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Abstract Spatial variability in the exchange of energy and moisture is a key control on
numerous atmospheric, hydrologic, and environmental processes. Using observations made
on fair weather days during the 2002 International H2O Project, four methods for quanti-
fying the spatial variability of surface fluxes are investigated. The first two methods utilize
applied statistical techniques to describe the spatial variability of the surface fluxes, while the
third method is a geostatistical technique rooted in variography. Typically, the methods yield
similar results, with median values of horizontal variability consistent to within 5%. The
geostatistical technique, however, provides much more information than the other statistical
methods; it not only provides an estimate of the spatial variability, but also provides estimates
of the total variability, the non-spatial variability due to measurement error, and the range
of spatial correlation among the data points. The fourth method is based on the relationship
between the components of the surface energy budget. This method describes the variability
in the fluxes in terms of the slope of the best-fit line relating the time-averaged latent and
sensible heat fluxes from different locations along the flight path. The meaning of the slopes
can also be interpreted in terms of the spatial variability in the available energy. For four of
the five days analyzed, the key control on the spatial variability in the turbulent heat fluxes
was horizontal variability in the soil heat flux. In turn, the soil heat flux varied as a function of
surface properties including surface temperature, soil moisture content, and leaf area index.
On the remaining day, 25 May, the primary control was the variability in net radiation.
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324 J. G. Alfieri et al.

1 Introduction

Land-surface characteristics exert an important control on the exchange of energy and
moisture between the land surface and atmosphere, and on the partitioning of the surface
energy budget. For example, surface characteristics such as the type, distribution, and den-
sity of vegetation affect albedo and the emission of longwave radiation (McPherson 2007).
Dense transpiring vegetation also tends to reduce the soil (G) and sensible (H ) heat fluxes
by preferentially partitioning energy into the latent heat flux (λE ; Segal et al. 1988).

Due to their influence on land-atmosphere exchange processes, land-surface characteris-
tics also exert control over numerous atmospheric, hydrologic, and environmental processes.
For example, variations in land cover affect the evolution of the boundary layer (Santanello et
al. 2007), while the distribution of vegetation and soil moisture influences the development of
local circulations (Anthes 1984; Raddatz 2007) and precipitation (Pielke 2001; Pielke et al.
2007) patterns. Variations in surface exchange processes have also been tied to the degree of
precipitation recycling (Raddatz 2005) and changes in the diurnal temperature range (Durre
and Wallace 2001).

In order to investigate many surface exchange processes, it is necessary to collect mea-
surements of surface fluxes and the factors controlling them across large
areas. This is often accomplished using airborne observations (e.g. Sellers et al. 1995;
Oncley et al. 1997; Song and Wesley 2003; Stassberg et al. 2008). Accurately describ-
ing the spatial variability in the airborne measurements of surface fluxes is an important
prerequisite for using such data to investigate subsequent environmental processes such
as the evolution of the boundary layer. However, obtaining a sufficient sample to char-
acterize the variability of airborne observations can be challenging (Mann and Lenschow
1994).

Using observations made as a part of the 2002 International H2O Project (IHOP_2002;
Weckworth et al. 2004; LeMone et al. 2007b), three statistical methods for quantifying the
spatial variability of airborne observations of surface fluxes were investigated. The first of
these methods defines the variability in terms of the spatial standard deviation of the flux
measurements; the second estimates the spatial variability as the asymptotic value of a rela-
tion between the spatial standard deviation of the airborne flux measurements to the number
of flight legs, i.e. passes along the flight track (Mahrt et al. 2001); the third method uses a
geostatistical technique to estimate the spatial standard deviation of the airborne surface-flux
measurements. While the geostatistical method has been used in a number of other fields—for
example, remote sensing (Garrigues et al. 2006)—one of our objectives is to test its applica-
bility to airborne surface-flux measurements. Moreover, because the method is statistically
robust and straightforward to implement, it may prove to be a valuable method not only
to quantify the spatial variability in airborne flux measurements, but also to explore those
measurements statistically.

The fourth method for describing the spatial variability of surface-flux estimates is rooted
in the relationship described by the surface energy balance. This method builds on the tech-
nique developed by LeMone et al. (2003, 2007a) that uses the slope of the best-fit line relating
the horizontally distributed estimates of λE to estimates of H in order to explore the inter-
relationships between the surface fluxes. This analysis method has been extended to include
the slope of the available energy (A), i.e. the sum of the turbulent fluxes, as a function of
H . The study takes advantage of this method, as well as data collected at the IHOP_2002
surface sites, to identify the potential causes of the variability observed in the airborne flux
estimates.
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Quantifying the Spatial Variability of Surface Fluxes 325

The following section provides a brief overview of the IHOP_2002 field campaign and
describes the data used herein. The third section describes the analysis methods, while Sec-
tion 4 discusses the results. Finally, the conclusions are presented in Section 5.

2 Site and Data Description

2.1 2002 International H2O Project

Although a full description of the IHOP_2002 field campaign can be found elsewhere (e.g.
Weckworth et al. 2004; LeMone et al. 2007b), a brief summary of IHOP_2002 is pro-
vided here. IHOP_2002 was a multi-agency field campaign conducted from 13 May to 25
June 2002 in the southern Great Plains of the U.S.A., specifically, in portions of Kansas,
Oklahoma, and Texas (Fig. 1). The research domain incorporated a broad range of environ-
mental conditions. For example, a strong east-west precipitation gradient existed across the
domain, with the semi-arid western portion of the domain experiencing severe drought and the
climatologically moist eastern portion of the domain, which was located in the Walnut River
Watershed, experiencing a water surplus. The elevation decreased by approximately 520 m,
from 870 m in the western portion of the domain to approximately 350 m in the east. The
research domain also represented a broad range of land cover types, from bare ground and
cropland (primarily winter wheat) to grassland and sagebrush rangeland.

2.2 Surface Data

A complete description of the surface data from the IHOP_2002 field campaign, including
the instrumentation and post-processing methods, can be found in LeMone et al. (2007b) and
at http://www.ral.ucar.edu/research/land/observations/ihop.php. A brief overview is given
here. Surface data including meteorological, radiometric, energy flux, soil and surface prop-
erties were collected at 10 surface sites distributed across the IHOP_2002 domain (Fig. 1).
The meteorological data collected at the surface sites included air temperature (Ta), mix-
ing ratio (q), wind speed (U ), and turbulent fluxes H and λE , with the fluxes obtained
using the eddy-covariance method. With the exception of wind speed, which was mea-
sured at 10 m, all of these variables were measured at a height of 2 m above ground level.

Fig. 1 The locations of each of the IHOP_2002 surface sites and their associated flight tracks are shown
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326 J. G. Alfieri et al.

Table 1 IHOP_2002 flights
considered in this analysis

Date Track No. flight legs
at 60–70 m agl

Cloud cover

25 May 2002 Western 10 Clear

29 May 2002 Western 5 Scattered

30 May 2002 Eastern 8 Clear

31 May 2002 Central 7 Nearly clear

22 June 2002 Eastern 10 Nearly clear

Site measurements also included radiometric data including incident solar radiation (K↓),
incident longwave radiation (L↓), net radiation (Rn), and surface temperature (Ts f c); soil
data included the soil heat flux (G), volumetric soil moisture content (θ ), and soil tem-
perature (Tsoil ), all measured at a depth of 0.05 m. The meteorological and soil data were
collected as 5-min block averages that were post-processed using a standard suite of correc-
tions including a coordinate rotation (Wilczak et al. 2001) and the density correction (Webb
et al. 1980) and aggregated to 30-min block averages. Finally, surface conditions were char-
acterized approximately every 10 days using measurements of normalized difference veg-
etation index (NDVI), greenness fraction (Fg), and leaf area index (LAI). The greenness
fraction was determined following Gutman and Ignatov (1997) using the constants for min-
imum and maximum NDVI derived for the IHOP_2002 domain reported in Alfieri et al.
(2007).

2.3 Airborne Observations

The aircraft data used in this study were collected during five fair-weather days during the
IHOP_2002 field campaign (Table 1) using the University of Wyoming King Air aircraft.
Data were collected along 5–10 straight-and-level flight legs at 60–70 m above the surface
and along one of three 45–60 km flight tracks (Fig. 1). Further information can be found in
LeMone et al. (2007b) and at http://flights.uwyo.edu.

The turbulent fluxes, H and λE , were estimated from the fluctuations in the vertical
wind speed (w′), potential temperature (�′) and mixing ratio (q ′) relative to their respec-
tive linear trends for the whole of the flight track after truncation to ensure that all of the
flight legs had the same endpoints. Using the fluctuations relative to the linear trend of the
entire flight track is necessary to account for large-scale eddies when calculating the fluxes
from the products w′�′ and w′q ′. The products were averaged as a 4-km running average
with a 1-km interval. The overlapping 4-km means were then averaged in time to obtain
the grand-average leg. Except for truncating the flight legs to ensure averages at the same
points, this procedure is identical to that described in LeMone et al. (2003, 2007a). These
flux estimates were extrapolated to the surface assuming a linear flux profile, as in LeMone
et al. (2008).

Additionally, radiometric fluxes, including both incident and upwelling shortwave radia-
tion (K↑) and incident and upwelling longwave radiation (L↑), and surface properties such
as Ts f c, NDVI, and albedo (α), were estimated from the airborne measurements. In addition,
Rn along the flight track was estimated using the four-component radiation measurements
as follows:

Rn = K ↓ −K ↑ +L ↓ −L ↑ . (1)
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Quantifying the Spatial Variability of Surface Fluxes 327

3 Methodology

3.1 Statistical Analysis Methods

The spatial analysis combines three methods: the first method that quantifies spatial vari-
ability simply calculates the spatial standard deviation and mean using the grand-average
data. The second method extends the spatial statistical technique proposed by Mahrt et al.
(2001), and defines the spatial variability as the asymptotic value of the standard deviation
of the observations along the flight track as the number of samples (flight legs) included
is increased. The third method utilizes the geostatistical concept of variography to estimate
not only the spatial variability, but also the non-spatial variability (i.e. measurement error),
spatial mean, and practical range of spatial correlation among the measurement points.

3.1.1 Asymptotic Method

Extending the technique of Mahrt et al. (2001), for a flight consisting of a series of N flight
legs (yt ), each corresponding to a time t and having j co-located measurements along the
flight path, the temporal variability in the observations is calculated in five steps. The first
step is to produce nk mean flight legs

(
ȳkm

)
by averaging together all nk possible combi-

nations of k flight legs. The spatial standard deviation
(
σkm

)
of each ȳkm is then taken and

the average spatial standard deviation (σ̄k) is computed. Finally, σ̄k is plotted as a function
of k yielding a curve that asymptotes to a constant value (σasym) indicative of the degree of
spatial variability within the observed data. The data are then fitted to an exponential decay
function of the form

σk,l = σasym + ae−bk (2)

where σasym, a and b are fitted constants. The fitted value of σasym is then taken to be the
spatial variability along the flight path. Because the data rarely show a clear asymptote, the
curve fitting step provides a more accurate estimate of the asymptote than determining it
subjectively.

In addition to the curve-fitting step, this method differs from that described by Mahrt et al.
(2001) by considering all possible combinations of flight legs when generating the asymp-
totic curve. The method described earlier adds flight legs via serial additions to the number
of flight legs; i.e., it considers the first flight leg, then the average of the first two flight legs,
then the average of the first three flight legs, and so on until all of the flight legs are averaged
together. As illustrated by Fig. 2, which compares the Mahrt et al. (2001) technique to the
extended version just described, including all possible combinations of flight legs in each
average leads to a smoother convergence towards a stable estimate of the spatial variability.

3.1.2 Geostatistical Method

Variography is a well-established geostatistical technique that is accepted across a broad
range of fields ranging from mining and agriculture to hydrology and ecology. For exam-
ple, variography has been used in analyzing satellite data (e.g. Woodcock et al. 1988a,b;
Garrigues et al. 2006; Tarnavsky et al. 2008), to investigate geological processes (Chappell
et al. 2003; Sertel et al. 2007), and to enhance agriculture and silviculture (Ersahin 2001; Kint
et al. 2003). Nonetheless, its use in the atmospheric sciences has been limited. To the authors’
knowledge, this is the first time the technique has been applied to airborne observations in
order to quantify spatial variability.
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328 J. G. Alfieri et al.

Fig. 2 The values of σk derived from the aircraft measurements of the (a) sensible and (b) latent heat fluxes
collected during the 29 May 2002 flight are shown for the technique described by Mahrt et al. (2001) and the
extended method. Both the best fit exponential decay curves associated with each method and the asymptotic
values (σasym ) representing the spatial variability estimated using the exponential decay function for extended
method are also shown

Variography is built on the regionalized variable theory that treats the spatial data as one
realization of some underlying spatial process (Cressie 1993) with a second-order stationa-
rity. That is, the underlying process has a constant mean and covariance that depends only
on the lag distance (h) between points (Schabenberger and Gotway 2005). Under these con-
ditions, the degree of relationship or correlation between the observation locations can be
determined as the semivariance (γ ), which is defined as a function of h according to

γ (h) = τ 2 + σ 2 [1 − C (h)] (3)

where τ 2 is the non-spatial variance, σ 2 is the spatial variance and C(h) is a valid
covariance function. A valid covariance function is positive definite and fulfils the assump-
tion of spatial continuity, i.e. proximal locations are more strongly related than more distant
ones (Isaaks and Srivastava 1989).

To illustrate this method, consider the simulated data used to create Fig. 3. The simulated
data were generated be selecting 50 random points from a normal distribution with a mean
of 100 and variance defined using the Gaussian covariance function with maximum variance
(σ 2) of 10 and a range of 2. The fitted variogram estimates the mean of the data (β) as 99.37,
the non-spatial variance (τ 2) as 0, the spatial variance (σ 2) as 9.91, and range (φ) as 2.09.

In practice γ is estimated following a three-step process. First, the semivariance is
calculated for all possible combinations of observations and presented as a scatter plot to
produce a semivariogram cloud (Fig. 3a), via

γ (h) = 1

2 |N (h)|
∑

N (H)

[z(u) − z(u + h)]2 (4)
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Quantifying the Spatial Variability of Surface Fluxes 329

Fig. 3 The semivariogram cloud (a), empirical semivariogram (b), and fitted semivariogram (c) are shown for
the simulated data (d). Note that, while only distances less than 25 km are used when fitting the semivariogram,
the complete dataset is shown

where z is a variable, and |N (h)| is the number of paired points for lag distance h along
the flight track. These values are then bin-averaged as a function of the separation distance
between the locations of the pair of observations. This produces an empirical semivario-
gram (Fig. 3b). Finally, the semivariogram function is determined by fitting the empirical
semivariogram to an appropriate model using the restricted maximum likelihood method
(Fig. 3c). For this step, only distances less than or equal to one-half of the maximum lag
distance are used because the number of points contained within each bin decreases with
increasing lag distance. As a result, the number of points may not be sufficient to provide
statistically meaningful results when the lag distance is large. Restricted maximum likeli-
hood is well known to outperform the ordinary least-squares method in that it has superior
predictive performance as measured by the mean squared error (Zimmerman and Zimmer-
man 1991; Zhang 2004; Zhang and Zimmerman 2007). Maximum likelihood estimators
are generally more efficient (i.e., having smaller variances) than the least-squares-based
methods (Zimmerman and Zimmerman 1991), particularly when the sample size is small
(Diggle et al. 2003).

The resulting curve (shown as an idealized curve in Fig. 4) allows one to estimate the
spatial variance (σ 2

V ), the non-spatial variance (τ 2), the total variance (σ 2
V +τ 2; referred to as

σ 2
tot hereafter), and the range of spatial correlation (φ) of the data. The non-spatial variance

represents all the non-spatial variability, including the uncertainty in local values due to a
small sample size or measurement error. For example, in the field of geology, error is intro-
duced in the measurements of features in sediments by the size of the component particles;
hence the non-spatial variance is often called the “nugget effect.”
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Fig. 4 An idealized semivariogram curve showing the total variance
(
σ 2

tot = τ2 + σ 2
V

)
, spatial variance

(
σ 2

V

)
, nonspatial variance

(
τ2

)
, and practical range of spatial correlation (φ)

Because preliminary analysis showed it to produce the best fit of the experimental semi-
variograms, the Matern (1986) family of covariance functions was used as the model to fit
the experimental semivariogram in this study. These functions are defined as

C (h) = σ 2 2


 (ν)

(
φh

2

)ν

Kν (φh) (5)

with Kν , the Bessel function of the second kind, defined as

Kν (φh) = 
 (ν)

2

(
φh

2

)−ν

(6)

where σ 2 is the total variance, ν defines the order of the Bessel function, and φ defines the
range of spatial correlation of the data (Schabenberger and Gotway 2005). Two special cases
of this class of covariance functions are the exponential covariance function (ν = 0.5) and
the Gaussian covariance function (ν = ∞).

The geostatistical method is also useful because it can be used to easily identify points
that do not fulfil the underlying assumption of stationarity, i.e. the variance does not increase
with distance between the points or the mean at a given point differs markedly from the
mean of the other measurement points. The variogram cloud of such datasets often exhibits
a multimodal distribution that can be used to identify the nonstationary points for further
analyses. Due to its periodic behaviour, which is often the reason that the assumption of
stationarity is violated, the variogram cloud of a sine wave has a multimodal distribution.
Nonetheless, the geostatistical method reasonably estimates the variance. For example, the
sinusoidal function

y = 100 + √
20 sin

(
2πx

25

)
, (7)
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Table 2 The relationship
between λE , H and A for slopes
(m) in different ranges. For
simplicity, the relationships given
assume that H is not negative

Slope λE H A

for m < −1 λE < 0 |λE | > H A < 0

for m = −1 λE < 0 |λE | = H A = 0

for −1 < m < 0 λE < 0 |λE | < H A > 0

for m = 0 λE = 0 λE < H A = H > 0

for 0 < m < 1 λE > 0 λE < H A > 0

for m = 1 λE > 0 λE = H A = 2H > 0

for m > 1 λE > 0 λE > H A > 0

which has a mean of 100 and a spatial variability of 3.16, has a mean of 99.07 and a spa-
tial variability of 2.91 when described by the fitted variogram determined using a 50-point
sample.

3.2 Slope Analysis

The slope-analysis method developed by e.g. LeMone et al. (2003, 2007a) uses the slope
(λE/H) of the best-fit line of a plot of the time-averaged λE as a function of the time-
averaged H at different points along the flight track to describe variability in the surface
energy fluxes. The slope technique derives from the surface energy budget,

Rn = H + λE − G (8)

From eq. 8, the slope (m) of a plot of λE as a function of H for points along the flight track
is an indicator of the horizontal variability in the partition of the turbulent fluxes λE and
H , and in A averaged over the time the data were collected. For a constant A, such a plot
must have a slope of −1; all other slopes indicate horizontal variability in A. It can be seen
from the surface energy balance equation that in order for the slope to have a given value,
the changes in H, λE , and A must fulfil specific conditions (Table 2).

3.3 Estimation of the Soil Heat Flux and Available Energy

The initial estimates of G were calculated as the residual of the surface energy budget.
Because of this, any error in the measurements of the other components of the surface energy
budget are propagated into the estimates of G. In an effort to understand the degree of error
introduced into the estimate of G, a test for the propagation of errors was conducted. Fortu-
nately, the non-spatial variance (τ 2) from the geostatistical technique represents the variance
of the measurements due to measurement error. As such, τ can be thought of as the stan-
dard deviation of the measurements and the maximum error can be estimated as 1.96τ . The
maximum error in the estimates of G(G) can then be calculated as

G = 3.92
√

τ 2
Rn

+ τ 2
H + τ 2

λE (9)

where τRn , τH , and τλE are the standard deviations of the non-spatial component associated
with Rn , H , and λE , respectively. (The additional factor of 2 included in Eq. 9 is necessary
in this case because the 4-km data result in oversampling; this is discussed further below.)
Excluding the data from 29 May, the maximum error ranged from approximately 50 W m−2

on 25 May to a maximum of 88 W m−2 on 31 May. Due to the greater uncertainty in λE on
29 May, the maximum error was nearly 190 W m−2.
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Table 3 Summary of the variance (bold) and covariance of the components of both the surface energy and
radiation budgets (units of W2 m−4)

Surface Energy Budget Radiation Budget 

Rn H E Ĝ Â Rn K K L L

25 May 
Rn 182 15.8 128 236 54.5 Rn 182 60.2 102 5.93 34.9 
H 984 443 557 541 K 71.4 5.06 3.27 10.6 
E 1870 1005 877 K 127 0.11 11.4 

Ĝ 829 592 L 1.04 3.57 

Â 538 L 59.4 
29 May 

Rn 627 567 1277 153 475 Rn 627 387 3.49 69.2 277
H 1021 1835 247 813 K 402 133 44.0 162
E 11577 924 2201 K 135 8.23 23.4 

Ĝ 392 240 L 11.3 41.9 

Â 714 L 171
30 May 

Rn 67.6 31.5 48.6 103 35.1 Rn 67.6 57.9 14.7 3.55 9.53 
H 127.3 283 188 156 K 70.0 0.39 7.93 19.0 
E 3412 860 811 K 19.1 2.12 0.74 

Ĝ 407 304 L 6.01 7.94 

Â 270 L 17.0 
31 May 

Rn 50.8 5.82 8.61 49.1 1.69 Rn 50.8 0.16 36.3 3.64 5.97 
H 552 410 135 141 K 11.3 7.98 -6.20 4.78 
E 2029 179 188 K 43.1 5.96 5.10 

Ĝ 87.4 38.2 L 6.68 3.29 

Â 40.0 L 8.73 
22 June 

Rn 99.7 17.1 40.7 92.7 7.03 Rn 99.7 90.1 18.3 2.87 21.5 
H 412 554 126 143 K 123 26.9 3.30 1.66 
E 2379 253 293 K 23.9 2.90 17.0 

Ĝ 142 48.8 L 6.82 11.4 

Â 55.9 L 35.4 

Given the degree of uncertainty propagated into the estimates of G, both H and λE were
recalculated by adjusting H and λE to the best-fit line, with the ratio of adjustment to both
fluxes (δλE : δH ) constrained by the ratio of uncertainty in the measurements (τλE : τH ).
Building on evidence in LeMone et al. (2008) that the departure of the individual points
from the best-fit line relating H and λE is due to random variations, the re-calculation of
H and λE minimizes the total error. For example, on 22 June, the total variability, as mea-
sured via the standard deviation, in the adjusted estimate of H(Ĥ) increased slightly from

20.3 W m−2 to 21.5 W m−2 while the total variability in λE
(
λÊ

)
decreased from 48.8 W m−2

to 29.0 W m−2. The adjusted estimates are then used to calculate an estimate of G(Ĝ) as a
residual as follows

Ĝ = Rn − Ĥ − λÊ . (10)

The available energy ( Â) was estimated as the sum of Ĥ and λÊ ; the variances and covari-
ances associated with these estimates, as well as the other components of the surface energy
and radiation budgets, are given in Table 3.
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3.4 Analysis of Surface Data

The soil heat flux term, G, can expressed as

G = Ksoil
∂T

∂z
e−2L AI ∼= Ksoil

Ts f c − Tsoilz

z
e−2L AI (11)

where Ksoil is the thermal conductivity of the soil, Tsoilz is the temperature of the soil at
some depth, z, and LAI is the leaf area index. The term e−2L AI accounts for the presence of
the vegetation (Peters-Lidard et al. 1998). Both Ksoil and the temperature gradient (T /z)
are influenced by θ with Ksoil increasing with increasing θ and T /z decreasing with
increasing θ . As a result, the effects of θ partially compensate for one another, thereby reduc-
ing the overall impact of θ on G (Small and Kurc 2003). The presence of vegetation also
influences G, through surface shading and insulation, which reduces Ts f c and thus T /z.
It has been suggested that Ts f c is linearly related to the normalized difference vegetation
index (Goetz 1997); however, the relationship is complicated by numerous interconnected
environmental factors such as soil thermal properties, near-surface atmospheric turbulence,
and surface evaporation (Sandholt et al. 2002).

In an effort to better understand the factors controlling G, a multiple linear regression
analysis was conducted using surface data collected during fair weather days. Specifically,
G was regressed against Ts f c, LAI, θ , and Rn . By standardizing these variables, i.e. rescal-
ing them to range between zero and one, prior to conducting the regression, it is possible
to eliminate the effects of scale and use the regression coefficients to estimate the relative
influence of each of the predictor variables on G (Alfieri et al. 2007). The relative influence
is expressed as a percentage and is defined as

Ii = 100
|βi |∑ ∣∣β j

∣∣ (12)

where Ii is the relative influence of the i th variable, βi is the coefficient associated with the i th
variable, and

∑ ∣∣β j
∣∣ is the sum of the absolute values of all of the coefficients. The variable

Tsoil was not considered in the regression analysis because preliminary analysis showed that
it exhibited substantial multi-collinearity with both Ts f c and θ . The results of this analysis
are summarized in Table 4.

Table 4 Summary of the relative
influence analysis conducted on
the measurements of G at each
surface site over the duration of
the IHOP_2002 field campaign

Site Percent Percent relative influence
variance
explained Rn Ts f c LAI θ

1 39.1 16.5 66.6 – 16.9

2 57.3 6.7 37.3 53.5 2.5

3 72.2 6.5 6.2 45.3 42.0

4 43.8 37.1 20.3 19.9 22.7

5 51.4 6.1 45.2 25.3 23.4

6 63.3 5.9 37.5 39.7 16.9

7 71.9 3.7 28.9 59.4 8.0

8 63.9 1.3 6.1 68.5 24.1

9 70.8 5.1 13.0 43.3 38.6
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Table 5 Summary of the results
of variability estimates from the
three analysis methods. The
quantities associated with the
geostatistical are shown in Fig. 4
(units in W m−2 except φ in km)

Date Flux σG A σasym τ σV σtot φ

W m−2 W m−2 W m−2 W m−2 W m−2 km

25 May H 31.4 32.3 8.9 32.7 33.9 2.87

λE 43.2 44.5 8.9 51.2 52.0 3.50

29 May H 32.0 31.7 6.7 30.2 30.9 4.22

λE 108 99.7 47.8 102 112 3.14

30 May H 11.3 11.4 3.6 12.9 13.4 4.00

λE 58.4 58.0 18.5 64.1 66.7 3.89

31 May H 23.5 23.6 4.8 25.6 26.0 3.36

λE 45.0 44.6 22.0 41.5 47.0 2.83

22 June H 20.3 20.5 3.3 20.4 20.7 4.04

λE 48.8 50.4 14.1 49.7 51.7 3.11

4 Results

4.1 Comparison of Statistical Methods

A comparison of the results from the statistical methods shows that all three yield similar
results. The estimates of spatial variability from the three methods were typically within 5% of
the mean value and differed by no more than 11% (Table 5). For example, the estimates for the
spatial variability in H on 25 May were 31.4 W m−2, 32.3 W m−2, and 32.7 W m−2for σG A,
σasym , and σV , respectively. The mean value for the estimates on this day was 32.1 W m−2.
The lowest value, which was associated with σG A, was 2.3% less than the mean while the
highest estimate, which is associated with the geospatial method, was 1.8% greater than the
mean.

The uncertainty of the measurements as determined by using both the standard error (SE)
calculated using the method outlined in LeMone et al. (2003) and the method described
by Mann and Lenschow (1994) was compared to the non-spatial variability (τ ) estimates
from the geospatial method. Allowing for some scatter, SE and the Mann and Lenschow
(1994) methods yielded similar results (Table 6), though both methods yield estimates that
are greater than τ .

Much of the discrepancy is due to the previously-mentioned factor-of-two underestimate
of τ . This factor-of-two difference reflects the fact that the sample size is artificially inflated
by the overlapping 4-km averages with an interval length of 1 km. To illustrate this, a geosta-
tistical analysis was conducted using four sets of 4-km block-averaged data generated from
the 1-km data for 25 May, and each set of block averages was offset from the previous set
by 1 km. The average value of τ associated with H for the four sets of block-averaged data
(17.2 W m−2) was approximately twice that obtained from the analysis of the 4-km running
average (8.9 W m−2). Similarly, the average value of τ associated with λE for the four sets
of block-averaged data (23.7 W m−2) was significantly greater than the value from the 4-km
running average data (8.9 W m−2). Additionally, this discrepancy may be due, in part, to the
fact that SE incorporates both the non-spatial variability and the temporal variability among
the flight legs that contribute to the grand-average leg.

On two days it was found that the semivariogram cloud had a multimodal distribution (e.g.
Fig. 5a). Using the geostatistical method, the points associated with secondary modes can be
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Table 6 Comparisons of the
non-spatial variability, τ , and the
uncertainty for overlapping 4-km
averaged fluxes as estimated by
the standard error and the Mann
and Lenschow (1994) method.
Note that τ should be greater by a
factor of 2 because the sample
size is artificially inflated by a
factor of four by using the 4-km
running mean average data (units
in W m−2)

Date No. Legs Flux τ SE M & L
W m−2 W m−2 W m−2

25 May 10 H 8.9 23 27

λE 8.9 30 38

29 May 5 H 6.7 23 16

λE 48 97 123

30 May 8 H 3.6 9.1 6.3

λE 19 72 48

31 May 7 H 4.8 9.8 10

λE 22 63 52

22 June 10 H 3.3 11 8.0

λE 14 65 47

Fig. 5 The semivariogram for the sensible heat flux measurements on 22 June before (a) and after (b) points
leading to nonstationarity are removed. Those points are identified in the plot of the measured flux (c)

identified and isolated for further analysis to ascertain whether the multimodal distribution
is due to periodicity in the data or some other nonstationary effect. For example, in the
case of the 22 June measurements of H , a subset of four measurements is the cause of the
multimodal distribution (Fig. 5c). This subset of points with locations centred on longitude
−98.87◦ contained measurements over wheat stubble. Unlike much of the flight track, this
area had been planted with winter wheat that had been harvested prior to the 22 June flight.
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Table 7 Summary of the geostatistical analyses of the spatial variability using the full and parsed datasets
(units in W m−2 except φ in km)

Data Flux Omitted
points

Full dataset Parsed dataset

τ σV σ φ τ σV σ φ

W m−2 W m−2 W m−2 km W m−2 W m−2 W m−2 km

30 May λE 39–40 18.5 64.1 66.7 3.89 19.5 56.3 59.6 3.73

22 June H 7–10 3.30 20.4 20.7 4.04 3.32 18.0 18.3 3.97

λE 8–11 14.1 49.7 51.7 3.11 13.9 42.1 44.3 2.97

Fig. 6 The empirical and fitted semivariograms associated with the sensible heat flux measurements on 22
June are shown

The absence of vegetation in this area resulted in a greater mean H (lower mean λE) than
the surrounding area.

By eliminating such points, a monomodal semivariogram cloud is produced (Fig. 5b),
albeit with somewhat different characteristics than when the full dataset is used (Table 7). A
comparison of the empirical and fitted semivariograms (Fig. 6) shows many of the traits that
are expected; while the spatial variability is decreased, the non-spatial variability and range
of spatial correlation are little changed. For example, removing the nonstationary points from
the 22 June H data reduces σV from 20.1 W m−2 to 17.7 W m−2. The non-spatial variability
(τ ) decreases only by 0.02 W m−2 and the range of spatial correlation decreases by only
0.08 km.

4.2 Analysis of Airborne Data

The slopes of the plots of λE against H range between (Table 8) −0.45 and −2.22. In agree-
ment with expectations that A/H = λE/H + 1, this range of slopes corresponds to
a range of slopes of the plots of Â against H between 0.55 and −1.22; the y-intercepts of
these plots are also equal. Furthermore, the range in  Â agrees with expectations in that it

123



Quantifying the Spatial Variability of Surface Fluxes 337

Table 8 Summary of the slope analysis is given for plots of λE and Â as a function H

Flight date λE/H  Â/H 

m b r m b r H λE Â
W m−2 W m−2 W m−2 W m−2 W m−2

25 May −0.450 222 −0.327 0.550 222 0.389 140 −62.9 76.8

29 May −1.80 583 −0.534 −0.797 583 −0.270 120 −215 −96.0

30 May −2.22 648 −0.430 −1.22 648 −0.254 43.8 −97.6 −53.8

31 May −0.745 451 −0.388 0.255 451 0.143 102 −75.9 26.0

22 June −1.35 552 −0.561 −0.347 552 −0.172 78.9 −106 −27.1

The changes in λE , Â, and H are determined from the best-fit line

ranges from 76.8 W m−2 to −96.0 W m−2. To understand such relationships, it is necessary
to investigate data for each day individually.

4.2.1 Flight on 25 May

The slope for this day was −0.450 with Â increasing by 76.8 W m−2 with increasing H
along the best-fit line. The variabilities (σG A) for this flight were 13.5 W m−2, 28.8 W m−2,
and 23.2 m−2, respectively, for Rn , Ĝ, and Â (Table 3 shows the variances). This, along with
the larger covariance between Ĝ and Â (−592 W m−2) compared to that between Rn and Â,
(−54.5) suggests that variations in Â were due primarily to changes in Ĝ with Rn playing
a secondary role. The high coefficient of determination (r2) between Ĝ and Â(r2 = 0.788)
further reaffirms this assessment. From Table 3, it can also be seen that the small amount of
remaining variability associated with Rn is most closely tied to variations in K↑ and thus α.

4.2.2 Flight on 29 May

For the best-fit line relating H and λE , the slope for the flight along the Western Track
on this day was −1.80 with decreases in λE and Â of 215 W m−2 and 96 W m−2, respectively,
as H increases along the best-fit line. In this case, however, the variances and covariances
in Table 3 show that Rn is the key control on Â, as can also be seen by comparing the coef-
ficients of determination; r2 between Rn and Â is 0.503 and r2 between Ĝ and Â is 0.205.
Much of the variability in Rn resulted from cloud cover along the northern part of the flight
track. After eliminating these points, the slope changes to −1.30 and the range in H, λE , and
Â become 120 W m−2, 156 W m−2, and 36 W m−2 along the best-fit line. When the points
along the northern part of the flight track were eliminated, the variability in Â is much more
strongly linked to variations in Ĝ.

4.2.3 Flight on 30 May

The flight along the Eastern Track on this day had the steepest slope, −2.22, corresponding
to a change in H , λE , and Â of 43.8 W m−2, −97.6 W m−2, and −53.8 W m−2, respectively,
along the best-fit line. Perhaps not surprisingly, given the lack of variation in Rn seen along
this flight track (the variability in Rn , as measured by the standard deviation, for this flight
was 8.1 W m−2), the variability in Â is most strongly linked to Ĝ (Table 3). The coefficient
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of determination between Ĝ and Â is 0.845, and in contrast, r2 between Rn and Â is 0.068.
Indeed, over this fully vegetated region, the variation in Rn is only one-half to one-third that
seen over the Western Track and is due mainly to variations in K↓ as opposed to variations
in K↑ (Table 3).

4.2.4 Flight on 31 May

The slope of the best-fit line relating H with λE for the 31 May flight along the Central Track
was −0.745, corresponding to a decrease in λE of 75.9 W m−2 with increasing H along the
best-fit line. Also, as expected, Â increased by 26.0 W m−2 with increasing H . Based on the
statistical analysis in Table 3, the variability in Â is again tied to Ĝ with Rn having only a
minimal effect. The strength of the linkage is, however, weaker than on 25 May and 30 May.
For 30 May, r2 between Ĝ and Â is 0.420 while it is 0.001 between Rn and Â.

4.2.5 Flight on 22 June

The 22 June flight along the Eastern Track had a slope of −1.35, corresponding to decreases
in λE of 206 W m−2 and Â of 27.1 W m−2 with an increase in H of 78.9 W m−2 along the
best-fit line. Based on a comparison of the variances and covariances in Table 3, the cause of
the variation in Â is unclear. The variability of Ĝ, Â, and Rn was 11.9 W m−2, 7.47 W m−2,
and 9.98 W m−2, respectively. A comparison of r2, however, suggests a stronger linkage
between Â and Ĝ (0.440) than Â and Rn (0.008).

4.3 Analysis of the Surface Data

Given the importance of G in regulating A and thus the spatial variability of the turbulent
fluxes, a further analysis of the factors controlling G along each of the flight tracks was
conducted using the surface data collected during IHOP_2002 on all clear sky days. The
analysis used standardized variables to estimate the relative influence of Ts f c, LAI, θ , and
Rn on the variability in G.

As can be seen in Table 4, the predictor variables used in this analysis accounted for
between 50 to 75% of the variability in G at seven of the nine sites and accounted for 58%
of the temporal variability on average for all of the sites. Overall, this analysis appears most
effective for the more heavily vegetated sites along the Central Track and, especially, the
Eastern Track where Rn is less influential.

Overall, the analysis suggests that Ts f c, L AI , and θ are the key controlling factors on the
variability in G, with relative importance a function of the site. Together, these three factors
are linked through the shading and insulating effects of vegetation, consistent with Eq. 11.
Given the consistently dry conditions along the Western Track and the water surplus along
the Eastern Track, it is reasonable to suspect that vegetation density is an important control
on G. Assuming the factors that influence G over time are the same as the factors controlling
the spatial variability of G, this result can be linked back to the airborne observations by rec-
ognizing the high vegetation density measured by NDVI—a common proxy for vegetation
density—along the Eastern Track; the mean NDVI along that track was 0.65. Additionally,
the variance in NDVI was 0.02 along the Western Track, 0.05 along the Central Track, and
0.05 along the Eastern Track.
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5 Conclusions

Similar estimates of spatial variability in the measured fluxes emerge from the three statistical
methods examined here. There are, however, important caveats. The simple standard devia-
tion provides information only about the overall variability of the airborne observations; as
such, it provides a reasonable estimate of the spatial variability only if one assumes that the
non-spatial variability is negligible. Similarly, the asymptotic method based on Mahrt et al.
(2001) provides an estimate of the spatial variability only, and is limited in that the method
rarely reaches an asymptotic value with the 5–10 flight legs available for the IHOP_2002
data. This necessitates an additional curve fitting step.

In contrast, the geostatistical method has the advantage of providing not only an estimate
of the spatial variability, but also the non-spatial variability—often attributed as measurement
error—and the total variability of the airborne observations. This method also provides an
estimate of the practical range of spatial correlation among the measurement points. Fur-
thermore, the geostatistical method provides information about the distribution of the data
and the presence of nonstationary points; this, in turn, allows for analysis of the underlying
causes of the variability. Given the advantages of the geostatistical method over the other
techniques, the study suggests that it is the preferred statistical method to analyze the spatial
variability of airborne-flux measurements.

The relationship between the slope of a plot of λE as a function of H and both A and the
partition of the turbulent fluxes is confirmed. Moreover, because the data adhere to a charac-
teristic slope, and, as discussed by LeMone et al. (2008), the deviations from that slope can be
attributed to random error, the slope method can be used to both identify and correct values
of H , λE , and hence G. In turn, this allows the source of variability in A to be identified. Our
results demonstrate, for at least these five days with few or no clouds, that the variability in A
and the partition of the fluxes is due primarily to variations in G, with Rn playing a secondary
role. In turn, based on the supporting analysis with the surface data, G is controlled by Ts f c,
vegetation density, and θ . Thus, in order to understand or model the spatial variability in the
fluxes observed over the IHOP_2002 domain, an accurate description of these factors and
their interactions is required.

The combination of the geostatistical method with the slope method has proven to be
valuable to both quantifying and understanding the causes of the spatial variability in air-
borne-flux measurements over the IHOP_2002 domain. While additional analysis is needed
to confirm their applicability, these tools may also be useful in understanding the variability
in other environments. By better quantifying that variability, it should be possible to link
the variability in the fluxes to the variability in surface characteristics. Ultimately, this may
be useful to understanding the influence of surface variability on land-atmosphere exchange
processes and subsequent meteorological, hydrological, and environment phenomena across
a range of scales.
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