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Abstract

Evapotranspiration (ET) links the water and energy cycles, yet research-grade eddy covariance
(EC) systems may not be the best option to deploy operationally for water management.
Emerging lower-cost ET approaches may expand fit-for-purpose observations, but their
reliability across contrasting ecosystems, climates, and instrumentation configurations remains
uncertain. Here, we evaluate lower-cost ET approaches across a heterogeneous network spanning
agriculture and shrublands. We assess LI-710 limited-diagnostics 1-D EC, variance Bowen ratio
(VBR), and residual energy (RE) ET against collocated benchmark EC, while accounting for
systematic uncertainty associated with energy balance non-closure and random uncertainty
arising from turbulent sampling.

Raw half-hourly LI-710 fluxes frequently contained spikes, but after quality control they
generally agreed well with benchmark EC, with discrepancies at shrubland sites approaching the
random uncertainty of EC. LI-710 nevertheless tended to underestimate ET across land covers,
including in a replicated sensor experiment where inter-unit precision was high but a common
negative bias remained. Energy-balance-closure-derived uncertainty ranges often overlapped
between LI-710 and EC, demonstrating the continued value of measured available energy for
diagnosing systematic uncertainty. VBR showed relatively low random uncertainty and
performed best under intermediate evaporative conditions, but overestimated ET in dry
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shrublands and underestimated ET in high-ET, advective croplands. A sign-aware commercial
VBR implementation partly reduced the latter bias, although departures from the assumed
similarity of temperature and water-vapor turbulent transport remained an important limitation.
RE performed comparatively well in high-EF irrigated croplands but poorly in shrublands.

These results provide field-based evidence for a fit-for-purpose framework: LI-710 is most useful
when paired with rigorous quality control and energy-balance measurements, VBR is most
robust under intermediate conditions, and RE is best suited to ET-dominated systems. Overall,
the value of lower-cost ET measurements depends not only on sensor cost, but also on post-
processing transparency, available energy measurements, ecosystem context, and the intended
application.

Keywords: Evapotranspiration; Eddy covariance; LI-710; Variance Bowen ratio; Surface energy
balance; Lower-cost

1. Introduction

Evapotranspiration (ET), which integrates plant transpiration with evaporation from soil and
intercepted water, plays a central role in agricultural water use, groundwater discharge,
ecosystem function, and weather and climate through land—atmosphere exchange (Katul et al.,
2012; Wang and Dickinson, 2012; Fisher et al., 2017; Kim and Johnson, 2025). Reliable in situ
ET observations are therefore needed for irrigation management, water balance assessment,
satellite ET evaluation, and hydrologic research (Scott, 2010; Volk et al., 2024). Despite
extensive research and the growing operational use of field-scale satellite ET products across
diverse land covers (Melton et al., 2022; Volk et al., 2024; Kim et al., 2026), the limited spatial
density of in situ ET observations remains a barrier to their validation and practical adoption for
water resource management (Kumar et al., 2024; Huntington et al., 2026).

Eddy covariance (EC) remains the most widely used benchmark for direct ecosystem-scale
turbulent flux measurements (Lee et al., 2004; Baldocchi, 2014). Although recent studies have
highlighted the benefits of denser observations to better capture spatial heterogeneity in ET (Hill
et al., 2017; Callejas-Rodelas et al., 2025; Liu et al., 2026), the high cost, technical complexity,
maintenance requirements, and post-processing burden of EC continue to limit the spatial
coverage of ET observations (Yi et al., 2024).

A growing number of lower-cost ET sensors and simplified approaches have emerged to help
expand observational capacity (Huntington et al., 2026). These approaches include simplified EC
systems that replace fast-response gas analyzers for water vapor measurements with slower-
response measurements, such as attenuated EC (Dias et al., 2007; Hill et al., 2017), or that use 1-
D in place of 3-D sonic anemometers, such as the LI-COR LI-710 (Burba et al., 2024) which
also has limited diagnostic capabilities and proprietary processing. Bowen ratio-based
approaches have also been simplified using flux variance theory, as in the variance Bowen ratio
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(VBR) method (Wang et al., 2023), including commercial implementations such as the METER
ATMOS 51 (VBR-A51) (Beverly et al., 2026). Residual energy balance approaches (RE)
represent another simplified measurement category, deriving latent heat flux as the residual of
available energy and sensible heat flux, with sensible heat flux estimated using either EC or
surface renewal theory (Paw U et al., 1995; Wang et al., 2023). Because some commercial
systems rely on instrument-specific hardware and proprietary processing, we identify them by
instrument model where appropriate to avoid generalizing implementation-specific performance
to a broader methodological class.

Collectively, these approaches offer potential advantages in cost, deployment density, and
operational simplicity. Yet, because these approaches involve simplifying assumptions, limited
diagnostics, and partially opaque processing, their performance may vary across ecosystems,
conditions, and time scales (Huntington et al., 2026). Recent intercomparison studies have
provided important benchmarks for evaluating lower-cost ET measurement approaches against
EC (Markwitz and Siebicke, 2019; Wang et al., 2023; Billesbach et al., 2024; van Ramshorst et
al., 2024; Peddinti and Kisekka, 2025; Elsadek et al., 2026; Wang et al., 2026). These studies
have shown that lower-cost ET approaches can reproduce aspects of ET variability, but their
performance often depends on site conditions, temporal aggregation, and the degree to which
underlying assumptions are met. However, many comparisons have focused on a single method
class or a limited number of land cover types. Fewer studies have evaluated multiple lower-cost
ET approaches across contrasting agricultural and natural ecosystems while explicitly
considering the different levels of information needed for different applications. This limits our
ability to determine not only whether lower-cost methods agree with EC, but also when they are
sufficiently reliable for specific purposes.

The central question is not whether these approaches can replace research-grade EC, but when
they provide information that is sufficient for a given application (Huntington et al., 2026). For
example, irrigation scheduling may prioritize temporal variability and relative change, whereas
watershed water budget closure and satellite validation require stronger constraints on absolute
ET values. Furthermore, an approach that performs well in ET-dominated irrigated agriculture
may be less reliable in arid shrublands, where ET is a smaller residual of the surface energy
balance. These distinctions motivate a fit-for-purpose evaluation of ET measurement techniques,
in which method performance is interpreted relative to ecosystem context, measurement
configuration, available diagnostics, and intended use.

A further challenge is that measurements of available energy (AE; net radiation minus soil heat
flux) are often treated as secondary in benchmark EC, even though uncertainty in AE can
dominate uncertainty in ET estimates (Wilson et al., 2002; Fisher et al., 2017). Net radiation and
soil heat flux measurements are not required to compute EC latent heat flux, but they are
essential for diagnosing energy balance closure. By contrast, Bowen ratio-based and residual
energy balance methods are directly affected by AE quality. If AE is poorly measured or
estimated from simplified meteorological inputs, the apparent lower costs of new ET systems
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may come at the expense of reliability (Huntington et al., 2026). Thus, evaluating ET sensors
without evaluating surface energy balance measurements can lead to misleading conclusions.

Here, we test these issues using a heterogeneous western United States (U.S.) EC network
spanning irrigated agriculture and phreatophyte shrublands. We use research-grade EC as the
benchmark and evaluate lower-cost ET configurations that represent distinct simplification
pathways: LI-710, two VBR implementations, and a RE approach. The network includes sites
with co-located benchmark EC and either LI-710 or VBR-AS51 measurements, with some sites
supporting multiple evaluated approaches. We compare each lower-cost ET approach against
benchmark EC and assess how performance varies with land cover, AE measurements, energy
balance closure, and advective conditions.

Specific research questions: (1) what are the uncertainties of lower-cost ET approaches, and how
well do they agree with benchmark EC estimates; (2) how do surface energy balance
measurements affect the reliability and interpretation of each method; (3) under what conditions
does each method provide reliable ET estimates; and (4) for which applications are each method
fit for purpose, and where is its use less defensible? By addressing these questions across
contrasting agricultural and shrubland ecosystems, this study provides field-based evidence for
selecting lower-cost ET measurement approaches according to their reliability, information
content, physical constraints, and intended application.

2. Site description

This study used a heterogeneous network of ET measurement sites across the western U.S.,
spanning irrigated agricultural systems and phreatophyte shrublands. Many of the sites are
located in Nevada, including those within the NICE Net network (DRI, 2026), with additional
sites in Oregon (Zheleva et al., 2026) and Idaho. Detailed information on data availability is
provided in the Data Statement. The site network was designed to evaluate lower-cost ET
approaches across contrasting land covers, climate, ET magnitudes, and instrumentation
configurations. A summary of site characteristics, measurement periods, and available ET
methods is provided in Table 1, and detailed site locations and satellite views are shown in
Figure 1.

The Nevada phreatophyte shrubland sites included Railroad Valley phreatophyte shrubland
(ERVP), Carson Desert phreatophyte shrubland (ECDP), Desert Valley phreatophyte shrubland
(EDVP), Columbus Salt Marsh phreatophyte shrubland (ECSM), and Red Rock Road shrubland
(RRR). These sites represent both groundwater-dependent vegetation and sagebrush shrublands
with relatively low to moderate ET and strong seasonal variability.

The agricultural sites included Diamond Valley grass/hay (EDVG) and Railroad Valley alfalfa
(ERVA) in Nevada, one alfalfa site (S2), and two orchard sites (OSU-T1 and OSU-T2) in
Oregon, and three cropland sites (SnakeFlux: SF1, SF2, and SF3) in Idaho. The agricultural sites
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are actively managed and irrigated and span a gradient of advective influence. This gradient
allows us to evaluate lower-cost ET methods across varying degrees of advection and associated
violations of assumptions related to negligible horizontal transport, surface energy balance
closure, and scalar similarity.

All sites were instrumented with benchmark EC systems, net radiometers, soil heat flux plates,
and soil temperature and moisture probes installed between the plates and the soil surface (Table
S1). Surface soil heat flux was estimated by applying a calorimetric correction for heat storage
above the plates (Gao et al., 2017), with plate depths varying among sites. The study sites were
also equipped with low-cost ET sensors, including either LI-710 sensor (LI-COR, Lincoln, NE)
and/or commercial VBR-AS51 sensor (Meter Group, Pullman, WA). At the RRR site, multiple LI-
710 sensors were deployed simultaneously during part of the study period, allowing sensor-level

intercomparison (Section 5.4.1). As described later in the Methods section, we also estimated

VBR using high-frequency sonic temperature from the EC measurements (VBR-Ts),

independently of the VBR estimates from the A51 sensor. The residual-energy approach was

calculated using EC-measured sensible heat flux and measured available energy.

Table 1. Site characteristics used for evaluating lower-cost ET approaches.

Location (latitude, ET Study Operating
Site ID longitude; elevation) Land Cover Instruments Period Institution
ERVP Railroad Valley, NV Shrubland IRGASON 10/22/2024 - DRI
(38.355, -115.758; 1449 m) (phreatophyte) LI-710 6/17/2026 (DRI, 2026)
ECDP Carson Desert, NV Shrubland IRGASON 11/26/2025 - DRI
(39.578,-118.862; 1214 m) (phreatophyte) LI-710 6/17/2026 (DRI, 2026)
EDVP Desert Valley, NV Shrubland IRGASON 12/22/2025 - DRI
(41.452,-118.127; 1256 m) (phreatophyte) LI-710 6/17/2026 (DRI, 2026)
ECSM Columbus Salt Marsh, NV Shrubland IRGASON 4/9/2026 - DRI
(38.020,-117.972; 1384 m) (phreatophyte) LI-710 7/16/2026 (DRI, 2026)
LI7500
RRR Red Rock Road, NV Shrubland CSAT 11/13/2024 - DRI
(39.801, -119.920; 1720 m) (Sagebrush) LI-710 3/20/2026
ATMOS 51
EDVG Diamond Valley, NV Cropland IRGASON 10/26/2024 - DRI
(39.684, -115.999; 1798 m) | (grass/alfalfa mix) LI-710 6/17/2026 (DRI, 2026)
Railroad Valley, NV IRGASON 10/8/2024 - DRI
ERVA | (38 266, -115.773: 1460 m) | Cropland (alfalfa) LI-710 6/17/2026 | (DRI, 2026)
LI7500
Harney County, OR 11/5/2024-
82 (43.417,-118.614: 1254 m) | Cropland (alfalfa) EIS;‘?ITO 11/6/2025 DRI
. Cropland OSuU
Willamette Valley, OR IRGASON 4/1/2025-
OSU_TL | 45,003, -123311; 62 m) | (Razelnut orchard LI-710 10/8/2025 | (Zhelevact
with cover crops) al., 2026)
. Cropland OSuU
Willamette Valley, OR IRGASON 4/1/2025-
OSU T2 7 (hazelnut orchard (Zheleva et
(45.098, -123.311; 62 m) with bare ground) LI-710 10/8/2025 al., 2026)
SnakeFlux Treasure Valley, ID Cropland 5/8/2025-
1 (SF1) (43.706, -116.964; 703 m) (Potatoes) LI7500DS 10/9/2025 Ul




WindMaster
ATMOS 51
SnakeFlux Raft River Valley, ID Cropland \bilrﬁl(\)/loa]ztir 5/14/2025- Ul
2 (SF2) (42.469, -113.258; 1348 m) (Sugarbeets) ATMOS 51 10/5/2025
SnakeFlux Raft River Valley, ID LI7500DS 5/1/2025-
3(SF3) | (42447, -113.257: 1362 m) | CroPtand (Wheat) | vou iNtaster | 8/7/2025 Ul
167 DRI, Desert Research Institute; OSU, Oregon State University; UI, University of Idaho
168
OSU-T1 &T2
SnakeFlux1 g -
. W SnakeFlux1 |
SnakeElux2 - L
169

170  Figure 1. Locations of ET measurement sites used to evaluate lower-cost ET approaches across
171 the western United States. The regional map shows the full study network, while inset panels
172  provide site-scale satellite imagery for individual sites or nearby site clusters. The sites span

173  irrigated agricultural fields and phreatophyte shrublands across Nevada, Oregon, and Idaho. Map
174  and satellite imagery: Google Earth. Regional map data © Google, Landsat/Copernicus, SI10,
175 NOAA, U.S. Navy, NGA, GEBCO, LDEO-Columbia, NSF, NOAA, and INEGI. Inset imagery
176  includes Google, Airbus, and Vexcel Imaging US, Inc.

177

178 3. Methods
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This study evaluated four ET observation approaches: research-grade EC, the LI-710 ET sensor,
two VBR implementations, and RE. The LI-710 represents a limited-diagnostics, one-
dimensional EC implementation, but because its reported fluxes depend on instrument-specific
hardware and proprietary processing, we refer to this implementation throughout as LI-710. For
VBR, we distinguish between two implementations: VBR-Ts, derived in this study from high-
frequency EC sonic-temperature and water-vapor measurements, and VBR-AS51, the
implementation provided by the ATMOS 51 sensor. This notation distinguishes differences in
implementation while retaining VBR as the underlying methodological framework.

These approaches differ in whether latent heat flux is measured directly or inferred from surface
energy partitioning, as well as in their required measurements and underlying assumptions. Table
2 summarizes the measurement principle, required inputs, key assumptions, and implementation

of each approach. Sections 3.1-3.4 provide further details for each method.

Table 2. Principles and measurement requirements of the evaluated ET approaches including
eddy covariance (EC), LI-710 limited diagnostic eddy covariance, variance Bowen ratio (VBR)
and residual energy (RE).

represented; required
coordinate, density,
and spectral
corrections are valid

adequately capture
turbulent covariance;
internal flow, lag, and
flux-processing
procedures are
sufficient

the scalar-similarity;
AE is adequately
quantified; flux
direction is correctly
represented when
sign information is
used

EC LI-710 VBR RE

Principle Direct covariance of | Direct covariance of | Partitions AE using a | Calculate latent heat
vertical wind with 1-D vertical wind variance-based flux as residual
temperature and with water vapor Bowen ratio energy (AE - H)
water vapor

Required 3-D sonic and fast- 1-D sonic and water | Temperature and Measured or

inputs response gas vapor analyzer; AE humidity variances; estimated AE and
analyzer; AE optional | optional for measured or independent H
for diagnostics diagnostics estimated AE

Key Turbulence and 1-D wind and water Temperature and AE and H are

assumptions footprint are well vapor measurements | water vapor follow adequately quantified;

minor energy terms
are negligible or
accounted for

AE, available energy; H, sensible heat flux; 3-D, three-dimensional; 1-D, one-dimensional.

3.1. Benchmark ET measurement: eddy covariance

High-frequency EC data were processed into half-hourly turbulent fluxes using block averaging.
The half-hourly turbulent latent and sensible heat fluxes were defined conceptually as:

AE = Apw'q’

H = c,pw'T’

(1)
(2)
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where the overbar denotes a half-hour average, primes denote deviations from the half-hour
mean, ¢, is specific heat of air (J kg™! K'), p is the moist air density (kg m™), 1 is latent heat of
vaporization (J kg'!), w is the vertical wind velocity (m s™), T is air temperature (K), ¢ is specific
humidity (kg kg!). As such, the covariance between vertical wind velocity and temperature or
humidity, calculated as the mean product of their deviations from their respective means,
represents the turbulent flux of heat or water vapor, respectively. AE is latent heat flux (W m™),
representing ET in energy units, and H is sensible heat flux (W m?).

Strictly, turbulent water vapor flux should be formulated using a water vapor mixing ratio (Webb
et al., 1980). However, for notational simplicity, Eq. (1) is written in terms of specific humidity
and moist air density to parallel the sensible heat flux expression as in Wang et al. (2023), and
should be interpreted as fully-corrected latent heat flux.

Raw EC data were processed using EddyPro for EDVG, ERVA, ERVP, ECDP, EDVP, ECSM,
RRR, S2, SF1, SF2, and SF3 sites and EasyFlux for OSU-T1 and OSU-T?2 sites. Core corrections
included double coordinate rotation (Tanner and Thurtell, 1969), WPL density corrections (Webb
et al., 1980), high- and low-frequency spectral corrections (Moncrieff et al., 1997; Moncrieff et
al., 2004), footprint modeling (Kljun et al., 2015), and standard SSITC quality control flagging
(Foken and Wichura, 1996; Mauder and Foken, 2004), although specific processing settings
varied slightly among sites.

Half-hourly EC fluxes and supplementary meteorological measurements were further post-
processed using a consistent workflow across sites. Quality control included SSITC quality-flag
filtering where appropriate (Mauder and Foken, 2004), physical range checks using ecosystem-
specific thresholds (Chu et al., 2023), median absolute deviation (MAD)-based despiking (Papale
et al., 2006), and footprint-based filtering for irrigated agricultural sites (McGloin et al., 2018).
MAD-based despiking was applied iteratively, and both despiking and footprint-based filtering
were implemented using the openeddy R package (Sigut, 2023). A single-height storage
correction was applied to EC latent and sensible heat fluxes at low-canopy sites, whereas no
storage correction was applied at the high-canopy orchard sites, where a single-height correction
was considered less appropriate (Burba, 2013).

Gap filling was performed using the marginal distribution sampling (MDS) method (Reichstein
et al., 2005), implemented in REddyProc R package, with continuous gaps longer than 60 days
left unfilled (Wutzler et al., 2018). Key meteorological observations, including net radiation, soil
heat flux, air temperature, air pressure, humidity, precipitation, soil temperature and soil moisture
were similarly quality controlled using physical range checks and despiking, and gap-filled
where appropriate, primarily using nearby site observations.

3.2. Lower-cost ET 1: LI-710
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The LI-COR LI-710 is a limited diagnostic EC sensor that applies 1-D EC principles using
measurements of vertical wind speed and water vapor concentration. According to LI-COR
documentation, the instrument uses 10 Hz vertical wind and water vapor measurements and
reports fully processed ET and turbulent flux outputs at 30-min intervals (Table S2). The LI-710
draws ambient air through an inlet and filter to an onboard 10 Hz fast-response temperature and
relative humidity sensor. The sampled ambient air is not heated or otherwise modified before
measurement. A separate temperature and relative humidity sensor monitor conditions inside the
instrument housing and is used only for system protection (e.g., cell temperature and humidity,
Table S2). The LI-710 shuts down when the internal cell temperature falls below 5°C or the
internal cell relative humidity exceeds 90% to protect the pump and electronics from
condensation and water intrusion.

The LI-710 system provides fewer diagnostic variables and less processing transparency than
conventional EC. Specifically, users do not have the same access to high-frequency raw
covariance data or complete correction workflows available from research-grade EC systems.
This places the LI-710 in the limited-diagnostics EC category (Huntington et al., 2026).

LI-710 data were processed at the half-hourly scale using the sensor-reported fluxes and flow
and instrument diagnostics. Preliminary inspection identified frequent spikes in the reported ET
at several sites; therefore, we applied an additional post-processing workflow rather than using
the unfiltered output directly. The workflow followed the same general structure used for
benchmark EC data. First, iterative MAD-based despiking and ecosystem-specific physical-
range filters were applied using the openeddy R package (Papale et al., 2006; Sigut, 2023).
Second, observations were also removed when available flow diagnostics indicated instrument
malfunction or unreliable measurements.

More recent LI-710 firmware allows diagnostic flags to be combined with a data-quality
percentage for additional filtering and provides standard deviations of measured variables that
can help identify low-turbulence periods (Barker, 2025). These outputs were unavailable for
most instruments used in this study because they operated with older firmware. Diagnostic flags
alone were therefore not used as exclusion criteria, and quality control relied primarily on flow
diagnostics, physical-range screening, and statistical despiking.

Gap filling of LI-710 ET was performed using the same MDS approach applied to benchmark
EC, implemented in REddyProc (Reichstein et al., 2005; Wutzler et al., 2018). This allowed
direct comparison of raw and gap-filled ET totals between LI-710 and EC where co-located
measurements were available.

Except at the SnakeFlux sites, LI-710 instruments were installed at heights comparable to those
of the co-located EC systems, and these paired measurements formed the primary basis of the
analysis. We also evaluated instrument-to-instrument reproducibility to better characterize LI-
710 measurement uncertainty. At the RRR site, six LI-710 units were temporarily deployed in a
collocated cluster 10 m from the permanent EC tower for 17 days. The six units were mounted
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on crossarms on two separate towers with a sonic-to-sonic separation of 1.4 m. Inter-unit
precision was assessed by comparing each unit against the leave-one-out mean of the other units
at concurrent timestamps. This replicated comparison provides a direct measure of LI-710
repeatability that complements the MDS-based random-uncertainty estimates derived across the
network. Accuracy is assessed against EC for fluxes (H and AE), and separately for flux
partitioning via evaporative fraction (EF). See Section 5.4.1 and Supplementary Information Text
S2 for more details.

3.3. Lower-cost ET 2: Variance Bowen Ratio

Unlike EC, which directly estimates turbulent fluxes from covariances between vertical wind
velocity and scalar fluctuations, Bowen-ratio methods partition AE between sensible and latent
heat fluxes. The Bowen ratio, £, is defined as the ratio of sensible to latent heat flux:

H  cppw'T"  c,w'T’

S =2 3
p AE  Apw'q" A w'q’ (3a)
and latent heat flux is subsequently estimated as
R —
AEg = —" (3b)

1+5

where R, is net radiation (W m™), G is surface soil heat flux (W m), and R, — G = AE is referred
to as total available energy.

Whereas conventional Bowen-ratio energy-balance systems estimate f from vertical temperature
and humidity gradients, the VBR method uses the ratio of scalar variances. In the VBR
formulation of Wang et al. (2023),

Cp TwrOwOr _ CpTwr 1 _ Cp Or @

Bver = =~ =
A Twqow0q A Twgoqg Aoy

where r is the correlation coefficient, and o is the standard deviation. In other words, VBR
estimates the Bowen ratio from the ratio of temperature to humidity variability, then uses it to
partition AE into sensible and latent heat fluxes. The key assumption is that the correlations of
vertical velocity with temperature and water vapor are approximately equal due to scalar
similarity, such that r,r = 1,4, (Katul et al., 1995).

Although some implementations have tested the use of low-frequency temperature and humidity
observations for VBR (Wang et al., 2026), the scalar variances should, in principle, be derived
from high-frequency measurements, such as 10-Hz observations, to remain consistent with the
theoretical derivation. All EC systems in this study provided high-frequency sonic temperature
(Ts) and water-vapor measurements that could potentially be used for VBR estimation. Because
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sonic temperature is affected by water-vapor fluctuations, air-temperature variance should ideally
be derived after correcting 75 for humidity effects. At sites equipped with an IRGASON, sonic
temperature and water vapor were measured synchronously within the same integrated
measurement system, allowing high-frequency air temperature to be reconstructed and its
standard deviation (o7 ) to be calculated directly. At other sites, however, sonic anemometers and
gas analyzers were spatially separated and differed in path averaging and high-frequency
response, making an equivalent pointwise reconstruction difficult.

Nevertheless, previous studies have shown that the standard deviations of sonic and air
temperature are generally similar (Liu et al., 2001). We therefore evaluated the approximation
or = or, at sites equipped with IRGASON systems, where high-frequency air temperature could
be reconstructed from synchronous sonic-temperature and water-vapor measurements. VBR
estimates calculated using reconstructed air-temperature variance were compared with those
obtained using sonic-temperature variance (Table S3). Because differences between the two
implementations were small relative to the differences among the ET methods evaluated in this
study, sonic-temperature standard deviation was used as a practical proxy for air-temperature
standard deviation for the common network-wide VBR implementation.

- (5)

,BVBR—Ts =

We hereafter denote this approach as VBR-Ts. See Supplementary Information Text S3 for more
details.

A structural limitation of VBR estimates is that standard deviations are nonnegative.
Consequently, this ratio alone cannot identify flux direction, i.e., advective conditions when
latent heat flux is positive but sensible heat flux becomes negative. Such conditions commonly
occur under strong advection, commonly around dryland irrigation (Brakke et al., 1978; Todd et
al., 2000; Tolk et al., 2006), when warm and dry air supplies additional energy for evaporation
and AE may exceed locally available energy. A positive-only VBR would assign the wrong
Bowen-ratio sign under these conditions and consequently underestimate AE.

The sign of the temperature—humidity covariance can be used to address this limitation (METER,
2026). When warm and humid fluctuations occur together, Cov(T, q) > 0, whereas negative
covariance can indicate a daytime inversion in which warm fluctuations are relatively dry and
cool fluctuations are relatively humid. The commercial METER ATMOS 51 (VBR-AS51) sensor
applies this approach by assigning the sign of the measured temperature—humidity covariance to
the otherwise nonnegative variance ratio (METER, 2026):

. Cpor
Bver-as1 = sign[Cov(T,q)] T, (6)
Oq

In the ATMOS 51 implementation, Sy pr_4s51 1S internally constrained to a minimum of -0.5,
preventing unrealistically large ET estimates as Sygr_451 approaches -1.



342  VBR-Ts from Eq. (5) was applied consistently across the full study network to evaluate VBR
343  behavior across ecosystems. VBR-A51 measurements were additionally available at three sites
344  (RRR, SF1, and SF2). At these sites, VBR-Ts from Eq. (5) were compared with VBR-AS51 in Eq.
345  (6) to assess how the network-wide findings translated to a purpose-built lower-cost VBR sensor.

346
347  3.4. Lower-cost ET 3: Energy balance residual

348  The energy balance residual approach estimates AE as the remaining component of the surface
349  energy balance after accounting for available energy and sensible heat flux (Amiro and Wuschke,
350  1987). In this approach, AE is calculated as:

352  Unlike VBR, which partitions available energy using an inferred Bowen ratio, the residual
353  approach relies directly on an independent estimate of H. Therefore, uncertainty in R,, G, and H
354  propagates directly into AE and ET.

355  Several lower or intermediate-cost ET approaches can be interpreted within this residual-energy
356  framework because they first estimate H and then calculate AE as the residual of the surface
357  energy balance. For example, surface renewal methods estimate H from temperature ramp

358  structures associated with turbulent surface renewal events using fine-wire thermocouples (Paw
359 Uetal., 1995), while some VBR-based implementations combine scalar variance information
360  with sonic temperature-based sensible heat flux estimates to consider humidity effects (Wang et
361 al, 2023).

362 In this study, Eq. (7) was calculated using H from the fully processed EC workflow (details in
363  section 3.1), which we treated as the best available estimate of sensible heat flux. This

364 implementation was intended to evaluate the potential performance of a residual-energy

365  approach under favorable H measurement conditions. Other implementations, such as surface
366 renewal, may provide more lower-cost alternatives but would introduce additional uncertainty
367  associated with estimating H.

368

369 4. Evaluation

370  We evaluated the lower-cost ET measurement methods across multiple complementary

371  dimensions, primarily using EC-based ET as the benchmark. However, EC-based ET are also
372  subject to both systematic uncertainty, including incomplete surface energy balance closure
373  (Mauder et al., 2013), and random uncertainty associated with turbulent sampling and

374  measurement noise (Hollinger and Richardson, 2005). We therefore evaluated the performance
375  of the lower-cost methods while explicitly accounting for uncertainty in the EC benchmark.
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4.1. Surface energy balance closure and systematic uncertainty

The EC technique is widely known to exhibit incomplete surface energy balance closure, with
the measured turbulent heat fluxes, (AE + H), typically falling below the measured available
energy, (R, - G) (Wilson et al., 2002). When minor energy terms, including changes in heat
storage within the soil, vegetation, and canopy air space, are adequately quantified, the
remaining energy balance residual may reflect unresolved sensible and latent heat transport
associated with mesoscale circulations or horizontal and vertical advective flux divergence
(Foken et al., 2006; Leuning et al., 2012; Mauder et al., 2020). This source of systematic
uncertainty is particularly relevant during daytime, when convective boundary-layer processes
contribute most strongly to energy balance non-closure (Stoy et al., 2013; Mauder et al., 2020).

Mauder et al. (2013) proposed quantifying the systematic uncertainty of EC turbulent heat fluxes
using the daytime energy balance ratio and an energy balance closure correction that preserves
the daytime Bowen ratio, following the general approach of Twine et al. (2000). While the
original approach of Mauder et al. (2013) has been widely used to correct EC latent heat fluxes
(e.g., Peddinti and Kisekka, 2025), it may overcorrect ET when nighttime energy imbalance is
appreciable but not explicitly accounted for (Supplementary Text S1 and Figure S1).

Here, we adopted a similar framework but modified the daytime closure constraint to account for
unresolved sub-daily heat storage. For each day, we assumed that the nighttime energy imbalance
primarily represented unresolved changes in heat storage and the net change in unresolved heat
storage cancels over a complete diurnal cycle. As such, the nighttime imbalance can be used to
adjust the amount of available energy assigned to the daytime turbulent fluxes. The daytime
energy balance ratio, (EBRa), was therefore calculated as:

Ya(AE + H)
Zd(Rn - G) - Sd

where the subscript d denotes “daytime”, and S is the apparent daytime storage term which

EBR, =

(8)

cannot be directly measured. S; was assumed to be equal in magnitude and opposite in sign to
the apparent nighttime storage term:

Sa = =5 €))

where the subscript # denotes “nighttime”, and the apparent nighttime storage term (S,,) was
defined as:

snzz (Rn—G)—z (AE + H) (10)

by assuming nighttime turbulent fluxes are reliable.
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We calculated EBR4 based on gap-filled AE, H, R,, and G. To prevent unrealistically large closure
corrections, EBRy was constrained to the range 0.3-1.7. The resulting daily EBR; was used to
quantify the systematic uncertainty in each daytime half-hourly AE and H (Mauder et al., 2013).

AE - (

—1),  dayti
15 = EBR, D aytume

(11a)
0, nighttime

H . -
Sy = (EBRd

1), daytime (11b)

0, nighttime

where J,£ and oy represent the systematic error of EC-derived AE and H, respectively. The
surface energy balance-corrected turbulent heat fluxes were then calculated by applying these
adjustments during daytime while leaving nighttime turbulent fluxes unchanged (Mauder et al.,
2018):

AECORR = /1E+6AE (12(1)
HCORR = H+5H (12b)

where AEcorr and Hcorr are surface energy balance corrected latent and sensible heat fluxes,
respectively (W m).

In principle, this method preserves the daytime Bowen ratio, but the magnitude of the correction
was constrained from nighttime imbalance so that the daily sum of corrected turbulent fluxes
matched the daily sum of available energy (Supplementary Text S1 and Figure S1). This
formulation avoids forcing closure based solely on daytime available energy, which can lead to
overcorrection because unresolved heat storage effects potentially make daytime-only EBR
lower than EBR calculated over the full daily cycle (Reed et al., 2018).

We did not use a multi-day window-based energy balance closure correction, such as the
ONEFlux approach (Pastorello et al., 2020; Volk et al., 2023), because preserving the Bowen
ratio over multi-day windows may smooth short-lived advective signals, particularly periods
with negative sensible heat flux (Bambach et al., 2025). We also found that the halt-hourly
ONEFlux correction produced overclosure after daily aggregation, consistent with the
overcorrection of ONEFIlux-corrected turbulent fluxes reported by Zhang et al. (2024) (further
details are provided in Supplementary Text S1 and Figure S2).

Both energy balance-corrected and uncorrected EC-derived ET were used as benchmarks when
evaluating the lower-cost ET methods, thereby representing the plausible range associated with
EC energy balance non-closure. We also evaluated surface energy balance characteristics using
fluxes measured by both the EC systems and the LI-710 sensors. These diagnostics were used to
determine the extent to which incomplete energy balance closure contributed to systematic
uncertainty in the resulting ET estimates. We did not conduct an analogous systematic
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uncertainty analysis for the VBR-Ts or RE methods because both methods inherently impose
surface energy balance closure.

4.2. Random uncertainty and replicated measurements

We quantified random uncertainty using a gap-filling residual approach (Moffat et al., 2007,
Lasslop et al., 2008; Richardson et al., 2008; Kim et al., 2020). Specifically, we assumed that
flux measurements (x) obtained under similar meteorological conditions represent the same
underlying flux (F) (Richardson et al., 2006; Lasslop et al., 2008):

x1=F+d6+¢ (13a)
x2=F+5+£2 (13b)

where J is a systematic error and ¢ is a random error. Here, x; is the observed flux, whereas x; is
the corresponding flux estimated by the gap-filling model using observations from similar
meteorological conditions. Because the systematic error is assumed to be common to both
estimates, it cancels when their difference is calculated. Assuming that ¢; and &> are independent
and have equal variance, the standard deviation of the random error can be estimated as
(Richardson et al., 2006):
o(x1 — x3)

a(e) = 7z (14)
For each method, MDS gap-filling was applied while retaining all available observations, and
residual variability was calculated from the difference between each original flux estimate and its
corresponding MDS-estimated value (Moffat et al., 2007; Lasslop et al., 2008). Only high-
quality MDS predictions with a quality-control flag of 1 were used to estimate random
uncertainty. This procedure provided a consistent estimate of random uncertainty for EC, LI-710,
VBR-Ts, and RE ET estimates.

4.3. Comparison with benchmark EC

We evaluated the performance of each low-cost ET method relative to benchmark EC.
Comparisons were conducted at half-hourly and daily timescales using both uncorrected and
energy-balance-corrected EC, as benchmark references. Method agreement was quantified using
regression slope, coefficient of determination (7°), root mean square deviation (RMSD), and
mean bias error (MBE). We also examined whether sensor or method performance varied across
sites, land cover types, and environmental conditions, with particular attention to periods when
assumptions related to energy-balance partitioning or closure may be challenged.
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We further evaluated whether each method captured temporal patterns in ET. Mean diurnal
cycles were compared to assess whether each method reproduced sub-daily timing and
amplitude, including peak daytime ET and nighttime behavior. Seasonal dynamics were
evaluated using daily and monthly aggregated ET to assess whether each method captured
longer-term variations in water use. We also compared cumulative ET through time because
small biases in half-hourly or daily ET can accumulate into substantial seasonal ET differences.

All half-hourly analyses were based exclusively on quality-controlled fluxes, with MDS gap-
filled values excluded. Daily-scale analyses used gap-filled ET only for days in which at least
80% of the half-hourly records consisted of measured values or high-quality MDS estimates. For
time-series, cumulative-flux, and frequency-domain analyses, all gap-filled values were retained
because these analyses required continuous datasets.

5. Results

5.1. Seasonal flux dynamics and energy partition gradient across sites

Before evaluating the lower-cost ET approaches, we characterized site-level energy partitioning
using uncorrected benchmark EC fluxes. Daily latent and sensible heat fluxes showed distinct
seasonal patterns across sites (Figure 2). Irrigated croplands were generally dominated by latent
heat flux, with negative sensible heat flux occurring at the most strongly advective sites. In
contrast, shrublands were dominated by sensible heat flux and had substantially lower ET.



ERVA (EF = 1.14) SF1 (EF = 0.99)

—
;
€
&
x ‘TA
= kel
i €
3 £
<= i -
g e . oy 6N -
ko] 0+ . b : v r B N T . 0
[N v 1 [l I PN N AT \, el TS LT VY
2 A .\"'.:':H' I A T A b T R I Ty g e
5 ,{ o ot 1 ' e § y! |
i [l R I M U W I " i
sy W i '
-100- AR L L4
2024-12 202503 2025-06 2025-09 202512 2026-03 2026-06 2025-08
S2 (EF = 0.82) 0SU_T2 (EF = 0.64)
300
—
.
€
Lg
= 2004
x “_A
2 5
I
= 1001
b £
i =
}—
A M 1 [\ w
g 04t b a4 il Sl ety W 0
S opipiptbas QLo A PR
o] AN
=%
2
1001 L L4
2025-01 202504 202507 2025-10 202506 2025-09
RRR (EF = 0.35) ERVP (EF = 0.15)
300 ]
~
1
€ L ks
2 200+ i R
S 3
2 ! ' °
[T PR do r4 €
S T S T, b 1=
o . J ‘L.‘.‘,{‘n\'la’\‘-ﬁ,'l""\{u o "l Ny, r\'" ,|,""‘""“’N‘y'l|| E
< Y R Y AR Y L
€ “"fl,’\v’ ““AL‘"';A"‘“'\ / L
3 : ) a
o
a
o |
'—
-100- L L4
491 202502 2025-05 202508  2025-11  2026-02 202504  2025-07 202510  2026-01  2026-04  2026-07

492  Figure 2. Seasonal dynamics of benchmark EC latent and sensible heat fluxes at selected sites
493  spanning the observed energy partition gradient. Blue solid lines show daily latent heat flux (AFE),
494  and orange dashed lines show daily sensible heat flux (H). The secondary axis expresses AE as
495  equivalent ET. Sites are ordered from high to low growing season (April — Oct.) evaporative

496  fraction (EF), calculated as the ratio of summed AE to summed AE+H.

497

498  Growing season (April — Oct.) evaporative fraction (EF) was calculated as

YLAE

499 EF =——"—
Y(AE + H)

(15)
500 using uncorrected benchmark EC fluxes. Growing season EF ranged from 0.14 to 1.14 across
501  sites (Table 3). Table 3 also summarizes the occurrence of negative sensible heat flux and

502  unstable atmospheric conditions (i.e., atmospheric stability parameter £ < —0.04) across the

503 growing season. Across sites, EF was strongly positively correlated with the occurrence of
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negative sensible heat flux (r = 0.94) and negatively correlated with the occurrence of unstable
conditions (r = —0.85; Figure S3). Thus, EF captured a broad site-level gradient from
conditions characterized by more frequent atmospheric instability at low EF to conditions with
more frequent negative sensible heat flux, indicative of advective influence, at high EF. These
gradients are summarized here because the performance of some low-cost ET methods can be
affected by atmospheric stability and advective conditions, as examined in the following
sections.

Although not a strict threshold, EF values above the approximate theoretical value of 0.8 can
indicate advective enhancement of latent heat flux, often accompanied by negative sensible heat
flux (Milly and Dunne, 2016; Kim et al., 2023). Consistent with this expectation, negative
sensible heat flux occurrence increased markedly between S2 (EF = 0.82; 54%) and EDVG (EF
=0.96; 64%; Table 3 and Figure S3a). ERVA had the highest EF (1.14), and negative sensible
heat flux was particularly evident during periods of high ET (Figure 2), consistent with a
pronounced oasis effect at the irrigated alfalfa field surrounded by arid desert vegetation (Figure
1). However, ERVA had the second-highest overall occurrence of negative sensible heat flux
(68%), whereas SF2 had the highest occurrence (72% of growing season observations). Negative
sensible heat flux occurrence below approximately 50%, as observed primarily at the shrubland
sites, is consistent with negative fluxes being largely confined to nighttime conditions, whereas
the substantially higher occurrence at several cropland sites indicates that negative sensible heat
flux also occurred frequently during daytime.

Shrubland sites had much lower EF and smaller latent heat fluxes than croplands and generally
experienced unstable conditions more frequently (Table 3; Figure S3). RRR, an evergreen
sagebrush site, had the highest shrubland EF (0.35), with latent and sensible heat fluxes
becoming similar until spring and then diverging during summer. In contrast, the phreatophyte
shrubland sites were drier overall and had substantially lower EF values (0.14-0.20), with
sensible heat flux dominating surface energy partitioning. These sites also had relatively high
unstable-condition occurrence (41-47%), consistent with stronger sensible heating under lower-
EF conditions. Because nighttime conditions are generally neutral to stable, unstable conditions
occurring during more than 40% of all growing season observations suggest that unstable
conditions prevailed through much of the daytime period at these phreatophyte shrubland sites.
In contrast, the lower unstable-condition occurrence at most irrigated cropland sites suggests a
greater prevalence of neutral or stable conditions during daytime, consistent with weaker
sensible heating and, at the more strongly advective sites, frequent negative sensible heat flux.

Table 3. Growing season evaporative fraction (EF) and micrometeorological characteristics at
each study site using observations available from April through October. Negative H occurrence
represents the percentage of half-hourly observations with negative sensible heat flux, and
unstable occurrence represents the percentage of half-hourly observations with the atmospheric
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stability parameter § = (z — d)/L < —0. 04, where z is the measurement height, d is the
displacement height, and L is the Monin—Obukhov length.

. Negative H Unstable

Land cover Site EF occufrence (%) occurrence (%)
EDVG 0.96 64 29
ERVA 1.14 68 28
OSU TI 0.59 51 33
Croplands OSU T2 0.64 52 33
S2 0.82 54 39
SF1 0.99 65 32
SF2 1.03 72 21
SF3 1.01 68 22
ECDP 0.14 46 43
ECSM 0.20 43 47
Shrublands EDVP 0.19 43 47
ERVP 0.15 47 41
RRR 0.35 46 34

5.2. Uncertainty characteristics of lower-cost ET methods

5.2.1. Energy balance ratio and systematic uncertainty

Figure 3a shows the distributions of daily daytime EBRs derived from EC and LI-710
measurements using Eq. (8). Median EC EBR, ranged from 0.68 to 1.00 across sites, with most
sites exhibiting median values near 0.8. LI-710 EBR; was generally lower than EC EBR,
although the magnitude of the difference varied considerably among sites. The two systems
showed similar median closure at six of the ten sites with paired measurements, whereas LI-710
exhibited markedly lower closure at OSU_T1, OSU T2, S2, and RRR.

RRR had the lowest median EBR, for both EC and LI-710, suggesting that turbulent flux
measurements were particularly challenging at this site. Unlike the other shrubland sites, which
were located on relatively broad valley floors, RRR was more directly influenced by surrounding
mountainous terrain (Figure 1). Terrain-induced advection may therefore have contributed to the
low closure observed by both systems. These effects may have been more pronounced for the LI-
710. However, the relative contributions of terrain, advection, and instrument configuration
could not be isolated from the present measurements. The two orchard sites, OSU T1 and
OSU_T?2, also showed substantially lower EBR, for the LI-710 than for EC. These sites had the
tallest canopies and measurement towers in the network, potentially increasing the eftects of
canopy heat storage, limited representation of G under drip irrigation, and differences in flux
footprint. In addition, frequent declines in LI-710 flow rate were observed at these sites and may
have contributed to the lower LI-710 EBR,. S2 also exhibited a pronounced difference between
EC and LI-710 closure, although no single characteristic was identified as its dominant cause.



566
567
568
569
570
571
572
573
574
575

576

577

578
579
580
581

Incomplete energy balance closure translated into systematic uncertainty in ET (Figure 3b).
Mean daily systematic uncertainty varied from 0.01 to 1.33 mm d"!' for EC and from 0.09 to 1.03
mm d! for the LI-710. Absolute systematic uncertainty was generally greater at cropland sites
than at shrubland sites, because the magnitude of the systematic uncertainty depended on both
EBR, and the magnitude of ET. Consequently, sites with relatively high ET could have large
absolute uncertainty even when their EBR ;was not exceptionally low. At cropland sites where
the LI-710 showed a pronounced closure deficit (i.e., OSU T1, OSU T2, and S2), the
corresponding LI-710 ET uncertainty was substantially greater than that estimated for EC.
Interestingly, however, the largest difference in systematic uncertainty between the LI-710 and
EC occurred at ERVA, despite their similar median EBR; at this site.
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Figure 3. Surface energy balance ratio and closure-derived systematic uncertainty for EC and
LI-710 measurements across sites. (a) Distributions of daily daytime EBRq4. Boxes show the
interquartile range, medians, 1.5x IQR whiskers, and outliers. Numbers within the boxes indicate
median EBRy, and the horizontal dashed line represents complete energy balance closure



582
583

584

585

586
587
588
589
590
591
592

593
594
595
596
597
598
599

600
601
602
603
604
605
606
607
608
609

610

(EBR; = 1). (b) Mean daily systematic uncertainty in ET (8g7), expressed as water depth (mm
d!). Blue and orange bars indicate EC and LI-710 measurements, respectively.

5.2.2. Random uncertainty

Random uncertainty varied substantially among methods and sites and was generally greater in
croplands (12 to 39 W m™?) than in shrublands (6 to 14 W m2), particularly for EC and LI-710
(Figure 4a). The site-to-site variation in LI-710 uncertainty closely followed that of EC (Figure
4b). The fitted relationship was near the 1:1 line, with R? = 0.97. This indicates that conditions
associated with greater random variability in EC estimates generally produced a similar increase
in LI-710 uncertainty, which is expected because LI-710 is also based on turbulent flux
measurements using the eddy covariance method.

VBR-Ts uncertainty exhibited a narrower range, approximately 14-20 W m in croplands and
11-16 W m in shrublands, than either EC or LI-710. Consequently, VBR-Ts generally had
lower uncertainty than EC at cropland sites with large EC uncertainty but moderately greater
uncertainty than EC at shrubland sites. RE uncertainty ranged from approximately 19 to 32 W m"
2 in croplands and 18 to 26 W m™ in shrublands. RE therefore tended to have greater uncertainty
than EC at sites where EC uncertainty was relatively low, particularly in shrublands, but was
comparable to or lower than EC at several cropland sites.

These contrasting patterns reflect differences in how random variability propagates through each
method. VBR-Ts variability is largely controlled by variability in available energy, which is
generally less affected by random noise than turbulent flux measurements. VBR-Ts therefore
tended to exhibit relatively low random uncertainty when ET was moderate to high. Under low-
ET conditions, however, EC and LI-710 uncertainty decreased with flux magnitude, whereas
VBR-Ts uncertainty did not decline to the same extent. RE uncertainty was influenced by
variability in both available energy and turbulent sensible heat flux, resulting in greater
uncertainty than VBR at most sites. Moreover, low ET in the RE framework generally coincides
with a larger sensible heat flux contribution, allowing RE uncertainty to remain relatively high
even when EC and LI-710 uncertainty is small.
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Figure 4. Site-level random uncertainty from EC, LI-710, VBR-Ts, and RE methods. Random
uncertainty, o(€), was estimated as the standard deviation of the difference between each

observed flux estimate and its corresponding high-quality MDS prediction, divided by V2. (a)
Site-level random uncertainty for cropland and shrubland sites. The secondary y-axis expresses
the corresponding uncertainty as an equivalent daily ET rate. (b) Site-level random uncertainty of
LI-710, VBR-Ts, and RE plotted against that of EC. Open and filled symbols represent cropland
and shrubland sites, respectively. Solid blue lines show ordinary least-squares regressions, with
the fitted equations and R? shown in each panel. Dashed lines indicate the 1:1 relationship.

We further examined how random uncertainty varied with measured ET by pooling observations
within each land cover class (Figure 5); corresponding site-specific relationships are shown in
Figure S4. Random uncertainty generally increased with EC AE, although the strength and shape
of this dependence differed substantially among methods. At near-zero fluxes, uncertainties in
EC, LI-710, and VBR-Ts estimates were relatively small, whereas RE uncertainty remained
appreciable. This behavior reflects the residual formulation of RE: near-zero ET can result from
the difference between two substantially larger and independently variable terms, available
energy and sensible heat flux, such that their variability does not necessarily diminish as the
resulting latent heat flux approaches zero. SnakeFlux sites (SF1, SF2, and SF3) were excluded
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because LI-710 measurements were unavailable at these sites, thereby ensuring that all methods
were evaluated using the same set of sites.

Consequently, RE generally exhibited the greatest random uncertainty at low to moderate EC AE,
up to approximately 150-200 W m in both croplands and shrublands. At higher fluxes,
however, uncertainties in the turbulent flux methods increased more rapidly. In croplands, EC
uncertainty increased to approximately 50-60 W m™ and then largely plateaued, whereas LI-710
uncertainty continued to increase linearly beyond approximately 300 W m, reaching more than
130 W m™ in the highest-flux bin (800 W m™). The site-specific results indicate that this strong
increase was most evident at EDVG and ERVA, while EC and LI-710 uncertainties remained
more comparable at the OSU sites (Figure S4). In shrublands, EC and LI-710 uncertainties
remained below uncertainties of RE and VBR-Ts over most of the observed flux range, although
LI-710 increased rapidly in the highest-flux bin and slightly exceeded VBR-Ts.

VBR-Ts displayed the weakest dependence on flux magnitude in croplands. Its uncertainty
increased at low fluxes but then remained near approximately 20-30 W m%, making it the least
uncertain method under moderate- to high-ET cropland conditions. In shrublands, VBR-Ts
uncertainty increased more consistently with EC AE, but it generally remained intermediate
between the turbulent flux methods and RE. Overall, these results demonstrate that the relative
random uncertainty of the methods depends strongly on ET magnitude: RE is particularly
uncertain when small latent heat flux is obtained as the residual of larger energy-balance terms,
whereas LI-710 becomes increasingly uncertain under very high-flux conditions.

Croplands Shrublands

1004

ole) (Wm™)

(') 2(')0 460 660
Mean EC AE within bin (W m™)

Figure 5. Dependence of random uncertainty on flux magnitude. Observations were pooled
across sites within each land cover class and grouped into equal-width bins according to
measured EC latent heat flux (AE). Individual colored symbols indicate random uncertainty,

o (&), for the respective method calculated within each bin for EC, LI-710, VBR-Ts, and RE. The
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x-coordinate represents the mean EC AE within each bin. The secondary y-axis expresses
uncertainty as an equivalent ET rate.

5.3. Agreement of lower-cost ET methods with EC benchmarks

5.3.1. Root-mean-square difference relative to EC benchmarks

At the half-hourly scale, the LI-710 generally showed the closest agreement with EC, although
its apparent performance depended on whether closure correction was applied to either system
(Figure 6 for RMSD; Figure S5 for percent RMSD normalized by mean ET magnitude). Relative
to measured EC, uncorrected LI-710 had the lowest or among the lowest RMSD at nearly all
sites. ERVA was the main exception, consistent with the large closure-related systematic
uncertainty and high LI-710 random uncertainty identified at this site (Figures 3 and 4). When
uncorrected LI-710 was compared directly with EBR-corrected EC, RMSD increased,
particularly in croplands, because the benchmark ET increased while the LI-710 closure deficit
remained unresolved. When both EC and LI-710 were EBR-corrected, however, RMSD was
again among the lowest of the evaluated methods.

To interpret these differences relative to uncertainty in the EC benchmark, Figure 6 also shows

the site-specific value of V20 (egc), where o (egc)was estimated from the MDS residual analysis.
This value represents the expected RMSD between two independent measurements having
random uncertainty equal to that of EC and therefore provides a reference for EC-equivalent
random performance. At most shrubland sites, RMSD between LI-710 and measured EC
approached this reference level, indicating disagreement comparable to that expected between
two measurements with EC-like random uncertainty. In croplands, by contrast, RMSD for all
lower-cost methods remained above this reference, indicating additional effects of method-
specific uncertainty, energy balance closure, and greater turbulent variability.

VBR-Ts generally had intermediate half-hourly RMSD. In shrublands, it provided the second-
closest agreement after LI-710, although its RMSD remained above the EC-equivalent random-
uncertainty reference. In croplands, VBR-Ts performance was more condition dependent. It
showed relatively low RMSD at the OSU orchard sites, where sensible heat flux was
predominantly positive and ET was largely constrained by local available energy. VBR-Ts
agreement weakened at more strongly advective sites, where negative sensible heat flux allowed
ET to approach or exceed locally measured available energy.

RE showed the strongest contrast between land-cover classes. In shrublands, it consistently had
the highest half-hourly RMSD relative to both EC benchmarks. In croplands, however, RE
showed relatively low RMSD against EBR-corrected EC at several high-EF and strongly
advective sites, including ERVA, SF2, and SF3. This indicates that the residual framework can
represent high ET supported by negative sensible heat flux but becomes unreliable where ET is
small relative to available energy and sensible heat flux.
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Figure 6. Site-level agreement of lower-cost ET methods with EC benchmarks at the half-
hourly timescale. Root-mean-square difference (RMSD) was calculated from paired half-hourly
AE estimates for (a) cropland and (b) shrubland sites. Filled symbols show RMSD relative to
measured EC, whereas open symbols show RMSD relative to EBR-corrected EC. The horizontal

dashed lines indicate V20 (egc), where o (egc) is the random uncertainty of site-specific EC.

Representative time series further illustrated these method-specific differences (Figure 7). At
both the ECSM shrubland and ERVA cropland sites, LI-710 reproduced much of the short-term
variability and timing observed by EC. In contrast, VBR-Ts exhibited smoother diurnal patterns
because it was strongly constrained by available energy, which generally varied more smoothly
than turbulent latent heat flux. RE also showed a relatively smooth daytime cycle but greater
variability during nighttime. At ECSM, RE remained above the EC uncertainty range during
daytime, whereas VBR-Ts was generally closer to the EBR-corrected EC estimate. At ERVA,
VBR-Ts and RE largely followed the diurnal cycle of available energy, while EC and LI-710
exhibited greater short-term variability and some differences in the timing and shape of daytime
fluxes. These offsets may partly reflect heat-storage terms and transient turbulent processes that
temporarily decouple measured available energy from turbulent fluxes.
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Figure 7. Representative half-hourly time series of ET. (a) three-day period following rainfall
at the ECSM shrubland site (5-7 May 2026) and (b) three-day irrigated period at the ERVA
cropland site (1-3 June 2026). Columns show EC, LI-710, VBR-Ts, and RE estimates,
respectively. Shading around EC and LI-710 represents the range between measured and EBR-
corrected EC latent heat flux, reflecting systematic uncertainty.

After aggregation to the daily scale, LI-710 was no longer uniformly the lowest-RMSD method
(Figure 8 for RMSD; Figure S6 for percent RMSD normalized by mean ET magnitude). Its half-
hourly advantage was partly attributable to the ability of two turbulent-flux systems to reproduce
similar sub-daily timing and variability. Daily integration reduced this advantage by allowing
short-term positive and negative differences to cancel. It also reduced the importance of the
smoother response and phase offsets observed for VBR-Ts and RE.

Daily LI-710 RMSD nevertheless remained low in shrublands, particularly when compared using
consistent closure treatments. In croplands, uncorrected LI-710 was less consistently superior to
VBR-Ts or RE, and ERVA continued to show relatively large disagreement. Applying EBR
correction to both EC generally improved daily agreement, although some differences remained
at sites with substantial LI-710 closure deficits.

After daily aggregation, the daily RMSD for VBR-Ts was comparable to, or lower than, that of
uncorrected LI-710 at several cropland sites, indicating that part of its half-hourly disagreement
arose from smoothing and timing differences rather than errors in integrated daily ET. VBR-Ts
continued to perform well in the lower-EF OSU orchards but showed larger errors relative to
EBR-corrected EC at strongly advective sites.

RE exhibited the largest improvement after daily aggregation, but primarily in croplands.
Relative to EBR-corrected EC, RE produced the lowest or among the lowest daily RMSD at
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EDVG, ERVA, S2, SF1, SF2, and SF3. Sub-daily discrepancies associated with phase offsets,
heat storage, and turbulent variability therefore largely canceled over the daily cycle. RE
remained less successful in the OSU orchards, where unresolved canopy or biomass heat storage
may be important, and daily aggregation did not resolve its large errors in shrublands. Thus,
temporal aggregation reduced errors arising from sub-daily dynamics but did not eliminate
ecosystem-dependent limitations in the underlying method formulations.
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Figure 8. Site-level agreement of lower-cost ET methods with EC benchmarks at the daily
timescale. Root-mean-square error (RMSD) was calculated from paired daily ET estimates for
(a) cropland and (b) shrubland sites. Filled symbols show RMSD relative to measured EC,
whereas open symbols show RMSD relative to EBR-corrected EC.

5.3.2. Mean bias error relative to EC systematic uncertainty

Daily mean bias error (MBE) was evaluated relative to uncorrected EC, which was treated as the
primary benchmark (Figure 9). Absolute MBE is shown in Figure 9a, while Figure 9b expresses
the same bias relative to the mean daily uncorrected EC ET. Positive values indicate
overestimation and negative values indicate underestimation. The gray shaded regions represent
the mean increase in EC ET that would result from applying the EBR correction. Thus, a method
falling within the shaded range produced ET between the uncorrected and EBR-corrected EC
estimates. The shaded range represents closure-related systematic uncertainty in the EC
benchmark rather than a statistical confidence interval.

Uncorrected LI-710 estimates showed little bias at most shrubland sites but generally
underestimated EC ET in croplands. The negative PBIAS was particularly evident at ERVA, the
OSU orchard sites, S2, and RRR where LI-710 systematic uncertainty was relatively large.
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Applying EBR correction to the LI-710 shifted its bias upward and generally brought the
estimates within or closer to the EC systematic-uncertainty range. This indicates that much of the
apparent LI-710 to EC bias was associated with differences in energy balance closure.
Nevertheless, EBR-corrected LI-710 remained below the upper closure-corrected EC bound at
most sites.

VBR-Ts bias was more dependent on ecosystem, atmospheric stability, and advective conditions
(Figure 9). At the OSU orchards, VBR-Ts estimates fell within the EC systematic-uncertainty
range, indicating agreement with the plausible range between uncorrected and corrected EC. At
more strongly advective cropland sites, however, VBR-Ts generally underestimated uncorrected
EC or remained near its lower bound. In shrublands, the absolute VBR-Ts bias appeared modest
because daily ET was small. When normalized by mean EC ET, however, VBR-Ts biases were
commonly approximately 20-50%, demonstrating that these errors were not negligible relative to
the magnitude of shrubland ET.

RE generally overestimated EBR-corrected EC (upper bound), but the interpretation differed
sharply between croplands and shrublands (Figure 9). At several high-EF cropland sites,
particularly the SnakeFlux sites, RE estimates near the EC systematic-uncertainty range. At the
lower-EF orchard sites, RE remained above the upper uncertainty bound. In shrublands, RE
substantially exceeded the EC systematic-uncertainty range.

The relationship between relative MBE and growing season EF further clarified these method-
specific patterns (Figure 10). LI-710 bias showed no significant relationship with EF, either
before or after EBR correction, indicating comparatively consistent performance across the
observed EF gradient. At most sites, LI-710 systematically underestimated ET but EBR-
corrected LI-710 fell within the EC systematic-uncertainty range. In contrast, VBR-Ts bias
declined strongly with increasing EF (R? = 0.83, p < 0.01). This relationship followed the
micrometeorological gradient associated with EF (Table 3; Figure S3): VBR-Ts tended to
overestimate ET at low-EF sites with more frequent unstable conditions, while bias became
increasingly negative toward high-EF sites characterized by more frequent negative sensible heat
flux. VBR-Ts performed best at the lower-EF OSU orchard sites, modestly overestimated ET in
dry shrublands, and modestly underestimated ET as EF increased and sensible heat flux became
negative. RE showed a more rapid decline in bias with increasing EF (R? = 0.76, p < 0.01).

Pooled daily comparisons further demonstrated that these bias patterns varied systematically
with growing season evaporative fraction (Figure 11). The LI-710 provided the most consistent
agreement across the EF gradient when energy balance diagnostics were used, although
uncorrected estimates tended to underestimate EC under high-EF conditions. VBR-Ts performed
best at the lower-EF OSU orchard sites, but increasingly underestimated ET as EF increased and
sensible heat flux became negative, while modestly overestimating ET in dry shrublands. RE
agreement improved at high EF because ET became large relative to unmeasured storage and
other minor energy-balance terms. At low EF, particularly in shrublands, ET represented a small
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residual between substantially larger available-energy and sensible-heat-flux components,
amplifying errors in the RE estimate. Thus, comparison with the EC systematic-uncertainty
range helps distinguish apparent disagreement caused by benchmark closure uncertainty from
method-specific biases that persist beyond the plausible EC range.
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Figure 9. Site-level bias of lower-cost ET methods with EC benchmarks at the daily
timescale. Mean bias error (MBE) was calculated from paired daily ET estimates for cropland
and shrubland sites and is shown as (a) mean bias (MBE) (mm d!) and (b) percent relative bias
(PBIAS) normalized by mean daily measured EC ET (%). Positive values indicate
overestimation and negative values indicate underestimation relative to measured EC. Gray
shaded areas represent the EBR-derived systematic uncertainty of the EC benchmark, extending
from zero to the mean difference between EBR-corrected and measured EC. Filled symbols
indicate that the bias falls within the EBR-derived systematic uncertainty range of EC, whereas
open symbols indicate bias outside this range. In panel (b), relative MBE values exceeding
100%, including RE at several shrubland sites, are outside the displayed range and are omitted.
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Figure 10. Relationship between growing-season evaporative fraction and MBE of lower-
cost ET methods. Each symbol represents the site-level PBIAS of a lower-cost ET method
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indicate bias outside this range. Solid lines show ordinary least-squares regressions for each
method. Corresponding coefficients of determination (R?) and p-values are shown in matching
colors.
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each panel. Dashed lines indicate the 1:1 relationship. SF1, SF2, and SF3 were excluded for this
analysis.

5.4. Additional method-specific evaluations

To evaluate aspects of method performance that were not fully captured by the network-wide
uncertainty and EC-agreement analyses, we conducted targeted evaluations of the LI-710 sensor
and VBR implementation sensitivity.

5.4.1. LI-710 side-by-side evaluation

A six LI-710 sensor cluster was temporarily collocated with the permanent RRR EC and LI-710
at RRR (see Text S2). The quality-controlled time series and cumulative flux are shown in Figure
S7 and S8 for the 17-day period. The six units were installed with a minimum sonic-to-sonic
separation of 1.4 m, and analysis by wind direction showed no detectable neighbor-induced wake
bias (Figure S9). One sensor was identified as an outlier against the group mean with ambient
temperature biased +6.9 °C and its humidity slope of 0.622. It was removed. Precision was
assessed between the 5 units and accuracy against the EC.

Over 732 concurrent half-hours, the five-unit cluster agreed on AE to within a slope of 0.973 to
1.044 and a bias of -1.28 to +1.17 W m™, with residual standard deviation (SD) of 6.2-9.6 W m™
and 2.6-4.0 W m (median absolute deviation, MAD) (Table 4). This direct replicate-based
precision is conceptually consistent with, but distinct from, the MDS-based random uncertainty
evaluated across sites in Section 5.2.2. H agreed comparably in slope (0.933 to 1.065) but with
roughly 2 times the scatter (14.8-24.7 W m™ SD), reflecting the larger magnitude of H at this site
and the arid conditions experienced during the test period, rather than a difference in sensor
precision. Individual sensor precision was a function of flux magnitude and was proportional
(Figure S10).

Each LI-710 also reports ambient air temperature, relative humidity and barometric pressure.
Comparing these across units separates a flux-processing disagreement from a sensor calibration
fault. Among the five units the agreement is close: temperature biases span -0.15 to +0.18 °C
with 0.15 °C typical scatter, humidity slopes span 0.980 to 1.046 with 0.36 %RH scatter, and
pressure slopes span 0.996 to 1.003 with 0.009 kPa scatter.

Table 4. LI-710 precision against the leave-one-out mean, for every measured variable (n = 732
half-hours). Every column gives the minimum and maximum across the five-unit reference pool,
so the width of each entry is the unit-to-unit spread in that quantity.

Variable Units Slope Bias Residual SD Residual MAD
Latent heat W m™> 0.973-1.044 -1.28 to +1.17 6.2-9.6 2.64.0
flux

Sensible heat W m™> 0.933-1.065 -1.69 to +0.72 14.8-24.7 9.9-18.0
flux
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Air °C 0.995-1.004 -0.15 to +0.18 0.13-0.18 0.12-0.20
temperature

Relative % 0.980-1.046 -0.48 to +0.58 0.30-0.42 0.26-0.42
humidity

Barometric kPa 0.996-1.003 -0.351 to +0.422 0.005-0.015 0.005-0.015
pressure

Sensor accuracy was assessed against the collocated EC. Over 731 concurrent half-hours and

with unclosed energy balance, the LI-710 underestimates both AE and H. The five-unit ensemble
gives an AE slope of 0.868 with a mean bias of -4.40 W m™ and RMSD 14.6 W m?, and an H

slope of 0.914 with mean bias -9.98 W m™ and RMSD 22.5 W m™. The direction and magnitude
of the AE underestimate are consistent with Peddinti and Kisekka (2025).

Although the LI-710 underestimates both fluxes in absolute terms, the energy partition is
preserved. The five-unit ensemble reproduces the EC evaporative fraction with a slope of 1.009

and a mean bias of -0.0003 EF units (n = 300); the six-unit ensemble is equivalent (1.000, -
0.0047). The RRR LI-710, the permanent installation on the EC tower 6 m from the cluster, is
reported alongside the ensemble in Table 5. It is biased lower than the cluster with an AE slope of
0.746 and mean bias -8.34 W m, and an H slope of 0.840 with mean bias -7.55 W m™, over 480
periods; however, the partitioning (EF slope 1.072) is consistent.

Table 5. LI-710 accuracy against EC for both fluxes and for evaporative fraction, as measured
(unclosed). The ensemble is the cluster of five collocated units; RRR LI-710 is the permanent
installation at the EC-tower. It is evaluated over its own valid period, hence the smaller n. Bias is

the mean bias error (MBE); flux bias and RMSD are in W m?; EF is unitless and its final column
is the SD of the difference.

Variable Series n Slope MBE RMSD or SD
Latent heat five-unit 731 0.868 -4.40 14.59
flux ensemble
Latent heat RRR LI-710 480 0.746 -8.34 17.82
flux
Sensible heat five-unit 731 0914 -9.98 22.49
flux ensemble
Sensible heat RRR LI-710 480 0.840 -7.55 22.06
flux
Evaporative five-unit 300 1.009 -0.0003 0.0668
fraction ensemble
Evaporative RRR LI-710 158 1.072 -0.0204 0.0651
fraction
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Both precision and accuracy were strongly dependent on daylight (shortwave radiation >0 W m"
%) versus nighttime. The between-unit residual scatter is 10.4 W m™ by day against 4.2 at night
for AE, and 23.5 against 11.4 for H (Table 6). Precision degrades with flux magnitude rather than
with time of day as such; the diel signal is largely the magnitude dependence. The accuracy
against EC is almost entirely a daytime phenomenon. Mean AE bias is -8.97 W m™ during the
day but +0.81 W m™ at night, and mean H bias -17.41 against -1.54 W m™. The pooled mean
biases therefore understate the daytime disagreement and overstate the nighttime.

Table 6. Residual statistics (W m™2) split between day and night. Pooled between-unit mean
residuals are omitted as they are zero carry no information (see Supplemental Text 2).

Comparison Flux Day SD Night SD Day mean Night mean

Between units AE 10.41 4.22

(precision)

Between units H 23.55 11.42

(precision)

Unit - EC AE 17.96 8.73 -8.97 +0.81
(accuracy)

Unit - EC H 28.04 18.50 -17.41 -1.54
(accuracy)

5.4.2. VBR-A51 evaluation

The comparison between VBR-Ts and VBR-AS51 is summarized in Figure 12. It should be noted
that this comparison was restricted to periods with concurrent VBR-AS51 observations and
therefore does not necessarily reproduce the site-level evaluations presented in the preceding
multi-method analysis.

During periods when VBR-AS51 assigned a positive Bowen-ratio sign, VBR-Ts and VBR-AS51
produced nearly identical half-hourly latent heat flux estimates at all three sites, with regression
slopes of 1.06 at RRR, 1.06 at SF1, and 1.05 at SF2 (Figure 12a). This close agreement further
supports the use of sonic-temperature variance as a practical proxy for air-temperature variance,
consistent with the comparison between humidity-corrected and sonic-temperature-based VBR
estimates presented in Supplementary Text S3.

In contrast, when VBR-AS51 assigned a negative sign, it produced larger positive latent heat flux
when R,, — G > 0 and more negative latent heat flux when R,, — G < 0, with regression slopes
of 2.62, 1.21, and 1.23 at RRR, SF1, and SF2, respectively. Thus, the primary divergence
between the two implementations occurred when covariance-derived sign information allowed
VBR-AS51 to represent negative Bowen ratios. Under positive available energy, this allowed
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latent heat flux to exceed R,, — G, whereas under negative available energy it increased the
magnitude of negative latent heat flux.

The effect of this sign-aware treatment on agreement with EC depended strongly on site
conditions (Figure 12b). At RRR, VBR-AS51 had substantially higher RMSD relative to EBR-
corrected EC than VBR-Ts, while bias was reduced only slightly. The increase in RMSD was
largely associated with the more negative latent heat flux produced by VBR-AS51 during periods
with R,, — G < 0, which increased the magnitude of individual errors despite a small reduction
in overall bias. VBR-AS51 nevertheless remained strongly positively biased at RRR. Because

VBR assumes £ = 1, with VBR-A51 using covariance information primarily to determine the

Twq

sign (i.e., :W—T = —1), this remaining discrepancy indicates that departure of the covariance ratio
wq

magnitude from unity, rather than sign assignment alone, was an important source of error at this
low-EF shrubland site.

At SF1 and SF2, representing negative Bowen ratios increased latent heat flux during periods
with R,, — G > 0, while producing more negative latent heat flux when R,, — G < 0. At SF1,
these opposing effects shifted the overall bias closer to zero, but RMSD increased, indicating that
the improvement in mean bias was offset by larger deviations during individual periods,
particularly when available energy was negative. At SF2, the sign-aware formulation reduced
RMSD and shifted VBR estimates toward the EBR-corrected EC benchmark. Although this shift
corresponded to a larger positive bias relative to uncorrected EC, it represented improved
agreement once EC energy-balance non-closure was accounted for. The stronger benefit at SF2 is
consistent with the greater occurrence of negative sensible heat flux at SF2 than at SF1 (Table 3),
indicating a larger fraction of periods in which negative Bowen ratios were physically plausible
and allowing latent heat flux to exceed available energy improved agreement with the closure-
corrected EC reference.

Overall, covariance-derived sign information was most beneficial where negative sensible heat
flux occurred frequently and negative Bowen ratios were therefore more prevalent. However, its
effect depended on both the Bowen-ratio sign and the sign of available energy. In particular,
applying the negative Bowen-ratio formulation when R,, — G < 0 produced more negative latent
heat flux and increased RMSD at all three sites, partially offsetting the benefit of representing
negative Bowen ratios during daytime advective conditions. These results suggest that treatment
of negative-Bowen-ratio periods under negative available energy warrants further consideration
in the sign-aware VBR implementation.
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Figure 12. Comparison of VBR-Ts and the sign-aware VBR-AS51 implementation. (a) Half-
hourly latent heat flux estimated using VBR-Ts and VBR-AS51 at RRR, SF1, and SF2. Colors
indicate the VBR-AS51 sign, which was based on the temperature-humidity correlation when AE
is positive. Solid lines show regressions through the origin for each sign, and dashed lines
indicate the 1:1 relationship. (b) percent RMSD relative to EBR-corrected EC and PBIAS of
VBR-Ts and VBR-AS51 relative to EBR-uncorrected EC. Gray shading in the PBIAS panels
represents the EBR-derived systematic uncertainty range of the EC benchmark.

6. Discussion

The performance of lower-cost ET methods depended on which physical measurements were
retained and which quantities were inferred. LI-710 retained direct turbulent flux measurement
and showed the most consistent performance across sites. In contrast, VBR and RE approaches
depended more strongly on surface energy partitioning, available energy, and advective
conditions. These methods should therefore be evaluated according to ecosystem conditions,
temporal scale, supporting measurements, and intended application rather than ranked using a
single performance metric (Huntington et al., 2026).

Growing season EF provided a useful indicator of these differences. Biases from both VBR and
RE ET decreased with increasing EF, but the rates and implications differed. VBR modestly
overestimated ET in low-EF shrublands, performed best at intermediate EF, and increasingly
underestimated ET at high EF. RE bias declined much more steeply with EF. It substantially
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overestimated ET in shrublands and became most comparable to EC only at the highest-EF
cropland sites. LI-710 bias showed less systematic dependence on EF. These patterns indicate
that VBR is most favorable under intermediate energy partition conditions, whereas RE ET
becomes more defensible only when AE represents a dominant energy balance component.

Interpretation of all methods depended on uncertainty in the EC benchmark. The difference
between measured and EBR-corrected EC was often comparable to the biases of the lower-cost
methods. This was especially relevant for VBR and RE approaches, which inherently impose
energy balance closure, but it was also necessary for diagnosing systematic uncertainty in LI-
710. Comparisons with uncorrected EC alone can therefore make closure-constrained methods
appear positively biased and can obscure closure differences between independent turbulent flux
systems (Mauder et al., 2024).

Temporal aggregation reduced short-term differences among all methods. LI-710 reproduced
much of the turbulent variability and timing measured by EC, resulting in relatively close half-
hourly agreement. VBR and RE estimates were smoother and sometimes showed phase offsets
because of their dependence on available energy. These differences were reduced after daily
aggregation as short-term timing and storage effects partly canceled.

6.1. LI-710 retains broad applicability but requires quality control and energy balance
diagnostics

LI-710 generally agreed more closely with EC than the other lower-cost approaches at the half-
hourly scale. Its random uncertainty varied among sites in close correspondence with EC
uncertainty, indicating that both systems responded similarly to environmental and turbulent-
sampling conditions. Agreement was particularly close in shrublands, while larger differences
occurred in croplands under high-flux conditions. The overall agreement with EC is consistent
with the crop-based evaluation of Peddinti and Kisekka (2025).

LI-710 can provide an ET estimate that is independent of AE. Nevertheless, without AE
measurements, it can be difficult to determine whether the system is underestimating turbulent
flux or to quantify its systematic uncertainty (Mauder et al., 2013; Mauder et al., 2024). Across
most sites, LI-710 generally estimated lower ET than EC. The side-by-side evaluation at RRR
further illustrates the distinction between precision and systematic accuracy. The five retained
LI-710 units showed close agreement with one another, with small inter-unit biases and relatively
low residual scatter, indicating good sensor-to-sensor precision. However, the units consistently
underestimated latent heat flux relative to the EC benchmark. This indicates that the dominant
uncertainty was not primarily associated with unit-to-unit precision, but rather with a systematic
component shared across sensors. Measurements of AE are therefore particularly valuable for
diagnosing this type of bias and distinguishing sensor repeatability from agreement with the
surface energy budget.
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However, the uncertainty ranges derived from energy balance closure overlapped substantially,
and much of the difference was reduced when closure correction was applied consistently to both
systems. Corrected LI-710 generally remained lower than corrected EC, but the remaining
difference was reasonable relative to the systematic uncertainty of the measurements. AE
measurements should therefore accompany limited-diagnostics EC, particularly when absolute
ET magnitude or cumulative water flux is important.

The reason for the generally lower LI-710 fluxes remains unclear. Plausible contributing factors
include the limited ability of one-dimensional wind measurements to diagnose and correct flow
tilt or distortion, as well as attenuation or imperfect time-lag compensation in the closed-path
water-vapor signal. Either effect could reduce the measured covariance between vertical wind
and water vapor (Burba, 2013). Because high-frequency observations and the full internal
processing workflow were unavailable (i.e., limited diagnostics), these possibilities could not be
evaluated directly. Differences may also result from the limited ability to apply post-processing
procedures routinely used for research-grade EC, including footprint filtering and filtering of
low-turbulence conditions (e.g., SSITC flag or friction velocity threshold). However, the relative
importance of these factors could not be determined. Raw LI-710 outputs also contained frequent
spikes at several sites and required physical range filtering, statistical despiking, and screening
using available flow diagnostics. Simplified instrumentation therefore does not remove the need
for external QA/QC. Limited diagnostic access may allow anomalous records to be identified
without allowing their causes to be fully resolved.

With appropriate QA/QC, AE measurements, and ancillary wind measurements for flux footprint
characterization, LI-710 appears suitable for half-hourly and daily ET monitoring across both
croplands and shrublands. It may also support irrigation monitoring, satellite ET evaluation, and
seasonal water-use assessment. Greater caution is required for cumulative or annual applications
when data gaps are extensive or systematic underestimation cannot be independently evaluated.

6.2. VBR provides stable estimates across a broad EF range but remains sensitive to scalar
similarity and advection

VBR-Ts had relatively stable random uncertainty across sites. Its uncertainty increased less
strongly with flux magnitude than that of EC and LI-710, and its relative performance improved
after daily aggregation. These characteristics make VBR useful for applications that prioritize
daily variability, or relative temporal change rather than exact reproduction of half-hourly
turbulent fluctuations. Similar advantages for temporally aggregated ET monitoring have been
reported in previous VBR evaluations (Wang et al., 2026).

VBR bias showed a significant decline with increasing EF. It tended to overestimate ET in dry,
low-EF shrublands, performed best at intermediate EF, and underestimated ET at high EF. The
modest overestimation relative to uncorrected EC can partly be explained by incomplete EC
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energy balance closure because VBR partitions the full measured available energy. At the driest
shrubland sites, however, VBR estimates exceeded even the EC closure-corrected uncertainty
range. This suggests that energy balance non-closure alone was insufficient to explain the bias.

The low-EF overestimation likely reflects limitations in the scalar similarity assumption under
unstable conditions. VBR assumes that vertical velocity is similarly correlated with temperature

and water vapor (:W—T ~ 1) (Katul et al., 1995; Assouline et al., 2016; Wang et al., 2023). Under
wq

very dry conditions, the correlation between vertical velocity and temperature may exceed that

between vertical velocity and water vapor. Previous studies have shown that :ﬂ frequently
wq

exceeds unity under unstable and dry conditions (Katul and Hsieh, 1999; Lamaud and Irvine,
2006) and can increase with Bowen ratio (Wang et al., 2016; Marti et al., 2025). Assuming equal
correlations would then underestimate the Bowen ratio and overestimate ET. The relatively
frequent unstable conditions at the low-EF shrubland sites (Table 3; Figure S3) are therefore
physically consistent with the positive VBR biases observed here. These effects may explain why
VBR remained biased even when AE uncertainty was considered in the benchmark EC.

At high EF, VBR underestimation appears to reflect both flux-sign ambiguity under advection
and departures from scalar similarity. Consistent with this interpretation, negative sensible heat
flux occurred during 64—72% of growing season observations at the near-unity and high-EF
cropland sites, indicating that negative was not confined to nighttime cooling (Table 3). When
sensible heat flux becomes negative, AE can approach or exceed AE (Brakke et al., 1978). A
positive-only VBR formulation cannot represent these conditions (Assouline et al., 2016). The
VBR-AS51 comparison showed that covariance-derived sign information can partly address this
limitation when AE is positive: during negative-sign periods, VBR-AS51 produced higher latent
heat flux than VBR-Ts, allowing AE to exceed AE. Its agreement with closure-corrected EC
improved most clearly at SF2, where negative sensible heat flux was most frequent. Although
this shift increased positive bias relative to uncorrected EC, it moved VBR estimates closer to the
closure-corrected EC benchmark.

However, the same sign-aware treatment was not beneficial when AE was negative. During
negative-sign periods with negative AE, VBR-AS51 produced more negative latent heat flux than
VBR-Ts and increased RMSD at all three sites. Thus, poorer performance during negative-AE
periods partly offset the benefit of representing negative Bowen ratios under positive-AE
advective conditions. This contrast suggests that the usefulness of covariance-derived sign
information depends not only on the Bowen-ratio sign but also on the energetic regime in which
it occurs.

Also, flux sign alone did not explain the high-EF bias. Even when the Bowen ratio remained

positive, the original VBR assumption requires not only the correct sign but also :W—T ~ 1. If
wq
:W—T < 1, the variance ratio overestimates the magnitude of the Bowen ratio and consequently
wq
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underestimates ET even without negative sensible heat flux. This provides a potential
explanation for the persistent VBR underestimation at SF1, where covariance-derived sign
information reduced bias but did not improve RMSD. Thus, covariance-derived sign information
can correct one important failure mode of VBR under advection, but it does not account for
differences in the magnitude of temperature and water-vapor coupling to vertical motion.

Despite these limitations, VBR agreed reasonably well with EC across a broad EF range while
requiring relatively simple and low-cost instrumentation. VBR may therefore still have merit
when the primary objective is to capture temporal patterns at low cost, but it is less suitable when
high relative accuracy is required, such as for evaluating groundwater-derived ET in dry
phreatophyte shrublands (Beamer et al., 2013).

VBR remains a relatively new approach. Future improvements may require constraining not only
flux direction but also departures from the assumed equality of temperature and water-vapor
correlations with vertical velocity. Approaches that account for both the sign and magnitude of
scalar dissimilarity may therefore improve VBR performance across the full EF gradient.
Evaluation with estimated rather than measured AE will also be needed before comparable
performance can be assumed in more simplified deployments.

6.3. Residual-energy ET should be restricted primarily to high-EF croplands

RE ET performance reflected the combined effects of surface energy balance closure and energy
partitioning. Agreement was closest at SF1, where EC energy balance closure was near complete,
leaving little residual energy to be incorrectly assigned to latent heat flux. More generally, RE
performed comparatively well at high-EF croplands even when energy balance closure was
incomplete, because latent heat flux represented a large fraction of the turbulent energy flux. The
same closure residual therefore constituted a smaller fraction of ET than it did at low-EF sites.

The method can also represent AE greater than locally available energy because negative sensible
heat flux increases the residual estimate (Brakke et al., 1978; Amiro and Wuschke, 1987). This
gives it an advantage over positive-only VBR formulations under advective conditions.
However, RE ET generally remained above the EC systematic-uncertainty range even at high-EF
cropland sites. The magnitude of overestimation decreased with increasing EF, but the method
did not become unbiased under its most favorable conditions. RE estimates should therefore be
interpreted cautiously even in strongly evaporative croplands and may provide an upper estimate
rather than an independent absolute ET measurement.

Among the evaluated approaches, RE ET was most directly affected by assumptions about
energy balance closure. The method assigns the full difference between AE and measured
sensible heat flux to AE. Any energy balance residual arising from unmeasured storage,
horizontal or vertical advection, AE error, or sensible heat flux underestimation is therefore
transferred directly into ET. In contrast, the EC closure correction used here partitioned the
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estimated imbalance between sensible and latent heat according to the measured Bowen ratio
(Twine et al., 2000; Mauder et al., 2013). The residual approach can consequently overestimate
ET even relative to closure-corrected EC.

This problem became severe in low-EF shrublands. ET was calculated as a small difference
between much larger AE and sensible heat flux terms, causing small component errors to
produce large relative ET errors. RE uncertainty remained substantial even when EC AE
approached zero, and daily aggregation did not resolve the large positive bias. Within the
ecosystems evaluated here, the results do not support the use of RE ET for absolute ET
estimation outside croplands. RE ET also performed poorly at the orchard sites. This result is
consistent with unresolved heat storage in canopy biomass, within-canopy air, or other
components not represented by net radiation and surface soil heat flux. Complex agricultural
canopies may therefore remain unsuitable even when EF is moderate.

The present analysis used fully processed EC sensible heat flux and thus represents favorable
conditions for the residual framework. Lower-cost sensible heat flux methods, including surface
renewal (Paw U et al., 1995), would introduce additional H uncertainty that would propagate
directly into ET. RE ET should therefore be limited to high-EF, relatively simple agricultural
systems where sensible heat flux and all major available-energy components are well measured.
Even under these conditions, the tendency toward overestimation should be evaluated
independently.

6.4. Limitations and future needs

Several limitations should be considered when interpreting these results. First, EC was used as
the primary benchmark but does not provide an error-free estimate of ET. The energy balance
correction used to define the systematic uncertainty range is also assumption dependent (Mauder
et al., 2013; Mauder et al., 2024). The comparisons therefore evaluate agreement with a plausible
EC range rather than absolute measurement accuracy.

Second, the evaluated implementations do not represent all possible configurations of each
method. VBR-Ts was applied across the full network to provide a consistent comparison,
whereas VBR-AS51 observations were available at only three sites. The residual-energy analysis
used fully processed EC sensible heat flux and therefore represents favorable conditions
compared with implementations that estimate H using more lower-cost sensors. Measurement
periods and available instrument combinations also differed among sites.

Finally, VBR and residual-energy ET were evaluated using measured net radiation and soil heat
flux. Their performance may differ when available energy is estimated from simplified
meteorological or remotely sensed inputs. The study was also limited to irrigated croplands and
shrublands in the western United States. Additional evaluation across other ecosystems, climates,
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and independent ET benchmarks will be needed to determine how broadly the observed EF-
dependent patterns apply.

7. Conclusion

The evaluated lower-cost ET methods were useful under different ecosystem and energy-
partition conditions but were not interchangeable. Limited diagnostic LI-710 ET sensor showed
the most consistent performance across the observed EF range. LI-710 generally underestimated
EC, but much of the difference fell within closure-related uncertainty when both systems were
evaluated consistently. It appears suitable for half-hourly to seasonal ET monitoring when
external QA/QC and AE measurements are included.

VBR provided stable, low-cost estimates across a broad range of conditions and performed best
at intermediate EF. Relative overestimation remained important in dry shrublands, while strong
advection caused underestimation at high EF. Sign-aware formulations may reduce this
limitation. RE ET improved as EF increased but generally remained positively biased and
performed poorly in shrublands. Its use should therefore be limited mainly to croplands with
accurate measurements of sensible heat flux and available energy.

Overall, method selection should reflect the intended application, ecosystem energy regime, and
required accuracy. Supporting measurements, data recovery, QA/QC, and processing
transparency are part of the complete ET observation system and should be considered together
with sensor cost.
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Data statement

The in situ data used in this study are expected to be archived on Zenodo before publication,
subject to project-specific data-release requirements. Any data that cannot be included in the
public archive will be available upon request. In addition, raw half-hourly flux data from the
Oregon orchard sites (OSU-T1 and OSU-T2) are publicly available through Zenodo (Zheleva et
al., 2026; https://doi.org/10.5281/zenodo.19740895), and raw half-hourly flux data from the
ERVP, ECDP, EDVP, ECSM, EDVG, and ERVA sites are publicly available through NICE Net
(DRI, 2026; https://www.dri.edu/nicenet/). High-frequency IRGASON data used for the VBR
calculations are available upon reasonable request.

The quality-control and post-processing workflows used for eddy-covariance and meteorological
data are maintained in a GitHub repository (https://github.com/DRI-RAD/DRI-RAD-

EC _Proc_operational). The manuscript-specific post-processing and analysis code used to
calculate the lower-cost ET estimates and reproduce the statistical analyses and figures presented
in this manuscript will be archived together on Zenodo before publication.
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Supplementary Text
Text S1. Comparison of daytime-only and storage-constrained energy balance corrections

We compared the conventional daytime correction of Mauder et al. (2013) with the storage-constrained
approach used in this study (Equations 8 - 12) at the RRR site, which exhibited the largest surface energy
imbalance among our study sites and where unresolved heat storage was therefore expected to be
substantial (Figure S1).

At the half-hourly scale, the Mauder et al. (2013) correction brought daytime turbulent fluxes closer to the
1:1 relationship with available energy than our approach, with slopes of 0.964 and 0.867, respectively
(Figure S1b, c). This occurred because the conventional method assigns the full daytime imbalance to
daytime turbulent fluxes, whereas our approach reduces the daytime correction by treating nighttime
imbalance as unresolved sub-daily heat storage. At the daily scale, however, the Mauder et al. correction
produced turbulent fluxes 8% greater than available energy, while our approach achieved daily closure
(slopes of 1.08 and 0.99, respectively; Figure S1f, g). Mauder-corrected latent heat flux was consequently
approximately 7% higher at the half-hourly scale and 6% higher at the daily scale than estimates from our
method (Figure S1d, h). Thus, enforcing closer daytime energy balance closure may overcorrect turbulent
heat fluxes when nighttime energy imbalance associated with unresolved sub-daily heat storage is
appreciable.

It should be noted that RRR exhibited one of the largest differences between the Mauder et al. (2013)
correction and our proposed approach. At other sites, where minor heat storage terms were better
constrained, the difference was generally smaller, but remained systematic. By interpreting the nighttime
imbalance as unresolved sub-daily heat storage, our approach applies a more conservative correction to
EC latent heat flux.

We also examined the ONEFlux energy balance correction, which calculates correction factors separately
at half hourly and daily resolutions (Pastorello et al., 2020). Here, we focused on the half hourly
correction and evaluated its behavior both at the native resolution and after aggregation to daily values. At
an example site, SF3, the half hourly ONEFlux correction brought turbulent fluxes close to energy
balance closure but produced overclosure after daily aggregation, with the regression slope increasing
from 1.03 at the half hourly scale to 1.12 at the daily scale (Figure S2). This result is consistent with the
overcorrection of ONEFlux-corrected turbulent fluxes after daily aggregation reported by Zhang et al.
(2024). Together, these results indicate that widely used half hourly correction approaches, including
those of Mauder et al. (2013) and ONEFlux, can produce overcorrection that becomes evident at the daily
scale when nighttime energy imbalance is not explicitly constrained. This motivated the nighttime storage
constraint used in our approach.



Text S2. Precision and accuracy of collocated LI-710 sensors at the Red Rock Road shrubland site

Six LI-COR LI-710 evapotranspiration sensors (SDI-12 addresses Add0—Add5S) were temporarily
deployed in a collocated cluster at the Red Rock Road (RRR) semiarid shrubland site, alongside the
reference eddy covariance (EC) tower and permanent LI-710 (RRR LI-710). The six units (add0 to add5)
were mounted on two towers, three per tower, in an inverted-T arrangement: a 2 m crossbar carrying the
left and right units, and a 1 m stem extending forward toward the 250° predominant wind to the center
unit. Closest sonic-to-sonic separation is therefore 1.4 m, with 2.0 m along each crossbar. The results
were tested for a wind-direction-locked wake bias between neighbors. The scatter in the wake-risk sectors
was equal to or lower than elsewhere for four of the six units and only marginally higher for the two left-
position units (Figure S9) and no wind-direction-locked bias was detectable.

The concurrent six-unit record spans 2026-03-03 20:00 to 2026-03-20 13:00 (Pacific Standard Time) or
17 days, 803 half-hourly periods. The manufacturer's documented screening workflow was followed for
the LI-710 fluxes (Barker, 2025). A half-hour period was dropped for a unit if the 16-bit diagnostic code
was non-zero, the data-quality variable was non-zero, or the ET fell outside the range (-0.10 <ET < 0.8

mm). No records were gap-filled. Neither precipitation nor probable-dew conditions (nighttime ambient
RH > 95%) were observed during the test period. This screening left 732 of 803 half-hours (91%). This

precision mask was used for unit-to-unit comparison, none of which involves the EC record.

The precision analysis (between units) includes all fluxes (A£, H, ET) and ancillary measurements of air
temperature (AirTC), relative humidity (RH) and barometric pressure (Atm_press) (Table S2). Two
temperature/humidity pairs appear in Table S2 and the distinction is not obvious. The ambient
measurements (AirTC, RH_710) are directly comparable to a conventional weather station; it is the pair
used throughout this analysis. The cell pair (cell_temp, cell RH) is an internal sensor describing
conditions inside the measurement cell. The cell temp tends to be ~5°C warmer (and the cell RH lower)
from heat generated by the air pump. High cell RH (>90%) or low cell T (<0°C) will shut down the
instrument.

The permanent RRR LI-710 was mounted on a crossarm ~3 m from the EC and ~6 m from the cluster.
Within the analysis window, it overlaps 685 of the 803 half-hours (85%), complete except for a 2.5-day
outage from 2026-03-06 03:30 to 2026-03-08 15:00, and 480 periods survive quality control; a 30% loss
against roughly 9% for the cluster units; however, its full record extends well beyond this experiment,
from 2024-11-12 to 2026-03-31. No energy-balance closure correction is applied anywhere in this
analysis.

We separate the analysis into precision (between units) and accuracy (against EC). The analysis window
is 2026-03-03 20:00:00 to 2026-03-20 13:00:00, i.e., 17 days, 803 half-hourly periods, the concurrent six-
unit record (Figure S7). We used a precision mask for the LI-710 cluster based on the data-quality flag
and ET range, rain plus buffer, and dew: 732 of 803 records were retained. An accuracy mask was also
used on the EC data quality control flags, but only 1 record was removed and 731 retained. The
stationarity and integral turbulence characteristic (SSITC) flag was deliberately excluded from the
accuracy mask at RRR. At the other EC sites, SSITC filtering was retained as part of the standard quality-
control procedure. Following conventional policy of SSTIC flag < 1 at RRR, only 52 of 803 periods
survived, discarding 93% of data during the analysis window. Periods flagged had higher mean friction
velocity and wind speed (0.31 and 2.21 m s™') than periods that pass (0.15-0.19 and 0.7-1.1 m s™!). The



SSITC failures are normally associated with low-turbulence, decoupled conditions, not well-mixed ones.
The reference relationship is likely mismatched for this terrain, rather than a real per-period quality
signal, and is not used to exclude data.

For precision, each unit in the cluster was compared against the leave-one-out mean of the other units at
the same timestamp. Add5, an obvious outlier, is excluded from the reference pool for all variables
(Figure S7). Add5 had a +6.91 °C temperature offset and a humidity slope of 0.62 in comparison to the
pool. AddS was returned to the manufacturer and found to have faulty calibration in the firmware. Each
sensor was referenced against the mean of the other four, and Add5 against the mean of all five.

Mean precision and ranges are presented in Table 4, while the per-unit precision for each variable is
presented here in Table S4. Precision is also reported as a function of flux magnitude, binned on the
absolute leave-one-out mean at 0, 25, 50, 100, 150, 250, 500 W m2, rather than as a single number

(Figure S10).

Accuracy was assessed against EC for both fluxes, and separately for flux partitioning via evaporative
fraction, EF = AE /(AE +H), which was used in place of the Bowen ratio because the latter is unstable near
LE = 0. Partitioning was restricted to daytime periods with net radiation above 75 W m2 and a combined
flux clear of the noise floor. The permanent LD-EC installation (RRR LI-710) was on the EC tower 6 m
from the temporary cluster. It was reported in the accuracy comparison but excluded from the precision
analysis and from the ensemble, because it does not share a similar footprint. Mean accuracy and ranges
are presented in Table 5, while the per-unit precision for each variable is presented here in Table S5.

The cumulative sums of ET over surviving 30-minute periods are presented in Figure S8. The divergence
between units amplifies the negative bias in LI-710 LE flux, but also differing data availability following
the precision and accuracy masks. Over this rain-free 17-day period, the EC accumulated 20 mm of total
ET, while the LI-710 averaged only 17 mm.

There are obvious limitations to this comparison. Seventeen days, one season, one biome, in early March
at a semiarid shrubland site bounds the flux range sampled. Precision here is instrument repeatability; not
total field uncertainty as spatial sampling error was removed by design. The benchmark ET from the EC
is not error free. We should note that this test was ancillary to our primary study. The experiment was
scheduled for 30+ days, but delays and the forthcoming growing season closed the testing window.



Text S3. Sensitivity of VBR estimates to sonic temperature variance

Sonic temperature differs from air temperature because the speed of sound is affected by water vapor.
Consequently, fluctuations in sonic temperature 7 include a humidity contribution, and the standard
deviation of sonic temperature oy, is not strictly identical to that of air temperature or. Previous field
studies, however, have shown that the two variances are generally similar (Liu et al., 2001). Across the
present network, direct high-frequency reconstruction of air temperature was possible at sites equipped
with IRGASON systems, where sonic temperature and water vapor were measured synchronously within
the same integrated measurement system. These sites therefore provided an opportunity to evaluate the
use of a7, as a practical proxy for o7 in the VBR calculation.

At each IRGASON site, high-frequency air temperature was reconstructed by correcting sonic
temperature for the effect of water-vapor fluctuations. Half-hourly air-temperature standard deviation was
then calculated from the corrected high-frequency series and used in the original VBR formulation. These
VBR estimates were compared with otherwise identical estimates in which o7, was substituted for 7.
Agreement between the two implementations was evaluated using the coefficient of determination (R?),
root-mean-square deviation (RMSD), and mean bias of the resulting latent heat flux estimates (Table S3).

Differences between the two implementations were small across all evaluated sites. R? ranged from 0.964
t0 0.998, RMSD ranged from 2.21 to 19.0 W m?, and mean bias ranged from 0.332 to 0.738 W m?. The
RMSD associated with using sonic-temperature variance was substantially smaller than the discrepancies
observed among the ET methods in the main intercomparison. It was also smaller than the MDS-based
random uncertainty estimated for VBR at all sites except the two OSU orchard sites, where it was only
moderately larger. Systematic differences remained minimal at all sites, as indicated by mean biases
below 1 W m?. These results indicate that the use of o, as a proxy for or introduces relatively minor
uncertainty compared with the broader methodological uncertainty evaluated in this study. We therefore
considered g, a suitable practical proxy for a7 for the network-wide VBR implementation (i.e., VBR-

Ts).
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Figure S1. Comparison of the conventional daytime energy-balance correction of Mauder et al. (2013)
with the storage-constrained correction used in this study at the RRR site.

Panels (a—d) show half-hourly values, and panels (e—h) show daily mean fluxes. Uncorrected turbulent
heat fluxes are compared with available energy (R,, — G) in (a) and (e). Panels (b) and (f) show latent and
sensible heat fluxes corrected using the Mauder et al. (2013) approach, which forces daytime closure
while leaving nighttime fluxes unchanged. Panels (c) and (g) show the correction used in this study, in
which nighttime energy imbalance is treated as apparent heat storage and used to constrain the amount of
available energy assigned to daytime turbulent fluxes. Panels (d) and (h) directly compare corrected latent
heat fluxes from the two approaches. Blue lines show zero-intercept ordinary least-squares regressions,
with equations reported in each panel; dashed lines indicate the 1:1 relationship.
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Figure S2. Comparison of half hourly ONEFlux energy-balance correction of Pastorello et al. (2020) with
the storage-constrained correction used in this study at the SF3 site.

Panels (a—d) show half-hourly values, and panels (e—h) show daily aggregated fluxes from half-hourly

values. Uncorrected turbulent heat fluxes are compared with available energy (R,, — G) in (a) and (e).
Panels (b) and (f) show latent and sensible heat fluxes corrected using the ONEFlux approach. Panels (¢)
and (g) show the correction used in this study, in which nighttime energy imbalance is treated as apparent

heat storage and used to constrain the amount of available energy assigned to daytime turbulent fluxes.
Panels (d) and (h) directly compare corrected latent heat fluxes from the two approaches. Blue lines show
zero-intercept ordinary least-squares regressions, with equations reported in each panel; dashed lines
indicate the 1:1 relationship.
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Figure S3. Relationships between growing season evaporative fraction (EF) and (a) negative sensible
heat flux occurrence and (b) unstable atmospheric condition occurrence across study sites.

Occurrence was calculated from growing season half-hourly observations, with negative sensible heat
flux defined H < 0 as and unstable conditions as ¢ < —0.04. Symbols and colors distinguish cropland
and shrubland sites, site labels identify individual sites and indicate the Pearson correlation coefficient ()

across all sites.
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Figure S4. Site-specific dependence of half-hourly random uncertainty on eddy-covariance latent heat
flux.
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Symbols indicate random uncertainty, (&), within each bin for EC, LI-710, VBR-Ts, and RE. The x-
coordinate represents the mean EC AEwithin each bin. The secondary y-axis expresses uncertainty as an
equivalent ET rate.



a Croplands

EDVG ERVA Oosu_T1 OSU_T2 S2 SF1 SF2 SF3
200+
—~ 150
2
P L
) 100 PN * 5 *
S - _ [ a ] = J o *
X 5iA® |y 0o | Lo -] -0 o ‘ O | LAVE(Agn® | - _ = -
Fmm e e e e e o= =2 = L--me__0Cl| ___|__ %o_ _____ ._ -y

O -

b Shrublands
ECDP ECSM EDVP ERVP RRR
200 o P
[ ]
- Scalable methods EC benchmark
—~ 150 [
§ - o LI-710 solid: EC
0 1004 = _E_ ______ ] EBR-corrected LI-710 no fill: EBR-corrected
2 ] e | __| 8 o | LA |av._] 5
5 ------- ~-11 | | F---|-9-- ® VBRTs
50
® RE
O -

Figure S5. Relative site-level agreement of lower-cost ET methods with EC benchmarks at the half-
hourly timescale.

Root-mean-square deviation (RMSD) was normalized by the mean ET magnitude of the corresponding
EC benchmark and expressed as a percentage for (a) cropland and (d) shrubland sites. Symbols represent
LI-710, energy balance ratio (EBR)-corrected LI-710, VBR-Ts, and RE estimates. Filled symbols show
percent RMSE relative to measured EC, normalized by mean measured EC ET, whereas open symbols
show percent RMSD relative to EBR-corrected EC, normalized by mean EBR-corrected EC ET. Values
exceeding 200% (e.g., RE estimates at several shrubland sites) fall outside the displayed range and are
omitted for visual clarity.
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Figure S6. Relative site-level agreement of lower-cost ET methods with EC benchmarks at the daily
timescale.

Root-mean-square deviation (RMSD) was normalized by the mean daily ET magnitude of the
corresponding EC benchmark and expressed as a percentage for (a) cropland and (d) shrubland sites.
Filled symbols show percent RMSE relative to measured EC, normalized by mean measured EC ET,
whereas open symbols show percent RMSD relative to EBR-corrected EC, normalized by mean EBR-
corrected EC ET. Values exceeding 100% (e.g., RE estimates at several shrubland sites) fall outside the
displayed range and are omitted for visual clarity.
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Figure S7. Time series of fluxes from the side-by-side LI-710 accuracy and precision test at RRR. Half-
hourly, quality-controlled time series of all six units over the 17-day window. The outlier (Add5) was
excluded from the ensemble. Its offset is visible in the temperature and humidity panels.
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Figure S8. Cumulative evapotranspiration over the 17-day window, per unit and for EC.
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Figure S9. Deviation from the reference against wind direction, by unit. The solid line marks the
predominant wind direction; dotted lines mark that unit's own neighbor-wake bearings.
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Supplementary Tables

Table S1. Instrumentation and deployment configurations at each study site.

EC and Net Radiometer
Site Lower-cost and Soil Heat Soil Temperature
ID ET Flux Plates and Moisture Additional Sensors
ERVP IRGASON CNR4 2 TCAV HMP155 humidity and temperature probe/
LI-710 4 HFPO1 at 8 cm 2 CS655 RM Young 05103 anemometer/ TE525
depths 0~8 cm tipping bucket/ Pluvio2 bulk precipitation
ECDP IRGASON CNR4 3 TCAV HMP155 humidity and temperature probe/
LI-710 6 HFPO1 at8 cm 3 CS655 RM Young 05103 anemometer/ TE525
depths 0~8 cm tipping bucket/ Pluvio2 bulk precipitation/
Teros 12 and 54 soil sensors
EDVP IRGASON CNR4 3 TCAV HMP155 humidity and temperature probe/
LI-710 6 HFPO1 at 8 cm 3 CS655 RM Young 05103 anemometer/ TES25
depths 0~8 cm tipping bucket/ Pluvio2 bulk precipitation/
Teros 12 and 54 soil sensors
ECSM IRGASON CNR4 3 TCAV HMP155 humidity and temperature probe/
LI-710 6 HFPO1 at5cm 3 CS655 RM Young 05103 anemometer/ TE525
depths 0~5 cm tipping bucket/ Pluvio2 bulk precipitation/
Teros 12 and 54 soil sensors
RRR LI7500 CNR4 2 TCAV HMP155 humidity and temperature probe/
CSAT 4 HFPO1 at 8 cm 2 CS655 RM Young 05103 anemometer/ TE525
LI-710 depths 0~5 cm tipping bucket
ATMOS 51
EDVG IRGASON CNR4 3 TCAV HMP155 humidity and temperature probe/
LI-710 4 HFPO1l at8 cm 3 CS655 RM Young 05103 anemometer/ TES25
depths 0~8 cm tipping bucket/ SG400 bulk precipitation
ERVA IRGASON CNR4 2 TCAV HMP155 humidity and temperature probe/
LI-710 4 HFPO1 at8 cm 2 CS655 RM Young 05103 anemometer/ TES25
depths 0~8 cm tipping bucket
S2 LI7500 CNR4 2 TCAV HMP155 humidity and temperature probe/
CSAT 3 HFPOl at8 cm 2 CS655 RM Young 05103 anemometer/ TES25
LI-710 depths 0~8 cm tipping bucket
OSU_  IRGASON NRO1 3 TCAV at4,8,12,16 HygroVue 10 temperature and humidity
T1 LI-710 3 HFPO1 at 16 cm probe/TE525 tipping bucket/ Teros 10, 12
cm 3 CS655 at 8 cm and 21 sensors
depths 0~x cm
OSU_ IRGASON NRO1 3 TCAV at 4,8,12,16 HygroVue 10 temperature and humidity
T2 LI-710 3 HFPO1 at 16 cm probe/TES525 tipping bucket/ Teros 10, 12
cm 3 CS655 at 8§ cm and 21 sensors
depths 0~x cm
SF1 LI7500DS SN500 1 TCAV at depths 2 HygroVue 5 temperature and humidity
WindMaste 2 HFPOISCat8 cmand 5 cm probe/TE525MM tipping bucket/ Teros 54
ATMOS 51 cm 2 CS655 at depth 5 sensor (depths 15, 30, 45, and 60 cm)
cm
SF2 LI7500DS NRO1 1 TCAV at depths 2 HygroVue 5 temperature and humidity
WindMaster 2 HFPO1SCat8 cmand5cm probe/TE525MM tipping bucket/ Teros 54
/ATMOS51 cm 2 CS655 at depth 5 sensor (depths 15, 30, 45, and 60 cm)
cm
SF3 LI7500DS SN500 1 TCAV at depths 2 HygroVue 5 temperature and humidity
WindMaster 2 HFPOISCat8 cmandS5 cm probe/TE525MM tipping bucket/ Teros 54
cm 2 CS655 at depth 5 sensor (depths 15, 30, 45, and 60 cm)

cm




Table S2. Standard output variables, units and description of the 30-minute output from the LI-710
limited diagnostic eddy covariance sensor.

Variable Units Description

ET 710 mm / 30 min Evapotranspiration

LE 710 Wm™ Latent heat flux

H_710 Wm3 Sensible heat flux

Atm_press kPa Ambient (barometric) pressure

AirTC °C Ambient air temperature

RH_710 % Ambient relative humidity

seq_num # Measurement sequence number

sample_count # High-frequency samples per 30-min
averaging period

diag 0-65535 16-bit diagnostic code

pump_voltage \Y Pump motor voltage

cell pressure kPa Optical cell pressure

cell RH % Optical cell relative humidity

cell temp °C Optical cell temperature

enclosure RH % Sensor enclosure relative humidity

flow cm’® min! Pump flow rate

input_vol \Y Sensor supply voltage

data_qc % Percentage of raw points discarded in
processing

abs hum_amb gm Ambient absolute humidity

RH_710_amb % Ambient RH, secondary/derived channel

SVP_amb kPa Saturation vapor pressure, ambient

VPD kPa Vapor pressure deficit

Atm_Press 2 kPa Secondary ambient pressure channel

air_temp_ns °C Air temperature, alternate/non-sonic path

dew point_temp °C Dew point temperature

tilt

deg (0-180)

Sensor tilt from vertical




Table S3. Comparison of VBR latent heat flux estimates calculated using sonic-temperature and
humidity-corrected air-temperature variances at IRGASON sites. Agreement was evaluated using R?,
RMSD, and mean bias.

Land cover Site R? RMSD (W m?) Mean bias (W m)
Croplands EDVG 0.997 6.51 0.332
Croplands ERVA 0.998 5.61 0.398
Croplands OSU Tl 0.964 18.0 0.377
Croplands OSU T2 0.971 19.0 0.447
Shrublands ERVP 0.971 5.33 0.459
Shrublands ECDP 0.996 2.21 0.711
Shrublands EDVP 0.993 3.47 0.695
Shrublands ECSM 0.996 3.05 0.738

Bias was calculated as VBR latent heat flux based on humidity-corrected air temperature minus VBR latent heat flux
based on sonic temperature.



Table S4. Per-unit precision against the leave-one-out mean, all variables (n = 732 half-hours). Offset and
residual standard deviation (SD) are in each variable's units. Add5* was removed from the reference pool,
so it is compared against the mean of the other five while each pool member is compared against the other
four.

Reference
Unit Variable units in pool Slope Offset Residual SD Residual MAD
Add0 HMWm?) 4 0.933 0.716 16.708 10.866
Add1 H (W m?) 4 1.036 -0.064 14.821 9.904
Add2 H (W m?) 4 1.021 -0.689 19.459 12.409
Add3 H (W m?) 4 1.000 -1.690 16.308 10.582
Add4 H W m?) 4 1.065 -0.508 24.668 18.048
Add5* H(Wm?) 5 1.032 -3.611 17.365 11.749
Addo LE (W m?) 4 1.044 -0.969 7.354 2.566
Addl LE (Wm?) 4 0.973 -0.210 6.186 2.580
Add2 LE (W m™?) 4 1.018 -0.427 6.562 2.576
Add3 LE (W m™?) 4 1.001 -1.279 8.083 2.964
Add4 LE (W m™?) 4 1.016 1.165 9.580 3.989
Add5* LE (W m™?) 5 0.912 -0.577 8.208 2.752
Addo P (kPa) 4 1.000 -0.036 0.008 0.007
Addl P (kPa) 4 1.003 -0.351 0.007 0.007
Add2 P (kPa) 4 1.003 -0.284 0.015 0.015
Add3 P (kPa) 4 0.996 0.422 0.012 0.013
Add4 P (kPa) 4 0.998 0.171 0.005 0.005
Add5* P (kPa) 5 0.998 0.200 0.010 0.011
Add0 RH (%) 4 1.046 -0.142 0.357 0.374
Add1 RH (%) 4 0.988 -0.372 0.420 0.420
Add2 RH (%) 4 0.980 0.373 0.382 0.369
Add3 RH (%) 4 0.985 -0.477 0.360 0.285
Add4 RH (%) 4 1.003 0.583 0.300 0.260
Add5* RH (%) 5 0.622 0.190 0.309 0.256
Addo T (°C) 4 0.997 -0.146 0.146 0.156
Add1 T (°C) 4 1.003 -0.076 0.177 0.197
Add2 T (°C) 4 0.995 0.185 0.125 0.119
Add3 T (°C) 4 1.004 0.014 0.163 0.145
Add4 T (°C) 4 1.002 0.015 0.136 0.130
Add5* T (°C) 5 1.036 6.914 0.188 0.214



Table S5. Per-unit accuracy against the eddy covariance fluxes (latent heat, LE, and sensible heat, H) and
daytime evaporative fraction (EF), as measured (unclosed).

RMSD (flux)
Unit Flux n Slope Intercept MBE or SD (EF)
Addo LE (Wm™) 731 0.900 -0.26 -4.01 16.10
Add1 LE (Wm?) 731 0.851 0.30 -5.28 16.94
Add2 LE (Wm™) 731 0.884 0.09 -4.25 15.82
Add3 LE (Wm™) 731 0.864 -0.37 -5.45 15.98
Add4 LE (W m™) 731 0.890 1.13 -3.00 14.15
Add5 LE (Wm™?) 731 0.781 0.23 -7.96 17.22
RRRLI-710 LE (W m?) 480 0.746 -0.66 -8.34 17.82
Addo HWm?) 731 0.866 -4.78 -11.69 29.78
Addl HWm?) 731 0.942 -5.82 -8.82 24.22
Add2 H(Wm?) 731 0.932 -6.32 -9.81 27.93
Add3 HWm?) 731 0.915 -7.00 -11.36 26.58
Add4 H(Wm?) 731 0.965 -6.45 -8.24 27.26
Add5 H (W m?) 731 0.943 -9.35 -12.29 27.49
RRRLI-710 HMWm? 480 0.840 -3.63 -7.55 22.06
Addo EF 302 1.149 -0.034 0.0185 0.0887
Addl EF 301 1.141 -0.056 -0.0060 0.0826
Add2 EF 302 1.163 -0.049 0.0081 0.0839
Add3 EF 300 1.008 -0.014 -0.0113 0.0762
Add4 EF 301 1.290 -0.108 -0.0057 0.1098
Add5 EF 301 1.084 -0.053 -0.0237 0.0763

RRRLI-710 EF 158 1.072 -0.048 -0.0204 0.0651
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