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Abstract. Using three methods from nonlinear dynamics, we contrast the level of organization
in the vertical wind velocity (w) time series collected in the atmospheric surface layer (ASL) and
the canopy sublayer (CSL) for a wide range of atmospheric stability (§) conditions. The nonlinear
methods applied include a modified Shannon entropy, wavelet thresholding, and mutual information
content. Time series measurements collected over a pine forest, a hardwood forest, a grass-covered
forest clearing, and a bare soil, desert surface were used for this purpose. The results from applying
all three nonlinear time series measures suggest that w in the CSL is more organized than that in the
ASL, and that as the flows in both layers evolve from near-neutral to near-convective conditions, the
level of organization increases. Furthermore, we found that the degree of organization in w associated
with changes in £ is more significant than the transition from CSL to ASL.

Keywords: Canopy turbulence, Mutual information content, Nonlinear time series analysis, Organ-
ized motion, Shannon entropy, Wavelet thresholding.

1. Introduction

Concerns of global warming have generated interest in understanding the exchange
rates of mass and energy between the terrestrial biosphere and atmosphere. Around
the world, programs such as Euroflux and Ameriflux have been established to
provide reliable and continuous measurements of carbon and energy exchange
between the vegetation and the atmosphere (Kaiser, 1998). It has been understood
that the turbulent exchange of mass and momentum from, and within, canopies is
dominated by large, coherent eddy structures (Finnigan, 2000). However, the links
between these eddy structures and a quantitative description of canopy dynamics
are still a subject of active research (Finnigan and Shaw, 2000). This paper ex-
plores the use of several novel techniques from the field of nonlinear dynamics
that appear to provide promising tools for the analysis of atmospheric turbulence.
These techniques provide “scalar measures” that can be related to the system’s
complexity.

It is convenient to decompose the region of the atmospheric boundary layer
(ABL), within and above the canopy, into two layers based on the distinct flow
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characteristics that exist in each (Finnigan, 2000). The region extending from the
ground to 2-3 times the canopy height is labeled the canopy sublayer (CSL), and
above this domain, stretches the atmospheric surface layer (ASL). Within the ASL,
the flow statistics are typically one-dimensional and well described by Monin and
Obukhov surface-layer similarity theory. In sharp contrast, the flow statistics in
the CSL are typically non-homogeneous and three-dimensional, and its canonical
structure may not resemble a rough-wall boundary layer (Raupach et al., 1989,
1996). While the ASL provides a simpler environment for understanding turbulent
transport, taller vegetation such as forests necessitate detailed understanding of
the structure of turbulence in the CSL, as measurements at 2-3 times the canopy
height become prohibitive. For example, recent CO, flux monitoring initiatives
above forested ecosystems positioned their sensors well within the CSL in all the
forests (Kaiser, 1998).

In this paper, we seek to quantify key attributes about the degree of organiz-
ation of complex eddy motion in the ASL and CSL using nonlinear dynamics
methods and to understand how these attributes are affected by roughness and
atmospheric stability. We focus on three techniques: namely a modified, Shannon
entropy; wavelet thresholding; and mutual information content, and we apply these
measures to the vertical wind velocity (w) time series. Data are analyzed from
six different experiments performed in the ASL and CSL, above several different
vegetation types, and for a variety of atmospheric stability conditions.

2. Methods of Analysis

A brief review of the methods is considered next. These methods are chosen be-
cause they are sensitive to distinct measures of organization of a given time series.
Hence, agreement among them provides the necessary confidence that what is real-
ized is related to organization in turbulence rather than an artifact of the definition
of organization or its estimation.

2.1. SHANNON ENTROPY

One topological measure of the structure of flows is Shannon, or ‘information’,
entropy (Wijesekera and Dillon, 1997), which is defined as

Is=—> pilnp, )

where p; i = 1,2,..., M) is a discrete probability distribution that is non-
negative, additive, and normalized such that,

pi =0, (2a)
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E pi=1, (2b)
i

Pivju. = pi+pj+---, (20)

(Shannon, 1948). To allow the Shannon entropy to characterize the shape of a
spectrum, we represent the spectrum of a measured scalar quantity as a sequence
of M positive numbers ¥; (i = 1, ..., M) with p; = ¥; (3, ¥:) " as suggested by
Wijesekera and Dillon (1997). Since the components of a discrete power spectrum
are positive, additive, and have uniform intrinsic measure, the probability axioms
in Equation (2) are satisfied (Skilling and Gull, 1985).

Using this definition of the Shannon entropy provides a technique that gives
information about the order or disorder of the flow. For example, when flow is
dominated by organized structures, most of the energy of the spectrum resides at a
peaked, small wavenumber band. This will produce a very small Shannon entropy
value. If the organization of the flow decreases, the energy shifts to smaller scales
and the shape of the spectrum becomes less peaked and more flattened. In this case,
the complexity of the flow increases and the Shannon entropy, correspondingly,
becomes larger. The largest possible value of the Shannon entropy is obtained when
the signal becomes characterized by a flat, white noise spectrum where

Vi =1, (3a)
pi=M", (3b)
Is = In(M). (c)

Recently, a study in which Shannon entropy was applied to turbulent overturns
in the ocean demonstrated the usefulness of entropy in quantifying organization
within turbulent mixing (Wijesekera and Dillon, 1997). In this study, Wijesekera
and Dillion (1997) analyzed the Shannon entropy of a laboratory jet and found that
the value of the Shannon entropy increased with time as the flow of the laboratory
jet evolved from a simple, laminar to a complex, turbulent flow. The study con-
cluded that the more intense the organization of the flow, the lower the value of the
Shannon entropy. These results and the simplicity of the Shannon entropy make it
a promising tool in the analysis of complex eddy motion in the ASL and CSL.

2.2. WAVELET THRESHOLDING METHODS

Since large-scale eddy motion is known to be intermittent and inherently non-
periodic (Farge et al., 1992), the use of Fourier transforms may mask critical
information about time-frequency relationships and how they evolve with stability
and morphology. Wavelet transforms allow a signal to be unfolded into both time
and frequency thereby making the wavelet transforms desirable for such applic-
ation. For atmospheric turbulence measurements, discrete wavelet transforms are
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known to disbalance the number of coefficients containing energy and the dimen-
sion of the time series (Vidakovic, 1995; Katul and Vidakovic, 1996, 1998). Given
this, and based on the idea that turbulence is composed of two dynamical parts,
a ‘high-dimensional’ passive part and a ‘low-dimensional’ active part associated
with organized motion, wavelet transforms can be used to reduce the degrees of
freedom needed to describe key dynamical features relevant to organized eddies
(Wickerhauser et al., 1994; Farge et al., 1992; Zubair et al., 1992; Katul and
Vidakovic, 1998). The term ‘active’ here implies large activity or high variability
and should not be confused with the terms ‘inactive’ and ‘active’ turbulence of
Townsend (1976). Farge et al. (1992) demonstrated that the active part of turbu-
lence is associated with organized structures while the passive part is composed of
slaved modes produced by the interactions among the coherent structures. Since
organized eddy motions contribute significantly to the variability in velocity and
temperature, Katul and Vidakovic (1998) demonstrated that Lorentz threshold-
ing can be applied to extract the low-dimensional energy containing events. The
Lorentz curve is a general measure of energy disbalance of a given data vector
whether be it in time, frequency, or wavelet domains. A sample Lorentz curve in
the wavelet domain is shown in Figure 1. To allow a simple comparison between
two signals using the information above, Katul and Vidakovic (1998) proposed
a global thresholding criterion, referred to as the Lorentz threshold, in which the
proportion of retained coefficients, L,, at the point of tangency of the Lorentz curve
and the ideally balanced signal be used as a statistic. An example of this optimal
proportion L, is shown in Figure 1. The smaller the value of L,, the smaller the
number of coefficients needed to describe most of the energy in the signal, and
therefore, the more organized the signal. And vice versa — the larger the value of
L,, the greater the number of coefficients needed to reconstruct the signal, and the
more equally the energy of the signal is spread out among the coefficients. Hence,
such a measure can also be used to describe the degree of organization for turbulent
time series measurements.

2.3. MUTUAL INFORMATION CONTENT

Mutual information, like Shannon entropy, is a commonly studied property of dy-
namical systems (Williams, 1997). In chaos theory, mutual information is often
used to (1) estimate the optimum embedding dimension for attractor reconstruction
(Fraser, 1989), (ii) reveal chaos by indicating whether the Kolmogorov—Sinai en-
tropy is greater than or equal to zero (Fraser, 1989; Palus, 1993), (iii) estimate the
optimum lag to use in attractor reconstruction (Fraser, 1989; Pineda and Sommerer,
1993), and (iv) estimate how far into the future we can make reliable predictions.
Mutual information is a jointed-entropy than can be derived from the Shannon
entropy, and is defined by

Lu(s,q) =Y pij(s, @) In pij(s.q) = Y pi(s)Inpi(s) = Y p;(@)Inp;(q), 4)
J

i,j i
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Figure 1. Lorentz curve in the wavelet domain. The diagonal line corresponds to an ideally balanced
signal where every coefficient describes the same amount of energy. The convexity of the Lorentz
curve in relation to the ideally balance signal is directly proportional to the energy disbalance of the
signal.

where p;; (s, q) is the probability that s is in the ith bin and ¢ is in the jth bin, p; (s)
is the probability that s is equal to the ith bin value, and p;(g) is the probability
that ¢ is equal to the jth bin value. In measuring how dependent the values of
x(t + ) and x(¢) are for a measured variable x and time delay t, we can make the
assignment

[s,q] = [x(®), x(r + D], ®)

and the equation for time-delayed mutual information becomes
In(®) =) pi(@)Inpy(x) =2 pilnp;, 6)
ij i

where p;;(7) is the probability that x(¢) is in the ith bin and x(¢z + 7) is in the
jth bin and p; is the probability that x(¢) is equal to the ith bin value (Fraser and
Swinney, 1986).
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Calculation of the time-delayed mutual information is often used to determine
the optimum embedding dimension for attractor reconstruction and is followed by
the computation of the correlation dimension, as described by Grassberger and
Procaccia (1983). The correlation dimension d, indicates how complex the system
is and gives an indication of the actual number of nonlinear ordinary differential
equations needed to describe the behaviour of the system. To find d. from an ob-
served time series x(¢) of length N, the vectors [x(¢), x(t + 1), ...x(t +nt — 7)]
of length N are constructed for a time lag 7 and an embedding dimension n. A
direct count is made of the number m(r) of pairs of vectors whose difference is
less than r in magnitude, for varying r. If, as n is increased, m(r) varies as rdm.
then d(n) is assumed to be the correlation dimension of the reconstructed attractor.
If d(n) approaches a limit d. as n is increased, one assumes that d, is the estimated
correlation dimension of the attractor of the original system (Lorenz, 1991).

If the correlation dimension is fractal then the attractor is known as a ‘strange
attractor’. Where there is a strange attractor, there is order and structure. Strange at-
tractors offer the potential for obtaining information about the predictability of the
system directly from the data rather than indirectly from modelling (Pool, 1989).
Because of this enticing possibility, hunting for order in weather patterns and fluid
flow by looking for strange attractors has become one of the most controversial
chaos-inspired techniques among scientists.

Several studies have estimated correlation dimensions for atmospheric
boundary-layer turbulence from time series measurements (e.g., Tsonis and Elsner,
1988; Jaramillo and Puente, 1993; Xin et al., 2001; Gallego et al., 2001), finding
values between 3 and 9. Because of the complexity of the atmosphere, many
researchers, including the originators of the method, doubt the appropriateness
of such small correlation dimensions (e.g., Procaccia, 1988; Pool, 1989; Lorenz,
1991). As Procaccia (1988) stated in reference to the study of Tsonis and Elsner
(1988), the computation of small correlation dimensions can stem from one of two
reasons: (i) There is something fundamental in the dynamics of the atmosphere that
we do not understand; or (ii) the method of analysis does not apply, or is outside,
the range of validity. One criticism that the method of analysis has raised is the
use of data sets that are too small for the computation of the correlation dimension
(e.g., Procaccia, 1988; Pool, 1989; Lorenz, 1991). Others have also pointed out that
noise in the data, poor resolution, and the repetition of one number many times
in the data set can lead to incorrect estimation of the correlation dimension (see
Sivakumar, 2000 for review).

The application of chaos theory is limited by the fundamental assumption that
the time series used to analyze chaos are infinite in resolution and size. In practice,
however, infinite time series do not exist and one must use a limited time series
sampled at a discrete number of points. Assuming a time series of high resolution,
the minimum number of points, Ny, needed to accurately construct the attractor
has been a matter of some debate (Sivakumar, 2000). Numerous recommendations
have been made including Ny, = 10 (Procaccia, 1988) and Ny, = 42¢ (Smith,
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1988), where d is the dimension of the attractor. In estimating the dimension of the
attractor using wind velocity and other measured meteorological variables, Tsonis
and Elsner (1988) analyzed 3,960 measured data points, Jaramillo and Puente
(1993) used data sets of 18,000 points, Xin et al. (2001) analyzed data sets of
28,000 and 36,000 data points, and Gallego et al. (2001) used data sets of 32,000
data points. The number of data points used in these studies is small compared
to the value of Ny, recommended by Procaccia (1988) and Smith (1988). For
a correlation dimension of 9, it would be recommended to have a minimum of
10° (Procaccia, 1988) or 4.067 x 10'* measured data points (Smith, 1988). It
has been shown that small data sets will result in systematic underestimation of
the correlation dimension (Procaccia, 1988; Havstad and Ehlers, 1989; Lorenz,
1991). For example, Lorenz (1991) demonstrated that using a data set of only 4,000
points to analyze a known mathematical system of 21 coupled variables leads to
gross underestimation of the correlation dimension when the variables are ‘weakly’
coupled. In the atmosphere, much of the coupling is weak and indirect.

Some studies have suggested that one does not need to place such strict re-
strictions on Np;,. For example, Nerenberg and Essex (1990) suggested that the
estimate of Ny, by Smith (1988) was too extreme and that a more appropriate
estimate is Ny, ~ 10>7%44<_Though data sets smaller than those recommended by
Smith (1988) might be useful in the computation of d., one must remember that d..
is defined as r — 0. When N is too small, the lowest value of r, for which m(r)
is statistically meaningful, may not be particularly close to zero (Ruelle, 1990). In
this way, when researchers use data sets that are too small, they are assuming that
if N were made large enough, the decrease of m(r) with », when r is very small,
is the same as when r is fairly large (Lorenz, 1991). This implicitly assumes that
the fine structure of the attractor resembles that of the coarse structure, and though
this has been shown to be true in some simple systems, it does not necessarily hold
for more complex systems (Lorenz, 1991).

Procaccia (1988) pointed out that the low values estimated for the correlation
dimension of measured meteorological variables could be attributed to the fact that
deterministic strange attractors are dense with unstable orbits. When the number
of data points is small, one could be analyzing one of these unstable orbits and not
the whole attractor. Lorentz (1991) echoed this and suggested that the atmosphere
should be viewed loosely as a coupled set of lower-dimensional subsets, and that
the studies estimating low values of the correlation dimension for atmospheric
turbulence, as they were performed, attempted to measure the dimension of a
subsystem.

We believe that the arguments against the existence of a small correlation di-
mension of the atmosphere are reasonable and convincing. It is for this reason that
we only focus on the time-delayed mutual information values without progressing
to the estimation of the correlation dimension. Given the current method, the phys-
ical restraints of collecting ‘infinite’ data sets, and the high dimensionality of the
atmosphere, we do not believe that computation of the correlation dimension in
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TABLE I
Summary of site characteristics, the vegetation heights /, the measurement heights z,, from the forest
floor or soil surface, the surface roughness lengths z,, and measured meteorological variables for the
nine experiments.

Surface cover Date h Zm 20 Sampling  Sampling
(m) (m) (m) frequency period
H) (min)
Pine Trees Jan. 4-8, 2000 14 14.5 1.40 5 27.3

May 16-20, 2000
Aug. 22-26, 2000
Oct. 20-23, 2000

Hardwood Trees June 15-July 11, 35 35 3.50 10 27.3
July 23, 1996

Grass July 12-16, 1995 1 5.2 0.10 56 19.5

Grass Sept. 18-21, 1996 1 375 0.10 5/10 13.6

Grass May 14-25, 2001 0.3/0.05 3.0 0.03-0.005 10 27.3
July 7-27, 2001

Sand June-July 1993 N/A 2-3.5 0.00013 56 9.75

this paper would be of benefit to the scientific community. Instead, we compute the
mutual information content, which is more accurate to the objectives of this study.

3. Experimental Setup

Eddy correlation measurements used in this study were taken at four different sites
in six different experiments. Some statistics, such as the dates of the experiments,
the vegetation height /, the measurement height z,,, the surface roughness length
Z,, and the sampling period and frequency, are listed in Table I. Maximum, min-
imum, and mean values of the mean longitudinal wind velocity (u); the variance
of w, 03); and mean atmospheric temperature, (7') for each site are listed in Table
II. Typical values of other meteorological variables were calculated and listed in
Table II. These variables include the friction velocity,

Uy =/ —'w'); (7
the Obukhov length,

()
= gty ®
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TABLE I

Range of values and mean values of the six major, measured meteorological variables used in the
nonlinear time series analysis.

Site description Zm/L (u) Uy a,% H (T)
ms™H) ms™hH @m?s™?H) Wm™2) (°0)

Pine forest Max. 0.0 2.92 1.03 1.06 282.67 32.09
Min. —28.83 0.18 0.01 0.02 0 2.70
Mean —-0.89 1.02 0.34 0.17 78.67 18.71
Hardwood forest Max. ~0.0 3.79 1.04 1.67 330.06 30.88
Min. —11.67 0.39 0.09 0.05 0.74 2.16
Mean —-045 1.67 0.49 0.32 125.70 15.83
Grass-covered Max. —0.01 5.47 0.46 0.23 374.26 35.37
surface (1995) Min. —10.11  0.72 0.07 0.02 0.37 25.16
Mean —-043 214 0.24 0.12 140.72 28.47
Grass-covered Max. 0.0 4.25 0.59 0.49 159.06 28.24
surface (1996) Min. —10.28 0.54 0.08 0.02 3.69 17.82
Mean —045 228 0.28 0.15 63.65 21.74
Grass-covered Max. 0.0 3.39 0.50 0.32 290.54 33.31
surface (2001) Min. —-297 0.26 0.02 0.01 0.0 8.97
Mean —-049 157 0.18 0.09 64.62 23.10
Dry Owens Max. —-0.04 7.52 0.38 0.24 288.08 44.42
Lake Bed Min. —-1.64 171 0.06 0.01 0 10.35
Mean —-036 4.34 0.22 0.09 71.53 20.57

and the sensible heat flux,
H = pe,(w'T'), ©)

where (x) and x’ symbolize the time averaging and the deviation from the mean of
a measured variable x, u is the longitudinal wind velocity, T is atmospheric tem-
perature, « (= 0.4) is the von Karman constant, g is the acceleration due to gravity,
p is the density of air, and c, is the specific heat capacity of air. Atmospheric
stability is denoted by & = z/L, where z = z, — d and d is the displacement
height. Only unstable and near-neutral stability conditions, where L < 0, are used
in the analysis and shown in Table II.

3.1. PINE FOREST SITE

The pine forest is located in the Blackwood Division of the Duke Forest (35°58' N,
79°08' W, elevation 163 m) in Durham, North Carolina, U.S.A. The site is a uni-
formly aged Loblolly pine forest that extends 1000 m in the north-south direction
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and 600 m in the east—west direction. Though the stand was grown from pine
seedlings planted in 1983 following a clear cutting and burning, the pine forest
has a significant hardwood understorey. The eddy correlation system used is com-
posed of a Campbell Scientific Krypton hygrometer co-located with a triaxial sonic
anemometer and the gas inlet for a LICOR 6262 CO,/H,0 infrared gas analyzer
at z,,/h =~ 1.0. The experiment took place during several different months in
the year 2000. Further details of the site description, the understorey species, and
the measurement apparatus are given in Katul et al. (1999), Katul and Albertson
(1999), and Lai et al. (2000 a, b).

3.2. HARDWOOD FOREST SITE

The hardwood forest is also located in the Blackwood Division of the Duke Forest
and is composed of unevenly aged, mature second growth, deciduous hardwood
trees approximately 35 m in height. The tower at this site is a 40-m walk-up tower
on which the eddy correlation system, composed of the triaxial sonic anemometer
and the Campbell Scientific Krypton hygrometer, is mounted at z,,/h = 1.0.
The area surrounding the tower, known as Meadow Flats, is fairly level for about
500 m in all directions. More details concerning the site location and set-up and
the stand’s species composition can be found in Katul et al. (1997) and Conklin
(1994), respectively.

3.3. GRASS-COVERED CLEARING SITE

The site is a 480 m by 305 m grass covered-clearing located in the Blackwood Di-
vision of the Duke Forest. For the 1995 and 1996 experiments, the eddy correlation
system was mounted on a mast located 250 m from the north-end and 160 m from
the west-end of the Loblolly pine forest. For the 2001 experiment, the mast was
removed and replaced by a 6-m walk-up tower; the eddy correlation system was
mounted on the tower. During the 2001 experiment, the grass was mowed on July
5, 2001 such that the height of the grass was reduced from 0.3 m to approximately
0.05 m. Information on the height at which the instruments were mounted, the
vegetation height, and the sampling frequency and period for each of the three
experiments is listed in Table I. Further details on the 1995 and 1996 experiments
can be found in Szilagyi et al. (1996) and Katul et al. (1998).

3.4. DRY OWENS LAKE BED

The field experiment was carried out in late June to early July in 1993 at the dry
Owens Lake bed in Owens Valley, California, U.S.A. Dry Owens Lake bed is part
of a larger basin and is surrounded by the Sierra Nevada to the west and the White
and Inyo Mountains to the east. The dry lake bed is covered with a crusted sand
surface with substantial amounts of evaporated salt. Meteorological measurements
were made using a Campbell Scientific eddy correlation system with z,, ranging



QUANTIFYING ORGANIZATION OF ATMOSPHERIC TURBULENT EDDY MOTION 517

from 2.0 m to 3.5 m. More information on this experiment can be found in Katul
(1994), Katul et al. (1995), and Albertson et al. (1995).

4. Analysis and Results

We apply the Shannon entropy, Lorentz thresholding, and mutual information
measures to w for the six experiments and analyze the results for unstable stability
conditions where z/L < 0. The experiments were grouped into two categories
based on whether measurements were taken in the ASL or CSL. Measurements at
the pine forest and hardwood forest sites were taken at approximately z,,/h = 1,
and therefore, were made in the CSL. At the grass-covered clearing and the dry
Owens Lake bed sites, measurements were taken at z,, > 3/ such that these
experiments were performed in the ASL.

4.1. SHANNON ENTROPY

The Shannon entropy, estimated based on the power spectrum, is computed for w.
We depart from the traditional definition of entropy and employ the power spectrum
for two reasons: (1) The probability density function of w in the CSL and ASL is
approximately Gaussian for both layers (Katul et al., 1997); hence, probability-
based Shannon entropy measures cannot discern organization differences between
CSL and ASL; and (2) we follow the analysis of Wijesekera and Dillon (1997) who
demonstrated that usefulness of using the spectrum instead of the probability dens-
ity function for laboratory and ocean turbulent mixing. For further calculations, we
will use the normalized Shannon entropy,

Sy = Is/In(M), (10)

where In(M) is the largest possible value of the Shannon entropy and is produced
by a flat, white noise spectrum. Sy is guaranteed to be between 0 and 1. This nor-
malization ensures that entropy differences attributed to different sampling lengths
and duration (e.g., Table I) are minimized.

The values of the Shannon entropy for the power spectrum of w were computed
for the experiments in the ASL and CSL for unstable and near-neutral conditions
and are shown in Figure 2. The solid and dashed lines illustrate the mean behaviour
of the Shannon entropy with changes in stability, In(—z/L), for experiments in the
ASL and the CSL, respectively. The vertical bars represent one standard deviation.
As the stability changes from near-neutral conditions (z/L & 0) to near-convective
conditions (z/L <« 0), the Shannon entropy decreases. On average, the value of
the Shannon entropy in the ASL is greater than that in the CSL for all unstable
conditions. This implies that the flow organization is higher in the CSL for all
stability classes. Furthermore, for both ASL and CSL flow types, we find that
as the flow approaches near-convective conditions, entropy drops and the level of
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Figure 2. Modified Shannon Entropy is plotted versus stability for unstable and near-neutral condi-
tions, In(—z/L). The solid and dashed lines show the ensemble behaviour of the Shannon entropy
with changes in stability for experiments in the ASL and the CSL, respectively. The vertical bars
represent one standard deviation.

organization increases. When contrasting the effects of stability vis-a-vis the flow
type (i.e., CSL versus ASL) on entropy, Figure 2 suggests that organization due
to stability is much more critical than flow type. We explore whether the other
measures confirm the above two findings.

4.2. WAVELET THRESHOLDING METHODS

The simple, orthogonal Haar wavelet, is used to compute the Lorentz curve of w.
This wavelet is chosen because of its simplicity and because it has been found to be
the optimal wavelet for identifying energy-containing turbulent eddy motion in the
wavelet domain (Katul and Vidakovic, 1996). Furthermore, Katul and Vidakovic
(1998) conducted a detailed analysis to quantify how the choice of wavelet biases
L,. They found that variations in L, due to the choice of the wavelet function are
minor.

The percentage of coefficients L, retained after applying the Lorentz threshold-
ing criteria to w were computed for unstable and near-neutral conditions and shown
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Figure 3. The percentage of coefficients L, retained after applying the Lorentz thresholding criteria
to w for each of the experiments is plotted versus stability for unstable and near-neutral conditions,
In(—z/L). The solid and dashed lines show the mean behaviour of L, with changes in stability for
experiments in the ASL and the CSL, respectively. The vertical bars represent one standard deviation.

in Figure 3. The solid and dashed lines show the mean variations in the calculated
values of L, with changes in stability for experiments in the ASL and the CSL. The
vertical bars represent one standard deviation. Recall that higher L, implies lower
level of organization in the time series. On average, L, decreases as the stability
conditions change from near neutral to very unstable. There also seems to be some
pattern of distinction between the value of L, and the surface roughness conditions;
the average value of L, is larger for experiments in the ASL than for those in
the CSL, though the scatter among the results is large. Both of these findings are
consistent with the previous entropy calculations, and imply that the flow in the
CSL is more organized than the ASL, and that near convective conditions are more
organized than near-neutral conditions.

4.3. MUTUAL INFORMATION

We compute the time-delayed mutual information of w for the experiments in the
ASL and CSL. To compare each signal, the value of the lag ), at the first minimum



520 KAREN H. WESSON ET AL.

-— CSL
6 | — AsL .

0 1 1 I 1 1 1 1 1 t ]
-7 -6 -5 -4 -3 -2 -1 0 1 2 3 4
In(-z/L)

Figure 4. Ty, the normalized, optimum lag time for the mutual information is plotted versus stability
for unstable and near-neutral conditions, In(—z/L). The solid and dashed lines show the mean vari-
ations in the calculated values of ) with changes in stability for experiments in the ASL and the
CSL. The vertical bars are for one standard deviation.

in Iy, (7) is used, as advocated by Fraser and Swinney (1986). At this value, 7, the
signals of w(¢) and w(t + 7)) are relatively uncorrelated but still remain similar
enough to allow the reconstruction of the attractor. In Figure 4, 1), is plotted versus
stability where 7, is non-dimensionalized by multiplying by z/u, such that

Iy = Ty—. (11)
Uy

The solid and dashed lines in Figure 4 show the mean variations in the calculated
values of Ty with changes in stability for experiments in the ASL and the CSL. The
vertical bars are for one standard deviation. On average, Ty increases as stability
conditions range from near neutral to very unstable. The mutual information is
also able to discern the effect of surface roughness. The mean value of Ty for ex-
periments in the CSL is significantly greater than those in the ASL for all unstable
stability conditions. The larger ty, the more organized the flow. Again, these results
confirm the findings from the entropy calculations: near convectively produced
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turbulence is more organized than mechanically produced turbulence, and the CSL
is more coherent than the ASL.

The next logical step of this analysis is to compute the correlation dimension.
The larger the actual correlation dimension, and therefore the complexity, the larger
the amount of data needed. Given the number of points that compose our data sets
of measured wind velocity (<10° measured points, see Table I) and the complex
nature of atmospheric turbulence, we have decided not to attempt to estimate the
correlation dimension. With such small data sets it is probable that the whole at-
tractor would not be analyzed. Analyses of a subset of the atmospheric attractor will
add little insight into the effect of stability and surface roughness on atmospheric
turbulence.

5. Conclusions

This analysis presented three simple techniques that contrast the level of organiz-
ation in the vertical wind velocity time series collected in the ASL and CSL for
a wide range of stability conditions. The objective was to separate the degree of
organization attributed to stability and that attributed to roughness. Using Shannon
entropy, Lorentz wavelet thresholding, and mutual information content, we found
that the vertical velocity in the CSL is more organized than in the ASL. To some
extent, this conclusion may seem counter-intuitive. The statistics of the flow in
the CSL are influenced by canopy morphology and appear to be three-dimensional
when compared to the simpler one-dimensional statistics in the ASL. However,
if one considers the mode of instability producing the organized eddy motion
in the CSL, then this paradox is resolved. For an extensive canopy such as the
pine and hardwood forests, the organized eddy motion in the CSL is produced by
Kelvin—Helmholtz type instabilities that can be predicted from two-dimensional
linear stability analysis (Raupach et al., 1996). Mixing layers are known to have a
‘long-memory’ in the sense that the instability mode remains the energetic mode
as more eddy sizes are produced and dissipated. This is not the case for ASL flows,
in which the mode of instability originating from interactions between the surface
and the fluid is rapidly distorted by an entire population of new eddies (Finnigan,
2000). Hence, the findings from this analysis are consistent with the view that
the organized eddies must be originating from a flow instability whose signature
remains persistent, such as a mixing layer.

Finnigan and Shaw (2000) also found results that support this conclusion. Con-
ducting empirical orthogonal function (EOF) analysis, Finnigan and Shaw (2000)
compared the contribution of partial sums of the eigenmodes to the vertical distri-
bution of (uw) in both the roughness sublayer alone and the lower surface layer
plus the roughness sublayer. They found that convergence of the eigenmodes was
indeed significantly more rapid in the roughness sublayer than in the surface layer.
These results support the findings of this paper and present objective evidence that
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the turbulence in the CSL is dominated by more distinct eddy structures than in the
ASL (Finnigan, 2000).

Unfortunately, the EOF method is difficult to apply to single-point meas-
urements because the required empirical eigenfunctions are those of two-point
velocity covariance tensor and the data must, therefore, be collected in particu-
larly intensive experiments. The novelty of the three techniques proposed in this
paper is that, unlike the EOF method, these measures can be applied to time series
measurements now collected in many field experiments (e.g., see Baldocchi et al.,
2001). These techniques are objective measures of sensitivity to organization and
do not require a priori knowledge about these organized structures. In addition,
the three techniques presented here are able to investigate how stability alters the
degree of organization in both the CSL and ASL. We found that as the flows in both
layers evolves from near-neutral to unstable conditions, the level of organization
in w increases. We note that as the flow approaches pure convective conditions,
the traditional definitions of the CSL and ASL as defined in this paper become
less applicable. However, for near-neutral conditions, the increase in the degree of
organization in w due to stability by far exceeds any difference noted between the
CSL and ASL.

The fact that the level of organization did not converge in the CSL and ASL
suggests buoyant or thermal plumes alone are not the key mechanism respons-
ible for the organization in the two layers. It is conceivable that with increasing
temperature in the CSL and reduced velocity differences between inside the can-
opy and the air aloft, a thermal mixing layer, influencing vertical velocities, also
emerges. A pure thermal mixing is formed when two co-flowing fluids with the
same longitudinal velocity but different temperatures are allowed to mix. The res-
ulting instability leading to organized eddy motion is very distinct from the classic
convective mixing. These instabilities are also different from the Kelvin-Helmholtz
waves in neutral mixing layers.
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