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Abstract
Water conservation efforts for California’s agricultural industry are critical to its sustainability through severe droughts like 
the current one and others experienced over the last two decades. This is most critical for perennial crops, such as vineyards 
and orchards, which are costly to plant and maintain and constitute a significant fraction of the regional water use. It is no 
longer feasible to access groundwater for irrigation to replace deficit surface water resources during drought due to a sig-
nificant overdraft of aquifers and new regulation limiting its use. To achieve significant water savings, the actual crop water 
use or evapotranspiration (ET) needs to be mapped from field to regional scales on a daily basis. This can only be achieved 
using remote sensing-based models, particularly thermal-based energy balance models that are sensitive to deficit irrigation 
conditions. The two-source energy balance (TSEB) model has been successfully applied over vineyards in California, but 
challenges still remain. In particular, much of the irrigated cropland in the California Central Valley is affected by advection 
of hot dry air masses from surrounding non-irrigated areas and the TSEB model appears to need modifications to adequately 
estimate ET under such conditions, as well as the partitioning between evaporation and transpiration. This study investigates 
the application of the TSEB model, using local observations in a vineyard having significant advection. Four versions of the 
transpiration algorithm in TSEB are applied and evaluated with tower eddy covariance measurements spanning 4 growing sea-
sons. The results suggest the performance of the original transpiration algorithm based on Priestley–Taylor used in TSEB is 
satisfactory in all but the most extreme advective conditions, while a transpiration algorithm based on Shuttleworth–Wallace 
with a canopy resistance formula, which relates maximum stomata conductance to vapor pressure deficit (VPD), performs 
well in all cases. These modifications have potential for improving regional applications of the TSEB model in support of 
water management in the Central Valley.

Introduction

California’s Central Valley is one of the richest agricul-
tural regions in the world. In the U.S., over a third of the 
country’s vegetables and two-thirds of the country’s fruits 
and nuts are grown in California (https://​www.​cdfa.​ca.​gov/​
Stati​stics/). However, this rich agricultural region, which 
is largely irrigated, is facing serious water shortages due 
to drought and overdraft of its aquifers. During the recent 
intense drought of 2012–2016, surface water shortages in 

agriculture were offset by intensive groundwater pumping. 
The resulting overdraft caused significant land subsidence 
and loss of groundwater resources. In response, Califor-
nia enacted and passed into law in 2015 the Sustainable 
Groundwater Management Act (SGMA; https://​water.​
ca.​gov/​progr​ams/​groun​dwater-​manag​ement/​sgma-​groun​
dwater-​manag​ement), which requires local Groundwater 
Sustainability Agencies (GSAs) to be formed and Ground-
water Sustainability Plans (GSPs) to be prepared with the 
goal of achieving sustainable groundwater management. 
This necessitates developing techniques for water conser-
vation and groundwater recharge. SGMA will cover 127 
medium and high-priority groundwater sub-basins in Cali-
fornia, including over 100 sub-basins where chronic over-
draft is occurring. The current drought in 2021 is leading 
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to severe water shortages throughout the western U.S. and 
reducing or restricting water use for agriculture. The agri-
culture industry is looking for technological innovations 
that will help dramatically improve water use efficiency, 
conserve water, and lead to sustainable production, while 
remaining economically viable.

Development of water conservation measures is most 
critical for perennial crops, such as vineyards and orchards, 
which require significant upfront investment. Wine produc-
ers have realized that implementing significant improve-
ments in irrigation efficiency and water conservation while 
maintaining yield and quality will require development of 
technologies to monitor water use at field, landscape, and 
regional scales. This realization led E&J Gallo, Inc. to part-
ner with USDA’s Agricultural Research Service to develop 
satellite-based remote sensing tools to track crop water use 
and stress. The GRAPEX (Grape Remote sensing Atmos-
pheric Profile Evapotranspiration eXperiment) project, with 
support from USDA and NASA, has the goal of providing 
wine grape producers, and in the longer term, fruit and nut 
orchard growers, with the tools to generate robust high-
resolution maps of actual evapotranspiration (ET), or crop 
water use, that can be used to guide irrigation management 
decisions (Kustas et al. 2018). These tools will have the 
advantage over current approaches for assessing water needs 
by being applicable year-round and by providing water use 
information with higher spatial and temporal detail.

Research results from GRAPEX were first published in a 
special issue in Irrigation Science (Kustas et al. 2019a), indi-
cating robust results using airborne-based unmanned aerial 
systems (UASs) and satellite-based ET modeling techniques 
modified using GRAPEX-supported ground validation data. 
These ET products, derived from land surface temperature 
(LST), are showing utility for monitoring ET and vine stress 
(Knipper et al. 2019); however, there are issues that require 
further research and model refinements.

The two-source energy balance (TSEB) model, orig-
inally proposed by Norman et al. (1995) (see available 
Python code online at https://​github.​com/​hecto​rnieto/​pyT-
SEB), is central to the vineyard ET estimates derived in 
the GRAPEX project. The TSEB model is susceptible to 
enhanced ET estimates caused by advective conditions, 
which are common in irrigated agricultural regions in the 
western U.S. and abroad. As a result, the original Priest-
ley–Taylor formulation of plant potential transpiration 
(i.e., commonly used value of 1.26 for the alpha param-
eter; Kustas and Norman 1999) may require an increase 
based on the evaporative demand using a metric such as 
vapor pressure deficit (VPD) (Agam et al. 2010). For irri-
gated areas in arid landscapes, other transpiration formula-
tions for TSEB have been proposed using Penman–Mon-
teith (Colaizzi et al. 2012, 2014), as well as refinements 
to below canopy radiation extinction and wind profile 

algorithms specific to the characteristic wide row and ori-
entation and the non-uniform vegetation biomass distribu-
tion in vineyards (Nieto et al. 2019a; b).

In this paper we explore the effect on estimating ET 
under different levels of advection using the traditional 
Priestley–Taylor approach (Priestley and Taylor 1972) for 
transpiration but with a modification for the original alpha 
parameter, �PT of 1.26. This was applied to improve PT-
JPL (Priestley–Taylor Jet Propulsion Laboratory) ET model 
(Fischer et al. 2008) estimates for arid and semiarid environ-
ments where advection is prevalent, as part of the OpenET 
project (Melton et al. 2022). The �PT parameter was modi-
fied using an evaporative demand metric based on based 
on the ratio of the American Society of Civil Engineering 
(ASCE) reference ET (ETO) and the original Priestley-Tay-
lor formulation for a wet surface ETW, following principles 
derived from the complementary relationship of evaporation 
(Brutsaert and Stricker 1979; Brutsaert 1982; Kahler and 
Brutsaert 2006; Szilagyi 2007; Huntington et al. 2011). The 
ASCE reference ETO and Priestley–Taylor ETW estimates 
were developed using the gridMET dataset described in 
Melton et al. (2022). The �PT adjustment map was computed 
as the ratio of the growing average bias corrected ETO to the 
growing season average ETW. Please refer to Melton et al. 
(2022) for details (see also https://​opene​tdata.​org/​metho​
dolog​ies/). This version of TSEB (i.e., TSEB-PTclim) rep-
resents the adjustment to the alpha parameter based on the 
climatological values derived from this approach.

Colaizzi et al. (2012, 2014) developed another modifica-
tion to handle transpiration in the TSEB model that appears 
to better accommodate advective conditions than the Priest-
ley–Taylor method of Kustas and Norman (1999). This 
approach uses the Penman–Monteith formulation for plant 
transpiration based on an assumed constant minimum stoma-
tal resistance (TSEB-PMRc,min). We also examine an alterna-
tive minimum stomatal resistance formulation, dependent 
on a VPD formulation and based on the studies by Monteith 
(1995) and Leuning (1995), within a modified TSEB frame-
work that explicitly accounts for the partial canopy condition 
through the use of the Shuttleworth-Wallace model (TSEB-
SWRc,VPD). These different TSEB formulations are applied 
to local tower-based hemispherical LST observations from 
a longwave radiometer over a vineyard in a strongly advec-
tive environment and compared to eddy covariance tower 
measurements of ET to identify the optimal formulation.

Approach

The various TSEB formulations described above and applied 
to vineyards only differ in the transpiration formulation used 
to initially determine maximum vine transpiration. Here, 

https://github.com/hectornieto/pyTSEB
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we summarize the transpiration formulations for TSEB-PT, 
TSEB-PTclim, TSEB-PMRc,min and TSEB-SWRc,VPD.

TSEB‑PT and TSEB‑PTclim

For TSEB-PT and TSEB-PTclim, the transpiration, or latent 
heat flux from the vine canopy (LEC), is given as follows:

Here, �PT is the Priestley–Taylor coefficient (set at the 
classic value of 1.26 for TSEB-PT), fg is the fraction of 
vegetation that is green and hence transpiring, applied 
to the canopy divergence of net radiation ( Rn,C ), Δ is the 
slope of the saturation vapor pressure versus temperature 
curve, and � is the psychrometric constant. For TSEB-
PTclim the ETO/ETW monthly ratio is nearly constant for 
the growing season and equals ~ 1.23 in the study area, 
which yields an �PT = ETO/ETW × 1.26 ~ 1.55 for use in 
Eq. (1). The TSEB-PT formulation requires both a solu-
tion to the radiative temperature balance and the energy 
balance with physically plausible model solutions for soil 
and vegetation temperatures and fluxes. Non-physical solu-
tions typically occur when the canopy is stressed requiring 
an iterative reduction in �PT until a physical solution is 
obtained (Kustas and Anderson, 2009). However, TSEB-
PT cannot iteratively adjust the initial �PT under enhanced 
transpiration conditions from advection.

TSEB‑PMRc,min

For details concerning the TSEB-PMRc,min transpiration 
algorithm, the reader is referred to Colaizzi et al. (2012, 
2014). Using a Penman–Monteith form, LEC can also be 
calculated as:

where ρ is the air density (kg m−3), CP is the specific heat of 
air (assumed constant at 1013 J kg−1 K−1), γ* = γ(1 + rC/rA), 
rC is the bulk canopy resistance (s m−1), rA is the aerody-
namic resistance between the canopy and the air above the 
canopy (s m−1), eS and eA are the saturation and actual vapor 
pressures of the air (kPa), respectively, and all other terms 
are as defined previously. An increase in vapor pressure defi-
cit (VPD = eS − eA) may be offset by an increase in rC (and, 
thus, γ*) due to stomatal response to environmental factors 
(Jarvis, 1976; Lohammar et al. 1980; Monteith, 1995); how-
ever, Allen et al. (2006) concluded that rC is generally con-
stant and recommended values of 50 s m−1 during the day 

(1)LEC = �PTfg
Δ

Δ + �
Rn,C.

(2)LEC = fg

(

ΔRN,C

Δ + �∗
+

�CP

(

eS − eA
)

rA(Δ + �∗)

)

,

and 200 s m−1 at night for a reference short crop (i.e., well-
watered and full canopy). Therefore, TSEB-PMRc,min also 
uses this constant value at 50 s m−1 to be consistent with the 
original TSEB-PM implementation by Colaizzi et al. (2012, 
2014). Increasing VPD while holding rC constant results in 
increasing LEC in Eq. 2, similar to increasing αPT in Eq. 1.

TSEB‑SWRc,VPD

While constant rC is a reasonable assumption for short ref-
erence crops since the limiting factor in such crops is the 
aerodynamic resistance (rA), sensitivity of rC to VPD can 
play a more significant role in canopy transpiration in taller 
and/or heterogeneous canopies, and hence aerodynamically 
rougher and better coupled with the atmosphere, as canopy 
and aerodynamic resistances are more similar in magnitude 
(Jarvis and McNaughton 1986). In those cases, it is key to 
parameterize the stomatal closure with increasing VPD, 
whose behavior might indeed differ between species and 
even between varieties (Grossiord et al. 2020).

Accounting for the negative feedback observed between 
transpiration (T) rates and stomatal closure based on a wide 
variety of plant level measurements, Monteith (1995) pro-
posed a method to parameterize the relationship between 
leaf stomatal conductance (gs) and VPD, based on measure-
ments of transpiration as follows in Eq. (3):

where gm is the maximum stomata conductance and Tm is 
the maximum rate of leaf transpiration. A similar hyperbolic 
relation between gs and VPD is shown in Lohammar et al. 
(1980) and Leuning (1995). Leaf level gs is then upscaled to 
canopy resistance (rC) using LAI and Eq. (4):

where ft ranges between 1 and 2 indicating the stomata dis-
tribution in the leaves (i.e., 1 for hypostomatous and 2 for 
amphistomatous leaves).

Values of gm and Tm are empirically derived in Monteith 
(1995) by plotting observations of T and VPD, and building 
a linear regression in the form given in Eq. (5):

 from which gm = a and Tm = 1/b. These two coefficients are 
considered crop specific, as the sensitivity of stomatal con-
ductance to VPD might differ between species (Grossiord 
et al. 2020).

This variable rC as a function of VPD and LAI can be used 
as input for canopy conductance-based TSEB as in TSEB-PM 

(3)gs =
gm

1 + gmVPD∕Tm
,

(4)rC =
1

ftfgLAIgs
,

(5)1∕T =
1

aVPD
+ b,
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instead of using the static rC = 50 s m−1. However, in this study, 
we also incorporated the effect of having partial vegetation 
cover due to significant interrow spacing between the vine 
rows. This has the effect that potential transpiration and thus, 
canopy temperature is linked with the soil sensible and latent 
heat fluxes, as the soil can be a source of hot and dry (cool 
and humid) air to the canopy–air interface if soil surface is dry 
(wet). As such we adopted the Shuttleworth–Wallace approach 
(Shuttleworth and Wallace 1985) incorporating a soil/substrate 
evaporation formulation in combination with the canopy 
transpiration to accommodate an incomplete canopy cover 
that exists in vineyards and flux and momentum interaction 
between these two layers. Furthermore, the dual-source Shut-
tleworth–Wallace model for computing the potential transpira-
tion and minimum canopy temperature allows this approach 
to be a “seamless” framework, as both TSEB and Shuttle-
worth–Wallace models share the same resistance scheme in 
series. This new proposed approach using Shuttleworth and 
Wallace (1985) energy-combination model in TSEB, TSEB-
SWRc,VPD, estimates the initial canopy transpiration with the 
following formulation:

where VPD0 is the atmospheric vapor pressure deficit within 
the canopy airspace; rx is the canopy boundary layer aero-
dynamic resistance to momentum, heat and vapor transport; 
and rC is the canopy stomatal conductance computed by Eqs. 
(3) and (4).

The vapor pressure deficit at canopy source height is com-
puted using Eq. (7) (Shuttleworth and Wallace 1985):

where ra is the aerodynamic resistance to turbulent transport, 
RN is the surface net radiation, G is the soil heat flux, and LE 
is the surface bulk latent heat flux, estimated as:

Here, CC and CS are weighting factors based on soil and 
canopy resistances (Eqs. 14 and 15 in Shuttleworth and Wal-
lace 1985), and PMC and PMS are the LE estimates of a closed 
canopy and bare soil, respectively, using the Penman–Mon-
teith equation:

(6)LEC =
ΔRN,C + �CPVPD0

Δ + �

(

1 +
rC

rx

) ,

(7)VPD0 = VPD + ra
Δ
(

RN − G
)

− (Δ + �)LE

�Cp

,

(8)LE = CCPMC + CSPMS.

(9a)PMC =
Δ
(

RN − G
)

+
�CPVPD−Δrx(RN,S−G)

ra+rx

Δ + �

(

1 +
rC

ra+rx

) ,

where rs is the soil boundary layer (aerodynamic) resist-
ance to turbulent transport and rss is the near-surface soil 
resistance to vapor transport, which is normally a function 
of near-surface soil moisture.

In a first step of TSEB-SWRc,VPD, we assume that a can-
opy transpires at potential rate and soil surface is still wet, 
therefore gs (rC) is set to maximum stomatal conductance 
(minimum canopy resistance) and rss is set to minimum 
near-surface soil resistance. From this first guess of LEC, 
canopy temperature (TC) is retrieved and soil temperature 
(TS) is computed by inverting Eq. (10).

where Trad is the radiometric LST observed at view zenith 
angle θ and fC(θ) is the fraction of vegetation observed at the 
sensor’s view zenith angle (in our study it is assumed θ = 0; 
see Eq. 13). The value of fC(�) is typically estimated as an 
exponential function of LAI, which includes a clumping fac-
tor or index Ω for canopies where the LAI is concentrated for 
sparsely distributed plants or for organized canopies such as 
row crops (Kustas and Norman 1999), and has the following 
form for a canopy with spherical leaf distribution:

However due, to the unique vertical canopy structure 
and wide row width relative to canopy height of vineyards, 
a new method to derive Ω had to be developed that was 
both based on a simplified geometric model developed 
by Parry et al. (2019) that also yielded robust radiation 
extinction estimates for vine canopies. Similarly, as in 
TSEB-PM (and TSEB-PT), if LES is negative at this stage 
the TSEB-SWRc,VPD model iteratively decreases gs, as well 
as increases rss (i.e., a dryer soil surface), until both LES 
and LEC become non-negative for daytime conditions.

Estimating hourly and daily ET  These four versions of the 
TSEB were tested at hourly timesteps using in  situ mete-
orological and LST measurements from a flux tower. We 
also test a remote sensing method for upscaling instantane-
ous TSEB LE derived from Landsat LST to a daily total 
LE (LEday), as recently applied over the California vineyards 
(Knipper et al. 2020), using the 10:30 local time TSEB esti-
mate coinciding nominally with Landsat overpass time. The 
method takes the ratio of instantaneous to daily insolation 
(RS↓) at the overpass time (t) with the following formulation:

(9b)PMS =
Δ
(

RN − G
)

+
�CPVPD−ΔrsRN,C

ra+rs

Δ + �

(

1 +
rss

ra+rs

) ,

(10)T4
rad

= fC(�)T
4
C
+
(

1 − fC(�)
)

T4
S
,

(11)fC(�) = 1 − exp
(

−0.5ΩLAI

cos �

)

.
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This insolation technique has proven generally reliable, 
with lower bias and sensitivity to errors in retrieval esti-
mates when compared to other techniques (Cammalleri 
et al. 2014; Nassar et al. 2021), but may underestimate 
daily ET for irrigated crops under strongly advective con-
ditions (Colaizzi et al. 2006). Finally extrapolated daily 
latent heat fluxes (in W m−2) are converted to daily evapo-
ration rates (mm day−1) considering the mean daily air 
temperature for the calculation of both the latent heat of 
vaporization (λ) and water density (ρw) [ET = LE/(ρw λ)].

Materials and methods

Experiment site and tower measurements

The vineyard site (RIP760) is located in the California 
Central Valley 30  km west of Fresno, CA, in Madera 

(12)LEday = LEt2

RS↓,day

RS↓,t

.
County and is encompassed by multiple vineyard blocks 
and orchards in the surrounding landscape. This region 
of the Central Valley is at the drier and hotter extent of 
where wine grapes are grown. The RIP760 vineyard block 
is 31 ha in size containing Vitis vinifera Chardonnay vari-
ety grapevines trained on double vertical trellis, and drip 
irrigated. Information pertaining to vineyard geography, 
vine phenology, vineyard architecture and agronomic prop-
erties of the vineyard block is listed in Table 1. In brief, 
vines were planted in 2009 with 1.83 m vine spacing and 
2.74 m row spacing and have an East–West row orientation. 
RIP760 is on relatively flat terrain and has a cover crop 
planted yearly in the fall after harvest, which is mowed and 
senescent during most of the vine growing (dry) season. 
Figure 1 illustrates the field site location along with photos 
showing the tower and vine and interrow conditions during 
the growing season.

Measurements at all sites include turbulence and mean 
profile measurements of wind, surface energy balance 
flux estimates, temperature and water vapor, as well as 
periodic ground-based biophysical measurements such 

Table 1   Information on 
vineyard properties and 
biophysical information for 
RIP760 block containing the 
GRAPEX flux tower

Geographic information
 Vineyard (RIP760) Madera County
 Height above sea level (m) 58
 Topography Flat
 Soil type Sandy loam

Vine information
 Vine variety Chardonnay
 Year planted 2010
 Bud break 3/10–3/23
 Flowering/fruit set 4/21–4/30
 Veraison 7/14–7/23
 Harvest 8/8–8/29

Vineyard architecture
 Row orientation East–West
 Trellising method Double vertical
 Row width 2.74 m
 Planting interval 1.83 m
 First and (second) cordon height 1.20 (1.70) m
 Vine canopy height (April–September) 1.5–2.5 m
 Vine canopy width (April–September) 0.5–1.8 m

Cover crop information
 Cover crop type Annual grasses
 Cover crop width 1.2 m

Agronomic and management information
 Cover crop management Mowed once or twice in April/May
 Irrigation system In line dripper (3 emitters per vine 

at 0.52 gallons per hour each)
GRAPEX specific information
 Date of initial tower deployment May 9, 2017
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as LAI, leaf water potential, and gas exchange. LAI was 
measured in situ using optical non-destructive methods 
(see White et al. 2018). The sampling methodology for 
leaf water potential and gas exchange is described in 
Nieto et al. (2022) but are not used in this study.

A flux tower at RIP760 was installed in May of 2017 
using eddy covariance (EC) systems from Campbell Sci-
entific,1 Inc. Logan Utah. The EC150 or IRGASON sys-
tem measuring water vapor/carbon dioxide together with 
a CSAT3 three-dimensional sonic anemometer compute 
latent and sensible heat fluxes, net carbon exchange and 
momentum flux at approximately 5.5 m above ground 
level (a.g.l.) facing due west. The EC system collect 
data at 20 Hz producing 15 min average fluxes as well 
as temperature, vapor pressure and wind speed. Post pro-
cessing of the 20-Hz data for fully correcting the high 
frequency data is described by Alfieri et al. (2019). Addi-
tional instrumentation includes a four-component radi-
ometer (NR01 Net Radiometer Hukseflux, Delft, Nether-
lands) mounted 6.3 m a.g.l. Also included is a combined 

humidity and temperature sensor HC2S3 with radiation 
shield from Campbell Scientific and an aspirated TS-100 
shield (Apogee, Logan Utah) with EE08 temperature and 
humidity sensor (E + E Eletronik, Langwiesen, Austria) 
mounted at 5.5 m a.g.l., and a tipping bucket rain gauge 
(TE525, Texas Electronics, Dallas, Texas) is installed at 
1 m above the vine canopy. In the interrow several meters 
from the tower there are five soil heat flux plates (HFT-3, 
Radiation Energy Balance Systems, Bellevue, Washing-
ton) evenly distributed across the interrow at a depth of 
8 cm. Each heat flux plate includes two thermocouples 
buried at depths of 2 and 6 cm and a soil moisture sensor 
(HydraProbe, Stevens Water Monitoring System, Portland, 
Oregon) buried at 5 cm depth to account for storage term 
above the soil heat flux plates. A description of these soil 
measurements is in Agam et al. (2019).

The tower observations of daytime average H for the 
different years for May through August show that the 
lowest H values occurred in 2020 followed by 2017 with 
2018 and 2019 being similar (Fig. 2). For daytime aver-
age LE (Fig. 2), this generally results in slightly higher 
LE values observed in 2020, followed by 2017, although 
the differences are not as apparent as with H. The atmos-
pheric demand (reference ET, incoming solar radiation, air 
temperature, wind and vapor pressure deficit) depicted in 

Fig. 1   Location of the vineyard study site (RIP760) within the Cali-
fornia Central Valley region. In the blowups from Google Maps, there 
is a large fallow area upwind with the tower location (yellow star) to 

maximize the fetch from RIP720 within the yellow boundary. The 
photos of the vineyard and tower were taken in early May (top) and 
later in the growing season in July (bottom) (colour figure online)

1  The use of trade, firm, or corporation names in this article is for 
the information and convenience of the reader. Such use does not 
constitute official endorsement or approval by the US Department of 
Agriculture nor the Agricultural Research Service of any product or 
service to the exclusion of others that may be suitable.
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Fig. 3 from the nearest CIMIS weather station (Station 80 
at Fresno State; https://​cimis.​water.​ca.​gov/​Stati​ons.​aspx) 
for the different years does not show a trend in any of 
the quantities, suggesting changes in evaporative demand 
was not a major factor in the flux variability between 
years. Instead, it appears that the management decisions 
may have been a key factor in causing the relatively large 
changes in H observed especially in 2020 and to some 
extent in 2017. Although the irrigation data were not well 
documented or monitored until 2019, records indicate that 
2020 had significant irrigation early in the growing season 
in April and May, setting up for significant vine growth or 
leaf area/biomass.

Analysis of satellite and ground-based measurements of 
vegetation indices also indicate higher biomass in both 2017 
and 2020 than in 2018 and 2019. Figure 4 shows cumulative 
plots of the enhanced vegetation index (EVI) for a 3 × 3 30 m 
pixel grid (i.e., 90 × 90 m total area) in the typical upwind 
fetch of the flux tower from satellite data (Fig. 4), showing 
highest growth rates in 2020 followed by 2017. To generate 
these plots, daily EVI time series were generated from Har-
monized Landsat and Sentinel-2 (HLS) data (Claverie et al. 
2018), smoothed and interpolated using the Savitzky–Golay 
filter with a flexible moving window strategy as described in 
Gao et al. (2020), and then accumulated over the months of 
July to August for the 4 years (2017–2020). EVI has greater 
sensitivity for high biomass vegetation than the normalized 

difference vegetation index (NDVI) and is less affected by 
saturation problems (Huete et al. 2002). Years with greater 
biomass, and thus greater ET when there was sufficient plant 
available water, sets the stage for significantly higher ET via 
greater transpiration under similar advective conditions or 
evaporative demand as other years having less vine leaf area.

Model inputs

The four different transpiration parameterizations for 
TSEB were run using hourly inputs for wind, air tempera-
ture, vapor pressure, and solar radiation obtained from the 
RIP760 tower. Key remote sensing inputs to the TSEB 
include LST, used in Eq. 10, and LAI, used in the par-
titioning between the soil and canopy. The approach of 
Gao et al. (2020) based on machine learning, which was 
recently modified for vineyards by Kang et al. (2022), was 
applied to generate daily LAI maps at 30 m resolution 
over the RIP760 using Landsat and Sentinel-2 surface 
reflectance, ground-based observations and the MODIS 
LAI products. LST was estimated using the tower-based 
upwelling longwave radiometer 4-way net radiometer. 
This is a hemispherical LST (TRH), which represented Trad 
observed at nadir and was computed based on the follow-
ing expression:

Fig. 2   Measured daytime average sensible heat flux (H) and latent 
heat flux (LE) from eddy covariance towers from May through end of 
August indicating lowest values in H with cases where H < 0 occurred 

during 2017 and 2020 growing seasons which corresponded to higher 
LE values. Thin lines represent daily flues, while the thicker curves 
are the 7-day moving average (colour figure online)

https://cimis.water.ca.gov/Stations.aspx
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where RL↑ is the upwelling longwave radiation measurement, 
RL↓ is the downwelling longwave radiation, RLatm is the 
atmospheric longwave contribution from ground to sensor 
height, σ is Stefan–Boltzmann constant and �H is the hemi-
spherical emissivity estimated from weighting the fractional 
vegetation cover estimates (fC) based on a relationship with 
LAI estimated clumping factor (Kustas et al. 2019b) and 

(13)TRH =

(
[

RL↑ −
(

1 − �H
)

RL↓ + RLatm

]

��H

)1∕4

,

assumed emissivity of the canopy (0.99) and soil/cover crop 
(0.94), i.e., �H = 0.99(fC) + 0.94(1−fC). Given the relatively 
small path length of the longwave sensor from the ground, 
it was assumed RLatm ~ 0.

Vine plant parameters for the TSEB model were estimated 
from biophysical data collected over the years from Intensive 
Observation Periods (Kustas et al. 2018) at different pheno-
logical stages (see Table 1).

Fig. 3   Daily-averaged reference ET (ETref), incoming solar (S↓), air temperature (Tair), vapor pressure deficit (VPD), and wind speed (wind) 
observations from the CIMIS station at Fresno State for the years 2017–2020 (colour figure online)
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Parameterization of transpiration equation 
in TSEB‑SWRc,VPD

To build the linear regression of Eq. (5), it is first required 
to work at leaf scale. Therefore, the estimated canopy 
transpiration from the eddy covariance tower is (TEC) first 
downscaled to an effective leaf transpiration rate using the 
satellite LAI (Tleaf = TEC/LAI). The value of TEC was esti-
mated for a nearby vineyard of a different variety using a 
combination of relaxed-eddy accumulation and quadrant 
analysis (Thomas et al. 2008); and a novel approach that 

relies only on quadrant analysis using the high frequency 
eddy covariance data (Zahn et al. 2022). Although the esti-
mation of TEC was performed for a different vine variety 
(Merlot), it was assumed the derived relationship reflected 
the general response of vine leaf conductance to VPD and 
that the sensitivity of the TSEB-SWRc,VPD formulation of 
canopy transpiration would not be highly sensitive to the 
coefficients derived from Eq. (5). In fact, these measure-
ments showed that, under advective conditions (i.e., H < 0 
and Rn > 100 W m−2), transpiration exceeded by ~ 30% the 
available surface energy (Rn-G) in both vineyards.

The linear relationship between the reciprocals of VPD 
and maximum T only appears when VPD is the main limit-
ing factor to stomata closure (Monteith 1995), and hence this 
linear relationship is derived from the lower envelope of the 
1/T vs. 1/VPD scatterplot for all daytime EC observations 
under relatively high VPD values.

The scatterplot between the reciprocals of the estimated 
leaf effective transpiration and VPD is shown in Fig. 5 
using the TEC data derived from Zhan et al. (2022) from 
the adjacent vineyard RIP720. The straight line in Fig. 5 
is computed from the linear regression of the lower enve-
lope of the 1/T vs 1/VPD point cloud, and its regression 
parameters are used to calculate gm (0.58 mol m−2 s−1) and 
Tm (9.11 mmol m−2 s−1). The D0 parameter for the equiva-
lent Leuning (1995) formulation is also derived from the 
site mean atmospheric pressure, and variables gm and Tm 
(D0 = pgm∕Tm = 15.85 mb). Application of the partitioning 
techniques for several days of 20 Hz eddy covariance data 
from RIP760 spanning a range of advective to non-advective 
cases indicates the regression equation is also representative 
of the 1/T vs 1/VPD relationship for RIP760 as points fall 
along the line derived from RIP720 data (Fig. 5). In fact, 
TSEB-SWRc,VPD was also applied with different coefficients 
than those shown in Fig. 5 derived directly from the 1/T vs 
1/VPD relationship for RIP760, with gm = 0.69 mol m−2 s−1, 
Tm = 8.92 mmol m−2 s−1 and D0 = 13.01 mb. There was vir-
tually no change in the results that are shown below, but in 
order to ensure using an independent dataset for this cali-
bration and prove the applicability of this approach among 
varieties, we used the values in Fig. 5 calibrated for RIP720 
in this study.

Closure corrections

There may be many factors that result in a lack of energy 
balance closure between the available energy (Rn-G) and 
the turbulent fluxes H and LE, and debate continues on what 
are the key factors that affect closure and if and how various 
closure methods should be applied (Mauder et al. 2020). 
Therefore, we have taken the approach of showing mod-
eled-measured differences using commonly applied closure 
techniques suggested by Twine et al. (2000) assuming the 
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Fig. 4   Cumulative enhanced vegetation index (EVI) within the tower 
footprint (3 × 3 30 m pixels) in the northwest quadrant providing an 
indication of cumulative green biomass from May through end of 
August for the 2017 through 2020 growing seasons (colour figure 
online)

Fig. 5   Reciprocal of effective leaf transpiration rate, T (s 
m−2  mmol−1) vs. the reciprocal vapor pressure deficit, VPD, 
expressed in molar fraction (mol mmol−1). The straight line repre-
sents the linear regression of the point cloud lower envelope, from 
which gm, Tm and D0 = gm/Tm are obtained. The lower envelope is 
estimated by the 1% percentile of the 1/T values after grouping the 
VPD/T pairs in 30 bins. The blue dots are from measurements in 
RIP720 while the red triangles are measurements from RIP760. The 
point cloud above the fitted line represents the cases in which stomata 
conductance is also limited by other factors such as temperature, irra-
diance and/or soil moisture deficit (colour figure online)
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underestimation is solely in the latent heat flux (residual) 
or the undermeasurement is from both H and LE and so the 
Bowen ratio H/LE is assumed to be correct and preserved 
in partitioning the missing energy. Alternatively, some have 
suggested it is largely an undermeasurement of H (Liu et al. 
2011; Xu et al. 2017). Hence the statical differences reported 
will include unclosed H and LE (HEC and LEEC, respec-
tively) closed by residual for both LE and H (LEres and Hres, 
respectively) and by Bowen ratio (LEBR and HBR, respec-
tively) methods. While other methods have also been rec-
ommended (Mauder et al. 2020), an uncertainty analysis of 
closure methods by Bambach et al. (2022) for the GRAPEX 
vineyards suggests the model-measured comparisons per-
formed here encompass the possible variation in measured 
fluxes. So, model performance will be evaluated by compar-
ing the difference statistics with the ensemble (average of 
all three methods), which is assumed to represent the best 
estimate of observed H and LE (Hens, LEens).

Results

The four modeling approaches were applied with the RIP760 
tower data input of wind speed, incoming radiation, vapor 
pressure, the derived hemispherical LST, TRH, and LAI 
from the remote sensing retrievals described above. The 
root mean square error (RMSE) statistics for each modeling 
approach are shown in Fig. 6 as bar graphs for the daytime 
average sensible heat flux H (RS↓ > 0 W m−2) using the two 
closure methods described above along with the unclosed 
H measured by the eddy covariance system as well as the 
average or ensemble of the three, which is assumed to be 
closest to the actual/true H. Since the TSEB model computes 
H directly, the RMSE statistic for this flux is considered the 
most direct evaluation of model performance. The results 
illustrated in the figure suggest the lowest RMSE values are 
generally with either TSEB-PT or TSEB-SWRc,VPD. The only 
exception is in 2020 where TSEB-PTclim and TSEB-PMRc,min 
yielded similar RMSE using unclosed HEC.

Fig. 6   The RMSE statistics in average daytime sensible heat flux, H, 
for the four versions of the transpiration formulation in TSEB. The 
RMSE values are computed using tower H observations with closure 

by the Bowen ratio (HBR), and residual (HRES) methods, unclosed 
(HEC) and an ensemble (average) of the three H estimates (HENS (col-
our figure online)
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When evaluating the daily ET values with the different 
TSEB versions using the extrapolation formula, Eq. (11), 
the lowest RMSE values (Fig. 7) are generally with either 
TSEB-PT or TSEB-SWRc,VPD using all three tower ET esti-
mates including the ensemble, with only exception being 
in 2020 where TSEB-PTclim and TSEB-PMRc,min yielded 
slightly lower RMSE values using ETres as the validation 
data.

In Tables 2 and 3 the various statistical measures of 
model performance are listed for estimating daytime average 
H and daily ET, respectively, using the different transpiration 
algorithms in TSEB versus the ensemble values Hens and 
ETens, For every statistical measure, TSEB-PT and TSEB-
SWRc,VPD have the best performance.

Another way to evaluate the different TSEB models 
in a more qualitative way is illustrated in Figs. 8, 9, and 
10. In Figures 8 and 9, daytime H and LE from the differ-
ent versions of TSEB versus the range of observed values 
derived from unclosed and the different closure methods 
is displayed along with the ensemble (average). A similar 
comparison is illustrated in Fig. 10 for daily ET. For each 
year, the model output from TSEB-PT or TSEB-SWRc,VPD 

tend to fall within the range of uncertainty in the observed 
fluxes. In fact, more often both TSEB-PT or TSEB-SWRc,VPD 
daytime H and LE and daily ET output come close to the 
ensemble values, while flux estimates from TSEB-PTclim and 
TSEB-PMRc,min tend to fall outside the observed uncertainty 
range in the fluxes, except for year 2020, the year with the 
greatest advection.  

The cases with significant advection causing TRH − Tair < 0 
under RN > 100 W m−2 were selected to see how the dif-
ferent TSEB formulations could account for this excess 
heat enhancing LE/ET. In Fig. 11, it is quite clear that it is 
only the TSEB-PMRc,min and TSEB-SWRc,VPD versions of 
the model that can compute the dynamic range in excess 
sensible heat flux, while TSEB-PT and TSEB-PTclim are 
unable to compute the range in advected heat. This inability 
to capture the strongly advective cases does not appear to 
significantly affect the performance of TSEB-PT in general 
at this site. However it may be advantageous to adopt the 
TSEB-PMRc,min or TSEB-SWRc,VPD where more frequently 
significant advective conditions are known to exist.

Fig. 7   The RMSE statistics in daily ET for the four versions of the 
transpiration formulation in TSEB. The RMSE values are computed 
using tower ET observations with closure by the Bowen ratio (ETBR), 

and residual (ETRES) methods, unclosed (ETEC) and an ensemble 
(average) of the three ET estimates (ETENS) (colour figure online)
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Conclusions

The original and three other transpiration formulations for 
the TSEB model were evaluated for a vineyard site near 
Fresno CA having significant advection of heat occurring 
on multiple occasions depending on the management of the 
vine biomass and atmospheric demand. The original TSEB-
PT version using the Priestley–Taylor evaporation equation 
for unstressed vine transpiration and the TSEB-SWRc,VPD 
version that uses transpiration and soil evaporation algo-
rithms of Shuttleworth and Wallace (1985), along with a 
minimum canopy resistance formulation that is a function 
of VPD, yielded the best agreement with observed average 
daytime H and LE as well as daily ET.

The other two transpiration formulations, using an 
adjusted Priestley–Taylor �PT coefficient accounting for 
the more arid conditions and higher evaporative demand 
based on climatology and the TSEB-PMRc,min based on 
Penman–Monteith big-leaf model of canopy transpiration 

having a minimum canopy resistance value for unstressed 
vegetation, did not perform as well. Both models tended to 
overestimate LE/ET and underestimate H and only under 
the more extreme advective conditions (in years 2017 and 
2020) did these two approaches yield comparable results 
with original Priestley–Taylor and Shuttleworth–Wallace 
schemes.

A future analysis will evaluate these different transpi-
ration formulations over other GRAPEX vineyard sites in 
different climates and for different vine varieties. We will 
particularly focus on how well the TSEB-based Shuttle-
worth–Wallace scheme performs without requiring local 
calibration of the canopy conductance model for different 
vine varieties (Fig. 5). Initial results comparing Chardonnay 
and Merlot varieties suggests the 1/T versus 1/VPD formu-
lation may not vary significantly and that TSEB-based Shut-
tleworth–Wallace scheme may not be highly sensitive to the 
derived coefficients in Eq. (5). If found to be robust without 
local calibration, this formulation may have greater utility 
in the regional modeling than using the original TSEB-PT 
land surface scheme when applied in vineyards in strongly 
advective environments (Knipper et al. 2020).

Table 2   Statistical measures of 
model performance for the four 
different transpiration versions 
implemented in TSEB using the 
ensemble value for daytime H, 
Hens (W m−2)
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The column headers are defined as N (number of observations), bias (model-observed differences), mean 
absolute error (MAE), root mean square error (RMSE), r is the correlation coefficient and d is the index 
of agreement. Equations for the different statistical measures are provided in the table footnote where the 
symbol O is the observed value and P is the model predicted value

Model Year N Bias MAE RMSE r d

TSEB-PT 2017 117 25 27 32 0.87 0.77
2018 121 48 48 53 0.71 0.55
2019 97 58 58 61 0.75 0.5
2020 125 18 22 28 0.87 0.79
All 457 36 37 45 0.83 0.69

TSEB-PTclim 2017 117 47 47 51 0.87 0.62
2018 121 65 65 71 0.55 0.47
2019 97 83 83 86 0.74 0.39
2020 125 48 48 52 0.88 0.58
All 457 60 60 66 0.8 0.59

TSEB-PMRc,min 2017 117 66 66 68 0.89 0.55
2018 121 84 84 90 0.5 0.41
2019 97 112 112 117 0.58 0.32
2020 125 55 55 57 0.91 0.61
All 457 77 77 84 0.67 0.51

TSEB-SWRc,VPD 2017 117 43 43 44 0.96 0.72
2018 121 63 63 66 0.86 0.53
2019 97 63 63 66 0.77 0.49
2020 125 31 32 36 0.92 0.75
All 457 49 49 54 0.89 0.67
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Table 3   Statistical measures of 
model performance for the four 
different transpiration versions 
implemented in TSEB using the 
ensemble value for daily ET, 
ETens (mm day−1)

The column definitions are defined as N (number of observations), bias (model-observed differences), 
mean absolute error (MAE), root mean square error (RMSE), r is the correlation coefficient and d is the 
index of agreement. See Table 2 for equations

Model Year N Bias MAE RMSE r d

TSEB-PT 2017 116 − 0.3 0.4 0.5 0.92 0.94
2018 120 − 1 1 1 0.94 0.8
2019 96 − 0.6 0.6 0.7 0.9 0.84
2020 124 − 0.2 0.4 0.5 0.92 0.95
All 453 − 0.5 0.6 0.7 0.91 0.9

TSEB-PTclim 2017 116 − 0.9 0.9 1 0.9 0.8
2018 120 − 1.4 1.4 1.5 0.89 0.67
2019 96 − 1.4 1.4 1.4 0.9 0.63
2020 124 − 1.1 1.1 1.2 0.93 0.8
All 453 − 1.2 1.2 1.3 0.91 0.77

TSEB-PMRc,min 2017 116 − 0.8 0.9 1 0.9 0.83
2018 120 − 1.4 1.4 1.5 0.9 0.68
2019 96 − 1.7 1.7 1.8 0.81 0.56
2020 124 − 0.6 0.7 0.8 0.92 0.9
All 453 − 1.1 1.1 1.3 0.85 0.76

TSEB-SWRc,VPD 2017 116 − 0.3 0.4 0.5 0.93 0.95
2018 120 − 0.9 0.9 1 0.95 0.82
2019 96 − 0.4 0.4 0.5 0.92 0.91
2020 124 0 0.3 0.4 0.94 0.97
All 453 − 0.4 0.5 0.7 0.9 0.92

Fig. 8   Daytime average H plots computed using the four transpira-
tion formulations in TSEB (open black circles) compared to the four 
different estimates of the actual daytime average H. The shaded area 
represents the range in observed H produced by the Bowen ratio and 

residual closure methods and the unclosed measurements while the 
blue line is the ensemble or average of the three estimates of actual H 
(colour figure online)
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Fig. 9   Daytime average LE plots computed using the four transpira-
tion formulations in TSEB (open black circles) compared to the four 
different estimates of the actual daytime average LE. The shaded area 
represents the range in observed LE produced by the Bowen ratio and 

residual closure methods and the unclosed measurements while the 
blue line is the ensemble or average of the three estimates of actual 
LE (colour figure online)

Fig. 10   Daily ET computed using the four transpiration formulations 
in TSEB (open black circles) compared to the four different esti-
mates of the actual daily ET. The shaded area represents the range in 
observed daily ET produced by the Bowen ratio and residual closure 

methods and the unclosed measurements while the blue line is the 
ensemble or average of the three estimates of actual daily ET (colour 
figure online)
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Fig. 11   Observed vs. Predicted validation scatterplots for the hourly 
sensible heat fluxes (H) with significant advection (i.e., Trad − Tair < 0 
and Rn > 100), for the four versions of the transpiration formulation 
in TSEB. Observed values are considered as the ensemble or average 
of the three estimates of actual hourly sensible heat flux. Blue dots 
represent cases for 2017, green upward triangles for 2018, blue down-

ward triangles for 2019, and black squares for 2020. Each plot also 
shows a table with the error and agreement statistics: N is the number 
of valid cases, RMSE is the root mean square error, bias is the mean 
difference between the observed and the predicted, r is the correlation 
coefficient between observed and predicted and d is the Willmott’s 
Index of Agreement (colour figure online)
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