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ABSTRACT: Probabilistic performance-based wind engineering (PBWE) is a state-of-the-art
framework that allows for direct uncertainty propagation through the hazard, aerodynamic, structural
response, damage, and loss models in assessing the performance of building systems subject to wind
loads. To enable the application of PBWE, the aerodynamic model needs to be capable of simulating
multi-variate stochastic processes representing the dynamic wind loads acting on the system. For
efficient simulation, models based on spectral proper orthogonal decomposition (POD) are of interest
because such an approach allows subprocesses to be generated independently while a few spectral
modes are needed to adequately represent the fluctuating component of the wind load, hence
significantly reducing the computational cost. To ensure that the aerodynamic phenomena observed in
the wind tunnel are captured and used to inform the aerodynamic model, a data-driven POD-based
stochastic wind model has been recently proposed where wind tunnel data is used to calibrate the
spectral modes and eigenvalues of the target load processes. While the proposed model can serve as a
general wind simulation tool for any wind direction and geometry, errors associated with such a model
need to be quantified and treated properly in applications of PBWE. To investigate the errors, an
extensive experimental study on a rectangular building model was conducted at the University of Florida
NHERI boundary layer wind tunnel for varying wind directions and experimental settings. In particular,
tests were performed for a total duration, at model scale, of 15 minutes and repeated five times in
increments of 10 degrees. The datasets were divided into two groups; one was used to define the target
spectra while the other was used as a testing set to evaluate the errors. Three types of errors were
analyzed including the errors associated with using standard wind tunnel data (e.g., a single 32-second
record), numerical scheme, and truncation of spectral modes. Results reveal insights into typical model
errors and control techniques that help facilitate the development of practical guidance on the use of the
proposed wind tunnel-informed stochastic load model in a PBWE setting.
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In Performance-Based Wind Engineering (PBWE)
frameworks, one critical step to accurately assess
the performance of wind-excited building systems
is the simulation of multivariate dynamic wind pro-
cesses (Chuang and Spence, 2017; Ouyang and
Spence, 2020, 2021a,b; Chuang and Spence, 2022;
Arunachalam and Spence, 2022). Not only do un-
certainties associated with wind processes need to
be accounted for, but the aerodynamic phenom-
ena for specific building geometry and wind con-
ditions also need to be adequately modeled. Sev-
eral stochastic wind models have been developed
over the last decades. Among these, spectral rep-
resentation methods (SRM), and in particular mod-
els based on spectral proper orthogonal decompo-
sition (POD), have been widely used in the field
of wind engineering due to their computational ef-
ficiency and mode truncation capability (Deodatis,
1996; Shinozuka, 1987; Chen and Kareem, 2005;
Shinozuka, 1971). Most POD-based stochastic
wind models are calibrated from the generalized
expression of the covariance or cross power spec-
tral density (CPSD) matrices of the wind processes.
Even though much effort has been placed on defin-
ing generalized spectra formulations for estimating
along-wind, cross-wind, and torsional responses of
systems under wind loads (Kaimal and Finnigan,
1994; Davenport, 1971), there are currently no re-
liable models that can simulate building-specific
aerodynamic effects for general geometry and wind
directions.

A data-driven approach has recently been pro-
posed where wind tunnel data is used to calibrate
the POD-based stochastic models aimed at repro-
ducing aerodynamic phenomena captured during
wind tunnel testing (Suksuwan and Spence, 2018,
2019; Ouyang and Spence, 2020). The significant
advantage of the proposed method is its applicabil-
ity to general building geometry, terrain conditions,
and wind directions. However, two main issues
arise from using wind tunnel-informed stochastic
wind models. First, typical wind tunnel records
last from 30 seconds to 1 minute and may not ad-
equately represent the underlying stochastic pro-
cesses. If these records are used to calibrate the
model, errors can propagate to the simulation. Sec-

ond, the extent of errors associated with using typ-
ical wind tunnel records and mode truncation has
not yet been investigated.

In order to quantify the errors associated with
using the proposed data-driven stochastic wind
model, experimental data have been collected on
a rectangular model for multiple wind directions
(e.g., 0◦, 90◦). The large set of collected data is
divided into two groups: the first is used to define
the target spectra, which is later considered as a ref-
erence value for error measurement, while the rest
is divided into individual 32-second records to esti-
mate errors associated with wind tunnel record vari-
ability. To simulate multivariate stationary Gaus-
sian wind loads (i.e., wind forces), the POD-based
SRM is employed, and the target spectra are used
to calibrate the model. Three error measurements
are investigated in this study: errors associated with
the variability of wind tunnel records, errors asso-
ciated with the numerical model, and errors asso-
ciated with the truncation of modes, with an aim
to provide clearer guidance on using this type of
approach for simulation of multivariate stationary
Gaussian processes.

1. POD-BASED DECOMPOSITION OF THE

CPSD
The CPSD matrix of a multivariate stationary

random process can be decomposed using the POD
method. In particular, the vector-valued stochas-
tic process, FFF(t;α) = {F1(t;α), ...,FN(t;α)}T , can
be expressed in the frequency-domain after a fast
Fourier transformation (FFT) in terms of its orthog-
onal modes, ΦΦΦ(ω;α), as:

FFF(ω;α) =
N

∑
n=1

ΦΦΦ(ω;α)an(ω;α) (1)

where ω is the frequency, α is the wind direc-
tion, N is the number of subproccesses, ΦΦΦ(ω;α) =
[ΦΦΦ1(ω;α), ...,ΦΦΦN(ω;α)], and an(ω;α) is a compo-
nent of aaa(ω;α), which is the FFT of the expansion
series aaa(t;α). The orthogonal modes are defined as
the solution to the following eigenproblem:

SSSF(ω;α)ΦΦΦn(ω;α) = Λn(ω;α)ΦΦΦn(ω;α) (2)

where SSSF(ω;α) is the two-sided CPSD ma-
trix of FFF(t;α), and can also be expressed
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in terms of mode functions as SSSF(ω;α) =

∑
N
n=1 Λn(ω;α)ΦΦΦn(ω;α)ΦΦΦ∗

n(ω;α), where the aster-
isk represents the conjugate transpose of the eigen-
value matrix, and Λn(ω;α) is the corresponding
eigenvalue. Through this expression, it can be seen
that SSSF(ω;α) can be obtained by summing the con-
tribution of each mode (Chen and Kareem, 2005).
The first few modes usually capture most energy,
hence allowing the truncation of higher frequency
modes with no significant effects on the statistical
properties and frequency content of the process.

2. SIMULATION OF WIND LOAD PROCESS
To simulate the valued-vector stationary Gaus-

sian process, the data-driven spectral POD ap-
proach is adopted in this study (Suksuwan and
Spence, 2018; Ouyang and Spence, 2020). The
data-informed approach uses the CPSD matrix of
the wind load process obtained directly from a
wind tunnel realization to calibrate the second-
order statistics of the stochastic model. Through
this approach, each subprocess can be simulated in-
dependently using the following mathematical ex-
pression:

F̃n(t;α) =
Nω−1

∑
j=0

2|ΦΦΦn(ω j;α)|
√

Λn(ω j;α)∆ω×

cos(ω jt +θ j(ω j)+φn j)
(3)

where ΦΦΦn(ω;α) and Λn(ω;α) are obtained directly
from the wind tunnel realization, Nω is the total
number of frequency increments (limited by the
Nyquist cut-off frequency), α is the wind direction
of the wind tunnel realization, ∆ω is the frequency
increment with ω j = j∆ω , φn j is a random num-
ber generated from a uniform distribution between
[0,2π], and θ j(ω j) is the phase angle such that
θ j(ω j) = tan−1 (Im(ΦΦΦn(ω j;α))/Re(ΦΦΦn(ω j;α))

)
.

The summation of the first Nm (Nm < N) subpro-
cesses, F̃n(t;α), associated with the largest eigen-
values gives the reduced-order simulated process
(Chen and Kareem, 2005).

To obtain ΦΦΦn(ω;α) and Λn(ω;α) through
Eq.(2), the CPSD matrix, SSSF(ω;α), is estimated
directly from the wind tunnel realization. In esti-
mating SSSF(ω;α), Welch’s method (Welch, 1967)
is adopted in this study. The method is based on

dividing the signal (e.g., wind load process) into
blocks, applying a window (e.g., Hanning window),
and averaging their periodograms (Welch, 1967;
Solomon Jr, 1991). By averaging a number of peri-
odograms, the noise in the signal is reduced, hence
smoothing the spectra and reducing the bias toward
a particular realization.

3. ERROR ASSESSMENT

With the aim of quantifying errors associated
with using a typical wind tunnel realization to cal-
ibrate the stochastic wind model, the target spec-
tra are first defined as the baseline to which spectra
obtained from typical wind tunnel realizations as
well as simulations can be compared. In this work,
the ‘target’ spectra are obtained from the ensem-
ble average of spectra estimated from many repe-
titions of the wind tunnel test. The ‘typical’ spec-
tra are obtained from a single short-duration (e.g.,
32 seconds) wind tunnel realization. The ‘simu-
lated’ spectra are obtained from the simulated pro-
cess, which was generated following the simulation
method of Section 2 where the target spectra were
used to calibrate the model.

Three types of errors are investigated that are
associated with: (1) typical wind tunnel records,
(2) numerical model, and (3) truncation of modes.
These errors are assessed based on the second-order
statistics of the process, such as the variance and
correlation coefficients. In particular, to assess the
typical record error, the error of variance, εn, is de-
fined here as:

εn =

(
σ2

n −σ2
nT

σ2
nT

)
×100% (4)

where σ2
n is the variance of the typical realization,

estimated through the integration of the ‘typical’
auto-spectrum, while σ2

nT
is the target variance, es-

timated through the integration of the ‘target’ auto-
spectrum. For the off-diagonal components of the
CPSD, the typical record error is estimated in terms
of the difference between correlation coefficients,
ξnp, as follows:

ξnp = ρT,np −ρR,np (5)
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where
ρT,np =

σnpT√
σ2

nT
σ2

pT

(6)

ρR,np =
σnp√
σ2

n σ2
p

(7)

where ρT,np and ρR,np are the correlation coeffi-
cients of a given pair of components n and p of
the ‘target’ and the ‘typical’ realization; σnp is the
covariance of the typical realization, estimated by
integrating the cospectrum (real part of the CPSD);
σnpT is the covariance estimated through the inte-
gration of the target cospectrum, where n= 1, ...,N,
and p = 1, ...,N.

It should be noted that a similar scheme to
Eqs.(4)-(7) is applied to assess the errors associ-
ated with the numerical scheme and mode trunca-
tion by replacing the ‘typical’ realization with the
‘simulated’ realization considering all modes or a
truncated set of modes.

4. EXPERIMENTATION AND DATA PROCESSING

Extensive experimental testing was conducted on
a rigid rectangular model for multiple wind direc-
tions considering a suburban terrain condition. The
experiments were carried out at the Natural Haz-
ards Engineering Research Infrastructure (NHERI)
Boundary Layer Wind Tunnel (BLWT) at the Uni-
versity of Florida. The pressure acting on the model
was simultaneously recorded using a Scanivalve
system on a total of 512 pressure taps. The config-
uration of taps and geometry of the model is shown
in Fig. 1(a). The testing was conducted over 15
minutes and repeated five times for multiple wind
directions.

The recorded data from the pressure taps were
converted to equivalent force coefficients acting on
each floor of a 25-story building at a 1:200 scale.
The force coefficients are decomposed in the x and
y translational directions as well as rotation around
the z direction, as shown in Fig. 1(b), and are esti-
mated as:

CFx,k(t) =
Fx,k(t)
qBxH

(8)

CFy,k(t) =
Fy,k(t)
qByH

(9)

Fx

Fy

Tz

Wind ( =0°)

Wind ( =90°)

(b) Coordinate system(a) Scale model

Figure 1: (a) Model geometry and pressure tap config-
uration; and (b) Coordinate system of forces and wind
directions.

CTz,k(t) =
Tz,k(t)

qH B2
max
2

(10)

where CFx,k(t), CFy,k(t), CTz,k(t) are the dynamic
force coefficients at the kth floor; Fx,k(t), Fy,k(t),
Tz,k(t) are the resultant forces and moment esti-
mated from integrating the pressure acting on the
tributary area associated with each floor; H is the
height of the model; Bx and By are the plan dimen-
sions of the building; Bmax is the maximum plan di-
mension of the building; q is the dynamic pressure
defined as q = 1/2ρU2

H ; ρ is the air density; and
UH is the mean wind speed at the model height.
A total of 75 dynamic wind force coefficients are
defined for the building, corresponding to the two
forces and one moment acting at each of the 25
stories. The dynamic force coefficients were stan-
dardized prior to the calibration of the stochastic
model to allow a more evenly distributed energy
over the eigenvalues, which can enhance the effi-
cacy of mode truncation.

The large wind tunnel dataset was divided into
two sets: one set was used to define the target spec-
tra; while the remaining set was used as a testing
set to assess errors. Regarding the target spectra for
each wind direction, 10 minutes of data from each
repetition were used, resulting in a total of 50 min-
utes of data. This 50-minute dataset was divided
into 750 segments of 4-s. The CPSD matrices were
estimated and averaged over all 150 segments to ob-
tain the target spectra. As for the testing set, the
remaining data were divided into 44 and 45 typical
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Figure 2: PSD of force coefficient at the 10th floor in
the x-direction for α = 0◦

32-second realizations for α = 0◦ and α = 90◦ re-
spectively. Welch’s averaging method with a Han-
ning window and 50% overlap was applied to each
realization to obtain the smothered spectra.

5. RESULTS

5.1. Overview
Three types of errors were assessed using the

scheme of Section 4 and are presented in this sec-
tion for two wind directions, α = 0◦ and α = 90◦.

5.2. Typical wind tunnel record error
Figures 2-3 show the smoothed PSD, SR, for 32-

second realizations from the testing data set com-
pared to the target PSD of CFx(t) at the 10th floor,
for α = 0◦ and α = 90◦ , respectively. It can be
observed that the PSDs associated with typical re-
alizations are scattered around the target in both
wind directions. This demonstrates that each typ-
ical wind tunnel record has some level of variabil-
ity. Nonetheless, the expected PSD, E[SR], is close
to the target, indicating the consistency of the sam-
pling, therefore allowing the records to be regarded
as representative of the stochastic process. For
all other components, similar conclusions could be
drawn.

For each force component, the mean error of
variance, µ(ε), was calculated over all typical re-
alizations. Looking over all 75 components, the ex-
pectation, E[µ(ε)], the maximum, max[µ(ε)], and
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Figure 3: PSD of force coefficient at the 10th floor in
the x-direction for α = 90◦

the minimum, min[µ(ε)], of mean errors were es-
timated and are summarized in Table 1 for both
wind directions. It can be seen that µ(ε) varies
between 1± 3%. This also agrees with the results
from Figs. 2-3, at which small biases were ob-
served for E[SR]. The standard deviation, σ(ε), of
these errors for each force component was also es-
timated. The expectation, minimum, and maximum
values of σ(ε) over all 75 components are also pre-
sented in Table 1. It can be seen that σ(ε) varies
between 6± 3%, which also confirms the variabil-
ity observed in Figs. 2-3 for typical records. The
error statistics are somewhat close for both wind
directions, which may imply that the variability is
independent of wind direction.

Similarly, Table 2 presents the expectation,
E[µ(ξ )], minimum value, min[µ(ξ )], and maxi-
mum value, max[µ(ξ )], of the mean errors, µ(ξ ),
associated with the correlation coefficients. The re-
sults of Table 2 show how µ(ξ ) is contained in the
range -0.02 to 0.016, with a certain degree of vari-
ability, indicated by the standard deviation, σ(ξ ),
of up to 0.06 – similar behavior as to what was ob-
served for the errors of variance. The error statis-
tics of the correlation coefficients for both wind di-
rections are also close, which may indicate that the
variability does not change considerably with wind
direction. Other wind directions and experimental
settings are currently under investigation.
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Table 1: Statistics of the errors in the variance, ε , for
α = 0◦ and α = 90◦.

α 0◦ 90◦

min[µ(ε)] -2.49% -2.66%
E[µ(ε)] -1.28% 0.21%
max[µ(ε)] 0.75% 1.81%
min[σ(ε)] 5.84% 4.85%
E[σ(ε)] 7.52% 6.36%
max[σ(ε)] 8.73% 7.25%

Table 2: Statistics of the errors in the correlation coeffi-
cients, ξ , for α = 0◦ and α = 90◦.

α 0◦ 90◦

min[µ(ξ )] -0.0109 -0.0201
E[µ(ξ )] 5.8744E-4 0.0011
max[µ(ξ )] 0.0160 0.0167
min[σ(ξ )] 9.56E-17 9.75E-17
E[σ(ξ )] 0.0346 0.0350
max[σ(ξ )] 0.0566 0.0609

5.3. Numerical model error
Figure 4 shows the statistics of the errors asso-

ciated with the numerical model for various sam-
ple sizes ranging between 1,000 and 50,000 simu-
lations for α = 0◦ and α = 90◦. For each simula-
tion, a 4-second signal was generated using the tar-
get spectra to calibrate the process. A convergence
trend is clearly observed when the sample size in-
creases, as is expected in stochastic simulation. The
values of min[µ(ε)] and max[µ(ε)] are respectively
-0.07% and 0.07% for α = 0◦, and -0.08% to 0.15%
for α = 90◦ for 50,000 samples. For µ(ξ ), the val-
ues range from −2×10−3 to 2.6×10−3. This im-
plies the errors introduced by the numerical model
are negligible.

5.4. Mode truncation error
To investigate the errors associated with the trun-

cation of modes, a total of 40,000 samples were
generated, considering 1, 5, 10, 15, 20, 25, and
75 modes. The truncation of modes can increase
computational speed with minimal effect on the ac-
curacy of the simulation if a sufficient number of
modes are considered. Figure 5(a) shows the ex-
pected mean error of variance, E[µ(ε)], while Fig.
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Figure 4: Error associated with the numerical model
for different sample sizes, and α = 0◦ and α = 90◦: (a)
Statistics of ε; and (b) Statistics of ξ .
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Figure 5: (a) Expected errors of variance, E[µ(ε)], for
mode truncation; (b) Expected errors of the correlation
coefficients, E[µ(ξ )], for mode truncation.

5(b) shows the expected error in the correlation co-
efficients, E[µ(ξ )], for different number of modes.
The expected errors clearly decrease as more modes
are considered in the simulation. With around 20
modes, 27% of all modes, the errors start to be neg-
ligible, on the order of -0.19% to -0.54%. There-
fore, even though truncation of modes can be em-
ployed in the simulation, the inclusion of higher fre-
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quency modes is essential to assure the accuracy of
simulation using data-driven POD-based stochastic
wind load model.

6. CONCLUSIONS
This study investigated the errors associated with

a data-informed POD-based stochastic wind load
model for the simulation of stationary multivari-
ate Gaussian processes, such as wind force coeffi-
cients. To enable error quantification of the stochas-
tic model, an extensive experimental study on a
rigid rectangular model was conducted consider-
ing multiple wind directions. In addition to er-
rors associated with the numerical model and mode
truncation, errors associated with the use of typi-
cal wind tunnel datasets during the calibration of
the POD-based stochastic wind load model were in-
vestigated. From the preliminary results obtained
for the wind directions of 0 and 90 degrees, vari-
ability in the spectra calibrated to a typical wind
tunnel record was observed and the resulting errors
were quantified. Regarding the numerical model,
negligible errors are observed. For truncation of
modes in the simulation of force coefficients, it is
necessary to use a sufficient number of modes to
avoid introducing errors in the simulation. How-
ever, it is still possible to truncate more than 70%
of modes, yet have negligible errors introduced in
the simulation. The results provide evidence of the
uncertainty associated with the use of typical wind
tunnel datasets, as well as guidance on using the
wind tunnel-informed stochastic wind load model
calibrated to typical wind tunnel datasets. Further
analysis for multiple wind directions and the effects
when proximity models are included will be con-
ducted subsequently.
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