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Extreme Pressure Coef cients
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Commonly used methods to estimate peak wind pressures on bilidlings are summarized.
The Harris (2009)penultimate XIMIS method is described and calibrated agagt Gumbel
epochal extreme-value analysis (EVA), as well as with the Hite-Davenport peak factor
method by Yang et al. (2013)(YGP) using a very long record of wind tunnel data from
many pressure taps. The “industry standard” EVA, comprisin sixteen 10-min epochs,
gives the best accuracy, but is inef cient in its use of data.YGP is the least accurate,
with the largest anomalies underestimating in reattachmedrzones. XIMIS is comparable
to EVA for the same record lengths and remains better than YGPRr records up to six
times shorter.

Keywords: peak estimation, cladding and components, wind tun nel simulation, non-Gaussian characteristics,

wind pressure coef cients

INTRODUCTION

The design of buildings and their components to resist extrevitels requires the assessment of
peak surface pressures. The use of scale models in wind tuon#étssfpurpose has been an active
research topic since the early 1980s. Most published studieslinte and demonstrate methods
and there have been only a few studies which compare and atdilaternative methods [e.g.,
(Cook, 1982) (Cook, 2016)]. Cook (2016b)proposed to adapt thélarris (2009)penultimate
XIMIS method, originally proposed for extreme wind speeds, forkpe@essures, calibrating it
against conventional Gumbel epochal extreme value analiai8)(and the recent Gaussian
process model using moment-based Hermite polynomials, herotd as the “moment-based
Hermite polynomial translation model” (HPM) byang et al. (2013)Y GP) using very long records
of wind tunnel data. Sinc€ook (2016b)was a discussion paper fétuang et al. (2016yhich
promotes the use of HPM for non-Gaussian process data, onlieadaxplanation of XIMIS as well
as the comparison results using only 2 pressure taps on a roofwfise building were presented.
As mentioned in the conclusions @fook (2016b)a calibration using only two taps is not su cient
to present the accuracy and bene t of XIMIS. Hence, this studyjutes the extensive explanation
of the XIMIS method and a comprehensive calibration of XIMISiageEVA and HPM using data
from 496 roof taps to quantify the value-dependence and sejparattachment zonal dependence.
The data supporting this demonstration are from a series dstasthe University of Western
Ontario (UWO), Canada, to provide comparison data for the FdarCoastal Monitoring Program
(Balderrama et al., 20).JFigure 1 shows the model, the location of 496 pressure taps distributed
over the roof and the wind direction tested. Four taps are redrior later reference: Tap A
corresponds to the highest recorded peak suctioiZ.9 forCpreferenced to mean roof height)
and lies in a permanently separated- ow region behind the ridgehe gable corner; Tap B
corresponds to a generally attached ow region with transgagarations; Tap C corresponds to the
highest recorded kurtosis (21.04); and Tap D correspondséariaximum positive mean pressure
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FIGURE 1 | Model, tap layout and wind direction (wind direction of 0 degs from the north direction).

coe cient (2.62). The pressure coe cient data had been samplechigh threshold when convergence has been achieved to one of
at 40 Hz for 30 h, equivalent full scale (FS), assuming a ttakes the extreme value distributions. It is noted that the use oDGP
of 1/100, giving 4,320,000 values for each Fagure 2shows the  with POT data requires a high threshold and a large population,
rst 10min (FS) of Cp at tap A as an example of the highly- typically more than 100,000 peaks for a good convergence at
skewed non-Gaussian character of g in a separated ow the upper bound Galambos and Macri, 1999which seems to
zone. The detail of the wind tunnel tests can be foundimpp  be unrealistic amount of data to obtain. This is because GPD
and Gavanski (2010)n all the following analyses, only the peakis an asymptotic distribution of the generalized extremeugal
suctionCpvalues have been used. distribution (GEV) (Holmes and Moriarty, 1999 which is also

asymptotic to extreme-value distributions for a parent valeab
PREVIOUS PEAK ESTIMATION METHODS soitis doubly di cult to achieve convergence.

Since both FT1 tting and POT methods assume asymptotic

Various methods of peak estimation have been suggested distributions, and this is di cult to verify using the typicadlata
characterize local peak pressure coe cients based on obdervéengths, the average conditional exceedance rate methGERA
peaks: from a single extreme value recorded during a samplirgethod) was proposed<@rpa and Naess, 20)L3This method
period (e.g.Stathopoulos, 19)9the mean of several observedhas bene ts over the other existing methods such as it does not
peaks (e.ghlolmes et al., 1999to the value at a chosen fractile require convergence, statistical independence or statign@he
of a probability distribution tted to the observed peaks. erms ACER method constructs a cascade of conditional probability
of the last method, the most common method ts the Fisher-distributions having the target distribution function of ¢h
Tippett Type | (FT1) distribution to the peak value in a number €xtreme value as the limit. This is calculated by the estonat
of epochs (e.gGook and Mayne, 1979, 198This is known asa Of the average conditional exceedance rates. It is like D& P
Gumbel epochal extreme value analysis (EVA). When curvatur@ethod except that it counts downwards from the extreme
is observed in the upper tail, from incomplete convergerioek  instead of upwards from the threshold.
et al., 2003; Cook and Harris, 2004he Fisher-Tippett Type Finally, there is the classical Davenport Peak Factor Method
Il (FT3 or Reverse Weibull) distribution, which can mimicith ~ (DPFM). This estimates the expected pé&ai, whose duration
curvature by its additional parameter, has also been adoptdd T, in terms of the peak factog, de ned as:
(Holmes and Cochran, 2003; Kasperski, 2008is noted that
there are number of studies which doubt the validity of the3FT

distribution for this purpose (e.gHarris, 200§. ~ wheremy and x are the mean and standard deviation Xf
As all the epochal methods use only the largest maxima in €aRgpectively. With the assumption thit follows the Gaussian
epoch and ignore the 2nd, 3rd, etc. largest maxima, itisyfik®@t  gistribution, the distribution 0f Xpeak CONverges onto the FT1

better estimation is possible with more e cient use of the dat yjstribution. Davenport (19645uggested the expression of peak
With this reasoning, the Peaks-Over-Threshold (POT) metho ¢5ctor de ned in Equation (2)

was suggestedmiu and Heckert, 1996; Holmes and Moriarty,

1999 and uses all the data above a certain high threshold. gD P 2In( T)C :p 2In( T) 2

One example of its use is to ensure statistical independence

of wind speed data from mixed climates by limiting the datawhere is the mean up-crossing rate across zero arid Euler's

to the upper tails Cook et al., 2003 A common form of constant of 0.5772.

the POT method ts to the Generalized Pareto distribution It is well-known that, Equation (2) works well for a
(GPD), the appropriate distribution for the exceedances of &aussian process but not for non-Gaussian processes, such

gD E Xpeakr Mx =x 1
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Other methods for estimating non-Gaussian processes have
also been suggeste&adek and Simiu (200Z4denti ed the
appropriate marginal probability distribution for the non-
Gaussian time series using the probability plot correlation
coecient (PPCC) method. The three-parameter gamma
distribution and normal distribution were selected as thestbe
model for the longer and the shorter tails of the marginal
distribution, respectively. Then, the distribution of the psak
of the non-Gaussian variate is estimated by using the stahdar
translation process approachieleman et al. (2007émployed
Sadek and Simiu's method but with more wind tunnel data. It

-8 ' : : : : shows that instead of PPCC method to calculate the parameters

0 100 e (5322 nFS) 400 500 600 of gamma distribution, the method of moments can be used

with acceptable precision but with much less computational

FIGURE 2 | Example Cp time series for Tap A. time. Huang et al. (2013modi ed the translation procedure
proposed bySadek and Simiu (20028uch that cumulative
distribution function (CDF) of the non-Gaussian process
as the wind pressures in ow separation regions. Since peakas estimated using the kernel-smoothing method instead
factors of “softening” non-Gaussian processes (kurtesi8) of assuming a gamma distribution. In addition, the peaks
are larger than that of a Gaussian process, Equation (2) &f the Gaussian process are rst generated from a Rayleigh
not appropriate. To obtain the peak factor for softening non-distribution instead of the Rice's formula [Equation (2) in
Gaussian processesareem and Zhao (1994yst suggested Sadek and Simiu (200R)and the mapped peak data of the
correcting the moment-based Hermite polynomial translatio standardized non-Gaussian process are tted to the Weibull
model (HPM). A slightly di erent formulation was presented distribution, instead of Gumbel distribution. This was nathe
in Chen and Huang (2009Kwon and Kareem (2011revised the translated-peak-process method (TPP methétd)ang et al.
HPM to overcome conservatism when the process is strongl§2013)also suggested a closed-form expression of Weibull peak
non-Gaussian, but the HPM parameters become less accurdtetor based on extreme value theory, which can be calcllate
as wind pressure coe cient deviates strongly from Gaussianusing the Weibull parameters obtained from the TPP method.
To deal with this limitation, Yang et al. (2013suggested an Ding and Chen (2014émphasized an accurate modeling of the
alternative closed form approximate relationship betweea thupper tail behavior of the translation function and suggedtesl
skewness and kurtosis of the HPM shape parametéesig CDF-based translation method with the use of GPD to model
et al. (2014)further suggested a mixed distribution model to the distribution tail over a given threshold.
capture both the tail and bulk probability regions of the mauaji As reviewed above, the use of non-Gaussian peak factor
distribution, where an empirical distribution from the measd obtained by translation method has recently been an active
data and GPD are applied in the bulk and tail probability regionsresearch topic as a method of peak wind pressure coe cient
respectively. Instead of using the approximate solution fa& thestimation. In the meanwhile, XIMIS, a method which has
HPM parameters-uang et al. (2016uggested to solve the non- worked very well for analyzing extreme wind speeds using
linear equation via Newton-Raphson iteratidnu et al. (2017) independent storm om-day maxima was adapted to extreme
pointed out the fact that the traditional de nition of skewsgs pressure coe cients Cook, 2016h The bene t of XIMIS over
and kurtosis are a ected by both distribution tails. This uéis  all the existing peak estimation methods are:
in less accuracy of the translation model based on these t
moments, for specifying only one of the distribution tailsda
suggested a new moment-based HMP approach.

For “hardening” non-Gaussian processes (kurtosig),
Ding and Chen (2014extended the moment-based Hermite
polynor_m_al translation m_odel with emplrl_cal formulatlc_)ns rfo left-censored, POT data:
determining the translation model coe cients. Re ecting ¢h . . . .

. S 3. The total population of independent peaks is not required as
necessity of the determination of the extreme values of the o . .

7 . . . . prerequisite, provided it is large (more than 30).

combination of multiple variables in structural desighs)gueras
et al. (2016)suggested extended Davenport peak factor, which
can estimate the extreme values of the resultant of the rIineex”V”S
combination of multiple Gaussian and non-Gaussian random
variables that come from a common agehta and Xu (2017) Development of XIMIS From EVA
suggested new peak factor calculation method by employingVA has been a standard method to estimate peak wind
Johnson transformation to t the marginal distribution of &0 speed and wind pressure coe cients since 1970s, and was
non-Gaussian process and estimating extrema on long-tall anthe starting point of pursuing better methods, culminating
short-tail sides separately. in XIMIS.

"0 Since it is penultimate, not asymptotic, the assumption of
rmT! 1 , wherer is rate of occurrence and is epoch for
extreme, which is di cult to satisfy in practice, is not reqeid,;

2. This method can be applied to any independent peak
data, including epoch maxima, but also including heavily

Frontiers in Built Environment | www.frontiersin.org 3 April 2019 | Volume 5 | Article 48


https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://www.frontiersin.org/journals/built-environment#articles

Gavanski and Cook Evaluation of XIMIS

Peterka and Cermak (197%yere the rst to show that An alternative, commonly used, method which gives unbiased
the form of the probability density function (PDF) of surface estimates ofa and U directly from theN ranked extremes is
pressures varies from nearly Gaussian in attached ow reggion the “Best linear unbiased estimator” (BLUE) method_afblein
exponential in the tails in separated regions. Recently a Gaussi (1974) but the necessary coe cients are only available Fbr
Exponential mixture model was proposed to address the range 24, as values for largeM becomes increasingly unreliable
of PDFs found in practice@ook, 2016n All these PDFs are (Hongetal., 201)3

members of the exponential class of distributions: The appropriateness of the FT1 asymptotic distribution
depends on the convergence of the exact distribution, explesse
Fx D1 exp h(x (3) as Fx)N where x is a statistically independent parent.

Convergence depends on the number of extremgsgs well as

whereh(x)! 1 asx! 1 .From extreme value theory, the the form of the upper tail of parent distribution.
appropriate asymptotic form when the parent distribution is of ~FOr wind speeds, several methods have been proposed for

the exponential class is the Fisher-Tippett (FT1) distribntio ~ @ugmenting the annual extremes to increase the sample size,
N. Where continuous meteorological data are availablepk

(1982a)proposed identifying individual storms and extracting

the maximum wind speed from each. This is the original Method

of Independent Storms (MIS) which was eventually developed

into XIMIS. Where only daily maxima or values above a certain
reshold are availableSimiu and Heckert (1996)nsured
dependence, by selectingday maxima, wheren longer than

the typical storm duration. This gives a substantial incesas

1. The largest wind speed is extracted from each year of tH¥ sample size over conventional EVA and a corresponding
record and the values ranked&scendingrder of magnitude, improvement in analysis accuracy. The same principles apply to
giving m D 1 to the smallest value througm D N to  peaksurface pressures.
the largest. The general procedure of MIS usesindependent storm

2. Each wind speed is associated with a probability ordirigte, Maxima per year instead of just one. The probability distribatio
derived from its rank with one of the following equations: ~ of the largest annual maxima out ofindependent maxima per

year, become$f,)" and changes Equation (6) into

XIDexp exp y Dexp[ expf a.x U/d (4)

wherex is extreme variatey is the standard reduced variate and
aandU are the dispersion and location parameters, respectivel

The conventional Gumbel extreme value analysis of annu
maximum wind speed takes the following steps:

Pn D (Nirgl)Weibullos estimator
D In[ N(Pm)1D In[ r(P 7
(Gumbel, 1958 (53) y [ In(Pm)’] [ r(Pm)] )
(m 0.44) . . . - .
Pm D (NC012 lZ)GrlngorterPs estimator When only epoch maxima, or similar data are available, the
(Gringorten, 196§ (5b) conventional Gumbel extreme value analysis has been the

usual method of choice. The standard graphical tting method
o (Gumbel, 195Bassumes that the statistical variance of all points
wherem D 1, 2, ...N. The distinction between these two js yniform and gives each point the same weight. This is not
estimators is one of mean bias created by the non-lineat,e especially for the largest values; hence, the LiebleWEB
form of Equation (4). Equation (5a) is an estimator for the mathod, which gives the more weight to the middle-ranked
mean probabilityPi, and is the unbiased estimator for the gyremes, was employed for the determination of parameters
probability of them-th observed value. Equation (5b) is any cook (1982ajnstead. However, the BLUE method uses of
egtimator for the p.robability.of the mean reducgd varigte,mok_up table for N 24 and an approximate method for
tyi, and is the unbiased estimator for a value with a giveRne higherN obtained using MISHarris (1996)suggested an
probability. The two are not concomitant, as discussed morgynroved set of plotting positions as well as the application of
fully in Cook(2012)howeverth(_a distinction only signi cantly weighted least squares technique to t a straight line foe th
a ects the top few ranks wheN is large. . estimation ofa and U in Equation (4). This new method does
3. With Py obtained as above, the reduced varigiecan be ot require the look-up of tabulated coe cients like the Likein
estimated by the following equation: BLUE and o ers an improvement in accuracy over the BLUE and
Gringorten methods.
yD In[ In.Pw/] (6) Later, Harris (1999) adapted this method to apply to
independent storm maxima, giving new plotting positions
4. Plotting the wind speed,, against the corresponding estimateand tting weights to reduce the systematic error caused by
for y linearizes, Equation (4), so the FT1 distribution tting ( Py)" to the FT1 asymptote in MIS, calling this the
parametersa and U can be obtained from its slope and “Improved Method of Independent Storm (IMIS).” Because these
intercept. The alternative is to use least square regression new plotting positions become less accurate in the lower tail,
the generalized least square method (sudH@sg et al., 2013  Harris suggested censoring the distribution below a thrégho
or more sophisticated methods such as maximum likelihood.at the plotting position for the smallest annual maximum and
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demonstrated that the results are not sensitive to the exact that rT is large enough to validate the Cauchy formula for

threshold value. the exponential when an underlying Poisson process cannot be
Harris (2001)examined the accuracy of IMIS by comparing assumedtarris (2009)validated the XIMIS method using wind

the estimated 50-yr return period wind speed with otherspeed data at three di erent locations.

methods. The selected methods were: The XIMIS unbiased mean reduced variate for the largest peak

1. The conventional Gumbel extreme-value method (Method 15” an epoch, is:

tted by classical least square; yiDIN.R'C DIn.R C 05772 9)
2. Method 1 but using the Lieblein BLUE method to remove bias;
3. The method suggested biarris (1996)with weighted least whereRis the number of datum epochs in the observation period
square, and, and has a relationship df D RrT; and, assuming the Poisson
4. IMIS as proposed byarris, 1999 process model for independent events applies for the other ranks,

Harris (2001 )showed that IMIS has very small bias and the lowest" PY the generating function:
variability among all methods considered and hence shoeld b 1
preferred when su ciently continuous data are available. Ymc1 D Ym m (10)

In order to avoid the issue of asymptotic convergence (i.e.,
rT! 1 whereT is the reference epoch, e.g.,D 1 year wherem is the rank indecreasingalue from the largest. The
for annual maxima), which is the necessary assumption to uggrincipal advantage of these plotting positions is that the numbe
the asymptotic FT1 model;ook and Harris (2004geveloped of independent value$\ in Equation (5), is not required. Hence,
a general penultimate FT1 model, applicable as the penultimadéIMIS is applicable heavily left-censored or peak-over-thotsh
distribution of extremes when the parent distribution hasth data—a feature which is exploited in this study.

Weibull form or right-tail equivalent to the Weibull form. fAis Equation (9) is the exact analytical expression for the trge
general penultimate FT1 distribution is expressed as: rank of the FT1 distribution, and also for the exponential
( ) distribution to which the FT1 converges in the upper tail.

The exponential class pressure coe cients converge extrgmel

k k
9 .x/ D exp[ exp E(XT U7 ] (8) rapidly. The InR) term represents the Poisson shift in the other

extreme value analysis methods. Equation (10) isGhenbel

wherext is the largest wind speed ah is characteristic largest (1958) generating function for the exponential distribution
value of wind speed in epoch cr is the scale parameter akds ~ (EXxpression (8) on P116) but working down from the highest
the shape parameter of the parent Weibull distribution. ranked value instead of up from the lowest. The accuracy of
Comparisons between this new method as well as the udeduation (10) decreases in the lower tail as FT1 diverges fro
of the ultimate asymptotic FT1 and general extreme valu&Xponential and signi cant error must be eliminated by left-
distributions (GEV) were performed using annual maxima andcensoringHarris (2009)gives’yD exp ()/(2N) as a rst-order
storm maxima wind speed data. The latter was derived bfiPProximation to the error in the lower tail. This is shown in
Cook (19823) using the bootstrapping procedure derived byFigure 3 where the dashed line for the minimum observidd
Cook (2004) It was proven that the use of general penultimateVhich is 4,485 obtained from the currently employed dataset,
FT1 distribution can provide at least as good an empirical tindicates the dierence remains less thdnD 0.01 down to
as the asymptotic GEV distribution. The penultimate FT1 hay D 4.5. This is further into the lower tail than previous
the additional bene t of being able to produce identical rksu Methods and increases the amount of data contributing to
regardless of whether it is wind speed or dynamic pressure. THBE analysis.
GEV produces di erent results for wind speed and dynamic Figure 4shows the XIMIS analysis for the 100 highest suction

pressure which is indefensible as the basis of a design sthnda Peaks in theCptime series at Tap A, fof D 160 min FS, plotted
on Gumbel axes. These suction peak<imtime series will be

The XIMIS Method of Harris, 2009 denoted as “local peaks’ in order to avoid confusion with the
In the nal iteration of improvementsHarris (2009)introduced  estimated peak “minima” by XIMIS or other estimating methods.
XIMIS, an extension of the existing IMIS methoddrris, 1999.  The number of the estimated peak minima will be denoted as
It uses the general penultimate distribution of extremese ThNpea The open circle symbols show the ranked estimated peak
bene t of this method is that this can be applied to di erent values from a single trial and the solid circles show the aesi@y
sets of mutually independent data drawn from the originalall 11 ( 30 60/160D Npeay trials. TheC markers above and
parent to give the same exact distribution of maxima: inahgdi below each value showl standard deviation for the 11 trials—
independent storm maximam-day maxima, and event (e.g., all the values shown here lie inside this range, howeveipably,
thunderstorm or cyclone) maxima. The other bene t is thatgh this is not always the case for the other 10 trials. The lefteha
method does not require the total population of the dath,to  tail, truncated at the 100th largest local peak, remainsiwitie

be known in advance, provided is su ciently large. This allows "y D 0.01 error boundary, indicating more local peaks could have
the method to be applied to heavily left-censored data. Contparebeen used. The e ect of the number of local peaks employed for
with these advantages, the requirement of XIMIS is merely thahe estimation of peak will be discussed in section Applicakilit

the occurrence of the independent events is a Poisson procesbVIS to Wind Pressure Coe cients. The FT1 t for the single
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Applicability of XIMIS to Wind

Pressure Coef cients
The XIMIS method requires that the peak values are independent
and follow the Poisson recurrence model. In the preliminary
calibration of Taps A and BQook, 2016} the 100 highest local
suction peaks were used assuming independence, Bstirka
(1983) and their independence was checked subsequently. Here
a de-clustering algorithm was applied, equivalent to the “storm
search” inCook (1982a)ut based on the up/down-crossings
of the mean, i.e., the same as the assumption inherent in the
Davenport peak factor method. The largest local peak suction
was extracted between each down-crossing of the mean and the
following up-crossing. Hence, the number of independent local
peaksN D rT, wherer is the mean crossing rate (MCR) in the
YGP method, will be obtained in the process of XIMIS method,
but, as previously noted, the method does not use this value—it
merely needs to be large.

The top 100 independent suction peaks used here correspond
to just 0.5 to 2% of all independent local peaks in 30h FS.

trial is shown by the solid line and the average of all 11 drial 11,ig prompts the question: as this is a small proportion, is
by the dashed line. These, and the ts for the other pressurg,q aqgitional overhead of de-clustering necessary? Theben

taps, were made by unweighted least-mean-squares, using
standard slope and intercept functions in Matlatarris (2009)
recommends weighting each value by the reciprocal of the ral
variance, 1/ 2(y), when tting: where 2(y;) D 2/6 D 1.645
2(yn) 1/nZ; but this extra complication

... and 2(yn(;1) D

was selected in the current analysis simply because it is a
nice large round number. This choice was tested by examining

ow the COV Ostandard deviation/average) of the estimated

peak varies with this number of minima useah, in Figure 5.
As expected, the COV decreasesmsincreasesn; D 100

is necessary only with short data sets and makes virtually NGrresponds to a COV of 0.1. However, the COV continues to

di erence with 100 values. The intercept corresponds to the FT}orease for largem
mode, U, and the slope to the inverse of dispersiong, Iffom '

which the 78% hourly-peak value GpD U C 1.4/a.

METHODOLOGY

indicating accuracy could be improved
provided the"y criterion in Figure 3is not exceeded.

If the Cp peaks follow the Poisson recurrence model, as
required by the XIMIS method, the inter-arrival times, will be
exponentially distributedErabson and Palutikof, 2000This is
tested by plotting the inter arrival time of selected locattgn

Each of the analysis methods described below was implementpdaks on exponential axes in terms of the unbiased estimator fo
twice, using the data for Taps A and B: once by NJGn exponential distributiony D —In(1-P) and checking whether
using Excel spreadsheets; and again, by EG using a MATLABe regression coe cientR2, becomes close to 1.

script. Discrepancies between the two implementations were The calculatedR? values for all 496 taps were plotted as
investigated and any errors were corrected before the data f contours over the roof irFigure 6 where white color indicates

all the taps were processed by EG using MATLAB.

R2 1. These contours indicate the high linearity ofandy for
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most of the taps and considerdd Based on these results, it is The Hermite-Davenport Method of  Yang
concluded that a Poisson process model can be applicablpfor et gl. (2013)

hence, XIMIS is valid for wind pressure coe cients. From the extensive review ofp peak estimation methods
. is f . in section Previous Peak Estimation Methods, it is clear the
Consistent Basis for Comparison non-Gaussian peak factor obtained by moment-based Hermite

As the basis adopted for comparison in order to presenpqiynomial translation model has received the attention @iy

the performance of XIMIS, the 78% fractile of the tted researchers. Among several studies dealing with this metel
Fisher-Tippett Type 1(FT1) distribution of hourly-peak suction pathod suggested byang et al. (2013 which will be denoted
values was selected. This is the standard method employed f9¢ «vGp method” hereafter, will be selected for our calibraof
peak estimation in UK and is frequently employed by windyyis method because of its relatively simple use and accuracy
researchers/engineers, worldwide, for its simpliciaganski  ayamined by several researchétsifg et al., 2014; Liu etal., 2017;
et al., 201p This fractile corresponds to the reduced variatey;5 and Xu, 2017; Song et al., 2019

yD 14 forT D 1hFS epochs and stems from the simplied  the yGP method was implemented for 30 trialsToD 1h
Cook-Mayne method ¢ook and Mayne, 199@Gvhich accounts  gs and the rst four moments were computed for each.

for the joint statistics of wind speed and pressure coe ciead ¢ Davenports peak factor was evaluated from the datum
has become a de-facto international standard. Many of theiot faciile P D 0.78 and the MCR by directly counting down-

cited works also use this datum. crossings of the mean, giving hourly rates in the range
Because the methods described below use a range of actyalgg < ¢ < 20.000. The Hermite shape parametecs

or implied epochs,T, it is necessary .to adjust the .results t0and & in YGP were evaluated from the YGP polynomial

a datum period, T D 1h, for a consistent comparison. For gypressions, enabling the Hermite transformation and the

EVA, a characteristic of the FT1 distribution is that resufitom 78% fractile Cp to be computed. The YGP polynomial

one ?pOCh!T}" may be translated to another epochz, by  gxpressions evade the need to apply the Choi & Sweetman

applying the “Poisson shiftly D In(T1/T2) so, for example, test (vang et al., 20)3to see whether the transformation is

that 10min peaks are translated to 1h peaks uslngD —  yajid, but only 17 of the 496 taps fail this test, including

In(60/10), as demonstrated in the previous calibration eis&r 155 A

of Cook (1982b)For the YGP method, the mean crossing rate, The evaluation steps for the following three methods aredist

r, is expressed as crossings per hour. For XIMIS, this is By Taple 1to show XIMIS is not di cult to implement compared
adjustingR in Equation (9). For example, for the one hundred yith the other methods.

and eighty 10-min record®}k D 10/60D 1/6 because the record
is shorter than the datum epoch, but for the whole 30 h record,
R D (30 60)/60 D 30 because the record is larger than theRESULTS
datum epoch.

. Method Bias Ratio
Datum Extreme-Value Analysis The bias ratio (method value/datum value) averaged over
The extremely long data record allows the standard EVA t@ill taps is commonly used as a simple basis of comparison
estimate the 78% fractile to an unprecedented degree ofacgur petween methods. With multiple trials, the overall performance
as a datum to assess the other methods. For the datum EVA, tl¢ a method may be expressed as the average bias for all
Cprecord was divided into 180 epochs ©fD 10min FS and trials and the statistical variability by the standard deign
the peak local suctio@p extracted from eactFigure 7Ashows  between trialsFigure 8 displays the overall performance of the
the Gumbel plots for the four marked taps using tBengorten  methods as ranges with the average in the center of each range
(1963) unbiased plotting positions of Equation (5b), togetherand plus/minus one standard error either side. The average
with the tted FT1 models (straight lines) and the 5%/95%is calculated as the average of estimated peaks for each tap
bootstrapped con dence limits (dashed curves). The data argalculated by the method divided by the average of the datum
an excellent t to the model in the body of the distribution peaks. The standard error is calculated as square root of the
and the tails remain within the con dence limits. As there is average squared standard deviation for each tap, divided by
no discernible curvature in these plots, there is no justiica  the average of datum peak. It is immediately apparent, from
for tting a GEV model, since its shape parameter will not bethe way the ranges for each method overlap, that the natural
distinguishable from zeradrigure 7B shows the distribution of  statistical variation dominates over the dierences betwee
the datum 78% values over the roof after applying the Poissomethods. All XIMIS methods excefit D 30 h FS underestimate

shifttoT D 1 hFS. compared with the datum although the amount, as well as
. " the variation, becomes less for largerFor XIMIS method of
Industry Standard T D 160min FS, which requires the same lengthQy time
Extreme-Value Analysis series as the industry standard EVA method (EMAD 16 and

For comparison with historical industry practice, the datareve T D 10min), statistical variability is apparently less than the
subdivided into sets dfl D 16 epochs of D 10 min FS, giving 11 industry standard EVA, which indicates the superiority ohNHB
independent trials of 160 min recordblgeaD 11), each of which  (Note: For XIMIS atT D 30h, the standard error of the single
were assessed in exactly the same manner as the datum EVA. trial was estimated by extrapolating the trend from the other
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FIGURE 6 | Contour of the regression coef cients,R?, of the inter arrival time of selected local suction peaks,, for different epochs:(A) 60 trials of T D 30 min, (B)
11 trials of T D160 min, (C) 3 trials of T D 10h, (D) 1 trial of T D 30h.

o
o
AN
o

Tap D

y=-In(-InP)

FIGURE 7 | Datum extreme-value analysis(A) Gumbel plot for Taps A to D,T D 10 min FS, (B) Distribution of 78%Cp, TD 1 h FS.

cases). However, the YGP method signi cantly underestamat performance of XIMIS is clear for all epochs considered

The YGP results for other values ®f not reported here, are over YGP.

virtually identical. The issue with the average bias ratio is that it gives every ta
Figure 9presents the average bias ratio for each tap calculatede same in uence, or weight, irrespective of its value. As th

by dierent methods where white color indicate bias ratio highest suctions are con ned to the taps close to the windward
1 and warm and cold colors indicate deviation from ledges of each roof slope, the average is biased toward the

(below 1 and above 1, respectively). Again, the superianany more taps where the suctions are much lowégure 10A
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TABLE 1 | Evaluation steps for the three methods.

Step Industry standard EVA YGP method ( Yang et al., 2013) XIMIS (Harris, 2009)
1 EvaluateGringorten (1963)reduced variates,y Compute the rst four moments of Cp, mean Evaluate the top 100 reduced variatesy,
D —In {~InP)}, forN D 16 (), rms (), skewness §), and kurtosis () from Equations (9) and (10)
2 Divide Cp data into 16 epochs of T D 10 min Locate and count up-crossings of the mean to Compute mean Cp
give hourly MCR,r
3 Extract the largest suction value from each Evaluate the peak factor foi® D 0.78 for a Find the local suction peakCp between
epoch and rank inascending order of value Gaussian’Process,u, from Davenport's formula: each down-crossing and up-crossing of
g.u/' D 2In(T=In (1=P)) whereT D 1h the mean
4 Evaluate the mode,U, and dispersion, a, from Evaluate parametersc and ¢4 from s and Sort the 100 largest local suction peaks in
the intercept and slope ofy vs. Cp using YGP polynomial expression [Equations descending order of value
(11) and (12) invang et al. (2013) respectively]
5 Evaluate the 78% fractile fofT D 1 h from Evaluate the Hermite transformation of(u), Evaluate the mode,U, and dispersion, a,
CpDUC({14C In(6)}a using YGP expression [Equation (1) ilfang from the intercept and slope ofy vs. Cp
et al. (2013], to give g(Cp)
6 Evaluate the 78% fractile fofT D 1 h from Evaluate the 78% fractile for periodR (in
CpD Cg(Cp) this case, in hours) fromCp D U C 1.4/a

The negative sign in Davenport's peak factor formula in step 3 of the YGPethod is required for peak suctions.

EVA 16*T=10min ‘ s ‘ >
YGP T=1h [ ‘
XIMIST=30h | C———— T
XIMIS T=10h | ;}
XIMIS T=160min [ —
XIMIST=1h [ : ‘
XIMIS T=30min | [ : : :
XIMIS T=10min — : o |
0.85 0.9 0.95 1 1.05 11

Average bias ratio + standard error for 78% Cp

FIGURE 8 | Average of performance of methods.

displays the bias ratio for each individual tap, averaged theer (b) The YGP method folT D 1h shows the most anomalies,
30 trials forT D 1h, for the XIMIS methods plotted against ranging from overestimation by 0.5 in the zones of high
the datum values. Although the scatter is greater at the lowe suction to underestimation by more thadl over much of
suctions, XIMIS shows close to unity at higher suctions. the rest of the roof. The distinct patterns of anomalies over
the roof indicate they are caused by the physics of the ow.

Method Anomaly z(;)rt:i:):/;lﬁlsnofr showed virtually the same anomalies, so

The ‘anomaly (method value—dat.um value) may .be a bett.ec) to (f) The XMIS method for values af from T D 160 min
measure of performance, especially for assessing cladding; down toT D 10min shows the same patterns of anomalies

because it is a direct measure of how wrong a value can be— . ith the i o .
as these are suctions, negative anomaly indicates cotisenva emerging but with the increase of overestimation for suttio
’ peaks as the value af decreases. AT D 160min, (c)

and positive anomaly indicates non-conservatigfigure 10B is directly comparable with (a) but, surprisingly, shows
presents the average anomaly for each tap for the same cases as_,. . . . .
i U slightly higher anomalies. Previous experience suggests
in Figure 10Aand shows that the regression line for the XIMIS . :

XIMIS should perform better because it exploits more data

anomaly remains close to zero. (Perhaps it does, and it is because it exploits more data that it

cati‘,:g)tl) qtlheesmr)]nsliisvg;etalerow?)?/irat?](;nr]:gfgiririlr;n:v(\gn O is better able to reveal the physical patterns). The key nding
y phy is that using the shortest feasible record lengtt) 10 min,

the average anomaly for all trlals_ of the methOdS plotted as the XIMIS method still performs signi cantly better than the
contours over the roof where white color indicates anomaly YGP method

0 and warm and cold colors indicate deviation from 0 in
the negative and in the positive, respectively, using comgiste

contour intervals and shading for direct comparison: Quantile-Quantile Plots

The quantile-quantile (Q-Q) plot is another common approach

(a) The EVA, using 16 epochs @f D 10 min, shows the least for assessing performancEigures 12A,Bshow theN D 16
anomalies, within 0.05 across most of the roof, and is aand T D 10 min EVA andT D 160 min XIMIS averaged values
vindication of the “industry standard.” for each tap plotted against the datum 78%p, respectively.

Frontiers in Built Environment | www.frontiersin.org 9 April 2019 | Volume 5 | Article 48


https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://www.frontiersin.org/journals/built-environment#articles

Gavanski and Cook Evaluation of XIMIS

FIGURE 9 | Spatial distribution of the average performance for each nthod: (A) EVAN D 16 and T D 10 min (NpeakD 11), (B) YGP T D 60 min (NpeakD 30), (C)
XIMIST D 160 min (NpeakD 11), (D) XIMIST D 60 min (NpeakD 30), (E) XIMIST D 30 min (NpeakD 60), (F) XIMIST D 10 min (NpeakD 180).

FIGURE 10 | XIMIS bias and average anomaly vs. datum design value farD 1 h records (NpeakD 30): (A) bias (method/datum),(B) anomaly (method—datum).

The positions of the four taps A to D are shown. Two Figures 12C,Dshow similar Q-Q plots of the YGP method
regression lines were tted: one a conventional t, givingand XIMIS for T D 1h, respectively. There is signi cantly
slope and intercept; and the other a t forced through themore scatter in the YGP method than in XIMIS and this is
origin, giving only a slope. The t forced through zero hasre ected in the lower regression coe cients. The two slopes fo
a slope marginally to the underestimate side of unity, whildhe YGP method diverge from unity by 3% (underestimate)
the conventional t has a slope marginally to the overestienat for the t through the origin to C7% (overestimate), with an
side of unity and an intercept to underestimate side ofintercept of C0.35 (underestimate), while the corresponding
zero—echoing the results in sections Method Bias Ratio andhlues for XIMIS are much lower. Thisis re ected in the posigon
Method Anomaly, respectively. In all cases, the regressioof the four highlighted taps which move o the regression
coe cient R2 > 0.998 would generally be taken to indicate anlines for YGP. It is noted that Taps A and B are outside of
excellent t and the di erences between these two methods tdhe e ective region of YGP method and this may lead such
be insigni cant. large deviations.
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FIGURE 11 | Spatial distribution of the average anomaly for each methadA) EVAN D 16 and T D 10 min (NpeakD 11), (B) YGPT D 60 min (NpeakD 30), (C) XIMIS
T D 160 min (NpeakD 11), (D) XIMIST D 60 min (NpeakD 30), (E) XIMIST D 30 min (Npeak D 60), (F) XIMIST D 10 min (Npeax D 180).

FIGURE 12 | Q-Q plot for each method: (A) EVAN D 16 and T D 10 min (Npeak D 11), (B) XIMIST D 160 min (Npeak D 11), (C) YGP T D 60 min Npeak D 30), (D)
XIMIST D 60 min (Npeak D 30).

Summary for the mean and the standard error of all trial3able 2
The average performance of the methods is summarized ialso gives the corresponding parameters for linear regnessio
Table 2 The bias ratio is as de ned in section Method Biasbetween the methods and the datum. In the “regression thinoug
Ratio above: the simple ratio of the method and datum valuesero” column, the t is forced through the origin, so the only
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di erence between these and the simple “bias ratio” values ikurtosis for the EVA, XIMIS and YGP methods—there
that they are di erently weighted: i.e., by minimizing theusge is no signicant trend with kurtosis, but the degree of
error rather than a simple ratio. Infable 2, the bias ratios scatter is seen to be the least for EVA and the greatest
and regression-through-zero slopes are consistently less thfor YGP.
unity, suggesting underestimation. However, the corresion .
conventional linear regression slopes are all greater ttyu Equivalent Peak Factor
with small positive o sets, indicating underestimation aw  From the results presented in section Results, it became clear
suctions and overestimation of high suctions which, in thethat the HPM methodology does perform poorly in comparison
context of design is conservative. Note that XIMISTdp 10min ~ With direct EVA or XIMIS. The previous calibration of the
outperforms YGP forT D 1h and XIMIS for longerT gets Davenport peak-factor methodCok, 1982p attributed its
progressively better. insu cient accuracy to intermittency of the ow regime in
The method variability is quanti ed by the overall standard the re-attachment zones behind the high-suction zones along
errors in the furthest right column ofTable 2 These were the roof edges elevating the required peak factor value. The
computed by taking the square root of the average squared COMermite polynomial translation method should account for
for each tap. Here it is seen that the YGP method is the leadfiis by predicting the peak factor from the skewness and
variable because the moments of the data used by the metleod durtosis. Figure 14 shows the Q-Q plot of the peak factor
inherently more stable than the extremes. XIMIS outperforhes t predicted by YGP and the datum value, back-calculated from
industrial standard EVA method foF D 30 min, or longer. the 78% datum (cross symbols). YGP values are 9% too
low, on average, and the random scatter is very large. The
solid circles denote the peak factors for datum suctionselarg

DISCUSSION OF RESULTS than Cp D 5, for which the YGP peak factors are 1% too
. L large. Given that the YGP peak factor is conservative for
Non-Gaussian Characteristics the largest suctions, the de ciency for the smaller suction

The essential dierence between the Davenport peak factahay not seem important, but this de ciency applies to most
method and extreme-value method is that the formerof the roof area, so panel loads and overall uplift will
estimates the distribution of extremes indirectly from thepe underestimated.

parent distribution, i.e., upwards from below, whereas the | o etal. (2016gonclude that “compared with HPM, XIMIS
EVA method estimates directly from the extremes, i.e.mayindeed provide better estimations but it is more compkcht
downwards from above. The peak factor method assumegnd inconvenient to deal with many pressure taps.” While the
a Gaussian process, where the corresponding skewness igid}ivation of both methods is very complex, the implementatio
and the kurtosis is 3. HPM corrects the peak factor for theof XIMIS is simple and requires similar number of steps to the
non-Gaussian values of skewness and kurtosis on a tap-fogne for YGP as shown iffable 1 The benet to wind tunnel
tap basis. The question to be answered is “how well doggsting is that the record length for XIMIS can be reduced by

it succeed?” a factor of six, and still the results remain better than HPM,
The EVA methods make no assumption of Gaussiamn average.

characteristics but require only that the epochal extremes

are statistically independent. XIMIS additionally requiresThe Role of Process Models

that the sub-epochal extremes follow a Poisson procesX]MIS is only an extreme value analysis method, not a process
and this is ensured by the de-clustering proceduremodel. This study shows XIMIS to be superior to HPM (YGP)

The standard EVA and the XIMIS methods should bein this specic role. However, there are applications in which a
independent of skewness and kurtosiBigure 13 shows process model is a requirement. One example is the non-linear
the average method anomaly at each tap plotted againstsponse of tall buildings to wind loads for which a non-Gaassi

TABLE 2 | Summary of method performance and variability.

T (min) Bias ratio of method average Regression through zero Lin ear regression Overall standard error
Slope R2 Slope Offset R2
EVA 16 10 0.997 0.998 0.9997 1.002 0.014 0.9997 0.0938
YGP 60 0.946 0.970 0.9513 1.071 0.351 0.9618 0.0644
30 0.943 0.968 0.9507 1.071 0.359 0.9617 0.0763
10 0.910 0.936 0.9489 1.042 0.372 0.9614 0.1972
XIMIS 160 0.987 0.991 0.9983 1.007 0.056 0.9986 0.0680
60 0.979 0.986 0.9943 1.018 0.110 0.9955 0.0778
30 0.977 0.988 0.9892 1.031 0.152 0.9914 0.0851
10 0.982 0.998 0.9749 1.064 0.230 0.9796 0.0981
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FIGURE 13 | Kurtosis vs. Anomaly:(A) EVAN D 16 and T D 10 min (Npeak D 11), (B) XIMIST D 160 min (Npeak D 11), (C) XIMIST D 60 min (Npeak D 30), (D) YGP
T D 60 min Npeak D 30).

FIGURE 14 | Q-Q plot of YGP peak factor vs. the equivalent datum peak fact.

process model for wind loading is needed to drive the non-linea  The natural statistical variation between trials domirsateer
equations of motion. As yet there is no better alternative fo the di erences between the methods.
this than HPM. The calibration in this study helps establise th  Conventional EVA using epoch maxima gives the most

con dence that can be placed onit. accurate estimates of peak suctions, but is ine cient in its use
of the data, requiring signi cantly longer data records tha
CONCLUSIONS YGP or XIMIS.

The implementation of XIMIS is as simple as the one of YGP
The XIMIS method, which uses the general penultimate and remains more accurate than YGP even with data records
distribution of extremes and was suggested for the peak wind six times shorter.
speed estimation, was introduced as an alternative the peak The choice of record length for XIMIS is a compromise
wind pressure coe cient estimation. Its historical deviati between accuracy and economy.
through preceded studies, bene t and accuracy were summgariz
by presenting comparisons with commonly used and recenAUTHOR CONTRIBUTIONS
prevalent peak estimation methods, Gumbel extreme-value
analysis and the Hermite-Davenport methodafng etal. (2013) NC performed the data analysis on two taps using excel, then
respectively. The main conclusions from the study are: EG performed the same analysis using Matlab to con rm the
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accuracy of the analysis before analyzing all taps. EG prepar@dCKNOWLEDGMENTS
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