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Sudden changes occur where the mean values associated with two adjacent non-

overlapping windows of data are anomalously different, and the transition between the

window means occurs over a scale that is small relative to the scale of the windows.

Positions of sudden changes can be economically retrieved. The sudden change positions

demarcate the data in a manner that can be physically interpreted. Associated with this

thesis, are data analyses in terms of the scales, positions, and magnitudes of sudden

changes in local (window) mean data values.

A sudden change ideally includes an anomalously steep small scale gradient that

is associated with change on a much larger scale. Preserving this structure when filtering

small scale variance requires an adaptive cutoff scale, as constructed in the third study.

The filter adapts a local cutoff scale to the scales, locations and relative magnitudes of the

local extremes in the Haar transform, which ideally responds to sudden changes. In the

fourth study a filter using a variable cutoff scale is applied in order to partition a nine hour

time series of wind velocity. The variable cutoff scale filter separated a transport mode

from an isotropic small scale mode more cleanly, in terms of traditional statistics, than

did a constant cutoff scale filter. Generally, the positions of sudden changes distinguish
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windows of data. Windows can be centered on the sudden changes or between them. In

the fifth study the sudden changes define boundaries of data windows. The within-window

data then contains less variance associated with sudden changes, which deterministically

occur between adjacent windows. A sampling procedure based on the locations of the

sudden changes is applied in the sixth study in an analysis of surface layer measurements.

The "non-random" sampling helps to clarify spatial and temporal patterns in samples of

the mean wind and the turbulence stress; the "mesoscale effect" is less ambiguous.
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Sudden Changes in Local Mean Values
Demarcate Geophysical Regimes

Chapter 1 Introduction

1.1: Studying Sudden Changes

As our observational data sets increase in size, the need for effective data analyses

also increases. Effective analysis of observations yields information about geophysical

dynamics. This information, in turn, can be combined with scientific theories to formulate

and validate models that predict and diagnose circulation patterns. Thus, one way to

increase physical understanding and improve numerical models is to improve our ability

to extract information from the observations. The development of original and effective

methods for analyzing data is a goal of this thesis research.

Though the development of analysis techniques may appear independent of physical

understanding, though physical insight is what spawned the techniques and this thesis.

The atmosphere, or more generally the climate system, includes many sharp changes. The

changes are sharp, or sudden relative to more gradual changes in the adjacent regions.

For example, coast lines, synoptic weather fronts, edges of clouds, capping inversion

layers, and wind gusts are examples of sudden changes where there is a steep small-scale

gradient that can be associated with a lager-scale phenomena.

A recent example in the literature that focused on sudden changes in data can

be found in Kingsmill (1995). In that study Kingsmill studied the onset of convection

that resulted from the collision of two fronts. In the summary, Kingsmill writes "This

study has also revealed the significance of identifying discontinuities (e.g. inflections or

kinks) . . . ", which is a way of expressing the motivation for this thesis research.
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The present thesis title is intended to be a statement of the "significance" that

sudden changes have in geophysical phenomena. This study provides empirical support

for the existence of sudden changes in geophysical fields. Sudden changes, because they

exist, can serve as a navigational tool for analyzing data. Such a tool can be helpful for

practical tasks, such as mapping the positions of fronts and can clarify the nature of the

physical processes in the neighborhood of the sudden changes. Application examples are

provided in the following chapters.

Chapter 2 primarily focuses on a technique for partitioning the data variance into

lowpass and highpass components. The lowpass filtering of the data proceeds in an

adaptive manner so as to preserve the sharpness of variations in the data that occur

at sudden changes while removing the more random fluctuations. In comparison with

other filtering techniques, such as Fourier or eigenvector filtering, Gibb's (overshoot)

phenomena is greatly reduced and sudden changes in the large scale signal are more

accurately reconstructed with this new filtering technique.

In Chapter 3 the filtering technique developed in Chapter 2 is applied. The

variance, in this case, is partitioned into four components, including a highpass, a lowpass,

and two bandpass components. Specifically, turbulence observations are partitioned to

isolate a "transport mode" which includes the wind variations contributing to 51% of

the momentum flux, and particularly the largest local flux events. This transport mode

corresponds to one of the bandpass components. This is accomplished without explicit

reference to sudden changes, or sharp fronts in the wind speed. After partitioning the

data, however, it was discovered that indeed the transport mode includes many sudden

changes and further resolving these changes is what allows a transport mode to be more

purely isolated. These interpretations are based on traditional statistics calculated for

each mode of variation.
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A robust algorithm for determining positions of sudden changes is developed and

applied in Chapter 4. This algorithm is constructed to ensure that no sudden changes are

missed and the same sudden changes are identified regardless of whether the ordering

of the 1-.d data is reversed. Moreover, the algorithm is presented as an approach to

windowing the data where the data between sudden changes correspond to a block

or "regime" consisting of observations that are more homogeneous than would result

from randomly windowing the data, as is often done. Applications of this algorithm to

meteorological data in Chapter 4 suggest that such an approach has physical relevance.

The algorithm introduced in Chapter 4 is used in Chapter 5 to learn something new

about atmospheric motions. The algorithm is helpful in clarifying a dynamic relationship

between the wind and the cross stream momentum flux in the surface layer. It is found

that changing wind directions coincide with changes in the vertical flux of cross stream

momentum. This result is useful in formulating a parameterization for the cross stream

flux that is supported by observations. Modelling the observed cross stream stresses may

be helpful in the formulation of more accurate numerical models and remote sensing

retrieval algorithms.

In the next section two relevant (published) articles are reviewed. These articles

are not included in this thesis because my contributions to these studies was secondary.

Nonetheless, these two studies helped to motivate later developments. Directions for

future research are discussed in the conclusion, Chapter 6.

1.2: Motivating Studies

Encouraging results from two initial studies (Gerz et al., 1994; Mahrt and Howell,

1994) provided motivation to continue exploring sudden changes in data. A brief review
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of these initial studies is presented below. The aspects of these studies that are relevant

to this thesis are discussed. The reader is referred to the original publications for details.

T
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I

Figure 1.1 Cross section of composite velocity and temperature fields for

a region surrounding a temperature microfront in

numerically simulated turbulence.

Figure 1.1 is a previously unpublished figure associated with the study of Gerz et

al. (1994). The contour lines in this figure correspond to isotherms, the darker shading

is cooler fluid, and the arrows correspond to velocity vectors. These quantities are the

departures from the mean values, which are specified for a LxLxL cubical domain. The

specified mean flow is in the x-direction, so this figure is a cross stream-vertical or y-z

section and has linear dimensions that are 1/4 of L.

In this study (Gerz et al., 1994) sudden changes in the temperature field were used

to determine the location of vortex structures in 3d numerically simulated turbulence.
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Figure 1.1 is a 2d cross section of a 3d composite including 63 non-overlapping

sub-domains of velocity and temperature in the region surrounding sudden changes in

temperature. There is a divergent velocity field where the isotherrns are more closely

spaced. In addition, this figure shows circulatory patterns that correspond to four legs of

two horseshoe-like vortices, which are discussed at length in the published article. The

compositing process leading to this figure is described in the article.

The vortex structures generated temperature fronts by transporting fluid vertically

in the presence of a mean vertical gradient in the flow speed and temperature; faster

moving warmer fluid is "swept" downward and slower moving cooler fluid is "ejected"

upwards by the horseshoe vorticies. The success of this initial study in characterizing

the vortex structures and their relation to gust fronts was based on the positions of the

sudden changes in the temperature values.

An important aspect of this first study was the formulation and test of a hypothesis

that the fronts were generated by the outflow of coherent vortical structures. The sudden

changes in temperature were identified, and then the vortices were located in their

predicted positions; the hypothesis was supported. In this case, the ability to identify

sudden changes was a key to formulating and testing a physical hypothesis. This provided

motivation to continue investigating sudden changes.

In the second study (Mahrt and Howell, 1994), wind measurements collected from

a tower 45 meters above the ground were analyzed. The sudden changes in the flow

speed were characterized in terms of their relative contribution to the turbulence spectra

and higher order velocity moments; that is turbulence scaling laws. The fronts, which

can be associated with turbulence intermittency, are responsible for small departures from

the traditional scaling laws. Depending on the choice of a basis set used to represent

the flow, the influence of the fronts on the scaling laws was different. Scaling laws are



derived independently of any specific basis set. Thus, predicting small departures from

the scaling laws is ambiguous, since the nature of the departures depend on the choice

of basis set.

Besides the interesting physical interpretations which came outof the second study,

mathematical formulations became more familiar. This increased familiarity with the

mathematics provided a starting point for refining the formulations. And the connection

to wavelets, mathematical basis functions, became more apparent. This set the stage for

introducing and substantiating a set of non-traditional statistics.

1.3: References

Gerz, T., J. Howell and L. Mahrt. 1994: Vortex Structures and Microfronts, Phys. of

Fluids A, 6, 1242-125 1.
Kingsmill, D. E., 1995: Convection initiation associated with a sea-breeze front, a gust

front, and their collision. Mon. Wea. Rev., 123, 2913-2933.

Mahrt, L. and J. F. Howell, 1994: The influence of coherent structures and microfronts

on scaling laws using global and local transforms. J. Fluid Mech., 60, 143-168.
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Chapter 2

An Adaptive Multiresolution Data Filter:
Application to Turbulence and Climatic Time Series

James F. Howell and Larry Mahrt

Published in Journal of the Atmospheric Sciences,
American Meteorological Society, Boston, Mass.,

July 1994, 14 pages.



2.1: Abstract

To remove small-scale variance and noise, time series of data are generally filtered

using a moving window with a specified distribution of weights. Such filters unfortunately

smooth sharp changes associated with larger scale structures. In this study, an adaptive

lowpass filter is developed which not only effectively removes random small-scale

variations but also retains sudden changes or sharp edges which are part of the large-

scale features. These sudden changes include fronts, abrupt shifts in climate, sharp

changes associated with a heterogeneous surface, or any jump in conditions associated

with change on a larger scale.

To construct the filter, gradients on different scales and at different positions in the

time series are computed using a multiresolution representation of the data. The lowpass

filter adapts to include smaller scale variations at positions in the time series where the

small-scale gradient is steep and represents change on a larger scale. The action of the

filter is to apply a more concentrated distribution of weights at locations in the original

time series where the signal is rapidly varying.

2.2: Introduction

Lowpass filters such as running means computed over a constant window width not

only remove noise and small-scale fluctuations but also smooth sharp changes associated

with large amplitude coherent structures, an undesirable property for some applications.

Examples of such sharp changes include synoptic scale fronts, wind gusts and edges of

thermals, nearly discontinuous surface features, relatively abrupt changes in climate, and

sudden changes between modes in a dynamical system. The goal of this study is to

develop an adaptive lowpass filter which retains these sharp features yet removes other

small-scale variance and noise.



Adaptive filtering schemes which partially address this issue have been developed

and applied successfully (Burt and Adelson, 1983; Witkin, 1983; Vautard and Ghil, 1989;

Penland et al., 1991; Mallat and Hwang, 1992; Keppenne and Ghil, 1992). The lowpass

characteristics of the adaptive filters applied in these studies, however, are not formally

discussed. In this study an adaptive filter is formulated explicitly as a lowpass filter. The

present filter is constructed in terms of a multiresolution decomposition/reconstruction of

the data contained in a moving window. Specifying the "window width" (or spatially

constant cutoff scale) in conventional running means is augmented in the present filter

by specification of the within-window variance to be retained in the lowpass signal.

The spatially varying "scale cutoff" is locally determined by the data and the specified

variance. The window width serves as an upper bound for the small-scale cutoff and a

lower bound for the total record variance to be retained. This data filter will be refened

to as a variance conserving multiresolution filter (VCM) filter.

From another point of view, the filter acts as a running mean with a weighting

distribution which varies in such a manner that small amplitude, small-scale variations

are removed while rapid changes associated with large-scale structure are retained. The

VCM filter is characterized by a spatially concentrated distribution of weights near a sharp

change in the signal and weights which are spatially spread out where the signal is slowly

varying. The precise shape of the weighting distribution is determined by the local data.

The analysis in this study could equivalently be posed in terms of the Haar

basis (Figure 2.1; Haar, 1910), which in turn can be interpreted in terms of wavelets

(Daubechies, 1988; Chui, 1992). Decompositions of geophysical data in terms of the

Haar or other local basis sets can be found in Gamage (1990), Mahrt (1991), Gambis

(1992), Gamage and Hagelberg (1993), Kumar and Foufoula (1993), Collineau and Brunet

(1993), Turner and Leclerc (1994), Turner et al. (1994), and Howell and Mahrt (1994).
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Figure 2.1 A multiresolution (Haar wavelet) transform of 64 data points.

The analysis in this study, however, is formulated so that it is not necessary to define

explicitly a basis set in the decomposition/reconstruction algorithm (Sections 2.3 & 2.4).

Instead the filter is constructed in terms of the formalism of multiresolution analysis

(Burt, 1984; Mallat, 1989). As examples, the filter is applied to a turbulence time series

and a Southern Oscillation index.

2.3: The DecompositionlReconstruction

The present technique decomposes a window of data in terms of differences

between averages computed over window sub-segments. A record of data is defined

to consist of points sampled at a constant rate between the times t = 0 and t = N8.

The time series is denoted as

f; i=1,2,...,N (2.1)
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where the sampling interval 8 is the time between data points and N is the total number of

points in the time series. A data point f is identified with the time t = (i .) 6 which is

the geometric center of the 1th sampling interval. A decomposition/reconstruction window

is defined as a segment of the time series consisting of L 2M consecutive data points

where M is an integer 1 to be specified. The data in each such window is decomposed

and then reconstructed.

In order that the lowpass information is retained, it is necessary first to determine

the window average denoted as

fk(aM; 1) =
L

fk+j (2.2)

where the general notation fk(am; n) represents the data contained in the time interval

{k8 + am(n 1), k8 + amnJ, which is of length am = 26. The values m = M and

n = 1 correspond to an entire window of data, including L data points starting at the

time k6. The over-bar in Jk(am; n) is used to indicate the arithmetic average of the

data contained in the corresponding time interval. For future use (2) is alternatively

expressed as

fk(aM;l)= rjk(aM_1;l)+Jk(aM_1;2)], (2.3)

corresponding to one half of the sum of the half-window averages.

One half of the difference in the half-window averages is expressed as

fk(aM;l) = [7k(aM_1;2) Jk(aM_1;1)], (2.4)

so the averages of the first and second half of the window can then be written as

and

fk(aM_1; 1) = fk(aM; 1) fk(aM; 1) (2.5)

fk(aM_1; 2) = fk(aM; 1) + Afk(aM; 1), (2.6)
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respectively. If M = 1, that is if there are only two points in the reconstruction window,

then the quantities in (5) and (6) equal fk+1 and fk+2' respectively.

Generally, the window is sequentially halved into smaller and smaller segments,

thus increasing the resolution of the decomposition. As the segment size decreases, more

translated segments are needed to cover the window. If a segment is of length am 2m6

then 2Mm non-overlapping segments are required to completely cover a window of

length a 2M8 The difference operation applied to the first segment of length aM_i

(first half of the window) is

fk(aM_i; 1) = [jk(aM_2;2) 7k(aM_2; 1)], (2.7)

and the operation on the second segment (second half of the window) is

fk(aM_i; 2) = [7k(aM_2; 4) fk(aM_2; 3)]. (2.8)

These two quantities can be used to reconstruct the quarter window averages by starting

with the half-window averages represented in (5) and (6) and then adding or subtracting

either (7) or (8) to account for the differences between adjacent quarter window averages.

For example, the average value of the data contained in the third segment of length

aM_2 is

fk(aM_2;3) = Jk(aM_1;2) fk(aM_1;2). (2.9)

In general the window is subdivided in half a total of M times in order to transform

the original data into gradients computed on different scales and at different within-

window positions. A point in the window is reconstructed in terms of the transforms at

the different scales which include that point. In Figure 2.1 this corresponds to drawing

a vertical line at a fixed horizontal position, and the transform intervals crossed by that

line are used to reconstruct the given point. One transform term at each scale is used. A
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transform term at a given scale is either added or subtracted depending on whether that

given point was added or subtracted in the associated difference operation.

Summarizing the decomposition, a datum located at the within-window position

in a window containing 2M data points is reconstructed as

M

fk+, = fk + >i: (-1)fk(am; n)
m=1 (2.10)

(j-1'\n=1+int(\
2 } \.2m-1)

where int(*) is the integer part of *, the window mean fk is expressed in (2), and

fk(am; n) represents the local gradient in f on the scale am 2m8 across the transform

segment covering the given datum. Non-overlapping window sub-segments of length

am and am_I are enumerated leading to the auxiliary translation numbers n and £,

respectively.

The total sampled variance contained in the window of data is decomposed as

2M M 2M-m
1j(fk+jfk)= i1 2- i 1fk(am;n)}2. (2.11)

j=1 m=l n=1

Equations (10) and (11) can be directly verified by substituting in the expression for fk

from (2) and expressing Afk(am; n) in terms of f as

2m_1

(fk+2m(n_)+j fk+2m(fl_1)+j)

and carrying out the algebra.

(2.12)

The sum in (10) represents the total decomposition of the within-window variations.

Truncating this sum, so that the sum from rn = I to rn = M is replaced by the sum

from m = m0 to m = M where m0 1, leads to a small-scale cutoff amo that may

depend on the position within the window. A technique for selecting the scale cutoff is

presented in the next section.
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2.4: Truncating the Reconstruction

The previous section formulated the representation of a datum point in terms of

a window average and smaller sub-window scale variations according to (10). In this

section a method of truncating this representation is introduced. The method relies on

specifying a fraction a of the total sampled within-window variance to be reconstructed.

Within a given window, the variance is decomposed (11) in terms of the differences

Ajk(am; n). The construction of the filtered signal within each window proceeds in

incremental steps until the prescribed fraction of total within-window variance is restored.

The step-by-step reconstruction algorithm is now described for an individual window

starting at the time k6. A graphical presentation of this procedure is presented in Section

2.4.1.

The decomposition term with the largest magnitude, say fk(am*;
*), is identified

in order to initiate the first reconstruction step. If rn < M , then all larger scale terms

that cover the within-window transform interval [am. (nt 1), am.n*] are also included

in the first step. The lowpass filter requires inclusion of the larger scale terms.

Of the decomposition terms not used in the first step, the term with the largest

magnitude is used to initiate the second step. All larger scale terms covering the associated

transform interval are then included as well, provided they were not used in the first step.

Each reconstruction step proceeds in this manner.

At the end of each reconstruction step, the total amount of variance reconstructed

is updated. If this quantity is greater than the amount specified, then the window

reconstruction is terminated, otherwise the next reconstruction step is taken. For example,

the variance reconstructed after the first step is

M
i

2M-m [fk(am;n' + l)]2, n' = int2.) (2.13)
m=m *
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where m* and n represent the maximum difference Ifk(am*; n*)I among all the

differences Ifk(am; n) for a fixed k. If the sum in (13) is greater than the specified

fraction of the total within-window variance to be reconstructed, a x (11), then the

window reconstruction is complete. Otherwise, the largest coefficient not previously

included is found in order to begin the next reconstruction step. This process is repeated

until the specified variance is obtained. Upon satisfying the specified variance, the

smallest scale included in the window reconstruction which covers the th within-window

position corresponds to the index rno(j, k; a).

In other words, the filter is formulated by modifying (10), so the summation begins

at mo(j, k; a) where 1 mo(j, Ic ; a) M. The truncated reconstruction of a given

point in a given window is then written as

M

k-l-j=fk+ :i: (-1)fk(am;n)
m=mo(j,k;c) (2.14)(ji\ (j-1\

n = 1 + mt
2 ) ; £ = 1 + mi 2m_1)'

which is the truncated form of (10) resulting from the introduction of the cutoff scale

index mo(j, Ic; a). The relation between the reconstruction steps and the cutoff scales

amo(j,k;a) is described in terms of a specific atmospheric example in Section 2.4a. If

mo(j, k; a) = 1, then the original datum is reconstructed exactly (no truncation). If

mo(j, Ic; a) = M, then the reconstructed value is simply the half-window average.

Specifically, the value of j, in (14) is equal to an average of 2[mo(j,k a)1 consecutive

data points.

A lowpass filter (adaptive running mean) for the entire record is implemented

by moving the reconstruction window. In the present study all possible starting posi-

tions for the reconstruction windows are used, corresponding to maximum overlap of

windows. Translating the window through the record one point at a time leads to de-



composition/reconstruction windows of length ajj 2M6 starting at times t = kc5 for

k = 0, ...,N 2M Each point in the time series (except for the endpoints) is recon-

structed more than once leading to a redundant representation. The reconsiructions of a

given point corresponding to the different windows that cover that point are averaged to

yield the final filtered output, written as

kt

k=k

(2.15)

where j i k and the sum is over the K1 windows that cover the datum fi, specifically,

max(i 2M o), iç = rnin(i 1, N 2M)

and (2.16)

K1 =lctkT+1 =min(2M, i, Ni+1, N_2M+l).

The averaging of window reconstructions reduces possible phase problems as discussed

by Vautard and Ghil (1989). Characteristics of the filter are now illustrated in terms of

a specific atmospheric application.
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Figure 2.2 Longitudinal wind data measured 45 m above relatively
flat ground in near-neutral stratification.

2.5: Turbulence Example

In this first example a 5 minute time series of the fluctuating longitudinal and

vertical wind components measured 45 meters above flat terrain in near neutral conditions

are analyzed (Kristensen et al., 1989). The wind was sampled at a rate of 16 Hz, so

the 5 minute segment contains 4800 data points. The mean longitudinal wind speed in

the segment is about 16 m/s, so a conversion from time to pseudo distance (Taylor's

hypothesis) is defined to be 1 km per 1 mm. On the horizontal axes of Figure 2.2, time

increases toward the left in order for the spatial structure to be visualized. In Figure

2.2 the raw data corresponds to the dotted line. The solid line is an individual window

reconstruction of the raw data by the VCM filter using a = 0.8, and includes 80.3% of

the raw within-window variance. The dashed lines mark the boundaries of the window.



The truncation of the observed signal, summarized in the previous section, depends

on the location of the largest values of the transform terms (12) generated from the

decomposition. The decomposition terms represent the "average change" over the interval

{b b + } where a = am = 2S is the scale (width) of the transform interval, and

b = bkmn k6 + am .)
is the central position of the interval. Locations of rapid

changes in the signal are reconstructed first by starting with the largest decomposition

terms as detailed in Section 2.4. This lowpass reconstruction is terminated when a

specified fraction of total variance is restored.
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Figure 2.3 The reconstruction steps corresponding to Figure 2.2.



Figure 2.3, Continued.

10

11
0.1

C)
Ti)

0.00 1

0 1 2 3 4 5

position b (km)

19



20

Figure 2.3, Continued.
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Figure 2.3, Continued.
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2.5.1 Step-by-step window reconstruction

This example begins with an individual window reconstruction. Figure 2.2 shows

the final reconstruction of an individual window of data using a = 0.8 in the VCM

filtering algorithm, summarized in Section 2.4. The filtered signal (solid line) in Figure

2.2 consists of variable width piece-wise constants where the value of a constant is the

arithmetic average of the data contained in the corresponding segment (14). Segments

are narrower where the wind speed is varying rapidly. For example, the sharpness of the

gust front at approximately 2.1 km is resolved.

The reconstruction steps associated with the solid line in Figure 2.2 are shown in

an a-b phase plane where the transform segments used in the reconstruction are indicated



by the solid horizontal lines (Figure 2.3). In Figure 2.3 the numbers in the a-b plane

denote the ordering of the steps and are located directly below the position and scale used

to initiate the corresponding reconstruction step. It took 10 steps in order to reconstruct

80% of the within-window variance. Step 1 in the window reconstruction starts with the

largest transform quantity, which in this case is on a scale a = 64 m and is located at

the position b = 2.1 km (Figure 2.3a). The reconstruction at this position includes all

decomposition terms on larger scales that cover the position b = 2.1 km. These larger

scale terms are required to restore the 32 m averages around the point b = 2.1 km and

to form a lowpass signal.

The largest transform term not used in the first step is used to initiate step 2 in

the window reconstruction. This term is on the scale a = 0.5 km at the spatial position

b = 1.7 km (Figure 2.3b) and represents eddy substructure. The larger scale terms that

cover the position b = 1.7 km were already used in the first step, so no additional terms

are required at this stage of the reconstruction. The new term in step 2 adds 10% to

the reconstructed within-window variance. Reconstruction steps 3 through 5 account for

another 27% of the within-window variance (Figure 2.3c). After 10 reconstruction steps,

80% of the within-window variance is reconstructed (Figure 2.3d) resulting in the final

within-window reconstructed signal (solid line, Figure 2.2). The window reconstruction

has adapted to include relatively large local gradients. The ordering of the steps indicates

the largest gradients in the turbulence signal are at positions b <2.5 km. Overall, the

large eddy structure and associated substructure in the turbulent signal are reconstructed

in detail while the smaller more random fluctuations are truncated.

These small-scale fluctuations correspond to 20% of the total within-window

variance. Specifying 80% of the within-window variance to be reconstructed is then

effective for resolving the large-scale signal. The filter output is less sensitive to the
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choice of a window width. The specified fraction a of within-window variance to be

reconstructed is the key input parameter for the VCM filter. If a is sufficiently close

to unity, variations associated with the large-scale coherent structures are essentially

recovered by the VCM filter. Relatively small amplitude, small-scale fluctuations are

generally removed while all other sampled variations are retained. A strategy for choosing

a and applying the filter iteratively is discussed in the next subsection.

2.5.2 Iterative approach

If an insufficient amount of small-scale variance is removed after the first applica-

tion of the filter, the filter can be applied to the output of the first application using the

same a. This corresponds to one iteration, as opposed to reducing the value of a and

applying the filter to the original data. An iterative application of the filter will skim off

additional small-scale variance which has random phase with respect to the large-scale

structure. The ratio of large-scale variance to random phase small-scale variance is thus

increased. To remove still more small-scale variance, the filter is applied to the output

of the second application, and so forth, until a satisfactory filtered output is obtained.

This "iterative approach" generally yields different results from those obtained by simply

decreasing the specified variance a and re-applying the VCM filter to the original data.

In particular, if a is selected to be too small then a significant portion of the large-scale

coherent signal may be truncated upon the initial application of the filter. The reasoning

is as follows.

The average within-window variance reconstructed by the VCM filter will always

exceed the specified variance due to the fact that the reconstruction steps add discrete

amounts of variance. If this excess variance is relatively large (say> 5% over the specified

fraction), then the final reconstruction steps in each window are, on average, adding

significant variance. Changes in a, in this case, can eliminate or add reconstruction steps
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which lead to significant changes in the coherent part of the filtered output. On the other

hand, when c is sufficiently close to unity, the final reconstruction steps are, on average,

adding only small amounts of localized small-scale variance, and the characteristics of the

filtered output vary more continuously with small changes in c. The iterative approach

is a more conservative technique for removing additional small-scale variance since it

can be initiated with an o large enough to begin filtering in this more continuous regime.

Elimination of significant variance in the coherent signal is then avoided.

In summary, the current approach is to specify a just large enough so that after

the first filter application, large-scale structures are resolved in detail. If excessive small-

scale variance is still present, the VCM filter is then applied iteratively. In the present

application, the iterations were terminated when the primary effect of further iterations

was to decrease the amplitude of the large-scale structures.
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Figure 2.4 Longitudinal wind component observed 45 m above a flat ground in
near neutral conditions (a). The VCM filter using a = 0.8 and a 1 km
window is applied once (b) and twice (c) to the observed
data. Also plotted is the 250 m running mean (d).

The reconstruction window size is specffied to be 1 km for application to the turbu-

lence data. Because the window averages are reconstructed by the filter, approximately

2 km large eddy structures are automatically restored. By specifying a = 0.8, the coher-

ent structures are retained with insignificant smoothing or amplitude reduction (Figure

2.4b). After the first iteration, most of the random phase small-scale variance is removed

(Figure 2.4c). Gusts in the longitudinal wind speed are indicated by the arrows in Figure

4. The smallest amplitude gust (near 1 km) is eliminated by the first iteration (second

application) of the filter (Figure 2.4c), though the sharpness of the other gusts are gen-

erally retained. In Figure 2.4 the numbers in the lower left corners are total variances.

The asterisks and arrows are at the same horizontal positions in the different plots.
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In Figure 2.4d, the 250 m running mean is plotted for comparison. While the

running mean is everywhere smooth, the VCM filtered data consist of steep small-scale

gradients at the positions of the sharp wind gusts (sudden changes in the larger scale u

motions). The running mean smooths these gusts leading to small-scale gradients which

are spatially more uniform. Despite smoothing most of the small-scale detail, the running

mean contains approximately the same total variance as the once iterated VCM filtered

signal in Figure 2.4c. The total variances in Figure 2.4 indicate that the output of the

initial filter application contains 4 = 84% of the total variance in the original signal. In

turn, the once iterated filtered signal (Figure 2.4c) contains H = 86% of the variance in

the output of the initial filter application (Figure 2.4b).

To better understand where the total variance in the VCM filtered signals is gained

or lost, consider a single application of the filter, with specified a, to a time series which

could be the output of a previous filter application. The fraction of total variance in the

output signal relative to the total variance in the input signal is not necessarily greater than

or less than the specified fraction a of the within-window variance to be reconstructed.

There are several reasons for the lack of a one-to-one correspondence. The lowpass VCM

filter automatically restores energy on scales larger than the window width (variance gain),

the filter exceeds the specified variance in each reconstruction window (variance gain),

and the windows overlap which leads to some smoothing (variance loss). An important

feature of the VCM filter, however, is that the total variance in the output signal is a

non-decreasing function of a and when a = 1, the input signal is exactly reproduced.

The filter in the present application is specified in terms of the longitudinal wind

u. Using the same filtering operations defined by u, the filter is also applied to the

vertical wind w (Figure 2.5). The result suggests how the w motions are organized on

scales associated with coherent structures in u. Because the w motions tend to vary
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Figure 2.5 Same filtering operation as in Figure 2.4 applied
to the vertical wind component.

on smaller scales, the fraction of total variance reconstructed is less than that for the

longitudinal wind u. Specifying the filter in terms of w leads to signals with more

small-scale variance since significant structure in w occurs on smaller (< 100 m) scales.

An alternative approach is to base the filtering on the largest magnitudes of the product

Au(am; n) x w(am; n) in order to isolate the motions associated with momentum flux.

This approach is taken in Howell and Mahrt (1994).

2.5.3 Physical interpretation

The filtered signals isolate several features of the large eddies. The largest

organization included in the 5 km record is approximately 2 km ramp structures where

the longitudinal wind experiences a sharp increase followed by a slower decay. Examples

of the gust fronts associated with these ramp structures occur at 0.3, 2.1, and 4.7 km



horizontal positions in Figure 2.4. The organization on this scale occurs with little vertical

motion. These motions may be large boundary-layer eddies (Etling and Brown, 1993)

whose circulation at the 45 m observation level is forced to be more horizontal by the

presence of the ground surface. Such a circulation pattern may contribute to the larger

scale horizontal velocity variance, but less significantly to the flux. Because they do not

contribute significantly to the flux, these motions are referred to as inactive eddies in

Högstr6m (1990) and Mahrt and Gibson (1992). The vertical flux of momentum (not

shown) is associated mainly with the smaller scale substructure of these large eddies,

roughly on the 500 m scale (see arrows, Figure 2.4). This 500 m substructure is associated

with short lulls in the wind speed occurring with rising motion followed by a gust with

smiting motion as can be seen by comparing Figures 2.4 and 2.5.

On still smaller scales, the vertical wind component contains more variance than the

longitudinal wind component. The ratio w/u of the structure functions for small separation

distances (say < 50 m) is approximately 4/3 (Howell, 1993), which is consistent with

similarity scaling for high Reynolds number isotropic turbulence (Kolmogorov, 1941).

Thus, this example indicates that the turbulence signal is divided into at least three

physical scales: (1) large eddies, (2) main transporting eddies (large eddy substructure)

which dominates the vertical flux of momentum, and (3) small-scale nearly isotropic

motions. A filter with one specified cutoff scale could therefore lead to a physically

ambiguous partitioning since the range of scales associated with a given mode varies

with record position. The lowpass VCM filter partially captures the spatial variability of

the scales associated with a given mode. For example, the lowpass filter captures smaller

scales at locations where microfronts occur leading to a more complete representation

of the large eddy substructure.
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Figure 2.6 Filtering weights for the specific points marked in Figure 2.4 as "rap
var" for rapidly varying (dotted line) and "slow var" for slowly
varying (dashed line) for the VCM filter applied once to the original
data with a = 0.8 (a) and once to the original data with a = 0.5
(b). The solid line bounds the weights for a > 0.
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Figure 2.6, Continued.
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2.5.4 Distribution of weights

The filter output at a given point is equivalent to a weighted average of the original

signal, though such weights are not explicitly applied. The distribution of weights

generally changes depending on the position within the time series because the VCM

filter is adaptive, if the signal is rapidly varying at a point, then the distribution of

weights will be more concentrated about that point and more small-scale variance is

retained. Conversely, in regions where the signal is slowly varying, the distribution of

weights will be more spread out leading to a smoother filtered signal. Two such points

are marked in the time series of the longitudinal wind component as "rap var" (rapidly

varying) and "slow var" (slowly varying). Corresponding distributions of filtering weights

are shown in Figure 2.6.
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The width of significantly nonzero weights will always decrease (increase) as the

specified variance increases (decreases) since increasing the specified variance forces the

filter to capture smaller scales. The half-window averages are always reconstructed unless

cr = 0. The distribution of weights, as a result, are bounded by a triangle distribution

(Bartlett window; Oppenheim and Schafer, 1975 sect. 5.5) which includes 2M - 1 data

points (solid lines in Figure 2.6). This triangle distribution of the filtering weights

effectively corresponds to a running mean over the width of the reconstruction window.

An exact reconstruction of a given point corresponds to a delta distribution. The final

filtering weights always lie inclusively between the triangle and delta distributions. The

reason is that if each window reconstruction is exact, the delta distribution results, and

reconstructing only the half-window averages in each window results in the triangle

distribution.
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Figure 2.7 a-b phase plane for the longitudinal wind data in Figure 2.4.
Local maxima with respect to b of the transform (difference)
quantities (12) are indicated by the filled circles.
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2.5.5 Spatial distribution of cutoff scale

The spatially varying cutoff scale in the VCM filter depends on the largest transform

quantities (12). The local maxima of these quantities at each dyadic scale are determined

in order to verify the "action" of the filter as well as to further study the characteristics

of the observed data. Gambis (1992) also emphasized the scales and positions of the

largest values of wavelet transform coefficients in the a-b phase plane in order to help

interpret data.

In Figure 2.7, the (a,b) coordinates of the filled circles correspond to local maxima

at dyadic scales of the transform quantities (12) for the raw turbulence data plotted in

Figure 2.4a. The radius of the circles are linearly proportional to the magnitude of

the corresponding maxima. Only maxima with magnitudes greater than two times the

standard deviation of all transform values are included. The solid curve is the average

local small-scale cutoff (17) associated with one application of the VCM filter using a

1 km window and c = 0.8 (Figure 2.4b). The dashed line is the constant scale cutoff

associated with the 250 m running mean (Figure 2.4d). Figure 2.7 shows only local

maxima which exceed two standard deviations of all transform quantities on dyadic

scales. The radius of a circle in Figure 2.7 is linearly proportional to the magnitude of

the corresponding transform. The largest transform quantities occur on the scale of a few

hundred meters at the location of the relatively large-scale gusts. Such a-b phase plane

information provides statistics on the spatial size and spacing of the principal microfronts.
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Except for those near the boundaries, each transform quantity at a given dyadic

scale enters into an equal number of overlapping window decompositions. The largest

decomposition terms are included first in the truncated reconstruction (Section 2.4). Local

maxima of the transform quantities with respect to spatial position b on a given scale a

will thus be included in the overlapping reconstructions more often compared to spatially

nearby terms.

An estimate for the spatially varying cutoff scale is defined here as the logarithmic

average of the small-scale cutoffs used in the overlapping reconstructions of the ith record

position. This quantity is written as

=2m0()8, ñio(i; a) = mo(j,k; a) (2.17)
mo(z ; c)

k=k

where j = i k, and kI, kt, K are defined in (16). The spatially varying cutoff scale

associated with one application of the VCM filter to the turbulence signal (Figure 2.4b)

is indicated by the solid curve in Figure 2.5. This curve shows how the VCM filter

includes smaller scales in regions of sharp coherent changes associated with wind gusts

and illustrates the adaptive nature of the filter.

2.6: Climatic Example

As an alternative example, the VCM filter with overlapping windows is now

applied to 52 years (July 1941 through December 1992) of a monthly recorded Southern

Oscillation index (SOT). For comparison, the SOT is also filtered according to eigenvectors

(EOF's) of overlapping decomposition/reconstruction windows.

Keppenne and Ghil (1992) also applied an EOF-based singular spectrum analysis

(SSA) filter to SOT data, though the data in their study is somewhat different from that of

the Climate Analysis Center (1993) used in this study. The SOI data is described in the



35

following subsection. The SSA filtering approach is then summarized (Section 2.6.2).

Both VCM and SSA filters adapt to the data and in the current application lead to filtered

signals containing nearly an identical amount of variance (Section 2.6.3). However, these

two filtered signals have distinctly different properties, discussed in Section 2.6.4.

2.6.1 Southern Oscillation index (SOl)

To measure the state of the El Niño Southern Oscillation (ENSO), a variety of

indices have been constructed. These indices include variables such as sea-surface

temperatures, rainfall amounts and atmospheric sea level pressures (Wright, 1989). This

study examines a conventional SOT defined according to differences between the eastern

and western tropical Pacific (Tahiti - Darwin) sea level pressure (SLP) anomalies. The

standardized SLP anomaly for a given month is obtained by first subtracting out the mean

SLP for that month and then dividing by the corresponding standard deviation. This is

done for each month at each of the Tahiti (17.4 S, 149.3 W) and Darwin (1.4 N, 92.0 W)

stations. Next, the Tahiti Darwin difference of the resulting SLP anomalies is taken.

The differences are then standardized by the mean annual standard deviation. These

standardized differences make up the Southern Oscillation index reported in Climate

Analysis Center (1993) and analyzed in this study.

Variability in the SOT is related to the ENSO phenomenon. The ENSO has been

associated with planetary-scale oscillations in the ocean-atmosphere system (Bjerknes,

1969; Horel and Wallace, 1981). These oscillations can influence regional weather

patterns at remote locations (Kousky et al., 1984). Reviews and models of the ENSO can

be found in Schopf and Saurez (1988), Battisti and Hirst (1989), Barnett et al. (1991),

Cane (1992), and Chao and Philander (1993). Natural variability in the ENSO is

suggested by the studies of Quinn et al. (1987) and Stahie and Cleaveland (1993).
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Anomalous sea level pressures at Tahiti and Darwin described by the SO! time

series regularly persist up to a year or more. These (spatially fixed) anomalies often appear

and disappear suddenly relative to their duration. The raw monthly SOl data contains

steep, small-scale (interseasonal) gradients that lead to changes in the average data

computed on annual time scales. In order to isolate interannual variability, conventional

filtering techniques tend to preclude steep, interseasonal gradients. Interannual and shorter

time scale variability in the SOl time series is described with a 5 month running mean

and by applying the VCM and EOF-based filters (Section 2.6.3). The results are then

characterized in Section 2.6.4.

2.6.2 Eigenvector decomposition

This eigenvector decomposition relies on the proper orthogonal decomposition

theorem (Loève, 1963 sect. 34), which leads to a Karhunen-Loève expansion or expansion

into empirical orthogonal functions (EOF's). The EOF's are a statistically optimum global

basis set for describing the variance in the data, so the leading order EOF's capture the

dominant variations. For more general discussions and geophysical applications see

North (1984), Mahrt and Frank (1988), Pfeffer et al. (1990), Chang and Mak (1993),

and Fraedrich et al. (1993). The present eigen-analysis closely follows the treatment of

Keppenne and Ghil (1992) who applied an adaptive data filter to an SO! time series based

on an eigenvector decomposition. Their filtering approach relies on a singular spectrum

analysis (SSA), yet another variant of the proper orthogonal decomposition theorem.

Vautard et al. (1992) provide a current review of SSA and its applications.

For the 52 year SOl record, consider decomposition/reconstruction windows con-

taming L data points. Relative to the starting position of the record (July 1941), windows

starting at times k x (5=1 month) fork = O,1,...,N L are used to generate an L

x L lagged covariance matrix C which is real and symmetric. L = 60 is selected so
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the window width is small enough to achieve reasonable sampling, yet large enough so

that variability associated with the ENSO is sufficiently included within a given window

(Keppenne and Ghil, 1992). An element of the matrix C is defined as

NL+1 (fk+-7k)(fk+j 1k) (2.18)

i,j=1,2,...,L

where fk is defined in (2) and N is the total number of points in the record which

includesN L distinct windows with maximum overlap. The overlapping windows may

be viewed as random phase samples (Vautard et al., 1992; Mahrt and Howell, 1994).

They are not random samples however, since the windows overlap.

C.)

J10

5

SOl singular spectrum

51%

12345678910 15

eigenvalue # p

Figure 2.8 Average within-window SOl variance associated with eigenvalues 1-16.

For a "second-order stationary" process, the lagged covariance for a fixed lag is

independent of the within-window position and the resolved EOF's are Fourier modes



(Panofsky and Dutton, 1984 sect. 12.5.1). For a finite number of windows (finite record),

lagged covariances can only be estimated so even if the process being sampled is second-

order stationary, the eigenvectors may only resemble Fourier modes. Instead the EOF-

decomposition is statistically optimum in that the leading eigenvector maximizes the

variance explained for that finite record. The second eigenvector maximizes the remaining

variance, and so forth. A comparison between spectra based on eigenvector and Fourier

bases sets is presented in Mahrt and Howell (1994).

The eigenvectors (P) of the lagged covariance matrix C associated with positive

eigenvalues A() provide an orthogonal and complete basis set for describing the within-

window variations (Loève, 1963 sect. 34). The eigenvectors are defined such that

L

(2.19)
j=1

where the eigenvalue corresponds to the average within-window variance described

by the th eigenvector. Values associated with the largest 16 eigenvalues are plotted

in Figure 2.8. The eigenvalues have been normalized by the average within-window

variance. The rapid fall off in the SOT singular spectrum suggests a division between

the coherent variations and more random small-scale variations in the data and is a key

to the success of SSA.

A datum located at the 1th within-window position is reconstructed as

L-1

fk+j fi + (2.20)

p=1

where the eigenvectors have been normalized to have a variance of unity. The expansion

coefficient d is the inner product of the pth normalized eigenvector with the window

of data starting at time k6, which is written as

L

d = . (2.21)

j=1
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A filter is formulated by truncating (20), so the summation is terminated at eigenvector

P where P <L 1. The truncated reconstruction of a given point in a given window

is then written as

= fk + d q). (2.22)

According to the SOl singular spectrum (Figure 2.8), P = 4 is selected. The reconstruc-

tions of a given point corresponding to the different windows that cover that point are in

turn averaged to yield the final filtered output according to (15).
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Figure 2.9 Filtered SOT signal.

The SOT time series includes small-scale (1-3 month) departures which have large

amplitudes relative to the large-scale structure. These "spikes" are traditionally reduced

with a 5 month running mean. The 5 month running mean will be used as the input

for the YCM filter. This pre-filtering is unnecessary for the SSA filter since small-scale



spikes are primarily described by the higher order eigenvectors which are removed by

the truncated reconstruction (22). This is an advantage of the SSA filter.

The 5 month running mean contains 67.3% of the original total SOT variance

(Figure 2.9a). However, the running mean still includes small-scale fluctuations which

have random phase with respect to the large-scale variations. By applying the VCM

filter to the 5 month running mean, these fluctuations are removed effectively without

smoothing the large-scale structure.

The VCM algorithm requires a window that includes L 2M data points. Ac-

cordingly, a 64 month reconstruction window is selected. As stated in the turbulence

example (Section 2.5), the VCM filter is less sensitive to the window width and, instead,

primarily depends on the specified variance. The specified fraction o of within-window

variance to be reconstructed is selected just close enough to unity, here c = 0.9, in or-

der to reconstruct the large-scale coherent variations while truncating small amplitude,

small-scale fluctuations. The VCM filter is then applied iteratively, selectively removing

a little more localized small-scale variance upon each iteration (Section 2.5.2).
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Figure 2.9, Continued.
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Plotted in Figure 2.9 is the SOT 5 month running mean (a). The VCM filter is

applied twice to the SOl 5 month running mean with a 64 month reconstruction window

and a specified variance ü = 0.9 (b). The filtered SOl in (c) is based on EOF's 1-4 for a

60 month window according to a singular spectrum analysis (SSA). The solid line in (d)

is a result of applying the VCM filter five times with same input parameters as in (b).

The dotted lines correspond to the monthly recorded Southern Oscillation index, and the

percentages are the portions of variance contained in the corresponding filtered signals.

The initial VCM filtered output captures the large-scale structure at the cost of

retaining some unwanted small-scale variance (Figure not shown). Using the same a,

the filter is then applied to the output of the first filter application. After this second

application, the filtered signal contains 5 1.7% of the total SOT variance (Figure 2.9b).
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Coincidentally, this is the same amount of variance associated with the SSA filtered

signal (Figure 2.9c), corresponding to EOF's 1-4.

In order to isolate the largest amplitude events, the VCM filter is iterated three

more times corresponding to a total of five applications of the filter (Figure 2.9d). The

final filtered signal contains only 37% of the total SOl variance but still includes steep

small-scale gradients associated with coherent change on a longer time scale. The filtered

signal in Figure 2.9d highly resolves the sudden occurrences of large amplitude, large-

scale events while random phase small-scale variance and relatively small amplitude

large-scale variations are removed.

2
'3)

.-

0
0

C)

tl)

C
-2

'3)

0
rr

5 month _____VCM

1978 1980 1982 1984 1986

Figure 2.10 Filtered SOl signals from Figures 2.9a-2.9c plotted for 1977-1987.

2.6.3 Comparison of SOl filtered signals

To further characterize the different filtering techniques, the filtered SOl signals are

overlaid for a decade (1977-1987) of the record containing the 1983 anomaly (Figure
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2.10). The 5 month running mean (dotted line, Figure 2.10) contains considerably

more small-scale variance than the other two signals. The VCM filtered signal (solid

line, Figure 2.10) closely follows the sharp changes associated with the appearance and

subsequent termination of the 1983 anomaly. The SSA filtered signal (dashed line,

Figure 2.10) smooths these sharp changes.

Consequently, the structures contained in the SSA and VCM filtered signals are

quite different even though they both contain the same amount of total variance. The

SSA filtered SOT includes small amplitude large-scale oscillations. For example, a small

amplitude cycle occurs in the SSA filtered signal following the 1983 event. This cycle

is nearly 180° out of phase with the 5 month running mean (see arrows, Figure 2.10).

The 1983 anomaly appears localized in time, yet includes a broad range of time scales

associated with the onset, duration, and decay of the event. Representation of this

localized event with EOF's 1-4, which roughly correspond to 2-5 year time scales,

leads to oscillations in the neighboring years with approximately 2 year periods. These

neighboring oscillations can be interpreted in terms of "Gibbs phenomenon" (Oppenheim

and Schafer, 1975 sect. 5.5).

Because of Gibbs phenomenon, truncating an eigenvector or Fourier representation

of the data variability can lead to artificial oscillations. Gibbs phenomenon is reduced

by the VCM filter because the data is represented in terms of a local (wavelet) basis.

On the other hand, does the VCM filter introduce artificially steep gradients? From

numerous test applications to both real and artificial time series, the filter appears to

only reconstruct steep gradients when the input data contains such steep gradients. This

follows from the fact that the filtered output is a weighted average of the input data and the

nonnegative weights are bounded by the triangle distribution (Section 2.5.3). However,

a more evident difficulty is that the filter tends to include large amplitude small-scale
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variance with random phase, such as spikes. For this reason the SOT 5 month running

mean was used for the input in the current application.

In this current example, the SSA filtered SOT corresponds to a wavy signal

with modulated periods and amplitudes since the leading order eigenvectors resemble

sinusoids. Such a signal is more predictable using an autoregressive model as reported

by Keppenne and Ghil (1992), one of the underlying motives for using an EOF approach

(Barnett and Hasselmann, 1979). In contrast, the VCM filter removes events with small

amplitude relative to other nearby events. For example, the VCM filtered signals are

"flat" during the years following the 1983 anomaly. Between 1984 and 1986 interannual

variations in the monthly SOT data appear minimal (Figure 2.9 and Figure 2.10, dotted

lines). The VCM filter selects the largest amplitude events and reconstructs them in sharp

detail. The SSA based filter tends to include more events in smoothed form and is not

as committed to the largest amplitude events. The two filters contain complementary

information.

2.7: Conclusion

The variance conserving multiresolution (VCM) filter introduced in this paper

adapts to the data by decreasing the lowpass cutoff scale in regions of rapid change.

The lowpass VCM filter is effective at eliminating noise while retaining sharp variations

in the larger scale signal. This filter can be a useful diagnostic tool when the coherency

is buried in noise. The filter requires specification of the decomposition/reconstruction

window width and the fraction of within-window variance to be reconstructed. The

specified variance determines the amount of detail retained in the filtered signal. By only

removing small amplitude, small-scale variations, the filter effectively retains any abrupt

changes in the large-scale coherent signal.
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When applied to turbulence data, the lowpass VCM filter preserves the sharpness

of the wind gusts yet removes fine scale turbulent fluctuations which have random phase

with respect to the large eddies. Conventional lowpass filters would smooth the sudden

increase in wind speed at the gust microfronts. When applied to the SOT data, the VCM

cutoff scale adapts to the variable range of time scales associated with El Niño and La

Nina Southern Oscillation events as represented by an SOT. The variable time scales may

include the onset (monthly time scales), duration (yearly time scales), and subsequent

disappearance (monthly time scales) of sea level pressure anomalies. The VCM filter

extracts information which is complementary to the SSA adaptive data filter reviewed by

Vautard et al. (1992). For the SOI example, the VCM filter better represents a sudden

onset of an anomaly whereas the SSA filter better represents the oscillatory nature of the

anomalies. Application of both filters is recommended.
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31: Abstract

Nine hours of 45 meter tower anemometer measurements are analyzed to demon-

strate an adaptive method for decomposing a time series into orthogonal modes of vari-

ation. In conventional partitioning (or filtering) the cutoff scales are specified a priori to

be constant throughout the record. Applying a constant cutoff scale is less effective if

two different physical modes vary on overlapping scales, since the statistical partitioning

is then physically ambiguous. For the turbulence analyzed in this study, motions leading

to a majority of the momentum flux intermittently occur on scales which otherwise lead

to little flux. To better separate the transporting motions from the more random motions,

the cutoff scale separating these two modes is allowed to vary with record position. The

entire record of data is partitioned into four modes of variation using a piece-wise constant

(Haar) decomposition. The two larger scale modes are characterized as the mesoscale and

large eddy modes. Similar to conventional partitioning, these two modes are determined

by spatially constant cutoff scales. The two smaller scale modes on the other hand, are

separated by a scale which depends on the local transport characteristics of the flow.

Local extremes in the distribution of momentum flux determine the partitioning between

the two small scale modes. This leads to an adaptive cutoff scale, which better isolates

the transporting eddy mode responsible for a majority of the flux. The spatial variation of

this cutoff scale allows the time series to be decomposed into modes which are physically

more pure as is verified in terms of traditional statistics for each mode. The gradient

skewness in the longitudinal wind component for the main transporting eddies is 0.23

using a constant cutoff scale and 0.85 using the adaptive cutoff scale indicating that the

shear driven transporting eddies are more completely isolated using the variable cutoff

scale. The remaining small scale deviations define the fine scale mode, which consist of

non-transporting nearly isotropic motions.
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3.2: Introduction

A common problem in time series analysis is sorting out the different modes of

variation. If such modes overlap in Fourier space or are primarily local or event-like,

then traditional Fourier and eigenvector decompositions are generally less effective in

separating the different modes. As an alternative approach to this problem, nine hours

of turbulence data are orthogonally decomposed into piece-wise constants, representing

four modes of variation. One of these modes includes a majority of the momentum flux

and is described by a subrange of scales which depends on the record position.

The Haar wavelet is the underlying basis in the decomposition applied in this study.

Decomposing the turbulence in terms of "higher order" wavelets which are more compact

in Fourier space yield similar results. Higher order wavelets however, are slightly less

efficient in capturing the sharp gradients associated with the transport physics which is

the primary goal of this study. On the other hand, higher order wavelets do appear

better suited for representing the larger scale, modulating motions. Additional reasons

for specifically using the Haar wavelet are provided at the beginning of Section 3.2, and

results of applying alternative orthogonal wavelets are discussed at the end of Section 3.4.

In general, wavelets decompose global variance or energy in terms of scale and

position within the record. Wavelets are used extensively in seismic analysis and are

beginning to find their way into other geophysical disciplines [3] [11] [12] [13] [18]

[21]. Related to this study, Farge [9] and Meneveau [23] discuss a variety of wavelet

applications to turbulence. Ways of constructing, describing, and implementing wavelet

tools are many. Daubechies [8] constructs wavelets which are compact in physical

space, and yet still provide a complete basis for decomposing the total sampled variance.

Viewing wavelet bases from a linear algebra perspective [24] can be useful in solving
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numerical equations [1]. Spline wavelets are generally effective for interpolating and

filtering data [211 [7] [25]. Another common view is that a wavelet basis set describes

a multiresolution analysis [10] [19] [22].

A mulliresolution analysis is a convenient setting for locally describing the different

scales of variation in the data. Multiresolution techniques are used in image analysis, for

example, to store and transmit images compactly [5] [6]. The current development could

be posed in terms of a multiresolution analysis [16], or alternatively the present approach

could be posed in terms of the related wavelet analysis referred to above. However,

the methods in this study (Section 3.3) are kept simplified such that it is unnecessary to

explicitly appeal to these closely related topics.

The strategy in this study is to first decompose the turbulence time series into

distinct modes. Because small scale variations in the turbulence record correspond to

two types of motions, an adaptive technique is used to separate them (Section 3.3). For a

simple demonstration of the adaptive technique, only the scale separating these two small

scale modes is allowed to spatially vary. Generally, the adaptive technique allows for

the separation of physically distinct modes with overlapping scales. This separation is

not possible with conventional filtering with a specified response function or distribution

of weights. After decomposing the turbulence, the spatial distribution of momentum flux

for the different modes will be reconstructed. Additional statistics are then computed

for the different modes (Section 3.4). In Section 3.4 a brief physical interpretation of

the results is provided.

3.3: Partitioning the Time Series

The data used in this study consist of 9.1 hours of the three velocity components

measured 45 meters above fiat terrain in near neutral conditions [17]. The wind speed
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fluctuates about a mean value of ii 12.8 m/s throughout the 9.1 hours, and most of the

energy is concentrated in the 1 minute or 1 lan eddy motions (Section 3.4). For a

turbulence depth of roughly 500 m the Reynolds number is more than 108. Additional

statistics describing this data set can be found in [17] and [21].

The value of the longitudinal wind component at the 1th record position is denoted as

u; (3.1)

where 5 = second is the width of a sampling interval and in the current analysis

M = 19, corresponding to 524,288 data points. There are equivalent time series of the

cross stream wind component v and the vertical wind component w.

3.3.1 Decomposition method

Haar [14] first presented this decomposition method over 80 years ago, yet the

utility of such a simple decomposition is only beginning to be realized, primarily in the

context of wavelets. Indeed, Daubechies [8] appealed to the Haar basis set in introducing

a fundamental set of equations describing a unique sequence of orthogonal wavelet bases.

The Haar basis set is included in that sequence.

Two coefficients (-1 and + 1) essentially describe a Haar basis element. The Haar

decomposition involves multiplying differences of arithmetic sums of the data by dyadic

numbers (= 2P where p is any integer). Orthogonal wavelet transforms usually involve

more coefficients and irrational numbers. The Haar wavelet is (odd) symmetric while

all other compactly supported orthogonal wavelets are apparently asymmetric [81. The

Haar basis set is sometimes discounted because a Haar transform value corresponds to a

Fourier spectral window which decays away from a central wavelength at a slower rate

than higher order wavelets, an important consideration in many applications. However,



for the turbulence data analyzed in this study, many Fourier modes are required for

decomposing the main transporting eddies since they often consist of sharp boundaries

or microfronts. Microfronts are efficiently decomposed with the Haar basis set because

they both contain sharp gradients, so compactness in Fourier space seems less important

in this case. The Haar decomposition is now reviewed.

The longitudinal wind averaged over the entire record is defined as

i=u1. (3.2)

Variations in the longitudinal wind are described by difference terms defined as

2'
u(am;n) = (2mn_+j _U2m(n_l)+j). (3.3)

j=1

These difference terms correspond to Haar transform values and characterize the aver-

age change in the signal on the scale am 2m8 across the interval [am(n 1), amnj.

Specifically, (3) is half the difference between the half interval averages, so for exam-

ple, i.u( ai; n) = x (U2 U2n_1). Intervals of length am are enumerated starting with

n = 1 (the first translate) and ending with n 2M-m (the last translate). These non-

overlapping translated intervals completely cover the time series of length a. The dif-

ferences (3) are then computed for each translate and each dyadic scale am; m = 1, ..., M

such that the sampled variations are completely decomposed.

The signal deviation from the record average at the 1th record position is recon-

structed as
M

u 11= (_1)tu(am;n)
m=1 (3.4)

n = 1 + int
2" ) ; £ = 1 + int(\21)

for i = 1, 2, 2M The second translation number £ represents the enumerated half

intervals of length am /2. The translation numbers n and £ correspond to the difference
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terms (3) which are necessary for reconstructing the data value at the ith record position.

Specifically, n corresponds to the interval [am (n 1), amn] which includes the th record

position. The integer £ is even (odd) depending on whether the datum at the ith record

position was added (subtracted) in the associated difference term. The operator int(*)

yields the integer part of the number *

The total sampled variance is obtained by squaring the left hand side of (4) and

averaging over the 2M different record positions. This operation corresponds to a sum

over dyadic scales of mean square Haar transform values. The total sampled variance

is written as

M 2Mrn

r I
(u = 2M-m i

[u(am; n)]2. (3.5)

1=1 m=1 ii=1

The total covariance between the time series of the longitudinal and vertical wind

components, u and w, is obtained by multiplying the u reconstruction (4) by an equivalent

expression for w, and averaging over all record positions. The resulting covariance

quantity is written as

M 2M_m
(3.6)

2M-m u(am;n)w(am;n).

The identities (4)-(6) can be verified by substituting in the expression forir from (2),

the expression for zu(am; n) from (3), and equivalent expressions for W and w(am; n).

Verifying (4)-(6) is facilitated by the two following identities:

j';: ::

2

(3.7)



3.3.2 Modes of variation

Variations contributing to the local signal deviation from the record average (4) are

now partitioned into different modes. The sum of the different modes will be equivalent to

(4), and the individual modes will locally correspond to a continuous subrange of scales.

Accordingly, the longitudinal wind data associated with a given mode C; C= 1, ..., C at

the th record position is described by a range of scales between am- and am+ so that

= (1)tu{am(n - 1,n)]
m=m (3.8)

n i + mt
(i _1)

£ = 1 + mt()
where mjF = M, m = 1, and m = m_1 1. A given mode c at the ith record

position includes all the difference terms (3) associated with the range of dilation scales

am... through am.I-. The small scale cutoff for the smallest scale mode is ai = 26, so

= 1 is fixed. This leaves C 1 scales unspecified. In this study C = 4, so the values

of mj, m, and m are to be determined.

If the value of m is set to a constant, then the scale separating the two corre-

sponding modes will be independent of record position. For the atmospheric wind data,

the cutoff scales for the two largest scale modes, namely the mesoscale (c = 1) and

large eddy (c = 2) modes, are defined in this manner. These modes are defined to span

the scales from 0.8 km 420 km. Here we have converted time to distance (Taylor's

hypothesis) using the mean wind speed ii = 12.8 rn/s.

Because the horizontal variance drops off rapidly with scale at about 5 km (Figure

3.5), 5 km is chosen as the small scale cutoff for the mesoscale mode c = 1. The smallest

dyadic scale greater than 5 km is a13 = 6.5 km, so accordingly, mj = 13. At the 500

m scale the u-w covariance (momentum flux) increases rapidly with decreasing scale.

Therefore, the 500 m is chosen as the small scale cutoff for the large eddy mode, c = 2,



59

in order that most of the flux remains to be captured. The smallest dyadic scale greater

than 500 m is a10 = 800 m, so accordingly m = 10. The large eddy mode consist of

motions which may generally span the entire depth of the boundary layer whereas the

smaller scale ( a = 400 m) motions are likely to be not as deep.

Since there is no obvious constant scale separating the two smaller scale modes, the

scale (or m1) is allowed to depend on the record position according to the local physics

of the flow. This allows random small scale fluctuations to be effectively separated from

small scale variations associated with a transporting eddy. In other words, the transporting

mode is allowed to locally capture smaller scales if such scales account for significant

flux. For example, significant momentum flux may be associated with wind gusts or so

called microfronts. Including small scales in the reconstruction of the transporting mode

at the position of a microfront more effectively captures the flux. Between the gusts,

the small scale motions do not significantly transport momentum and therefore are not

included in the reconstruction of the transporting eddy mode. These two different types

of small scale motions are separated by adapting to the local characteristics of the

wind variations.

Local transport occurs at locations where variations in the longitudinal wind

component u are in phase with variations in the vertical component w. The an-

alyzed eddies are centered according to the largest magnitudes of the product

Au[am(n 1, n)] x w[am(n 1, n)} within each of the 4,096 intervals of width

= 8 s 100 m. These local maxima statistically represent local maxima in the

spatial distribution of momentum flux, and thus determine the position and scale of a

transporting eddy. In this study we do not use a threshold value for conditioning the

local flux maxima. The strongest momentum flux event within each non-overlapping 100

m interval is included in the transporting eddy mode, regardless of the sign or strength of



the event. Specifically, flux maxima are determined within the non-overlapping intervals

[al(n 1), am] for n = 1,2,3,..., 212.

The values of are determined by first requiring 1 7 for all record

positions. The upper bound on ensures that the transporting mode (c = 3) includes,

as a minimum, all scales between a' = 100 m and ag = 400 m. This choice is based

on the observed global dependence of covariance on scale (Section 3.4).

The next step in determining is to identify the largest value of

.u(am; n) x .w(am; n) within in each interval of length a7. Say that within a

particular interval of length a7, this largest product corresponds to the index values

m* and n* associated with the transform interval [am.(n* 1)
*] The transport-

ing eddy mode (c = 3) is then reconstructed "down" to the scale am. for all of the

record positions contained in the interval Earns (* 1), amsn*]. This reconstruction

corresponds to including all of the difference terms (3) associated with the telescoping

intervals [am'(n' 1), arn'n'] where am. < am' < a' and the translation number is

= 1

The difference terms corresponding to the telescoping intervals are used in recon-

structing the transporting eddy mode c = 3. These terms determine m1. Considering

the ith record position contained within the given interval of length a7, this position will

necessarily be contained in the interval [am'(n' 1), am'n'] for one or more values of m'.

For example, this position (by definition) is always contained in the interval correspond-

ing to m' = 7. The value of at this given 1th record position is simply the smallest

of the m'. This value corresponds to the smallest of the telescoping intervals in which

this given 1th record position is contained. A more complete description (with figures) of

a similar adaptive technique can be found in [16].
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As an example, a 4 km segment of the m: distributions are plotted in Figure 3.1.

The straight horizontal lines indicate the spatially constant scales separating modes 1 &

2 and 2 & 3. The scale separating modes 3 & 4 (m) varies from several meters to

100 m depending on the record position. The local minima in occur at locations

where the smaller scale variations are identified as belonging to the transporting eddy

mode. At these locations, some of the flux occurs on small scales usually associated

with microfronts. The values of the cutoff scales are now used to define and reconstruct

the four different modes.

15

m=1

111111 jill 11111111 111111111111111

mode of variation

C = 1 mesoscale

c = 2 large eddy

c = 3 transporting eddy

c = 4 fine scale
Ill I Ill I Ill I 1111111111111111111 I iii

100km

1km

lOm

198 199 200 201 202
ii

Figure 3.1 The small scale cutoffs for the four different physical modes of variation.

Definitions: The particular modal definitions, detailed below, are based on an interpre-

tation of the variance and covariance spectra (Section 3.4). The modal reconstructions

(Section 3.3.2) substantiate the partitioning. The largest scale (mesoscale) mode leads to



very little flux and consists of predominantly horizontal motions. The second largest scale

(large eddy) mode leads to some flux with over 70% of the sampled velocity variance

being in the longitudinal wind component. The next smallest scale (transporting eddy)

mode leads to a majority of the flux, and the motions are more 3dimensional than the

large eddy mode. Finally, the smallest scale (fine scale) mode is responsible for very

little net flux and consists of nearly isotropic motions.

(I) The mesoscale mode, c = 1, at the th record position is defined as
19

£= (-1) u(am;n)
m=13 (3.9)

n=i+int(i;1); £=i+1nt(rn)
where u[am(n 1, n)} is defined in (3) and the dilation scale is am

2m4 2m x 0.8 m.

(ii) The large eddy mode, c = 2, at the th record position is defined as

u2, = (-1)u(am;n) (3.10)
m=1O

where n and £ are defined in (9).

(iii) The transporting eddy mode, c = 3, at the th record position is defined as

9
£

u3, = (-1) u(am;n) (3.11)

where 1 7 is determined for each interval of length a- = 100 m according

to the above discussion.

(iv) The fine scale mode, c = 4, at the th record position is defined as
m

= (1)t( n) (3.12)
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where m1 = 1. At record positions where = 1 the fine scale mode is zero.

Reconstructions: The sum of the different modes is equivalent to expression (4), so

it follows that

C

-= (3.13)

where C = 4 is the total number of modes in this case. Figure 3.2 shows the different

orthogonal modes of the longitudinal wind. The sum of the different modes including

the record average 12.8 rn/s is equivalent to the original data (Figure 3.3). The large

differences in the scales of variation for the different modes is made apparent by plotting

the modes on the same horizontal scale. The transporting eddy mode c = 3 consist of

variable width blocks because the scale separating the two small scale modes depends on

the record position. The local minima in the separation scale occur at locations where

the block widths are more narrow as can be seen by comparing Figures 3.1 and 3.2.
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Figure 3.2 The four orthogonal modes of the longitudinal wind component u
plotted on the same segment of the record shown in Figure 3.1.
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Figure 3.3 The sum of the four different modes which equals the original data.
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Figure 3.4 The product u x w of the four orthogonal modes.

Segment lengths along the horizontal axes are now adjusted according to the

different scales of variations in order for the flux ii x w to be plotted for different

c (Figure 3.4). For example, the mesoscale mode, c = 1, can be viewed for the entire

(420 km) record while the fine scale mode, c = 4, is suitably viewed on a segment only

400 m in length. The selection of the spatial position 200 km to center the plots was

arbitrary.

Figure 3.4 shows that the transporting mode captures most of the downward

momentum flux while the fine scale mode leads to small flux with nearly equal probability

of upward or downward flux. In this sense, the partitioning is successful. In order to

quantify the differences between the four modes, globally averaged statistics are now

computed.
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3.3.3 Variance and covariance spectra

A global estimate of the local variance on the scale am is the local variance averaged

over all the translation positions, written as
2M-m

var(u; am) = 2M-m II
[u(am;n)]2 (3.14)

n=1

where u(am; n) is defined in (3). From (5) the total variance summed over all scales

can then be expressed as

M
Var(u) = var(u; am). (3.15)

where Var(u) corresponds to the left hand side of (5).

In order to obtain a more continuous estimate of the variance as a function of scale,

the dilation a is allowed to take on values between orthogonal scales, and the difference

(transform) intervals are allowed to overlap. This leads to a difference term defined as

zu(a; b) = (u+j Ui+j_m) (3.16)

J=1

where the dilation scale is a = 2m8 and b = iS is the central position of the trans-

form interval. Provided there are N equally spaced data points, (16) is defined for

i = m, ..., N m so there are a total of N-2m+1 transform values on the scale a = 2m8.

This generalization leads to a non-orthogonal estimate of the variance on the scale a

defined as

N-rn
1

var*(u; a) = N 2m + 1
[u(a; b)]2. (3.17)

i=m

Depending on the sampling, the non-orthogonal and orthogonal global esti-

mates of a local variance may be nearly equal at a fixed dyadic scale, that is

var*(u; a) var(u; am) for a = am. The non-orthogonal estimate based on the spatially

overlapping transform intervals leads to smoother spectral estimates with respect to scale.
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Figure 3.5 Variance in the longitudinal wind component u.
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Figure 3.6 As in Figure 3.5 except for the variance in the
vertical wind component w.

An orthogonal estimate for the covariance between the longitudinal and vertical

wind components on the scale am is written as

2M-m

cov(u,w; am) = 2M'm u(am;bn)w(am;bn), (3.18)

so from (6) the total covariance can be alternatively expressed as

Cov(u,w)=cov(u,w; am) (3.19)

where Cov(u,w) corresponds to the left hand side of (6).

A non-orthogonal estimate of the covariance on the scale a is defined as

cov*(u,w; a)
N 1

(3.20)



VII]

which provides better scale resolution for estimating the scales of motion dominating the

vertical flux of momentum.
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Figure 3.7 As in Figure 3.5 except for the covariance between the time series of
the longitudinal wind component u and the vertical wind component w.

The orthogonal and non-orthogonal covariance spectra are plotted for the time

series of the longitudinal and vertical wind components (Figures 3.5-3.7). In Figures

3.5-3.7 the circles are orthogonal estimates while the continuous curve represents non-

orthogonal estimates. The regions between the vertical dashed lines are denoted MS

(mesoscale), LE (large eddy), TB (transporting eddy), and FS (fine scale) and correspond

to four orthogonal modes of variation. The numbers in each region are the contributions

of the corresponding mode to the total variance. The fine scale mode corresponds to

the shaded region. Note that the transporting eddy mode and the fine scale mode both
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include variance on dilation scales a < 100 m.The numbers for each mode in the lower

portion of the figures are the relative contributions to the total variances and covariance.

These numerical values, in aridition to other statistics, are summarized in Table 3.1.

The data Table 3.1 is based on consists of 9.1 hours of the three velocity components

measured 45 m above a flat ground surface in near neutral conditions. The mean wind

speed was 12.8 rn/S. The values in the parenthesis are the results if the adaptive step

is not taken to include additional small scale motions in the transporting eddy mode.

Standard errors (o- /N) for the estimates are order 0.005.

Gradients in the longitudinal wind components are now computed for the different

modes. Gradients in a piece-wise constant signal are readily defined as the difference

between adjacent constant values divided by the distance between the center positions of

the associated segments. Consequently, for the transporting eddy mode the gradients are

computed over variable distances, since the piece-wise constants are of variable width

[see Figure 3.2, c=3].

The skewness values of the gradients in the longitudinal wind components for the

different modes are listed in Table 3.1. A positive (negative) value of the skewness

for the u gradients indicates the wind speed increases (decreases) more rapidly in

the downstream direction. Thus, the results show that the transporting eddy mode

is associated with rapid decreases in the wind speed in the downstream direction, a

characteristic of shear driven transport. The variable cutoff scale leads to a gradient

skewness of 0.846 where as a constant cutoff scale results in a gradient skewness

of 0.230. Thus, the spatially adaptive cutoff scale defines a more complete physical

partitioning.



partitioning.

mode of u variance u-w covariance skew of grad U

variation v variance

w variance u-w correlation an isotropy coeff.

C = 1 1.043 m2/s2 -0.049 m2/s2 0.048

mesoscale

6.4 - 420 km

0.779 m2/s2

0.027 m2/s2 -0.29 0.03

c = 2 1.474 -0.300 -0.227

large eddy 0.407

800 m - 3.2 km 0.170 -0.60 0.18

c = 3 1.456 (1.263) -0.438 (-0.368) -0.846 (-0.230)

trans. eddy 1.019 (0.852)

1.6 - 400 m 0.73 1 (0.526) -0.42 (-0.45) 0.59 (0.50)

(100 - 400 m)

c = 4 0.411 (0.604) -0.068 (-0.138) -0.006 (0.019)

fine scale 0.524 (0.691)

1.6 50 m 0.457 (0.662) -0.16 (-0.22) 0.98 (1.02)

(1.6 50 m)

total 4.3841 -0.8552 -0.220

2m-SOOkm 2.7294

1.3845 -0.35 0.39
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Also listed in Table 3.1 are the correlation coefficients, defined in the usual way as

Cov(u,w)
, and an isotropy coefficient which is calculated as 2xVar(w)

. If allVar(u)+Var(v)/Var(u)Var(w)

three velocity components contain the same amount of variance, this isotropy coefficient

is unity.
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Table 3.2 Tabulated results from an alternative time series
partitioning based on the D4 wavelet.

mode of u variance u-w covariance an isotropy coeff.

variation

W variance UW correlation

C = 1 1.052 m2/s2 0.069 m2/s2 0.03

mesosCale 0.783 m2/s2

6.4 - 420 km 0.029 m2/s2 0.40
c=2 1.556 0.311 0.18

large eddy 0.432

800 m - 3.2 km 0.176 0.59
c = 3 1.312 (1.207) 0.408 (-0.363) 0.58 (0.54)

trans. eddy 1.005 (0.891)

1.6 - 400 m 0.672 (0.563) 0.43 (-0.44)

(100-400m)
c = 4 0.424 (0.529) 0.072 (-0.117) 1.06 (1.07)

fine scale 0.524 (0.622)

1.6 - 50 m 0.502 (0.616) 0.16 (-0.20)

(1.6 50 m)

total 4.3441 0.8605 0.39

2m-SOOkm 2.7282

1.3838 -0.35

The Haar is but one possible wavelet to use in decomposing the turbulence. As

mentioned at the beginning of Section 3.2, the Haar wavelet is an element in a sequence

of wavelets introduced by Daubechies [8]. Another simple element of that sequence is

referred to as a D4 wavelet since it is constructed from four coefficients whereas the

Haar requires only two. A distinction between different wavelets in the Daubechies
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sequence is locality in physical space versus locality in Fourier space. For example, the

D4 wavelet is more local in Fourier space than the Haar whereas as the Ha.ar wavelet

is more local in physical space. In order to study the sensitivity of the present results

to a specific wavelet, the D4 wavelet basis is applied to the turbulence time series in

the same manner as the Haar basis. The lack of symmetry in the D4 wavelet was not

a significant factor in this case.

The results of applying the D4 wavelet (Table 3.2) are similar to the results of

applying the Haar basis (Table 3.1), though there is a little more variance and covariance

captured in the larger scale modes and there is a little less variance in the two smaller scale

modes. For the D4 wavelet basis, adapting the decomposition to the spatial distribution

of the covariance exerts less of an influence on the redistribution of variations between

the fine scale and transporting eddy modes. When using the D4 wavelet, the transporting

eddy mode captures about 7% less flux and the fine scale mode includes about 6% more

flux. When applying wavelets which are even more compact in Fourier space, such

changes in the covariance distributions are similar.

The D4 or other higher order wavelets appear to be better suited for representing

the larger scale modes, which normally have a smoother spatial structure. For example,

the variance and covariance spectra generated from decomposing the turbulence data with

higher order wavelets contain peaks at the larger (> 1 km) scales, which are better defined

than in the Haar spectra. The smaller (< 1 km) scale turbulence and associated sharp

gradients, however, are more efficiently captured by the Haar decomposition.
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Another result is that the total covariances captured by the D4 wavelet (Table

3.2) are slightly different than the totals listed in Table 3.1 obtained from the Haar

decomposition. Total sampled covariances directly computed according to the left hand

sides of (5) and (6) agree with the Haar decomposition totals to more digits than shown

at the bottom of Table 3.1.

3.4: Physical Interpretation

The turbulence data analyzed in this study has been decomposed into deviations of

small scale averages from larger scale averages. The turbulence measurements include

9.1 hours of wind tower data which translates to about 420 km (using Taylor's hypothesis

and a mean wind speed U = 12.8 mIs). The flow is partitioned primarily according to

the scale dependence of the u-w covariance (Figure 3.7). Deviations of 3.2 km averages

from the entire record average (variations on scales 6.4 km) define the mesoscale

mode. Deviations from the 3.2 km averages represent the turbulence, which in turn are

partitioned into three different modes of variation (Section 3.3).

Based on the u-w covariance (see shoulder in Figure 3.7 around a = 2 km), the

large eddy mode is defined by deviations of 400 m averages from the 3.2 km averages,

that is variations on the scales between 800 m and 3.2 km. The exact scales defining the

large eddy mode are somewhat arbitrary, since the physics changes between the small

scale and large scale ends of this regime. At the small scale end of the large e&lies, the

vertical motions become more significant. The large eddy mode corresponds to motions

which are more horizontal at the 45 m observation level compared to the smaller scale

transporting mode as indicated by the small value of the isotropy coefficient.

The large eddies may be the lower part of boundary layer scale motions (on the

order of 1 km deep) where the lower part of the eddies observed at the tower level
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are forced by the ground to be more horizontal. In this case, the transport by the

large eddies would increase with height. Roll vorticies are an example of such eddies

[4]. When observed from time series measured from towers, such larger scale motions

are sometimes referred to as inactive eddies because they contribute significantly to the

horizontal variance but contribute little to the momentum flux at levels closer to the

ground. In this case the motions are not considered to be traditional turbulence and

must be removed from the signal before traditional similarity arguments can be applied

[15]. This concept may be most descriptive of the larger scale part of the large eddies

in the present partitioning. The weak vertical motions that occur on the large eddy

scales, however, are well correlated (r = 0.6) with the variations of the longitudinal wind

component leading to significant (35% of total) momentum flux. While the mean shear

seems to exert a greater influence on the large eddy mode compared to the mesoscale

mode (greater gradient skewness, Table 3.1) the shear effect is still small compared to

that of the transporting eddies.

Deviations of the raw time series from the 400 m averages define the two smallest

scale turbulence modes. In order to distinguish the two types of small scale motions, the

scale separating the two modes varies depending on the local behavior of the transport

as discussed in Section 3.3. Specifically, averages are computed over a sufficiently small

scale (<400 m) in order to resolve the local vertical transport of momentum. Deviations

of these smaller scale averages from the 400 m averages are included in the transporting

eddy mode to capture a majority of the momentum flux including local extremes (Figure

3.4, panel c).

As a result, the fine scale structure is also determined by the variable "cutoff"

scale. This is in contrast to conventional high pass filtering where the cutoff scale is

constant throughout the record. A constant cutoff scale is not used in this case because
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transporting eddies intermittently occur on scales which are traditionally assigned to the

fine scale structure. From another point of view, the fine scale mode includes relatively

larger scale motions only at locations where small scale transport is absent. This means

that motions occurring on a range of scales (1.6 50 m) are of the transporting eddy type

at some positions while at other positions these motions make up the fine scale structure.

The transporting eddy mode is characterized by strong gradient skewness (Table

3.1) reflecting the strong influence of the mean shear on the transporting eddies. Accord-

ing to conventional expectations, the mean shear generates the transporting eddies which

transport higher momentum toward the surface. In terms of energetics, this momentum

transport corresponds to conversion of mean kinetic energy to turbulence kinetic energy.

The data decomposition in this study provides a definition of the transporting eddies

which allows quantitative verification of classical concepts. Also as expected, the value

of the isotropy coefficient for the transporting eddies is between that of the large eddies

and the fine scale structure. The main transporting eddies are characterized by significant

vertical motion which, however, remains smaller than the horizontal velocity compo-

nents. This is because the mean shear directly generates variance in the u-component

which subsequently induces vertical velocity fluctuations through pressure fluctuations.

The remaining small scale deviations make up the fine scale structure. Very little

transport is associated with the fine scale mode, and the energy in the horizontal and

vertical wind components are nearly equal. More specifically, the isotropy coefficient is

close to unity. The gradient skewness is very small, since the fine scale structure does

not receive energy directly from the mean shear. Instead the fine scale structure receives

energy from the transporting eddies through the so called energy cascade to smaller scales.



3.5: Conclusion

Geophysical time series generally consist of physically distinct modes of variation,

each occurring on a subrange of scales which depend on space and time. On the

other hand, conventional decomposition or filtering techniques divide the time series

according to scales which are constant in space and time. In this study, distinct modes

were isolated using a simple decomposition based on piece-wise constants which allows

the scales defining a particular mode to vary with record position. With this approach

sampled covariances are completely and orthogonally decomposed. Partitioning the flow

in this manner allows assessment of the relative contributions of the different modes to

traditional statistics.

The turbulence data analyzed in this study has been partitioned into four modes of

variation. Each mode is defined locally in terms of an upper and lower "cutoff' scale.

The cutoff scales for the two larger scale modes are specified to be constant with respect

to record position. The scale separating the two smaller scale modes varies with position

according to the local maxima in the distribution of momentum flux. A local momentum

flux is quantified in terms of the product of the difference terms u(am; n) x w(czm; n),

which is equivalent to a product of wavelet coefficients at a fixed scale and position.

Using a wavelet decomposition to examine the spatial or temporal distribution of a scale

dependent flux is a promising approach for distinguishing distinct physical modes of

variation.

Adapting the decomposition to the spatial distribution of momentum flux leads

to an improvement in the small scale partitioning as interpreted in terms of globally

averaged statistics. The spatial dependence of the cutoff scale allows the computed

transporting mode to capture more of the momentum flux; some of the flux occurring
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on scales traditionally included as fine scale structure is now more correctly included

in the transporting mode. For the transporting mode, the gradients in the longitudinal

wind component u are negatively skewed in the downstream direction, which verifies

that the transporting mode is primarily shear driven. If a constant cutoff scale were

used, the skewness of the gradients in the longitudinal wind for the main transporting

motions would be only 0.230. After the additional small scale variations are included

by varying the cutoff scale, the gradient skewness is 0.846. This change is a result

of further resolving the microfronts associated with momentum transport. Moreover, the

adaptive step leading to the spatially varying cutoff scale reduces the u-w correlation for

the computed fine scale structure leading to a physically more pure decomposition.

Application of the adaptive technique to other geophysical time series requires

that the variable cutoff scale be posed in terms of the physical process of interest. The

physics of the decomposition might also be posed in terms of sudden changes of a

quantity associated with larger scale variations. With traditional filtering, for example,

sudden climatic changes, sharp frontal boundaries, or any near discontinuities in the time

series which lead to large scale changes will be partially partitioned into the small scale

part the corresponding low pass filtered signal will include only a smoothed version

of the sharp changes. The adaptive decomposition applied here can be constructed to

include sharp changes in the larger scale part of the signal, avoiding undue smoothing

[16]. The basic goal of the adaptive technique is to partition the flow according to the

physics when the subrange of scales describing a given physical mode varies spatially or

temporally. Since the present approach partitions the original time series into separate

time series for each mode, the coherent structures associated with a particular physical

mode can in turn be analyzed. However, this is beyond the scope of this study.
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4.1: Abstract

This note describes a method for locating sudden changes in mean data values.

Positions of sudden changes are boundaries of variable-width blocks of data. These

boundaries could correspond to synoptic frontal boundaries, the downstream edge of a

wind gust, or generally any anomalous change in a locally averaged quantity. The algo-

rithm described here is applied to artificial signals, century long records of precipitation,

and atmospheric turbulence data.

4.2: Introduction

Sharp boundaries or sudden changes occur regularly in geophysical data, and can

be important indicators. For example, a position of a sudden change in sea surface or air

temperature may separate different phases of a synoptic scale wave, or the position of

a sudden change in the wind speed may separate different flux regimes. Such positions

can, in turn, be used to divide a record of data into more homogeneous subrecords.

Homogeneity is a basic assumption in, for example, surface layer similarity theory.

The position of a sharp boundary or sudden change is not automatically determined

by traditional filters. These positions are usually subjectively determined, or are fixed

by average cycles. However, for very large data sets or in situations where the sudden

changes are not clearly visible or are not precisely cyclic, these approaches may not be

adequate. This note includes an automatic technique for determining the positions of

sudden changes. Here, the position of a sudden change is where the data contains a

steep, small scale gradient that leads to change on a much larger scale.

Determining the position and amplitude of a sudden change requires both small

scale and large scale information. Adaptive filters such as those presented in Vautard et

al. (1993) and Howell and Mahrt (1994a) can be used to capture small scale variance



associated with sudden changes in the larger scale. As a practical alternative, the filter

presented in this note divides a record of data into subrecords or blocks of data where the

minimum width of a block is the input, sampling scale. The output includes the positions

of the data blocks. A sudden change in the mean data that occurs approximately on the

input scale will coincide with a boundary of a data block.

A block average is defined as the mean value of the original data contained within

a block's boundaries. A variable block averaging (VBA) filter is defined according to

the variable-width non-overlapping block averages. The VBA filter is based on the VBA

algorithm that determines the block boundaries. This approach is in contrast to applying

constant-width blocks. The boundaries of constant-width non-overlapping blocks are

essentially fixed by the record length, and thus, are randomly positioned with respect to

any sudden changes. In the VBA algorithm, on the other hand, sudden changes in the

data determine the boundaries of the blocks.

The YBA algorithm utilizes information obtained from applying the Haar transform

on a fixed scale and at all possible within-record transform positions. Extreme values

of the Haar transform occur at positions where the data contains large gradients on the

scale of the transform. The Haar is a finite-width step function, and a primitive wavelet.

Studying spatial or temporal details of the data variance revealed by wavelet transforms is

an approach toward better interpreting the data (e.g. Mahrt,1991; Gambis, 1992; Gamage

and Hagelberg, 1993; Kumar and Foufoula-Georgiou, 1993; Collineau and Brunet, 1993;

Howell and Mahrt, 1994a,b; Gerz et al., 1994).

Analyzing local patterns in the data is simplified using the Haar transform, since

only arithmetic averages are computed. For example, spatial extrema of a Haar-like

transform implemented in Gerz et al. (1994) were used to efficiently phase align and

composite coherent turbulence structures associated with (16O) simulated temperature



and velocity data. Only arithmetic averages, and differences therein, were applied in that

study as well as in the current development.

The VBA algorithm/filter is introduced in the following section. In Section 4.4 the

filter is applied to century long records of monthly precipitation at four sites in Oregon

USA. The filter is further evaluated in Section 4.5 in an application to turbulence data.

4.3: Variable Block Averaging

Arithmetically (block) averaging the data is a simple filtering process. A record of

data can be filtered according to the averages of non-overlapping subrecords or blocks

that completely cover the record. The blocks may either be constant-width or variable-

width. When the blocks are constant-width, the boundaries of the blocks are fixed by the

record length. On the other hand, a method is needed for determining the boundaries of

variable-width blocks. Such a method is described below.
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Figure 4.1 Forty hours of anemometer measurements.



Before describing an algorithm for determining the positions of variable-width

blocks, an example is presented. Figure 4.1 shows 40 hours of anemometer measurements

block averaged using constant-width blocks (thin line) and variable-width blocks (thick

line). There are 48 constant-width blocks, each 50 mm. wide, and there are 46 variable-

wdth blocks, which are on average a little more than 52 mm. wide. The narrowest of the

variable-width blocks is 30 mm. and the widest is nearly two hours.

In comparing the two signals, there is 16% more total variance in the variable-width

block averages, so the within-block data contains 16% less variance. The additional

variance captured with the variable-width block averages is due to the larger step

changes between adjacent block averages. In other terms, there are larger differences

between adjacent mean values, and the within block sample populations are in turn more

homogeneous.

43.1 Specification of the algorithm

Here the variable block averaging (VBA) algorithm is introduced. The algorithm

utilizes a finite width step function in order to identify sudden changes in mean data.

Given a particular length scale L*, transitions between negative and positive anomalies,

integrated on that scale, are represented in the filtered signal as step changes between

adjacent block averages. The locations of the step changes may be irregularly spaced

leading to variable-width blocks of data. A method for determining the positions of the

variable-width blocks is now summarized.

Consider data sampled at a constant rate in time or 1d space. A datum associated

with the ith sampling interval of width S is written as

f; i=1,2,...,N (4.1)
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where N is the total number of data points in a record of length L N6. The entire

record of original data covers the interval [0, L]. The Haar transform of the data contained

in the interval [b , b + ] is expressed as

f(a; b) = fi-m+j) (4.2)

where the width of the transform interval is a = 2m5, and the central position of the

interval is b = i5. The transform (2) is defined for i = m,...,N - m so there are

N 2rn + ldistinct transform values on the scale a, which includes maximum spatial

overlap.

To implement the VBA algorithm, the minimum block length L* is specified where

5 < L L/2. This is equivalent to specifying the scale a* = 2 x Lt, to be substituted

in the Haar transform (2).

The selection of the minimum block width L* is similar to selecting a constant-

width averaging (integral) scale. Such a selection depends on the data and the specific

application. Sensitivity is tested by varying the input scale L* and assessing the results.

Results presented in this note were not sensitive to small (<20%) changes in L*.

Once the minimum block length L* is specified, the data blocks are determined

from the Haar transform (2) on the scale a* = 2 x L*. The Haar transform on this

scale is defined for the positions b where L* b L - L*. A local extreme occurs at

a position b* where the magnitude of the transform f(a*, b*) is the largest transform

value within an interval of length L*, symmetrically surrounding b*. Specifically, at a

position b* of a local extreme
If(a*;b*)I I.Af(at;b)I

for b b* 0.5 x

(4.3)

The positions b* of the local extremes usually correspond to non-overlapping

intervals [b* 0.5 x L*, b* + 0.5 x L*], so spatially consecutive b* are separated by a
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distance L* or more. However, two or more consecutive extrema may be separated by

less than L* from one another, leading to overlapping intervals. In this case, only the

exiremum with the largest amplitude is retained. This condition ensures the intervals

[b 0.5 x L*, b + 0.5 x L*] associated with different k do not overlap.

The retained spatial positions b, where b+1 b L* is ensured, are boundary

points of data blocks [b, b1] ; /c = 1, ..., K. The beginning and the end of the record

are automatically included as boundary points, so the values b = 0 and = L are

fixed. The mean value of the data contained within the block's boundaries is the block

average. Other statistics such as the variance or the skewness of the data within a given

block may also be of interest. For example, in Section 4.5 covariances between velocity

components are calculated for within-block turbulence data.

Listed in the Appendix are instructions for obtaining FORTRAN code that imple-

ments the VBA algorithm. The computer code retrieves the data positions b/6; k =

1, ..., K + 1. The computer code identifies a datum as missing if f M where the

parameter M is a large number. If a datum is missing, then the VBA computer code

ignores that datum when computing the transform (2), which is then considered as the

difference in spatially adjacent, non-overlapping mean values computed on the scale L*.

Consecutive missing data must correspond to an interval less than L* in length for the

YBA computer code to run properly.

The following example is designed to show that the algorithm is effective at

accurately identifying the position of a sudden change, even in the presence of relatively

large amplitude noise.
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The VBA filter is now applied to an uncontaminated signal. The signal consists

of an exponential portion, a square wave and a sine wave. The entire record is of unit

length. The signal is exponential from 0 to 0.2, piece-wise constant from 0.2 to 0.6, and

sinusoidal from 0.6 to 1. The signal values range from 1 to + 1.

The VBA filter is applied to the uncontaminated signal using a minimum block

length of L* = 0.05 (Fig. 4.2a). The filter determines the positions of the step changes in

the artificial signal precisely, and identically reproduces the piece-wise constant portion

of the signal. The step change at 0.8 coincides with the zero crossing of the sine wave.

The signal is now contaminated by adding normally distributed random fluctuations.

The random fluctuations have a record mean of zero and a total variance equal to twice

that of the underlying signal.

The VBA filter is applied to the contaminated signal also using a minimum block

length of V = 0.05 (Fig. 4.2b). The positions of the jumps at 0.2, 0.4, and 0.6 are

still accurately identified. On the other hand, the step change at 0.8 shifted by about

0.03, and three additional step changes appeared between 0.2 an 0.8. The shift in the

step change at 0.8 was because the transition in the original (uncontaminated) signal is

smoother at this location.

4.4: Precipitation Example

The variable block averaging (VBA) algorithm introduced in the previous section

extracts positions b associated with sudden changes in mean data values. This is an initial

step toward characterizing steep gradients in the data. Generally, the output positions can

be used to window the data. For example, the sharpness or suddenness of a change can

be evaluated with an eigen-analysis of data windows of width a* centered on the sudden



91

changes, similar to what was done in Mahrt and Howell (1994). Alternatively, sudden

changes can be avoided by focusing on the data between the positions b and

The data between the positions b and b1 is a block of data. These blocks

are systematically positioned with respect to the larger scale variations. The VBA

filter centers an individual data block on a positive anomaly or a negative anomaly,

exclusively. In the following comparison the blocks centered on positive anomalies

generally correspond to the peaks in the Fourier signal. Similarly, the negative anomalies

correspond to the valleys.
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Figure 4.3 Monthly recorded precipitation from Corvallis,
Oregon (44.63 N, 123.20 W).

4.4.1 Fourier Comparison

Here the VBA filter is applied in companion with a filter constructed in Fourier

space. The comparison is formed in order to evaluate how the VBA filter aligns the
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data blocks compared to a truncated Fourier representation of the data. The filters are

applied to precipitation data recorded at the Oregon State University Hyslop Agriculture

Experiment Station (44.6 N, 123.2 W), which is situated in the Willamette River Valley

about 100 km inland of the Pacific Ocean. The data consist of total precipitation for each

month from January 1890 through December 1993 (Fig. 4.3).
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Figure 4.4 The piece-wise constant signal is output from the
variable block averaging (VBA) filter applied to
the monthly precipitation data shown in Fig. 4.3.
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Figure 4.5 As in Fig. 4.4 except with a* = 5 years and a Fourier cutoff
wavelength of approximately 5 years.

The VBA algorithm introduced in Section 4.3 is implemented by specifying

= 10 years, or equivalently a minimum block length L* = 5 years (Fig. 4.4, piece-

wise constant signal). The VBA filtered precipitation data is compared to the signal

obtained from truncating small scale variations in Fourier space with approximately a

10year cutoff wavelength (Fig. 4.4, smoothly varying signal). The VBA filtered data

contains 33% more total variance than the Fourier filtered data, though the positive

(negative) anomalies in the VBA signal generally coincide with the peaks (valleys) in

the Fourier signal.

For further comparison, the VBA filter is also applied with a* = 5 years (Fig.

4.5). The lowpass Fourier filter in this case is applied using approximately a 5year

cutoff. At these shorter time scales, the VBA filtered signal contains 60% more total
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variance than the Fourier filtered version. The larger differences between the two filtered

signals, in this case, are partly explained by the fact that an amplified annual cycle has a

stronger influence on the filter's output. Annual cycles and smaller scale variations were

automatically truncated with the lowpass Fourier filter. For the VBA filtered signals, the

beginnings and endings of positive (wet) anomalies generally coincide with the beginnings

and endings of wet seasons. Similarly, the beginnings and endings of negative (dry)

anomalies generally coincide with beginnings and endings of dry seasons.

4.4.2 Pattern in decadal variations

In the previous subsection decadal variations in the century long time series of

Corvallis precipitation were captured using variable block averaging and lowpass Fourier

filters (Fig. 4.4). In both filtered signals, the amplitude of variations on approximately a

10 year time scale increased during the latter half of the 104 year record.
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Figure 4.6 Step changes in the VBA output using a* = 10 years resulting
from applying the filter to monthly precipitation
data recorded at four sites in Oregon.

In the VBA filtered data, consider the magnitude of the step changes in the signal. A

step change in the YBA filtered precipitation signal (Fig. 4.4, piece-wise constant signal)

corresponds to a change in the average precipitation occurring between consecutive 5+

year blocks or sub-periods. The positions and magnitudes of the step changes in the VBA

signal in Fig. 4.4 are plotted in Fig. 4.6 using filled and open circles. The filled circles

represent positive step changes (increase in average precipitation) and the open circles

are negative step changes (decrease in average precipitation). The values are normalized

by the root mean square (rms) value in order that the Corvallis data can be shown with

other precipitation data.



Specifically, in Figure 4.6 the filled symbols are positive step changes and the open

symbols are negative step changes. The values have been normalized by the root mean

square (rms) of the step changes for the given site. The circles are for Corvallis (44.6 N,

123.2 W), the diamonds are for Wallowa (45.6 N, 117.5 W), the squares are for Baker

(44.5 N, 117.5 W), and the triangles are for Ashland (42.1 N, 122.4 W).

The three other sites analyzed here were farther from the Pacific Ocean, were drier

and at a higher elevation than the Corvallis site. They were selected based on the existence

of long reliable records of monthly precipitation, and their remote locations. The symbols

in Fig. 4.6 represent the magnitude of the changes in average rainfall occurring within

consecutive 5+ year sub-periods. The magnitude of these changes tends to increase

toward the end of the record, as occurred at Corvallis. Such information may be helpful

in a study of climatic changes of precipitation patterns.

4.5: Wind Stress 10 m Above a Shallow Sea

In this section the variable block averaging algorithm (Section 4.3) is applied

to a relatively stationary 11.5 hour period (local time 0822-1952) of turbulence data

recorded during the RisØ Air-Sea Interaction Experiment (RASEX) spring 1994. The

measurements were taken 10 m above a 4 m deep sea 2 km off the Danish coast

(Barthelmie et al., 1994). The mean horizontal wind speed was about 10 m/s. The

heat flux was downward for the first 8.5 hours of the record with values ranging between

10 and 40 W/m2, and then switched to an upward 10 W1m2 during the last 3 hours

of the record when cooler air advected into the region. Due to the relatively high wind

speeds, however, conditions remained near neutral throughout the record.
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Figure 4.7 Variable and constant width samples applied to time series of turbulence.



Figure 4.7, Continued.

rn

15

10

5

(b)
12 variablewidth blocks

I I

1000 1200 1400 1600 1800
local time

2.0

1.5

CQ

x
C.)0.Oo

Figure 4.7a shows the data divided into 12 constant-width blocks. Within each
1/2

block, an average horizontal wind speed V = [(u)2 + (v)2] is calculated. A filled

circle in Fig. 4.7 is the drag coefficient computed as the average within block Reynolds
1/2

stress [ (w'u1 >2 +
(wIvI)2] normalized by the wind speed squared V2. Specifically,

in Figure 4.7 the within block mean horizontal wind speed is denoted with horizontal

lines and normalized wind stress or drag coefficient are denoted with filled circles. The

observations were taken 10 m above a sea surface in near neutral conditions. The water

is approximately 4 m deep. The 11.5 hours were first divided into 12 constant-width

blocks (a) and then divided into 12 variable-width blocks (b).



Figure 4.7b shows the data divided into 12 variable-width blocks with a minimum

block width of 30 mm. According to the VBA algorithm, the boundaries of the blocks

were determined by the largest changes in the wind speed on a one hour time scale.

In comparing the two signals, there is 9% more total variance in the variable-width

block averaged wind speeds, and there is 31% less total variance in the variable-width

drag coefficients. Within the variable-width blocks the wind speed was more constant,

and the within-block flux calculations were less contaminated by variations on a one

hour time scale. Within the constant-width blocks the wind speed was less constant,

and the within-block flux calculations were more sensitive to the one hour variations in

the wind speed.

4.6: Conclusion

When a record is divided into constant-width blocks the positions of the blocks

are fixed by the record length. By allowing the block widths to vary, the position of

given block can be determined by the local variations in the data. This approach is taken

by the variable block averaging (VBA) filter. This filter positions the data blocks such

that the boundaries of the blocks coincide with any sudden changes, or rapid transitions

in mean data values.

As an application example, the filter was applied to century long records of monthly

precipitation at four different sites in Oregon, USA. At these four sites, anomalous mean

precipitation values increased during the latter half of the century. This increase was

identified by dividing the precipitation records into 5+ year wet anomalies and 5+ year

dry anomalies.

In general, the VBA filter can be used to divide a record of data into more

homogeneous, or possibly more stationary subrecords. More homogeneous samples admit



to simpler physical theories. The VBA filter was also applied to 11.5 hours of turbulence

data measured 10 m above a shallow sea. The time series was divided into 12 variable-

width data blocks according to the one hour variations in the horizontal wind speed. A

drag coefficient was calculated for each block. Compared to using 12 non-overlapping

constant-width blocks, the variance in the block averaged wind speeds was greater while

the values of the drag coefficients varied less when using the variable-width blocks.
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Appendix: VBA Computer Code

P77 computer code that implements the VBA algorithm (Section 4.3) is available

on the Net, at least through the year 2000. To obtain the code enter the six following

commands:

1. ftp ats.orst.edu [Return]

2. anonymous [Return]

3. [Return]

4. cd pub/howell [Return]

5. get vba.f [Return]

6. quit [Return]

A sample driver program and some documentation are also included in the vba.f file.
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5.1: Abstract

The direction of the surface wind stress vector is hypothesized to be influenced by

the mean shear in the surface layer and the geostrophic shear above the surface layer due

to boundary layer mixing. This hypothesis was formulated by Geernaert (1988) as an

explanation for stresses not aligned with the coincidental wind vectors. In this study, the

surface wind stress direction is formulated in terms of an idealized barodinic boundary

layer. In the model boundary layer, a surface (log) layer is augmented with an overlying

layer governed by the thermal wind equations. Additional variation of the stress direction

is empirically included based on an observed transient relation between the directions of

the surface stress and wind vectors. The stress vector is observed to rotate more than

the coincidental wind vector, though in the same direction. This "over rotation" of the

stress vector could be due to the passage of disturbances whose amplitudes increased

with height.

The model is tested against RASEX measurements, including the variables (u, v,

w, T) recorded at 10 m above a shallow sea 1.5 km from the Danish coast Based on

107 subrecords, each approximately 2 hours in length, the linear correlation between

the simulated and observed stress directions is 0.45. The correlation is largest for

nonstationary conditions. For this data the "Geernaert effect" is either less important

or insufficiently captured due to flux sampling problems.
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5.2: Introduction

The wind stress vector at some height z, near the sea surface, is not necessarily

aligned with the average wind direction at that same height. This phenomenon has become

more evident in recent studies (Zemba and Friehe, 1987; Geernaert, 1988; Geernaert et

al., 1992; Mahrt et al., 1995). Circulations and mixing rates in the upper ocean depend

on the nature of the overlying wind stress vector. The wind stress and its spatial-temporal

variability are primary forcing functions in the upper ocean (e.g. Chapter 9 of Gill, 1982).

In this study we focus on the direction of the wind stress.

There have been a number of previous studies that emphasize the magnitude of the

wind stress and its dependency on the state of the surface wave field (e.g. Kitaigorodskii

and Zaslavskii, 1974; Smith, 1980; Large and Pond, 1981; Wu, 1994). For example,

swell or long water waves respond more slowly to the wind stress than do short waves,

so the short, steeper waves act as the primary roughness elements. Also, because the

short waves respond more quickly to changes in the wind direction, the shorter "wind"

waves may include directional spectra that are much different than the coexisting long

waves. The separated directional spectra can effect radar scatterometer based retrievals

as well as the direction of the surface drag (Bliven et al., 1995; Geernaert et al., 1993).

In formulating the wind stress direction (Section 5.3) the interaction with surface

waves is temporarily set aside. At this stage, the focus is on a one-way, possibly

nonstationary atmospheric effect on the surface stress direction. Cross stream stresses

in this study are averaged over approximately 2 hour time scales and are modeled as a

function of the vertical profile of an ensemble averaged velocity shear.

Shear in the horizontal velocity normally leads to vertical motions that transport

momentum downward from different heights within the boundary layer. Pressure fluctu-
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ations associated with eddy motions play a part in transporting momentum from upper

levels down to the surface. The net result of the downward "eddy" transport of momen-

tum is a wind stress at the surface that is aligned with a composite of the mean vertical

profile of the shear. The goal of this study is to predict the mean vertical profile of the

shear in basic terms in order to estimate the surface stress direction.
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Constructed in the next section is an idealized model of temperature advection

in the atmpospheric boundary layer. The data is then characterized in terms of scale

dependent statistics. These statistics lead to a strategy for generating subrecord averages

of the stress vector (Section 5.4). In Section 5.5 stress directions that are estimated from

the observations will be compared against stress directions that are simulated based on

the reviewed theoiy.

5.3: A Baroclinic Boundary Layer

Considered here is an atmospheric boundary layer model that diagnoses the di-

rection of the surface stress vector in terms of the longitudinal temperature advection.

A surface stress that is not aligned with the surface layer wind vector corresponds to

nonvanishing vertical fluxes of cross stream momentum in the surface layer. Thermal

wind shear is hypothesized to be a source of nonzero cross stream momentum fluxes.

When the mean flow is geostrophic and the temperature field is horizontally

homogeneous, the conventional expectation is that the stress will be aligned with the mean

shear direction, possibly governed by Ekman turning. Ekman turning will also contribute

to a nonvanishing cross stream momentum flux. However, in the data, analyzed below,

the vertical flux of cross stream momentum is, on average, of an opposite sign to what

would result from Ekman turning. Though an Ekman spiral may be combined with a

thermal wind to formulate a vertical profile of the average wind vector (as in Mahrt and

Schwerdtfeger, 1970), an Ekman effect is not included in the following.

A vertical profile of the shear is constructed within two layers that meet at a height

z =zs defined to be the top of the surface layer and the bottom of a layer where the

shear is dominated by the thermal wind. The wind vector in the surface layer is defined

to be unidirectional and is governed by a similarity solution. The layer aloft is governed
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by the thermal wind equations. In the atmospheric boundary layer, there are turbulent

motions above the surface layer, so the thermal wind equations actually describe spatial

or temporal ensemble averages of the velocity shear.

Using the surface layer similarity solution and the approximate thermal wind

equations, the vertical profile of the shear is specified as

and

8Uu aVand=Oforzo<z<zs (5.1)
Oz

ÔU gOT OV gOTT=_]Fand_=__forzs<z<D (5.2)
y Oz fTt9x

where T is temperature, ic is the Von Karman constant, u, is a surface (friction) velocity

scale, g is gravitational acceleration, and f is the Coriolis parameter. In (5.2) the relation

g/f>> U, V has been applied in order to simplify the equations. The coordinate system

is defined such that the x-axis is aligned with the U component in the layer below zs.

The cross stream V component vanishes within this layer and is non-zero only due to

the thermal wind equations. Equations (5.2) imply that the mean shear is geostrophic

above the surface layer.

Geostrophic adjustments and momentum flux divergences can also be included in

determining the shear profile within the surface layer. Based on the usual surface layer

similarity profiles, Geemaert (1988) found these mechanisms to have a negligible effect

on the cross stream momentum flux in the surface layer. These mechanisms may still

be important above the surface layer and, thus, are another possible source of error in

the thermal wind approximations (5.2). To evaluate (5.2) at the equator, a beta-plane

approximation is substituted for the Coriolis parameter, then (5.2) is differentiated in the

meridional direction, resulting in a second order differential equation. This is not done

here, so presently the model only applies away from the equator.
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The usual surface layer shear profiles includes a stratification function 4M such

that OU/ôz = (u/icz)cbM. The stratification function can be represented in terms of the

Richardson number, or, in terms of the Monin-Obukhov length (Paulson, 1970; Businger

et al., 1971). This correction factor is small in most of the data analyzed below and is

not included in the analysis.

Due to the thermal winds (5.2) the mean momentum may not necessarily be well

mixed above the surface layer, although if this linear model is to be well behaved, the

mixed-layer hypothesis (Deardorff, 1972) should be reasonably satisfied. In other words,

the shear should be the largest near the surface and weak in the geostrophically balanced

flow aloft. This situation is partially remedied by bounding the shear in U at the top of

the surface layer. Evaluating ÔU/ôz at the height z = zs in (5.1) and (5.2) leads to an

equivalent bound on the cross stream temperature gradient such that

ufT
'9y lcgzT

(5.3)

where upon substituting in typical values and setting zs = 100 m one obtains laT/ayl :5

2 x i05 K/rn. This corresponds to temperature fluctuations of 2 K on cross stream

scales of 100 km.
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Figure 5.1 Schematic of N. Hemisphere wind vectors at the top of the surface
layer z =zs and at the top of the boundary layer z =D, and the
surface stress vector Tsufface associated with warm air advection
(upper panel) and cool air advection (lower panel).
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In Figure 5.1 is a schematic of the hypothesized relationship between the direction

of the surface stress vector, the surface wind vector, and the wind vector at the top

of the boundary layer for warm and cold air advection. A "dynamic" relationship

between the wind and stress vectors arises by considering the passage of a mesoscale

temperature anomaly that is vertically uniform while the surface pressure gradient remains

approximately contant. In such a case the maximum perturbation is at a height z = D.

From a fixed tower position the passage of the anomaly corresponds to a change in

the temperature advection between the leading and trailing edges of the anomaly. The

change in the relationship between the wind and stress as the anomaly passes is deduced

by comparing the upper and lower panels in Figure 5.1.

Upon the passage of the boundary layer temperature anomaly the wind vector aloft

rotates with time in accordance with geostrophic theory. During the same time period the

temperature advection in the intervening layer changes from the leading to the trailing

edges of the anomaly. The combination of the rotating winds aloft and a changing

thermal advection results in a surface stress that rotates more than the surface wind

vector. According to this model the surface wind direction may even remain constant

while the stress rotates in response to the rotation of the wind vector aloft. The key

assumption in deriving this relationship is that the pressure perturbation increases with

increasing height.

The surface stress vector in this model lies somewhere between the surface wind

vector and the wind vector aloft. In particular, the surface stress vector is aligned with

the shear composited over the depth of the boundary layer. The compositing includes a

vertical weighting function x(z) in order to represent the relative influence of the shear at

height z on the surface stress. Generally, such a weighting function would depend on the

static stability and the wind speed. For near neutral stability, a reasonable assumption is
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that the shear in the surface layer has a stronger influence on the surface stress direction

than the shear above the surface layer.

A weighting function that reflects this assumption and is consistent with this simple

model is defined as x(z) = 1 in the surface layer (below height zs) and x(z) = zs/z

above the height zs.

Using this approach the bulk shear in V divided by the bulk shear in U determines

the direction of the surface stress vector. Specifically, the angle /3 defines the counter-

clockwise rotation of the stress relative to the surface layer wind vector and satisfies

D D
f x(z)(9VI8z)dz f dz
ZOtan/3= D
f (z)(8U/z)dz #cg zo

(5.4)
ZO

in (i.) ,cgz
"S __________

in("u*fT3
zo j

where the equations (5.1) and (5.2) have been integrated and the temperature has been

approximated with its surface value. The effect of the weighting function on the surface

stress direction is to place more importance on the longitudinal temperature advection

lower in the boundary layer. Also, the influence of aT/Oy, or equivalently, the influence

of the shear in U above the surface layer on the surface stress direction has been neglected

as in Geemaert (1988).

Formula (5.4) implies the stress angle /3 is inversely proportional to the friction

velocity so, generally, the stress vector tends to be more aligned with the surface wind

vector in stronger winds. Also, formula (5.4) implies that /3 has the same sign as faT3/ox,

so that for cold air advection where 8T/8x > 0 the stress is rotated cyclonically

(counterclockwise) from the surface winds, and for warm air advection the stress is

rotated anticyclonically (clockwise) from the surface winds.
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The theoretical relationship between the longitudinal temperature gradient, the shear

profile, and direction of the surface stress vector derived above provides a framework

for interpreting the observations. The observations analyzed below are from a fixed

tower platform, so in order to estimate 0T3/ax a simple heat budget for a 1d column is

employed. The heat advected out of the column is balanced with the surface heat flux and

local storage. In calculating the budget, only the longitudinal temperature advection is

included and U is taken to be a constant. Neglecting entrainment and radiative processes,

the heat budget is expressed as

aT 1 ,,
(5.5)

ox D' '

where (w'T') corresponds to an estimate of the vertical flux of temperature at the surface

and D is the depth of the column.

5.4: The Data

The data analyzed here is calculated from observations of (u, v, w, T) at z = 10 m

above a 4 meter sea 1.5 km from the Danish coast recorded in the Fall of 1994 during the

Risoe Air-Sea Interaction Experiment (RASEX) (Barthelmie et al., 1994). The quality of

this (z = 10 m) data has been found to be quite sound with virtually no obvious anomalies

(Vickers and Mahrt, 1995). In this study 17 records of uninterrupted observations are

processed, each one at least 10 hours in length.

It is hypothesized that a surface stress direction not aligned with the mean surface

wind vector is due to eddy motions that transport momentum to the surface from different

heights within the boundary layer. The eddy motions occur on a range of scales. To

characterize the scale dependence of the transporting motions, covariance statistics are

shown in the next subsection. Those statistics support the selection of approximate
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scales to be used in generating subrecord averages of the wind and stress directions. The

following globally calculated covariance statistics provide an overview of the data.

5.4.1 Scale dependency

A simple Reynolds averaging scheme is used to calculate the total momentum flux

for a given record as a function of the averaging scale that determines the fluctuating

(turbulence) component. These functions are then composited across the entire data set.
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Figure 5.2 Longitudinal and cross stream momentum fluxes calculated for each
individual RASEX record and then averaged over the entire data set.

Shown in Figure 5.2 (solid lines) are the average momentum fluxes for the RASEX

data as a function of the turbulence cutoff scale. The longitudinal flux plateaus at about

10 mm whereas the cross stream flux continues to increase slowly for increasing scale

until it peaks at about 3 hours. This suggests that the cross stream flux estimates are more

sensitive to a fixed cutoff scale. Another way to view this scale dependency is to calculate
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the differential contribution to the flux by a given scale. The relative contribution to the

longitudinal and cross stream momentum flux by a given scale is quantified by the mean

value of the Haar w-transform multiplied by the Haar u-transform and v-transform as

defined in Howell and Mahrt (1994) (dotted lines corresponding to (LwLu) and (ZwLv)

in Fig. 5.2). From that function it is apparent that there is uncertain ("counter gradient")

flux that occurs on larger scales. The counter gradient flux also corresponds to the slight

decrease in (w'u') with increasing scale. This large scale flux could be associated with

too few samples of the large scale events or errors due to instrumentation tilt.

Based on the zero-crossing of the differential longitudinal momentum flux [i.e. the

(wzu) curve in Figure 5.2), the turbulence or prime quantities in the remainder of the

study (except for the next figure) are calculated based on deviations from nonoverlapping

10 mm averages. Note that the zero-crossing of the differential cross stream momentum

flux [i.e. the (zw/v) curve in Figure 5.2] is at about 200 mm. The products of these

deviations (e.g. instantaneous flux w'u') are, in turn, averaged over scales greater than

10 mm.

The relative contribution to the vertical flux of longitudinal momentum is largest

for time scales between 0.1 and 1 minute. These are the dominant transporting eddy

scales. On the other hand, the vertical flux of cross stream momentum has less of a well

defined peak. This is partly due to the ensemble averaging process combined with the

fact that the cross stream flux changes sign for different records. Nonetheless, the net

cross stream momentum flux is less than zero implying that, on average, there was a

backing (counterclockwise) turning of the wind with height in agreement with cold air

advection and in disagreement with Ekman turning.
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Figure 5.3 Standard deviations of the Haar co-transfoms for
the entire RASEX data set.

The variance of the Haar co-transforms, wu and L.wLv, is shown in Figure

5.3 as a function of scale. The variance in the longitudinal momentum flux has a similar

scale dependence as the mean flux. The variance in the cross stream flux is absolutely

larger than the longitudinal flux variance for the smallest and largest scales. The variance

at the smaller scales could be associated with winds blowing at an oblique angle to the

wave field, since the waves would respond to the non-aligned wind and so the local cross

stream stress would have a short duration. The excess variance in the cross stream flux

at the larger scales is probably due to changes in wind direction combined with uncertain

estimates in the vertical velocity component for large scales.

Nonstationarity in the cross stream flux associated with the adjustment of the

wave field, changes in the wind direction, or changes in the temperature advection each
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contribute to the difficulty in accurately estimating the cross stream flux. In statistical

terms the variance in the cross stream flux relative to its mean value is considerably larger

than the longitudinal flux variance relative to its mean value. This suggests caution when

interpreting the magnitude of the cross stream flux.

In Figures 5.2 the instantaneous fluxes are averaged over the entire record length.

This was suitable for getting an overview of the data and selecting a turbulence cutoff

scale, but leads to vector cancellation associated with nonstationarity and, thus, an

underestimate of the average local flux. In order to evaluate the effect of flux averaging,

the fluxes are recomputed using the 10 mm cutoff for the perturbations and a range of

subrecord length averaging scales.
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Figure 5.4 Magnitude of the locally averaged momentum flux vector

'7-/p + (w'u')2 ± one standard deviation based
on a turbulence cutoff scale of L = 10 minutes.
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Averaging the momentum flux vector over many realizations leads to a more stable

estimate of the flux in this data. In Figure 5.4 the magnitude of the flux vector ± one

standard deviation is shown as function of the averaging scale = 10 mm, 30 mm, 60 mm,

and 120 mm. The stress magnitude decreases with increasing averaging scale length

due to vector cancellation. However, the standard deviation in the stress magnitude

decreases more rapidly. There is a 7% decrease in the average magnitude of the stress

vector between 10 and 120 mm whereas there is a 34% decrease in the standard deviation

between 10 and 120 mm. This implies that larger averaging scales lead to less variance in

the flux estimates relative to the average stress magnitude. However, the larger averaging

scales do lead to an underestimation of the average stress magnitude and an uncertain

bias in the estimate of the stress direction.
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Figure 5.5 Direction of the locally averaged momentum flux vector
= tan1 {(w'v')/(w'u')] ± one standard deviation based

on a turbulence cutoff scale of L = 10 minutes.
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In Figure 5.5 the mean direction of the stress is calculated. The mean direction

corresponds to a stress rotated about +5° in a counterclockwise (cyclonic) direction from

the longitudinal wind direction which is in the opposite direction of Ekman turning. This

(non-aligned) stress was robust to increasing the averaging scale. The standard deviation

of the stress direction decreases from about 200 for a 10 mm averaging scale to about

12° for a two hour averaging scale. So in order to minimize the variance in the estimates

of the stress direction while still resolving some mesoscale variation, an approximately

two hour averaging scale is implemented. Note that this scale corresponds to about 10

(non-overlapping) samples of the 10 mm flux vectors.

5.4.2 Subrecord averages

In this subsection the variable block averaging (VBA) algorithm is applied (Howell,

1995). For comparison, constant width samples are also applied to one record. The VBA

algorithm isolates more homogeneous subrecords and, thus, improves the estimate of

the momentum flux. In the VBA algorithm the samples are positioned according to

the variations in a pre-selected variable. In the present application, variations in the

longitudinal velocity component determine the positions of the samples. This selection

is based on the hypothesis that sudden changes in the mesoscale longitudinal wind

approximately demarcate different regimes in the mesoscale flow. Application of the

YBA filter leads to less variance in the flux estimates for nonstationary cases (e.g. figure

7 in Howell, 1995).
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Figure 5.6 Angles which define the wind direction (i') and the stress direction (/9).

Interpretation of the relation between the wind and stress directions will employ

two sets of coordinate systems. The first set of (global) coordinates is defined so that

the horizontal velocity averaged over the entire record length is aligned with the x-axis.

The second set of coordinates is defined locally so that the horizontal velocity averaged

over an individual ( 2 hr) subrecord is aligned with a local x-axis. The wind direction

i is calculated based on the global coordinates and the stress direction /9 is calculated

based on the local coordinates (Fig. 5.6).

The following figures consist of approximately 2 hour subrecord averages. Sub-

records are extracted according to the VBA algorithm. Each subrecord is divided into
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a maximum number of 10 mm averaging intervals in order to compute the prime quan-

tities. Products of the prime quantities as well as the 10 mm means are then averaged

over a given subrecord.

In Figure 5.7, positive angles imply counterclockwise rotation. The two numbers

in each panel correspond to the mean wind speed and the average buoyancy flux for the

given record. The first two panels (a) and (b) correspond to the same record. In panel (a)

variable block averaging is applied while in panel (b) each subrecord is 2 hours in length.
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Figure 5.7, Continued.
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In portions of the data changes in the stress direction relative to the wind direction

are similar to changes in the wind direction, particularly in the nonstationaiy records

[e.g. panels (a), (c), (d), (f), (g), (j), (k) Fig. 5.71. Recall that the stress direction /3 is

defined in terms of the local coordinates that are rotated according to the local wind

direction (Fig. 5.6). The wind direction, on the other hand, is defined in terms of the

global coordinate system that is fixed across the record length. So if the stress direction

in this plot varies in phase with the wind direction, then the overall turning of the stress

has a larger amplitude than the simultaneous turning of the surface winds.

Detection of this wind-stress direction relationship was facilitated by applying the

VBA algorithm (Howell, 1995). The relationship between the wind and stress directions

referred to above would have been more difficult to isolate using only the constant

width sampling approach. Shown in panel (b) are constant width (2 hour) subrecords

of the wind and stress directions for the same RASEX record as shown in panel (a) of

Figure 5.7. There is considerably more variability in the stress direction when using the

constant width samples. One reason for less variance in the stress direction that resulted

from applying the adaptive YBA algorithm is that the fluxes within the variable width

windows are more homogeneous.
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For example, in panel (a) the VBA algorithm identified a sudden increase in the

longitudinal wind speed approximately 94 minutes into the record. This sudden increase

reflected a change in the calculated momentum flux where w'v' went from being negative

to positive, on average. The VBA filter set the first subrecord length equal to 94 minutes,

leading to an estimate of the stress significantly different than if the subrecord had been

wider. In panel (b) the constant width two hour subrecord covering the same data

included samples of w'v' that were of more variable sign and the front at 94 mm included

significant w'u' > 0, hence, the anomalous stress direction associated with this sample

(hour 1, panel (b) in Fig. 5.7).

53: Testing the Theory

To test the theory developed in Section 5.3, (5.4) is implemented. The modelled

stress direction is initially estimated as

1 (KgL\l
= tan

[log10 ()
u*fTs)j

(5.6)

where aT8/Ox is estimated from the heat budget fonnula (5.5). The factor log10 ()
in (5.6) is obtained by setting the surface layer height, zg, equal to 1/10 of the boundary

layer depth, D, in (5.4). To evaluate the heat budget (5.5) and the above equation, a

boundary layer depth and a roughness height are nominally specified as D = 600 m

and z0 = 6 x i0 m, respectively, so log10 () = log10 (Q-Q) = 5. The boundary

layer depth is thought to be the climatological average for this time of the year while

the roughness height is an average value determined from an eddy correlation technique.

Except for some short fetch cases, using a profile approach to determine the roughness

height leads to similar results. In any case, the results of this simple model are not

particularily sensitive to these choices.
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Using (5.6) to estimate the stress direction results in a linear regression coefficient

of 0.33 ± 0.09 where the latter number is the standard error. This small correlation

suggests that temperature advection has a small influence on the stress direction in these

observations. Most of the variance remains unexplained perhaps due to errors in the

flux estimates and heat budget analysis, and omitted physics such as the influence of the

surface wave field.

However, some of the unexplained variance in the stress direction can be recovered

by including the observation that the stress direction (relative to the surface winds) often

changes with the simultaneous changes in the wind direction. This is because the surface

stress not only responds to the rotation of the surface winds but also to the rotation of

the winds aloft through vertical mixing. Accordingly, if the wind vector aloft rotates

more than the surface wind vector, then the surface stress will also rotate more than the

surface wind vector.

The schematic in Figures 5.1, including both the upper and lower panels, depicts

the passage of a boundary layer temperature anomaly and provides a possible explanation

of why the amplitude of the wind vector rotations might increase with increasing height.

In that schematic the stress vector changes direction between the top and bottom panels

more than the wind vector at height z = zs. The theory behind that schematic is that

when there is curvature in the surface winds, there is more curvature in the winds aloft,

possibly due to the changing temperature advection within the intervening layer.

A surface stress vector that rotates more than the surface wind vector is apparent in

many of the records shown in Figure 5.7, and particularily in the nonstationary records.

To include this relation into the estimate of the stress direction, (5.6) is rewritten as

Ii

(,cgzs)l
fl=tan 1

[S ufT8
]

C (5.7)
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where i is the wind direction and c iO s2 is a positive constant that is determined

by a good fit to the data. The term ô2i/ôt2 quantifies the temporal curvature of the

surface wind vectors and is evaluated using a central finite difference of the subrecord

averages. This term implies that when there is curvature in the surface wind vector there

is more curvature in the surface stress. Trend in the wind direction does not contribute

to this term.
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In Figure 5.8 the simulated stress direction 9 based on (5.7) are plotted along with

the stress direction estimated from the RASEX observations. There are a total of 107

data points and the linear correlation coefficient is 0.45 ± 0.09 where again the latter

number is the standard error. Using just the curvature term explained about 10% of the

variance as in the case of using just the temperature advection term. Thus, combining

the temperature advection and the curvature terms approximately doubled the variance

explained, which is about (0.45)2 = 20%. The correlation is larger if restricted to a

subclass of records. For example, a correlation of 0.89 ± 0.14 is obtained for records

corresponding to panels (a) and (c), and more generally, a correlation of 0.52 ± 0.12 for

53 nonstationary subrecords. The stationarity of a record is quantified in terms of the

amplitude of the mesoscale variance in the horizontal wind vector relative to the square

of the mean wind speed as in Mahrt et al. (1995).

5.6: Discussion

Based on the results of the previous section, significant local variation in the

stress direction is diagnosed simply in terms of the curvature in the mean wind vector.

Generally, this result is thought to be associated with boundary layer mixing and a increase

of the wind rotation with increasing height. Qausi 2d mesoscale vortical structures whose

amplitude peaks aloft could yield such a wind field.

In the context of the present model, another explanation for this dynamic relation

between the direction of the wind and stress vectors is based on the passge of temperature

anomaly as depicted in Figure 5.1. That figure describes the passage of a boundary layer

temperature anomaly where the geopotential anomaly increases with increasing height.

Comparing the upper and lower panels in Figure 5.1, the surface stress rotates more than

the surface layer wind vector.
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The wind-stress vector relation described above supports the theory that the di-

rection of the momentum above the surface influences the surface wind stress direction

through vertical mixing. This effect appears to be more important for conditions where

the relative effect of the mesoscale variations is the largest. On the other hand, for

more stationary conditions, the effect of surface friction may be more important. This

would include non-alignment of the wind and stress directions in Ekman flow, remotely

generated surface waves, and tidal currents.

Errors in the heat budget calculation (5.5) were probably significant in some cases,

so the simulated stress direction was probably not an ideal representation of the theory.

Generally, flux sampling problems must be responsible for a portion of the variance in the

estimated cross stream momentum fluxes. Though the simulation was only marginally

successful, a framework has been constructed that can be extended in order to explain

the situations where the simulation performed poorly.

Given the relatively large uncertainties in predicting local cross stream momentum

fluxes from a tower platform, estimates of the stress direction were, overall, quite

coherent. This is thought to be partly a result of the 2 hour flux averaging scales and

the utilization of the variable block averaging algorithm introduced in Howell (1995).

For example, relatively large flux variances occurred in the records associated with the

data records shown in panels (a) and (c), yet this is where variance in the stress direction

was readily explained.

5.7: Conclusion

In this study, cross-wind surface stresses have been examined. Modelling the

observed (cross stream) stresses may be helpful in the formulation of more accurate

numerical models and remote sensing retrieval algorithms. It has been theorized that
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the height dependence of the horizontal velocity shear associated with longitudinal

temperature advection combined with downward non-local mixing of momentum can lead

to a systematic nonvanishing cross stream momentum flux near the surface (Geernaert,

1988). Steps have been made here to augment surface layer similarity theory to include

this "Geernaert effect" and to test the theory using 10 m tower observations.

For the data analyzed in this study, the effect of the thermal wind does not appear

to be an important factor in determining the cross stream stresses. Several reasons why

the theory did not work in this case are (1) errors in the flux estimates, (2) inability to

predict the thermal wind from tower data, and (3) other physics needs to be included.

Multiple physical mechanisms may be required to more fully explain the variance in the

cross stream stress.

The surface layer wind stress is observed to often rotate more than the simultaneous

rotation of the wind vector. This observation is based on approximately two hour

subrecord averages of the wind and stress directions. This relationship is consistent

with non-local mixing of momentum combined with a rotating wind field where the

maximum rotation is above the surface layer.
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In the context of the present model, such a rotating wind field could be associated

with the passage of a mesoscale temperature anomaly where the pressure perturbation

increases with increasing height. The vertical profile of momentum in this conceptual

model changes depending on the phase of the overlying anomaly. This is due to the

temperature advection that changes from the leading edge to the trailing edge of a

temperature anomaly. The changing momentum profile combined with the rotating wind

vector aloft can lead to a surface stress that rotates more than the surface wind vector due

to vertical mixing. The passage of a 2-d mesoscale vortex, whether or not geostrophic

balance holds, may have similar effects.

For future research, the theories reviewed here should be tested against observations

from different platforms. The influence of the momentum above the surface layer on the

surface layer stress direction needs to be firmly validated. Also, the formulation of the

cross stream momentum flux needs to be extended to include Ekman cross-isobar flow

and the interaction of the wind stress with surface waves and surface currents.
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Chapter 6 Conclusion

The thesis research presented in the previous four chapters has provided encourag-

ing results toward advancing data analyses and increasing awareness of particular physical

phenomena. Such results are summarized in the conclusions at the end of each chapter.

In the following there is a summary of directions the present thesis research is pointing

toward. The statistical research is discussed first, and then the current physical relevance

is reviewed.

First, some comments on the variance conserving multiresolution (VCM) filter

introduced in Chapter 2. The filter works at reconstructing sharp edges, or sudden changes

associated with larger scale (lower frequency) variance while removing smaller scale

"random" phase (higher frequency) fluctuations. However, as it stands the filter requires

too many operations to analyze very large data sets without technical modifications. And

it requires the specification of two parameters, namely, the maximum lowpass cutoff

scale or window width and the within window variance to be incorporated into the filter

output. These filter properties can demand too much user interaction.

A filter that does what the VCM does is a desirable analysis tool. A successor to the

VCM is likely to be developed. A successor of the VCM is considered to be a variable

running mean (VRM) filter. Such a filter should require the specification of only a single

parameter, namely, the window width for the calculation of a "baseline" running mean.

Then at predetermined positions, the width of the running mean could be decreased in

order to further resolve sharp variation and virtually eliminate Gibbs Phenomena (as in

Figs. 3.10). These filtering attributes along with computational efficiency seem possible

to achieve.
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An initial scanning of the data by a "VRM filter" will, in part, rely on the variable

block averaging (VBA) algorithm introduced in Chapter 4. The (efficient) VBA algorithm

can be applied to very large data sets. Applying the VBA algorithm to more data is a

current topic of current research. To apply it blindly, however, makes it difficult to fully

appreciate the results that may include subtle differences from the results of applying

constant block averaging, as is often done. Besides finding new data sets to apply it to,

one goal of this VBA research is to formulate physical hypotheses for explaining new

results that arise from its application.

In Chapter 3, application of the VCM algorithm to turbulence data helped to isolate

a turbulence transport mode of variation. This mode includes multiple scales of variation

that the (adaptive) VCM filter could recover. This is in contrast to reconstructing the

transport mode using a fixed small scale cutoff. In this latter case, if the transport mode is

constructed using too large of a cutoff scale, then significant contributions to the flux by

small scale events are excluded. Alternatively, if the resolution is too fine, then excessive

small scale isotropic variations that contributed no flux would be included.

Understanding transporting motions near the surface can be helpful, for example, in

the development of better dispersion models. Specifically, these transporting motions do

not appear to be distributed randomly, but rather they tend to occur more systematically

relative to the phase of the larger scale flow. This systematic positioning was inferred in

Chapter 3 by the fact that in reconstructing the transport mode, the microfronts associated

with larger scales were also reconstructed (Table 3.1). More observations are to be studied

in order to further explore this phenomena. And if this phenomena can be quantified, then

based on the distribution of the larger scale structures (which will depend on the static

stability and wind speed) a distribution of flux events can be estimated. This research

partially depends on the successful development of a "VRM filter" alluded to above.



138

Results presented in Chapter 5 may contribute to the refinement of large scale

numerical models. Large scale models, currently, do not explain the cross stream fluxes

observed in the atmospheric surface layer. This is a detail that may not be important

to the "first order" dynamics. However, as models become more refined higher order

dynamics need to be included. For example, non-zero cross stream stresses on the ocean

surface must have some effect on the upper ocean dynamics. To determine that effect,

the nature of the cross stream stresses need to be evaluated. A step in that direction was

taken in Chapter 5. In that chapter a theoretical relation between the surface wind and

stress vector is identified. This result enters into a physical (similarity) theory, so the

cross stream stresses can be parameterized in terms of the larger scale flow.
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