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ABSTRACT: Taylor’s hypothesis (TH) converts temporal observations to spatial information of the flow while carrying out
measurements on a micrometeorological tower. Other than TH, there exists a more general elliptic model, which converts time
to space by focusing on the geometry of the space–time correlation function. In the elliptic model, TH is recovered when the
space–time correlation functions are straight lines, and when TH is invalid, they are approximated as elliptic curves. To test
whether TH or an elliptic model was appropriate for a highly heterogeneous forest clear-cut flow, we examined the geometry
of the space–time correlation function of temperature by using an extensive distributed temperature sensing (DTS) dataset col-
lected during daytime convective conditions at a height of 3.1 m above the clearing. This was complemented with an eddy co-
variance (EC) dataset that measured the turbulence characteristics. When the mean wind was parallel to a nearby forest edge,
the DTS-derived space–time correlation function of temperature fluctuations resembled elliptic curves, rather than straight lines
as predicted by TH. Due to large turbulence intensities, the curvatures in the space–time correlation contours were caused by
the random sweeping events associated with large-scale eddies that invalidated the frozen turbulence assumption in TH. The
velocity scale of these sweeping events correlated with the turbulence kinetic energy of the clear-cut flow, thereby lending sup-
port to the random sweeping hypothesis. Upon converting time to space through an elliptic and TH-based scaling, our results
demonstrated that both temporal DTS and EC temperature measurements were impacted by the random sweeping events.

SIGNIFICANCE STATEMENT: The near-surface turbulence measurements serve as a cornerstone in land–
atmosphere interaction research. Without spatial information, to associate these temporal measurements with
spatial scales, one applies Taylor’s hypothesis (TH) by assuming that the space–time conversion can be achieved
through the local mean wind speed. However, this hypothesis fails when the turbulence intensities are large and ran-
dom sweeping effects associated with large-scale eddies invalidate the frozen turbulence assumption in TH. To account
for this sweeping effect, we employ an elliptic model of space–time correlation in a forest clear-cut flow. The results sug-
gest that in a highly turbulent and heterogeneous forest clear-cut flow, the relationship between space and time is more
closely approximated as an ellipse rather than a simple linear one.

KEYWORDS: Boundary layer; Atmosphere-land interaction; Surface fluxes; In situ atmospheric observations;
Surface observations; Time series

1. Introduction

Across the globe, the micrometeorological towers routinely
monitor the vertical turbulent fluxes of heat, matter [e.g., mois-
ture, carbon dioxide (CO2)], and momentum under the aegis of
various programs such as flux network (FLUXNET), American
flux network (AmeriFlux), National Ecological Observatory
Network (NEON), and Integrated Carbon Observation System
(ICOS) (Baldocchi et al. 2001; Novick et al. 2018; Metzger et al.
2019; Heiskanen et al. 2022). The data collected from these

efforts serve as a cornerstone to understand land–atmosphere in-
teraction, energy budget of Earth’s surface, and carbon and wa-
ter exchanges between the ecosystem and atmosphere. Although
the turbulent eddies facilitating the vertical transport exist physi-
cally in space, spatial information of atmospheric turbulent flows
are rarely available, and thus, the instruments mounted on mi-
crometeorological towers register the turbulent variables over
time. To circumvent this issue, Taylor’s hypothesis (TH) is used
to convert the temporal information to spatial ones. This hypoth-
esis states that the turbulent structures move past the measure-
ment location with a convective velocity in a frozen state; i.e.,
their characteristics change slowly compared to the speed at
which the mean flow transports them along (Taylor 1938).

The validity of TH in atmospheric flows has been studied pre-
viously by utilizing theoretical (Wyngaard and Clifford 1977;
Wilczek et al. 2014), numerical (Horst et al. 2004; Higgins et al.
2012), and novel (Cheng et al. 2017; Han et al. 2019; Hilland and
Christen 2024) experimental techniques. Notwithstanding this
progress, a methodological challenge persists in how the convec-
tive speeds of the turbulence structures should be evaluated,
which is central to the assessment of TH. Some studies have
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utilized the peak time scales associated with the temporal cross-
correlation functions computed between different locations over
space (Shaw et al. 1995; Han et al. 2019). Under the assumption
that the structures take longer time to reach distant spatial loca-
tions, Krogstad et al. (1998) showed that a linear relationship
could be found between the peak time scales and spatial loca-
tions, whose slope provided an estimate of the bulk convective
speeds. This method has been utilized on roughness sublayer
and atmospheric surface layer flows (Powell and Elderkin 1974;
Shaw et al. 1995; Horst et al. 2004; Han et al. 2019), and the re-
sults often yield convective speeds larger than the mean wind
speed. On the other hand, Su et al. (2000) utilized the large-
eddy simulation data of a dense canopy flow, and they found
that the temporal and spatial peaks of cross-correlation functions
varied differently with space and time. This effectively produced
two convective velocities where the one computed over the tem-
poral domain appeared larger than the one computed over the
spatial domain. Later, Cheng et al. (2017) utilized the method-
ology of Del Alamo and Jiménez (2009) to compute the con-
vective speeds of temperature structures by using the Fourier
phases of the spatial signal obtained from distributed temper-
ature sensing measurements and large-eddy simulations. They
found that at larger scales this convective speed was nearly
equal to the mean wind speed and decreased as a power of
21/3 with increasing wavenumbers. This conclusion was qualita-
tively similar to Higgins et al. (2012). By utilizing both Raman li-
dar and large-eddy simulation data and employing a threshold
on the temporal cross-correlation functions of humidity, Higgins
et al. (2012) found that at larger scales the structures nearly
moved with the mean wind speed.

From this brief review, it is clear that different methodolo-
gies yield different outcomes, which forces one to ask how the
validity of TH should be assessed in atmospheric flows. For
instance, if the convective speeds of turbulence structures are
larger or smaller than the mean wind speed, is it sufficient to
claim that TH is invalid? Cheng et al. (2017) argued that this
is not a strong test as it is often the frozen turbulence assump-
tion in TH that is not valid. In fact, from a turbulent jet exper-
iment, Wills (1964) argued that when the frozen turbulence
assumption does not hold, the morphology of space–time cor-
relation contours is not straight lines as assumed in TH;
rather, they appear as closed-form curves. Under such condi-
tions, Wills (1964) showed that there will be differences be-
tween the convective speeds estimated from the spatial and
temporal domains. This was precisely the case with Su et al.
(2000). Su et al. (2000) mentioned that, without showing any
results, the space–time correlation contours of velocity and
scalar fluctuations from their large-eddy simulation data of
canopy flows were of elliptic shapes. After noticing these is-
sues, Everard et al. (2021) advocated the use of an elliptic
model (EM) to assess the validity of TH in atmospheric flows.

The elliptic framework was introduced by He and Zhang
(2006) and Zhao and He (2009) to model the morphology of
space–time correlation contours in turbulent flows. In the
case of a statistically homogeneous and stationary flow, the
space–time correlation of any turbulent variable is a function
of r and t, where r is the spatial separation and t is the tempo-
ral lag. By expanding the space–time correlation function

around the origin as a Taylor series expansion and only re-
taining up to the second-order terms, Zhao and He (2009)
showed that an elliptic relationship can be obtained to express
the form of space–time correlations as

(r 2 Uet)2 1 V2t2 5 l2x[1 2 Rxx(r, t)], (1)

where lx is the Taylor microscale and Rxx(r, t) is the space–
time correlation function for a turbulent variable x. In a given
turbulent flow (lx is fixed) and for a specific contour level of
Rxx(r, t), the right-hand side of Eq. (1) is a constant. More-
over, in Eq. (1), Ue is the convective speed of the turbulence
structures and V is the sweeping speed. The sweeping speed is
associated with Kraichnan’s random sweeping hypothesis
(Kraichnan 1964), which dictates that the large-scale turbulent
eddies move the small-scale eddies randomly across space with-
out significant distortion. The presence of sweeping effects es-
sentially invalidates the frozen turbulence assumption in TH as
the structures no longer move as a frozen pattern along the
streamline. In other words, under such conditions, TH does
not remain as a good approximation of the space–time corre-
lation structure.

In this elliptic framework, one recovers TH when the sweep-
ing speeds become negligible as compared toUe. At an other ex-
treme, when Ue becomes very small, one obtains the classic case
of a zero mean flow where sweeping effects solely dominate
(Tennekes 1975). By nature, the elliptic model is supposed to
hold for small values of r and t. However, by assuming a scale
invariance exists, the elliptic model could be extended to larger
scales (Zhao and He 2009). To illustrate the difference between
TH and the elliptic model, we show a schematic in Fig. 1. This
schematic represents how the space–time contours look like
when compared between TH and the elliptic model. In TH, the
space–time correlation contours are a family of straight lines,
while in the elliptic model, the same appears as ellipses. From
this geometrical point of view, TH is a first-order approximation
of Rxx(r, t), while the elliptic model introduces second-order
terms to account for any deviations from the straight line (He
and Zhang 2006; Zhao and He 2009).

Ideally, to test the elliptic model, one should have spatiotem-
poral data that cover an extensive range of scales in both spatial
and temporal domains. In reality, it is difficult to obtain such da-
taset from both experiments and numerical simulations due to
measurement limitations and challenges associated with storing
a large volume of data. Given this practical constraint, the
success of the elliptic model is assessed by investigating how
well Eq. (1) collapses the temporal cross-correlation curves of
turbulent variables at a few spatial locations by utilizing high-
resolution temporal data. This remains true for various data
sources on which the elliptic model has been applied, for in-
stance, direct numerical simulation data of turbulent shear
flows (Zhao and He 2009) or particle image velocimetry and
thermistor data from Rayleigh–Bénard convection experi-
ments (He et al. 2010; Zhou et al. 2011). Only for turbulent
shear flows, Zhao and He (2009) showed that, for the velocity
components, one could theoretically estimate Ue and V from
the governing Navier–Stokes equations. For other scenarios,
such as when temperature is considered, two methods exist to
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compute them empirically. In the first method, two linear re-
lationships are utilized between the peak positions of tempo-
ral (spatial) cross-correlation curves and spatial (temporal)
separations to estimate Ue and V (He et al. 2010; Zhou et al.
2011; Wang et al. 2014). In the second method, the informa-
tion in the temporal domain is utilized to compute the same
(Hogg and Ahlers 2013; He et al. 2015; Musilová et al. 2017).
Previous studies have used these two methods interchangeably,
and therefore, no systematic comparison exists between the two.

Everard et al. (2021) applied this elliptic model on the ther-
mocouple temperature data collected at a few spatial points in
a vineyard canopy flow. They empirically determined its pa-
rameters by utilizing the first method and showed that the Ue

values of temperature structures were lower than the mean
wind speed. This finding contradicted with the previous studies
that utilized the peaks of the temporal cross-correlation curves
(Shaw et al. 1995). Everard et al. (2021) claimed that this dif-
ference existed because of random sweeping effects, which
decorrelated the temporal measurements faster, and hence,
their peak positions appeared biased. Everard et al. (2021)
also found that the sweeping speeds scaled with the turbu-
lence kinetic energy of the flow. This scaling relationship re-
vealed that the sweeping effects were indeed associated with
energetic large-scale eddies of the flow, thereby lending sup-
port to Kraichnan’s random sweeping hypothesis. Further-
more, Everard et al. (2021) argued that, in the presence of
random sweepings, the small-scale eddies decorrelated faster
in the temporal domain than what one would obtain in the
corresponding spatial domain. As per Everard et al. (2021), to
accommodate this disparity between the two domains, caused
by random sweepings, the convective speeds of small-scale ed-
dies could appear as scale dependent, which was consistent
with the findings of Cheng et al. (2017). Despite these insights,
given the limited spatial resolution of their dataset, Everard
et al. (2021) did not explicitly present the geometrical struc-
ture of the space–time correlation function and presumed that
the elliptic shape holds. Therefore, further verification was

needed to ascertain if the space–time correlation structure of
temperature field in atmospheric flows could indeed be mod-
eled as elliptic curves.

Later on, Han and Zhang (2022a,b) conducted a study over
a homogeneous grassland on the applicability of the elliptic
model by using the distributed temperature sensing measure-
ments of Cheng et al. (2017). These studies did not focus on
the scaling relationship between the sweeping speeds and the
turbulence kinetic energy of the flow; rather, they concentrated
on the methodological aspects and geometrical structure of the
space–time correlation function of temperature. For instance,
Han and Zhang (2022a) found that differences existed in what
method one applies to empirically obtain the elliptic model pa-
rameters in atmospheric flows, and they recommended to use
an averaged value of Ue and V obtained from the two methods.
They could not provide any physical reason to do this, as they
mentioned that the differences between the results obtained by
the two methods are not obvious (Han and Zhang 2022a,
p. 076602-9). On the other hand, for the same dataset of Cheng
et al. (2017), Han and Zhang (2022b) found that the geometry
of the space–time correlation function of temperature deviated
from the standard form of ellipse. They attributed this devia-
tion to the complexity and uncontrollable conditions in atmo-
spheric flows, while also acknowledging that they only utilized
a few 30-min periods, and therefore, their results were not sta-
tistically representative.

To date, in the context of atmospheric flows, these are the
only two studies that have employed the elliptic model as an al-
ternative to TH for studying the relationship between space
and time. Both of these studies focus on homogeneous surface
conditions with varying degrees of roughness (grassland vs
vineyard canopy), while, in reality, it is more common to en-
counter heterogeneous surface conditions (Bou-Zeid et al.
2020). As a result of this scarcity, several questions still remain
unresolved. First, it is not yet clearly demonstrated whether, in
an atmospheric flow, one could model the space–time correla-
tion function as ellipses. It is prudent to ask if deviations from

FIG. 1. A schematic is used to illustrate the differences between the space–time correlations (shown as dashed–
dotted lines) obtained from (a) TH and (b) EM. Here, r denotes the spatial separations and t denotes the temporal
lags. TH predicts the isocorrelation contours to be straight lines, while EM predicts them to be ellipses. The equations
representing these families of curves are r2 Uet 5 C and (r2 Uet)

2 1 V2t2 5 C, respectively, with C being a constant.
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elliptic shapes exist and whether those are more significant in
heterogeneous conditions as opposed to homogeneous flows.
Second, in a strict sense, V is a fitting parameter in the elliptic
model, and since it is related to the aspect ratios of the space–
time correlation contours, V cannot be a negative quantity.
Only when it is established that V scales with the turbulence
kinetic energy (TKE) of the flow (serves as a velocity scale of
large-scale eddies), one can assign physical meaning to this
quantity. Under such scenario, V can be interpreted as an ef-
fective velocity scale representing the typical magnitude of
random sweeping motions induced by large-scale turbulent
structures, contributing to temporal decorrelation. Except for
Everard et al. (2021), in the context of geophysical flows, we
are not aware of any study where it has been established that
V and TKE are intimately connected to each other, let alone
for a heterogeneous flow. Third, from a practical standpoint,
it is important to address why there are differences in Ue and
V when estimated from the two alternative methods. This is
necessary because few studies in engineering flows and only
one study in atmospheric flow have used these two methods
interchangeably with no systematic comparison, and there-
fore, no explanation exists.

To address these pertinent issues, we focus on a highly hetero-
geneous forest clear-cut flow. This choice allows us to expand
the scope of the elliptic model to more realistic surface condi-
tions, characterized by heterogeneity. Clear-cutting is a widely
utilized forest management practice to collect timber and in
some cases also to restrict the spread of wildfires by limiting the
access to the fuel (Ortega et al. 2024). In many respects (e.g.,
high turbulent intensities), forest clear-cut flows share resem-
blance with roughness sublayer flows (Flesch and Wilson 1999).
Despite this, as compared to homogeneous roughness sublayer
flows, it is not evident to what degree the random sweeping hy-
pothesis would be valid and whether the sweeping speeds could
be uniquely related to the turbulence kinetic energy. Accord-
ingly, we define our research questions for this study as follows:

1) Is TH a good approximation of the space–time correlation
structure in a forest clear-cut flow, and if not, how impor-
tant are the sweeping effects and could those be explained
by the turbulence kinetic energy of the flow?

2) Can the space–time correlation curves in a forest clear-cut
flow be approximated as ellipses?

3) For practical purposes, which method one should use while
computing the parameters of the elliptic model and what
could be the reason if differences exist between the estimates?

4) Do the routine eddy covariance measurements feel the
impact of random sweeping events?

To tackle these objectives, we employ an extensive dataset
encompassing both distributed temperature sensing (DTS)
and eddy covariance (EC) measurements, collected during a
5-month field campaign in a forest clear-cut. The DTS mea-
surement technique uses fiber-optic cables and relies on the
Raman scattering principle to convert the back-scattered en-
ergy from the emitted light pulses to temperature values at
specific locations in space (Selker et al. 2006; Peltola et al.
2021). By laying out these cables horizontally, we obtain

temperature data at a fine enough spatial (on the order of tens
of centimeters) and temporal (on the order of seconds) resolu-
tion. We restrict our analysis to daytime convective periods
when the temperature signals were sufficiently strong, to mini-
mize the effect of noise on the results. The rest of this article is
organized in three different sections. In section 2, we describe
our measurement setup and methodologies being adopted to
verify the elliptic model. In section 3, we present and discuss our
results, and in section 4, future research directions are outlined.

2. Data and methodology

a. Site description

The measurement campaign took place between 17 May
and 10 September 2024 at the Ränskälänkorpi study site
(61811′N, 25816′E, 144 m above sea level), which is located on
a peatland that was drained before the 1960s for forestry pur-
poses (Laurila et al. 2021). A Norway spruce (Picea abies)
stand growing on the site was clear felled during late winter–
spring of 2021 creating a 6.4-ha clear-cut area (see Fig. 2), and
Norway spruce seedlings were planted after the clear-cutting.
Few isolated groupings of living and dead trees were left un-
touched on the clear-cut area, and logging debris (e.g., branch
piles) was left on site. In general, the terrain of the clear-cut is
flat, but its surface exhibits prominent small-scale undulations
due to, e.g., drainage ditches and banks. After clear-cutting,
pioneer species, such as fireweed (Chamaenerion angustifo-
lium), downy birch (Betula pubescens), and raspberry (Rubus
idaeus), have spread on the area and created a varying vegeta-
tion cover on the clearing (see Fig. 2a). During the study pe-
riod, the height of these plants varied approximately between
0.5 and 1.5 m, depending on the location and timing of the
growing season. In summary, the clear-cut area is a complex
mosaic of isolated trees, pioneer species, and logging debris
creating a rough surface for the flow.

The clear-cut is surrounded by a forest dominated by Norway
spruce (Picea abies) with height between 20 and 25 m depend-
ing on the location (see Fig. 2b). The leaf area index of the
forest in the southwest direction of the clearing is approxi-
mately 2.4 m2 m22. The forest edges create abrupt changes
in canopy height and hence in surface roughness.

b. Measurement setup

The spatial and temporal variability of air temperature
above the clear-cut was measured with the DTS technique
(Thomas and Selker 2021). The DTS instrument (Ultima-S,
5-km variant, Silixa Ltd., Hertfordshire, United Kingdom)
was housed in a temperature-controlled cabin in the middle
of the forest clear-cut (see Fig. 2b). The measurements were
conducted using a double-ended configuration, and signals
from both ends of the fiber-optic cable (forward and reverse
signals) were stored for later processing (see section 2c). The
DTS instrument provided observations with 1.2-s temporal
and 12.7-cm spatial resolution along the attached cable. Note
that in a double-ended configuration both ends are measured
sequentially, and hence, after processing, the temperature ob-
servations were available with 2.3-s resolution.
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Two calibration locations were created next to the DTS in-
strument, and both ends of the cable were guided through
them providing altogether four calibration sections in the data.
The calibration sections were at minimum 10 m long. A cold cal-
ibration point was created by digging the cable to 0.7-m depth in
the peat soil. This depth was below the soil water level, and
hence, the temperatures at that depth did not vary rapidly. Typi-
cally, the temperatures were below the air temperature and var-
ied between 2.98 and 10.78C during the campaign. A warm
calibration point was created with a 50-L calibration bath filled
with water, and it was located in the temperature-controlled
cabin. A water heater was installed on 28 June, and it was set to
keep the water at 308C. Prior to that, the water temperature fol-
lowed the indoor air temperature in the temperature-controlled
cabin. Temperatures at the calibration locations were monitored
with reference thermometers (PT-100) supplied with the DTS
instrument.

A white, thin (outer diameter 0.9 mm) aramid-reinforced
50-mm multimode fiber-optic cable (AFL Telecommunica-
tions, Duncan, SC, United States) was utilized in this study.
The cable was arranged in six sections, and along each section,
the temperature values were doubly measured. This was be-
cause the measurements were made with a single continuous
cable traversing back and forth the different sections (Fig. 2).
Sections 1–5 were aligned with the forest edge located in the
southwest direction of the clear-cut, and the section lengths
were between 97 and 103 m. The cable sections 1, 2, 3, 4, and
5 were approximately at a 20-, 47-, 75-, 115-, and 137-m dis-
tance from the forest edge in the SW direction, respectively.
The sixth section was perpendicular to the other cable sections

and to the forest edge, and its length was 164 m, out of which
27 m was within the forest. Therefore, the total cable length was
1478 m.

Due to heterogeneity in the surface conditions (see section 2a),
the cable height above the soil changed from one location to
another. To avoid any terrain-induced curvature effects on
the cable orientation, we decided not to follow the local ter-
rain but to fasten the cable to wooden support structures at a
constant height above sea level. This height was identified at
each location with a handheld Global Navigation Satellite
System (GNSS) device (Geo 7X, Trimble Inc., United States),
utilized to position the support structures in the area. At the
location of the EC station, the cable height was around 3.1 m
above the soil (see Fig. 2b). However, the local DTS measure-
ment height varied and was approximately between 2 and 4 m
above the soil and between 0.5 and 2.5 m above the local
roughness elements (e.g., vegetation). Moreover, occasionally,
the cable was also surrounded by a few isolated trees left at the
clear-cut. For practical purposes, we ignore these local height
variations and consider the height of the DTS cable to be 3.1 m
above the soil to be consistent with the EC measurements.

To quantify the turbulence conditions over such a complex
surface, the EC equipment consisted of a 3D sonic anemometer
(uSonic-3 Cage MP, METEK GmbH, Germany) and an infra-
red gas analyzer (LI-7200RS, LI-COR Biosciences, Nebraska,
United States). These together measured the three wind veloc-
ity components, sonic temperature, and carbon dioxide and wa-
ter vapor mixing ratios at the height of 3.1 m above the soil. All
the EC data were logged with 10-Hz frequency, and for our
purposes, only the 3D sonic anemometer data sufficed. See

FIG. 2. (a) Image and (b) a map of the study site. The image was taken toward the southwest on 28 Jun 2024 at the location of the white
triangle in (b). Different DTS cable sections are highlighted with red lines. In (b), the black contours show the topography with 2-m incre-
ments based on the National Land Survey of Finland Topographic Database (data retrieved: October 2023). The canopy height map was
derived from a drone flight conducted on 27 Sep 2022 and complemented with the canopy height model of the Finnish Forest Center
(data retrieved: December 2024). Note that the canopy height shown in the map does not fully reflect the conditions at the clearing during
the study period due to the rapidly developing vegetation cover.
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more details on the EC measurement setup and flux footprint
calculations in Tikkasalo et al. (2025).

c. DTS data processing

DTS data were postfield calibrated with Python (3.11.9)
scripts, and the processing followed des Tombe et al. (2020),
Van De Giesen et al. (2012), and Peltola et al. (2022) with
slight differences. Temperature can be estimated from the ob-
served Stokes Ps and anti-Stokes Pas signals with the following
equation (Van De Giesen et al. 2012):

Tx(s, t) 5
g

ln
Ps(s, t)
Pas(s, t)

1 C(t) 1
� s

0
a(s′)ds′

, (2)

where Tx 5 Tx(s, t) is the calibrated temperature at location s
along the fiber-optic cable at time step t, g and C(t) are the
calibration parameters, and

�s
0 a(s′)ds′ describes the differen-

tial attenuation of Ps and Pas along the fiber. This integral was
estimated from the forward and reverse signals for each loca-
tion s separately, corresponding to individual 30-min periods
(Van De Giesen et al. 2012). Thereafter, at each time step,
the calibration parameters g and C were estimated for the for-
ward and reverse signals by fitting Eq. (2) to Ps and Pas ob-
served with the DTS instrument and T measured with the
reference sensors. Although, in theory, g should be constant,
here it was treated as a fitting parameter varying in time.
These parameters were used to calculate separate estimates
of Tx(s, t) from the forward Tf and reverse Tr signals. Since Tf

and Tr were measured sequentially, Tr data were linearly in-
terpolated to match Tf time stamps.

Noise estimates (sT, 1 2 s variability related to random
noise) of Tf and Tr observations were computed for each 30-min
period as

s2
T(s) 5

[Tx(s, t) 2 Tx(s 1 Ds, t)]2
2

, (3)

where Tx represents either Tf or Tr, () denotes the temporal av-
eraging, and Ds is the spatial step along the cable (0.127 cm). In
this equation, we assume that the variability between consecu-
tive data points in space is dominated by noise. The calibrated
temperature T at each t and s was calculated as a weighted aver-
age of Tf and Tr where the inverse of noise estimates was used
as weights (des Tombe et al. 2020). Then, the noise estimates for
T were calculated following noise propagation of weighted aver-
aging. The spatial resolution of the data was reduced to 30 cm
with spatial aggregation using weighted averaging as above, and
noise estimates for these spatial aggregates were calculated using
noise propagation as above.

After this calibration procedure, we obtained calibrated T
at each time step t and location s along the cable. The T data
measured along the cable were converted to physical coordi-
nates (ETRS89/TM35FIN coordinate system) using the mea-
sured cable locations (section 2b). Since there was double
cabling at each physical location, the double measurements
made at each location were further averaged using weighted
averaging as above with the noise estimates obtained from

the procedure described above. By utilizing this procedure,
we obtained calibrated T data with 2.3-s temporal and 30-cm
spatial resolution throughout the measurement campaign at
well-defined physical (x, y, z) locations (red lines in Fig. 2)
over the study area. These calibrated temperature values
were compared against the sonic anemometer measurements
at the clear-cut showing satisfactory agreement between the
two (not shown).

To use the DTS and EC datasets, we focus on buoyancy-
dominated conditions when the temperature signals were suffi-
ciently strong (see Fig. A1 of appendix A for further discussion).
In particular, we selected those 30-min periods when there
was no rain, incoming shortwave radiation was larger than
300 Wm22 and it was not strongly varying within the 30-min pe-
riods, the sensible heat flux (.50 W m22) and variance of tem-
perature (.0.1 K2) were sufficiently large, air temperature did
not exhibit strong trends, and the direction of the mean wind
was within6208 of the DTS cable positions (see Fig. 2b).

For the present study, we restrict ourselves to the periods
when the wind direction was parallel to the forest edge, i.e.,
when it coincided with the DTS cable sections 1–5. We ex-
clude the DTS temperature data from section 6 for this study.
Section 6 was aligned perpendicular to the forest edge (see
Fig. 2b). Due to the direct influence of the upstream forest can-
opy on the clear-cut flow, it introduced complications while ap-
plying the elliptic method for the perpendicular-wind periods.
This particular flow condition deserves to be studied separately
and will be reported in a future work.

After applying all these conditions, we ended up with a
total of nearly 56 h of DTS and EC data or, in other words,
113 half-hourly periods. The DTS dataset was used to estimate
the space–time correlation curves by using the temperature
signal as a tracer, while the EC dataset provided information
on the turbulence intensities, kinetic energies, and sonic tem-
peratures. Corresponding to the EC data, u, y , and w indicate
the streamwise, cross-stream, and vertical velocities, while U
indicates the mean wind speed. After employing a double-
coordinate rotation, the turbulent fluctuations in these quanti-
ties were computed through linear detrending.

d. Estimation of the elliptic model parameters

It is important to recognize that the elliptic model is strictly
valid for a statistically homogeneous and stationary flow (He
et al. 2015), while here we deal with highly heterogeneous sur-
face conditions. In a turbulent Rayleigh–Bénard convection
experiment, to check the statistical homogeneity assumption
in the elliptic model for temperature, He et al. (2015) evalu-
ated the temporal probability density functions (PDFs) and
autocorrelation functions of temperature fluctuations at vari-
ous spatial points. By showing that these PDFs and autocorre-
lation curves did not display any dependence on the spatial
locations, He et al. (2015) concluded the flow to be statisti-
cally homogeneous.

We do the same exercise for all five DTS cable sections,
where we plot the temporal temperature fluctuation PDFs
and autocorrelation curves at several locations along the cable
(see Figs. S1 and S2 in the online supplemental material). The
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PDFs and autocorrelation curves collapsed reasonably well
among different locations despite having highly heteroge-
neous surface conditions. For all the locations along the cable,
the temporal temperature PDFs were asymmetric and skewed
toward the positive fluctuations, a characteristic commonly asso-
ciated with convective atmospheric flows (Chowdhuri et al.
2020). We conducted an additional test by investigating whether
the temporal temperature variances were dependent on the
locations along the cable sections, and similar to PDFs and
autocorrelations, those did not show any spatial variations ei-
ther (not shown).

For statistical stationarity, the temporal autocorrelations should
not depend on the time origin t0 and must only be a function of
temporal lags (Thomson and Emery 2014). Corresponding to
each of the five sections, we computed the temporal autocorrela-
tions of temperature fluctuations by changing the origin and the
curves collapsed onto each other without showing any depen-
dence on t0. This result is shown in Fig. S3. Of course, there are
more advanced tests available for checking stationarity in atmo-
spheric flows (Pan and Patton 2017), but for the present study,
this was sufficient. Therefore, we confirmed statistical homogene-
ity and stationarity for our clear-cut flow situation. This outcome
points toward a possibility that our measurement height (3.1 m)
might be at the limit of the blending height during these
buoyancy-dominated periods.

1) EM1 METHOD

To compute the two parameters of the elliptic model, namely,
the convective and sweeping speeds Ue and V, one utilizes the

peak values of space–time correlation curves by evaluating them
in both temporal and spatial domains. To distinguish this
method from the alternate one, we refer to it as EM1. These
peak values are denoted as tp and rp, respectively. Here, the tp
values are associated with the peaks of the correlation curves
evaluated over the temporal domain at different spatial separa-
tions. On the other hand, rp values are associated with the peaks
of the correlation curves evaluated over the spatial domain at
different instances in time. The elliptic form of space–time corre-
lations suggests that tp and rp follow a linear relationship with r
and t, respectively (He et al. 2010; Zhou et al. 2011). As shown
by Zhou et al. (2011), these relationships can be written as

rp 5 Uet,

tp 5
Ue

U2
e 1 V2 r: (4)

To illustrate the applicability of the EM1 method on our
DTS dataset, out of all the selected runs, for a specific repre-
sentative 30-min period (1030–1100 UTC 18 May 2024), we
show the space–time contour plot of temperature fluctuations
from section 1 of the DTS cable (Fig. 3a). The temperature
values were omitted from those locations where the DTS ca-
ble was fastened to wooden structures. This decision was un-
dertaken to reduce any positive bias in the temperature signal
since these wooden structures were not entirely thermally in-
ert. Corresponding to each cable section, these omitted values
represented around 6% of the cable length. Nevertheless, to
ensure continuity in the data, those missing values were replaced
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FIG. 3. (a) The contour plot of temperature fluctuations T′ is shown from the DTS measurements of a specific section (section 1) for a par-
ticular 30-min period between 1030 and 1100 UTC 18 May 2024. The spatial locations along the cable section are denoted byX, and the tem-
perature fluctuations are obtained by linearly detrending the temperature signals measured along time. The white horizontal strips indicate
the regions where the DTS cable was fastened to masts and the temperature values were omitted from those locations. (b) The space–time
correlation curves of temperature fluctuations [RTT(t, r)] are shown for the same 30-min period obtained from section 1. The temporal lags
or leads are denoted as t, while the colors indicate different values of spatial separations alongX, r. The blue squares denote the peaks of the
correlation curves tp for each value of r. (c) A scatterplot between r and tp is shown whose slope represents (U2

e 1 V2)/Ue.
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with linearly interpolated ones. Thereafter, the temperature fluc-
tuations T′ were computed by linearly detrending the data over
time separately at each location along the cable sections. The
distance along section 1 is denoted as X. To compute the con-
vective speed of the temperature structures, we construct the
space–time correlation curves from the DTS dataset. Mathemat-
ically, the two-point correlation functions of temperature fluctu-
ations can be defined as

RTT(t, r) 5
T′(X, t)T′(X 1 r, t 1 t)

sT(X)sT(X1r)
, (5)

where t represents the temporal lags or leads, r denotes the
spatial separations along X, and sT(X) and sT(X1r) are the
standard deviations of temporal temperature fluctuations at
locations X and X 1 r. Henceforth, we use the notations
RTT(t, r) and RTT(r, t) to differentiate between temporal and
spatial cross correlations of the DTS-derived temperature
field, respectively.

For the same data as shown in Fig. 3a, the quantity RTT(t, r) is
plotted in Fig. 3b. Here, different colors represent the increasing
values of r, while the blue squares indicate the peaks tp attained
by RTT(t, r) for a specific r. By fitting a straight line to a scatter-
plot between r and tp, the slope would represent (U2

e 1 V2)/Ue
(see the solid black line in Fig. 3c). To do this fit, we used
MATLAB’s fitlm function that has features to turn on the ro-
bustfit option (minimizes the impact of outliers) and set the in-
tercept to 0. The goodness of the fit can be adjudged by its R2

value, which was well beyond 0.9 in this example case (Fig. 3c).
We restrict the r values to within 21 m while making the scatter-
plot, since for r. 21 m, theRTT(t, r) values are small, and there-
fore, the estimations of tp are not statistically robust. To ensure
whether the shapes of RTT(t, r) curves were affected by the lin-
ear interpolation operation, we increased the missing values to
as large as 20% of the cable length and replotted Fig. 3b for
these artificial data. We show this in Fig. S4, and one can see
that the peaks of RTT(t, r) curves behaved analogously as in the
original data.

After estimating the slope of tp–r relationship, one does the
same with rp–t one, which can be obtained by plotting the
space–time correlation curves with respect to spatial lags or
leads r at different values of temporal separations t. For the
same 30-min period akin to Fig. 3b, we plot the RTT(r, t)

curves in Fig. 4a, where the x axis denotes the r values, while
the colors of the curves indicate the values of t. Here, the spa-
tial fluctuations were computed after removing a linear spatial
trend. The spatial peaks of RTT(r, t) curves are denoted as rp
(see the blue squares in Fig. 4a). Similar to Fig. 3c, one can do
a scatterplot between rp and t (see Fig. 4b) to estimate the
convective speed Ue. After computing Ue, one applies Eq. (4)
to obtain the sweeping speed V as

V 5 Ue

�������������
1

b1Ue

2 1

√
, (6)

where tp 5 b1r.

2) EM2 METHOD

The EM2 method was developed to circumvent the need for
having detailed spatial measurements to evaluate RTT(r, t) and
estimate those parameters from RTT(t, r) itself (He et al. 2015,
2017). Apart from that, the EM2 method proved to be useful
in the case of very low wind speed. As argued by Hogg and
Ahlers (2013), for this specific situation, the peak positions of
RTT(r, t) curves (i.e., rp values) with increasing t values would
not move since the mean wind speed is nearly zero. Yet, the
sweeping effects will be present when the turbulence intensities
are large, and to compute them, one has to resort to the tempo-
ral domain.

Similar to EM1, in the EM2 method, one presumes before-
hand that the space–time correlation contours are elliptic. For il-
lustration purposes, in Fig. 5a, we show a schematic diagram of
the elliptic isocorrelation contours. Let us consider two points
on a specific isocorrelation contour with coordinates (t0, 0) and
(0, r) (denoted as red squares in Fig. 5a). Since these two points
lie on an isocorrelation contour, Rxx(t0, 0) 5 Rxx(0, r), where x
could be any turbulent variable. By substituting the coordinates
(t0, 0) and (0, r) in Eq. (1) and knowing thatRxx(t0, 0)5 Rxx(0, r),
one gets the following expression:

t0 5
1������������

U2
e 1 V2

√ r, (7)

which implies a linear relationship between t0 and r with a
slope of b2, where b2 5 1/

������������
U2

e 1 V2
√

. By combining this
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FIG. 4. (a) Contrary to Fig. 3b, the space–time correlation curves of temperature fluctuations [RTT(r, t)] are shown
where the x axis represents the lags or leads in the spatial domain r, while the colors indicate different values of tem-
poral separations t. The blue squares denote the peaks of the correlation curves rp for each value of t. (b) A scatter-
plot between rp and t is shown. The thick black color denotes the best-fit line to compute Ue.
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information with tp 5 b1r, where b1 5Ue/(U2
e 1 V2) [see

Eq. (4)], one obtains the following estimates of convective
and sweeping speeds:

Ũe 5
b1

b2
2

,

Ṽ 5
1
b2

�������������
1 2

b1

b2

( )2√
, (8)

where b1 and b2 are the slopes of the linear relationships be-
tween tp–r and t0–r, respectively. To differentiate the estima-
tions from EM1, a tilde sign is used on Ue and V.

For the EM2 method to work, two time scales are required:
one, the peak positions of RTT(t, r) curves tp), and second,
the time scale t0 at which RTT(t0, 0) 5 RTT(0, r). This is dem-
onstrated through Fig. 5b, where the position of tp is shown
by the blue square, while t0 is estimated as the temporal distance
between the points where RTT(0, r) reaches its equivalent on the
RTT(t, 0) curve. In accordance with the EM2 method, a linear
relationship was found between t0–r and tp–r (see Fig. 5c).
From the slopes of these linear relationships, the expressions in
Eq. (8) were utilized to compute Ũe and Ṽ . As discussed before,
we used MATLAB’s fitlm function for computing the slopes.

To have robust estimates of (Ue, V) and (Ũe, Ṽ), we re-
stricted the periods when the associated R2 values of t0–r,
tp–r, and rp–t relationships exceeded 0.9. Although there
were 113 half-hour periods when the direction of the mean
wind was parallel to the cable sections 1–5, not for all such pe-
riods and for every cable section, statistically reliable esti-
mates of (Ue, V) and (Ũe, Ṽ) could be obtained. In Table 1,
we explicitly mention the number of data points (NOD) cor-
responding to each section that were considered for the analy-
sis. As one can see, the number of data points varied from
one section to another. In total, there were 91 data points af-
ter consolidating the information from all five sections.

3. Results and discussion

We begin by demonstrating the relationship between the
convective speed estimations from the DTS measurements
and the mean wind speed from the EC system at the clear-cut
while discussing the importance of the sweeping effects. To

compute the convective and sweeping speeds, both EM1 and
EM2 methods are employed and the results are compared be-
tween the two. The impact of these two methods on the col-
lapse of space–time correlation curves and on their contour
shapes is evaluated. To explain any difference between the
two methods, a potential reason is presented. We end by
showing that the random sweeping events influence the tem-
perature measurements conducted by the EC system.

a. Convective and sweeping speeds

Figure 6a compares the convective speeds of the tempera-
ture structures estimated from the EM1 method Ue against
the mean wind speed U. We present these values for the con-
ditions when the wind was blowing parallel to the forest
edge. The gray squares in Fig. 6a indicate the data points
corresponding to sections 1–5 (see Table 1 for the number of
data points). The red squares with error bars denote the bin-
averaged values with the spread of one standard deviation.
These bins are constructed after gathering the data points
from all five sections and then dividing them into 20 linearly
spaced bins. Amid all the scatter, these bin-averaged values
help to visualize the relationships better. From Fig. 6a, one
can notice that the Ue values remain mostly smaller than U.
By looking at the histogram of the ratio Ue/U, the median
value appears to be at 0.7, shown as the blue vertical
dashed–dotted line in Fig. 6b. Therefore, in a statistical
sense, the Ue values are nearly 0.7 times U.

In canonical wall-bounded turbulent flow and Rayleigh–
Bénard convection experiments, depending on height and

FIG. 5. (a) A schematic of elliptic space–time isocorrelation contours is shown. The red squares denote two points on a specific isocorre-
lation contour with coordinates (t0, 0) and (0, r), respectively. (b) For the same 30-min period and section-1 DTS measurements of Fig. 3,
RTT(t, r) curves are shown for two specific r values to illustrate the computation of t0. (c) The scatterplots between the separation distance
r and t0 and tp are shown, where the slopes of the straight-line fits are used to compute Ũ e and Ṽ .

TABLE 1. The NOD associated with individual parallel-wind
sections for which one could obtain robust estimates of both
(Ue, V) and (Ũ e, Ṽ ). Here, d refers to the distance of each cable
section across the forest edge and h denotes the averaged forest
canopy height of 22.5 m (see Fig. 2b).

Section NOD d/h

Section 1 11 0.9
Section 2 15 2
Section 3 26 3.3
Section 4 17 5.1
Section 5 22 6.09
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distance from the cell center, Ue values of the velocity struc-
tures have been found to be lower than the mean wind speed
(Zhou et al. 2011; Wang et al. 2014). However, here, we deal
with convective speeds of temperature structures in a forest
clear-cut, for which no previous evidence exists. Thus, we
compare our findings with Everard et al. (2021) and Han and
Zhang (2022a,b), who reported such values for temperature
in roughness sublayer and atmospheric surface layer flows.
Everard et al. (2021) observed that at heights within the vine-
yard canopy Ue ’ 0.8U and at canopy top it was Ue ’ 0.67U
(see their Table 1 and Fig. 3c). Corresponding to an atmo-
spheric surface layer flow over a homogeneous grassland, Han
and Zhang (2022a,b) found Ue was lower than U for a wide
range of stability conditions. They did not specify the relationship
explicitly, but from their figures it is clear that Ue , U. In con-
trast, Su et al. (2000), by utilizing a large-eddy simulation dataset,
found the Ue values for the velocity components and passive sca-
lars to be larger than U in a dense canopy flow. Regarding veloc-
ity, Everard et al. (2021) provided an explanation for this

disagreement by considering the fact that the correlation curves
of temperature fluctuations behave differently from the velocity
components and remain bounded between u and w. Therefore,
a one-to-one comparison between the convective speeds of
velocity and temperature structures might not be appropriate.
For our EC dataset, we find a similar behavior that the tem-
perature autocorrelation curves are positioned in between u
and w components (not shown). Regarding the passive scalar
part, in our case, the temperature fluctuations have more simi-
larities with an active scalar (having non-Gaussian PDFs) and
they belong from a clear-cut rather than from a dense canopy.

In general, depending on the flow conditions (canonical tur-
bulent flows, roughness sublayer flows, atmospheric surface
layer flows), surface characteristics (smooth, grassland, dense
or sparse canopy, forest clear-cut), and signal types (velocity
and scalar), Ue could be different from U. In the parlance of
the elliptic model, the geometry of the space–time correlation
contours serves as a test for the validity of TH rather than the
finding that Ue Þ U (He and Zhang 2006; Zhao and He 2009;

FIG. 6. For the cases when the direction of the mean wind was parallel to the forest edge, the scatterplots between (a) Ue and U are pre-
sented for the DTS cable sections 1–5. The different shades of gray squares indicate individual cable sections. The red squares with error
bars denote the bin averages with a spread of one standard deviation from the mean. Here, 20 linearly spaced bins are formed after con-
solidating the data points from all the five cable sections. The dashed–dotted black lines show the 1:1 relationship. (b) Regarding the same
data, the histogram of Ue/U is shown. The vertical dashed–dotted lines indicate the median value of Ue/U. (c) The ratio between the
sweeping and convective speeds (V/Ue) is plotted against the turbulence intensities (su/U). Note that Ue and V are computed from the
EM1 method. The red squares with error bars denote the bin averages and the spread. The horizontal dashed–dotted black line represents
V/Ue 5 1. (d) The histogram of V/Ue is shown, and the vertical dashed–dotted line indicates the median value. (e) The ensemble-averaged
contours of spatial cross correlations [RTT(r, t)] are shown for DTS cable section 1, whose ranges span from 0.2 to 0.9 at an increment of
0.1 and radiate outward with the maximum value being concentrated at the innermost contour. (f) The relationship between the square of
the sweeping speed V2 and TKE is shown for the DTS cable sections 1–5. The TKE is obtained from the EC system in the middle of the
clear-cut. The black, magenta, and red dashed–dotted lines indicate the relationships V2 ’ TKE,V2 ’ 16TKE, and V2 ’ 2.25TKE, respec-
tively. The latter two are obtained from Everard et al. (2021) for flows over a vineyard canopy.

J OURNAL OF THE ATMOS PHER I C S C I ENCE S VOLUME 831756

Unauthenticated | Downloaded 09/29/26 01:21 PM UTC



He et al. 2010; Wallace 2014; He et al. 2017). For instance, if
one considers a scenario where Ue Þ U and V/Ue ,, 1, one
would find the space–time correlation contours to be nearly
straight lines, in accordance with TH (see the schematic in
Fig. 1). However, when the sweeping speeds are not negligible
and are on the same order as Ue, the space–time correlation
contours deviate from straight lines and resemble closed-form
curves. In fact, this situation occurs when the turbulence in-
tensities of the flow are large (Zhao and He 2009). We next
highlight the importance of the sweeping effects for our flow
conditions.

Flesch and Wilson (1999) observed highly turbulent wind
conditions in a forest clear-cut flow approximately at a dis-
tance of 3–5 times the canopy height. This distance matches
with the location of our EC setup, situated nearly 5 times the
canopy height from the forest edge. In Fig. 6c, we plot the ra-
tios of sweeping and convective speeds (V/Ue) against the
streamwise turbulence intensities (su/U) for our forest clear-
cut flow. These turbulence intensities are computed from the
EC measurements at the middle of the clear-cut. One can im-
mediately notice that su/U for our flow situation is quite high
with the minimum value being 0.48. The standard practice in
micrometeorology often considers su/U . 0.5 as highly turbu-
lent (Willis and Deardorff 1976), so these su/U values were
very near or beyond that limit.

For such a highly turbulent situation, as demonstrated in
Fig. 6c, the sweeping speeds are indeed on the same order as
Ue if not larger. This same information can be presented in
terms of their histogram (Fig. 6d), and it is clear that the histo-
gram peaks around the value of V/Ue 5 1, which happens to
be the median as well (see the red vertical dashed–dotted line
in Fig. 6d). These strong sweeping effects introduce a finite
amount of curvature to the space–time correlation contours, and
therefore, their shapes do not remain equivalent to a straight
line. To demonstrate this through an example, in Fig. 6e, the
ensemble-averaged isocorrelation contours of RTT(r, t) are
plotted for cable section 1.

These contours in Fig. 6e span between the range of 0.2 and
0.9 at an increment of 0.1 and radiate outward with the largest
values being associated with the innermost ones. It is abun-
dantly clear that these contours are closed-form curves, unlike
a family of straight lines as predicted by TH (see the sche-
matic in Fig. 1). Moreover, they remain symmetrically ori-
ented along a direction that coincides with the convective
speeds of the temperature structures. Since these contours
display a conspicuous tilt, it is clear that TH is only valid as a
first-order approximation. On the other hand, the aspect ra-
tios of these contours (height divided by width) are deter-
mined by how strong the sweeping effects are in comparison
with Ue (Zhao and He 2009).

To verify whether these sweeping effects are caused by
large-scale eddies, as proposed by Kraichnan in his random
sweeping hypothesis (Kraichnan 1964), one could study the
scaling relationship between the square of the sweeping speeds
V2 and the TKE of the flow. Everard et al. (2021) showed that
V2 was intimately connected to the TKE of the roughness sub-
layer flow. They found this relationship to be V2 ’ 2.16 TKE
for heights above a vineyard canopy and V2 ’ 2.25 TKE for

heights within the canopy (see the red and magenta dashed–
dotted lines in Fig. 6f). We plot the same V2

–TKE relationship
in Fig. 6f, where the TKE is independently estimated from the
EC system, defined as (s2

u 1 s2
y 1 s2

w)/2.
Similar to Everard et al. (2021), we do see a strong relation-

ship between the two. However, as opposed to them, the rela-
tionship in Fig. 6f emerges to be V2 ’ TKE (black dashed–
dotted line in Fig. 6f). This discrepancy is consistent with the
expectation that the boundary conditions on the flow, one of
which is the underlying surface characteristics, could poten-
tially alter the relationship between V2 and TKE (Everard
et al. 2021). To compare, for the vineyard canopy flow studied
by Everard et al. (2021), the average height of the roughness
elements was nearly 2.3 m. For our clear-cut flow, the height
of the roughness elements varied between 0.5 and 1.5 m.

Although the scaling relationship between V2 and TKE was
originally proposed for isotropic turbulence (Tennekes 1975),
it is exceptional that the same holds for anisotropic turbulence.
Specific to our flow situation, the turbulence was anisotropic at
both small and large scales. Here, large-scale anisotropy was
determined through the invariants of the Reynolds stress ten-
sor (Chowdhuri et al. 2020), while the small-scale anisotropy
was assessed through the intermittency–anisotropy framework
of Chowdhuri and Banerjee (2024) (results not shown).
Interestingly, the presence of large-scale anisotropy ex-
plains why the ratios V/Ue do not seem to increase with our
range of su/U values, even when V ~ (TKE)1/2 and Ue ~ U
(see appendix B).

b. Comparison between EM1 and EM2

The results presented in Fig. 6 show evidence that strong
sweeping effects are present in our clear-cut flow. Note that
the computations of Ue and V in Fig. 6 are done by the EM1
method. However, as discussed previously, there exists an al-
ternate method, namely, EM2, to compute the same. The
EM2 method was applied by Han and Zhang (2022a) for an
atmospheric surface layer flow by utilizing the same DTS da-
taset of Cheng et al. (2017). They found that differences
smaller than 20% existed between the estimations from the
two methods. They could not provide any reason behind this
difference and eventually used an averaged value of Ue and V
obtained from the two methods. For the forest clear-cut flow
analyzed here, we investigate by how much the estimations
from the EM1 and EM2 methods vary with respect to each
other.

To do so, in Fig. 7, we present comparisons between the es-
timates of (Ue, V) and (Ũe, Ṽ). The tilde sign indicates that
the estimates have been obtained from the EM2 method.
From the scatterplot between Ue and Ũe, it is clear that the
Ũe values are mostly larger than Ue (Fig. 7a). In fact, upon
comparing Ũe with U, it appears that the Ũe values are ap-
proximately equal to the mean wind speed (Fig. 7b). This is
evident from the histograms of Ũe/U andUe/U, where the me-
dian value of Ũe/U happens to be nearly equal to unity rather
than 0.7 as obtained for Ue/U (Fig. 7c). On the other hand, by
comparing Ṽ and V, they seem to lie on the 1:1 line (Fig. 7d).
By inspecting the histogram of V/Ṽ , the median value of
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V/Ṽ is indeed 1 (see the red dashed–dotted vertical line in
Fig. 7e). Moreover, the Ṽ

2
–TKE scaling relationship in Fig. 7f is

not very different from the V2
–TKE one in Fig. 6f, albeit with

somewhat more scatter.
This comparison presents a compelling outcome. From the

EM2 method, one obtains the convective speeds of the tempera-
ture structures to be almost equal to the mean wind speed, while
the same appears to be lower when the EM1 method is applied.
This difference is clearly more than 20% as found by Han and
Zhang (2022a) for an atmospheric surface layer flow. Irrespec-
tive of the methods, the estimates of the sweeping speeds do not
differ much. We do present a thorough investigation on this as-
pect, but first we ask if this disparity could be caused by noise in
the DTS data.

c. Influence of noise

Like any other observations, the DTS measurements are
not perfect and are to a certain degree contaminated by noise
and possibly also other instrument artifacts (Peltola et al.
2021). Usually, the noise is related to the spectral features of
DTS data (Cheng et al. 2017; Peltola et al. 2021). For the parallel-
wind DTS cable sections, in Fig. 8, we show the spectra of tem-
perature fluctuations computed over the temporal (Fig. 8a) and
spatial domains (Fig. 8b), respectively. The error bars indicate
one standard deviation with respect to the ensemble mean,
and the varying shades of gray represent different sections.
The spectral amplitudes STT of individual sections are normal-
ized by the respective temperature variances s2

T , and the fre-
quencies are scaled with the standard surface layer scaling

(2pfz/U) of Kaimal et al. (1972), where U is the mean wind
speed from the EC system.

From Fig. 8a, one can see that the DTS temperature spectra
in the temporal domain follow a 25/3 slope at smaller scales
while displaying a 21 slope at larger scales. The 21 spectral
slope in temperature has been noted before for mildly unstable
atmospheric surface layer flows over a lake and a grassland (Li
et al. 2016). Here, we deal with roughness sublayer flows over a
highly heterogeneous surface, and therefore, the results cannot
be directly compared. Moreover, the temperature signal in our
case does not behave like a passive scalar as our periods are se-
lected from convective conditions. It is thus not straightforward
to associate this 21 spectral slope directly with attached eddies
commonly found in near-neutral flows. We also observe a break
in the 21 spectral slope at 2pfz/U , 0.2, which possibly indi-
cates the presence of boundary layer scale eddies. To see these
features more clearly, in Fig. S5, we present examples of the
temporal spectra only from sections 1 and 5 without the error
bars. Upon comparison of DTS temporal spectra with the along-
wind EC temperature spectra, a satisfactory agreement was
found between the two (not shown). However, since the tempo-
ral resolution of DTS data (2.3 s) was lower than the EC one
(0.1 s), it did not fully capture the location of the spectral peak.

On the other hand, for the spatial domain, the DTS tempera-
ture spectra show a rather narrow region of 21 spectral slope
(Fig. 8b). Here, k are the streamwise wavenumbers computed
from the spatial DTS data and scaled with the measurement
height z. Since the DTS cable length at each section was nearly
100 m, it did not capture enough large-scale eddies to show an

FIG. 7. For the same parallel-wind scenario, the scatterplots are presented between (a) Ũ e and Ue and (b) Ũ e and U. The tilde sign indi-
cates that the computations are performed by applying the EM2 method. The squares in the scatterplots carry similar information as in
Fig. 6. (c) The histograms are presented for the ratios Ue/U and Ũ e/U, and the vertical dashed–dotted lines denote their respective median
values. (d),(e) Comparisons between Ṽ and V are shown in the form of a scatterplot and a histogram. (f) The Ṽ

2
–TKE relationship is

shown but for the EM2 method.

J OURNAL OF THE ATMOS PHER I C S C I ENCE S VOLUME 831758

Unauthenticated | Downloaded 09/29/26 01:21 PM UTC



extended 21 slope as in the temporal spectra. At smaller scales,
the DTS spatial temperature spectra displayed a 25/3 slope up
to wavenumbers kz # 3, followed by a region with a spectral
slope shallower than 25/3. This region kz . 3 is shaded with
blue color in Fig. 8b.

Cheng et al. (2017) observed a similar feature in their DTS
data and termed this enhanced blue shaded region in Fig. 8b
as noise (see their Fig. 2c). Apart from Cheng et al. (2017),
there is a dearth of previous studies where spatial spectra of
temperature have been reported from near-surface observa-
tions. The large-eddy simulation study of Tong and Nguyen
(2015) reported a 25/3 region in the spatial spectra of tempera-
ture at heights within the convective surface layer. Unlike the
temporal domain, in the absence of other independent measure-
ments to confirm the spatial spectra, we decided to discard the
blue shaded region by applying a smoothing filter. The limit
kz 5 3 is nearly equivalent to a wavelength of 6 m, which corre-
sponds to a spatial separation of 3 m. Therefore, to truncate the
spectra beyond kz . 3, we averaged 10 consecutive spatial
points, which artificially reduced the spatial resolution from
30 cm to 3 m. For these artificially reduced data, we com-
puted the spatial DTS spectra, and as expected, the spectra
of this smoothed dataset only revealed the 25/3 spectral
slope (Fig. 8c).

After removing this noise, it is imperative to check whether
our estimations of the elliptic model parameters Ue and V are
in any way affected by this operation. In Fig. 9, corresponding
to the 3-m spatial resolution DTS temperature data, we present
the estimations of Ue and V from both EM1 and EM2 methods.
It is clear that their statistical characteristics are not impacted by
the smoothing operation. For instance, upon comparing Ue with
U, we find that the Ue values remain smaller than U and the re-
lationship between them is Ue ’ 0.7U (Fig. 9a). This is shown as
a green dashed–dotted line in Fig. 9a, fitted to the red squares
representing the bin-averaged values. A similar outcome for the
original DTS data (30-cm resolution) was observed in Fig. 6b,
but with a larger scatter.

Apart from that, the sweeping speeds remain on the same
order as Ue and their squared values follow a 1:1 relationship
with TKE (Figs. 9b,c). To confirm further, we compare the
RTT(t, r) and RTT(r, t) curves between the spatially smoothed
and original DTS temperature data for a specific 30-min pe-
riod and their shapes do not appear to be different either (see
Fig. S6). Even regarding the EM2 method, the findings are
the same as in Fig. 7, where Ũe is larger than Ue and
Ṽ

2
’ TKE (Figs. 9d,f). However, upon closely observing the

individual gray shaded data points in Fig. 9f and given the
y-axis limit is the same in both Figs. 9c and 9f, one could infer
that the Ṽ values are, to a certain extent, lower than V. This is
one aspect that was not very clear in Figs. 7a and 7d, since the
relationships between Ũe–Ue and Ṽe–V displayed more scat-
ter. One point to consider here is that for the EM2 method,
the ratio Ṽ /Ũe remains lower than unity despite having large
turbulence intensities (Fig. 9e). This occurs because the EM2
method yields larger values of the convective speeds than
EM1, while the sweeping speed estimates remain slightly
smaller. Eventually, the larger (smaller) Ũe (Ṽ) values reduce
the ratio Ṽ /Ũe. In a nutshell, the results in Fig. 9 increase our
confidence in the estimations of these bulk parameters, since
their statistical characteristics remain robust with respect to
the high-wavenumber noise in the DTS data.

d. Critical assessment of the elliptic model

Hitherto, we have demonstrated that significant sweeping
effects associated with large-scale eddies persist for our highly
turbulent flow conditions (su/U $ 0.48) in a forest clear-cut.
To account for these random sweeping effects, an elliptic
model might be more appropriate to describe the relationship
between space and time. However, we find that two methods,
namely, EM1 and EM2, yield different results for the elliptic
model parameters, and the outcome remains robust with re-
spect to the high-wavenumber noise in the DTS data. This dis-
parity is more prevalent with respect to Ue but not so much
for V.

FIG. 8. The ensemble-averaged DTS temperature spectra are shown for (a) temporal and (b) spatial domains. The error bars signify
one standard deviation from the ensemble mean. The parallel-wind DTS cable sections (sections 1–5) are used for illustration purposes.
The red and black dashed–dotted lines in (a) and (b) represent the 21 and 25/3 spectral slopes, respectively. The blue shaded region in
(b) is associated with those higher wavenumbers (kz . 3) where the DTS spatial spectra have a slope shallower than the expected 25/3
and have been removed through a spatial smoothing operation. (c) The spatially smoothed DTS spectra are shown at a resolution of 3 m
after averaging 10 consecutive spatial points.
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Both EM1 and EM2 methods are empirical and assume
that the space–time correlation contours are elliptic, while in
reality their morphology could be different. Therefore, as
shown by previous research, the validity of the elliptic model
parameters should be assessed by conducting two tests (He
and Zhang 2006; Zhao and He 2009; He et al. 2010; Zhou et al.
2011; He and Tong 2014; Han and Zhang 2022b): first, to see
if the elliptic model parameters can collapse the temporal
cross-correlation curves at few spatial locations when the tem-
poral lags are converted to spatial scales through an elliptic
scaling, and second, to check if the shapes of the space–time
isocorrelation contours can be expressed as ellipses by using
the parameters of the elliptic model. We present results from
these two tests by using both EM1 and EM2 methods. The
objective is to evaluate which one of the two methods explains
the properties of the space–time correlations the best.

1) SPACE–TIME CORRELATIONS

The elliptic scaling dictates that the temporal cross-correlation
curves of any turbulent variable [e.g., RTT(t, r)], computed
between points separated in space (i.e., between locations X
and X 1 r, where r is the separation distance), would collapse
to a single curve when the temporal lags t are converted to
spatial separations rE using

rE 5

�������������������������
(r 2 Uet)2 1 V2t2

√
, (9)

whereUe and V are the convective and sweeping speeds, respec-
tively (Zhao and He 2009; Zhou et al. 2011). The rE scaling

produces a perfect collapse of the temporal cross-correlation
curves when the space–time contours are elliptic. This scaling
contrasts with the linear scaling of TH, which dictates

rT 5 |r 2 Ut|, (10)

where U is the mean wind speed. Since we keep our t values
as positive quantities, the modulus sign is inserted in Eq. (10)
to avoid rT being negative. Note that one could have used Ue

in Eq. (10) as well and that would not have impacted the scal-
ing results. Regarding the elliptic scaling, we compute them
by using both (Ue, V) and (Ũe, Ṽ) in Eq. (9) and refer to the
obtained values as rE and r̃E, respectively.

Figure 10 shows the temporal cross-correlation curves
[RTT(t, r)] for the parallel-wind scenario, corresponding to
five different sections by utilizing the spatially smoothed DTS
data (3-m resolution). The different colored lines indicate the
r values spanning up to 27 m. The five horizontal rows are as-
sociated with individual cable sections. The three columns
represent the RTT(t, r) curves where the temporal lags t are
converted to spatial separations, either by using TH [rT from
Eq. (10)] or by EM1 and EM2 methods [rE and r̃E from Eq. (9)].
For each section, the RTT(t, r) curves have been ensemble aver-
aged over the number of runs as shown in Table 1. To compute
rT, the mean wind speed from the EC system is used. For rE and
r̃E, we use the section-specific values of (Ue, V) and (Ũe, Ṽ). In-
stead of considering the whole range of spatial scales, we restrict
them up to 30 m, beyond which the RTT(t, r) values drop signifi-
cantly below 1/exp(1). For a better visualization, we use a linear
x axis in Fig. 10.
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FIG. 9. (a)–(f) The EM1 and EM2 comparisons between the EM parameters and their scaling relationships with the TKE are presented
for the spatially smoothed 3-m resolution DTS temperature data. The green dashed–dotted line in (a) indicates the relationship Ue 5

0.7U, while the black dashed–dotted lines in (a), (c), (d), and (f) indicate the 1:1 relationship. The horizontal black dashed–dotted lines in
(b) and (e) signify V/Ue 5 1 and Ṽ /Ũ e 5 1, respectively.
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From Fig. 10, it is apparent that the TH method performs
poorly to reduce the spread between the space–time correla-
tion curves at different r values (see the family of curves cor-
responding to the first column of Fig. 10). On the other hand,
irrespective of the cable sections, the spread reduces dramati-
cally when the EM1 scaling is applied (see the family of curves
corresponding to the middle column of Fig. 10). In the absence
of sweeping effects (V" 0), both rT and rE scalings are linear in
nature [see Eqs. (9) and (10)] and should have identical impact
on the collapse of the space–time correlation curves. Therefore,
this discrepancy between the two indicates that the sweeping ef-
fects influence the space–time relationship at all the r ranges
considered here. The EM2 method definitely performs better
than TH, but the collapse of those curves is not as tight as in
EM1 (third column of Fig. 10). Note that although the rE scaling
could bring the temporal cross-correlation curves close together,
the collapse was not a perfect one as commonly found in labora-
tory experiments (Zhou et al. 2011).

2) SPACE–TIME CONTOURS

We now investigate the second aspect, i.e., if the space–time
isocorrelation contours can be expressed as ellipses by using the
elliptic model parameters. To do so, we compute the space–time
correlation contours by evaluating the spatial cross correlations
of temperature between different instances in time. We con-
duct this exercise in the spatial domain because the temporal
cross-correlation curves are not oriented along a direction

that coincides with the convective speeds of the temperature
structures but in a direction that is determined by the slope of
the r–tp relationship [Eq. (4)], i.e., (U2

e 1 V2)/Ue (see Fig. S7
where an example is presented from section 1). These empiri-
cally determined contours of spatial cross correlations [RTT(r, t)]
are presented in Fig. 11 for all five cable sections, and they have
all been ensemble averaged. These isocorrelation contours of
RTT(r, t) are plotted in the range of 0.2–0.9 at an increment of
0.1 and are shown as the filled ones. The orientation of these
contours is represented by a red dashed–dotted line in Fig. 11,
which denotes r 5 Uet, where Ue values are ensemble-averaged
and determined from the EM1 method.

The elliptic model suggests that each isocorrelation contour
of RTT(r, t) can be associated with a unique rE value that relates r
and t through an ellipse [see Eqs. (1) and (9)]. To determine how
well the morphology of RTT(r, t) isocorrelation contours matches
with elliptic shapes, one could essentially overlay a family of ellip-
ses at different rE values on these space–time contours. While do-
ing this fitting exercise, one could have chosen the rE values such
that they match with the exact isocorrelation levels as in the ob-
servations but that requires knowing the Taylor microscale [see
Eq. (1)], which cannot be estimated from either DTS or EC
measurements. Therefore, to conduct this exercise, we chose a
range of rE values that varied between 0 and 9 m at an increment
of 1.125 m. As our objective is to qualitatively evaluate how well
the closed-form curves of RTT(r, t) contours can be expressed as
ellipses, the exact details regarding the range of rE are irrelevant
here. After deciding on the range, corresponding to each rE value,
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FIG. 10. (a)–(e) For the spatially smoothed DTS measurements at 3-m resolution, temporal cross-correlation curves of temperature fluc-
tuations [RTT(t, r)], computed between different streamwise spacings r, are plotted. The colors represent these different streamwise spac-
ings (see the legend). Each row corresponds to individual cable sections (sections 1–5), and the columns are associated with three methods
being employed to convert the temporal lags t to spatial separations, which are TH (rT), EM1 (rE), and EM2 (r̃E), respectively [see
Eqs. (9) and (10)].
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one could get an elliptic relationship between r and t, expressed
in the parametric form as

t 5
rE
V

sin(u),

r 5 rE cos(u) 1 UerE
V

sin(u), (11)

where 0 # u # 2p. Here, Ue and V are the convective and
sweeping speeds, and we estimate those from the EM1 method.

These parametric relationships at distinct rE values are
shown as black dashed–dotted ellipses in Fig. 11. After notic-
ing the agreement in shapes between the filled RTT(r, t) con-
tours and black dashed–dotted ellipses, it is clear that the
EM1 method describes both the orientation and aspect ratios of
the space–time correlation contours quite well. In other words,
the space–time correlation contours can be approximated as el-
lipses when the EM1 parameters are used, thereby explaining
the effectiveness of rE scaling in Fig. 10. On the other hand, if
Ũe and Ṽ are estimated from the EM2 method and the range of
rE values is kept the same as in Fig. 11, one could see that the el-
liptic fits do not explain every feature of the RTT(r, t) contours
(Fig. 12). In particular, for all the five cable sections, the orienta-
tion of the parametric ellipses appears steeper than the original
RTT(r, t) contours. This occurs because the EM2 method yields
a larger Ũe value than EM1, eventually causing a poorer col-
lapse of RTT(t, r) curves in Fig. 10.

Despite the success of EM1, one might ask why the collapse
of curves in Fig. 10 with rE scaling was not a perfect one.
From Figs. 11 and 6e, one could infer that the RTT(r, t)

contours are approximately self-similar, meaning they all share the
same preferential direction and aspect ratio. This self-similarity
implies that the eddies of a particular scale are convected and
swept past a fixed point analogously as the eddies of a larger
scale. However, upon closely observing these contours, the two
innermost ones appear distorted with respect to others. A plausi-
ble reason could be the range of spatial scales sampled in our
flow encapsulates two scaling regimes displaying 21 (kz , 1)
and25/3 (1, kz, 3) spectral slopes, respectively, thereby dis-
rupting the perfect scale similarity. Note that for our dataset
both of these scaling regimes do not span over an extended
range of wavenumbers (Fig. 8c), and therefore, it remains diffi-
cult to ascertain this hypothesis. Moreover, for reasons that re-
main unknown, the fits for cable section 3 in Fig. 11 appeared
somewhat poor, as the empirically determined RTT(r, t) con-
tours exhibited slightly steeper tilts than the fitted ellipses. Ow-
ing to these anomalies, the collapse of curves in Fig. 10 with rE
scaling was not a perfect one.

3) DIFFERENCES BETWEEN EM1 AND EM2

The collapse of space–time correlation curves and the
shapes of their isocorrelation contours suggest that the rela-
tionship between space and time in a heterogeneous forest
clear-cut flow can be described by an elliptic model when the
turbulence intensities are large and sweeping effects are pre-
sent. However, the efficacy of such description depends on
what method has been used to compute the elliptic model pa-
rameters. For instance, since the convective speed estimates
from the EM2 method are larger than EM1, difficulties arise

FIG. 11. (a)–(e) The empirically determined space–time temperature isocorrelation contours [RTT(r, t)] from the
spatially smoothed DTS data are compared against the EM for all five DTS cable sections. In (a)–(e), the empirically
determined contours are shown as filled ones, whose ranges span from 0.2 to 0.9 at an increment of 0.1 and radiate
outward with the maximum value being concentrated at the innermost contour. The black dashed–dotted lines corre-
spond to ellipses of distinct rE values that vary from 0 to 9 m at an increment of 1.125 m. To compute these black
dashed–dotted ellipses, the EM1 parameters are used. The red dashed–dotted lines in (a)–(e) denote the fit r 5 Uet,
where Ue is the convective speed of the temperature structures estimated from the EM1method.
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while explaining the orientation of the space–time correlation
contours. We hypothesize that these large Ũe values are re-
lated to a measurement limitation.

For our setup, we are limited in the spatial domain by the
length of the cable at each section, which is nearly 100 m. This
implies, spatially, the eddies larger than 100 m were not sam-
pled. However, the temporal signatures of those eddies per-
sisted in the time domain. This is evident from the spectral
comparison presented in Fig. 8. The temporal spectra, as op-
posed to the spatial one, displayed an extended region of 21
spectral slope with a clear break at even larger scales (see
Fig. S5 for a demonstration). Such mismatch in information
between the two domains creates an issue while applying the
EM2 method. For any half-hour period and corresponding to
any cable section, if one notices the RTT(r, t) and RTT(t, r)
curves of the spatially smoothed DTS data (Figs. S6b and
S6d), it is conspicuous that the RTT(r, 0) values decrease more
rapidly than the RTT(t, 0) ones. As a result, the t0 estimates of
the EM2 method suffer from a bias since those are evaluated
from the condition that RTT(0, r) 5 RTT(t0, 0) holds in the
temporal domain. It remains a question if this bias could be re-
duced, and to address that, we conducted an experiment. We
do not show the results from this experiment and only discuss
their main features.

In this experiment, before evaluating the RTT(t, r) curves, we
computed the temporal fluctuations by removing the spatial-
averaged values of temperature from each instant of time
instead of just subtracting a constant temporal mean. The
temporal variations in spatial means were caused by eddies
whose sizes were larger than the length of the cable. There-
fore, by removing the time-dependent spatial means from
the time series, one removes the temporal fingerprints of ed-
dies larger than the cable length. As the mismatch between
the temporal and spatial domains arises from these eddies,
this experiment was designed to attenuate that discrepancy.

Of course, due to random sweeping events, it is impossible
to remove them completely, so the results must only be in-
terpreted in an approximate sense.

Be that as it may, after carrying out this exercise, we calcu-
lated the parameters of the elliptic model by applying both
EM1 and EM2 methods. Since we kept the spatial fluctuations
as they are, the Ue estimates were essentially similar, but Ũe
behaved differently from Ue. In fact, rather than being larger,
Ũe values now appeared smaller than Ue, while Ṽ and V esti-
mates were nearly the same. However, since the large-scale
information was removed, the sweeping speed estimates de-
creased and did not show a 1:1 relationship with the turbu-
lence kinetic energy. This outcome indirectly suggests that the
random sweeping effects we observed in our flow could possi-
bly be associated with eddies of scales larger than 100 m.

More importantly, this experiment illustrates that whenever
one has limited spatial information as compared to the tempo-
ral domain (which is often the case), differences in the con-
vective speed estimations will be present between EM1 and
EM2. Moreover, depending on how strong the mismatch is,
this bias could either be on the larger or smaller side and can-
not be guessed beforehand. To check how important this bias
is, it is recommended to compare the EM1 and EM2 estimates
by investigating the collapse of the space–time curves and the
elliptic fits obtained from them while describing the space–
time isocorrelation contours. Notwithstanding this limitation,
there is a silver lining. As discussed by Hogg and Ahlers
(2013), the EM2 method is useful in the case of a nearly non-
existent mean wind flow, since, in such conditions, the rp–t ap-
proach could give erroneous results due to very small Ue

values. In those situations, the EM2 method provides a practi-
cal way to compute the sweeping speeds by using data from
the temporal domain, collected at a few specific spatial points.
In that respect, it is encouraging to see that our results dem-
onstrate the sweeping speed estimations are not very different

FIG. 12. As in Fig. 11, but the black dashed–dotted ellipses are computed by using the EM2 parameters.
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(at least in a statistical sense) when compared against EM1
and EM2.

e. Impact on EC measurements

Before drawing our final conclusions, we briefly comment
on whether the random sweeping effects impact the EC meas-
urements, located at the intersection of DTS cable section 4.
To test this, we selected the EC temperature data correspond-
ing to the periods for which the results are shown in Fig. 10d
(i.e., for section 4). Since the EC data are at a much finer tem-
poral resolution (0.1 s), we block averaged them to 2.3-s reso-
lution to match with the DTS data. After carrying out this
block averaging, the autocorrelation curves of EC tempera-
ture were computed, and the temporal lags were converted to
spatial scales using both Eqs. (9) and (10), i.e., by applying
TH and EM. As the EM1 method produced the best collapse
in Fig. 10d, we only used the (Ue, V) values from section 4 to ex-
ecute the conversion for the EC data. These converted autocor-
relation curves, when overlaid on the DTS-derived RTT(t, r)
curves, show that the rE scaling, as opposed to rT, could bring
them very close to the DTS ones (Fig. 13). This result demon-
strates that the EC temperature measurements are indeed
impacted by the random sweeping events. Since DTS only
measures temperature, we could not carry out a similar com-
parison for the velocity and other scalars.

4. Conclusions

In this study, we have developed a comprehensive frame-
work to test whether an elliptic model of space–time correla-
tions is more appropriate than Taylor’s hypothesis (TH) to
describe the relationship between space and time in a highly het-
erogeneous forest clear-cut flow. Our flow situation is symptom-
atic of a heterogeneous roughness sublayer flow, rather than a
canonical atmospheric surface layer one. To execute our objec-
tive, an extensive dataset encompassing both distributed temper-
ature sensing (DTS) and eddy covariance (EC) measurements
was used. These datasets were collected during a 5-month field
campaign (May–September 2024), and we restricted ourselves
to buoyancy-dominated conditions when the mean wind speed
was parallel to the forest edge. These wind scenarios were highly
turbulent with turbulence intensities of the streamwise wind fluc-
tuations exceeding 0.48.

For this highly turbulent forest clear-cut flow, the departure
from TH was primarily caused by sweeping effects, which
were found to be on the same order as the convective speeds
of the temperature structures. These sweeping effects were as-
sociated with large-scale eddies (possibly of scales larger than
100 m), and in accordance with the random sweeping hypothe-
sis, their magnitudes scaled perfectly with the turbulence kinetic
energy of the flow. In fact, their strong presence introduced cur-
vatures in the shapes of the space–time correlation contours by
making them appear as closed-form curves, rather than a family
of straight lines as predicted by TH. To confirm whether these
closed-form curves were indeed ellipses, the elliptic scaling was
invoked.

If the relationship between space and time could be expressed
as ellipses, this particular scaling should collapse the temporal
cross-correlation curves to a single curve when evaluated between
points separated in space. This expectation was nearly fulfilled for
our forest clear-cut flow, as the elliptic scaling collapsed the
space–time correlation curves of temperature fluctuations rea-
sonably well over all five DTS cable sections, positioned at
distances 1–6 times canopy height from the forest edge. The
departure from a perfect collapse was related to the fact that
the shapes of the space–time correlation contours at their
largest values were distorted with respect to an ellipse. The
exact reason behind this distortion is not clear. We hypothe-
size that it occurs because the range of spatial scales we sam-
ple in our flow encapsulates two scaling regimes with 21 and
25/3 spectral slopes, respectively, which, potentially, could
disrupt the self-similarity of the space–time contours.

We also compared our results against the two methods that
exist to compute the parameters of the elliptic model. One
method utilizes the linear relationships between the peak posi-
tions of temporal (spatial) cross-correlation curves and spatial
(temporal) separations (EM1 method). The second method uses
the information available from the temporal cross-correlation
curves at different spatial separations to compute the same
(EM2 method). For our case, the convective speed estimations
from the EM2 method yielded larger values than EM1, while
the sweeping speed estimations remained mostly similar. To
evaluate the efficacy of the two, we applied the elliptic scaling
on temporal cross-correlation curves by using the parameters es-
timated from both EM1 and EM2 methods. The results demon-
strated that the EM1 method, not EM2, produced a better
collapse of the temporal cross-correlation curves.
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FIG. 13. Corresponding to cable section 4, the temporal cross-correlation curves [RTT(t, r)] from the spatially
smoothed DTS data are compared against the temporal autocorrelation curves of EC temperature measurements
[RTT(t, 0)]. The temporal lags are converted to spatial scales using (a) TH (rT) and (b) EM1 (rE) methods. Note that
the 10-Hz EC measurements were block averaged to 2.3-s resolution to match with the DTS data.
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This difference between the two methods is nontrivial and ap-
pears to be related to a mismatch between information available
in the spatial and temporal domains. For our experimental setup,
we were limited in the spatial domain by the length of the cable
at each section, which was nearly 100 m. This ensured that in the
spatial domain the eddies of sizes larger than 100 mwere not sam-
pled. However, the temporal signature of those eddies persisted
in the time domain. This disparity biased the convective speed es-
timations from the EM2 method. Therefore, one needs to be cau-
tious while applying the EM2 method on a dataset that has
limited spatial information, especially in high-Reynolds-number
flows (such as atmospheric boundary layer) encompassing a
broad range of scales. Before trusting the EM1 and EM2 esti-
mates, it is recommended to check if they could produce satis-
factory collapse of the space–time curves and if the elliptic fits
obtained from them could describe the morphology of the
space–time contours fairly well.

To summarize, the relationship between space and time in a
buoyancy-dominated heterogeneous forest clear-cut flow can
be described as an ellipse when the turbulence intensities are
large and random sweeping effects are present. We obtained
good agreement between the EC temperature autocorrelation
curves and DTS-derived temporal cross-correlation curves
when the time-to-space conversion was achieved through the
elliptic model. This agreement implies that the routine eddy co-
variance measurements are impacted by the random sweeping
events in highly turbulent conditions. Nevertheless, it is not
trivial to predict how these events would influence the flux
measurements. The turbulent fluxes are a product of two sig-
nals, and due to these sweeping events, their instantaneous val-
ues could randomly alternate between positive and negative
depending on whether the constituent signals are in phase or
out of phase. The resultant effect could be a decrease or in-
crease in the time-averaged flux values, contingent upon how
many of such random sweeping events have been sampled
within a half-hour period.

At present, these results are limited by a single observation
height. Another drawback is the DTS spatial temperature spec-
tra at higher wavenumbers departed from the expected 25/3
slope, possibly due to noise, which we removed by a spatial
smoothing operation. This, however, reduced the spatial resolu-
tion from 30 cm to 3 m. Accordingly, the estimations of the ellip-
tic model parameters were based on an imperfect temperature
signal with an additional constraint being imposed by the length
of the cable itself. Due to this constraint, it remains unclear if
there exists any upper bound on scales beyond which the elliptic
model fails. Moreover, since DTS only measures temperature,
one cannot know if the elliptic model holds for other scalars and
velocity components. Therefore, for future studies, the following
important questions need to be addressed:

1) Do the structures in velocity and temperature move at
similar speeds? If any dissimilarity exists between them, is
that connected to the turbulent Prandtl number?

2) Are sweeping effects and their scaling relationship with
turbulence kinetic energy different between velocity and
temperature?

3) What is the relationship between the ratios of sweeping
and convective speeds and turbulence intensities? Is there
any threshold on turbulence intensity beyond which the
sweeping effects cease to be important and TH becomes
approximately valid?

4) Is it possible that the elliptic model holds for one variable
but not for the other? More importantly, is there any up-
per bound on scales up to which it holds?

5) Can one extend the elliptic model to explain the spatial
scales associated with turbulent fluxes of heat, momen-
tum, and other scalars?

To answer them, the spatial data should span multiple heights,
turbulence intensities, surface roughness (forest canopies, grass-
lands, arid deserts, water bodies, etc.), and signal types (velocity
and scalars). For avoiding the sampling bias between spatial and
temporal domains during convective conditions, it is advisable to
have cable lengths as long as a kilometer. This definitely pre-
sents a challenge from a logistics perspective as well as finding a
suitable location. Considering all these, it appears that the obser-
vations alone will not suffice, and large-eddy simulations would
be needed to complement the DTS measurements.
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APPENDIX A

Assessment of Stability

In this appendix, we report the statistics of velocity and
temperature fluctuations from the EC measurements corre-
sponding to the along-wind conditions. These statistics are
used to assess the stability conditions. In practice, the Obukhov
similarity parameter is commonly used to determine atmo-
spheric stability, but we deliberately refrained from that ap-
proach since this theory was developed for homogeneous flows
and its validity is questionable over heterogeneous surfaces
such as a forest clear-cut. In Fig. A1a, we show the PDFs of
velocity and temperature fluctuations. Typical of a buoyancy-
driven flow, the PDFs of temperature fluctuations remain
strongly non-Gaussian as opposed to the velocity ones
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(u′ and w′). In fact, the PDFs of temperature fluctuations can
be represented through a cumulant expansion method, other-
wise known as the Gram–Charlier distribution (Chowdhuri
and Prabha 2019). This distribution can be expressed as

P(T′/sT) 5
1����
2p

√ exp 2
T′

sT

( )2[ ]
1 1

S(T)
6

S(T) 2 3
T′

sT

[ ]{ }
,

(A1)

where S(T) is the skewness of temperature fluctuations. The
non-Gaussianity in temperature statistics is also reflected in
how the joint PDFs (JPDFs) between the vertical velocity and
temperature fluctuations behave. From Fig. A1b, it is appar-
ent that the JPDFs are strongly skewed toward quadrant III,
which represents the downdraft motions. To further investigate
the heat transport characteristics for our selected runs, we com-
puted the flux-weighted JPDFs, expressed as w′T′P(w′, T′),
where P(w′, T′) is the JPDF between w′ and T′. The contours
of this quantity are plotted in Fig. A1c, and the area under
them is proportional to the amount of heat being transported
(Nakagawa and Nezu 1977). It is immediately clear from Fig. A1c
that the transport of heat is strongly dominated by the downgra-
dient quadrants (I and III) with very small amounts being trans-
ported in countergradient directions (II and IV).

This organization results in a situation where the heat is trans-
ported more efficiently than momentum. One could verify this
argument in Fig. A1d, where the correlation coefficients be-
tween w′ and T′(RwT) remain considerably larger than the ones
between w′ and u′(Rwu). Since Rwu values are negative, their ab-
solute values (|Rwu|) are used on the x axis of Fig. A1d.

Additionally, the RwT values are nearly constant at around
0.48, which is very close to 0.52 and can be derived from
free-convective scaling relations for the vertical velocity and
temperature fluctuations (Wyngaard 2010). Therefore, by
combining all these insights, one can claim that our selected
periods were prototypical of a buoyancy-driven flow.

APPENDIX B

The Role of Large-Scale Anisotropy

In Figs. 6d and 10b, we observed that the V/Ue ratios were
on the order of unity and they did not show a strong depen-
dence on the streamwise turbulence intensities. This, at first
glance, may appear counterintuitive as we find Ue ~ U and
V ~ (TKE)1/2 with the proportionality constants being 0.7
and 1, respectively. Since the TKE is mostly carried by large-
scale eddies and su is known to be affected by such eddies,
one might expect that the V/Ue would show a dependence on
su/U. However, this expectation is not fulfilled due to large-
scale anisotropy. To explain that, let us write V/Ue as

V
Ue

~
(TKE)1/2

U
, (B1)

where we invoke the observations that Ue ~ U and V ~

(TKE)1/2. Now, Eq. (B1) could be rewritten as

V
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FIG. A1. For the along-wind half-hour periods from the EC clear-cut measurements, (a) the PDFs of velocity and temperature fluctuations
are shown. The green dashed–dotted line indicates the Gaussian distribution, while the pink dashed–dotted line represents the Gram–Charlier
distribution. (b) The JPDFs between the vertical velocity and temperature fluctuations are shown where the color bar represents the contour
levels. (c) The flux-weighted JPDFs between the same two signals are shown. (d) The scatterplot between the correlation coefficients RwT and
Rwu is shown for along-wind cases. The absolute values ofRwu (|Rwu|) are used, and the dashed–dotted line indicates the 1:1 relationship.
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by using the fact that TKE5 (s2
u 1 s2

y 1 s2
w)/2. By assuming

su 5 sy, Eq. (B2) simplifies as

V
Ue

~
su

U

�����������
1 1

s2
w

2s2
u

√
: (B3)

The ratio sw/su is considered as a measure of large-scale an-
isotropy. Since su is at the denominator, sw/su will decrease
with increasing su, thereby making the flow more anisotropic.
This can be verified if one does a scatterplot between su/U and
sw/su. We show this scatterplot from EC measurements corre-
sponding to periods when the wind was parallel to the forest
edge (see Fig. B1). As expected, the anisotropy indeed increases
with increasing streamwise turbulence intensities. Therefore, the
term

�����������������
11 s2

w/(2s2
u)

√
is inversely proportional to su/U. Because

of this inverse relationship, the product between the two remains
largely constant, and hence, the V/Ue ratios do not increase sub-
stantially with su/U.
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