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Abstract: In order to detect intermittent first- and higher-order correlation between a pair of signals in both time and frequency, a

wavelet-based coherence and bicoherence technique was developed. Due to the limited averaging in a time-frequency coherence estim:
spurious correlated pockets were detected due to statistical variance. The introduction of multiresolution, localized integration windows
was shown to minimize this effect. A coarse ridge extraction scheme utilizing hard thresholding was then applied to extract meaningful
coherence. This thresholding scheme was further enhanced through the use of “smart” thresholding maps, which represent the likel
statistical noise between uncorrelated simulated signals bearing the same power spectral density and probability-density function as tt
measured signals. It was demonstrated that the resulting filtered wavelet coherence and bicoherence maps were capable of capturing |
levels of first- and higher-order correlation over short time spans despite the presence of ubiquitous leakage and variance error:
Immediate applications of these correlation detection analysis schemes can be found in the areas of bluff body aerodynamics, wave
structure interactions, and seismic response of structures where intermittent correlation between linear and nonlinear processes is

interest.
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Introduction the exception of the windward face, are not amenable to a func-

Though transients have long defined signature characteristicstiona! relationship with the oncoming wind field. Efforts to iden-
across the engineering spectrum, available analysis tools like Foudify significant linear correlation between wind and pressure fluc-
rier transforms have been ill equipped to represent this phenom-tuations were unsuccessful, especially in the separated flow
enon. It was not until the time-frequency revolution of the 20th '€gions. This has led to the consideration of higher-order correla-
century that such signals could be adequately treated by the likesion, €.9., bicoherencéGurley et al. 1997, However, these ef-

of the Gabor transform and the Wigner-Ville distribution. Today, forts highlighted the inability of such Fourier-based measures to
wavelet transforms lead the transition to this new analysis do- Capture transient higher-order correlations that may exist between
main, providing the ability to display time and frequency infor- Wind and pressure fluctuations. o

mation independently and unveil the hidden features of evolution-  With the availability of time-frequency analysis via wavelets,
ary phenomena. linear correlation analyses were enhanced by way of the coscalo-

Particularly in the areas of aerodynamics and wind engineer- 9ram (Gurley and Kareem 1999aThis approach did identify
ing, wind field fluctuations result in spatiotemporal pressure fluc- SOMe intermittent correlation between wind and pressure and will
tuations on the surfaces of bluff bodies, e.g., buildings. These be further developed in this study as a tool for delineating any
pressure fluctuations are manifestations of complex, nonlinear in-Préeviously obscured intermittent relationship between certain
teractions that take place as the wind passes around a bluff strucWavelengths in the approach flow and the resulting pressure fluc-
ture. The spatiotemporal pressure fluctuations exhibit drastic tran-tuations. The potential for such insights have lent wavelets to
sient features depending on their location on the surface and, withOther applications in wind engineering. For example, early inves-

tigations of turbulent wind effects were conducted by Farge
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phase coupled over relatively short interviéf®wers et al. 1997 As shown in Kijewski and Kareerf20023g, the parametef,, the

This motivated the need for wavelet-based measures such as biwavelet’s central frequency, dictates the time and frequency reso-

coherence to study nonstationary and nonlinear characteristics ofutions of the wavelet analysis and should always be adjusted

random waves and the resulting response of floating offshore plat-accordingly. The resulting variable tim&t and frequencyA f

forms, as well as prompting their consideration in this study for resolutions are merely scaled versions of the duration and band-

higher-order intermittent correlation analysis of wind velocity and width of the Gaussian window in Ed2a), as determined by

fluctuating pressures. Gabor's(1946 mean square definition, and later given by Chui
This study continues the work in wavelets for both wind and (1992 as

waves by applying wavelet transforms to identify first- and

higher-order intermittent correlation between measured records. a

While this representation allows a display in terms of time and At= E (39)
frequency, the influence of noise in the estimation of coherence

and bicoherence over a localized time frame is significant, mak-

ing a distinction between the true correlation and noise a major 1

. ; i X Af= (3b)
issue to be addressed. This study revisits the classical approach a2mv2

for reduction of variance, averaging, in the multiresolution con-

text of wavelets, and later discusses denoising schemes, which Though a considerable amount of work in wavelet transform
minimize the need for localized averaging in order to preserve theory has been assembled, for a host of parent wavelets, exten-
temporal information. While hard thresholding based on global Sive development of these topics could not be included in this
maxima of the wavelet coherence map can be used to isolatePaper, for the sake of brevity. As a result, only relationships di-
meaningful coherence, a “smart” thresholding simulation scheme ectly relevant to the discussions herein are provided via Egs.
is proposed to provide a reference noise map to more accurately)—(3). A more detailed discussion of wavelet transforms and
separate spurious noise effects from true signal content. This ref-associated theorems may be found in a number of textbooks, in-
erence map is generated using independent realizations of timecluding Daubechie$1992; Burrus et al.(1998; Carmona et al.
histories that match the power spectrum and probability contents(1998; and Mallat(1998.

of the signals being analyzed to establish a statistical measure of
the expected noise in the estimated coherence and bicoherence,
ThougE relatively intensive, this scheme’s robustness is estab-ew avelet Coherence Background-Scalogram

lished using both simulated and measured data. The method i2'¢ Coscalogram

shown to significantly reduce the presence of spurious coherenceshe |ocalized wavelet coefficients are well suited for analyzing
even in cases where variance and leakage are prevalent. The pefonstationary events, with their squared values plotted on a time-
formance of these techniques is then validated by example in thegcae time-frequency grid. This visualization, called the scalo-
case of both wind-pressure effects on bluff bodies and offshore gram or mean square map, reveals the frequency content of the

platform surge response. signal at each time step to pinpoint the occurrence of transients
while tracking evolutionary phenomena in both time and fre-
quency.

Wavelet Transform Background In some recent studies, the concept of the scalogram has been

advanced to identify correlation between signals in which the
Wavelet analysigDaubechies 1988; Strang and Nguyen 1996 squared coefficients are replaced with the product of the wavelet
decomposes a signal via a set of finite basis functions, revealingcoefficients of two different processés.g., Gurley and Kareem
transient characteristics obscured by the trigonometric basis func-19993. This coscalogram produces a view of the coincident

tions used in Fourier analysis. Wavelet coefficiewlya,t) are events between the processes, revealing time-varying pockets of
produced through the convolution of a scaled parent wavelet correlation over frequency.
functionys(t) with the analyzed signad(t) To demonstrate this concept, full-scale pressures measured on

a building and the upstream wind velocity fluctuations are ana-

lyzed. The scalogram of wind velocity and simultaneously mea-
dr 1) sured pressure are presented along with their coscalogram in Figs.
1(a—0. The dark hues of the coscalogram identify areas of corre-
lation. Figs. 1d—f) present the same information for two uncor-
related records. The resulting coscalogifdig. 1(f)] of these two
unrelated processes shows no distinct correlation. The coscalo-
gram contains wavelet coefficients determined from segments of
the signal isolated by the sliding window of the scaled parent
wavelet. At each time step, the calculated wavelet coefficients
comprise a single raw spectrum across the range of scales,
equivalent to a spectrum obtained from a single time history in
the traditional Fourier analysis. These raw spectra that are as-
o ) sembled along the time axis in the scalogram and coscalogram
U(t)=e "2el2let=e 1" cog 2mfot) +] sin(2mfot)] lack the ensemble averaging necessary in traditional Fourier

(2a) methods to reduce the variance in the estimate, resulting in noisy

displays where correlated events are difficult to differentiate from
random coincident coefficients. Though this simple measure of
correlation has been used to qualitatively identify first-order wind

t—7
a

l o0
WX(a't):ﬁf_wx(T)lb

where a=scale of the wavelet, inversely proportional to fre-
quency and =local time origin of the analyzing wavelet.

As harmonic analysis is quite intuitive, the results of this study
are interpreted in the time-frequency domain, rather than the
time-scale domain natural to the wavelet transform. This perspec-
tive is facilitated by choosing the Morlet wavel@rossman and
Morlet 1985 as the parent wavelet, with its well-defined relation-
ship between scale and frequency

f

f== (2b)
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Fig. 1. (a) Scalogram of upstream wind velocity () scalogram of rooftop pressurég) coscalogam of these two correlated proceséms;
scalogram of upstream wind velocity &) scalogram of rooftop pressure; a(fgl coscalogram of these two uncorrelated processes

velocity and pressure relationshif@Surley and Kareem 19994t wavelet autospectra of the two signa(¢) andy(t). The wavelet
is refined in this study by the introduction of a wavelet coherence coherence map is thus defined as
measure. w 5

It should be noted that other studies have applied higher-order W 5 |Sxy(a't)|
spectral analysis to quantify the nonlinear relationship between [c™(an] _S;",’((a,t)sy"‘;,(a,t) “)
wind velocity and pressuréGurley et al. 199Y. However, these
Fourier-based higher-order spectral methods are not capable ofvhere the localized power spectra discussed above are given by
capturing the transient intermittent relationship being sought here.
A more accu_rate and r_eliable approach tc_> qu_antitatively identi_fy SVa,t)= j W (a,t)W;(a,t)dr (5)
intermittent first- and higher-order correlation is the thrust of this . T !

study.
The localized time integration window in Ed5), T=[t

—AT,t+AT], is selected based on the time resolution desired in
Wavelet-Based Coherence Map the resulting coherence map and essentially performs the same

ensemble averaging operation, albeit localized in time, as tradi-
As the Morlet wavelet is merely a localized form of the Fourier tional Fourier analysis to obtain an auto-spectrum or cross spec-
transform, it can intuitively be substituted into classical spectral trum of two signals. The map is bounded between 0 and 1 and
measures to uncover time-varying frequency content, effectively provides a view of the localized correlation with respect to both
windowing the Fourier analysis. The equivalence of traditional time and frequency. An equivalence of this proposed time-
Fourier measures with those newly recast using Morlet wavelets frequency coherence map with its classical formulation is demon-
was previously shown in Gurley and Kareét®99a for quanti- strated in the following section.
ties such as scalogram and coscalogram, analogs to the autospec- It should be noted that discussions in Torrence and Compo
trum and cross spectrum. In the current study, the classical coher{1998 highlight that an earlier coherence measure defined by Liu
ence definition is modified utilizing spectra defined locally by (1994, similar to that used by Shin et al1999, had limited
Morlet wavelets to yield a time-frequency coherence function. physical meaning without the smoothing introduced herd tixy
The traditional form of the coherence function can be retained asEq. (5), and hint that averaging to some extent is necessary to
the ratio of the wavelet cross spectrum to the product of the provide a useful measure of coherence. The paranieterEq.
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8 o . nitude and frequency. A second example demonstrates that
8 oo =Y wavelet-based coherence can accurately estimate smaller levels of
2 .l linear correlation. In this case, independent white noise vectors
3 are added to the wave surface and TLP response time histories to
o A R\ PP SN reduce the level of correlation, and coherence estimates are again
% 0,08 o XT3 o o5 S 055 o4 produced. Fig. @) shows the wavelet coherence representing the
Frequency [Hz] reduced correlation accurately.

Fig. 2. (a) Incoming wave surface elevatioth) tension leg offshore o
platform surge responséc) wavelet and fast Fourier transform co- APplication of Wavelet-Coherence to

herence estimates between wave elevation and tension leg offshordVonstationary Signals

platform response; an@) wavelet and FFT coherence estimates be- The previous section demonstrated that wavelet-coherence
_tween wave el_evation and tension leg offshore platform response withyie\wed only with respect to frequency provides an effective co-
incoherent noise added to each herence estimate. The advantage of wavelet-based coherence is
now demonstrated by its application to velocity and pressure sig-
itrlals with known pockets of short duration correlation. Two inde-
pendent Gaussian wind velocity signéis,(t),v,(t)] are simu-

lated for 2,048 s at 1 Hz. A pressure record is then created by
combining independent white noisg(t) with the v,(t) wind
Comparison of Wavelet- and Fourier-Based record
Coherence Estimates

(5) addresses this concern, although, being somewhat arbitrary,
also presents the potential for a loss in time localization.

pr(t)=e(t)+v,(t) +Gle(t)?+va(1)?] (7
The validity of the coherence map in Edd) and(5) is demon- . _
strated by first applying the wavelet-based coherence to stationar)}: or tZ'S examﬁleQ—O:OS. TWrO smallhsegmelnts ?jf theh pressmljre
signals. The standard Fourier-based coherence estimate is directl;r/eecnoerra’ugget:yt e time intervaf, are then replaced with signals

compared with the wavelet-based coherence by averaging out thé

time information in the wavelet coherence map, according to pr(t’)=e(t’)+vs(t") +Gle(t’)2+v1¢(t")?] (8)
n wherev 4¢(t") indicatesv((t") after band-pass filtering is applied
[CW(a)]ZZn—t;l [c(at)]? (6) to correlate the pressure and the velocity record over selected

frequency ranges. The use of E8) produces a pair of signals,
where nt=number of discrete time steps resulting from the local- pr(t) and v,(t), correlated only from 512 to 768 s between
ized time windowT. 0.0625 and 0.25 Hz and from 1,536 to 1,792 s between 0.19 and
The signals being analyzed in this example are the upstream0.37 Hz, and uncorrelated everywhere else.
wave elevation and the resulting surge response of a tension leg The standard Fourier-based coherence betwegén and pr¢)
offshore platform(TLP) 1:200 scale model, measured experimen- and betweemw ,(t) and pr¢) are displayed in Fig. 3. Note that the
tally in a wind/wave tank facility and shown in Figs(a&2and b. intermittent coherence between(t) and pr¢) cannot clearly be
Sampled at 1 Hz, 4,096 s of data is used in this analysis. Standardlistinguished, suggesting that the signals are uncorrelated,
Fourier coherence estimation and E@4)—(6) are applied to whereas the relationship between(t) and prf), as expected,
these signals with the results shown in Fi¢c)2The coherence is  appears fairly strong.
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Fig. 4. Wavelet coherence map betwee(t) and pr¢), also shown as semilogarithmic in frequency, emphasizing low-frequency content

Isometric and overhead views of the wavelet-coherence mapMinimization of Spurious Coherence
betweenv,(t) and prt), as generated by E@4), are shown in
Fig. 4. For this example, and those which follow, a valuef of Classically, the presence of variance in raw spectral estimates
=5/(2w) was deemed sufficient to provide the necessary time necessitates the use of averaging in order to obtain more reliable
and frequency resolutions, though a more precise frequency resofesults. However, the transient information sought in a time-
lution (larger f,) may be required in other cases, as discussed in frequency analysis may be obscured through excessive averaging,
Kijewski and Kareem(20023. A time integration window ofT especially in the low-frequency regime, where spurious coherence
=[t—64 st+64 s was applied. Pockets of strong correlation seems most prevalent. A variable integration scheme is proposed
can be identified in these displays that include the time and fre- in the following section to address this issue, followed by alter-
quency regions of introduced correlation, approximately boxed. native approaches designed to better preserve temporal resolution.
However, the coherence estimate also displays phantom correla-
tion in regions where no correlation exists, particularly in the
low-frequency regions as emphasized by the semilogarithmic plot
in Fig. 4. This noise is similar to that seen in Fourier-based spec- In the initial formulation of the wavelet coherence, the localized
tral methods, where, due to a finite number of ensembles, vari-time window is constant throughout the analysis. However, unlike
ance errors are introduced. In the case of the wavelet coherencedts Fourier counterpart, the wavelet transform is multiresolution,
map, the localized time integration windoiv determines the having scale-dependent time and frequency resolutions. Each
number of ensembles used in the estimation of coherence in Eqwavelet coefficient, at givetfrequency scalea; and timet;, is
(4). IncreasingT can reduce the noise in the coherence estimate atthe result of analyzing a local section of the time history win-
the expense of temporal resolution. dowed by the scaled Gaussian function of the Morlet wavelet.

Multiresolution Integration Windows
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Thus, the signal's contenkt before that point in time andt of the temporal resolution of the analyzing wavelet at that scale,
after that point in time is used to estimate the wavelet coefficient given as
W,(a;,t;), whereAt is dictated bya; according to Eq. @).

For the analysis conducted in the Section, “Application of 2Ba 2Bf,
Wavelet-Coherence to Nonstationary Signals” and shown in Fig. T(a)=2BAt= E: E
4 (referred to herein as the baseline examptbe choice of a

constant window spanning a total of 128 s implies that at very for the Morlet wavelet. Thus3 would be chosen as a constant for
low frequencies, as little as one unique local section of the time {he entire map, dependent on the number of desired averages in
history is effectively being included in the estimate of the wavelet o oherence measure afith) would vary, inversely propor-
local spectrur_n_m Eq_(.5). Forf0:5/_2w, at 0.01 Hz n_early all the tional to the frequency being analyzed. The inequality in ®g.
wavelet congﬂments |n.that 1.28 S time span are estimated from thearises from the fact that the times at which the signal is sampled
same section of the time history, approximately 112 s loAg ( will not coincide with the effective initiation and termination of

~56.27s), and.are therepy virtually nonunique. Thus, their sub- an arbitrary dilated wavelet, such thafa) must be rounded to
sequent averaging does little to reduce the variance, as conceptu-

alized by Fig. %a). The figure illustrates that at low frequencies the nearest sampled point. This fact leads to the overlapping

there can be considerable overlap of the Morlet wavelet's Gauss-Wh'Ch may occu_r at lower frequen_cles, gs_wsuallzgd in Fig. 5.
ian window within the analysis horizof, yielding only three  Note that Eq(9) insures that there is a minimum @findepen-

unique wavelet windows, shown in white. Conversely, at higher d€nt time segments being windowed in the estimation of wavelet
frequencies, the santeaffords five unique wavelet windows. The ~ Ccoefficients, but there certainly may be additional overlapping
ramifications parallel the estimation of power spectra from €nsembles present, especially in the lower frequencies. As the
Fourier-transformed blocks of a time history. Consider a signal of humber of independent ensembles makes the most significant
finite duration from which five raw spectra can be generated only contributions to variance reduction, it allows the simplest and
by heavily overlapping the blocks of the time history being Fou- most direct criteria for defining (a).

rier transformed. These five spectra are highly dependent and thus In Fig. 6, the benefits of variable integration are evaluated by
only minimally reduce the variance when averaged. However, if comparing the baseline case to three other cgsest0, 20, and

the signal were long enough to estimate five raw spectra from 50. Note that in the baseline case, the fixed integration window
nonoverlapping segments of the signal, their averaged resultyielded approximately3 =50 in the high frequencies while af-
would have far less variance, just as in the case of the higherfording as little a8 =1 in the low frequencies, accounting for the
frequencies in Fig. 4, whose wavelet coefficients are estimatedprevalence of spurious coherence in this region. As shown in Fig.
using windows with temporal duration of only a few seconds. The g by averaging over a horizon long enough to permit a sufficient
localized spectra in Ed5) at these frequencies include markedly nymber of wavelet coefficients to be estimated from nonoverlap-
more vv_aveIeF coefficients generated from independent segment%ing windowed sections of the time history, much of the low-
of the time history. Now the samk,=5/2m Morlet wavelet, at  fequency spurious coherence is minimized. The higher frequen-

OASt Hi,lgroduc]?fs 3_wavelet50(§)eff|c,}|fe_:n_t frtonf1 only 2.24 SI of Qata cies still appear to be plagued in comparison to the baseline case,
( 12's), affording over > COETNiCIENtS from nonoveriapping ¢ expected, since the baseline essentially 3wad0 in this re-
segments of the 128 s analysis window for averaging and sizeable

reductions in variance. This explains why lower frequencies in the gon. Increasm_g the numbgr of ensemble; bemg_averagep}d to
coherence map seem to be heavily plagued by spurious coher-— 20 and 50 yields further improvements in the higher frequen-
cies, though the known pockets of coherence are now beginning

ence, as emphasized when the coherence map is plotted as semf bleed I ‘i ina the time f
logarithmic in frequency in Fig. 4. to bleed temporally, a consequence of increasing the time frame

The use of a fixed integration window in E) actually pro- for local ayeraging. Thi_s loss of temporal resol_ution in.the coher-
vides differential treatment to the high-frequency components, in €Nce Map is an unavoidable consequence of increasing the num-
terms of the number of uniquely estimated wavelet coefficients Per of ensembles in the averaging process. However, the ex-
included in the averaging process. Due to the multiresolution @mples provided in Fig. 6 illustrate that meaningless coherence
character of the wavelet analysTijn Eq. (5) should be replaced ~ ¢an be attributed to the effective number of ensembles in the
by T(a), so that the integration in Eq5) averages the same averaging process in E@5) and justifies the use of a variable
number of “ensembles” over all frequencies, as also conceptual- time window for this integration, as defined by Ef). Unfortu-
ized in Fig. §b). In this case, at both high and low frequencies nately, the loss of temporal accuracy places practical limits on the
there are at least three unique wavelet windows, shown in white. use of localized integration to diminish spurious coherence, mo-

The variable integration scheme proceeds by defining the win- tivating more sophisticated techniques to remove noise from the
dow of integration for each frequency as an integer mult{gle map.

9)
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Fig. 6. Examples of variance reduction by variable integration window
Ridge Extraction by Hard Thresholding rious coherence as the result of variance, but also removes the

As wavelet analysis is used commonly for the study of evolution- effects of the Ga‘_’ss"?‘” windowing operation in the Morlet wave-
ary behavior with relatively short duration data, the possibility of '€t fransform, which introduces a known level of leakage in the
significant amounts of averaging becomes increasingly difficult if M and frequency domain, respectively, embodied by end effects
not impossible, particularly if the signal contains transient infor- @nd an increase in spectral bandwidtijewski and Kareem
mation that would be completely obscured in the averaging pro- 2002h. Though lesser values of coherence surrounding a point in
cess. An alternative approach is to separate the signal from thelime and frequency are produced as a result of this window, the
noise surrounding it. In the case of analyzing wavelets whose highest coherences will still manifest along these ridge points,
Fourier transforms are sharply focused near a fixed frequencywhich carry all the meaningful coherence information.

value (e.g., Morlet wavelgt the maxima of the resulting wavelet The thresholding operation in E(LO) was applied to some of
transform reflect the locations where the energy of the signal con-the cases considered in the previous section. The combination of
centrates, defining a curve in the time-frequency plane termed theridge extraction by hard thresholding and variable integration pro-
ridge—quite useful in situations where frequency-modulated sig- vides a simple means to extract meaningful coherence from the
nals are imbedded in noise. Although noise is spread throughoutwavelet coherence map. Fpr=10, increasing the threshold fac-
the time-frequency plane, the contribution of the signal is much tor to 0.75 approximately isolates both pockets of known coher-
greater than the noise in the vicinity of the ridges. Exploiting this, ence, as clearly shown when comparing the results from Fig. 6 to
the signal ridges may be identified through simple algorithms that the filtered results in Fig. 7. However, by selecting too stringent a
seek out the local maxima of the modulus of the transform at eachpreshold § = 0.90, not show) only a portion of the first pocket
instant in time. More sophisticated approaches that utilize known ot conherence is retained, while the second is completely lost.
properties of the ridge can be applied when noise is more preva-\yhen the number of ensembles is more sizeable, the threshold

Ien;ﬁ)ﬁé%ﬁ”%i;:%gﬁé}ince analysis presented here, the Coherfactor can be relaxed considerably, s 50, A = 0.50 illustrates.
’ . ) ) " Recall that this thresholding approach is merely another strate
ent pockets are intermittent and not suitable for extraction tech- g app y 9y

. . h . to separate true coherence from noise. As the noise is primarily
nigues geared for smooth, continuous ridges. Still, the theory of the bvbroduct of variance. or a lack of averaging. in cases where
ridges implies that globally, the truly coherent pockets will show yp ’ ging,

stronger coherence than the surrounding noise. As a result, thevarlable integration has insured a large number of ensembles in

truly coherent pockets may be separated by globally identifying the averagge.g.,p = 50), the noise has already been considerably

the maximum coherence (n{aX]) in the map and applying de- alleviated(see Fig. 6. In such cases, the noise is less dominant,

noising schemes such as hard thresholdi@grley and Kareem taking on lower amplitudes in comparison to the coherent ridges,
19993 thereby relaxing the necessary threshold valullote again, that

the bleeding of temporal information, particularly for the first
(10) pocket of known coherence, is an unavoidable consequence of
increasing the number of ensembles in the averaging process.

This process roughly approximates a ridge identification pro- 11US far, the sections, “Multiresolution Integration Windows”
cedure, effectively extracting the locations where the true coher-2nd “Ridge Extraction by Hand Thresholding” have discussed

ence lies.\ is the assigned threshold factor, taking on a value WO techniques for reducing the appearance of spurious wavelet
between 0 and 1 to def|ne the percentage of the maximum Coher_coherence that, Wh|le Slmple, are CIUIte Sub]ect|ve. The f0||OWIng
ence deemed meaningful. The thresholding not only removes spu-

if c%(a,t)<A maqc%]

,har =
cW:harq g, t) Mat) if c™at)=\ maxc]
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Fig. 7. Examples of coarse ridge extraction by thresholding

section discusses a more sophisticated technique that removesistically identical to the original signaf(t) in both the power
much of this subjectivity and provides an effective means to sepa-spectral densityfPSD and probability-density functiotPDF),
rate meaningful pockets of coherence. through the use of a recently developed non-Gaussian simulation
algorithm (Gurley and Kareem 1997a

The wavelet coherence betweelit) and y.(t), delineated
[cM(a,t)]?, is then calculated for each of thé independent
simulations, according to Eg&t) and(5). These coherence maps,
Though the coarse ridge extraction by thresholding is a simple which should contain no meaningful coherence and only embody
means to identify meaningful coherence, the insouciant use ofcoherence introduced by noise or leakage in the transform, are
hard thresholding based on global maxima may obscure meaningthen averaged to produce a mean noise reference map
ful coherence that is weaker than the dominant coherent compo- LN
nents. Any coherence, real or noise induced, falling below the P ne, 2
threshold value is neglected. Recognizing that the spurious coher- [Cmr(a,0)] _Nzl [ei(a.t)] (11)

ence is the result of inherent randomness, one alternative would . L .
be to conduct repeated Monte Carlo simulations of white or col- with standard deviation(a,t). The threshold value of a statis-

ored random noise in order to determine the likely levels of vari- tically meaningful correlation can them be defined as the sum of

ance in a given wavelet spectral measure. By this approach, peak{NiS mean and the standard deviation weighted by a fagtor
in a wavelet scalogram, for example, are deemed statistically sig-
nificant if they surpass a given confidence level defined by the

random noise simulations, as detailed in Torrence and Compo . . .
(1998. However, this technique is quite generalized and does not 1he factorg is selected based on the desired probability of ex-

incorporate any specific information on the spectral or probabilis- _ceedlng the noise threshold. With the reference mgp, t) now

tic structure of the analyzed signals. This was enhanced by Du-!" place, the actual coherence x(ﬁ)“andy(“t) can be generated
nyak et al.(1997), who presented a method to quantify the statis- °Y Ed: (4) and then subjected to a “smart” thresholding scheme,
tical relevance of wavelet coefficients when detecting coherent Yi€lding a filtered coherence map according to

wind gusts. These sustained gusts are delineated from short inco-
herent bursts by establishing a reference distribution of wavelet
coefficients from simulated Gaussian signals with no sustained
gusts. This notion can be extended for the purposes of wavelet
coherence analysis by employing a “smart” thresholding scheme  The noise factog in Eq. (12) must be selected judiciously, as
that exploits both the spectral and probabilistic information from a choice that is too large may negate statistically meaningful,
the signals being analyzed to generate a map describing the exalbeit reduced, levels of correlation, as observed in the threshold-

“Smart” Ridge Extraction: Filtered Wavelet
Coherence Map

Ccin(a,t) =Cmn(a,t) gl Cs(a,t)] 12)

if cW(a,t)<cp(a,t)

W _
ce(at)= cWat) if cWat)>cy(at)

(13)

pected noise threshold for a given pair of signald) andy(t) ing procedure in the previous section. While the choicg ofay

(Gurley and Kareem 199%9b be rather arbitrarily defined, e.g., Hangan et@001), a less
The expected noise map is developed by first generating mul-subjective choice fog may be determined based on the probabil-

tiple simulations of the second signal, denoygft). These simu- ity distribution of the noise coherence maps.

lated signals are independent of each other ()l and are sta- The non-Gaussian probability distribution of the random noise
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Fig. 8. Filtered wavelet coherence map betwesg(it) and pr¢) with g selected for varying noise exceedence levels

map is approximated by considering higher-order statistics col- coherence which results from variance, but also removes the win-
lected from the multiple simulated noise maps, in addition to their dow effects discussed previously that lead to leakage in the time-
mean and standard deviation. As the extreme regions of the esfrequency plane.
tablished distribution are used to determine the threshold, the To further illustrate the application of the filtered wavelet co-
probability model used must reliably reflect the actual distribution herence map, measured full-scale incident wind velocity fluctua-
of noise. An extreme value-type distribution that does not explic- tions and their corresponding pressure variation over a building
itly include any information on the higher-order statistics is dis- surface are analyzed. Note the strong low-frequency correlation
regarded in favor of more advanced four parameter models. Aevident in the time histories of velocity and pressure shown in
modified Hermite polynomial-based model and a maximum Figs. 9a and b. The filtered wavelet coherence map is generated
entropy-based model are used for this study: Both of these haveusing a threshold reference map based on 500 simulated realiza-
been shown to be very effective in representing the tail region of tions of the data. Figs.(6—f) show the resulting filtered wavelet
non-Gaussian processé&urely and Kareem 1997band pro- coherence map at several levels of the noise fagt@xtraneous
duced almost identical results for the examples used in this study.noise again is removed gdncreases, leaving a clearer portrait of
The tail region of the resulting PDF represents the probability of the pockets of strong correlation. Though relatively intensive, the
noise exceeding the selected threshold that demarcates correlatioapplication of these filtered wavelet coherence estimates to wind
in the wavelet coherence map. The noise fagiaon Eq.(12), is data may be useful for identifying intermittent variations in the
then selected based on the desired likelihood of noise exceedingelationship between the velocity and pressure introduced by a
the threshold, providing a quantitative measure of statistically change in wind direction or due to the evolution of a flow struc-
meaningful correlation. ture under the separation zone. Such maps can enhance the un-
To illustrate the proper selection of the factpras well as the derstanding of complex wind-structure interactions and open new
robustness of this approach, a filtered wavelet coherence map isavenues for data analysis, modeling, and simulation.
generated usin®l=100 for the baseline analysis of the velocity
and pressure signals,(t) and pr¢), discussed in the section,
“Application of Wavelet-Coherence to Nonstationary Signals.”
Note that this baseline case does not exploit the use of the vari-Traditionally, coherence is displayed as a function of frequency
able integration windowssee the section, “Multiresolution Inte-  only, averaged over the entire time duration, as shown previously
gration Windows”) and thus provides significant low-frequency in Fig. 3. As a result of the dual character of wavelet transforms,
noise. As Fig. 8 illustrates, the performance of the unfiltered map the resulting coherence maps may be manipulated in order to
is greatly enhanced as the noise exceedence criteria is made moreiew coherence with respect to time. The wavelet coherence be-
stringent. At the 1% exceedence level, both regions of known tween two signals and those between the first signal and simu-
coherence are completely isolated, even in the low-frequencylated versions of the second signal are each averaged over the
range, indicating that the technique cannot only remove spuriousscale component. In doing so, a display of the scale-averaged

Scale/Frequency-Averaged Wavelet Coherence Map
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Fig. 10. (a) Scale-averaged coherence along with mean coherence

and noise threshold ang) Hermite polynomial-based probability
density function model of reference noise maps

coherencec(t), mean noise reference coherencg,(t), and
threshold coherencey,(t), between the two signals can be gen-
erated with respect to time rather than frequency. Such an inter-
pretation for the simulated velocity and pressuiét) and pr¢)

is displayed in Fig. 1@&). The intermittent correlated regions
clearly stand out as those surpassing the noise threshold, deter-
mined as a percent exceedence in the Hermite polynomial-based
probability distribution model derived from the first four mo-
ments of the noise coherence maps as shown in Figp).10

Higher-Order Coherence

The wavelet coherence has been demonstrated to be useful for
detecting localized linear coherent structures in time and fre-
quency. However, higher-order spectral analysis must be con-
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sulted for estimating nonlinear correlation, such as the use ofis extended to the bicoherence measure to eliminate such spurious
bicoherence for second-order correlati@ng., Nikias and Petro-  artifacts. Reference wavelet bicoherence maps are created be-
pulu 1993; Gurley et al. 1997The bicoherence is the ratio of the tween the first signak(t) and multiple independent simulations
higher-order cross bispectrum to the first-order spectra. Due to itsof the second signaj(t), statistically identical toy(t) in both
direct analogs to the Fourier transform, a Morlet wavelet trans- PSD and PDF. The wavelet bicoherence maps between first signal
form may again be substituted in the bicoherence calculations toand the simulations of the second signal are then averaged to
provide a.time-frequency h.igher-order spectral equiva}lent. . produce a mean noise reference rriaﬁ?”(al,az,t). The stan-

One disadvantage of higher-order spectral techniques is theqard deviation of the reference malbg\,’(i,t(al,az,t), is also cal-
quantity of data needed to acceptably minimize variance errors incyjated, as well as their skewness and kurtosis. The threshold
the higher-order spectral estimates. As a result, intermittent bursts, 5,e of a statistically meaningful correlation!!"(a, ,a,,t), is
of strong second-order correlation cannot be identified by apply- 4an given by Y
ing a Fourier-based method over short time intervals without the
benefit of additional variance reduction schemes. By extending biy(a1,a2,t) =byi"Yay ,a,,t) +g[b)ia,a,,t)]  (17)
the wavelet-based spectral estimation of coherence to the bicoher-
ence estimates, the notion of a filtered wavelet bicoherence mapwith the noise factog again selected based on the desired prob-
can similarly be developed. Thus, the localized Fourier analysis ability of noise exceeding the noise threshold, as discussed in the
that was once precluded is now made possible through this mul-section, “‘Smart’ Ridge Extraction: Filtered Wavelet Coherence
tiresolution wavelet framework to detect transient second-order Map.”

relationships between two signals. The wavelet bicoherence maps are then compared with the
threshold bicoherence map calculated in ELj) to produce a
Wavelet Bicoherence filtered coherence map by “smart” thresholding

In this framework, wavelet coefficients are used to estimate bico- b%Y(a,,a,,t)
. . . . F 1142,
herence over short time intervals and are displayed with respect to
both time and frequency. The time-scale wavelet cross bispec- 0 if b:(,\:(y(alrath)<b¥¥(§?(alva2vt)
trum, given by =

bx\)/(y(aliaZIt) if b\){\f(y(alvaZ!t)>bX\)/(t;(alla21t)

Bxny(alvaZ!t): fTWX(alvT)WX(a21T)Wy(a!T)dT (14) (18)
where
Application of Wavelet-Bicoherence to Nonstationary
1 1 1 )
T (15) Signals
a a; a

Validation of the proposed methodology is conducted by generat-
ing velocity and pressure signals with known pockets of short
duration second-order correlation. Two independent wind velocity

is used in the evaluation of the wavelet bicohere(iR@wers et al.
1997; Gurley and Kareem 199Pb

IBY (a;,a,,t)|2 signals[v(t),v,(t)] are first created, each 4,096 s long, sampled
[biy (a;,a,,0)]2= = i i
xxy( 81,82, J1IW,(ay,m)Wi(az,)[?dr [7[Wy(a,T)[?dr at 1 Hz. The pressure record is created in the same way as de-
1 tailed in the section, “Application of Wavelet-Coherence to Non-

- . . _ stationary Signals” using Eqs$7) and(8), with the nonlinear term
Note that the wavelet coefficients simply replace the Fourier co G=0.1. The correlated time segmerttsin Eq. (8) span time

efficients in the standard bicoherence, and integrals replace the

expected value operator. The integration over short time windows ranlges ;rg”.” 1HOOO to %,GdOO sdand frpm ::’10%0 t0h3’400 Sb
in Eq. (16) provides an expectation over short time intervals. As g.(16) is then applied to determine the bicoherence between

currently defined, this local window is fixed in duration over all va(t) and pr¢) over 16 equispaced segments spanning the entire

frequencies, implying that this ensemble averaging is again dif- time duration of the signals. This results in 16 bicoherence maps,

ferential over the range of frequencies. While the concept of vari- €ach for a localized time span. Four of these maps are shown in
able integration can also be used to provide equal levels of vari- F19- 11@), with their respective time region labeled. The first two

ance reduction over all scales, the introduction of a filtered noise figures in Fig. 11a) display bicoherence measurements from the
reference map was shown in the case of wavelet coherence td€9ions known to contain second-order correlation. The latter two
independently remedy the problem of spurious coherence. As afigures display bicoherence measurements from regions known to

result of this, and for the sake of brevity, only the use of a filtered Nave no correlation. As true of the coherence estimates in the
map for the wavelet bicoherence is discussed here. section, “Wavelet-Based Coherence Map,” these raw estimates

contain noise, making identification of correlation difficult; how-
ever, implementation of the noise reference maps, as described in
Eq. (18), permits true correlation to be distinguished from likely
The wavelet bicoherence defined in Efj6) can manifest spuri-  Statistical noise. This is shown in Fig. (b}, which displays the

ous spikes, particularly in the low frequencies, as also noted by same four regions after filtering is applied. In this cageyas
Powers et al(1997). As discussed previously and demonstrated Selected such that the probability of noise exceeding the threshold
in Fig. 4, spurious coherence and similarly bicoherence is the is 10%, and 1,000 independently simulated pressure records were
result of insufficient averaging to remove the randomness in the used to generate the threshold reference map. The correlated time
estimation. Thus, following the success of reference noise mapsframes are clearly seen in the first two views of Fig(hlwhile

in the estimation of coherence in the section, “‘Smart’ Ridge most extraneous noise was filtered out in the latter two uncorre-
Extraction: Filtered Wavelet Coherence Map,” the same concept lated segments.

Filtered Wavelet Bicoherence Map
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fied as those exceeding the threshold level representing likely
The multiple three-dimensional bicoherence maps shown in Fig. randor_n n_0|se._The frequency-ayeraged I:_)lcoher(_ence provides only
. . . a qualitative display of the relative magnitude with respect to the
11 can be reduced to a two-dimensional representation of second-_
. . : noise threshold.
order correlation by averaging the bicoherence over all scales for
each time segment, according to

nf nf

Scale/Frequency-Averaged Wavelet Bicoherence Map

Bicoherence Example Using Measured Data

(19) A second example illustrates the applicability of the wavelet bi-

1
bxy(t): WE 2 bxny(fi £t

b coherence on measured experimental data. Recall the example
Application of Eq.(19) to the wavelet bicoherence maps previ- presented in Fig. 2. The signals being analyzed are upstream wave
ously generated reduces the 16 individual maps to 16 data pointsglevation and the resulting surge response of a tension leg plat-
shown in Fig. 12. This reduction is also applied to generate form. Both viscous and inertial wave forces are acting on the
frequency-averaged mean reference bicoherence maps and thejslatform, leading to strong first- and second-order correlation be-
standard deviation to produce the threshold also shown in Fig. 12.tween the wave elevation and surge response throughout the time

Clearly, the time segments with known correlation can be identi- history (e.g., Tognarelli et al. 1997In order to introduce regions
where no correlation exists, two separate surge response records

are combined. The wave elevation recevd,(t) and one of the
response records, (t) were measured simultaneously during the

01 T T T T T T

Scale-averaged Bicoherence

oosk ——  bicoherence same expgriment, while the §econd response regefd was
——  mean noise measured in a separate experiment, and thus uncorrelated with the
a8} —o— threshold wave elevation recordw,(t). For the total of 4,096 s of data, the
following tailored response vector:

1000

1500

2000 2500

Time [s]

Fig. 12. Scale-averaged bicoherence of simulated velocity and
pressure signals;,(t) and prt)

X5(2,561-4,096 ]

(20)
contains only one small time segment of data correlated with
wu4(t) in the range of 2,049-2,560 s.

The wavelet bicoherence is again calculated over 16 equi-
spaced time regions. Fig. &8 shows the unfiltered bicoherence
estimates for two of these regions, with their respective time seg-
ments labeled, while Fig. 1B) displays the improvement after
filtering with a noise map. The time segment from 2,049-2,304 s
represents a time frame where correlation exists, while the second
time frame has no correlation. The spurious noise in this latter
case is completely removed by the filtering procedure, while the
former case is relatively unchanged, representing a region of
meaningful correlation. The frequency-averaged bicoherence es-

X(1)=[Xo(1—2,048 x4(2,049-2,560

JOURNAL OF ENGINEERING MECHANICS / FEBRUARY 2003 / 199



(a) Unfiltered: t=2049-2304 s Unfiltered: t=257-512 s
] 5
< r-)
(b) Filtered: t=257-512 s
S s
-1 =

Fig. 13. (a) Unfiltered and(b) filtered bicoherencet=2,049—-2,304 s represents correlated time segment, whik57—-512 represents uncor-

related time segment

timate for each of the 16 time frames is shown in Fig. 14, iden-
tifying the known correlation region as the point at which the

Conclusions

coherence exceeds the noise threshold. Both Figs. 13 and 14n this study, wavelet decomposition was used to produce a time-

clearly help in identifying the regions containing second-order
correlation.
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Fig. 14. Scale-averaged bicoherence of experimental tension leg off-
shore platform data
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frequency display of the coherence and bicoherence between sig-
nals intermittently correlated. Unfortunately, raw spectral esti-
mates used in the definition of coherence and bicoherence were
inherently laden with statistical noise. The classical approach for
reduction of variance is to perform ensemble averaging by using
localized time integration. In this case, the introduction of a vari-
able integration window was predicated on the multiresolution
character of wavelets and highlighted that the lack of ensemble
averaging results in much of the observed spurious coherence.
Insuring sufficient ensembles in the average reduced the spurious
coherence, though the loss of temporal resolution was a limiting
factor. The theory of ridges was briefly introduced and the con-
cept of hard thresholding based on global maxima of the wavelet
coherence map was used as a coarse ridge extraction scheme to
isolate meaningful coherence. The technique, when coupled with
sufficient ensembles in the variable integration scheme, was
shown to enhance performance. However, to preserve evolution-
ary characteristics while removing significant noise, more sophis-
ticated approaches were required which do not involve extensive
averaging. A “smart” thresholding simulation scheme was pro-
posed to provide a reference noise map to separate spurious noise
effects from true signal content. The noise was filtered from the
display map by comparison with a threshold describing the likely
noise level. This threshold was created by averaging a series of



reference correlation maps between one signal and uncorrelated wavelets of constant shape and related transforiMathematics and
simulations of the second signal. Examples demonstrated that this  physics, lecture on recent resylts Streit, ed., World Scientific, Sin-
technique was capable of identifying both first- and second-order ~ gapore, 135-165.

correlation and effectively reducing the presence of noise in the Gurley, K., and Kareem, A19973. “Analysis, interpretation, modeling

correlation displays for both simulated and measured data. Its
robustness was further established as it was shown to alleviate the
presence of spurious coherence, even in cases where variance an
leakage were prevalent. Though relatively intensive, the proposed

approach facilitated the removal of significant levels of all of the

various contributing noise sources. In total, the wavelet-based
first- and higher-order correlation detection analysis schemes pre-

and simulation of unsteady wind and pressure dafa.Wind. Eng.
Ind. Aerodyn.69-71, 657—669.

rley, K., and Kareem, A(1997h. “Modeling PDFs of non-Gaussian
system responseProc., 7th Int. Conf. on Structural Safety and Re-
liability (ICOSSAR, Kyoto, Japan.

Gurley, K., and Kareem, A19993. “Application of wavelet transforms
in earthquake, wind, and ocean engineeringrg. Struct.21, 149—
167.

sented here offer immediate applications where the determinationgyrey k., and Kareem, A(19998. “Higher order velocity/pressure

of intermittent correlation between linear and nonlinear processes

is required, e.g., bluff body aerodynamics in turbulent flows,

wave-structure interactions in nonlinear random seas, and the

nonlinear and nonstationary seismic response of structures.

Acknowledgments

The writers gratefully acknowledge partial support from NSF

Grant Nos. CMS 99-84635 and CMS 00-85109 for this study. The

correlation detection using wavelet transform$Vind engineering
into the 21st Century, Proc., 10th Int. Conf. on Wind Engineering
Copenhagen, Denmark, Vol. 1, Larsen, Larose and Livesey, eds.,
Balkema Press, Rotterdam, The Netherlands, 431—-436.

Gurley, K., Tognarelli, M., and Kareem, A1997. “Analysis and simu-
lation tools for wind engineering.Probab. Eng. Mech.12(1), 9-31.

Hangan, H., Kopp, G. A., Vernet, A., and Martinuzzi, R001. “A
wavelet pattern recognition technique for identifying flow structures
in cylinder generated wakesJ. Wind. Eng. Ind. Aerodyn89, 1001—
1015.

second writer would also like to acknowledge support from the Kijewski, T., and Kareem, A(20023. “Wavelet transforms for system

NASA Indiana Space Grant and the Center for Applied Math-
ematics at the University of Notre Dame.

References

Burrus, C. S., Gopinath, R. A., and Guo, (1998. Introduction to wave-
lets and wavelet transforms: A primePrentice-Hall, Englewood
Cliffs, N.J.

Carmona, R., Hwang, W. L., and Torresani, @998. Practical time-
frequency analysjsAcademic, San Diego.

Chui, C. K.(1992. Wavelet analysis and applications: An introduction to
wavelets Vol. 1, Academic, San Diego.

Daubechies, 1(1988. “Orthonormal basis of compactly supported wave-
lets.” Commun. Pure Appl. Math41, 909-96.

Daubechies, 1(1992. Ten lectures on waveletSociety of Industrial and
Applied Mathematics, Philadelphia.

Dunyak, J., Gilliam, X., Peterson, R., and Smith, (2997. “Coherent
gust detection by wavelet transformProc., 8th U.S. National Con-
ference on Wind EngineeringD-ROM), Johns Hopkins Univ., Bal-
timore.

Farge, M.(1992. “Wavelet transforms and their applications to turbu-
lence.” Annu. Rev. Fluid Mech24, 395-457.

Gabor, D.(1946. “Theory of communication.”Proc. IEEE, 93(IIl),
429-457.

Grossman, A., and Morlet, §1985. “Decompositions of functions into

identification: Considerations for civil engineering applications.”
Comput.-Aided Civ. Infrastruct. Engn press.

Kijewski, T., and Kareem, A(20020. “On the presence of end effects
and associated remedies for wavelet-based analykiSdund Vih.in
press.

Liu, P. C.(1994. “Wavelet spectrum analysis and ocean wind waves.”
Wavelets in geophysic&. Foufoula-Georgiou and P. Kumar, eds.,
Academic, San Diego, 151-166.

Mallat, S.(1998. A wavelet tour of signal processingcademic, San
Diego.

Nikias, C. L., and Petropulu, A. PL993. Higher-order spectral analysis,
a nonlinear signal processing framewiRTR Prentice-Hall, Engle-
wood Cliffs, N.J.

Powers, E. J., Park, S. |., Mehta, S., and Yi, E(1297. “Higher-order
statistics and extreme wavedEEE Signal Processing Workshop on
Higher Order StatisticsAlberta, Canada, 98—-102.

Shin, V. J., Powers, E. J., and Yi, E. 1999. “Comparison of time-
frequency representations of random wave elevation d&&¢., 9th
Int. Offshore and Polar Engineering ConBrest, France, 34—-40.

Strang, G., and Nguyen, T1996. Wavelets and filter bank¥Vellesley-
Cambridge Press, Wellesley, Mass.

Tognarelli, M., Zhao, J., Rao, K. B., and Kareem,(A997. “Equivalent
statistical quadratization and cubicization for nonlinear systerds.”
Eng. Mech.1235), 512-523.

Torrence, C., and Compo, G. B998. “A practical guide to wavelet
analysis.”Bull. Am. Meteorol. Soc79, 61-78.

JOURNAL OF ENGINEERING MECHANICS / FEBRUARY 2003 / 201



