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ABSTRACT
This paper reports on the spatial scales of meandering motions using recent data from three mesoscale networks.

Although the mesoscale motions extend over a wide range of scales, and time series do not reveal a spectral peak, the

examination of the spatial coherence does identify a preferred spatial scale. Several independent methods reveal the

same preferred spatial scale for horizontal coherence for a given network. However, the spatial scale differs by a factor of

two between the different networks examined here, presumably due to the different topography and surface conditions.

The preferred spatial scale increases roughly linearly with range of time scales included in the evaluation. However,

the details of this increase do not seem to be predictable, again partly due to site-specific conditions. The preferred

spatial scales are of the order of a few kilometres for time scales less than an hour, but may reach tens of kilometres for

time scales of several hours.

The preferred horizontal length scale determines the area over which the flow features are statistically coherent.

Measurements at a single location can be considered as representative for an area comparable to or smaller than the

preferred scale.

1. Introduction

The range of scales of atmospheric motion extends from large
scales bounded by the planetary dimensions to scales determined
by the molecular diffusion, a property of the fluid. Although the
basic laws of fluid mechanics are well known, the non-linearity
of the governing equations yields complex behaviour of real
world systems. Despite this complexity, certain scales of motion
exhibit regularity or similarity that enable their detailed study
and description. Such examples include quasi-geostrophic, mid-
latitude planetary scale atmospheric motions and the turbulence
in the planetary boundary layer, which statistically obeys simi-
larity relationships with stationarity and horizontal homogeneity.

However, a considerable range of scales between large-scale
motions and turbulence does not seem to obey any common gov-
erning or similarity laws, at least near the surface. This is par-
tially due to the large number of different phenomena that appear
on these scales. Some of the well-defined mesoscale motions
have received considerable attention, including fronts, simple
gravity waves, moist convection, and thermally induced circula-
tions. The motions on the mesoscales have, therefore, primarily
been studied in terms of the well-defined phenomena. Numerous
mesoscale signatures can be identified that do not have a known
origin or cause, particularly in the stable boundary layer. Due to
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the incomplete knowledge of the variety of mesoscale processes
and the complexity of their interactions, a practical generalized
description of these motions has not been possible.

Spectral similarity for the mesoscales has been observed in a
climatological sense in the upper troposphere (e.g. Nastrom and
Gage, 1985). Several competing theories have been offered to
explain the observed spectral shapes. An example is the well-
known —5/3 mesoscale spectral slope, which can be obtained by
assuming either downscale or upscale energy transfer (e.g. Lilly,
1983; Lindborg, 1999; Gage, 2004).

The situation is substantially more complicated in the plane-
tary boundary layer (PBL) where the spectral slopes are generally
poorly defined and vary with scale. This is particularly evident
for weak-wind conditions where a considerable variability of
wind direction is regularly observed and is difficult to explain
with our current understanding of mesoscale processes.

Meandering is usually defined in terms of substantial varia-
tion of the wind direction due to emergence of the importance of
mesoscale motions with weak large-scale flow (Anfossi et al.,
2005). Meandering is frequently studied with respect to its effect
on the horizontal dispersion of pollutants in weak-wind condi-
tions (e.g. Gifford, 1959; Kristensen et al., 1981; Hanna, 1983;
Etling, 1990; Peterson et al., 1990). The physical cause of me-
andering is not known, but it could be associated with internal
gravity waves and various two-dimensional modes (see refer-
ences in Mahrt, 2007). Unlike turbulence, meandering motions
obey no known scaling relationships (Vickers and Mahrt, 2007).
Meandering modes are considered to be boundary-layer motions
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and often decay with height (Mahrt, 2007). However, the connec-
tion with processes above the boundary layer cannot be ruled out.
Numerical mesoscale models have not been able to reproduce
the mesoscale meandering (e.g. Webster and Thomson, 2005;
Zagar et al., 2006), and it is not clear whether this is due to
the lack of the required physics or due to strong numerical con-
straints (e.g. numerical diffusion) that are required for numerical
stability of the models. While dispersion models pragmatically
account for the meandering effect through various parametriza-
tions (e.g. Hanna, 1990; Davies and Thomson, 1999; Anfossi
et al., 2006), the physics of such motions remain unknown.

The mesoscale motions responsible for the meandering of the
wind direction occur for all winds speeds (Anfossi et al., 2005),
but cause significant variations of the wind direction only when
the large-scale flow is weak. This is because the wind direction
variability, as a first approximation, is inversely proportional to
the wind speed, that is,

~ v 1

Oy ~ v’ (D
where oy denotes the standard deviation of mesoscale wind di-
rection, o, the standard deviation of mesoscale cross-wind com-
ponent and V' the mean wind speed (e.g. Davies and Thomson,
1999), where cross wind is defined with respect to the large-scale
flow. If o, is independent of V, then oy o V=1, Indeed, the re-
lation o4 oc V! has been reported in several previous observa-
tional studies (e.g. Davies and Thomson, 1999, and references
therein) and certain parametrizations of meandering in disper-
sion models are formulated in that way (e.g. Hanna, 1990; Davies
and Thomson, 1999). It has also been independently shown that
o, generally does not depend on V (Vickers and Mahrt, 2007) as
also implied by the analyses of Anfossi et al. (2005). Provided
that o, is independent of V, the horizontal dispersion due to
mesoscale motions may be approximately the same for all wind
speeds. This is valid if the dispersion due to mesoscale motions
is governed by the relationship

oy = oot 6)

where o, denotes the spread of the plume in the cross-wind di-
rection and ¢ the travel time. However, the cross-wind dispersion
with respect to the hourly averaged wind can be regarded as be-
ing dependent on V through o4, as shown by combining (1) and

2):
Oy
0y R OgxX X Vx, 3)

where x denotes the along-wind distance from the source.

For this reason we will use two measures of mesoscale vari-
ability: o,, or crosswind meandering velocity scale (i.e. cross-
wind mesovelocity scale) and 0. Since meandering is due to
mesoscale motions, the terms ‘meandering’ and ‘mesoscale’ will
sometimes be used interchangeably. Anfossi et al. (2005) also
showed that the kinetic energy of the mesoscale motions, on av-
erage, appears to be statistically independent of stability even
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though the physics of the mesoscale motion varies dramatically
with stability.

Existing studies of meandering motions are based on Eule-
rian time dependence. With the exception of Hanna and Chang
(1992), little work has been done on the spatial structure beyond
inferences based on observed dispersion (e.g. Peterson et al.,
1990). The temporal characteristics of meandering have been
shown to be erratic and seemingly unpredictable. The fact that
the mesoscale motions appear for all stabilities and wind speeds
makes the determination of possible mechanisms more difficult.
Anfossi et al. (2005) determined the correlation time scale of
meandering to be about 1200 s based on the average over large
number of realizations at two sites.

This paper constructs spatio-temporal statistics from recently
deployed networks of atmospheric measurements. As in the time
domain, spatial characteristics of meandering motions vary sig-
nificantly between cases and, to this point, universal behaviour
has not been identified. Therefore, the analysis is based on a
large number of cases, with the goal of determining the statisti-
cal properties of spatial meandering.

2. Data

Figures 1-3 depict the three networks used in this study: Coop-
erative Atmosphere-Surface Exchange Study-1999 (CASES99),
North Park, and Soil Moisture-Atmosphere Coupling Experi-
ment (SMACEX) (see also Table 1). The CASES99 network
was located in south central Kansas, USA, over relatively flat
grass-covered terrain (Poulos et al., 2001; Mahrt and Vickers,
2002). It consists of the central 60 m tower with 8 flux measure-
ment heights (1.5, 5, 10, 20, 30, 40, 50 and 55 m) and 6 satellite
stations with flux measurements at 5 m level. The satellite sta-
tions are approximately positioned on two circles with the main
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Fig. 1. Station locations in the CASES99 network. The centre
coordinates, that is, the coordinates of the main tower, are 37.64855°N,
—96.7361°W.
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Fig. 2. (a) North Park network (black dots) and the surrounding
topography. Topography contour interval is 100 m. The black rectangle
outlines the network. (b) The network (rectangle from the upper panel)
zoomed with station locations. MT denotes the main tower, FLUX the
two additional flux measurements stations and CUP the three cup
anemometer stations. Other four stations west of MT are 2-D sonics
(hardly legible due to small spacing).
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Fig. 3. Station locations in the lowa SMACEX network. The centre
coordinates are 41.9629°N, —93.6418°W.

tower at the origin and the radii of 100 and 300 m. The angle
between the stations at the same radius is approximately 120°.
The North Park basin is located in northwest Colorado, USA,
embedded in a complex terrain (Fig. 2a). The land use is predom-
inantly grass with scattered brush, sometimes snow covered. The
instrumentation consists of the main 30 m tower with 7 flux mea-
surement heights (1, 2, 5, 10, 15, 20 and 30 m) (Mahrt and Vick-
ers, 2005), 2 additional flux measurements stations at 2 m level

to the north of the main tower and separated by approximately
1 km from each other and the main tower, 4 two-dimensional
sonic anemometers at 1 m level with spacing less than 150 m
located about 250 m west of the main tower, and three stations
with cup anemometers at 2 m level, of which two are separated
by more than 6 km from the main tower (Fig. 2b).

SMACEX was located in central Iowa, USA over relatively
flat terrain (~10 m height difference over 10 km), over soybeans
and corn (Kustas et al.,2004). The heights of anemometers were
2 m above ground over a soybean field and 4 m above ground
over a corn field, thus trying to maintain a constant height above
the vegetation.

The shapes and sizes of the three networks differ significantly.
While the CASES99 network resembles a regular-shaped 3-point
star over a domain of 600 m across, North Park and SMACEX
are significantly larger but irregularly shaped. North Park has
the large gap between the closely spaced stations (spacing
<1.5 km), and the two distant ones (separation > 6 km). Also,
the heights of anemometers in North Park vary between 1 and 2
m. We did not attempt to correct for height-dependence, but note
that we are computing spatial correlation coefficients, which are
expected to be less dependent on height compared to dimensional
quantities.

3. Horizontal spatial scales

The spatial (temporal) autocorrelation function and its integral
over all space (time) lags, provide a measure of the governing
spatial (time) scales. In practice, this integral is usually eval-
uated up to the first zero of the autocorrelation function (e.g.
Lenschow and Stankov, 1986). This integral scale measures the
distance (time) over which the signal is correlated (e.g. Sorbjan,
1989). Computed from atmospheric data, the integral scale cor-
responds to a statistical measure without strict formal support in
that the actual flow is a complex superposition of different mo-
tions on different scales and the flow is always heterogeneous
(non-stationary) to some degree.

The spatial structure of the flow can be obtained from aircraft
measurements, though the quantity of data is normally small
compared to in situ observations. As a result of these limita-
tions, horizontal structure near the surface is often inferred from
temporal information using Taylor’s hypothesis. The latter is
generally not valid for mesoscale motions in the boundary layer
(e.g. Nakamura and Mahrt, 2005).

Here, we determine the spatial structure directly from the net-
works of data. Several different approaches for alternative esti-
mation of the length scale are now presented. In order to use data
from all of the networks in the same way, the mesoscale variation
of a variable is defined as the deviation of ten-minute averages
(subrecord averages) from its hourly average (record average).
Ten-minute subrecord averages are chosen because they corre-
spond to the slowest instrument sampling rate amongst all the
networks (see Table 1). The coordinate system is not rotated into
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Table 1. Domain size, smallest separation distance (dmin), slowest sampling rate amongst the different

instruments in the network, and the measurement period for each network

Size (km) dnin (km) Jfinin(Hz)/Tmax (min) Period
CASES99 0.6 0.1 20 Hz 01-31/10/1999
North Park 12.6 0.06 10 min 01/12/2002-31/03/2003
SMACEX 19.8 0.13 20 Hz 20/06-09/07/2002

the direction of the large-scale flow for two reasons. First, for
1 h averages, the horizontal structure of the mesoscale motion
did not depend systematically on the direction of the large-scale
flow, consistent with Hanna and Chang (1992). Mesoscale mo-
tions are less influenced by the wind direction than turbulence.
Second, the meaning of the mean wind direction over a net-
work may become ambiguous, particularly for larger networks
and weaker winds where the wind direction varies considerably
across the network.

3.1. Correlation length scale

The first determination of the horizontal length scale is based on
the dependence of the two-point correlation coefficient on the
separation distance between stations of a network. For brevity,
we define the ‘composite’ two-point correlation coefficient r,,
as the mean of the two-point correlation coefficients for the two
wind components (r, and r,), i.e. r,, = (r, + r,)/2, where:

N
Z ((pin - @i)(gajn - @/)
= = , 4

N N
Zl((pin - (7)1')2 Zl((pjn - ¢j)2

1, is the two-point correlation coefficient between stations 7 and
J» ¢ represents the u or v wind component, » is the time index,
N is the record length and the overbar denotes the time average
over the record length (nominally 1 h). The results based on 7,
are qualitatively similar to those based separately on component
two-point correlations, r,, and r,. However, for a few cases, the
correlation coefficients for the two wind components are signif-
icantly different, as discussed in the next section. The data are
well fitted by the two-scale exponential function (e.g. Haramina
and Tilgner, 2006):

R(X) =ae™™ + (1 —a)e™, 3)

where R(x) is the least-squares fit to the observed correlation
coefficients, x is the separation distance between stations, and a,
b and c are coefficients. The correlation length scale, determined
from R(x) under the assumption that it represents a good fit to
the data, is:

L—/w@dx ©)
O
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Figure 4 depicts the dependence of r,, on separation distance
for the three networks. Each point represents the value of r,,
averaged over all records for each combination of two stations.
This correlation length scale shows different values for differ-
ent networks. The correlation length scales for North Park and
SMACEX are 2.7 and 6.6 km, respectively (see also Table 2).

Figure 4 also reveals the inadequacies of current networks.
The correlation coefficient for the small CASES99 network does
not reach the e-folding distance and hence cannot be used for
determination of the length scale without questionable extrapo-
lation. CASES99 is too small for our intentions, and the rest of
this study focuses on the North Park and lowa SMACEX data.
The North Park domain is sufficiently large but suffers from a
significant gap in separation distances between 1.5 and 6 km.
Unfortunately, these scales seem to be particularly important for
assessing the horizontal length scale of the mesoscale features.
The Iowa SMACEX network has a smaller gap between 1 and 2
km and is a more homogeneous setting than the North Park site,
but contains only three weeks of data.

0©

0 5 1‘0 15 20
Separation distance (km)

Fig. 4. Composite correlation coefficient versus separation distance

between stations for the CASES99 (top), North Park (middle) and Iowa

SMACEX (bottom) networks (circles). The line denotes the two-scale

exponential fit to the data.
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Table 2. Correlation length scales (km) for the North Park and
SMACEX networks for different stabilities and wind speeds, for # and
v wind components, and #—v combined

North Park SMACEX
u v uv u v uv
All 2.4 3.1 2.7 8.0 5.3 6.6
Stable 23 2.7 2.4 11.2 6.3 8.0
Unstable 3.0 39 3.4 5.3 5.5 52
Weak winds 1.9 3.0 24 9.2 4.6 6.4
Strong winds 2.6 3.1 2.8 4.9 13.6 6.7

Stable and unstable conditions are defined in terms of the negative
and positive heat flux, respectively. Weak winds are defined as V <

1.5ms™!, and ‘stronger’ winds as V > 3 ms~!.

Table 2 shows that the correlation length scale is similar for all
conditions and for both wind components for the North Park net-
work. However, the correlation length is significantly different
for u and v components for the SMACEX domain for unknown
reasons. The difference in L between the networks may partly
be attributable to the surrounding terrain and surface features.
Vickers and Mahrt (2007) found that o, is larger for complex
terrain and forested sites, consistent with Moore et al. (1988)
and Chimonas (1999). Recall that North Park is surrounded by
mountains, while the CASES99 and Iowa SMACEX are located
over flatter terrain. The larger o, for North Park, which does not
lead to a corresponding increase of covariance between stations,
may partly explain the stronger decorrelation and consequently
the smaller correlation length scale.

Estimation of the standard error of the length scale is not pos-
sible since the length scale is determined from the fitted depen-
dence of the correlation coefficients on separation distance. The
standard error of the correlation coefficients cannot be formally
computed because the records presumably represent different
flow regimes and we are not selecting samples (realizations)
from a homogeneous population. However, the ratio o, /+/N,
can be used as a measure of variability, where o, denotes the
standard deviation of the correlation coefficient for a fixed sepa-
ration distance and N, is the number of samples. This ratio does
not exceed 5 x 1073,

3.1.1. Temporal versus spatial scales. The choice of the 1-h
record averaging time is arbitrary. As expected, the correlation
length increases with increasing record averaging time for the
North Park and SMACEX data sets (Fig. 5) (similar to Moron
et al.,2007). That is, larger record length includes a larger range
of mesoscale motions within the averaging window. The differ-
ences between the correlation scales determined from u and v in-
crease with increasing record length for the SMACEX network,
while there is no systematic dependence on record averaging
time for North Park network.

Length scale (km)

Length scale (km)

1 1 :5 2 2:5 3

Time scale (h)
Fig. 5. Correlation length scale as a function of the record averaging
time for North Park (top panel) and lowa SMACEX (bottom).

The 10-min subrecord averaging of the original data normally
filters out all of the turbulence for stable conditions, but can pass
some turbulence for unstable conditions. Ten-min subrecord av-
eraging removes some mesoscale motions on the smallest time
scales for stable conditions. Decreasing the subrecord averaging
to 1 min significantly reduces the correlation length (Table 3).
Motions between 1- and 10-min time scales reduce the coher-
ence between the stations, and shift the correlation length to
smaller scales. The correlation length is unavoidably influenced
by choice of averaging time since mesoscale motions extend over
a wide range of scales.

3.2. Angle between vectors

The angle between the wind vectors at two different stations of a
network is also dependent on the separation distance. The angle
is calculated in the usual way, using the dot product between two
vectors:

V-V,

STV T @)
[VillV;]

Ccos 9,'_,' =

where V; and V; denote 10-min averaged wind vectors at two
different stations. Since ;; is in the interval [0, ], that is, it is

Table 3. As in Table 2, except for the SMACEX 1-min data

u v uv
All 4.3 3.0 3.5
Stable 6.9 4.0 5.1
Unstable 1.9 2.1 2.0
Weak winds 5.9 3.2 4.3
Strong winds 1.6 3.7 2.2
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always positive, the mean of 6;; taken over all records describes
the systematic variation of wind direction between two stations.

For North Park, the dependence of 6,; on the separation
distance (Fig. 6) is similar to that obtained above for other
parameters. If the spatial scale is defined as the distance where
the increase of 6;; with separation distance levels off, which is
about 2 km, then it again seems to be consistent with correlation
lengths defined above. On the other hand, the scale cannot be
determined in this way for the lowa SMACEX data because the
levelling off point is not obvious (Fig. 6) and the scatter seems
too large to define a length scale by fitting the scale dependence
of eq. (7).

For weak winds, 6;; is significantly larger than for stronger
winds. This is valid for both networks and is consistent with the
fact that the mean value of 6;; represents a measure of spatial vari-
ability of wind direction, which tends to increase with decreasing
wind speed. Compared to the North Park data, the SMACEX data
generally yields smaller values of 6;;, which is consistent with
smaller values of o, for SMACEX, apparently due to the more
homogeneous terrain in SMACEX (Mabhrt, 2007).

3.3. Spatial-mean removal (SMR) technique

The above correlation length scale is defined in terms of the time
correlation between different stations. The current spatial net-
works do not allow for construction of autocorrelation based on
spatial lags, because of too few stations. Additional difficulties
in interpreting the value of the correlation length scale result
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Separation distance (km)

Separation distance (km)

from its dependence on the finite size of the data series (spatial
or temporal) and the data sampling rate (or subrecord length)
(Fig. 7). In the hypothetical case where the principal coher-
ence stems from a time scale significantly larger than the record
size (nominally one hour), then the determined length scale will
be influenced by the averaging time. The correlation length scale
determined from the two-point correlation, for a fixed separa-
tion distance, increases with increasing time (record size) over
which the correlation is evaluated (Section 3.1). Similarly, reduc-
ing the subrecord averaging time (nominally 10 min) emphasizes
smaller-scale motions and shifts the correlation length to smaller
scales.

The spatial-mean removal technique subtracts the spatial
mean for the domain from each station before computing two-
point correlation coefficients. Motions on scales much larger
than the domain size influence the original two-point correlations
partly through the time dependence of the spatial trend across the
network. Removal of the time dependent spatial mean, removes
this time dependence.

A measure of the scale dependence is examined by artificially
reducing the domain size. The largest spatial scale L captured
by each artificial domain size S is roughly predicted as L =
2S (see the Appendix). As a measure of the correlation coeffi-
cient for a given artificial domain size, we chose the maximum
correlation coefficient between the different combinations of sta-
tions, for each artificial network size, which normally (but not
always) equals the correlation coefficient at the smallest separa-
tion distance. Removing the spatial mean for different domain
sizes leads to different resulting time series at each station and,
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Fig. 7. Space and time scales related to the
calculation of the correlation length scale
and the SMR technique. In this example, the
network size is 3 km, the subrecord
averaging time is 10 min, and the record size
is 1 h. The relation between space and time
scales is illustrated for a wind speed of
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therefore, changes the correlations between stations even for the
smallest separation distance.

In this approach, the different record and subrecord averaging
time do not affect the estimated length scale, since the filtering
procedure that actually determines the scale is a spatial aver-
age. Theoretically, this approach can identify multiple dominant
spatial scales, which did not occur with the present data. The
disadvantage is that the SMR technique is not very precise, so
the results should be treated as a first approximation.

3.3.1. The SMR procedure. To summarize the SMR proce-
dure, first remove the network spatial mean at each time step
from each station:

N
(pfn) = Qin — [(/)n]Ss

and calculate correlation coefficients between the stations:

N _ —
. b (wf,f) - wf”) (‘Pﬁ-i) - ‘PES)>
v N ) WZN ) er
Z(wm - ) Z(w,n - )
n=1

n=1

®)

where réf) is the SMR correlation coefficient between stations
i and j for the artificial network size S, []Js denotes the spatial
average over the network of size S, and all other symbols are as
in eq. (4).

Choose a parameter that will measure the dependence on the
network size, say the maximum correlation coefficient amongst
the possible two station combinations. This will generally be
the two stations that are closest to each other. Next, remove the
most distant station of the network from the dataset, determine
the new size of the network and repeat the above process of
high-pass filtering (removing the mean). This may be repeated

2.5m s~!. The SMR regimes are thick
dashed.

until only the most closely spaced stations remain. When a single
abrupt change of the value of the chosen parameter occurs within
the reduced network domain, the SMR scale is determined as
twice the reduced network size (see the Appendix). Note that
the absolute value of the chosen parameter is not important—it
is only the relative change of value at different scales that matters.

3.3.2. Application to the data. For brevity, the following is
posed in terms of the combined correlation coefficient r,,. This
choice does not qualitatively influence the final results. Using
the Jowa SMACEX network as an example, the dependence of
the correlation coefficient from data (with removed spatial mean)
on the separation distance reveals smaller correlation coefficients
(Fig 8a) compared to retaining the time-dependent spatial mean
(Fig. 4). Much of the correlation between stations is due to the
time dependence of the spatial mean. As the network size is
artificially reduced and only smaller and smaller spatial scales
remain after removing the spatial mean, the correlation coeffi-
cient decreases (Fig. 8b). Figures 8b and ¢ show the dependence
of the maximum correlation coefficient on the reduced size of the
network for the North Park and SMACEX networks. The max-
imum correlation coefficient levels off with increasing network
size at about 1.3 km for the North Park network and 3 km for the
SMACEX network. Thus, the corresponding SMR length scales
are approximately 2.6 km for North Park and 6 km for SMACEX
(see Appendix), which is very close to the values obtained for
the two-point correlation length scales at 1-h record averaging
time (Table 2).

The dependence of the length scale on the record and sub-
record averaging time is shown for SMACEX in Fig. 9. While
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Fig. 8. (a) ry, from spatial-mean removed data as a function of
separation distance for the lowa SMACEX network with a reduced size
of 10 km. Maximum r,, versus reduced network size for (b) North
Park and (c) lowa SMACEX.

the values of the correlation coefficient are different for different
combinations of averaging, particularly for different subrecord
averages, the length scale remains approximately the same, sug-
gesting a degree of robustness.

Figure 10 shows the correlation coefficient for SMACEX be-
tween mesovelocity scales determined from the spatial domain:

My =/(07)" + (), ©)

where

| o — lol3, (10)

and from the temporal domain:

MV =/ ([ouls)* + ([ou]5)?, L

Tellus 60A (2008), 4

10min-1h 10min-7h
0.6
" 06 « % *
04 * *
] 0.4 *
g3z 02
£ 5 le s
0 0.2
02t ot
1min-1h 1min-7h
o 0.4 poc
02 . ¥ + £ *
* *
9 0.2 .
< 0 *
£ 3 b
o il 0
-0.2
e -
04 0.2 §
10 20 0 10 20

Network size (km) Network size (km)

Fig. 9. Maximum ry, versus network size for SMACEX. Shown are
the combinations of different subrecord (1 or 10 min) and record

averaging times (1 or 7 h).
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Fig. 10. As in Fig. 9, except shown is the correlation coefficient
between mesovelocity scales determined from spatial and temporal

domains.

where

12)

k is the index of a station in the network, Ng is the number of
stations in the reduced network, and all other symbols are as in
eq. (8). Equations (9)—-(10) compute the spatial variability of the
velocity components and then average such spatial variability
over time. Equations (11) and (12) compute the time variance at
a given point and then average such variability over space. Again,
the correlation coefficient levels off approximately where the net-
work size equals a half of the length scale (Fig. 10). This shows
that the choice of the parameter that measures the decrease of the
correlation is not crucial. This particular correlation coefficient
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Fig. 11. A schematic explaining the definition of the SMR length scale.
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Fig. 12. Maximum correlation coefficient for the sine function with
random noise versus network size. Wavelength of the sine function is
(a) 10 km, and (b) 35 km.

predicts high correlation between the spatial and temporal ve-
locity scales, which could imply stronger relation between space
and time in a sense that the flow is either more homogeneous or
the Taylor hypothesis is ‘more’ valid. For unknown reasons, the
correlation is significantly higher when the subrecord averaging
time is larger (1 min compared to 10 min) and is also larger for
smaller record averaging time.

4. Conclusions

The above analysis of data from several different networks of
surface stations indicates a definable horizontal length scale be-

yond which the spatial correlation is small. This spatial scale is
confirmed by artificially reducing the size of the network and
removing spatial means as a high-pass filtering process. Over
relatively flat farmland, this horizontal length scale is greater
(Iowa SMACEX, L ~ 6.6 km) than over a rolling basin embed-
ded within higher mountains (North Park, L ~ 2.7 km). Similar
numerical values of the correlation length scale are obtained from
different methods, suggesting a degree of robustness. However,
emergence of a robust horizontal length scale in terms of corre-
lation functions does not correspond to a well-defined spectral
maximum in wave number space.

Since the correlation between two points becomes small as
the separation distance increases and approaches the correlation
length, observations from a given point, such as a tower, are
representative of an area that is small compared to the correla-
tion length. The above results are applicable only in a statistical
sense, that is, averaged over large number of cases. The spatial
correlation varies significantly between cases.
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6. Appendix A

A.l. Derivation of the SMR length scale

Interpretation of the SMR length scale is provided by the relation
between the eddy-length scale, L, and the domain size, S. Con-
sider a series of eddies propagating over four measuring points
(Fig. 11). Also, consider the v-component of the wind vector as
an example. As the eddies travel over the observational points,
there is a high probability that points 1 and 4 will measure dif-
ferent signals. At the same time, it is highly probable that the
pairs of closest points (1-2, 2-3 and 3—4) will measure simi-
lar signals. Also, assume that a small-amplitude random noise
is superimposed on the eddy signal, so it does not significantly
influence the correlation. Since the four points do not have the
same signal due to phase shift, their mean at each moment will
not resemble any of the individual point measurements. When
this mean is subtracted from each point at each moment, the clos-
est pairs of points still have similar signal behaviour and hence
high correlation. When points 3 and 4 are removed from consid-
eration, which corresponds to reducing the network size in the
SMR method, the mean over the two remaining points is similar
to the signals at both points. Subtraction of this mean from the
two points now leaves almost only random noise at each point,
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and hence low correlation. Therefore, there is a transition from
high to low correlation between the nearest points at roughly S =
D/2, where D is the eddy diameter and S is again the ‘network’
size, so it follows that L = D ~ 28§.

A.2. Ideal case test

In order to evaluate the SMR technique, we constructed a wave-
like sinusoidal signal with superimposed random noise. The ‘net-
work’ is one-dimensional with 250 stations separated by 200 m.
The period is fixed at 200 min, with specified wavelengths of 10
and 35 km. The correlation coefficients level off at about 5 and
17 km (Fig. 12), which indeed correspond to the halves of the
two wavelengths, i.e. the eddy length scales.
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