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Abstract 

The prediction of the maximum or minimum peaks of a random process in the fields of civil 
and mechanical engineering is a hot topic for the scientific literature. It is known that the 
maximum of a random process depends on the process length. For this reason, a probabilistic 
approach is necessary to estimate a reliable value from the process. Researchers for specific 
case of studies proposed several analytical models to predict maxima of a random process. 
Mostly, they are grouped on two families, models for Gaussian processes and models for non-
Gaussian processes. Each model was computed and calibrated based on a specific experi-
mental campaign for a specific case of study. This makes difficult to select the best model for 
every application. In addition, codes and standards neglect this topic and one might happen 
to make the error to assume the maximum value as the statistical maximum of the random 
process.  Commonly, in the field of the structural engineering, peaks of a wind induced, or 
wind-induced flow acceleration time histories are estimated following the probabilistic ap-
proach of Cook and Mayne. However, from 1950 to today hundreds different probabilistic 
approach was given by literature. The purpose of this paper is to discuss an overview of mod-
els grouped by theoretical underlying assumptions. 
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1. INTRODUCTION

In the field of wind engineering the experimental tests in wind tunnel are the rule to inves-
tigate the building aerodynamics. In wind tunnel random processes of pressure are acquired 
through pressure taps and tubes located on the building surfaces. Generally, the main result 
that it is estimated is the pressure coefficient that is dimensionless respect to the wind tunnel 
velocity. In wind tunnel, processes generally are stationary, and the mean value does not de-
pend on the history time length. However, the mean value of the pressure coefficient time his-
tory is not the only one parameter that is important for the building structural analyses. In 
many cases the most important magnitude is the maxima or minima peak of the random pro-
cess that are closely important to design structure very sensitive to the wind action differently 
than structure sensitive to the seismic action [1]. This is a hot topic for the scientific literature 
in the fields of civil and mechanical engineering. Unfortunately, the absolute maximum (or 
minimum) of a random process depends on the process time length. Usually, a probabilistic 
approach is used to estimate a reliable maximum (or minimum) value from the process and 
several analytical models were proposed by the scientific literature. Mostly, they are grouped 
on two families, models for Gaussian processes and models for non-Gaussian processes. Each 
model was computed and calibrated based on a specific experimental campaign for a specific 
case of study and this makes difficult to select the best model for every application. The pur-
pose of this paper is to discuss an overview of models grouped by theoretical underlying as-
sumptions. 

2. LITTERATURE OVERVIEW

2.1 From Cartwright and Longuet-Higgin, 1956 to Vanmarcke, 1975, through Davenport, 
1964.

One of the first analytical model computed to predict extreme peaks used the field of wind 
engineering is given by [2] (more recently developed by [3]) and it was computed to predict 
the peaks of the sea waves. It is based on the assumption that the process is stationery and 
Gaussian and that the maxima follow a Rayleigh distribution. Starting from this model, Dav-
enport [4], developed the most used model to predict the peak factors of Gaussian processes. 
It was based on the assumption that largest extreme values of a Gaussian normalized and 
standardized process, asymptotically follow a Gumbel distribution. This model still today to 
be the base of all analytical models to predict extreme peaks. About ten year later, [5] ac-
counting for the dependence among the crossing events through a shape factor calculated 
from the process spectral moments. Unlike Davenport’s peak factor, Vanmarcke’s [5], peak 
factor can be applicable to narrow-band response processes while taking consideration of the 
spectral bandwidth effects [6,7]. Several studies, also recently, have proposed method to ex-
tend the [4] and its subsequent updates to non-Gaussian processes, as for example [8] that 
proposed the extended Davenport peak factor (EDPF). This method relates the descriptors of 
the resultant, the parameters of the distribution function of the peaks, and the probability of 
not exceeding a given threshold, however the method seems to have be limited and poorly 
generalizable. 

2.2 From Cook and Mayne 1979 to Harris, 2005 
From 1979 to today, the studies published by Cook are a milestone because they proposed 

a working approach based on a fully probabilistic assessment (i.e. the Gumbel distribution of 
extremes) to estimate wind loads for the equivalent static design of structures [9, 10]. This 
approach was born with the precise intent to fill a gap in codes and consequentially it is very 
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sample. This approach was proposed in [11] and refined in [12] in which the previous ap-
proach is extended from the original first-order form, to admit multiple-order corrections 
through a Monte-Carlo method that replaces the former integral method. This method is still 
very often used in the field of structural wind engineering [13]. The design fractile of extreme 
wind load coefficient distribution for a 50-year return period is recommended equal to 79%. 
According to [14] this value can be increased to 93% to estimate the extremes of the wind ve-
locity, based on the multi-order technique applied by authors. 

In Cook, 1982 [15], Cook proposed the peak-factor approach that aims to exceed the limits 
of the fully probabilistic approach, given by [11], for which fluctuations of load are due to 
corresponding gusts in the approach flow. These numerical approaches will feed in the de-
signer’s guide to wind loading of building structures, Parts 1 and 2 [16, 17]. These methods 
were based on the assumption that the process is stationary, and this hypothesis is one of the 
weaknesses on which [18] worked. It has given an extension of the methods given by Cook, 
to full-scale wind-load measurements where the flow is intrinsically non-stationary. Harris, 
1982 [19] provides the [15] theoretical background fully probabilistic approach (i.e. based on 
the Gumbel distribution of the extremes). It proposed the elimination of the Monte-Carlo cor-
rections, the will be widely used by researchers, as for example [20] that have used this meth-
od to estimates peak wind pressures on three-dimensional rectangular buildings with different 
aspect and side ratios in different atmospheric boundary layers.  

Harris will develop the traditional Gumbel extreme value method in [21] through a fitting 
procedure using weighted least squares that improves set of plotting positions based on the 
mean values of the order statistics and subsequently, through a direct method given by [22]. 
This last method does not require Monte-Carlo simulations or the assumption that extreme 
pressures conform to the ultimate Fisher–Tippett Type I asymptote.  

2.3 From Holmes and Moriarty,1999 to Torrielli et al, 2016 through modification of the 
Cook and Mayne 1979 model 

Several approaches have discussed modification and updates of the [11, 12] approach fo-
cused on the probability trend of the extremes in a random process.   

 The important issue of the extreme peaks of the wind velocity discussed by [23] have in-
spired [24-26] that have applied the Annual Rate of Independent Events (ARIE) method val-
ues, though its modification, to estimate the extremes wind velocity, subsequently discussed 
for clarification by [27, 28] and [29]. The modification consists on using the Hybrid Weibull 
model given by [30], to describe the parent distribution of the wind velocity simulations.  

Holmes and Moriarty, 1999 [31] proposed the generalized Pareto distribution (GPD) and 
its application to the statistical analysis of extreme wind speeds. It concluded that generalized 
extreme value distribution (GEVD) can be used to determine the appropriate value of shape 
factor, k, for use in the GEVD. In 2001, [32] and [33] not recommend this approach and dis-
cussed the conclusion given by [31], because this method is closely threshold dependent and 
so not applicable for a process with a Weibull parents. However, [34] confirm the goodness of 
this method using many and very long acquisitions of pressure series in wind tunnel experi-
ments on a low-rise building as similarly it was done by [35]. 

Similarly, the Peaks-Over-Threshold (POT) is also affected by limits given by the practical 
applications of POT method as it was shown by [36]. An and Pandey, 2005 [36] shown that 
this model fail because the acute threshold sensitivity of wind speed estimates, which can be 
attributed to erratic variation of model and sampling errors with selected threshold values. In 
addition, [36], based on results given by [37], proposed a modification based on the assign-
ment of an exponential prior on preconditioned data that is augmented with additional sample 
information in an optimal sense through the principle of Minimum Cross-Entropy (Cross-
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Ent). An update of the POT method was proposed by [38] through a declustering of process to 
extract independent peaks over a given threshold. for POT method and [39]. 

2.4 From Grigoriu 1984 to Kwon and Kareem, 2011, though Winterstein models. 
Meanwhile, [40] discussed the mean up-crossing rates for Gaussian and non-Gaussian pro-

cesses, laying the groundwork for future analytical models that aim to predict extremes of 
non-Gaussian processes, as for example the analytical models given by [41, 42] and the chaos 
polynomial theory of which some applications are discussed by[43, 44]. This approach was 
largely used by researcher through application, as for example by [45, 46] or to develop new 
models. Winterstein proposed a nonlinear vibration approach using the Moment-based Her-
mite model to predict extremes of a random vibration, subsequently applied in [47] on a sta-
tistical analysis of tension-leg platforms. Kareem and Zhao 1994 [48] developed the model 
applied by [47]. The given improvement consists of an equivalent statistical quadratization 
method that permits to derive the response probability density function, crossing rates, and 
peak value distribution based on the first four cumulants. The method was known as revised 
Hermite model [49, 50].  

This method was developed by [51] using a limited number of statistical moments. Subse-
quently the model given by [47] and based on the an equivalent statistical quadratization 
method was developed using a cubicization in [52]. Depending upon the nature of the nonlin-
earity, the quadratization and the cubicization method may be employed to approximate the 
process by a quadratic or cubic polynomial. It permits to preserve the nonlinearity using a 
Volterra functional series approach to attain the response transfer functions. The models is 
known as modified Hermite model [49]. The distribution of the largest peak values is as-
sumed as a Gumbel distribution, which implies a Weibull distribution for the local peaks of 
the pressure coefficients. 

Yang et al, 2013 [53] proposed a modification of modified Hermite model given by [52] 
and [54] has given an application. The modification proposed by [53] consists on a numerical-
ly inversion of the relationship between skewness, kurtosis and the Hermite model shape pa-
rameters and on an approximate solution to improve the accuracy of the Hermite model. 

The peak factor for non-Gaussian processes given by [48], was used by [55] to simulate 
non-Gaussian processes in terms of correlation-distortion methods and application of higher-
order spectral analysis. Similarly, the model given by [48] was used to  Kareem et al 1998, 
that developed a technique to model the contribution of the quadratic drag term containing the 
square of the fluctuating velocity component through the development of a non-Gaussian gust 
loading factor via moment-based Hermite transformation. This model was based on the con-
cept of a translation process given by [40], moment-based Hermite model given by [42], and 
the framework of Gaussian peak factor given by [4]. Thirteen years later, after [51] updates, 
[49] completed the model and it gives the variance of the estimates in standard deviation for 
the peak factor of non-Gaussian processes on the basis of a moment-based Hermite model 
[41, 42].  

Later, [56] proposed the “L-Hermite” model, an alternative cubic transformation calibrated 
by the response “L-moments” rather than its ordinary statistical moments. However, this 
method seems valid only for specific cases of study as for example ma-
rine structures in shallow waters [57], because it cannot convey sufficient information to ac-
curately estimate extreme response statistics. The Winterstein, 1988 [42] and 2000 [51] 
models were developed by [58] to improve their accuracy and simplify their application to 
measured data in the case of wind pressure data. In particular, [58] proposed a closed form 
approximate relationship between the skewness and kurtosis and the Hermite models shape 

4937

M. Di Giovanni, P. D’Asdia 



M. Di Giovanni, P. D’Asdia 

parameters. Based on its results, it suggests that the bandwidth parameter related to the 4th-
order spectrum moment should not be introduced. 

Several papers proposed new models based on the moment-based Hermite polynomial 
model as for example the model proposed by [59] that modify the Hermite polynomial meth-
od to obtain accurate approximation of extremes of processes with high skewness and Gaussi-
an kurtosis. Many models promoted the Hermite polynomial model to transform non-
Gaussian data into a Gaussian process. Huang et al 2016 [60, 61] results suggest that Hermite 
moment-based should be adopted in the peak value estimation for wind pressures only when 
the skewness and kurtosis of a process are sufficient to capture its non-Gaussian properties. 
However, Cook, 2016 [62] refuted these results applying the Bootstrapping methods (EVA ) 
[63]. 

Liu et al, 2016 and 2017 [64, 65] proposed a model that aims to solve the problem given by 
the positive and negative probability distribution tails that affect skewness and kurtosis are 
statistical moments. To improve the accuracy of the moment-based model approach, it de-
rived a new moment-based translation model by defining a modified probability density func-
tion that is symmetric around the median of the original non-Gaussian process. Accordingly, 
the distributions of maximum and minimum are addressed separately using newly defined two 
sets of statistical moments with zero skewness. Rizzo et al, 2018 [50] have shown that for 
strongly non-Gaussian processes this method is not particularly accurate. Rizzo et al, 2018 
[50] have given an application of the modified Hermite models on Hyperbolic paraboloid 
roofs [66-70]. 

2.5 From Sadek and Simiu, 2002 to Huang M. F. et al 2016 
The theory proposed by [71] was innovative because it proposed an automated mapping 

procedure to estimate the peak distribution of wind-induced non-Gaussian internal forces on 
low-rise buildings by using a database-assisted design software. This mapping procedure re-
quires identifying an analytical marginal probability distribution for the time series of interest 
through numerical fitting of the distribution parameters. However, the Sadek and Simiu, 2002 
[71] method has been applied only to non-Gaussian processes with an underlying marginal 
gamma distribution [50]. The result obtained is that a gamma distribution (i.e. three-parameter 
Gamma distribution) is appropriate for estimating the peaks corresponding to the longer tail 
of the time series’ histograms and a normal distribution corresponding to the shorter tail of the 
time series’ histograms, that are the same conclusions shown by [72]. The distribution of the 
peaks is then estimated by using the standard translation processes approach given by [40] 
and developed in [73]. It is found that the peak distribution can be represented by the Gumbel 
distribution. The estimation obtained through this approach is based on the entire time series 
and consequently it is more reliable than estimation based only on observed peaks. However, 
the three parameter Gamma distribution specific relationship between skewness and kurtosis 
holds. Once the combinations of skewness and kurtosis of actual samples deviate far away 
from the relationship, remarkable fitting errors will be incurred [74]. Ma and Xu, 2017 [74], 
proposed an update of the Gamma method through the Johnson transformation to solve the 
fitting error. This method depends on the maximum likelihood (MML) [75] to estimate the 
Johnson transformation parameters.  

Using the [71] procedure, [76, 77], estimated the extreme peak pressure distribution based 
on wind-induced time history pressure data recorded in a wind tunnel and determined the de-
sign pressure and load coefficients at any selected probability level of non-exceedance for re-
liability-based structural design. Recently, Yang et al, 2019 [75] proposed an update using a 
three-parameter Gamma distribution through formulations for estimating sampling errors of 
the first four statistical moments. 
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Based on the [71] results, [6] proposed the Gamma peak factor and it have applied this ap-
proach to estimate the wind-induced vibration on tall buildings. This study is one of the few 
studies that worked on accelerations, discussed in this paper, differently than pressure or wind 
velocity. For this reason, this contribute will be carefully discussed in the next sections.  

From Sadek and Simiu, 2002 [71], Huang et al 2013 [78] and [79], gives an efficient mod-
el known as translated-peak-process method (TPP) for the estimation of the peak distribution, 
peak factor, and variability of extremes, based on the Weibull distribution and point-to-point 
mapping procedure. The innovation consists on a modification of the [71] from Gamma to 
Weibull distribution processes [50] and it is particularly efficient for non-Gaussian process. 
However, it needs to an elaboration of the measured data to fit a Weibull distribution that take 
only positive bigger than zero values. 

2.6 Analytical models based on the ACER approach  
The univariate concept of average conditional exceedance rate (ACER) is a method for es-

timation of extreme wind speed statistics proposed by [80] and by [81] that have given an ex-
tension for estimation of extreme wind speed statistics to the case of bivariate wind speed 
time series based on the previous research on the Monte Carlo methods for estimating the ex-
treme response of dynamic systems [82, 83]. Naess and Karpa, 2015 [81] calibrated and tested 
the bivariate method for simultaneous wind speed measurements from two separate locations. 
The univariate approach is based on two separate components: the first component has the 
capability to accurately capture and display the effect of statistical dependence in the data; the 
second component is then constructed so as to make it possible to incorporate to a certain ex-
tent also the subasymptotic part of the data into the estimation of extreme values [80]. The 
goodness of this analytical method was confirmed by [84] and it was used by the models de-
veloped by [85] and [86]. Finally, Chen, 2014 [87] proposed a model that, based on results 
given by [88], through the curve-fitting and extrapolation of crossing rate, permits the estima-
tion of extreme values distribution using Poisson distribution of crossings.  

3. CONCLUSIONS

This paper discusses the most common analytical models to predict peaks (i.e. local and 
absolute) from random processes. Models are grouped based to milestones and specifically 
they are grouped in five families: (I) models for Gaussian process; (II) models from Cook 
school, (III) models based on Grigoriu studies; (IV) models based on the Sadek and Simiu 
studies and finally, (V) recent models based on the ACER approach. It is not possible to a 
priori estimate the best model for a specific case of study investigated and all models are valid
until proven otherwise. 
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