of the evolutionary power spectral density (EPSD) of a 
nonstationary process is a very challenging task. Several methods based on the 
wavelet transform, empirical mode decomposition, proper orthogonal decomposition, or 
time-varying ARMA model have been proposed to conduct the EPSD estimation. The 
existing methods may be excessively complicated for the EPSD estimations of typhoon 
wind, which leads to a low efficiency. Increasing studies have demonstrated that 
typhoon wind speed is characterized by strongly nonstationary in time domain, and 
mildly nonstationary in frequency domain. In consideration of this feature, a simple and 
effective data-driven approach is discussed in this paper. A kernel regression method is 
used to estimate the time-dependent variance of fluctuating wind speeds. Then the 
nonstationary fluctuating wind speeds can be modeled by the product of the time-
dependent variance and a stationary process. Some field measurements of typhoon 
wind speed are taken as analytical examples to verify the efficacy of the present 
approach for estimating EPSDs of fluctuating components in typhoon.  

 

1. INTRODUCTION  
 

The wind speed process in normal wind field is usually assumed to be a 
stationary process. Therefore, the probability density function (PDF) and the power 
spectra density (PSD) can be used to represent the energy distribution of stationary 
wind speed process in amplitude domain and frequency domain, respectively. For the 
generalized stationary process, its first- and second-order statistical moments, i.e., 
mean, variance and PSD keep unchanged with time. However, in the extreme wind 
fields, such as typhoon, hurricanes, tornadoes, and downburst, some obvious 
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nonstationary characteristics can be observed, and the statistics are time-varying. 
Accordingly, the traditional stationary assumption is no longer applicable for such 
extreme wind fields. 

 

Nonstationary wind speeds are usually separated into their mean and fluctuating 
components, so that the structural response consists of a quasi-static response to 
mean speed and a resonant response to the fluctuating speed. Many methods have 
been proposed for extracting time-varying mean speed, e.g., the digital filtering and 
polynomial fitting (Bendat and Piersol 2000), moving averaging (Lombardo et al.,2014), 
discrete wavelet transform (DWT) (Chen and Letchford 2005), and empirical mode 
decomposition (EMD) (Xu and Chen 2004). These methods were compared by Su et 
al.(2015), and the comparisons showed that more reliable calculation can be offered by 
the DWT and EMD methods. Nevertheless, specific issues are included in both 
methods. For DWT, there is no applicable rules to determine the optimal decomposition 
levels. For EMD, the optimal levels of intrinsic mode function, which need to be 
reserved to calculate the time-dependent mean speed, can only be empirically 
determined. 

 
Comparing with the mean components, the fluctuating speed swiftly change. 

Numerous published literatures have studied on the stationarity of the typhoon 
fluctuating components (Xu and Chen 2004; Chen et al. 2007; Li et al.2012; Xu et al. 
2014; Wang et al.2016a). The results showed that for most typhoon wind speed, their 
fluctuating components are nonstationary. The energy distribution of nonstationary 
processes can be described by the evolutionary power spectra density (EPSD) 
(Priestley 1965). Both EPSD and PSD belong to the Fourier spectra, they have been 
widely used in various areas of practical engineering due to their explicit physical 
meaning. A time-varying AR model was proposed by Chen (2005), and it was used to 
estimate the EPSD of a record of downburst. However, it is very complex to determine 
the model order at each moment, and further to calculate the corresponding conversion 
parameters for the time-varying AR model. The method proposed by Priestley (1965) 
was applied to estimate the EPSD of wind speed samples measured in typhoon and 
downburst (Huang et al. 2015). However, this method requires an ideal filter, which can 
filter out all other components except those related to the specified frequency. In 
practice, this filtering effect cannot be realized exactly. Wang et al.(2016) used the 
wavelet-based method (Spanos and Failla 2004; Huang and Chen 2009) to estimate 
the EPSD of typhoon samples. The obtained wavelet spectra are required to converted 
into EPSD approximately, for which the estimation accuracy is reduced. 

 
Plenty of studies (Li et al. 2004; 2012) have demonstrated that typhoon wind 

speed is characterized by strongly nonstationary in time domain, and mildly 
nonstationary in frequency domain, which is similar to the characteristics of the 
uniformly modulated processes (Chen and Letchford 2007; Huang et al. 2015). 
Therefore, in this paper, the typhoon wind speed is modeled as the sum of the time-
dependent mean component and the fluctuating component which is further formulated 
by the products of the nonstationary time-varying standard deviation and a stationary 
random process. On the basis of this model, a simple data-driven approach for 



estimating the EPSD of typhoon fluctuating speed is discussed. The measured speed 
records of typhoon Rammasun are gradually decomposed, i.e., the time-dependent 
mean speed is subtracted firstly, and then the time-varying standard deviation is 
separated. And the stationarity of the residual components after each time 
decomposition is tested, by which the rationality of the model used in this study is 
verified. Moreover, the EPSD estimated by the presented method also exhibits its 
feature of high efficiency and accuracy. 

 

2. BACKGROUND KNOWLEDGE 
 

2.1 A uniformly modulated model for typhoon wind speed 
The expected value and variance of the nonstationary wind speed process in 

typhoon field are regarded as time-dependent, and the nonstationary fluctuating 
components are assumed as uniformly modulated processes. Therefore, the typhoon 
wind speed can be expressed as 

 

       f t m t t g t  ,(1) 

 

where t  is time;  f t  is wind speed;  m t  is time-dependent mean speed;      y t t u t  

is fluctuating wind speed;  t  is time–dependent standard variance;  g t  is stationary 

standardized process with a zero expected value and unit variance.  
 

2.2 Evolutionary power spectra density 
The power spectra density (PSD) of nonstationary process is changing with time. 

If the conventional PSD estimation method, which is the Fourier transformation of 
correlation function, is conducted on a nonstationary process, the result is the average 
of the time-dependent PSDs in time domain, and it cannot reflect the real energy 
distribution along time axis. The evolutionary power spectra density (EPSD), which can 
describe the time-dependent energy-frequency properties, was firstly proposed by 
Priestley(1967). EPSD has the same physical meaning as the conventional PSD, and 
therefore, it has been widely utilized since its occurrence. 

 
The EPSD (Priestley 1967) of a uniformly modulated fluctuating wind speed can 

be formulated as 
 

     
2

,y gS w t t S w , (2) 

 

where  ,yS w t  is the EPSD of  y t ;  gS w  is the PSD of  g t . 

 
Based on the uniformly modulated model, i.e., Eqs. (1) and (2), the EPSD 

estimation of typhoon wind speed consists of four steps: a. estimate the time-

dependent mean speed  m t ,and then separate it from  f t  to obtain fluctuating speed 

 y t ; b. estimate the time-dependent standard variance  t , and then obtain  g t ; c. 

estimate the PSD of  g t ; d. calculate the EPSD of  y t  by Eq. (2). The field 



measurements of wind speed in typhoon “Rammasun” will be taken as a computational 
example to show the efficacy of this method. 

 
3. FIELD MEASUREMENT IN TPPHOON “RAMMASUN” 
  

3.1 Brief introduction of the wind speed record 
The wind speed data used in this study were measured during the landing of 

strong typhoon “Rammasun” in China, randing from 16:00 PM  17th July to 13:00 PM  
19th July, and 45 hours in total. They were collected by a three-dimensional ultrasonic 
wind speed monitor, the altitude is 60 m, and the sampling frequency was 4Hz. Three 
positive test directions x’, y’, z’ are pointing to the north, west, and upward. Time history 

of the synthetic wind speed in horizontal plane (    2 2x t y t  ) is shown in Fig. 1, the 

maximum instantaneous wind speed is over 40 m/s. The rapid and significant change 
of wind speed happened during the typhoon landing, i.e., from the 22nd to the 33rd 
hours. The wind direction is defined as the degree of the positive x’ axis (North) rotates 
clockwise to the direction of the synthetic wind speed in horizontal plane. The average 
wind direction under the standard time interval of 1 minute is shown in Fig. 2. During 
the 22nd to the 33rd hour, the wind direction changed more than 180o rapidly. 
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Fig. 1. Time history of wind speed in typhoon Rammasun 
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Fig. 2. Time history of mean wind direction in typhoon Rammasun 

 
3.2 Stationarity test 
The long-duration (45 hours) wind speed record is uniformly divided into 45 

segments. Based on the specific mean wind speed and mean direction, each segment 
was further decomposed into three, which are in the longitudinal, lateral, and vertical 
directions respectively, and 135 segments were obtained in total. Assume there is no 
correlation for the records distanced more than 1min, and each segment of 1h duration 
was further divided into 60 fragments. The reverse arrangement test, as described by 
(Bendat and Piersol 2010), is applied to each segment to evaluate its stationarity in 
terms of the mean value and variance of its 60 fragments. According to the principle of 
reverse arrangement test, the reverse arrangements number of a stationary series with 
the sample size of 60 complies with a Gaussian distribution, of which the mean value is 
885 and standard deviation is 78.4. Therefore, the sequences whose reverse 
arrangements number is beyond the range of (731, 1038) are considered to be 
nonstationary with a significance level of 0.05. The number of segments which past the 
first-round stationary test are listed in Table 1. It is seen that all 135 segments are 
nonstationary for variance. Meanwhile, most segments in longitudinal, and about 45% 
in lateral and vertical directions are also nonstationary for mean value. 

 
Table. 1. Test results of reverse arrangement test 

Wind direction 
First-round Second-round Third-round 

MV Variance MV Variance MV Variance 

U(Longitudinal) 13 0 45 22 45 45 

V(Lateral) 25 0 45 24 45 45 

W(Vertical) 24 0 45 28 45 45 



MV is mean value 

For the longitudinal histories whose mean wind speed is higher than 10m/s, the 
most nonstantionary one, i.e., whose reverse arrangements deviates 885 most is taken 
as the computational example. This longitudinal speed time history and its 
corresponding lateral one are plotted in Fig. 3. The analysis in later section will be 
conducted based on these two time histories. 
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(a)                                                (b) 
Fig. 3. Time histories of nonstationary wind speed and time-dependent mean 

value: (a) longitudinal direction; (b) lateral direction 
 

4. EPSD estimation of fluctuating wind speed 
 

4.1 Time-dependent mean wind speed 
As shown in Fig. 3, obvious trends component, i.e., the time-dependent mean 

wind speed  m t  exist in two wind speed time histories. For determining  m t , the 

discrete wavelet decomposition (DWT) is used in this study. 
 
DWT can be treated as a class of filter banks, which can decompose the wind 

processes into a series of band-pass component processes. The low-frequency 
components denotes the time-dependent mean wind speed, which is a continuous 
function of the time. In this study, the Daubechies 20-order wavelet (Daubechies 1992)  
was utilized. The DWT decomposition can be expressed as 

     
1

n

i n

i

f t d t a t


  ,(3) 

 

where n  is the levels of decomposition;  id t is the high-frequency component in the ith 

level of decomposition;  na t  is the low-frequency component in the nth level of 

decomposition. The appropriate value of n  needs to be determined. 

 
Su et al. (2015) argued that the highest frequency 

maxf  of time-dependent mean 



wind speed should meet 
max 11 2 10dt f f  . 

dt  is half period of the mail trend, for 

instance, 
dt  is 1800s (1200s to 3000s) for the longitudinal speed shown in Fig. 3a, and 

3000s (0 to 3000s) for the lateral speed shown in Fig. 3b. 
1f  is the fundamental 

frequency of the high-rise building or bridge structure which will be analyzed. This 
method could narrow the candidate value of n  into a small range. For Fig. 3a, if there is 

an assumption of 
1 0.15f Hz , the 8th to 13th levels can meet the requirement just 

mentioned. However, the one single final selection is still pending to be determined. A 
further approach based on regressive theory is proposed in this study to make the final 
selection. The expression of linear regression for single variable is  

 

     0 1Z t z t t     ,(4) 

 

where  Z t  and  z t are the dependent and independent variables, respectively; 
0 and 

1  are regression parameters, i.e., the slope and intercept, respectively;  t  is the 

regression residue. Regression parameters are determined based on the least square 
method, which can minimizes the residual error. As the manner of regression method, 
Eq. (1) can also be seen as a linear regression, in which the slope is 1, intercept is 0, 

 f t  is a dependent variable,  m t  is an independent variable, and    t u t  is the 

regression residue. Therefore, after initial selection based on the frequency feature, 

each remained candidate of  m t  will be conducted the regression analysis with  f t , 

and the corresponding slope and intercept need to be calculated. The candidate of 

which slope is the closest to 1 is the determination of  m t , meanwhile, the 

corresponding intercept will be also the closest to 0. Still take the wind speed shown in 
Fig. 3a as an example, a 13-level DWT decomposition is performed, and the low-
frequency components of 8th to 13th levels are reconstructed. Based on the presented 
criterion, six pairs of regression parameters between each reconstructed signal and the 
original time histories are calculated. The reconstructed signal with the slope closest to 

1 is judged as the final determination of  m t , and it is plotted in Fig. 3a also. Based on 

the newly-proposed criterion, another time-dependent mean wind speed for Fig. 3b is 
also calculated. Specifically, the slope and intercept of the time-dependent mean wind 
speed shown in Fig. 3a and 3b are 0.9998 and 1.0005, 0.0015 and -0.0002, 
respectively.  
 

4.2 Time-dependent standard deviation 
After the time-dependent mean wind speed is subtracted from the original data, 

the residual fluctuating components of two examples are portrayed in Fig. 4. Obviously, 
the fluctuating amplitude changes with time. The fluctuating components of all 135 
samples are calculated. Then the second-round reverse arrangement test is conducted 
to examine the stationarity of the 135 samples. The second-round test results are also 
listed in Table. 1. All 135 fluctuating samples pass the stationary test of mean value, 
due to the time-dependent mean wind speeds have been subtracted, the fluctuating 
components means tend to be zeros. About half fluctuating samples in each direction 
were examined to be stationary, which means the subtraction of mean value helps to 



improve but cannot completely eliminate the nonstationary of variance. And this is 
consistent with the conclusion of Xu and Chen (2004). For the fluctuating samples 
which have passed the stationary test, they can be treated as stationary random 
processes. Their PSDs can be calculated by the conventional method. For those 
fluctuating samples which have not passed the stationary test, the time-varying 
standard deviation need to be separated subsequently. 

 
According to Eq. (1), the nonstationary fluctuating wind speed can be expressed 

as the product of time-varying standard deviation  t  and a stationary process  g t . 

And  t  can be estimated by using the Kernel auto-regressive method (Hastic et 

al.2008), its formulation is 
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where      21 / 2 exp 2K x x   is the standard Gaussian distribution function; N  is the 

length of the wind speed sample; b  is the bandwidth parameter. The Kernel auto-

regressive method is a weighted algorithm.   /iK t t b     is the weight function, and it 

endows more weight for closer data, and less weight for the farther data. The records 
distanced more than 1min are assumed to be uncorrelated. Therefore, for a time 
interval 

it t  that close to 1min, it should be guaranteed that the weight function 

approaches zero. In other words, the sampled-data interval is about 240 because of the 
4Hz sampling frequency. The 95% confidence interval for the standard Gaussian 
distribution is (-1.96, 1.96). It is a small probability event for a standard Gaussian 
variable to exceed this range for a single sampling. Accordingly, b  is set to be 

240 1.96 120 . The estimated  t  is also plotted in Fig. 4. And the residual stationary 

process  g t  can be determined through dividing the fluctuating wind speed by  t , 

and  g t  are shown in Fig. 5. It is seen that the two sets of  g t  have no obvious 

nonstationary appearance for the mean value or variance. The third-round reverse 

arrangement test is performed on these 135 sets of  g t , and the test results are also 

listed in Table. 1. All 135 sets of  g t  passed the stationary test of mean value and 

variance, which means: a. the residual process  g t  obtained by the presented method 

is stationary; b. the fluctuating wind speed of typhoon is reasonable to be treated as a 
uniformly modulated process. 
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(a)                                                           （b） 

Fig. 4. Time histories of the fluctuating wind speed and time-varying standard 
variance: (a)longitudinal direction; (b)lateral direction 
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Fig. 5. Time histories of residual stationary process: (a)longitudinal direction; 
(b)lateral direction 

 
4.3 EPSD calculation 
The EPSDs of the two examples are calculated by Eq. (2), and the results are 

drawn in Fig. 7. The EPSDs are then averaged in the time domain and compared with 
the traditional Fourier-based PSD, as shown in Fig. 8. The results exhibit good 
comparison and attest to the high fidelity of EPSD estimation. Moreover, compared with 
other existing methods, this EPSD estimation method has more advantages in its 
simplicity, for which it is more suitable for application in practical engineering. 

 



 
(a)                                  （b） 

Fig. 7. EPSD of the fluctuating wind speed: (a)longitudinal direction; (b)lateral 
direction 
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(a)                                                    (b) 

Fig. 8 . The averaged EPSD and the Fourier-based PSD: (a)longitudinal direction; 
(b)lateral direction 

 

5. CONCLUDING REMARKS 
 

Refer to the existing analyses of typhoon, the fluctuating wind speed in typhoon 
field is assumed as uniformly modulated process in this study. Furthermore, a data-
driven approach combined with DWT and Kernel auto-regression method can be used 
for estimating the EPSD of typhoon fluctuating wind speed. In this approach, new 
criterions for selecting the decomposition levels of DWT and determining the bandwidth 
parameter of Kernel auto-regression method are proposed and emphasized. 

 
Three rounds of stationary tests were conducted on the field measurement of 

wind speed of typhoon Rammasun, based on which the premise assumption are 
verified to be reasonable. Moreover, the accuracy of the EPSD estimated on the basis 
of the assumed uniformly modulated model is also validated.   
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