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a b s t r a c t
This paper evaluates four methods to obtain accurate averaged ﬂux estimates under conditions of
non-stationary turbulence. In Part I (Van Kesteren et al., 2012), we introduced and evaluated these
four combined methods for 30-min averaging intervals, notably the ﬂux-variance method, the Bowenvariance method, the structure-parameter method, and the energy-balance method. The aim of this
paper, Part II, is to validate the accuracy of the 1-min ﬂux estimates of the CO2 ﬂux, FCO2 , and the
evapotranspiration/latent-heat ﬂux, Lv E. Furthermore, we use the 1-min ﬂuxes to investigate ﬂux and
vegetation responses under conditions of non-stationary turbulence. Using several validation methods,
we show that both the eddy-covariance method and the energy-balance method are unsuitable for estimating ﬂuxes over 1-min averaging intervals. The three other combined methods are more successful in
determining 1-min ﬂuxes. The random error is approximately half that of the eddy-covariance method,
but still some issues limit the success. The Bowen-variance method has a +0.09 systematic error and
moreover, 30% of the data had to be omitted, because the method requires more stringent conditions.
Furthermore, the ﬂux-variance method has a −0.15 systematic error. The structure-parameter method
performs best of all methods and accurately resolves 1-min ﬂuxes. With this method, we do a ﬁnal validation with a different data set and show that also under dry conditions the method accurately resolves
FCO2 , although Lv E was more difﬁcult to resolve. In the last part, the structure-parameter method is
successfully applied under conditions of non-stationary turbulence. We show that Lv E and FCO2 have a
different step response upon abrupt changes in solar radiation, because different processes drive these
ﬂuxes. Also, we observe a 2-min time lag between solar radiation and 1-min ﬂuxes and show the relevance
of taking this into account for determining light–response curves of the plants for both 1-min and 30-min
averaging intervals. Furthermore, we show the relevance of 1-min ﬂuxes for studying the light–response
curves of plants for conditions with different temperature and humidity. Finally, we show that accurate
estimates of 1-min averaged canopy resistances can be determined via the resistance expressions for sensible heat and Lv E. As such, we show that vegetation can indeed modify its canopy resistance signiﬁcantly
within several minutes.
© 2013 Elsevier B.V. All rights reserved.

1. Introduction
The eddy-covariance method is used worldwide for measuring
evapotranspiration and CO2 ﬂuxes (Baldocchi, 2003; Shuttleworth,
2007). This method, which uses point-sampling measurements,
typically determines ﬂuxes on ﬁeld scales (50–200 m). Furthermore, the eddy-covariance method obtains ﬂux information over
averaging intervals as short as 10 min, but typically 30–60 min
(Hartogensis et al., 2002; Mahrt, 2010; Sun et al., 2005). During the
averaging period, the turbulence is required to be stationary. This
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condition is violated for several common events such as rapidly
changing cloud cover or intermittent turbulence.
Depending on the type, scintillometers estimate spatially averaged ﬂuxes of momentum, sensible heat, and/or latent heat over
distances varying from 100 m to 10,000 m. Conﬁning ourselves
to ﬁeld scales (<500 m), it is important to note that the appropriate scintillometer, the displaced-beam laser scintillometer, can
solely determine ﬂuxes of sensible heat and momentum. Yet, literature shows that even over averaging intervals shorter than 1 min
these scintillometer ﬂux estimates are still accurate and when compared to eddy-covariance ﬂux estimates also much more precise
(Hartogensis et al., 2002; Wyngaard and Clifford, 1978). Consequently, this type of scintillometry does not require turbulence
to be stationary over periods of 10–30 min. Scintillometer systems
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that measure evapotranspiration on large scales (>1 km) are available (Evans, 2009; Green et al., 2001; Meijninger et al., 2006), but
unfortunately these systems can neither be operated on ﬁeld scales,
i.e. over single crop ﬁelds, nor can they be used for measuring CO2
ﬂuxes, of ﬂuxes of other passive scalars.
In Part I of this study (Van Kesteren et al., 2012), we introduced
and validated four methods for averaging intervals of 30 min, which
can determine evapotranspiration and other passive-scalar ﬂuxes
on ﬁeld scales. They combine estimates of stability and friction
velocity from the displaced-beam laser scintillometer with additional turbulence measurements of humidity or CO2 to estimate
the ﬂuxes. These combined methods are called the ﬂux-variance
method (FVM), the Bowen-variance method (BVM), the structureparameter method (SPM), and the energy-balance method (EBM).
The aim of this part (Part II) is to apply the spatial-averaging
advantages of scintillometry to the four combined methods, so
to evaluate evapotranspiration and CO2 ﬂuxes over short averaging intervals (∼1 min). Therefore homogeneous conditions are
required, which is ensured by limiting the application of the
methods to single crop ﬁelds. The motivation to explore these relatively short ﬂux-averaging intervals is that it provides us with
a detailed mass-ﬂux description in non-stationary circumstances.
Consequently, with methods that can measure 1-min ﬂuxes, turbulent exchange of vegetation with the atmosphere can be studied
under natural, often non-stationary conditions (e.g. Foken et al.,
2001). Furthermore, detailed, short-interval mass ﬂuxes will teach
us about plant behaviour in a natural environment and thus add
to the highly controlled laboratory experiments that are usually performed on plants (e.g. Cardon et al., 1994). Moreover, by
reducing the averaging time the ﬂux comparison with snap-shot
remote-sensing estimates can be improved. This improvement
can especially be achieved in non-stationary conditions, when the
snapshot of the satellite does not represent the 15–30 min ﬂux
data (Bastiaanssen et al., 1997). A similar argument holds for the
validation and performance of hydrological/meteorological models. Models with ﬁne horizontal or vertical resolution need to be
operated with small time steps in order to keep the models stable.
At present, these models are confronted with 15–30 min averaged
ﬂuxes, which partly conceal the qualities of/uncertainties in the
models.
This paper elaborates on Part I and explores the possibilities
of studying evapotranspiration, presented in terms of latent heat,
and the CO2 ﬂux on time intervals as short as 1 min. At present,
there are no direct ﬂux-validation methods for 1-min averaging
intervals. So to evaluate the performance of the combined methods
on these short averaging intervals, we will follow two alternative
approaches. First, we will test the accuracy of the 1-min ﬂux estimates with an extensive error analysis. The error analysis is based
on the error concepts of Lenschow et al. (1994), who show that
the estimated ﬂuxes differ systematically and randomly from the
“ideal” ensemble average of a ﬂux, when the averaging time is
insufﬁcient. We will determine these random and systematic errors
for averaging intervals varying from 1 to 30 min. Second, we will
estimate the accuracy of the 1-min averaged ﬂux estimates by evaluating their reaction to rapid changes in the forcings of the ﬂuxes.
Net radiation is the energy available for the latent-heat ﬂux and
therefore is suitable to serve as a reference variable. In theory, the
Penman–Monteith model (Monteith, 1965) would be the ideal validation method. However, in practice this model is limited because it
assumes a closed energy balance, and requires an accurate description of the canopy resistance and of the roughness length for heat.
Nevertheless, the Penman–Monteith model still is a more comprehensive validation method than net radiation. For the CO2 ﬂux,
the incoming short-wave radiation will be used as a reference.
The real forcing of FCO2 is the photosynthetically active radiation
(PAR), but the incoming short-wave radiation or solar irradiance is
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closely related to it (Papaioannou et al., 1993). Furthermore, for the
structure-parameter method, estimates of both FCO2 and Lv E will
be validated for a wetter dataset than that of Transregio 2009 (i.e.
Transregio 2008) and a dryer dataset (i.e. LITFASS 2009). As such,
we investigate the accuracy of the method for conditions during
which the similarity of sensible heat or humidity/CO2 can break
down (Andreas et al., 1998; De Bruin and Jacobs, 1993; De Bruin
and Verhoef, 1999; Moene and Schüttemeyer, 2008).
One more aspect needs to be considered in the validation.
Andreas et al. (2003) question the averaging advantage of scintillometers over point-sampling measurement techniques and the
applicability of Monin–Obukhov similarity functions on short averaging intervals. Wyngaard and Clifford (1978) and Hartogensis et al.
(2002) show that scintillometers do have an averaging advantage
over point-sampling measurement techniques. Nevertheless, in the
error analysis we will address both questions of Andreas et al.
(2003) and show that accurate estimates of the ﬂux can be obtained,
even over short averaging intervals.
After the validation of the combined methods, we will discuss
four applications for which the 1-min-ﬂux measurements are necessary in Chapter 5. Firstly, we address the question what does
changes on these short time intervals. Does the turbulence change
(the transport mechanism) or does the vegetation affect the ﬂuxes?
Secondly, studies of Foken et al. (2001) and Mauder et al. (2007)
show that the sensible-heat ﬂux, H, Lv E, and FCO2 exhibit different time and amplitude responses to a decrease in solar radiation
during a solar eclipse. They use wavelet analysis to investigate the
ﬂuxes, assuming that the high-frequency part of the turbulence
spectrum dominates the ﬂuxes. However, the two studies disagree
with each other regarding the response times of the different ﬂuxes.
We will use our 1-min methodology and discuss the ﬂux behaviour
upon an instantaneous decrease in solar radiation caused by passing clouds. This discussion will be based on the different processes
that govern these three ﬂuxes.
Thirdly, we discuss light–response curves and the relevance
of 1-min averaging values in determining these curves. Wolf
et al. (2008) shows how the light–response curves can be
used as a screening technique for erroneous data. Furthermore,
light–response curves depend on atmospheric conditions such as
temperature and humidity (Kim and Verma, 1990; Nieveen et al.,
1998). Based on these notions, we will show the relevance of 1min FCO2 estimates for determining accurate light–response curves
during conditions of non-stationary turbulence and their relevance
for the comparison of light–response curves that are obtained during different atmospheric conditions.
Fourthly, we will discuss two methods for determining canopy
resistances for 1-min averaging intervals. These methods are
the Penman–Monteith method and the method using resistance
expressions for H and Lv E (Baldocchi, 1994a; de Rooy and Holtslag,
1999; Moene and Van Dam, 2012; Nieveen, 1999). Based on the
1-min averaged canopy resistance, we will discuss the accuracy of
both methods and study the response of plants to changes in radiation (cloud cover) and humidity during non-stationary conditions.
In addition, we also discuss the question whether vegetation (in
our case winter wheat) physiologically can react as fast as 1 min to
changes in external forcings.

2. Theory and methods
2.1. Eddy covariance and scintillometry
The eddy-covariance method estimates the ﬂux from highfrequency measurements of vertical wind speed and scalar
concentration. Scintillometers determine the friction velocity and
sensible-heat ﬂux via turbulence induced scattering of their beams,
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using wave-propagation theory and Monin–Obukhov Similarity
theory (Van Kesteren et al., 2012). In the introduction, we argued
that scintillometers perform better than the eddy-covariance
method in estimating the ensemble-averaged ﬂuxes over shorter
averaging intervals. There are two reasons for this. First, contrary to
the eddy-covariance method, scintillometers do not need to capture all ﬂux-transporting scales of the co-spectrum of scalar and
vertical wind speed. The displaced-beam laser scintillometer only
observes eddies that are of similar size as its ﬁrst Fresnel zone
(for the current set-up ∼9 mm). Turbulence theory describes how
these eddies relate to the other eddies in the turbulence spectrum
(Hartogensis et al., 2002; Thiermann and Grassl, 1992; Van Kesteren
et al., 2012). Second, the number of independent samples per unit
time observed by the scintillometer is larger than that of a pointsampling measurement, because scintillometers average both over
space and time, whereas the point-sampling measurements only
average over time. Therefore, provided the conditions are homogenous, scintillometers require signiﬁcantly less averaging time (only
∼1%) than eddy-covariance systems for acquiring accurate measurements (Hartogensis et al., 2002; Wyngaard and Clifford, 1978)
(cf. Section 4.1).

2.2. Combined methods
The displaced-beam laser scintillometer determines u* and
H, but not the ﬂuxes of passive-scalar quantities such as the
latent-heat ﬂux, Lv E and the CO2 ﬂux, FCO2 . To extend the opticalscintillometer application to mass ﬂuxes Van Kesteren et al. (2012)
proposed four methods that combine scintillometer measurements with additional turbulence measurements of humidity or
CO2 . These methods are called the ﬂux-variance method, the
Bowen-variance method, the structure-parameter method, and the
energy-balance method. For a detailed description of the combined
methods, we refer to Van Kesteren et al. (2012). Here, we only give
an overview of the turbulent variables used in the methods (see
Table 1).

2.3. Validation methods

Spectral intensity

It is a challenge to come up with a proper validation method
for 1-min averaged ﬂuxes. Direct methods that accurately measure
Lv E or FCO2 over 1-min averaging intervals are lacking. Here, we
propose two methods to validate the combined methods. The ﬁrst
method uses error analysis for validation and the second method
uses a reference variable for validation, i.e. net radiation. Both
methods are described below.

a

Eddy frequency (Hz)

Table 1
The turbulence variables of the scintillometer and additional measurements to calculate the ﬂux with the four combined methods.
Method

Scintillometer
measurements

Additional pointmeasurements

Bowen-variance
Flux-variance
Structure-parameter
Energy-balance

H
u* a and LO
u* a and LO
H

 T ,  x , and rTx
x
Cx2
Qnet and G

a
LO is the Obukhov length,  T is the standard deviation of temperature,  x is
the standard deviation of humidity or the CO2 concentration, rTx is the correlation
coefﬁcient of temperature and humidity or temperature and CO2 , Cx2 is the structure
parameter of humidity or CO2 concentration, Qnet is the net radiation and G is the
soil-heat ﬂux.

2.3.1. Error analysis
Measurement errors are quality parameters that specify the
accuracy of a measurement and consequently they can serve to
validate the combined methods. The error analysis we apply uses
the error concept of Lenschow et al. (1994), who show that the estimated ﬂuxes differ systematically and randomly from the “ideal”
ensemble average of a ﬂux, when the averaging time of the ﬂux
is not “long enough”. This error applies to statistical moments of
any order, but for our application only second order moments are
important, i.e. ﬂuxes (covariance between vertical wind speed and a
given variable) and variances (a covariance of a variable with itself).
Fig. 1 shows a theoretical time spectrum of a (co)variance. For
the systematic error (Fig. 1a) insufﬁcient averaging results in the
exclusion of some larger relevant eddy scales from the record
(as indicated by the hatched area in Fig. 1a). Consequently, the
(co)variance is systematically underestimated. For the random
error (Fig. 1b) insufﬁcient averaging results in too few independent
samples to accurately determine the spectral intensity (the uncertainty is indicated by the thin lines). Consequently, the (co)variance
has a random error.
2.3.1.1. Systematic errors. To determine the systematic error in
Lv E and FCO2 from the combined methods and eddy-covariance
method, we use an averaging method similar to Sun et al. (2005).
This method gives an estimate of the systematic error by comparing 30-min arithmetic means from the ﬂux with averaging intervals
shorter than 30 min to their corresponding ﬂux with 30-min averaging interval. We introduce the relative systematic error
30

SEi =

xi
− 1,
x30

(1)

where SEi is the systematic error for a given averaging interval i, xi
is the ﬂux with averaging interval i (i = 1, 2, 3, 4, 6, 20, or 15 min),
30
x30 is the ﬂux with 30-min averaging interval, and xi the 30-min

Spectral intensity

90

b

Eddy frequency (Hz)

Fig. 1. Theoretical spectrum to indicate (a) the systematic error and (b) the random error. The errors occur, because in both cases the averaging time is insufﬁcient. For
the systematic error this results in missing large eddies (the hatched area) and an underestimation of the (co)variance. For the random error this results in having too few
independent samples and a larger uncertainty (thin lines). All ﬁgure axes are logarithmic.
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arithmetic mean of 30/i xi s. From rewriting Eq. (1) to xi = (SEi +
1)x30 , it follows that the relative systematic error can be obtained
30
from the regression slope of x30 with their corresponding xi .
The method described above considers discrete averaging intervals. A comparable, but continuous approach is the Ogive technique
(Foken et al., 2006; Oncley et al., 1996). An Ogive is a cumulative
integral of a time (co)spectrum and can be used for studying the
systematic error in a (co)variance as a function of the continuous
averaging interval. This follows from the fact that the integral of a
(co)spectrum equals the (co)variance (Stull, 1988). With the Ogive
approach, the systematic error is deﬁned as

 fav
SEi =

∞

 f30
∞

Sdf

− 1,

(2)

Sdf

where S denotes the (co)spectrum, f is the frequency, fav is the
frequency corresponding to a given averaging interval fav = 1/Tav ,
and f30 is the frequency corresponding to an averaging interval of
30 min.
The Ogive approach cannot be used for determining the systematic error in the ﬂux determined with the combined methods.
However, the approach can be used for determining the systematic
error in the (co)variances that serve as additional measurements
for the combined methods (Table 1). For most input variables the
application of the Ogive technique is obvious, but for the structure
parameter, Cx2 it is not. In the following, we will therefore explain
more about Cx2 .
Cx2 , is a spatial statistic, denoting ﬂuctuations between two ﬁxed
points in space, and relates to the structure function by (Tatarskii,
1961)
Cx2 = Dx2 r −2/3 = [x(y) − x(y + r)]2 r −2/3 ,

(3)

where Dx2 is the structure function of quantity x, x = x(y) − x(y + r)
is the difference in concentration between position y and y + r, and
the over-bar represents an average over the averaging time, Tav .
The structure parameter can be determined from one time series
by using Taylor’s frozen turbulence approximation, so that r = Ut,
with U the mean wind speed and t the time difference between
two measurements. When applying Reynolds decomposition to Eq.
(3) it is important to realize that if Tav  Ut, i.e. when the assumption of local isotropy holds, then x(Ut) = x(Ut + Ut). In that case,
Dx2 for a given r can be written as



Dx2 = [x(Ut) − x(Ut + Ut)] = x(Ut) − x(Ut + Ut)
2



= x(Ut)

2

,

2
(4)

where x now denotes the temporal difference in quantity x. To
understand the application of the Ogive technique to Cx2 , it is



2

important to note that x(Ut) is the variance of x. Therefore,
applying the Ogive technique on x is to Dx2 and hence Cx2 , as
applying the Ogive technique on x is to  x . This will allow us to
determine also the systematic error of Cx2 .
2.3.1.2. Random errors. To determine the random error in Lv E and
FCO2 from the combined methods and eddy-covariance method, we
use a method that considers discrete intervals. This method gives
an estimate of the random error, by determining the ﬂuctuations in
the ﬂux with averaging intervals shorter than 30 min normalized
to their corresponding 30-min arithmetic mean. By normalizing to
the 30-min arithmetic mean, we avoid the inﬂuence of the systematic error on the random error estimate. The random error is
determined for cloud free conditions only. As long as the plants are
not stressed and the stomata fully open, we can expect Lv E and FCO2
(and also H) to closely follow the sine pattern of the diurnal cycle,
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so that any observed ﬂuctuation can be attributed to the random
error. We introduce the relative random error


 N
1
REi = 
N

i=1

xi
xi

30

2

−1

,

(5)

where REi is the random error for a given averaging interval i, xi is
30
the ﬂux with averaging time i, xi the 30-min mean of 30/i xi s to
normalize xi , and N the number of ﬂux samples.
With the combined methods, we calculate the ﬂux from measured variables that each has a random error. These variables are
Kx,meth , which is the turbulent exchange coefﬁcient of the method,
and the statistical scalar variable, st(x), which is  x for the Bowenvariance and ﬂux-variance methods, and Cx2 for the structure
parameter method (Van Kesteren et al., 2012). The relative random error in the ﬂux, F, is determined by the relative random error
in Kx,meth and st(x) as



 K
F
x,meth
=
F

Kx,meth

2

2

+

0.5

st(x)
st(x)

(6)

For the energy-balance method, absolute errors need to be considered. The absolute error in Lv E is determined by the absolute errors
in Qnet , H and G through
Lv E = Qnet − H − G.

(7)

We want to reduce the random error in the ﬂux by using the highly
accurate measurements of the scintillometer, which deﬁne Kx,meth
in Eq. (6) and H in Eq. (7). In Section 4.1.2, we discuss the effects of
the errors in the measurements on the random error in the ﬂux.
2.3.2. Radiative forcing
The second validation method is a validation based on the net
radiation, Qnet , and the incoming short-wave radiation, Qs . Over
well watered crops, fully covering the soil, Qnet is the main variable driving Lv E (De Bruin, 1987; Priestley and Taylor, 1972), since
under these conditions H and G are relatively small. For FCO2 ,
Qs is the main forcing variable. FCO2 is the difference between
the photosynthesis and the respiration of a system, i.e. the net
ecosystem exchange (Scanlon and Kustas, 2010). During daytime,
photosynthesis is dominant. Photosynthesis, in turn, is driven by
the photosynthetic active radiation, which is a part of Qs and hence
closely related to it (Papaioannou et al., 1993). The radiometers
have a time response of typically 5–10 s and they can therefore
accurately resolve variations in Qnet and Qs with time scales of
1 min.
Thus, the radiation can be used as a reference for validating the
1-min ﬂuxes from the combined methods. Neither Qnet , nor Qs are
absolute measure of Lv E or FCO2 , but they can be seen as a relative reference in the sense that changes in the radiation should be
followed by changes in the ﬂux, also on short, 1-min time scales.
We will use the correlation coefﬁcient of Qnet against Lv E and Qs
against FCO2 to quantify the response of the ﬂux to changes in the
radiation.
The Penman–Monteith method is a more comprehensive model
to approximate the ﬂuctuations in Lv E compared to Qnet , because
ﬂuctuations in Lv E are not only determined by Qnet , but also by
G, vegetation, and the water-vapour deﬁcit (Monteith, 1965). The
model is given by
Lv EPM =

s(Qnet − G)



s+ 1+

+
rc

ra

cp
ra (esat



− ea )

s+ 1+

rc
ra

,

(8)

where s is the slope of the saturated water-vapour pressure
curve, esat is the saturated water-vapour pressure for a given
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temperature, ea is the actual water-vapour pressure,  is the psychrometric constant, ra is the aerodynamic resistance, and rc the
canopy resistance. The water-vapour deﬁcit is given by esat −
ea and ra = [ln(zeff /z0 ) −  (zeff /LO ) +  (z0 /LO )]/kkar u* , with the  functions for heat from Businger–Dyer (Businger et al., 1971;
Paulson, 1970) and z0 the roughness length of heat. z0 is estimated as 1/10 of the roughness length of momentum, which in turn
is estimated as 1/8 of the vegetation height (Green et al., 1994).
The Penman–Monteith model provides a direct estimate of Lv E,
but for our study where we look at 1-min Lv E estimates, it cannot
be used as an absolute reference. Instead, we will use it only as a
relative measure, as we did with Qnet . The reason why the model
can only be used as relative measure of Lv E is that two assumptions
embedded in the model are violated in this study. First, the model
assumes the energy balance to close on H, G, and Lv E. However, in
Part I we show a non-closure of 19% of the energy balance, because
the photosynthetic energy related to the carbon-dioxide ﬂux and
storage terms that account for the height differences of the measurements are not taken into account (Van Kesteren et al., 2012).
Moreover, these storage terms are not constant throughout the day,
but can vary greatly. Second, the model requires a detailed description of the canopy resistance, rc , and of the roughness length for
heat. Especially the dynamic behaviour of rc on 1-min time-scales
is not well parameterised and we therefore used a constant value
of 50 s m−1 (Kelliher et al., 1995).
2.4. Determining 1-min averaged values of the canopy resistance
The combined methods potentially offer a great opportunity to
determine the canopy resistance, rc , of plants for intervals as short
as 1 min. This can be done via inversion of the Penman–Monteith
model or via the resistance expressions for H and Lv E.
With measurements of Lv E, rc can be derived from the inverted
Penman–Monteith model (e.g. Baldocchi, 1994a; Nieveen, 1999).
However, this method involves several assumptions, most importantly a closed energy balance. In Part I we showed that for 30-min
averaging intervals the energy balance does not close when only H,
Lv E, and G are taken into account (Van Kesteren et al., 2012). Hence,
to obtain rc with this method, the inﬂuence of the heat-storage
changes on the Lv E estimate must be quantiﬁed. Partly, this can be
circumvented by accounting for the phase differences between the
different components of the energy balance (cf. Foken et al. (2001)
who concludes that using the delayed Lv E better closes the energy
balance). Furthermore, this method models the atmospheric resistance and for that requires an accurate estimate of z0 , see Section
2.3.2.
The method that uses the resistance expressions for H and Lv E is
more straightforward. Deriving rc from these expressions requires
more simple additional measurements as those that are required
for the previous method. The resistance expressions for H and Lv E
read (de Rooy and Holtslag, 1999; Moene and Van Dam, 2012):
H = −cp

T (z) − Ts
ra

Lv E = −Lv

q(z) − qsat (Ts )
ra + rc

(9)
(10)

where T(z) is the temperature at height z, q(z) the humidity at height
z, Ts the radiative-surface temperature, qsat (Ts ) the saturated speciﬁc humidity for a given Ts , ra the atmospheric resistance, and rc
the canopy resistance.
Eqs. (9) and (10) are based on the assumptions that the air within
the stomatal cavity is saturated with water vapour at a temperature
Ts (Zeiger et al., 1987) and that the canopy resistance is a resistance
that governs the transport from within a hypothetic, big leaf representing the vegetation layer to the surface of that leaf (Moene and

Van Dam, 2012). Hence, with measurements of T, Ts , q, the pressure, p, and accurate 1-min estimates of H and Lv E, rc can be solved.
Unfortunately, measurements of Ts were not available in our experiment, but we do have measurements of outgoing and incoming
long-wave radiation available, so that Ts can be estimated using
(de Rooy and Holtslag, 1999; Huband and Monteith, 1986)
L↑ = εs Ts4 + (1 − εs )L↓

(11)

where L↑ is the outgoing long-wave radiation, L↓ is the incoming long-wave radiation, εs is the surface emissivity, and 
(5.67 × 10−8 W m−2 K−1 ) is the Stefan–Boltzmann constant. For a
wheat ﬁeld with a completely closed canopy that approaches the
heading stage, as is the case for Transregio 2009, εs = 0.98 (Chen and
Zhang, 1989; Huband and Monteith, 1986; Wittich, 1997).
3. Experimental set-up and data treatment
This section describes the three ﬁeld experiments from which
data are used in this paper and the way the data are processed.
The ﬁrst and main experiment used in this paper is the Transregio32 project in 2009 (Graf et al., 2010). The measurements
took place in a ﬁeld with winter-wheat near Merken, Germany
(50◦ 50 53.92 N, 6◦ 24 1.99 E) between 7 May and 10 June 2009.
The dimensions of the ﬁeld were 350 m × 150 m. In the middle of
the ﬁeld, an eddy-covariance system, consisting of a CSAT3 sonic
anemometer (Campbell Scientiﬁc, Logan, USA) and a LiCor7500
H2 O/CO2 sensor (LiCor, Lincoln, USA), were installed 2.40 m above
ground level. Approximately 20 m west of the eddy-covariance
tower, we installed a displaced-beam laser scintillometer (SLS20, Scintec, Rottenburg Germany) at exactly the same height as
the eddy-covariance system, with the middle of the scintillometer path centred at the tower. The scintillometer was installed at
2.40 m above ground level as well and had a path length of 120 m.
The effective height of the scintillometer linearly decreased from
2.11 m at the beginning of the experiment to 1.84 m at the end of
the experiment, due to the growing crop. Long-wave and shortwave radiation were measured at 2 m height in the EC tower with
a four component net-radiation meter, NR01 (Hukseﬂux, Delft, the
Netherlands). During the measurement period, the average temperature was about 15 ◦ C. The amount of precipitation was 60 mm.
Furthermore, during daytime the Bowen ratio, ˇ, was generally
smaller than 0.6 and z/LO typically varied between −0.4 and 0.1.
Consequently, the winter wheat was well watered and green during the whole measurement period. The measurement error in u*
as noted by De Bruin et al. (2002) and Hartogensis et al. (2002) was
accounted for. For more details about the other measurements and
speciﬁc set-up features we refer to Part I of this study (Van Kesteren
et al., 2012).
The second experiment presented in this paper is also part of
the Transregio32 project. The measurements were performed near
Merken (Germany), between 7 August and 30 September 2008 at
a sugar-beet ﬁeld (50◦ 50 47.85 N, 6◦ 23 50.99 E) (van Dinther,
2009). The set-up was identical to the set-up of the 2009 ﬁeld
experiment. The installation height of both the LiCor7500 H2 O/CO2
sensor (LiCor, Lincoln, USA) and the scintillometer (SLS-20, Scintec,
Rottenburg Germany) was 2.20 m above ground level. Long-wave
radiation was measured with a two-component CG1 pyrgeometer
(Kipp & Zonen, Delft, the Netherlands) and short-wave radiation
was measured with a two-component CM11 pyranometer (Kipp &
Zonen, Delft, the Netherlands). The sugar beets were fully grown
and about 0.70 m tall. Estimating the displacement height as 2/3
of the crop height (Green et al., 1994), this results in a displacement height of 0.47 m and consequently an effective scintillometer
height of 1.73 m. Rain was plentiful during this experiment and
the Bowen ratio was typically smaller than 0.5. As for Transregio
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2009, the measurement error in u* was corrected by ﬁtting u*SLS to
u*EC for 30-min averaging intervals. This resulted in a correction of
u*corrected = (u*SLS − 0.14)/0.3 (van Dinther, 2009).
The third experiment presented in this paper is part of the
LITFASS-2009 campaign (Beyrich et al., 2012). The aim of this experiment was to study a number of assumptions in the scintillometer
data processing and interpretation that still call for a thorough evaluation, in particular over heterogeneous terrain (Beyrich
et al., 2012). The LITFASS-2009 ﬁeld campaign took place around
the Meteorological Observatory Lindenberg-Richard-AßmannObservatory of the German Meteorological Service (DWD) from 29
June 2009 until 24 July 2009. The experiment used in this paper
took place over a triticale ﬁeld (52◦ 10 54.6 N, 14◦ 07 11.0 E),
with ﬁeld dimensions of approximately 500 m × 400 m. The setup of the experiment presented here was similar to the set-up of
the two Transregio32 experiments. The installation height of the
LiCor7500 H2 O/CO2 sensor (LiCor, Lincoln, USA) was 2.90 m above
ground level and the scintillometer (SLS-20, Scintec, Rottenburg
Germany) was installed 3.15 m above ground level. Furthermore,
the scintillometer path length was 110 m. Long-wave radiation was
measured with a two-component CG1 pyrgeometer (Kipp & Zonen,
Delft, the Netherlands) and short-wave radiation was measured
with a two-component CM11 pyranometer (Kipp & Zonen, Delft,
the Netherlands). Triticale is a hybrid of wheat (Triticum) and rye
(Secale). The plants were full-grown (1.2 m) and entered the senescent phase at the beginning of the experiment. Hence, estimating
the displacement height as 2/3 of the crop height, i.e. 0.8 m, the
effective scintillometer height was estimated to be 2.35 m. While
the triticale plants dried out during the experiment, the typical
Bowen ratio increased from 0.9 at the beginning of the experiment
to 4.0 at the end of the experiment. The scintillometer u* was corrected for its measurement error in the same way as it was done for
the Transregio 2009 data (wheat), as these experiments took place
right after each other and we used the same SLS-20.
All data were processed in the same way as described in Part I of
this study (Van Kesteren et al., 2012), with two differences. Firstly,
the eddy-covariance data were processed using the processing
package ECpack from Wageningen University (Van Dijk et al., 2004),
for averaging intervals of 1, 2, 3, 4, 6, 20, 15, and 30 min. Secondly, the scintillometer measurements were processed for the
same averaging intervals.
The data for the validation with the error analysis is obtained
in the following way. To estimate the relative systematic error,
30
we ﬁrst determine xi and x30 for each half hour in the data set
and subsequently apply linear-regression analysis to determine the
regression slope (forced through origin and with a conﬁdence interval of 95%). In addition, the root-mean-squared error (RMSE) of the
regression is determined to indicate the accuracy of the error estimate. The larger the RMSE, the less representative the slope is for
the systematic error.
To determine the systematic error with the Ogive technique,
we used the raw, high-frequency eddy-covariance data to which
no corrections have been applied yet. Therefore, we corrected
these data for the humidity inﬂuence on sonic temperature in
order to determine the speciﬁc humidity from the absolute humidity (Schotanus et al., 1983). Other corrections were not applied,
because they only affect the small scales (high frequencies) or wind
measurements. This is an adequate approach, because small scale
errors cancel out when considering the relative errors and for the
wind we only need an estimate of its mean value. Furthermore,
these corrected data were divided in data blocks of 4 h instead of
30 min, to improve the estimate of the spectral intensity at 30 min
(Foken et al., 2006). Finally, we determined the systematic error for
all 4-h blocks in the whole data set.
30
To estimate the relative random error, we determine xi and
30
xi for all cloudless conditions. xi is determined such that the
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corresponding xi is located at the centre of this 30-min interval.
Furthermore, for this analysis data were omitted when Lv E of the
method in question was lower than 30 W m−2 or for FCO2 when
|FCO2 | > 0.5 mg m−2 s−1 .
The data for the validation with the Penman–Monteith model
is obtained in the following way. This validation is done for the
complete data set. To avoid the situation that the diurnal cycle primarily determines the regressions statistics, we divide the data set
into periods of 2 h and omit some of the data. Data are omitted
when Qnet was not affected by clouds during a period of 2 h, when
Lv EPM < 10 W m−2 , or when for a 2-h period 60% or more of its data
is missing. For the remaining data, we determine the correlation
and RMSE over each 2-h period. Subsequently, the correlations and
RMSEs obtained from the 2-h periods are averaged in order to get
one value for the whole data set.
4. Validation of the combined methods
In this section the validation results of the combined methods
are presented for 1-min averaging intervals. The aim of this section
is to discuss the capability of the methods to accurately represent
the 1-min ﬂuxes of Lv E and FCO2 . In Section 4.1, we will start the
discussion with an error analysis, followed by a discussion that is
based on the radiative forcing in Section 4.2.
4.1. Validating the combined methods by means of error analysis
Lenschow et al. (1994) showed that insufﬁcient averaging
results in an averaging-time-dependent systematic error (underestimation) because of missing larger eddies and a random error
(uncertainty) because of having too few independent samples. In
Sections 4.1 and 4.2, we show the results of an error analysis
to investigate how well each method approaches the ensemble
averaged ﬂux, as estimated by its 30-min averaged ﬂux, for short
averaging intervals. Note, that these 30-min averaged ﬂuxes can
still have systematic and random errors for other reasons than
insufﬁcient averaging. These errors were discussed in Part I and
will not further be considered here.
4.1.1. Systematic errors
This section shows the results of the systematic error analysis. Firstly, the results of the systematic error in Lv E are shown for
all methods. The results for FCO2 are not shown, except for some
results in Table 2, because they are very similar to those of Lv E
(Van Kesteren, 2012). Subsequently, it is discussed that the methods achieve their accuracy by using scintillometer (scinti) estimates
of H, u* and LO instead of eddy-covariance (EC) estimates of H,
u* and LO . Building on that conclusion, we discuss each method
individually and show to what extent the additional point-source
measurements (Table 1) are of importance as well for estimating the ensemble averaged ﬂux accurately. Finally, we discuss the
applicability of Monin–Obukhov Similarity Theory on 1-min averaging intervals.
We start with Fig. 2, which shows the systematic errors in Lv E
estimated with the combined methods, as a function of averaging
time. The combined methods in Fig. 2a use HEC , u*EC , and LO,EC as
“scintillometer” input, whereas in Fig. 2b they use Hscinti , u*scinti , and
LO,scinti (for input variables used per method, see Table 1). Lv EEC is
added as a reference and is identical in both subﬁgures. The systematic error estimates of the eddy-covariance system are based
on ∼350 h of data, whereas those of the scintillometer are based on
only ∼150 h of data, because of instrument malfunctioning during
two weeks of the measurement campaign. In addition, the systematic errors in both Lv E and FCO2 for 1-min averages are shown in
Table 2 together with the RMSE of the regression analysis that is
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Table 2
Systematic errors (SE) in Lv E, FCO2 , H, and u* for 1-min averaging intervals. In addition, the root-mean squared error (RMSE) is given to indicate the accuracy of the error
estimate. The ﬂuxes are determined with different methods (see text) and when the combined methods are applied the ﬂuxes are either calculated with sonic-anemometer
data or scintillometer data. All regression statistics are based on a 95% conﬁdence interval. Shorthand notations of the methods are the same as in Fig. 2.
Sonic-anemometer data (EC)

Scintillometer data (scinti)

SE (−)

SE (−)

RMSE

RMSE

Lv E

FCO2

Lv E

FCO2

Lv E

FCO2

Lv E

FCO2

FluxBVM
FluxFVM
FluxSPM
FluxEBM
FluxEC

−0.10
−0.26
−0.08
+0.02
−0.13

−0.06
−0.24
−0.08

5 W m−2
15 W m−2
5 W m−2
4 W m−2
10 W m−2

1.4 × 10−1 mg m−2 s−1
1.1 × 10−1 mg m−2 s−1
4.7 × 10−2 mg m−2 s−1

+0.05
−0.16
+0.02
0.00

+0.09
−0.16
+0.02

7 W m−2
7 W m−2
2 W m−2
2 W m−2

1.1 × 10−1 mg m−2 s−1
7.3 × 10−2 mg m−2 s−1
3.1 × 10−2 mg m−2 s−1

H
u*

−0.21
−0.08

−0.12

7.6 × 10−2 mg m−2 s−1

7 W m−2
1.6 × 10−2 m s−1

used to quantify uncertainty in the mean-error estimate. Furthermore, the table shows the systematic error and the corresponding
RMSE for the reference method and the “scintillometer” input variables, i.e. Lv EEC , HEC , Hscinti , u*EC , and u*scinti .
Before considering each method speciﬁcally, we will ﬁrst look at
two general issues of Fig. 2. First, note that the systematic errors for
30

some of the combined methods are positive, i.e. Lv E1 min overestimates Lv E30min . This counterintuitive overestimation is related to
the fact that in the Bowen-variance method  T is inversely related
to Lv E, as is H in the energy-balance method, and as is l0 (through
u* ) in the structure-parameter method.
Another issue that plays a role is that u* non-linearly depends
on l0 by a −4/3 power, see Eq. (4) in Part I. As a result, in determining a 30-min interval u* , u* based on 1-min l0 will be larger
30

than u* based on 30-min l0 , i.e. u∗ (l0,1 min ) > u∗ (l0,30 min ). This
effect is enhanced due to the log-normal distribution of l0 . As Lv E
and H depend linearly on u* they are affected in a similar way, i.e.
30

30

Lv E(l0,1 min ) > Lv E(l0,30 min ) and H(l0,1 min ) > H(l0,30 min ).
Second, comparison of Fig. 2a with Fig. 2b shows that the scintillometer outperforms the eddy-covariance method and greatly
beneﬁts the accuracy of the Lv E estimate. The obvious reason is
that the systematic errors found in the scintillometer H and u*
estimates are much lower than those in the eddy-covariance estimates. For the data considered in Fig. 2, the systematic errors in the
scintillometer H and u* are +0.01 and +0.02, whereas for the eddycovariance system the errors are −0.21 and −0.08 respectively (see
Table 2). The error of −0.21 we found in HEC is particularly large,
when compared to values found in the literature (Sun et al., 2005).
The high accuracy of the scintillometer is in agreement with previous results of Hartogensis et al. (2002), who conclude that the

0.1

2

6

10

scintillometer is “superior” to eddy-covariance ﬂux estimates when
using short averaging intervals.
With these conclusions in mind, we now proceed to discuss the
results of the systematic error in Lv E for each combined method. We
will focus on the 1-min averaging intervals, unless stated otherwise.
As we wish to improve upon the results of the eddy-covariance
method, this method serves as a reference. The error in eddycovariance Lv E is −0.12, which is similar to the error in Lv E reported
by Sun et al. (2005).
The energy-balance method is the combined method with the
smallest systematic error. For this method, Qnet is the most significant input and the only turbulence variable that suffers from the
averaging-time-dependent systematic error is H. This error in H
results in a systemic error in Lv E of +0.02 when HEC is used and a
zero error when Hscinti is used.
The ﬂux-variance and Bowen-variance method have larger systematic errors than the energy-balance method, i.e. −0.27 and
−0.10 when HEC , u*EC , and LO,EC are used and −0.15 and +0.05 when
Hscinti , u*scinti , and LO,scinti are used. Unlike the systematic error in the
energy-balance method, the systematic error in the ﬂux-variance
method and the Bowen-variance method are not eliminated by
using the scintillometer. This happens, because the additional measurements of both these methods are  T and/or  q (Table 1), which
suffer from a systematic error, see below. The ﬂux-variance method
only gets as accurate as the eddy-covariance method, whereas the
Bowen-variance method seems to perform better. Ideally, when
rTq = 1, the errors in  T and  q cancel out against each other, but
unfortunately this is only partly the case in our experiment. Note,
that for this method the error for FCO2 is larger than that of Lv E
(Table 2). Also when considering the curves of the other methods
as depicted in Fig. 2, the results for FCO2 are more in agreement

30

0.1

0

−0.1

2

6

10

30

b
systematic error (−)

systematic error (−)

a
0.05

−0.05

2 W m−2
0.6 × 10−2 m s−1

+0.01
+0.02

BVM
FVM
SPM
EBM
EC

−0.15
1 3 5
15
averaging interval (min)

30

0.05
0
−0.05
−0.1

BVM
FVM
SPM
EBM
EC

−0.15
1 3 5
15
averaging interval (min)

30

Fig. 2. Systematic measurement errors in Lv E related to averaging interval (a) using eddy-covariance data and (b) using scintillometer data. In the legend, BVM is the
Bowen-variance method, FVM is the ﬂux-variance method, SPM is the structure-parameter method, EBM is the energy-balance method, and EC is the eddy-covariance
method.
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Systematic error (−)

0.15

0

σq

−0.15

σT
1/ βσ
Cq2

−0.3

1

10

20

30

Averaging interval (min)
Fig. 3. Systematic error obtained with Ogive technique for the 23rd of May 2009
10:00 UTC–14:00 UTC.

with the other methods (not shown). Nevertheless, the differences
between the error in FCO2 and Lv E indicate the same – the errors in
 T and  q or qCO2 are not identical and do not cancel out against
each other. Finally, the RMSE is low for these methods, yet larger
than for the other two combined methods (Table 2). For both methods applies that the magnitude of the relative error for an individual
interval can differ from the mean-error estimate and in case of the
Bowen-variance method even can change sign sometimes (especially at night).
The structure-parameter method does improve upon the eddycovariance method and the two variance-based methods. The
systematic error in Lv E is virtually eliminated by using the scintillometer measurements. With the scintillometer H, u* , and LO the
error is only +0.02 (RMSE = 2 W m−2 ), which is brought about by the
small systematic error in the scintillometer u* and to a lesser extent
by the small systematic error in LO . Furthermore, the “additional
variable” Cq2 does not have a systematic error (see below).
To clarify how the errors in the additional variables propagate
in the ﬂux estimates, we will discuss the systematic errors in the
additional variables of the combined methods. We determined
the systematic errors, by applying the Ogive technique to highfrequency data of q, T, and q (Section 2.3.1.1). As such, we obtained
the systematic errors for  q ,  T , and Cq2 . Fig. 3 shows a representative example of the systematic error for these three variables during
daytime. Also the systematic difference of the ratio of  q and  T , i.e.
 q / T = 1/ˇ , is shown, as this ratio directly shows how the errors
in  q and  T propagate into Lv E for the Bowen-variance method. For
the other methods, the relation between the structure parameter
or variance and Lv E is direct.
For 1-min averaging intervals, the systematic error in  q is
approximately −0.15, diminishing rapidly with increasing averaging interval, whereas the error in  T (−0.23) is larger and more
persistent. Consequently, the systematic difference in 1/ˇ is positive and equals the difference between the error in  T and  q , i.e. a
+0.10 error for 1 min averaging intervals. Apparently,  T , like HEC ,
is inﬂuenced more strongly by larger time scales than  q , causing
|rTq | < 1 and the error in 1/ˇ > 0.
As  q and  T need a minimum averaging time (Fig. 1a) Lv E
will always have a systematic error when estimated with the ﬂuxvariance method. Also, Lv E estimated with the Bowen-variance
method will have a systematic error, except for “ideal” conditions
when |rTq | = 1. However, often the conditions are not ideal. The
structure-parameter method is a method that does not suffer from
a systematic error, even when |rTq | < 1. Cq2 is only deﬁned for eddies
of a size that falls in the inertial sub-range (Tatarskii, 1961) and is

95

evaluated for one particular size, in our case 1 m. Simply because of
how Cq2 is deﬁned, it is only sensitive to time scales corresponding
to length scales of 1 m or smaller. Consequently, Cq2 is insensitive to
larger time scales, which are associated with the systematic error
for variances (Fig. 1a).
Fig. 3 shows that, indeed, Cq2 has no systematic error. Note, that
the fact that the systematic error in Cq2 equals zero for all averaging
intervals does not imply that a 1-min averaged Cq2 will correctly
represent a 30-min averaged Cq2 . However, it does imply that taking
the arithmetic mean of thirty 1-min averaged Cq2 results in a correct
estimate of the 30-min averaged Cq2 .
Moreover, with its high accuracy the structure-parameter
method conﬁrms that the application of Monin–Obukhov Similarity theory (MOST) is justiﬁed, even for these short averaging
intervals. This contradicts the conclusion of Andreas et al. (2003),
who argue that for non-stationary conditions 1-min averaged values of Cn2 and l0 do not represent the 30-min averaged value
of Cn2 and l0 . They base this argument on the observation that
individual 1-min averages differ from the 30-min average. Then,
they continue their argument in stating that because of the nonstationarity observed in the 1-min averaged ﬂuxes, MOST functions,
which are based on averaging intervals of 30–60 min may not be
applied. However, 1-min averages may differ from 30-min averages. Essential for MOST is that for the dimensionless groups, y,
30
yi = y30 , i.e. the ensemble average must be accurately estimated.
Under homogeneous conditions, the scintillometer achieves this by
a combination of spatial and temporal averaging, whereas the eddycovariance method relies on temporal averaging only. Using spatial
averaging to estimate the ensemble average is a technique that is
also applied in large-eddy-simulation (LES) studies. In these studies
it is standard practice to estimate the ensemble average at a given
time by averaging over all grid points in homogeneous directions
(e.g. horizontal slabs) (Cheinet and Siebesma, 2009). In contrast to
LES models, a scintillometer always requires some temporal averaging as Cn2 is determined from a time-series of ln(I). However,
the results above conﬁrm that a 1-min averaging time is sufﬁcient, since the scintillometer u∗1 min

30

= u∗30 min , H1 min

and for the structure-parameter method Lv E1 min
FCO2,1 min

30

30

30

= H30 min

= Lv E30 min and

= FCO2,30 min .

4.1.2. Random errors
Similarly to the previous section, we will evaluate the random
error in Lv EEC as well as in Lv E for all combined methods using the
scintillometer- and the eddy-covariance H, u* and LO . Again, we
will not show the results for FCO2 , because they are basically the
same (Van Kesteren, 2012). We recall that we estimate the random
error based on all cloudless data (520 samples). We will consider
relative random errors and only use the 1-min averaging results in
the discussion. The results are given in Fig. 4 and the random error
in Lv EEC (∼0.32) serves as the reference.
Comparing Fig. 4a with Fig. 4b shows that, as for the systematic
error, using the scintillometer greatly reduces the random error in
Lv E for all the combined methods that make use of additional turbulence humidity measurements. The random errors in the combined
methods using HEC , u*EC , and LO,EC are ∼0.25 and these reduce to
random errors of ∼0.17 when the combined methods are evaluated with Hscinti , u*scinti , and LO,scinti . The reason that the combined
methods yield a smaller random error than the eddy-covariance
method is twofold.
The ﬁrst reason is that the scintillometer acquires more independent samples than the sonic anemometer, by sampling small
eddies with the size of its ﬁrst Fresnel zone (in this set-up ∼9 mm)
(Wyngaard and Clifford, 1978). As a result the random error in
Kq,meth is greatly reduced, see Eq. (6). For the data shown in Fig. 4,
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Fig. 4. Random measurement errors for Lv E related to averaging interval (a) using eddy-covariance data and (b) using scintillometer data. In the legend, BVM is the Bowenvariance method, FVM is the ﬂux-variance method, SPM is the structure-parameter method, EBM is the energy-balance method, and EC is the eddy-covariance method.

the random error in e.g. scintillometer H is 0.11, whereas for the
eddy-covariance system the error in H is 0.3. This is in line with
Hartogensis et al. (2002), who found that the random error in HEC
was about twice the error in Hscinti .
The second reason is that the random error in the humidity
variable is small. The error in Lv E for the combined methods is
determined by the decorrelation time of q, whereas the error in
Lv EEC is determined by the decorrelation time of w.
Two advan√
tages follow from not using cov(w,q), but var(q) or
Cq2 . Firstly,
Eq. (49) of Lenschow et al. (1994) shows that a low rwq (in our case
rwq ≈ 0.3) increases the time to acquire enough independent samples for a covariance as compared to a variance (in our case with
a factor ten). Hence, as long as the decorrelation time of q is less
than ten times longer than that of w, the resulting random error in
√
var(q)
 still is smaller than that in cov(w,q). Secondly, using var(q)
2
2
or
Cq ensures that the relative error in var(q) or Cq propagates
with a factor 0.5 to Lv E, see Eq. (6). Thus, the net effect is that as long
as the decorrelation time of q is less than twenty times larger than
the decorrelation time of w, the random error in Lv E estimated with
the combined methods is smaller than the random error in Lv EEC .
Even close to the surface, where the decorrelation time of w is much
smaller than that of q this is guaranteed.
In the analysis above, the energy-balance method was not taken
into account because its estimate of Lv E depends mostly on an
accurate estimate of Qnet . As for the systematic error, the energybalance method has the lowest random error of all methods. The
random error in Lv E is about 0.06 for 1-min averaging intervals
when estimated with this method. However, data were excluded
for Lv E < 70 W m−2 , otherwise the error was dominated by data from
the transition from Qnet > 0 to Qnet < 0. If these data are included,
the random error increases to 0.17. This increase happens, because
during the transition time, H is large compared to Lv E and its magnitude is similar to the sum of Qnet and G. Consequently, even though
the relative random error in H is small, the absolute random error
is large compared to the small Lv E. The resulting relative random
error in Lv E is relatively large, because the large absolute error in H
propagates to Lv E, see Eq. (7).
4.2. Validating the combined methods by means of radiative
forcing
In this section, we validate the combined methods by evaluating the errors in 1-min estimates of Lv E and FCO2 with Qnet and Qs
respectively. For that, we single out two situations and evaluate Lv E
with Qnet . In addition, we validate the data from the whole experiment with the Penman–Monteith model for Lv E. Finally, we do a last

validation of the structure-parameter method under dryer and wetter conditions than those that occurred during the Transregio-2009
campaign. In the previous section we showed that the systematic
and random errors of the combined methods using scintillometer
H, u* , and LO outperform the eddy-covariance estimates of Lv E and
FCO2 for 1-min averaging intervals. From hereon we will therefore
only apply the combined methods with the scintillometer H, u* , and
LO .

4.2.1. Evaluating the combined methods with Qnet and Qs
The evaluation of the combined methods with Qnet and Qs is
done by considering the correlation between Qnet and Lv E and Qs
and FCO2 as described in Section 2.3.2. Fig. 5 shows the time series
of 1-min averaged Qnet and Lv E between 7:00 and 12:00 UTC on
4 June 2009 with time steps of 1 min for all the combined methods and the eddy-covariance method. The ﬁgure depicts a situation
during which cloudy and sunny spells rapidly succeed each other,
so that Qnet ﬂuctuates abundantly. Consequently, we expect Lv E to
ﬂuctuate as well. Note, that even though Qnet drives Lv E we do not
expect a perfect correlation between the two variables, because the
available energy (represented by Qnet ) is not only distributed to Lv E,
but also over other surface ﬂuxes, and some energy is stored.
The ﬁrst impression from Fig. 5 is that the eddy-covariance
and Bowen-variance methods (Fig. 5a,b) perform worse than the
ﬂux-variance, structure-parameter, and energy-balance methods
(Fig. 5c–e). In the following, we examine all ﬁve methods in detail.
Starting with the eddy-covariance method, we see many ﬂuctuations in Lv E. The random error is so large that the radiation-driven
ﬂuctuations in Lv E tend to disappear in the random noise. The corresponding correlation with zero time lag, r0 , between Lv E and Qnet
is 0.34. For the combined methods, we see that the Bowen-variance
method correlates better with Qnet than was the case for the eddycovariance method. However, 24% of data are missing, because data
were omitted when |rTq | < 0.2 or |ˇ| < 0.1 or in case of FCO2 when
|rTqCO2 | < 0.2 or |˛| < 1 (˛ is the Bowen ratio for CO2 ). The ﬂuxvariance method and structure parameter method perform better
than the Bowen-variance method. They both resolve the variations
in Lv E well, have a higher data availability, and r0 is higher, i.e. 0.60
and 0.59 respectively.
Note that Fig. 5a–d besides r0 also shows the correlation with 1
or 2 min time lag, r1 , r2 , i.e. the correlation of Qnet (t) with Lv E(t + 1)
or Lv E(t + 2). We determined the optimal time lag, so that rlag is
maximal. For all four methods, rlag is signiﬁcantly larger than r0 .
All methods, except the Bowen-variance method (r1 = 0.59 and
r2 = 0.58) agree with each other on the time lag of 2 min. Thus, it
seems likely that the time-lag is about 2 min.
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Fig. 5. 1-min Lv E and net radiation on 4 June 2009, (a) eddy-covariance method, (b) Bowen-variance method, (c) ﬂux-variance method, (d) structure-parameter method, and
(e) energy-balance method. In all graphs, r is the correlation coefﬁcient of the net radiation (light grey) with Lv E (grey).

When considering the correlation between Qs and FCO2 a similar pattern is observed (not shown). Again, we do not expect a
perfect correlation between the two variables, because Qs does
not exactly equal the photosynthetically active radiation and
light saturation occurs for Qs > 300 W m−2 . Nevertheless, the correlation between Qs and FCO2 is larger than that was observed
between Qnet and Lv E. For the eddy-covariance method r0 = 0.50
and r2 = 0.65, for the Bowen-variance method r0 = 0.66 and r1 = 0.78,
for the ﬂux-variance method r0 = 0.71 and r2 = 0.89, and for the
structure-parameter method r0 = 0.72 and r2 = 0.88. From this we
can conclude that also FCO2 has a time lag of 2 min. The reason for
the time lag of the ﬂuxes is discussed in Section 5.2, here it sufﬁces
to say that it is related to the storage capacity of the system.
Finally, the energy-balance method is added for completeness.
The energy-balance method clearly overestimates Lv E as a result
of the non-closure of the energy balance (Van Kesteren et al.,
2012). Furthermore, the phase of Lv E is biased to that of Qnet ,
which makes that the method is not capable of capturing the 2min inertia of the system. More in general, Qnet is unsuitable as a
validation method for the energy-balance method, because of the

strong cross-correlation between method and reference through
Qnet . This is especially true for the conditions encountered in this
experiment, where H and G are relatively small compared to Qnet
and the storage terms and the energy equivalent of the CO2 ﬂux
are neglected. Therefore, the large correlation coefﬁcient (r = 0.94)
cannot be considered to be an indication of accuracy.
From the above result we can conclude that the assumption of
a closed energy balance does not hold for 1-min averaging intervals. Consequently, we expect that the Penman–Monteith model,
our second validation method, is affected by the invalidity of this
assumption as well. In the following, we will discuss the accuracy of the energy-balance method and the Penman–Monteith
model. Fig. 6 shows Qnet together with Lv E estimated with the
energy-balance method, the Penman–Monteith model, and the
structure-parameter method, which we added for comparison. Furthermore, we highlighted and numbered three events with distinct
changes in radiation to guide the discussion.
From the error analysis and Qnet validation, we know that the
structure-parameter method resolves Lv E accurately for each of
these three events. As in Fig. 5, the abrupt changes in Qnet are
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Fig. 6. Responses of Lv E to variable radiation, 5 June 2009 from 7:00 UTC to 10:30 UTC. Lv E with 1-min averaging intervals is shown for the energy-balance method, the
Penman–Monteith model, and the structure-parameter method.
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Table 3
Comparison of the combined methods and the eddy-covariance method with Penman–Monteith for 1-min averaging intervals of Lv E. Shown are: r, the correlation coefﬁcient,
RMSE, the root mean-square error, and n the total number of 1-min samples included in the calculations. Finally, the subscript 0 denotes a 0-min time lag and the subscript
2 denotes a 2-min time lag of Lv E.
RMSE0 (W m−2 )

r2 (−)

RMSE2 (W m−2 )

n (−)

0.51
0.71
0.72
0.72

74
38
41
42

0.58
0.72
0.76
0.76

54
34
31
31

2302
1541
2181
2181

followed by delayed and slightly damped (event 2) changes in Lv E.
The energy-balance method and the Penman–Monteith model are
not able to resolve this inertia.
Moreover, the energy-balance method response on changes in
Qnet is extreme. During the ﬁrst event, the method shortly estimates
a negative Lv E, immediately followed by an increase in Lv E, even
though Qnet remains constant. During the third event a similar thing
happens, but now mirrored as compared to the ﬁrst event. This is
not a physical response of Lv E upon changing Qnet , but it reﬂects
the inertia in H. Hence, given the local circumstances, we conclude
that the energy-balance method is unsuitable for measuring 1-min
averaged ﬂuxes.
The Penman–Monteith model yields better Lv E estimates than
the energy-balance method, but the phase of its Lv E estimate is
biased to Qnet as well. Both the assumption of a closed energy balance and constant rc contribute to this. Despite these limitations in
our model set-up, the Penman–Monteith model still gives a more
comprehensive approach to ﬂuctuations in Lv E than Qnet only. Especially during the late afternoon and early night, when the second
term in Eq. (8) (water-vapour demand) dominates over the ﬁrst
term (the radiation term), the model is an improvement on Qnet .

in resolving ﬂuctuations in Lv E. The Bowen-variance method, however, misses 30% of the data. These data were omitted, because
like De Bruin et al. (1999) we found that the Bowen-variance
method produces unreliable results when |rTq | < 0.2 or |ˇ| < 0.1.
The ﬂux-variance method resolves ﬂuctuations in Lv E even slightly
better than the Bowen-variance method (r0 = 0.72 and r2 = 0.76,
and RMSE0 = 41 W m−2 and RMSE2 = 31 W m−2 ). Nevertheless, the
method is less suitable to measure 1-min averaged Lv E than
the structure-parameter method, because of its large systematic
error. The structure-parameter method resolves the ﬂuctuations
in Lv E well (r0 = 0.72 and r2 = 0.76, and RMSE0 = 42 W m−2 and
RMSE2 = 31 W m−2 ) and moreover, the method does neither suffer from a systematic error, nor misses 30% of its data. Therefore,
we conclude that the structure-parameter is the best and most
robust method to measure Lv E for 1-min averaging intervals.
Consequently, in the following we will apply the structureparameter method to extend the validation to conditions that
were wetter and dryer than the conditions used for the previous
validation.

4.2.3. Evaluating the structure-parameter method with
Transregio2008 and LITFASS2009 data
In the previous sections we validated the combined methods for
Lv E and FCO2 with data from the Transregio2009 experiment. In this
section, we will do a ﬁnal validation in which we regard both Lv E and
FCO2 . The data used in this section come from Transregio2008 and
LITFASS2009, i.e. for sugar beets under relatively wet conditions
and for triticale under relatively dry conditions.
Fig. 7 shows Qnet with Lv E (a) and Qs with FCO2 (b) over the
sugar beets on the 14th of August 2008. Both ﬂuxes show a comparable, high correlation with the radiation (r1 = 0.84 and r1 = 0.90 for
Lv E and FCO2 respectively). This is similar as to what was observed
over the wheat ﬁeld in the 2009 experiment (r2 = 0.80 for Lv E and
r2 = 0.89 for FCO2 ). Precipitation characterized the 2008 experiment
and the conditions were wetter (ˇ ≈ 0.2) than during the 2009
experiment (ˇ ≈ 0.3). The optimal time lag for the correlation over
the sugar beets is 1 min, which is 1 min faster than was observed
over the wheat in the 2009 experiment. Probably this is related to
the lower crop density of the sugar beets compared to the wheat.
Wheat has a large crop density (in terms of dry and wet matter as
well as leaf-area index) and the leafs and the stems form a dense
canopy compared to the canopy of sugar beets. Consequently, less
storage is possible in sugar beets than in the wheat.
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4.2.2. Validating the combined methods with Penman–Monteith
This section continues with the validation of the combined
methods with the Penman–Monteith model based on data from
the whole experiment. Table 3 shows the correlation coefﬁcient
and RMSE that resulted from the regression analysis. Both statistical parameters are shown without time lag and with a 2-min time
lag.
For 30-min averaging intervals, the Penman–Monteith model
compares to the eddy-covariance method with a regression slope of
0.96x, a correlation of 0.97 and a RMSE of 22 W m−2 . For 1-min averaging intervals, the eddy-covariance method compares worst of all
methods. The method has the largest RMSE (RMSE0 = 74 W m−2 and
RMSE2 = 54 W m−2 ) and its correlation is the lowest (r0 = 0.51 and
r2 = 0.58). Assuming a 2-min time lag, improves the comparison, but
despite the improvement, we see that the eddy-covariance method
is not able to resolve rapid ﬂuctuations in Lv E. Together with the fact
that the method has a large systematic error, this leads to the conclusion that the method is unsuitable for measuring 1-min averaged
ﬂuxes.
The three combined methods perform better than the eddycovariance method. All three combined methods yield good results
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Fig. 7. Inﬂuence of (a) varying net radiation on Lv E and (b) incoming short-wave radiation on FCO2 for a situation on 14 August 2008 from 10:30 UTC to 13:30 UTC.
Measurements were made over sugar beets and the Bowen ratio was about 0.2. In (a) Qnet is light grey and Lv E is grey. In (b) Qs is light grey and – FCO2 is dark grey.
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Fig. 8. Inﬂuence of (a) varying net radiation on Lv E and (b) incoming short-wave radiation on FCO2 for a situation on 9 July 2009 from 14:00 UTC to 17:00 UTC. Measurements
were made over triticale and the Bowen ratio varied between 0.3 and 2.5. In (a) Qnet is light grey and Lv E is grey. In (b) Qs is light grey and –FCO2 is dark grey.

Fig. 8 shows Qnet with Lv E (a) and Qs with FCO2 (b) over the triticale on the 9th of July 2009 during the LITFASS-2009 experiment.
The triticale was in its senescence phase and slowly dried out during the experiment. Furthermore, the Bowen ratio ﬂuctuated and
reached values of about 2.5 during the sunny spells and 0.3 during
the cloudy periods. These conditions are drier than during the two
Transregio32 experiments. Just as for the sugar beets, the optimal
time lag is 1 min. Triticale is a grain, as is wheat, but it has dried out
and hence lost some of its storage capacity.
For Lv E, the correlation is clearly lower than in the previous
experiments, r1 = 0.62. Also when using the ﬂux-variance method,
r1 = 0.70 (not shown). However, FCO2 still has a large correlation
with Qs (r1 = 0.90), even though FCO2 is much smaller than in the
previous two experiments (during the cloudy situations respiration dominates over photosynthesis). Also Cq2 hardly correlates with
2
Qnet , whereas CqCO
does correlate with Qs (not shown). Thus, it
2
seems that in contrast to the CO2 availability, the water availability is limited, causing the decorrelation of Lv E and Qnet . Note,
that the different correlations do not indicate that Lv E and FCO2
have become dissimilar (the combined methods assumes similarity). Similarity only concerns the way the scalars are transported
through the atmosphere and it does not require the ﬂuxes to be
identical.
The above-mentioned results from the validations with the error
analysis, the validation with Qnet and Qs , both for Transregio2009
and the other experiments show a clear agreement between Lv E
and FCO2 . FCO2 and Lv E represent the surface ﬂuxes of two passive scalars, water vapour and carbon dioxide. This leads us to the
conclusion that the validation results of the combined methods
generally holds for passive scalars.

5. Applications of 1-min evapotranspiration and CO2 ﬂuxes
In this section, we will apply the structure-parameter method
to study ﬂux responses and vegetation responses under nonstationary conditions. From here onward, we will use the
Transregio-2009 data again (winter wheat) and consider 1-min
averaging intervals. We will start with using the method to discuss
the different responses of Lv E and FCO2 upon decreased radiation
(Sections 5.1 and 5.2). Then, we will discuss the relevance of determining light–response curves based on 1-min averaging intervals
(Section 5.3). Finally, we will determine 1-min averaged canopy
resistances and discuss plant behaviour for two days with signiﬁcantly different atmospheric conditions (Section 5.4).

5.1. Plants versus turbulence
In this section, we investigate whether the fast response of Lv E
to Qnet and FCO2 to Qs is brought about by a quick adaptation of
turbulence or a quick adaptation of plants. To distinguish between
the two, we recall the equation of the structure-parameter method

for Lv E
Lv E = −Lv u∗ q∗ = −z 1/3 

Lv u∗
fq (z/LO )



Cq2 = −Kq,strpar



Cq2 ,
(12)

where  is the density, fq (z/LO ) is a MOST function, and Kq,strpar is the
turbulence transport efﬁciency of the structure-parameter method.
As z, Lv , and  are approximately constant in time, the most variation occurs in either Cq2 or Kq,strpar . Here, we will discuss the response
of Lv E, because it is representative for FCO2 and other passive-scalar
ﬂuxes as well (not shown).
To check if the most variation occurs in Cq2 or in Kq,strpar we
introduce Fig. 9, which shows Qnet together with Cq2 and Kq,strpar
for the same situation as Fig. 6 on the 5th of June 2009. Fig. 9 shows
that Kq,strpar does not correlate with Qnet . Through LO , Kq,strpar is
determined by u* and H and of these two variables, Qnet directly
inﬂuences only H. In Part I, we showed that the inﬂuence of H on
Kq,strpar (and thus on Lv E) is small, whereas the inﬂuence of u* is
relatively large (Van Kesteren et al., 2012). Furthermore, u* is sensitive to the wind speed and to adapt to changes in Qnet during
daytime takes about 25 min (Foken et al., 2001). Perhaps, in this
speciﬁc case Kq,strpar could also be obtained by interpolating 15min or 30-min averaged eddy-covariance measurements. However,
especially during conditions of changing wind speed, when buoyancy gets more important (during conditions of free convection), or
during periods of intermittent turbulence this approach does not
hold.
Cq2 , on the other hand, does strongly correlate with Qnet . Cq2 is
determined by the concentration above the sensor and below it. We
assume that the concentration above the sensor remains constant,
whereas the concentration below the sensors (close to the canopy)
changes. This concentration changes either, because the vegetation
closes its stomata or because the concentration within the stomatal
cavity changes. In the following, we will investigate, which of the
two possibilities occurs.
5.2. Exploring mechanisms that drive Lv E and FCO2
The previous section shows that close to the surface, the ﬂux
forcings mainly affect the variations in humidity, but not the atmospheric turbulence, i.e. the transport mechanism. This is in line with
ﬁndings in literature, which show various responses of the surface
ﬂuxes to changes in radiation (Foken et al., 2001; Mauder et al.,
2007). In the following, we will use the 1-min ﬂuxes to study the
ﬂux responses upon an almost instantaneous change in radiation
(a step response). The 1-min ﬂuxes enable us to do a detailed study
of the ﬂux response and discuss the mechanisms that cause Lv E and
FCO2 to respond differently upon changes in radiation.
To this end, we introduce Fig. 10, which compares Lv E and FCO2
with Qs for the same situation as the previous section. Fig. 10a
shows Qs with Lv E and -FCO2 plotted such that they overlap and
Fig. 10b shows Qs with the ratio of −FCO2 and E (E = Lv E/Lv ). This
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Fig. 9. Inﬂuence of varying net radiation. The grey line is the net radiation and the black line (a) the turbulent transport efﬁciency, and (b) the structure parameter.

ratio is similar to the water-use efﬁciency, with this difference that
it is not corrected for the respiration ﬂux (∼0.3 mg m−2 s−1 ), which
is an order of magnitude smaller than the photosynthesis. Taking into account the low respiration rate and the fact the wheat is
almost fully grown and fully covers the soil, it is feasible to assume
that transpiration mainly determines Lv E and that photosynthesis
mainly determines FCO2 (cf. Scanlon and Kustas, 2010). Therefore,

we will do so from hereon. Finally, three speciﬁc events are marked
in order to guide the analysis.
During the ﬁrst event, Qs suddenly drops (8:08 UTC) and Fig. 10a
shows that after 8:10 UTC FCO2 drops more rapidly than Lv E. FCO2
collapses in 4 min (including the time lag of 2 min), whereas Lv E
requires 10–15 min to adapt to the new radiation regime. Also during the other two events, FCO2 responds more rapidly to changes
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Fig. 10. Inﬂuence of varying incoming short-wave radiation on Lv E and FCO2 for a situation on 5 June 2009 from 7:00 UTC to 10:30 UTC. (a) showing both Lv E and FCO2 (b)
showing the ratio of FCO2 and E. In (a) Qs is light grey, Lv E is grey, and –FCO2 is dark grey. In (b) Qs is light grey and –FCO2 /E is grey.
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Fig. 11. Light–response curves for wheat on a cloudy morning (3 June 2009) and on a cloudless morning (1 June 2009), (a) without time-lag correction and (b) with time-lag
correction.

in the radiation than does Lv E. This is conﬁrmed by considering the
ratio FCO2 /E in Fig. 10b. Throughout the selected period the ratio
FCO2 /E ﬂuctuates around 19 mg CO2 /g H2 O (cf. Baldocchi, 1994b)
who found 11 mg CO2 /g H2 O), but when FCO2 and Lv E respond to the
changed radiative forcing the ratio clearly deviates from this mean
(from 8:10 UTC onward). Hence, we conclude that the plant stomata
2
did not cause the change in Cq2 and CqCO
. Otherwise, both struc2
ture parameters would respond identically, as would the ﬂuxes do.
Determining the canopy resistance as described in Section 2.4 conﬁrmed this conclusion, because the canopy resistance remained
constant during all three events (not shown).
For FCO2 , these results are similar to Foken et al. (2001) over
maize and Mauder et al. (2007) over cotton, who upon a solar
eclipse estimated the delay of FCO2 to be <5 min and <3 min, i.e.
almost immediate.
For Lv E, our results are neither as long as the 25 min delay found
by Foken et al. (2001), nor as short as the immediate response found
by Mauder et al. (2007). First, there is a 2-min time lag, which is
followed by a drop of Lv E in 3 min and accomplishes 67% of the total
change in the ﬂux. Finally, the response ends with a more gradual
decrease of Lv E during the following 6–7 min. This brings the total
response time at 11–12 min. For H a similar pattern as for Lv E is
observed (not shown). This response time differs from Foken et al.
(2001) who found a response time of 5 min, whereas it is more in
agreement with the response time found by Mauder et al. (2007)
of 8–13 min.
However, note that we do not expect identical response times.
Firstly, in our case the radiation decreases in less than 2 min (causing a step response), whereas in case of the solar eclipses it takes
about one to one-and-a-half hour to get a similar decrease (causing
a sine response). Furthermore, the heat capacities of the systems
differ, depending on the crop in question, development stage of
the crops, atmospheric conditions, drought etc. In our case, there
is an abrupt drop of Qs . Nevertheless, storage changes of heat in
the soil, in the wheat plants, and in the air, make that energy
for H and Lv E remains available. Slowly, this energy is released
(the surface temperature only slowly decreases), so that H and
Lv E gradually decrease during the 5–12 min after the initial drop
in Qs .
Summarizing the above it is clear that solar radiation plays a
more active role in determining FCO2 than in determining Lv E. The
photosynthesis rate, a bio-chemical rate, is directly affected by the
solar radiation. As this rate determines the amount of CO2 taken
up by the plant, and with that FCO2 , there is a direct link between
Qs and FCO2 . For Lv E the link with Qs is less direct, because Lv E is
passively lost through the open plant stomata and also heat-storage
changes affect Lv E.

Finally, we address the issue of the time lag (shift in time) that
occurs between the radiation, and FCO2 and Lv E respectively. The
time lag is found by determining the optimal correlation between
the radiation and the ﬂuxes. Furthermore, it is identical for both
FCO2 and Lv E, and constant in time, but it differs per experiment
(Transregio2009 vs. Transregio2008 or LITFASS2009). Especially
the fact that we observe an increasing FCO2 upon a decreasing solar
radiation is giving conﬁdence that we can exclude plant or soil
effects. The invariableness of the 2-min time lag rather points to
storage changes of CO2 and water vapour in the lower two meters
of the atmosphere between the (vegetation) surface and the sensor.
For tall-tower observations, time lags are more familiar, but close
to the surface (where the storage effect is very strong) this has gone
unnoticed so far, because typically ﬂux averages of 15–30 min are
used instead of 1-min averages.
5.3. Light–response curves
Light–response or radiation–response curves are plots of Qs with
-FCO2 . They are a measure of how efﬁcient plants can photosynthesise for a given light intensity. These curves differ among crops and
depend on atmospheric conditions (Gilmanov et al., 2003; Kim and
Verma, 1990; Moene and Van Dam, 2012; Nieveen et al., 1998).
The advantage of determining these curves based on 1-min data
is that only one morning is required to accurately determine a
light response curve instead of one month. During one morning
the development stage of the crop and atmospheric conditions are
more constant than during one month and as such it becomes easier
to study light response curves for speciﬁc conditions.
This is illustrated in Fig. 11. Fig. 11 shows the light–response
curves based on 1-min measurements of FCO2 for two mornings
in June 2009 over wheat, i.e. a cloudless morning on 1 June 2009
from 3:15 UTC until 10:00 UTC and a cloudy morning on 3 June
from 3:15 UTC until 10:30 UTC. On the cloudless day the temperature increased from 11 ◦ C to 22 ◦ C and the water-vapour deﬁcit,
wvd, increased from wvd ≈ 0 hPa to wvd ≈ 10 hPa, whereas on the
cloudy day the temperature increased from 10 ◦ C to 15 ◦ C and wvd
increased from wvd ≈ 0 hPa to wvd ≈ 5 hPa. As can be seen the light
saturation is higher for the cloudy morning with the lower wvd (cf.
Kim and Verma, 1990; Nieveen et al., 1998). This is related to the fact
that the lower the wvd the better the water-use efﬁciency of crops
(e.g. Baldocchi, 1994b; Nieveen, 1999). As Lv E had a similar magnitude on both days, and the water-use efﬁciency was higher on the
cloudy day with the low wvd, the light saturation is higher for that
day. Note, that a low wvd and cloudy conditions are closely related,
because the temperature usually remains low during cloudy conditions. In addition, cloudy conditions beneﬁt the light-use efﬁciency
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Fig. 12. 1-min values for the canopy resistance of wheat for (a) 2 June 2009 and (b) 4 June 2009. (a1) and (b1) show the incoming short-wave radiation, Qs , together with
the ﬂuxes H and Lv E, (a2) and (b2) show the canopy resistance, rc , for the corresponding time. In (a1) and (b1) Qs is light grey, Lv E is grey and H is dark grey.

of vegetation, because there is more diffuse radiation than during
unclouded conditions (Gu et al., 2002).
Another aspect that is shown by Fig. 11 is the importance of taking account the 2-min time lag of −FCO2 compared to the radiation,
i.e. plotting Qs (t) vs. FCO2 (t + 2). Fig. 11a shows the light–response
curves for which the time lag has not been taken into account and
Fig. 11b shows the light–response curves for which the time lag has
been taken into account. Clearly, the scatter of the response curve
from the cloudy situation is reduced by taking into account the time
lag. Taking into account this time lag is not only relevant for working
with 1-min ﬂuxes, but also for determining light–response curves
based on 30-min averaging intervals. For the cloudy conditions, the
differences between FCO2 (t)
between −3% and +7%.

30

and FCO2 (t + 2)

30

randomly varies

5.4. Canopy resistance on 1-min time scales
This section discusses the results of the 1-min averaged canopy
resistance. Fig. 12a1 and b1 show Qs , together with Lv E and H,
whereas Fig. 12a2 and b2 shows rc . For this discussion, we selected
two events. A day that was almost cloudless, 2 June 2009 (Fig. 12a)
and a day that had a variable cloud cover, 4 June 2009 (Fig. 12b).
To estimate rc , we followed the procedure outlined in Section 2.4,
using the resistance expressions for H and Lv E.
Starting with 2 June 2009, it can be seen that Lv E increases until
12:15 UTC and then slowly levels off, whereas H decreases from
about 8:30 UTC. On the other hand, rc is more or less constant. It
ﬂuctuates slightly during the clouded periods, reaches a minimum
around 9:30 UTC and increases afterwards. Furthermore, rc shows
some noise, which is mainly caused by the noise in the Lv E measurements. These estimated values for rc are slightly lower than found
by Baldocchi (1994a), who found values typically between 50 and
100 s m−1 , and more comparable to Hatﬁeld (1985) who found typical afternoon values of less than 30 s m−1 in the shade. However,

rc strongly depends on the atmospheric conditions, soil and crop
properties such as the leaf-area index (Baldocchi, 1994a; Hatﬁeld,
1985). Hence, we can safely assume that rc is accurately resolved
by this method.
Probably, rc increases after 9:30 UTC, because plants reduce their
stomatal aperture on large water loss (large Lv E) (Monteith, 1995;
Mott and Parkhurst, 1991). The air gets drier and wvd ≈ 10 hPa,
corresponding to a relative humidity, RH, of about 50–60%. When
plotting rc against wvd a clear relation was observed (not shown),
whereas no clear relation was observed between rc and Qs (not
shown).
On the cloudy day both Lv E and H correlate well with Qs . Note,
that before 13:00 UTC H is negative for a while, which is a sign that
warm air is advected. The response of rc differs from that in the
previous situation. First, rc decreases and then from 9:30 UTC on rc
starts to ﬂuctuate. The peaks in rc coincide with dips in Qs , albeit
that the peaks lag approximately 5 min behind. Estimating the time
between the base and top of the peaks leads to the conclusion that
the wheat vegetation achieves the maximum change in rc in about
20 min.
The question is whether wheat plants can physiologically control the ﬂux by closing their stomata within such a time frame.
Wheat belongs to the family of the Poaceae (grasses), which is characterized by its “dumb-bell-shaped” stomata (Franks and Farquhar,
2007; Hetherington and Woodward, 2003). Hetherington and
Woodward (2003) state that because of the “dumb-bell design”:
“Smaller changes in guard and subsidiary cell turgor lead to greater
increases in stomatal aperture (. . .). This efﬁciency and speed of
stomatal opening in grasses enhances photosynthesis and water
use efﬁciency compared with non-grass species.” Furthermore,
Franks and Farquhar (2007) conclude for wheat: “(. . .) the capability of very rapid stomatal movements (at a substantially faster
rate than perhaps any other stomatal type) (. . .) may be explained
by the unique morphology and mechanics of its dumb-bell-shaped
stomata coupled with “see-sawing” of osmotic and turgor pressure
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between guard and subsidiary cells during stomatal opening or
closure”. With “very rapid” they mean that the stomata can fully
open within 4–9 min, depending on humidity (Franks and Farquhar,
2007).
Thus, we can conclude that indeed wheat is able to change its
stomatal aperture on time intervals shorter than 20 min. However,
stomatal response strongly depends on plant type and local circumstances such as water availability, heat, nutrient availability,
competition with other plants, solar radiation, history, and time of
the year. (Cardon et al., 1994). Most of these local circumstances are
optimized for crops. In contrast to the situation in Fig. 12a, the air is
more humid (RH > 75%) during the situation in Fig. 12b and no clear
relation between rc and wvd is observed (not shown), whereas a
relation between rc and Qs is clearly observed (not shown).
Finally, we want to mention that with the inverted
Penman–Monteith method, by taking into account the time
lags of H, Lv E, and G, we could reproduce rc for the cloudy
day, albeit with more scatter (not shown). During this day,
H(t + 2) + Lv E(t + 2) scattered around the 1:1 line when plotted
against Qnet (t) − G(t + 4), indicating a closure of the energy balance. For the cloudless day, we could not reproduce these results,
because Qnet (t) − G(t + 4) > H(t + 2) + Lv E(t + 2), i.e. the energy balance
did not close. Non-closure of the energy balance occurs in many
experiments, so great care must be taken when using the inverted
Penman–Monteith Method. Thus, we conclude that through the
resistance expressions for H and Lv E, the structure-parameter
method most accurately solves 1-min averaged rc and can be
usefully applied to study vegetation responses in the ﬁeld.

6. Conclusions
This paper discussed four combined methods for determining 1-min averaged Lv E and FCO2 that can be used to
evaluate Lv E under non-stationary conditions. The combined
methods we discussed were the Bowen-variance method, the
ﬂux-variance method, the structure-parameter method, and
the energy-balance method. The validation was based on the
data from a wheat ﬁeld near Merken (Germany), gathered in
the framework of the Transregio32 experiment in 2009. Furthermore, an additional validation of the structure-parameter
method was based on data from a wet sugar beet ﬁeld
near Merken gathered in the framework of Transregio32 in
2008 and data from a dry triticale ﬁeld near Lindenberg
(Germany) gathered in the framework of the LITFASS-2009 experiment.
The error analysis shows that the energy-balance method did
not suffer from an averaging-time-dependent systematic error for
1-min averaging intervals, whereas the eddy-covariance method
and ﬂux-variance method have a large (−0.15) systematic error.
Also the Bowen-variance method has a systematic error (+0.09),
which results from a larger error in  T than in  q or qCO2 .
Finally, the structure-parameter method has a negligible systematic error in Lv E and FCO2 . The structure parameter is deﬁned
for separation distances that fall within the inertial sub-range
of the scalar spectrum. Large eddies are not observed and do
not need to be sampled. Consequently, structure-parameters are
more robust statistical parameters than variances. In addition,
the negligible systematic error in FCO2 , Lv E, H, and u* conﬁrms
that the application of Monin–Obukhov similarity theory is justiﬁed for 1-min averaging intervals. Provided the conditions are
homogeneous, the scintillometer yields a local ﬂux estimate, which
estimates the ensemble average by averaging in both space and
time.
Similarly, we discussed the averaging-time-dependent random
error in the combined methods. For 1-min averaging intervals,
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the random error of the combined methods is about half the random error of the eddy-covariance method. The exception is the
energy-balance method. This method has a smaller error than the
other combined methods, during the time of the day when the
net radiation is dominant. For all combined methods holds that
the combination of measuring H and u* with the scintillometer
and using standard deviations instead of covariances as scalar turbulence variables, greatly reduces the random error in the ﬂux
estimate.
Using Qnet , Qs , and the Penman–Monteith model, we validated
the combined methods and showed that the eddy-covariance
method cannot resolve 1-min ﬂuctuations in Lv E and FCO2 . Also the
energy-balance method is unsuitable for measuring 1-min averaged ﬂuxes. The assumption of a closed energy balance on H, Lv E,
and G leads to a two-fold inaccuracy, because the non-closure is
fully attributed to Lv E. Firstly, the energy-balance overestimates Lv E
by about 20% and secondly, the phase of Lv E is biased to the phase
of Qnet . In one case this even led to a negative Lv E estimate during
daytime.
The three other combined methods are well able to resolve
ﬂuctuations in Lv E and FCO2 . Unfortunately, the Bowen-variance
method has 30% less data than the other two combined methods, because data had to be omitted when |rTq | < 0.2 or |ˇ| < 0.1 and
|rTqCO2 | < 0.2 or |˛| < 1. The ﬂux-variance method resolved the ﬂuctuations in the ﬂux better than the Bowen-variance method, but the
method suffers from its systematic error for 1-min averaging intervals. The structure-parameter method accurately estimates Lv E and
FCO2 for 1-min averaging intervals and was found to be the best and
most robust method of all combined methods.
For a ﬁnal, more extensive evaluation, we therefore applied the
structure-parameter method to other experiments as well. It was
shown that over sugar beets during wet conditions (ˇ ≈ 0.2), the
method performed equally well in determining Lv E and FCO2 as over
the wheat ﬁeld. During dryer conditions (ˇ ﬂuctuating between
0.3 and 2.5) Lv E did not correlate well with Qnet , because Cq2 did
not correlate with Qnet . Lv E was small and thus sensitive to disturbances. FCO2 , however, correlated as well with Qs as during the
2
other experiments and CqCO
did do so as well.
2
Having ﬁnished the validation, we investigated the relevance
of 1-min ﬂuxes under non-stationary conditions, for several applications. First, we showed that the changes in the ﬂuxes are not
caused by changes in the turbulence, the transport mechanism, but
by changes in the variations of the passive-scalar concentration, i.e.
changes in the scalar concentration close to the vegetation.
Second, we showed that Lv E and FCO2 respond differently to
abrupt changes in solar radiation. Both ﬂuxes lag 2 min behind
the radiation, because of storage of water vapour and CO2 in the
air between the (vegetation) surface and our sensors. After these
2 min, FCO2 almost immediately responds to a change in radiation,
because the available radiation directly affects the chemical rate of
photosynthesis and with that the CO2 uptake. Lv E on the other hand
shows a more dampened response, because stored (heat) energy
still beneﬁts Lv E (through the surface temperature) and the canopy
resistance did not change. Therefore, Lv E (and H) change more gradually upon changes in the radiation than FCO2 . Of course, these
ﬁndings depend strongly on the data set, because for the two other
datasets, the time lag for example was found to be 1 min instead of
2 min.
Third, we studied light–response curves of the wheat canopy
for a cloudy and unclouded morning and showed that the lightsaturation level was signiﬁcantly higher during the cloudy morning
(as expected). This happened, because during the cloudy morning
the water-vapour deﬁcit was higher and with that the water-use
efﬁciency. Furthermore, there was more diffuse radiation, all factors that beneﬁt the light efﬁciency of the vegetation. In addition,
we showed that especially during cloudy conditions it is crucial to
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take into account the time lag between FCO2 and Qs . Even when
determining curves based on 30-min Qs and FCO2 not taking into
account the time lag can lead to errors that in our case randomly
varied between −3% and +7%.
Fourth, we applied the structure-parameter method to study
the 1-min averaged values of the canopy resistance. It was shown
that via the resistance expressions for H and Lv E, the structureparameter method accurately resolves 1-min rc . Depending on the
atmospheric conditions, rc was driven by either the radiation or by
the magnitude of Lv E (water-vapour deﬁcit). Thus, it was shown
that plants indeed modify their canopy resistance and thus modify
turbulent ﬂuxes on time intervals shorter than 30 min. We argued
that for wheat plants this is easily possible, because they are able
to adapt their stomatal apertures on time scales as short as 5 min.
By taking into account the time lags in H, Lv E and G compared to
Qnet , the inverted Penman–Monteith method could also be used to
resolve 1-min rc , but the accuracy of this method is very sensitive
to non-closure of the energy balance.
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