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Abstract Reducing water losses in agriculture needs a solid understanding of when evaporation (E)
losses occur and how much water is used through crop transpiration (T). Partitioning ecosystem T is however
challenging, and even more so when it comes to short-statured crops, where many standard methods lead to
inaccurate measurements. In this study, we combined biometeorological measurements with a Soil-PlantAtmosphere Crop (SPA-Crop) model to estimate T and E at a Swiss cropland over two crop seasons with winter
cereals. We compared our results with two data-driven approaches: The Transpiration Estimation Algorithm
(TEA) and the underlying Water Use Efficiency (uWUE). Despite large differences in the productivity of both
years, the T to evapotranspiration (ET) ratio had relatively similar seasonal and diurnal dynamics, and averaged
to 0.72 and 0.73. Our measurements combined with a SPA-Crop model provided T estimates similar to the
TEA method, while the uWUE method produced systematically lower T even when the soil and leaves were
dry. T was strongly related to the leaf area index, but additionally varied due to climatic conditions. The most
important climatic drivers controlling T were found to be the photosynthetic photon flux density (R 2 = 0.84
and 0.87), and vapor pressure deficit (R 2 = 0.86 and 0.70). Our results suggest that site-specific studies can
help establish T/ET ratios, as well as identify dominant climatic drivers, which could then be used to partition
T from reliable ET measurements. Moreover, our results suggest that the TEA method is a suitable tool for ET
partitioning in short-statured croplands.
Plain Language Summary To reduce water losses linked to agriculture, we need to understand
how much water the crops transpire and how much water is evaporated from irrigation surplus. Measuring
how much water plants transpire is however difficult, especially for short-statured crops like wheat or barley,
because they are too small for the usual measurement techniques. In our study, we use detailed climate and
vegetation measurements at a cropland in Switzerland combined with a model, and compare with two other
data-driven partitioning approaches (Transpiration Estimation Algorithm (TEA), underlying Water Use
Efficiency (uWUE)). Our results show that the measurements combined with a model compared well with one
of the approach (TEA), while the other (uWUE) was less well suited for our cropland. Our results demonstrate
that there are ratios of the transpiration to evapotranspiration (i.e., including evaporation) that tend to
be stable for specific ecosystems, and that could therefore be used once they are known for an ecosystem. Our
results also show that the amount of light and the atmospheric demand for water vapor are important drivers for
transpiration on a daily basis, while the plant cover determines the overall rate.
1. Introduction
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Agriculture uses the largest amount of water worldwide, representing approximately 70% of the total freshwater withdrawal (Chartzoulakis & Bertaki, 2015; Rosegrant et al., 2009). In the forthcoming years, irrigated
areas will continue to increase with the rising population, while freshwater supplies will become more limited
(Chartzoulakis & Bertaki, 2015). Shortages and changes in water availability under a changing climate will
pose significant challenges to food production (Miralles et al., 2018). Understanding crop-specific responses to
changes in climate and their trends in space and time is essential for the planning of suitable adaptation measures
(Holzkämper et al., 2015; Zhao et al., 2015).
The current efficiency of crop irrigation is however very low, with less than 65% of the irrigation water being
used by the crops and the rest lost from production (Chartzoulakis & Bertaki, 2015). Plant transpiration (T) is
the main process by which water is lost from plant leaves through stomata to the atmosphere and is inevitably
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linked to the carbon demand by plant photosynthesis. Water is necessary for plants, but only a small amount of
the water taken up by the roots is used for growth and metabolism, the remaining 97%–99.5% is lost through T
(Nobel, 1999; Sinha, 2004). This plant T also affects our climate through evaporative cooling (Curtis, 1936),
as it reduces surface temperatures. Reductions in T become an additional physiological forcing on top of the
radiative forcing linked to increased atmospheric CO2 concentrations, enhancing the warming of the Earth (Cao
et al., 2010; Sellers et al., 1996); as plant T is reduced, there is a reduction in evaporative cooling and this exacerbates the increase in surface temperatures (e.g., Wolf et al. (2016)). Despite the importance of T in the water
cycle, accurate measurement methods at the ecosystem-level are difficult (Fisher et al., 2017; Kool et al., 2014;
Stoy et al., 2019), especially for short-statured croplands, and are therefore critically needed to help inform
sustainable water use.
One prominent method to assess ecosystem water exchange is the eddy covariance (EC) technique that quantifies
the evapotranspiration (ET) from croplands (e.g., Chen et al., 2020). The partitioning into its component fluxes
of T and evaporation (E), however, remains a challenge (e.g., Stoy et al., 2019; Wei et al., 2018). In recent years,
a large effort is being made to develop algorithms to partition E and T from ET fluxes; nevertheless, these models
often rely on unverified assumptions and are largely unconstrained until we gain a better understanding of variations in T depending on species and environmental conditions. Scott and Biederman (2017) developed a method
to partition ET at arid sites only using multi-year EC estimates of ET and gross primary production (GPP). The
method performed well at water-limited sites over time periods during which the linear regression between GPP
and ET has a positive ET axis intercept, thus allowing to estimate E. Other new modeling approaches suggested
to partition ET at EC sites based on a Shuttleworth–Wallace two-source model (Hu et al., 2009), or based on
the Penman-Monteith model where ecosystem conductance is decomposed into soil and canopy conductances
(Li et al., 2019), or based on optimality principles (Perez-Priego et al., 2018), or based on water use efficiency
(WUE) derived from the coupling of GPP and T (Nelson et al., 2018). Other studies have also suggested to partition global ET using the relationship between T/ET and leaf area index (LAI) for different ecosystems (Wang
et al., 2014; Wei et al., 2017). Nelson et al. (2020) compared three of these new approaches to partition ET fluxes,
and found a wide range of T/ET with maxima from 0.5 to 0.9 for croplands, depending on the approach used.
This suggests that mechanisms as implemented in the available approaches are not yet consolidated. Detailed in
situ assessments of T and environmental factors are consequently needed to advance partitioning approaches and
eventually enable a robust partitioning approach across sites and ecosystems.
Accurately and directly measuring T for short-statured croplands is an especially challenging task, as the few
available T measurement methods can often not be applied. In forest ecosystems, for example, below canopy
EC measurements can be used to partition ET (Paul-Limoges et al., 2020). In short-statured croplands, the lack
of physical space between the soil and the crop canopy makes this method unusable because of the inability to
measure turbulence under the crop canopy. Sap flow measurements have been tested on crops with larger stem
diameters including grapevines (Eastham & Gray, 1998; Ginestar et al., 1998), fruit and olive trees (Ameglio
et al., 1999; Fernandez et al., 2001; Giorio & Giorio, 2003), but the measurement principle is unsuitable for
many small diameter crops such as cereals and legumes, especially in the early growth stages. In addition, sap
flow tends to lag behind changes in transpiration rate due to the hydraulic capacitance of the stem and other
plant tissues (Wronski et al., 1985). Lysimeter measurements to partition E and T in a short-statured cropland
require the removal of the vegetation cover and thereby, create highly artificial conditions that do not represent
the crop field conditions in terms of energy and water balances (e.g., Asseng & Hsiao, 2000; Sun et al., 2019).
The isotopic composition of water has also been used to partition E and T based on a comparison between the
sample and measures of estimated isotopic compositions (Wang et al., 2010, 2012). The method is costly, laborious, and has a low temporal resolution, but it has been implemented successfully in many different studies
(Griffis, 2013). Wei et al. (2018) however showed that the T/ET fraction estimated from the isotope method was
overestimated in three croplands, as it was highly dependent on model predictions of the evaporation isotopic
composition. Accordingly, in the review by Kool et al. (2014), not a single paper was found that reported a full
validation of ET partitioning for field crops using measurements.
Process-based models simulate the key processes and interactions occurring across the soil-plant-atmosphere-continuum (SPAC), and can require detailed measurements at a site in order to determine fluxes. These types of models
often consider variables of water limitation and water distribution at various depths in the soil (García-Tejera
et al., 2017) and have the capacity to account for plant-water relations at various heights within the canopy
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(Damm et al., 2018). In short-statured croplands, the uniform canopy made up of a single species of grain crops
makes them an almost ideal case for process-based models.
This study consequently aims to provide further insights on the partitioning of ecosystem E and T in short-statured
croplands. We combine detailed biometeorological measurements with the process-based Soil-Plant-Atmosphere
Crop (SPA-Crop) model (Sus et al., 2010), a SPAC model adapted for croplands, to estimate T at a Swiss crop site
over two crop seasons. SPA-Crop was previously heavily parameterised and calibrated for the carbon fluxes at the
Oensingen site, and for the first time in this study, the water flux components of this cropland are investigated.
We compare our T estimates with two other data-driven modelling approaches—The Transpiration Estimation
Algorithm (TEA) and the underlying Water Use Efficiency (uWUE) approaches—that were recently developed
to help remedy the partitioning of EC measured ET using WUE as a center point. Finally, we investigate diurnal
and seasonal T dynamics and assess the relationships between T and T/ET with climate variables and LAI to
identify the main drivers for T in short-statured croplands, and provide insights relevant to advance ET partitioning approaches.

2. Materials and Methods
2.1. Study Site
The test site Oensingen CH-Oe2 is part of Swiss FluxNet and Fluxnet since 2003 (Emmel et al., 2018), and
is equipped with an EC flux tower and a meteorological station. The Oensingen cropland site (47°17'11.1''N,
7°44'01.5''E, 452 m a.s.l.), located near the town of Oensingen in the canton of Solothurn (Switzerland), is a
commercially managed agricultural field, with the crops during the study years being winter wheat (Triticum
aestivum) in 2018–2019 and winter barley (Hordeum vulgare L.) in 2019–2020. The crop field has an extent of
1.55 ha with a Fluvisol with 42% clay, 33% silt and 25% sand (Alaoui & Goetz, 2008). The average air temperature
(Ta) at the site is 9.8°C, and the average annual precipitation is 1155 mm (Emmel et al., 2018). No additional irrigation was performed at the site. The winter wheat was sowed on 11.10.2018 and harvested on 23.07.2019, while
the winter barley was sowed on 08.10.2019 and harvested on 26.06.2020. The winter barley in 2019–2020 was a
malting barley that was more extensively managed with only one fertilizer application compared to normal winter
wheat/barley like in 2018–2019 that was fertilized 2–3 times during the growing season. Moreover, the amount of
seeds for the sowing in 2019 was lower with 150 kg ha −1 instead of 180 kg ha −1 in 2018. During the 2018–2019
winter wheat crop season, crop emergence was around one week after sowing (18.10.2018) and stem elongation
started in the first week of April 2019. The end of flowering was determined on 05.06.2019 and a week before the
harvest the senescence of winter wheat started. During the 2019–2020 crop season, the early plant development
stages such as crop emergence, leaf development and stem elongation were similar to the 2018–2019 crop season.
Due to the warm spring in 2020, the crop development was advanced and the end of the flowering was already on
25.05.2020. Ripening of winter barley started on 18.06.2020 and crops were harvested on 26.06.2020.
2.2. Meteorological Measurements and LAI
Climate variables were measured at a height of 2 m at the Oensingen site. Ta and relative humidity (RH) were
measured using a combined temperature and relative humidity probe (Rotronic MP101A, Bassersdorf, Switzerland). Total precipitation was measured using a heated rain gauge (Lambrecht GmbH 15188, Goettingen,
Germany). Soil temperature (Ts) and volumetric water content (SWC) were measured in two soil profiles at
depths of 5, 10, 20, and 30 cm using Decagon ECH2O EC-20 probes (Pullman, WA, USA). Soil heat flux was
measured at 4 cm depth using four HFP01 heat flux plates (Hukseflux B.V., Delft, Netherlands). Measurements
were made every minute and recorded with a data logger (CR1000, Campbell Scientific Inc., Loughborough,
UK). In addition to the main tower measurements, a micrometeorological profile was installed in October 2019
measuring net radiation (Rn), Ta and RH, infrared temperatures, leaf wetness, and photosynthetic photon flux
density (PPFD) at three heights within the canopy (0.1 m, 0.6 and 1.0 m) to complement the other meteorological measurements at 2 m. However, due to the unusually low productivity during the 2019–2020 crop season,
these measurements are now referred to as below and above the crop canopy (0.1 and 0.6 m, respectively). Rn
was measured with net radiometers (NR lite2, Campbell Scientific Inc., Loughborough, UK). Ta and RH were
measured with combined temperature and relative humidity probes (HMP60, Campbell Scientific Inc., Loughborough, UK). Infrared temperature was measured using IR120s (Campbell Scientific Inc., Loughborough, UK)
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and leaf and soil (i.e., at 0.1m just above the soil) wetness using dielectric leaf wetness sensors (lws, Campbell
Scientific Inc., Loughborough, UK). PPFD was measured with a LI-190R (Campbell Scientific Inc., Loughborough, UK). All measurements were made every minute and recorded with a data logger (CR1000, Campbell
Scientific Inc., Loughborough, UK).
LAI was measured using a LAI-2000 (LICOR Inc., Lincoln, NE, USA) at regular intervals during both growing
seasons. For one LAI reading, 10 measurements were taken on a transect across the field with 5 m distance
between the measurement points. At each point above and below canopy measurements were made. Under clear
sky conditions, measurements were faced toward North to avoid direct sunlight. The phenological development
stages of winter wheat and barley were observed at least once a month in the field or monitored via webcam
pictures from the site taken at a 10-min interval. The maximum height of the crop canopy was about 1.00 m in
2018–2019 and 0.60 m in 2019–2020.
2.3. Eddy Covariance Measurements
Turbulent fluxes of H2O vapor, that is, ET fluxes, were measured continuously during the 2018–2019 and
2019–2020 crop seasons at the Oensingen cropland using the eddy-covariance (EC) technique (Baldocchi, 2003).
The EC system at the Oensingen site was installed at a height of 2 m (Emmel et al., 2018). The EC instrumentation consisted of a closed-path infrared gas analyzer (IRGA) (LI-7200, LICOR Inc., Lincoln, NE, USA) and
a three-dimensional ultrasonic anemometer-thermometer R3-50 (Gill Instruments Ltd., Lymington, UK). EC
measurements were acquired at a frequency of 20 Hz.
The statistical quality of the raw time series was assessed before flux calculations following Vickers and
Mahrt (1997). Raw high-frequency data were rejected if (a) spikes accounted for more than 1% of the time series,
(b) more than 10% of available data points were statistically different from the overall trend in the half-hour
period, (c) raw data values were outside a plausible range, or (d) window dirtiness of the IRGA sensor exceeded
80%. Only raw data that passed all quality tests were used for flux calculations. Half-hourly fluxes of H2O vapor
were calculated using the EddyPro software (v6.2.0, LI-COR Inc., USA). Frequency response corrections were
applied to raw fluxes, accounting for high-pass (Moncrieff et al., 2005) and low-pass filtering (Horst, 1997).
Spectral corrections were applied to the H2O vapor fluxes prior to the Webb, Pearman, and Leuning (WPL)
correction (Webb et al., 1980). Delays were calculated using the covariance maximization procedure, consisting
of the determination of the time lag that maximizes the covariance of two variables, within a window of plausible
time lags (e.g., Fan et al. (1990)) and a double rotation was used (Wilczak et al., 2001). Half-hourly averaged
fluxes were rejected if (a) the steady-state test statistic was outside the range ±30% (Foken et al., 2005), or (b) the
integral turbulence characteristic test was outside the ±30% range (Foken et al., 2005). The vapor pressure deficit
(VPD) was derived from the EC measurements, as the difference between the actual water vapor pressure and its
saturation value. For the H2O vapor fluxes, 18% of the data were filtered out and gap filling was performed using
marginal distribution sampling. Standardized gap filling and partitioning of the net ecosystem CO2 exchange
(NEE) into gross primary production (GPP) and ecosystem respiration (R) was performed using the method from
Barr et al. (2004). The 90% contour interval of the EC measurements source area was at 80 m, which was well
constrained on the crop field of 100 m by 140 m. The energy balance closure (EBC) was on average 80% for the
two crop seasons in this study. The EBC increased with the crop cover homogeneity (to 86% and 82% in May
2019 and 2020, respectively), showing that this imbalance was in part due to a footprint mismatch between the EC
measurements and the net radiometer. As a result, no correction was added to the turbulent fluxes.
2.4. SPA-Crop Model
We applied the process-based Soil-Plant-Atmosphere Crop model (SPA-Crop (Revill et al., 2019; Sus et al., 2010;
Williams et al., 1996)) in order to estimate the components of ET. SPA-Crop simulates water fluxes at high
temporal (half-hourly time-steps) and high vertical resolutions (20 soil layers and 10 canopy layers). The canopy
has a surface water storage capacity (S) that is increased by precipitation and decreased by discharge via evaporation (E) and gravitational drainage (Williams et al., 2001). Model through-fall parameters determine the fraction
of precipitation that reaches the soil surface, whereas the remaining precipitation is added to the canopy storage.
When the amount of water on the canopy (s) is greater than S then E is determined using the Penman-Monteith
equation. When the amount of water is less than the capacity, however, E occurs at a fraction of the rate E(s/S). For
PAUL-LIMOGES ET AL.
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each of the 10 canopy layers, T is simulated (at leaf-level) using the Penman-Monteith equation (in Jones, 1992).
T is linked to a photosynthesis model (Farquhar and von Caemmerer, 1982) via a model of stomatal conductance
that optimizes daily C assimilation per unit leaf N within the limits of canopy water storage and soil-to-canopy
water transport. The rate of which water can be supplied to the canopy is restricted by plant hydraulics and soil
water availability. This rate can also restrict T because if the rate falls below a threshold value, the stomata close
to prevent xylem cavitation. Xylem cavitation (Vilagrosa et al., 2012) is avoided by decreasing stomatal conductance until the T rate equals the rate of water supply from the soils.
SPA-Crop was previously parameterized for the carbon fluxes for the Oensingen site by Sus et al. (2010) for the
simulation of winter wheat and barley, and further updated by Revill et al. (2019) using field-scale measurements
collected during several consecutive field seasons between 2004 and 2015. Revill et al. (2019) calibrated the
model for the Oensingen site by first defining the realistic limits of each of the missing parameter values based on
the field observations and from literature for similar crop types. With the minimum and maximum values set for
each parameter, a large ensemble of SPA-Crop model runs (4000) was then performed. Each model run involved
randomly sampling a value within the minimum/maximum parameter range and the resultant NEE, GPP and
ET flux estimates were compared to the corresponding EC data. The set of model parameters that provided the
highest agreement to the EC data was selected. For each crop type, the crop vegetation parameters can generally
be categorized as the values that determine the structural, biochemical, phenological and optical properties of the
crops (see Table 2 and the online supplementary information from Revill et al. (2019)). The vegetation structural
and biochemical parameters also included defining the vertical distribution of total leaf area and nitrogen content
across the simulated canopy layers. SPA-Crop simulated seven layers for winter wheat and winter barley. Outputs
from the SPA-Crop model were compared with the below and above canopy micrometeorological measurements
as well as with the EC fluxes to ensure an accurate representation of the crop fluxes, as this study was the first
time it was parameterised to focus on the water fluxes at the Oensingen cropland site.
2.5. Comparison With Two Data-Driven Approaches
2.5.1. TEA Method
We used the Transpiration Estimation Algorithm (TEA) method from Nelson et al. (2018) to partition T from the
ET measurements during the two crop seasons. The TEA method predicts water use efficiency (WUE = GPP/T)
using a nonparametric Random Forest model and GPP (Breiman, 2001). The model is trained on the ecosystem
WUE (WUEeco = GPP/ET) during periods in the growing season when surfaces are likely to be dry, that is, when
E/ET should be minimal. Periods likely to have wet surfaces are filtered based on precipitation input and ET in a
shallow bucket water balance scheme (see for more details Nelson et al., 2018). The Random Forest, trained on
WUEeco from the filtered periods, then predicts WUE (GPP/T) for the full time series. To further compensate for
the existence of E in the training data set, the 75th percentile of WUE is used from the Random Forest model, as
it gave the best performance against synthetic data from three terrestrial biosphere models (Nelson et al., 2018).
TEA utilizes a machine learning approach that allows for the predicted WUE to be dynamic in time and not
strictly driven by assumed physiological responses.
2.5.2. uWUE Method
We also partitioned T from the ET measurements using the uWUE method (Zhou et al., 2016, 2018). The uWUE
method relies on estimates of the underlying WUE defined as,
√
𝐺𝐺𝐺𝐺 𝐺𝐺 𝑉𝑉 𝑉𝑉 𝑉𝑉
(1)
.
𝑢𝑢𝑢𝑢 𝑢𝑢 𝑢𝑢 =
𝐸𝐸𝐸𝐸
Two uWUE variants are calculated from half-hourly data: (a) the potential uWUE (uWUEp) is calculated at an
√
annual scale using a 95th percentile regression between𝐴𝐴GPP 𝐴 𝑉𝑉 𝑉𝑉 𝑉𝑉 and ET, representing conditions with
the highest carbon gain to water loss and thus T ≈ ET; (b) the actual uWUE (uWUEa) is estimated as the linear
regression slope from a moving window spanning eight days. uWUEp is assumed to be constant throughout
√
a year, corresponding to the maximum carbon gain to water loss given
𝐴𝐴 that 𝑉𝑉 𝑉𝑉 𝑉𝑉 linearizes the ET to GPP
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Figure 1. Environmental conditions and leaf area index (LAI) during the 2018–2019 winter wheat crop season and during the 2019–2020 winter barley crop season
from sowing to harvest. Environmental conditions include mean (5-day averages) air temperature (Ta), vapor pressure deficit (VPD), soil water content at 5-cm depth
(SWC) and total weekly precipitation. The bottom panel shows the mean LAI (points) measured in the field during both crop seasons.

relationship, as has been shown across a large variety of sites and has been linked to stomatal optimality, that is,
GPP and T are coupled through stomatal function (Zhou et al., 2014). T/ET is then estimated as,
𝑢WUE𝑎
𝑇
=
.
(2)
𝐸𝑇
𝑢WUE𝑝

The uWUE method was also estimated at half-hourly scale by calculating uWUEa directly from the fluxes
√
(uWUEa = GPP ⋅ VPD ⋅ ET −1) (Nelson et al., 2020; Zhou et al., 2018) rather than through a regression for the
purpose of Figure 7 only (diurnal cycles).

3. Results
3.1. Environmental Conditions and Crop Development
On average, the 2018–2019 crop season was warmer (8.3°C) compared to the 2019–2020 crop season (7.9°C)
(Figure 1). Mean air temperatures (Ta) became generally high in June-July 2019, with values reaching up to 25°C.
In 2019–2020, Ta values remained relatively low, with averages always below 20°C. Vapor pressure deficit (VPD)
values also became high in June–July 2019, with mean values above 1000 Pa, while values stayed below 1000 Pa
in summer 2020 (Figure 1). Total precipitation (907 mm) during the 2019–2020 crop season was larger than
during the 2018–2019 crop season (824 mm). However, the precipitation in 2020 was less evenly distributed with
a dry period from mid-March to end of April 2020. This dry period was also seen by the decrease in SWC at 5-cm
depth to about 15% in April 2020 (Figure 1). In terms of crop growth, 2018–2019 was a productive crop season
for the winter wheat, with LAI values being above 5 from May–July 2019, reaching LAI values of 6. In contrast,
the 2019–2020 crop season was less productive for the winter barley due to the more extensive management and
dry conditions in spring, resulting in the ground being patchily covered by the crops and with LAI values staying
below 3 (Figure 1h).
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Figure 2. Below and above canopy measurements of mean (5-day averages) (a) net radiation (Rn), (b) photosynthetic photon flux density (PPFD) and (c) air
temperature (Ta) during the winter barley 2019–2020 crop season. Below canopy measurements were at a height of 0.1 m and above canopy measurements were at a
height of 0.6 m, which was just above the canopy height in the low productivity year of 2020. If only one curve is visible in panels (a) to (c), both curves lie on top of
each other. Bottom panels show the ratio of below to above measurements for (d) Rn, (e) PPFD and (f) Ta.

3.2. Crop Growth Effect on Microclimate and Energy
At our crop site, the below and above canopy microclimate and energy changed as the crops grew. Rn was low and
similar below and above canopy during the fall-winter season until February (Figures 2a and 2d). As the plants
grew, Rn was slightly greater below canopy from February until April (1–1.5 times greater, Figure 2d) from
the increased longwave radiation emitted and scattered by the low-statured plants (as opposed to the sky). From
April to June, the plant growth increased until maximum in early June, after which the crops started to senesce
gradually until harvest at the end of June. This led to a gradual reduction in Rn of up to 50% below canopy from
the decrease in downwelling shortwave radiation reaching below the crop canopy (Figures 2a and 2d). PPFD was
the same below and above canopy until April when the canopy was growing and PPFD below the canopy was
reduced by about 50% compared to its peak above the canopy (Figures 2b and 2e). Ta remained relatively the same
below and above the crops over the whole crop season (Figure 2c and 2f).
3.3. ET and Its Components From SPA-Crop Model
3.3.1. Model Calibration and Validation
The SPA-Crop model outputs compared relatively well with measured meteorological variables, fluxes, and LAI.
Although the agreement with Ta was relatively high for both the below canopy (R 2 = 0.73) and above canopy
(R 2 = 0.77), the agreement was lower for PPFD for above canopy (R 2 = 0.67) and even more so for PPFD below
canopy (R 2 = 0.4), where the decrease in modeled PPFD due to the plant cover was not as pronounced from
April to July compared to the gradually decreasing measured PPFD (Figures S1 and S2 in Supporting Information S1). When compared with the measured fluxes, the SPA-Crop model showed a good agreement with
ET (2018/2019: R 2 = 0.82, NRMSE = 11.0%, 2019/2020: R 2 = 0.83, NRMSE = 12.0%) and GPP (2018/2019:
R 2 = 0.73, NRMSE = 24%, 2019/2020: R 2 = 0.83, NRMSE = 21%) (Figure 3). Having the SPA-Crop LAI matching the LAI magnitude at the site was found to be critical to ensure the accurate magnitude of the fluxes during
the calibration process.
3.3.2. ET and Its Components
ET and its components were found to be very different for the two crop seasons, with overall higher rates of
T, E, and ET during the 2018–2019 winter wheat crop season than during the 2019–2020 winter barley crop
PAUL-LIMOGES ET AL.
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Figure 3. Comparison of observations with Soil-Plant-Atmosphere Crop (SPA-Crop) model outputs for evapotranspiration (ET), gross primary production (GPP) and
leaf area index (LAI) during the 2018–2019 crop season (top row) and the 2019–2020 crop season (bottom row). The dashed gray line shows the 1:1 line.

season (Figure 4). In June 2019, daily ET reached up to 5 mm d −1 and T up to 4 mm d −1, compared to 3.5 mm
d −1 and 3 mm d −1 in May-June 2020 (Figure 4). The differences between the two crop seasons were partly due
to the different management with less intensive management and lower sowing density in fall 2019 compared
to 2018, resulting in a reduced LAI in 2020 compared to 2019 (see Section 2.1). In addition, the climate
condi tions with lower SWC and Ta also contributed to the poor growth of the winter barley during the dry spring
of 2020 compared to the previously productive season for winter wheat in 2018–2019 (Figure 1). Despite the

Figure 4. Soil-Plant-Atmosphere Crop (SPA-Crop) transpiration (T), soil evaporation (Es), leaf evaporation (El) and
evapotranspiration (ET) for the 2018–2019 growing season and the 2019–2020 growing season modeled with the SPA-Crop
model and ET measured with the eddy covariance technique (ET EC). SPA-Crop ET is determined based on the modeling of
T and E separately (i.e., without a priori knowledge of measured ET fluxes). All lines are 5-day averages.
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Table 1
Water Balance and Fractional Contributions According to the SPA-Crop Model (SPA-Crop), Transpiration Estimation Algorithm (TEA) Method and Underlying
Water Use Efficiency (uWUE) Method During the 2018–2019 and 2019–2020 Crop Seasons at the Oensingen Site
Water balance

2018-2019 winter wheat
Measured

2019-2020 winter barley

SPA-Crop

TEA

uWUE

Measured

SPA-Crop

TEA

uWUE

Precipitation P (mm)

907

–

–

–

824

–

–

–

Ecosystem ET (mm)

414

487

–

–

312

414

–

–

Crop T (mm)

–

349

302

194

–

302

235

116

Crop Es (mm)

–

90

–

–

–

69

–

–

Crop El (mm)

–

48

–

–

–

43

–

–

493

420

493

493

512

411

512

512

T/ET

–

0.72

0.73

0.48

–

0.73

0.75

0.37

T/P

–

0.39

0.33

0.21

–

0.37

0.26

0.14

Estimated drainage and runoff (mm)

Note. Precipitation was measured at the site. Drainage and runoff are estimated as precipitation minus ecosystem ET. All sums and ratios are per crop season.

large differences between both crop seasons, the overall T/ET ratio remained relatively stable at 0.72 and 0.73
(Table 1). El represented 51% and 62% of Es in both years (Table 1). When compared to the EC measurements,
SPA-Crop tended to overestimate ET for the cropland (Figure 4). Indeed, measured ET values reached up to
4.5 mm d −1 in 2018–2019 and up to 3.0 mm d −1 in 2019–2020, while SPA-Crop ET values were slightly higher
with up to 5 mm d −1 and 3.5 mm d −1 for both years, respectively (Figure 4). For the full crop season, EC measured
ET was 414 mm yr −1 and 312 mm yr −1, compared to 487 mm yr −1 and 413 mm yr −1 with SPA-Crop for both years
respectively (Table 1). It is important to note that the lower EC based ET may also be partly attributed to a lack
of energy balance closure (EBC). The EBC was on average 80% for the 2 years in this study. The EBC increased
with the crop cover homogeneity (to 86% and 82%, respectively), showing that this imbalance was in part due to
a footprint mismatch between the EC measurements and the net radiometer. As a result, no correction was added
to the turbulent fluxes, but attributing this imbalance to the turbulent fluxes only using the Bowen ratio would
have led to an increase in ET by 60 mm for the 2018–2019 growing season and by 45 mm for the 2019–2020
growing season.
Overall, the different components of ET changed as the crops established and grew (Figure 5). Right after sowing,
the fields were bare and therefore, ecosystem water losses came from E. As the crops established and grew,
this balance shifted gradually toward more T, in the early growth representing about 0.5 of ET (Figure 5). With
increasing LAI, E from the soil and leaves decreased as a proportion of ET and T dominated the ET exchange
with 0.8 (Figure 5).

Figure 5. Influence of vegetation cover and crop growth on evapotranspiration (ET) partitioning for short-statured crops.
Blue arrows represent evaporation (E) and green arrows represent transpiration (T). The numbers represent the average ratio
to ET for the two crop seasons with Soil-Plant-Atmosphere Crop.
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Figure 6. Comparison of the mean (5-day averages) outputs from the Soil-Plant-Atmosphere Crop (SPA-Crop), Transpiration
Estimation Algorithm (TEA) and underlying Water Use Efficiency (uWUE) models for (a) the 2018–2019 crop season
and (b) the 2019–2020 crop season. The lower panels represent the ratio of transpiration (T) to evapotranspiration (ET) for
each model. For SPA-Crop, ET comes from the model, while for TEA and uWUE, ET comes from the eddy covariance
measurements. E is the evaporation.

3.4. Comparison of T Derived From Other Approaches
T from SPA-Crop and TEA were similar with a peak in daily mean T values of around 4 mm d −1 in June 2019
and 3 mm d −1 in May-June 2020 (Figure 6). Largest differences in T were found in the early part of the active
growing season in spring (i.e., March and April) (Figure 6). The total T for the crop season was 349 and 302 mm
for SPA-Crop compared to 302 and 235 mm for TEA (Table 1). The uWUE model had much lower T values with
194 and 116 mm for both crop seasons respectively (Figure 6 and Table 1), suggesting a greater contribution
from E, even at times when the soil and vegetation were dry (Figure S3 in Supporting Information S1). SWC
in 2019 stayed above 20% and precipitation was well distributed over the year providing enough moisture for
plants to establish well and be productive (Figure 1). High VPD in June 2019 was seen predominantly in high T
for SPA-Crop and TEA, while the uWUE method also showed a more dampened increase (Figure 6). SPA-Crop
showed an E increase in February and March 2020 and in May-June 2020 while April showed a reduction in E
due to the very dry conditions with no rain and reduced SWC (Figure 1). April 2019 was also drier than the other
months in 2019, but E was above 0.5 mm d −1 during times when there was enough energy and moisture for E,
while during the non-active growing season, low energy and Ta, led to T and E approaching zero.
Despite the differences in models and in conditions during the two crop seasons, the T/ET ratios were similar for
SPA-Crop with 0.72 and 0.73 and for TEA with 0.73 and 0.75 for the two crop seasons respectively (Table 1).
Running TEA for additional years at the Oensingen site showed that this ratio was 0.66 ± 0.06 for winter wheat
(average of five crop years) and 0.71 ± 0.04 for winter barley (average of three crop years); the average ratio for
both crop types together being 0.68 ± 0.06. The uWUE method suggested a much lower contribution of T with
mean T/ET of 0.48 and 0.37 for the two crop seasons, meaning that the E component had a greater influence
as T (Table 1). The T/ET ratio tended to level off during the main crop season from April to June for TEA and
SPA-Crop, whereas uWUE did not plateau as much, but had a gradual increase to the peaks in May 2019 and in
April 2020 (Figure 6). Based on TEA, T/ET reached a relatively constant maximum of about 0.8 from March to
June for both years, and was about 0.4 in the winter season. T/ET from SPA-Crop leveled off around 0.7 and was
about 0.2 in winter. uWUE reported the lowest T/ET contribution with an unsteady maximum of approximately
0.6, again emphasizing a higher E rate (Figure 6). SPA-Crop and uWUE showed an increase in T/ET in April
2020 when the leaves and soil were dry (Figure S3 in Supporting Information S1), whereas this peak was rather
constant during the summer for TEA. In April 2020, uWUE suggested a T/ET of only about 0.5–0.6 while the
soil and leaves were dry (Figure 1, Figure S3 in Supporting Information S1), while SPA-Crop and TEA were
in agreement at about 0.8 (Figure 6), being more realistic for dry conditions. Diurnal cycles for T rates from
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Figure 7. Diurnal transpiration (T) and T/evapotranspiration (ET) for the Soil-Plant-Atmosphere Crop (SPA-Crop), Transpiration Estimation Algorithm (TEA) and
underlying Water Use Efficiency (uWUE) methods from (a–c) April to June in 2019 and (d–f) 2020. ET is for evapotranspiration. For SPA-Crop, ET comes from the
model, while for TEA and uWUE, ET comes from the eddy covariance measurements.

SPA-Crop and TEA were of similar timing and magnitudes (Figure 7), while uWUE showed higher rates early
and late in the day with a depression around midday. T rates slightly increased from April–June 2019, while in
June 2020 the T rates were already decreasing from the gradually drying winter barley (Figure 7). T/ET ratio
were similar for both SPA-Crop and TEA in 2019 and tended to plateau around 0.7–0.8, while in 2020 they were
similar in April, but in May and June SPA-Crop had a lower T/ET ratio from a greater E contribution from the
patchy winter barley field (Figure 7).
As a test, irrigation was also added to the data from both crop seasons (addition of 0.5 mm every 7 days to the
precipitation time series) to evaluate what would happen to the extra water. The results showed that for TEA most
of the water was allocated to T, raising the T/ET to 0.83 and 0.87 for both crop seasons, respectively.
3.5. Functional Relationships Between T and Environmental Drivers
When compared with climatic drivers, T from SPA-Crop and TEA tended to have similar relationships, while T
from uWUE consistently differed. T from SPA-Crop and TEA had a positive relationship with Ta, with a higher
correlation coefficient for TEA (R 2 = 0.63 and 0.55; Figures 8a and 8e) than for SPA-Crop (R 2 = 0.48 and 0.47;
Figures 8a and 8e). During the 2019–2020 crop season, T tended to level off around 20°C (Figure 8a). uWUE
suggested a very weak and rather negative relationship starting around a temperature of 12°C (R 2 = 0.20 and 0.03;
Figures 8a and 8e). T had a very strong positive and slightly hyperbolic relationship with PPFD for SPA-Crop
(R 2 = 0.84 and R 2 = 0.87; Figures 8b and 8f) and TEA (R 2 = 0.93 and R 2 = 0.84; Figures 8b and 8f). T from the
uWUE method showed a weak negative relationship with PPFD (R 2 = 0.11 and R 2 = 0.12; Figures 8b and 8f).
The relationship between T and SWC was negative and rather weak for SPA-Crop (R 2 = 0.16 and R 2 = 0.19;
Figures 8c and 8g) and TEA (R 2 = 0.21 and R 2 = 0.20; Figures 8c and 8g), due to the low variation in SWC
over time, that is, SWC vary depending on precipitation but not on a daily scale. T from the uWUE approach
had a weak positive relationship to SWC (R 2 = 0.15 and R 2 = 0.14; Figures 8c and 8g). T had a strong, positive, and hyperbolic relationship with VPD for SPA-Crop (R 2 = 0.86 and R 2 = 0.70; Figures 8d and 8h) and
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Figure 8. Functional relationships between transpiration (T) from the three approaches (Soil-Plant-Atmosphere Crop (SPA-Crop), Transpiration Estimation Algorithm
(TEA) and underlying Water Use Efficiency (uWUE)) and climatic drivers (air temperature (Ta), photosynthetic photon flux density (PPFD), soil water content (SWC),
and vapor pressure deficit (VPD)). The data represent daily averages. The top row is for the winter wheat crop season from April 1st to 1 July 2019 and the bottom row
is for the winter barley crop season from April 15th to 15 June 2020.

TEA (R 2 = 0.77 and R 2 = 0.67; Figures 8d and 8h), while it was weak and negative for uWUE (R 2 = 0.13 and
R 2 = 0.11; Figures 8d and 8h). Similar relationships were found for the T/ET ratio, but with overall lower correlation coefficients (Figure S4 in Supporting Information S1).
For both SPA-Crop and TEA, T had a slightly hyperbolic relationship with GPP partitioned from the EC measurements during both crop seasons (Figure 9). This relationship was stronger during 2019–2020 (R 2 = 0.75 and
R 2 = 0.77 for SPA-Crop and TEA, respectively; Figure 9a) compared to 2018–2019 (R 2 = 0.37 and R 2 = 0.36;
Figure 9b). During the 2018–2019 crop season, T was linearly related to GPP up to a mean daily GPP value of
15 μmol m −2 s −1 where the increase in T tended to level off or decrease while GPP was still high (Figure 9a). This
threshold was not reached in 2020 under the low productivity conditions (Figure 9b). T from uWUE had basically
no relationship with GPP (R 2 = 0.06 and R 2 = 0.02; Figure 9).
The relationship between LAI and SPA-Crop T and T/ET was also investigated (Figure 10), as LAI is the basis
for other approaches (e.g., Wang et al., 2014; Wei et al., 2017) to derive T. Mean daily T and LAI had a rather
strong relationship with R 2 = 0.68 and R 2 = 0.77 (Figures 10a and 10b). The relationship between LAI and T/ET
was lower with R 2 = 0.56 and R 2 = 0.65 for both years respectively (Figures 10c and 10d), as T is more closely
linked to LAI than E or ET. As Figure 10 demonstrates, the lower fit for T/ET versus LAI was mostly due to rain
events leading to additional E (Figures 10e and 10f). The relationship established in Wei et al. (2017) tended to
overestimate T/ET at low LAI values and underestimate T/ET at high LAI values, but described well the overall
relationship.
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Figure 9. Functional relationship between mean daily transpiration (T) from the three different approaches (Soil-Plant-Atmosphere Crop (SPA-Crop), Transpiration
Estimation Algorithm (TEA), underlying Water Use Efficiency (uWUE)) and gross primary production (GPP) partitioned from eddy covariance (EC) measurements for
the 2018–2019 (April 1st to 1 June 2019) and 2019–2020 crop seasons (April 15th to 15 June 2020).

4. Discussion
4.1. Influence of Crop Growth on E and T
Below and above canopy measurements at the Oensingen site during the 2019–2020 crop season showed that as
the crop grew, the energy reaching the ground was only reduced by 50% under peak canopy cover in May-June

Figure 10. Daily leaf area index (LAI) versus Soil-Plant-Atmosphere Crop (SPA-Crop) transpiration (T) (Top row) during the (a) 2018–2019 winter wheat crop season
and (b) during the 2019–2020 winter barley crop season. Daily LAI versus SPA-Crop T/ET (bottom row) for the 2018–2019 winter wheat crop season (c and e) and
the 2019–2020 winter barley crop season (d and f). The red line represents SPA-Crop and the black line is the relationship from Wei et al. (2017). The points in c and
d are colored based on the average daily photosynthetic photon flux density (PPFD), while the points in e and f are colored based on the daily precipitation, where 4+
indicates 4 mm per day or more (i.e., very wet conditions).
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(Figure 2). This is in contrast to a study by Emmel et al. (2020) that found a much greater light attenuation in
previous years at the site for winter wheat and winter barley when LAI was ranging between 4 and 6 m 2 m −2 with
reductions of up to 90% at the ground. These contrasting results are likely due to the unusually low productivity
we experienced at the site in 2020, and show how the energy reaching the ground can therefore vary depending
on the management and growing conditions, especially dry conditions in spring that have a large influence on the
crop establishment. Our results complement assessments in closed canopy forest ecosystems where the canopy
closure can often reduce the amount of incoming energy to very low values such as 2% in a nearby mixed temperate forest (Paul-Limoges et al., 2017), thereby leaving very little energy for E (Damm et al., 2020; Paul-Limoges
et al., 2020).
Different ecosystem types and growth conditions affect the canopy closure rate and associated fraction of energy
reaching the ground. This has important implications for assumptions made regarding the importance of Es in
different ecosystems, as the open soil and gradually closing canopy affect the possibility for E, that is, E is
possible when water is present (Schulze et al., 1994). However, the two contrasting years we had in terms of
productivity with very different LAI and canopy shading resulted in different seasonal dynamics in T/ET ratios
but similar T/ET ratios once the crops were grown and LAI was above 2 m 2 m −2. For the two short-statured crops
in this study, the ratio was 0.72 and 0.73 for the 2 years studied with SPA-Crop and averaged to 0.68 ± 0.06
including the additional years with TEA. Hu and Lei (2021) also showed similar ratios, although slightly higher
(0.77 ± 0.04) for winter wheat in China using a two-stage theory of bare soil approach as well as the TEA method.
Berkelhammer et al. (2016) suggested that the processes controlling T and E are coupled in a way to maintain
a stable ratio. Our study also suggests that short-stature crops tend to have stable ratios once LAI is above 2 m 2
m −2 despite differences in productivity and shading, which could be linked to water limitations in the upper soil
reducing soil E.
The assumption that the maximum T/ET intermittently equals unity under dry conditions is often made to allow
the parameterization of models (e.g., Berkelhammer et al., 2016; Nelson et al., 2018; Stoy et al., 2019; Zhou
et al., 2016). Although this assumption can be reasonable for systems with full canopy closures such as forests
(e.g., Paul-Limoges et al., 2017), it is likely to be less suited for less dense vegetated areas and obviously across
the season as shown in our study. For example, this assumption might have been responsible for the too high T/
ET from TEA in the early crop season (Figure 6). In even more sparsely vegetated areas, such as row crops and
orchards, E can often constitute an important fraction of ET due to exposed soil, and the methods relying on the
assumption that T/ET equals unity would need to be tested and perhaps adapted based on LAI cover. Also, the
relative importance of E/ET should be more pronounced when the atmospheric demand (e.g., dry areas) and/or
the water availability in the soil is high (e.g., rice or wetlands) (Kool et al., 2014).
4.2. Comparison of Different T Approaches
Our measurements (micrometeorology and LAI) combined with a SPA-Crop model provided T estimates very
similar to that of TEA, suggesting a dominating proportion of T over E in this field on clay-based Fluovisol soil,
while uWUE suggested most of the time a greater contribution from E (Figure 6). SPA-Crop and TEA were
therefore found to perform well for the short-statured crops studied, while uWUE was found unsuitable as it
underestimated T even when the soil and leaves were dry (Figures 1 and 6, Figure S3 in Supporting Information S1). The high agreement seasonally and diurnally between TEA (data-driven) and SPA-Crop (process-based)
was remarkable, given the fact that the approaches behind them were completely different. This suggests that for
short-statured croplands, crop specific models with sufficient complexity could be a powerful method for ET
partitioning, and understanding water and carbon dynamics, as there are no good alternatives for field measurements yet available. In a recent study by Hu and Lei (2021), the TEA method was also found to perform well (best
out of seven partitioning methods) for winter wheat in China. As Nelson et al. (2020) pointed out, the low T/ET
estimated by the uWUE model indicates that the optimality implementation may need to be refined by including
hydraulic (Eller et al., 2018; Sperry et al., 2017) and/or non-stomatal limitations (De Kauwe et al., 2019). A few
other recent studies have also had similar results showing the tendency of uWUE to underestimate T/ET, which
can be due to the assumption that only the top 95% of the GPP/ET data imply a T/ET equal to 1 (Hu & Lei, 2021;
Ma et al., 2020; Scott et al., 2021). During the winter months with low GPP and LAI, TEA suggested higher T/
ET ratios than realistic, and would perhaps benefit from being modified for crop sites where soils are bare for
extended periods.
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Interestingly, despite the large differences in the productivity of the two crop seasons investigated in this study,
the T/ET fractions were surprisingly stable for both SPA-Crop and TEA once the crops were grown and LAI was
above 2 m 2 m −2 (Figure 6, Table 1). The diurnal T/ET ratios were also relatively similar in magnitude over both
crop seasons (Figure 7). Despite seasonal differences, similarities of T/ET ratios for LAI greater than 2 m 2 m −2
suggests that if this ratio and related uncertainties for a specific ecosystem is known from site-level studies, it
could then be applied to estimate T from the EC measurements of ET. As shown in a previous study by Nelson
et al. (2020) comparing three approaches, large variations were found when comparing different approaches to
estimate T. T/ET values for croplands at peak productivity range from 0.2 to 0.9, thereby suggesting large discrepancies. Hossen et al. (2012) estimated a seasonal T/ET of 0.64–0.7 for rice. Kool et al. (2014) found that T/ET for
corn, wheat and soybean was around 0.6 to 0.7, with highly variable values due to the seasonal change in canopy
cover from zero to full canopy closure. Based on the FLUXNET2015 dataset (Pastorello et al., 2020), TEA
suggested a mean maximum T/ET of 0.8 while uWUE suggested a maximum T/ET of 0.6 (Nelson et al., 2020).
Evidently, the drawback of synthesis studies when it comes to croplands is that the seasonality is often different
depending on the crop type, making it difficult to make generalisations across ecosystems, which is likely why
some review studies omitted them (i.e., Schlesinger & Jasechko, 2014). Our study provides new insights on the
seasonal and diurnal T/ET ratio that can be relatively stable for a short-statured cropland with an LAI greater
than 2 m 2 m −2, despite large differences in growing conditions during the crop seasons. While there can be a
large variability in T rates, T/ET ratios during the main crop season seem to be rather stable and could, once
determined, help in the partitioning of EC measured ET. This result is similar to a study by Berkelhammer
et al. (2016) suggesting that the processes controlling T and E are coupled in a way to maintain stable T/ET
ratios. They found that T/ET ratios were sensitive to climatic conditions, but converged toward a stable mean state
determined by LAI. However, our study only investigated a single crop site over 2 years and we suggest to expand
such experiments to gain further insights on the dynamics of T/ET ratios. To test whether the T/ET ratio would
be similar over other crop seasons, the TEA model was used for the previous years at the Oensingen site and the
ratio was found to average to 0.68 ± 0.06 for winter wheat and winter barley combined. Hu and Lei (2021) also
showed similar ratios, although slightly higher (0.77 ± 0.04) for winter wheat in China using a two-stage theory
of bare soil approach as well as the TEA method. As pointed out in a recent review by Stoy et al. (2019), more
of these site-specific studies are needed to improve our understanding of the partitioning of T and E in different
ecosystems.
4.3. Drivers of T
T from SPA-Crop and TEA had similar relationships to climatic drivers, while T from uWUE consistently had
differing relationships (Figure 8). For both SPA-Crop and TEA, most of the variance in T was explained by
PPFD and VPD, while Ta and SWC played a less important role (Figure 8). Similar relationships were found
for the T/ET ratio, but with overall lower correlation coefficients (Figure S4 in Supporting Information S1). In
a study using sap flow data in pine forests, Liu and Biondi (2020) found similar linear relationship with PPFD
and hyperbolic (exponential saturation curves) with VPD. The strong link between T and PPFD, as well as the
overall low T compared to the precipitation (e.g., SPA-Crop T/P of 0.39 and 0.37; Table 1), suggest that T in
our investigated cropland is energy-limited rather than water-limited. Our study also showed that T from uWUE
strongly differed in its relationship with climatic drivers, often having unexpected results (Figure 8). This analysis
perhaps shows the drawbacks of simple T estimations without a focus on processes and drivers. Zhou et al. (2018)
found a reasonable seasonal agreement between uWUE and sapflow measurements in China, but results were not
presented at a finer temporal scale or in relation with drivers.
Our results showed that LAI represented well the overall dynamics in vegetation growth and activity but, as
expected, could not resolve the short-term variations in T linked to varying weather and physiological conditions,
which do not affect the canopy cover (Figure 10). Specifically, as plants grow, LAI increases and usually plateaus
in summer. However, different climatic conditions will change the T rate on a half-hourly to daily basis and this
will not be accounted for in the LAI. In our case, the relationship between LAI and T/ET was lower than with
T, due to the addition of E following precipitation events, but still could explain 56% and 65% of the variance
for both years respectively (Figure 10). Other studies at coarse scales have shown a strong coupling between T/
ET and LAI (Wang et al., 2014; Wei et al., 2017). Wei et al. (2017) were able to capture between 43% and 87%
of the variance by modeling T/ET as a function of LAI. Crops were found to display large variations in T/ET
under similar LAI conditions because they are mixtures of different species, such as corn, wheat, rice, cowpeas
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and sunflower which often have different growth rates and growing seasons (Wei et al., 2017). When compared
against the predicted relationship from Wei et al. (2017), our results showed that it tended to overestimate T at
low LAI and underestimate at high LAI, similar to what was found by Scott and Biederman (2017). This suggests
that the relationship shown by Wei et al. (2017) might need to be refined especially to take into account the higher
transpiration rates earlier in the growing season or for wet periods. Similarly, Berkelhammer et al. (2016) also
found that T/ET ratios converged toward a stable mean state determined by LAI. Wang et al. (2014) also showed
high variability of T/ET at low values of LAI, which was in part explained by plant growing stages especially
in crops. In summary, LAI is a good predictor for the overall T/ET ratio for different ecosystems but becomes
limited when it comes to short-term climate-based T variations, especially following rain events.
4.4. Implications for Agricultural E Monitoring
Having accurate approaches to partition T and E in short-statured croplands provides with the much needed
opportunity to monitor evaporative water losses, especially when it comes to saving water in agricultural management. Our study showed that T in short-statured crops such as winter wheat and winter barley is mostly influenced
by PPFD and VPD. It also showed that detailed process-based models like SPA-Crop and the TEA data-driven
approach provide consistent T estimates. Using these approaches to partition T in irrigated croplands would therefore provide the opportunity of looking at the additional E losses linked to management practices. As an example
in this study, irrigation was applied to the two crop seasons measured. Surprisingly for TEA, the additional water
(added to the precipitation time series only) was mostly attributed to T rather than E, increasing the T/ET ratio
to 0.83 and 0.87 for the 2018–2019 and 2019–2020 crop seasons, respectively, instead of increasing evaporative
losses. Real field based experiments with additional irrigation and evaporative losses need to be performed to
assess the suitability of these approaches to deal with E losses linked to a water surplus from irrigation.
4.5. Limitations of This Study
For the short-statured crops studied at the Oensingen cropland, no suitable measurements of E or T were possible
due to the crop physiology. Our study is therefore limited by the lack of actual measurements of E and T; the
measurement methods currently available would not have helped in their quantification. However, long-time
series of 15 years of flux and climate measurements covering many crop types and many climate variations,
complemented with intensive field measurements linked to the plant and soil properties, enabled the parameterization of the process-based SPA-Crop model for the Oensingen site (Emmel et al., 2018; Revill et al., 2019;
Sus et al., 2010) and provides for the first time insights on variations in E and T in this cropland. The addition of
measurements at different levels within the crop canopy and near the soil also enabled a better evaluation of the
plausibility of the different approaches used in this study to partition E and T. As long as no new measurement
methods are developed for short-statured croplands, using a process-based SPAC or SPA-Crop model seems to
enable the estimation of E and T as accurately as currently possible.

5. Conclusion
Partitioning EC measured ET in ecosystems is an important current concern and validating some of the newly
developed approaches in different ecosystems is a necessity. Our study contributes insights on the partitioning
of E and T in short-statured croplands, an ecosystem where it is particularly challenging to accurately measure ET components. The high agreement seasonally and diurnally between TEA (data-driven) and SPA-Crop
(process-based) was surprising, given the fact that the approaches behind were completely different. We conclude
that for short-statured croplands, crop specific models with sufficient complexity such as the SPA-Crop model
used for the first time for cropland water fluxes in this study, could be a powerful method to facilitate ET partitioning in absence of no good alternatives for field measurements. Moreover, we conclude that TEA represents a
suitable ET partitioning approach for short-statured crops like winter wheat and winter barley.
We provide additional insights on the vertical variation of abiotic environmental drivers determining T. Our
results indicate that for low productivity crops, a high percentage of light energy can reach the ground in croplands (i.e., 50%), while Ta is more evenly distributed vertically. We conclude on the large variability of micrometeorological conditions that can arise in ecosystems depending on specific climatic and growth conditions that
must be considered for crop T assessments. Yet, despite the large differences in conditions and productivity over
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the two crop seasons measured, the T/ET fractions were surprisingly stable once the LAI was above 2 m 2 m −2
for both SPA-Crop and TEA. Our results suggest that given that T/ET ratios are known for specific ecosystems
under certain conditions (e.g., phenological stage), they could then be applied to estimate T from the reliable EC
measurements of ET.
We observed varying temporal sensitivity of T in relation to changing biotic (LAI) and abiotic (PPFD, VPD, Ta,
SWC) drivers. T from SPA-Crop and TEA was most influenced by PPFD and VPD. LAI was found to be a good
predictor for the overall T/ET ratio but became limited when it came to short-term climate-based T variations.
We conclude that the highly dynamic process of T and its relation to ET cannot simply be approximated with a
single environmental driver, but requires more sophisticated multi-data approaches.
We suggest to expand experiments as shown here to establish T/ET ratios, as well as dominant climatic drivers,
for crop sites and phenological stages, which can then be used to partition T from reliable ET measurements. Such
field based experiments will be especially important linked to irrigation practices in order to save water in agriculture. Given T/ET ratios are as stable under certain phenological conditions as in this study, this would allow
for an improved quantification of T in croplands, and thereby help sustainable agricultural water use.

Data Availability Statement
Eddy covariance and meteorological data from Oensingen (CH-Oe2) are available at http://www.europe-fluxdata.eu/home/site-details?id=CH-Oe2. Additional data including LAI and SPA-Crop model outputs are available
at https://doi.org/10.5281/zenodo.6820997.
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