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Abstract

Over the past decade, the estimation of water requirements in almond orchards has improved through the
application of remote sensing models like the Two-Source Energy Balance (TSEB) model using various
remote sensing platforms. However, there is limited understanding of how canopy-induced shadows
influence surface reflectance and thermal infrared (TIR) signals particularly from small Unmanned Aircraft
System (sUAS) imagery in energy balance models, and the effect on Latent Heat Flux (LE) estimations.
This study evaluates LE estimates from the Priestley-Taylor TSEB model (TSEB-PT) with and without
shadow filtering using sUAS-based multispectral and TIR imagery. It establishes a baseline for the impact
of shadow exclusion on model inputs and performance. Datasets were collected in 2021 and 2022, as part
of the USDA led Tree-crop Remote sensing of Evapotranspiration eXperiment (T-REX) in almonds
orchards across California. LAI-2200C Plant Canopy Analyzer measurements facilitated the calibration of
an empirical Leaf Area Index (LAI) model based on canopy fractional cover (FC) and NDVI (R? = 0.68).
Shadow filtering caused land surface temperature (LST) differences up to 5°C in young to semi-mature
orchards (FC 0.40-0.80). In contrast, mature orchards (FC > 0.80) showed minimal influence due to the
limited shadow occurrence on the imagery. Shadows appeared to reduce surface albedo (o), mainly in
interrow areas, thereby affecting the absorption of radiation and the partitioning of energy balance
components. Their presence in SUAS imagery also hindered canopy delineation, impacting the accuracy of
key TSEB inputs derived from canopy physical characteristics. Thus, the influence of shadow on TSEB
estimated LE was more significant in lower fractional tree covers. While LE estimated by TSEB-PT
without shadow filtering showed better agreement with observations, combining instantaneous TIR
imagery with solar-noon shortwave data is recommended for accurate ETa assessment using sUAS
datasets. These baseline results can be improved with more advanced formulations, supporting continued
research on E/T partitioning and water stress in almond orchards under varying environmental conditions,
particularly when there is advection of hot dry air.

Keywords
TSEB, almonds, sUAS, canopy-induced shadows, LAI

1 Introduction

California's Central Valley has been the largest producer of almonds in the United States and the world for
about two decades (O’Neil et al., 2016; Padilla, 2024), playing a crucial role in the region’s economy
(Fulton et al., 2019; Marvinney et al., 2020). This region heavily relies on irrigation to satisfy water
demands by almond orchards and sustain profitable crop yields (Jha et al., 2022). However, farmers in the
semi-arid region of California face a threat to yield due to more frequent and severe variations in weather
and climatic conditions (Paciolla et al., 2024), causing scenarios of water scarcity due to recurrent severe
and extreme droughts (Gebremichael et al., 2021; Helalia et al., 2021; Xia et al., 2017). In these
circumstances, automated pressurized irrigation systems, such as micro-sprinklers and drip irrigation, are
commonly used in almond orchards for their high-water use efficiency and direct water application to the
almond root zone (Drechsler et al., 2022).

Irrigation scheduling requires constant information about water requirements or actual evapotranspiration
(ETa, how much water is evaporating from the soil [E], and how much is transpired by the plants [T])
(Bellvert et al., 2018; Drechsler & Kisekka, 2022). Therefore, accurate spatial estimates of ETa are
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essential for reliable and effective irrigation management and planning in almond orchards (Jofre-
Cekalovi¢ et al., 2022; Meza et al., 2023). This is particularly true from June to mid-July to prevent stress
(McCullough-Sanden et al., 2021), and post-harvest, from August through September, to ensure starch
accumulation for the following season (Davidson et al., 2021).

ETa (mm) can be directly estimated from latent heat flux (LE, W m2) conversion, using the latent heat of
vaporization (J Kg'). Energy balance components, net radiation (Rn), latent heat flux (LE), sensible heat
flux (H), and ground heat flux (G), can be estimated from surface energy balance models such as TSEB
(Norman et al., 1995), METRIC (Allen et al., 2007), and SEBAL (Bastiaanssen et al., 1998) by utilizing
optical (short-wave) and thermal (long-wave) spatial information. Although satellite sources, such as
OpenET (https://openetdata.org), provide reliable monthly ETa data throughout the almond growing
season, short-term variability is difficult to capture (K. Knipper et al., 2024). Previous research has
showcased the reliability of the TSEB model in estimating instantaneous ETa when utilizing data from
sUAS (R. Gao et al., 2022; Meza et al., 2023; Nassar et al., 2020; Nieto et al., 2019). Additionally, sUAS
technology together with a constellation of satellites, has proven viable for acquiring TSEB model inputs at
vine (Sanchez et al., 2017) and tree scale in pistachio and walnut (Gonzalez-Dugo et al., 2020; K. Wang &
Jin, 2024). The TSEB model (Norman et al., 1995) has been implemented and validated across various
vegetation types, including almonds (Anderson et al., 2024; Burchard-Levine et al., 2025; K. R. Knipper et
al., 2019; Kustas et al., 2018; Quintanilla-Albornoz et al., 2024). In commercial almond orchards, trees are

typically not stressed being supplied with enough water during peak season (Drechsler & Kisekka, 2022;
McCullough-Sanden et al., 2021). Therefore, transpiration can theoretically be predicted based on tree
canopy available energy, as in the Priestley-Taylor (1972) formulation for canopy transpiration (TSEB-PT)
(Agam et al., 2010; Priestley & Taylor, 1972). The Priestley-Taylor coefficient apr (~1.26) is an
enhancement of the equilibrium evaporation formula for the available energy of the tree crop assuming
transpiration under non-stressed conditions.

Canopy-induced shadows, particularly evident SUAS imagery (Aboutalebi et al., 2019; Lu et al., 2022;
Rojo et al., 2023), have been linked to variability in land surface temperature (LST). While this effect has
been documented, its implications for surface energy balance modeling remain underexplored (Aboutalebi
et al., 2019; R. Gao et al., 2023; Lu et al., 2022; Tunca, 2024). Shadows reduce the albedo (0.) on the
surface of the orchard, decreasing the absorbed incoming solar radiation, therefore, raise the spatial and
temporal variability of surface temperature and surface energy fluxes (Aboutalebi et al., 2019; Lu et al.,
2022; Rojo et al., 2023; S. Wu et al., 2022). Similarly, diurnal variations in environmental parameters such
as air temperature, humidity, and wind speed, in combination with shadow presence, also influences
surface energy balance dynamics throughout the day (Aboutalebi et al., 2019; Lu et al., 2022). Moreover,
shadow occurrence depends on the tree size, tree orchard spacings, and the azimuth angle relative to the
latitude and orchard row orientation (Rojo et al., 2023). Given the high resolution of sUAS imagery,
canopy-induced shadows can be accurately identified and filtered, allowing their influence on ETa
estimation to be evaluated using the TSEB model (Cheng et al., 2020; Guimarées et al., 2023; Sarron et al.,
2018; Zhang et al., 2019).

Shadows influence key TSEB inputs at the tree scale (Aboutalebi et al., 2019; Lu et al., 2022; Rojo et al.,
2023), driven by orchard row orientation and spacing configuration (Drechsler et al., 2022; Duncan et al.,
2024). These inputs include canopy height (Hee), width-to-height ratio (W/Hg.e), canopy fractional cover
(FC), leaf area index (LAI), and land surface temperature (LST). When using high-resolution sUAS
imagery, estimates of these variables must accurately represent tree physical characteristics, necessitating
data aggregation techniques (Bellvert et al., 2018; Gelybo et al., 2013; Nassar et al., 2020; Nieto et al,,
2019; Volk et al., 2023). Therefore, determining an appropriate grid size that is required by TSEB
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radiation, surface temperature and turbulent flux exchange formulations of the soil-canopy system is
critical (Nassar et al., 2020).

Describing the required TSEB inputs, Hyee, W/Hiee, and FC, are defined by canopy-geometry, and various
methodologies have been developed to obtain them for tree crops, utilizing multispectral imagery and a
digital surface model (DSM) (L. Gao et al., 2020; R. Gao et al., 2023).

Next, LAI a physical factor defined as the one-sided leaf area per unit ground area (Comba et al., 2020; R.
Gao et al., 2022), and can have significant variability in clumped canopies such as almond's orchards (Ali
& Imran, 2020; Jia & Wang, 2021; Maldera et al., 2023). Direct and indirect field LAl measurements are
often labor-intensive and spatially limited (Meza et al., 2023; Weiss et al., 2004; Yan et al., 2019), hence,
preferred methods for LAI mapping rely on empirical formulations from remote sensing, calibrated through
indirect field scoping methods like ceptometry (R. Gao et al., 2022; Quintanilla-Albornoz et al., 2023,
2024; Wei et al., 2020; Zarate-Valdez et al., 2012).

Finally, LST, commonly derived from thermal infrared (TIR) imagery, often requires spatial aggregation to
account for surface heterogeneity in complex canopies (Burchard-Levine et al., 2020; Garcia-Santos et al.,
2019; K. R. Knipper et al., 2019).

TSEB model output of energy balance components (Rn, H, LE, G) are typically validated using flux
measurements from the eddy covariance (EC) technique, which quantifies mass. momentum, and energy
fluxes from the surface using sonic anemometers and infrared gas analyzers high-frequency data (Bambach
et al., 2022; Drechsler & Kisekka, 2022; Jofre-Cekalovié et al., 2022; Sanchez et al., 2021; Xu et al., 2020).
However, validation requires a methodology that links EC measurements to the contributing surface area in
order to extract from the imagery a similar source area of model output (Gelybo et al., 2013; Xiang et al.,
2022), ensuring relevance for ET model assessment (H. Wang et al., 2016; Xiang et al., 2022). Therefore,
two-dimensional surface area footprint models (Kljun et al., 2015) have been used to estimate the upwind
source area influencing EC fluxes (Melton et al., 2022; Sanchez et al., 2021; Volk et al., 2023), which
depends on sensor height, wind conditions, surface roughness, and stability (Schuepp et al., 1990; Xiang et
al., 2022; Yi, 2008).

This study aims to evaluate the influence of almond's canopy-induced shadows on ETa estimations from
the TSEB model using high-resolution sUAS imagery. TSEB-PT ETa was assessed relative to EC estimates
at three sites from the Tree-crop Remote Evapotranspiration eXperiment (T-REX) (Bambach et al., 2024).
Three key questions are addressed: (1) What is the variability in TSEB-PT inputs due to canopy-induced
shadow filtering? (2) What is the variability in TSEB-PT ETa estimation when performing shadow filtering
to TSEB inputs? (3) Are canopy-induced shadows a bias driver in SUAS imagery when estimating ETa by
the TSEB-PT model?

2 Materials and Methods

2.1 Field Sites and Monitoring

Three Commercial almond orchards were monitored during the summer seasons (June—September) of
2021 and 2022 in California’s Sacramento and Central Valleys (Figure 1) Ripperdan (OLA), Woodland
(WWF), and Vacaville (VAC). The OLA site, located in Madera County, spans 160 ha, is oriented north-
south, has loam to clay loam soils, and includes Nonpareil, Wood Colony, and Supareil varieties planted in
plots with varying tree ages ranging from less than six years to more than ten years (planted in 2009), with
a layout of 5.5 m tree spacing and 6.4 m row spacing and irrigated with two drip lines delivering 35.7 L h!
per tree. Furthermore, as this was the largest of the three sites, validation with the EC flux tower focused on
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a single block containing mature trees. The WWEF site, located in Yolo County, spans 62 ha, is oriented
north—south, has gravelly loam soils, and includes Nonpareil, Monterey, Carmel, and Butte varieties
(planted in 2014), with a layout of 4.5 m tree spacing and 6.7 m row spacing and irrigated with fanjet
sprinklers delivering 37 L h™! per tree. The VAC site, located in Solano County, spans 55 ha, is oriented
northeast—southwest, has gravelly loam soil, and includes exclusively the Independence variety (planted in
2015-2016), with a layout of 5.5 m tree spacing and 6.3 m row spacing and irrigated with two drip lines
delivering 31 L h'! per tree.

T-REX's leaf and canopy scale monitoring campaigns, referred to as Intensive Observation Periods (IOPs),
were conducted in July and August of 2021, and July and September of 2022. AggieAir sUAS technology
was deployed, including GreatBlue, a hybrid fixed-wing platform designed for long-range missions, and
the DJI Matrice 300, a vertical take-off and landing (VTOL) system (flights details in Appendix A).
Multispectral and thermal imagery was collected using an experimental AggieAir sUAS sensor platform
(https://uwrl.usu.edu/aggieair/) and the Altum-PT sensor (MicaSense, now AgEagle Aerial Systems Inc.,
https://ageagle.com/). sUAS flights lasted 20-30 minutes and were conducted at three times of day (military
time): during the Landsat overpass (~11:30 AM), solar noon (~12:30 PM), and mid-afternoon (~3:30
PM)—hereafter referred to as AM, SN, and PM, respectively.

EC flux towers were first deployed in May 2021 at all sites to provide accurate and continuous
measurements of atmospheric turbulence and fluxes (Rn, H, LE, G, in W m?). Sensors included a net
radiometer, SN-500 (Apogee Instruments), IRGASON (Campbell Scientific) 3D sonic anemometer and fast
response water vapor/CO2 sensor, EE08 temperature/humidity probe in aspirated shield TS-100 (Apogee
Instruments), HFT-3 (Radiation Energy Balance System), Type E soil thermocouples, CS655 (Campbell
Scientific) water content reflectometer, and PS-1 (METER) pressure switch detecting irrigation were also
installed to measure ground heat flux density. Complementary, indirect ground-based LAI was measured
by LAI-2200C plant canopy analyzers, and infrared thermometers (IRTs, SI-121-SS, Apogee Instruments,
Inc. Logan, UT, USA) were set up for sSUAS thermal image calibration.
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Figure 1. (a) Micro-sprinkler and drip irrigation systems in almond sites covered along by canopy shadows. (b) World
imagery of the three sites of study in the Central Valley. (¢) Eddy-Covariance towers with instrumentation installed in
Vacaville (top) and Woodland (bottom).
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188 Figure 2. High resolution imagery captured for each site, (a) Ripperdan-OLA, (b) Woodland-WWF, and (c) Vacaville-

189 VAC, by AggieAir in 2022 IOP 1.
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Figure 3. (a) Leaf area sampling locations in OLA site, (b) measuring LAI according to the transect method, where (c)
five measurement points represent two grids of 6.5 m (resampled pixels).

2.2 Shadow filtering in SUAS imagery

sUAS imagery datasets were collected during the 2021 and 2022 IOPs and were geographically and
radiometrically corrected prior to photogrammetry. Orthorectified reflectance imagery (orthomosaics) for
each band (RGB, RE, NIR, and TIR) and digital surface models (DSMs) were generated from high-density
point cloud data (40 points m?) as well as Normalized Difference Vegetation Index (NDVI) maps. These
orthomosaics were post-processed in a GIS environment to obtain spatial TSEB-PT inputs (FC, Hiree,
W/Hiree, LAI and LST) using State Plane Coordinate Systems (SPCS): NAD 1983 Zone III (2011, meters)
for OLA, and NAD 1983 Zone II (2011, meters) for WWF and VAC. Imagery detail in Figure 2.

Shaded relief rasters representing canopy-induced shadows were produced for each flight dataset using the
Hillshade tool (Esri. ArcGIS Pro Tool. Spatial Analyst—Hillshade), a spatial analysis function for shadow
projection. This technique achieved 87% accuracy (Aboutalebi et al., 2019), based on canopy structure
from DSMs, terrain features, and solar azimuth and altitude at flight time. Shaded relief rasters were used
as shadow masks to filter out shadowed pixels from the orthomosaics (RGB, RE, NIR, TIR, and NDVI). As
a result, each flight produced two sets of imagery: the original imagery datasets (OR) and one with shadow
filtering (SF) applied.

NDVI maps were analyzed using a supervised classification approach based on a support vector machine
(SVM) classifier (Esri. ArcGIS Pro Tool. Spatial Analyst—Support Vector Machine) to identify thresholds
for canopy, interrow, and bare soil cover and enabled canopy delineation on the orthomosaics, achieving
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approximately 94% accuracy in previous studies (Aboutalebi et al., 2019; Dennison et al., 2019; L. Gao et
al., 2020).

TSEB-PT inputs were derived through a data aggregation process at 6.5 m resolution to account for spatial
heterogeneity and tree density (Nassar et al., 2020). This scale matches the average row spacing in almond
orchards and effectively represents sUAS-derived data at the tree scale (Bellvert et al., 2018; Nieto et al.,
2019; Volk et al., 2023).

Based on the canopy-delineated NDVI maps, FC was estimated as the ratio of the delineated canopy area to
the aggregated pixel resolution (Aboutalebi et al., 2019; Dennison et al., 2019; L. Gao et al., 2020).
Dividing FC by the aggregated pixel size yielded a representative canopy width (W) per tree (Aboutalebi et
al., 2019; L. Gao et al., 2020; Nassar et al., 2020). Hye. was calculated as the 95" percentile value—
representing treetops—from the canopy-delineated NDVI and DSM maps (Aboutalebi et al., 2019; L. Gao
et al., 2020; Nassar et al., 2020), enabling the derivation of W/Hee maps. LST maps were generated by
averaging values from TIR-calibrated images at the aggregated resolution. TIR calibration (IRT calibration
equation in Appendix B) was based on in-field IRT measurements from three reference surfaces (white,
black, and ground) (Aboutalebi et al., 2019; L. Gao et al., 2020; Nassar et al., 2020).

Previous research has indicated that canopy geometry features should be integrated into the analysis of LAI
for tree crops (Comba et al., 2020; Parry et al., 2019; Quintanilla-Albornoz et al., 2024). Moreover, existing
empirical LAI models in almonds orchards based on vegetation indices exist (Zarate-Valdez et al., 2012).
However, these were formulated using satellite multispectral sensors, which often do not correlate with the
bands from commercial multispectral cameras for sUAS, failing to accurately predict LAI (Section 3.2).
Therefore, for LAI map generation, an empirical equation was developed using aggregated sUAS data from
non-thermal orthomosaics (RGB, RE, NIR, NDVI), FC maps, and a machine learning algorithm in Eureqa
software (Nutonian Inc.). Eureqa has been used in prior studies to derive mathematical models for LAI
estimation across various crops (R. Gao et al., 2022; Tunca et al., 2022; J. Wu et al., 2023). The LAI
equation was calibrated using indirect measurements from LAI-2200C plant canopy analyzers, collected
using a transect method as described by White et al. (2019). Lastly, TSEB-PT inputs were generated for
each imagery set (OR and SF), except LAI maps, which were generated per flight day with OR datasets at
SN time (R. Gao et al., 2022; Quintanilla-Albornoz et al., 2024).

Differences between the two inputs with and without shadows were assessed using the coefficient of
determination (R?), root mean square error (RMSE), mean absolute error (MAE), mean absolute percentage
error (MAPE), and p-value. A one-way ANOVA was also conducted to evaluate the effects of site (OLA,
VAC, WWF) and time of day (AM, SN, PM) on ALST (ALST = LSTor — LSTsr) and shadow cover (m? m-

2).

2.3 TSEB-PT modeling and flux EC tower footprint method

The Priestley-Taylor formulation of the Two-Source Energy Balance (TSEB-PT) model was implemented
in Python within a Jupyter environment, as applied in previous studies across various crops (R. Gao et al.,
2023; Kustas et al, 2019; Meza et al, 2023), with a permanent Github repository at
https://github.com/hectornieto/pyTSEB. The model integrated TSEB inputs derived from sUAS imagery
and ancillary flight-time data, including location, time, weather conditions, and solar radiation. Energy
balance component maps—Rn, H, LE and G—were generated for each sUAS dataset under both treatments
(OR and SF).
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Instantaneous two-dimensional footprint modeling developed by Kljun et al. (2015) was applied to estimate
the upwind surface areas contributing to fluxes measured by the eddy covariance (EC) tower (Melton et al.,
2022; Sanchez et al., 2021; Volk et al., 2023). Measurements and methodology for footprint modeling
followed recommendations by Bambach et al. (2022), which included air temperature, humidity,
atmospheric pressure, wind speed, and direction, standard deviation of vertical wind speed, friction velocity
(u"), and Monin-Obukhov length, derived from hourly EC tower data, along with surface roughness.

Energy imbalance in the EC measurements was addressed using Bowen ratio closure to reconcile Equation
Equation 1Equation 1Equation 1 (Aboutalebi et al., 2019; Niu et al., 2020; Ortega-Farias et al., 2016;
Twine et al., 2000) prior to comparison with TSEB-PT outputs.

Rn—G#LE+H Equation 1

Available energy (A) is defined in Equation Equation 2. Based on this, the Bowen ratio is then calculated
as shown in Equation 3 and is used to adjust latent and sensible heat fluxes (Equations 4 and 5).

A=Rn—-G Equation 2
H Equation 3
= — uation
=1z q
A .
LE orrectea = 1+8 Equation 4
BA

Heorrectea = m Equation 5

Model performance for LE was evaluated based on the R%, RMSD, MAE, and MAPE, statistical
parameters.

3 Results and Discussion

3.1 Shadow filtering influence in TSEB inputs

TSEB-PT input maps (FC, Hiee, W/Hgee, LST) were generated for all datasets and evaluated by time of day
(AM, SN, PM) as shown in Figure 4, including performance metrics (R?, RMSE, MAE). Fractional cover
(FC; Figure 4al, Figure 4a2), derived from NDVI-based canopy delineation, showed notable reductions
when shadows were filtered. In the afternoon imagery (PM datasets), FC decreased by 10-60% for initial
values ranging from 0.40 to near full coverage. In the AM and SN datasets, reductions were smaller but still
significant (10-20%) for FC values between 0.40 and 0.80. Canopy height (Hie; Figure 4bl1, Figure 4b2)
showed no variation across treatments and times of day. The use of the 95™ percentile mitigates shadow
effects, as it primarily reflects canopy tops where shadows are least prevalent (Aboutalebi et al., 2019;
Bellvert et al., 2021; Guimaraes et al., 2023).

The width-to-height ratio (W/Huee; Figure 4cl, Figure 4c2), derived from FC and Hi.., was affected by
shadow filtering due to its dependence on NDVI-based delineation. Reductions were more pronounced in
the AM and PM datasets. Mature trees typically exhibit W/H .. ratios between 0.80 and 1.20 (Drechsler et

10
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al., 2022; Pope et al., 2016); within this range, shadow-filtered (SF) estimates dropped by up to 50%
compared to original (OR) estimates.

LST estimations (Figure 4d1, Figure 4d2) increased with shadow filtering, driven by the removal of cooler
pixels from shaded leaves and soil. The largest increases occurred in SN datasets, with temperature
differences up to 5°C. (Aboutalebi et al., 2022) described this thermal mixture effect, where coarse or
heterogeneous pixels blend thermal information from soil, vegetation, and shaded components. This
highlights the significant role of shadow occurrence in LST aggregation, particularly in areas with
moderate FC (0.40-0.80). Moreover, as (Lu et al., 2022) demonstrated, shaded pixels can mislead land
cover classification and result in substantial discrepancies in LST estimates—up to 88% more accurate
when shaded regions are included—particularly during morning and afternoon hours when sunlit—shaded
contrasts are greatest.

Changes in FC were evaluated in relation to shadow cover (m? m%; Figure 5a) and ALST (ALST = LSTor —
LSTsk, °C; Figure 5b) across sites. At all sites and times of day, shadow cover increased with FC up to
0.50, after which both open areas and shadow occurrence in SUAS imagery decreased. Similarly, in the FC
range of 0.20-0.50, ALST became increasingly negative, indicating warmer LSTsr compared to LSTog,
especially during SN and PM. These dynamics reflect the dependency of FC and LST accuracy on tree
geometry (e.g., canopy height, width-height ratio, LAI) and its delineation, where shaded pixels—
particularly under dense or mature canopy—can be cooler than sunlit leaves (Lu et al., 2022).

Additionally, a one-way ANOVA was performed on shadow cover and ALST to assess differences by time
of day (Figure 6, top) and site (Figure 6, bottom). The VAC site showed the highest average shadow cover
across all times, along with the highest ALST, likely due to its diagonal row orientation. In all cases, Fcal
>F.it, indicating statistically significant differences among times of day and sites.
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Figure 4. Comparison between OR and SF treatments, per-time of day (mid-morning, AM; solar noon, SN; mid-
afternoon, PM), using sUAS-based estimations for (al, a2) fractional cover (FC, m? m?), (b1, b2) canopy height (Hirce,
m), (cl, ¢2) width-to-height ratio (W/Hiree, m m™!), and (d1, d2) land surface temperature (LST, °C) across all datasets
with statistics (R2, RMSE, MAE).
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and WWF (a3, b3)—with time of day differentiated.

B AM-Avg @8 SN-Avg EEE PM- Avg
B AM - Var EE=3 SN - Var EmA PM - Var

0.0 0.1 0.2 0:3 0.4 0.5 0.6
Shadow cover (m2/m2)

WWF -
VAC
OLA
4 0 1 2 3
ALST (°C)

Figure 6. Bar plots showing the average (solid bars) and variance (dashed bars) of (bottom) ALST (°C) and (top)
shadow cover (m? m2), based on one-way ANOVA analysis per site and time of day.

3.2 LAI modeling for sUAS data

An LAI empirical model (Equation 6) was developed based on integrating physical tree characteristics as
predictors (Comba et al., 2020; Parry et al., 2019) through the Eureqa algorithm model, with R? = 0.68, and
validation by indirect measurements from LAI-2200C plant canopy analyzers. Original treatment (OR)
imagery datasets from AM and SN were employed for canopy delineation to ensure the minimal bias
induced by shadows into the reflectance bands data aggregation (R. Gao et al., 2022; Quintanilla-Albornoz
et al., 2024).
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Existing empirical LAI models based on satellite information tended to overestimate LAI values (Figure 7,
left). This discrepancy may be attributed to the calibration protocol and sampling methodology, which did
not account for the transect-interrow effect in final data aggregation (Zarate-Valdez et al., 2012), thereby
leading to discrepancies between modeled and observed LAI values.

For the evaluated dataset, which included measurements from both young and mature trees, expected LAI
values in fully covered canopies of commercial almond orchards range from 2 to 3.5 m?> m* (Figure 7,
right).

Additionally, uncertainties in canopy structure, and different almond varieties used for model calibration
could further influence LAI estimation. The pseudo-code for the implementation of this equation from
sUAS information is presented in Appendix C.
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Figure 7. Comparison between (left) previously published LAI models based on vegetation indices and (right) the
proposed empirical model (Equation 6), developed using sUAS-based information and validated with LAI-2200C plant
canopy analyzer measurements. Relevant statistical metrics are presented.

3.3 Impact of TSEB-derived LE due to shadow filtering

LE estimates from the two treatments (OR and SF) were compared by time of day (Figure 8a). Results
show a clear influence of shadow removal, particularly at SN and, in some cases, PM, where LE estimates
significantly decreased. Correlation between treatments (Figure 8d) was strongest at AM and SN (R? =
0.91), while RMSE ranged from 67 to 143 W m2 and MAE from 38 to 123 m™ across all datasets.

By site (Figure 8b), WWF showed stronger agreement between treatments, whereas OLA and VAC
exhibited more pronounced LE reductions after shadow filtering.

Figure 8c illustrates LE estimates colored by FC, revealing that lower FC (below 0.4) was associated with
larger LE drops under shadow filtering—primarily in younger orchards. OLA and VAC sites contained
younger trees with low FC, while WWF had mostly mature trees with high FC (above 0.8), leading to
better agreement.

13



351

352
353
354

355
356
357
358
359
360
361
362

363
364
365

800 p 800 -

Time of Day Location
- AM $ = OLA
- SN - WWF
- M = VAC

w{ () wry (D)

LE ORIGINAL (W/m?)
LE ORIGINAL (W/m?)
8
=1
)

2001

- l. — T T 1 T T 1
0 200 400 600 800 0 200 400 600 800

LE SHADOW-FILTERING (W/m?) LE SHADOW-FILTERING (W/m?)

Time of Day

m— AM  mmm SN ==m PM

600 10 143.0

=
=3
S

LE ORIGINAL (W/m?)
8
o
1
8
RMSD / MAE (W/m?)

5 8

2004 -0

RMSD (W/m2) MAE (W/m2)

0.0 02 04 0.6
FC

T T T 1
0 200 400 600 800
LE SHADOW-FILTERING (W/m?)
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3.4 Validation of TSEB computed LE using estimated flux footprint method

LE validation from TSEB-PT was performed using the footprint approach and EC tower measurements,
with Bowen ratio closure correction (Equations 4 and 5) (Kustas et al., 2019; Nieto et al., 2019; Sanchez et
al., 2021; Twine et al., 2000; Vulova et al., 2021), at each site. This approach preserves the physically
grounded partitioning of sensible and latent heat, enabling consistent comparison between sUAS-based
TSEB fluxes and EC data. Weighted footprints were estimated using the (Kljun et al., 2015) model,
following the recommendations of (Bambach et al., 2022). Figure 9 shows the pink footprint contours over
some of the instantaneous LE maps from the OR dataset.

LE estimates from both OR and SF inputs were compared to corrected EC tower data (Figure 10a).
Statistical analysis showed better performance for OR across all energy balance components, with lower p-
values, higher R?, and lower RMSD, MAE, and MAPE. However, only net radiation (Rn) showed a

14



366
367
368

369
370
371
372
373

374

375
376
377

significant correlation with EC data. Sensible heat flux (H), latent heat flux (LE), and ground heat flux (G)
showed weak correlations. This is partly the result of the fluxes having small range in values. The large
MAPE in H is due to the fact that the magnitude of H was generally small.

In the case of G, underestimation may be attributed to the limited observed range and the TSEB-PT
formulation, which estimates G as a fraction of net radiation (Norman et al., 1995) which the fraction is
likely to vary with time of day (Nieto et al., 2019). For H and LE, high dispersion may reflect limitations of
the current formulation using Priestley-Taylor for canopy transpiration, which can be enhanced by
alternative TSEB methods (Nieto et al., 2019).
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Figure 9. Samples of seven different latent heat flux (LE) maps (in W m) across the three sites at solar noon. The date
is indicated for each map, and the hourly weighted footprint estimated for each eddy covariance (EC) tower position is
included (pink line).
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Figure 10. Validation of eddy covariance flux measurements (Rn, H, LE, G) using footprint technique and Bowen ratio
energy balance closure correction for (a) TSEB-PT estimations. Statistical metrics (R2, p-value, RMSD, MAE, MAPE),
per energy balance component, are presented for (b) original (OR) and (c) shadow-filtering (SF) treatments.

4 Conclusions

Canopy-induced shadows introduced bias in the estimation of land surface properties by affecting canopy
delineation and altering shortwave reflectance due to changes in surface albedo. Consequently, canopy
geometry features such as fractional cover (FC), width-to-height ratio (W/Hge.), and leaf area index (LAI),
derived from sUAS-based imagery, are significantly impacted by shadow filtering. To minimize these
effects, canopy geometry should be estimated using imagery acquired near solar noon, when shadow
occurrence is minimal.

A sUAS-based LAI model (R? = 0.68), developed using low-shadow imagery and based on FC and NDVI,
improved estimation accuracy. LAI values ranged from 1.5 to 3.7 m* m™, underscoring the importance of
incorporating canopy structure in orchard-specific models.

Shadow filtering in TSEB-PT inputs significantly affected latent heat flux (LE) estimates, particularly for
orchards with FC between 0.40 and 0.80, typical of young to early-mature trees. While filtering enables the
separation of sunlit and shaded components—each with distinct energy balances—both contribute to the
composite flux. Thus, shadow presence influences LST by aggregating cooling effects across the orchard
and should be preserved in energy balance modeling.

LST can be estimated throughout the daylight period for instantaneous ETa modeling, and shaded pixels
should not be excluded, as TSEB-PT LE estimates aligned more closely with EC observations when
shadows were retained. To support accurate canopy delineation for other TSEB inputs, LST should be
combined with shortwave data acquired during minimal shadowing—preferably at solar noon. For flux
modeling across different times of day, the TSEB-2TQ approach (R. Gao et al., 2023) provides a robust
framework for correcting temperature inputs.

Few studies have assessed the impact of excluding shaded pixels at different times of day on TSEB inputs
in tree crops. Evaluating this under the TSEB-PT approach helps establish a baseline for how shadow
exclusion affects basic inputs and model performance, which enhances under more advance formulations
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(R. Gao et al., 2023; Nieto et al., 2019). Additionally, other technologies such as LIDAR can help mitigate
shadow-related limitations in sUAS imagery by providing accurate geometric inputs for TSEB.

This study advances the application of TSEB with sUAS for ETa estimation by improving the
understanding of data behavior, thereby supporting further research on E/T partitioning and water stress in
almond orchards. Continued integration of the methodologies proposed here will facilitate more complex
analyses, including evaluation of TSEB performance under varying climatic conditions, particularly during
hot, dry air advection.
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725 Appendix A sUAS Flights

726 Table 1 sUAS flights executed during IOPs in 2021 and 2022 by AggieAir, with multispectral and thermal imagery information.

Day Date Local Time Location Payload Bands Resolution (cm)
1 07/29/2021 15:10 OLA AggieAir sensor RGB, NIR, TIR 9.2/TIR 58.1
2 08/05/2021 11:30/13:05/15:30 OLA AggieAir sensor RGB, NIR, TIR 9.1/ TIR 55.8
3 07/07/2022 11:24/12:49/15:12 OLA MS Altum PT RGB, RedEdge, NIR, TIR 22.0/TIR 22.0
4 07/08/2022 11:19/12:52 / 15:14 OLA MS Altum PT RGB, RedEdge, NIR, TIR 22.2/TIR22.2
5 07/10/2022 11:37/12:50 / 15:15 WWF MS Altum PT RGB, RedEdge, NIR, TIR 53/TIR5.3
6 07/14/2022 11:35/12:49 /15:21 WWF MS Altum PT RGB, RedEdge, NIR, TIR 53/TIR5.3
7 09/08/2022 11:29/12:44 / 15:14 VAC MS Altum PT RGB, RedEdge, NIR, TIR 5.5/TIR 5.5
8 09/09/2022 11:29/12:44 /15:14 WWF MS Altum PT RGB, RedEdge, NIR, TIR 5.5/TIR 5.5

727 MicaSense (now: AgEagle Aerial Systems Inc., https://ageagle.com/)
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728  Appendix B Infrared Thermometer (IRT) Correction Equation
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730 Figure 11. General thermal correction equation with IRTs measurements (observed values) for different thermal

731 cameras, measurements done throughout 2021-2022 IOPs, at the three different sites (OLA, WWF, and VAC).
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732 Appendix C Proposed LAI Model Pseudo-Code

Algorithm 1: LAI Estimation from sUAS Imagery

Input: Multispectral sUAS imagery (Red and NIR bands); canopy-NDVI pixel thresholds
Output: Leaf Area Index (LAI) map

Step 1: Preprocessing

Georeference and orthorectify the imagery.
Apply radiometric corrections to the raw SUAS imagery.

Step 2: NDVI Calculation
For each pixel, compute NDVI as:
NDVI = (NIR - Red) / (NIR + Red)
Step 3: Canopy Masking
Generate a binary canopy mask using an NDVI threshold.
Step 4: NDVI Aggregation at Tree Scale
For each grid cell (6.5 m):

- Apply the NDVI mask to extract canopy NDVI values
- Assign a value of zero to non-canopy areas
- Compute the average NDVI within each grid cell

Step 5: FC Calculation
For each grid cell (6.5 m):
Calculate the canopy fractional cover (FC) based on the NDVI mask.
Step 6: LAI Estimation
For each grid cell:

Estimate LAI using the empirical model:
LAI=(NDVI+b)/(FC+c¢)
Where b and ¢ are empirically determined constants.

Step 7: Output

Export the resulting LAI map as a raster file.
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