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Abstract: Green urban areas are increasingly affected by water scarcity and climate change. The
combination of warmer temperatures and increasing drought poses substantial challenges for water
management of urban landscapes in the western U.S. A key component for water management, actual
evapotranspiration (ETa) for landscape trees and turfgrass in arid regions is poorly documented as most
rigorous evapotranspiration (ET) studies have focused on natural or agricultural areas. ET is a complex and
non-linear process, and especially difficult to measure and estimate in urban landscapes due to the large
spatial variability in land cover/land use and relatively small areas occupied by turfgrass in urban areas.
Therefore, to understand water consumption processes in these landscapes, efforts using standard
measurement techniques, such as the eddy covariance (EC) method as well as ET remote sensing-based
modeling are necessary. While previous studies have evaluated the performance of the remote sensing-based
two-source energy balance (TSEB) in natural and agricultural landscapes, the validation of this model in
urban turfgrass remains unknown. In this study, EC flux measurements and hourly flux footprint models
were used to validate the energy fluxes from the TSEB model in green urban areas at golf course near Roy,
Utah, USA. High-spatial resolution multispectral and thermal imagery data at 5.4 cm were acquired from
small Unmanned Aircraft Systems (SUAS) to model hourly ETa. A protocol to measure and estimate leaf
area index (LAI) in turfgrass was developed using an empirical relationship between spectral vegetation
indices (SVI) and observed LAI, which was used as an input variable within the TSEB model. Additionally,

factors such as sUAS flight time, shadows, and thermal band calibration were assessed for the creation of



TSEB model inputs. The TSEB model was executed for five datasets collected in 2021 and 2022, and its
performance was compared against EC measurements. For actual ET to be useful for irrigation scheduling,
an extrapolation technique based on incident solar radiation was used to compute daily ETa from the hourly
remotely-sensed UAS ET. A daily flux footprint and measured ETa were used to validate the daily
extrapolation technique. Results showed that the average of corrected daily ETa values in summer ranged
from about 4.6 mm to 5.9 mm in 2021 and 2022. The Near Infrared (NIR) and Red Edge-based SVI derived
from sUAS imagery were strongly related to LAl in turfgrass, with the highest coefficient of determination
(R?) (0.76-0.84) and the lowest root mean square error (RMSE) (0.5-0.6). The TSEB’s latent and sensible
heat flux retrievals were accurate with an RMSE 50 W m~and 35 W mrespectively compared to EC closed
energy balance. The expected RMSE of the upscaled TSEB daily ET estimates across the turfgrass is below
0.6 mm day!, thus yielding an error of 10% of the daily total. This study highlights the ability of the TSEB
model using SUAS imagery to estimate the spatial variation of daily actual ET for an urban turfgrass surface,

which is useful for landscape irrigation management under drought conditions.

Keywords: Evapotranspiration, Eddy Covariance method, TSEB model, Unmanned Aircraft Systems, Leaf
Area Index, Turfgrass

1 Introduction

Urban green surfaces are a significant part of urban landscapes, especially in arid regions. Many of these
are turfgrass-covered and include golf courses, parks, athletic fields, home lawns, and other urban green
spaces. These landscapes provide benefits to society by contributing environmental and human health
attributes (Maas et al. 2009; Braun et al. 2022a). However, urban turfgrass is negatively affected by
increasing water scarcity caused by human demands and limited water supplies (Finley and Basu 2020;
Braun et al. 2022b) and landscape water requirements can account for 40 - 75% of total municipal water use
(Maupin et al. 2022). An 18-hole golf course, for example, has a median water use estimated at 11798 m?
ha! per year or nearly 4 acre-feet which translates to approximately 1.3 million gallos per acre in the arid
and warm Southwest United States (Gelernter et al. 2015). Evapotranspiration from lawns, trees, ornamental
shrubs, and other plants is the primary water use in urban landscapes (Wynne and Devitt 2020). According
to Braun et al. (2022a) the estimated cool-season turfgrass ET that is well-watered ranges from 5.35 to 7.79
mm day!. However, credible values for actual ET of cool-season turfgrass in arid regions are poorly
documented as most studies use only crop coefficients for cool-season turfgrass and reference
evapotranspiration (ETo) for the estimation of irrigation requirements. ETa is a complex and non-linear
process that is difficult to measure and estimate in urban landscapes due to large spatial variability in land
cover/land use (Saher et al. 2021), especially when drought conditions force managers to reduce or
completely avoid irrigation in certain areas. Therefore, accurate spatial estimates of ETa in urban turfgrass

are required for the management and planning of urban water resources (Litvak and Pataki 2016).



The most credible direct measurement of ETa is provided by the eddy covariance (EC) method (Nagler et
al. 2005; Cuxart and Boone 2020). However, EC flux measurements may be inappropriate in some situations
due to spatiotemporal limitations, system instrumentation, and data processing performed (Pastorello et al.
2020). Moreover, due to cost and logistical constraints, EC measurements cannot sample all land cover
conditions. Therefore, to address the challenge of measuring ET and its spatial distribution, ET models are
essential (Niu et al. 2020; Garcia-Santos et al. 2022). Historically, simple models based on the Penman-
Monteith equations failed to adequately consider soil-plant-atmosphere interactions, and physiological
responses to environmental conditions above the canopy, as well as coupling between the surface and
atmospheric conditions when the crop is not at optimal or expected conditions. On the other hand, surface
energy balance (SEB) models have been developed in the past several decades to estimate spatial ET. One
model that has been implemented and validated over multiple vegetation surfaces is the two-source energy
balance (TSEB) model, which partitions the energy fluxes between canopy and soil/substrate by
parameterization based on biophysical processes (Norman et al. 1995). Previous research has demonstrated
the reliability of the TSEB model using sUAS information for estimating instantaneous evapotranspiration
for vineyards (Nieto et al. 2019; Gao et al. 2022, 2023; Aboutalebi et al. 2022) and tree-grass ecosystems
(Burchard-Levine et al. 2021; Simpson et al. 2022). However, no comparative evaluation and validation of

the TSEB model exist for high-resolution imagery at local scales in green urban spaces (Saher et al. 2021).

Advanced techniques in aerial remote sensing platforms such as small unmanned aircraft systems (sUAS)
equipped with thermal and multispectral sensors collect data at higher spatial and temporal resolution than
satellites and are better able to address spatial heterogeneity of a complex landscape (Burchard-Levine et al.
2021; Nassar et al. 2022). The sUAS has been widely used in agricultural applications (Hassler and Baysal-
Gurel 2019; Katz et al. 2022; Tang et al. 2022; Kumar Yadav et al. 2023), but less effort has been directed
toward for turfgrass research. Multispectral imagery has been applied to derive spectral vegetation indices
(SVID) and for use in turfgrass research to detect water stress (Badzmierowski et al. 2019), to evaluate the
response to deficit irrigation (Marin et al. 2020), to estimate green cover percentage (Wilber et al. 2022;
Wang et al. 2022), and to evaluate turfgrass quality (Zhang et al. 2019). Thermal imagery has been applied
to estimate land surface temperature to detect early drought stress in turfgrass (Hong et al. 2019). In addition,
sUAS thermal information and an ET model (i.e. 3T) have been used to estimate urban ET (Feng et al. 2022;
Qin et al. 2022) but they did not validate the ET estimates with micrometeorological methods such as EC.
The sUAS provides significant potential for monitoring and scheduling turfgrass irrigation (Mauri et al.

2022; Carlson et al. 2022), being necessary for a reliable, accurate estimation of ET.

The leaf area index (LAI) is a key biophysical input to the TSEB model for flux partitioning (Kustas et al.
2019; Burchard-Levine et al. 2020; Gao et al. 2022; Feng et al. 2023); and urban green surfaces are mostly
covered by trees and turfgrass. Methods for ground-based LAI can be classified as direct or indirect. Direct
methods are considered to be the most accurate but are time-consuming and labor-intensive. However, a
direct method is needed for the validation of indirect methods (Weiss et al. 2004; Yan et al. 2019). The
direct method consists of manually and destructively sampling leaves and measuring their areas with

scanning techniques using instruments such as the LI-3000C Portable Leaf Area Meter (LI-COR, Lincoln,
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NE, USA), LI-3100C Area Meter (LI-COR, Lincoln, NE, USA), CI-202 Portable Laser Leaf Area Meter
(CID Bio-Science, Camas, WA, USA). Indirect methods are generally faster and allow for a larger spatial
sample to be obtained. One indirect method is the optical approach (LAI-2200C (LI-COR, Lincoln, NE,
USA) ) which is based on measuring the angular distribution of light transmission through canopies (Weiss
et al. 2004; Yan et al. 2019). On the other hand, for urban turfgrass, there is a lack of instrumentation to
measure and model ground-based LAI because of the short leaf length and narrow blade width. For example,
in Kentucky bluegrass, the leaf heights range from 2.54 — 5.08 cm, and blade width ranges from 2-4 mm
and the traditional methodology noted above is not applicable. Hence, there is a need for a protocol for
estimating LAI of urban turfgrass for use as an input for the SEB model. Studies have developed a model
to predict LAI in maize, peanut, wheat, and vineyards, where empirical methods were used to establish a
statistical relationship between ground-based LAI and SVI (Zhu et al. 2018; Qi et al. 2020; Sarkar et al.
2021; Gao et al. 2022; Verma et al. 2022; Du et al. 2022; Wu et al. 2022), but no one has demonstrated the
potential of UAS and SVI to predict and generate a LAI model for urban turfgrass. In contrast, a
methodology has been developed to estimate LAl for individual trees using non-destructive optical
instruments (Burchard-Levine et al. 2020). The LAI of individual trees is most often studied for isolated
trees in urban settings, and is defined as the ratio of the total leaf area and crown projection area (Parker
2020).

Currently, quantifying water use from turfgrass under both watered and water-stressed periods requires two
components. The first component is the best possible measurement of ETa. The second component is the
validation of remote sensing-based model estimates of ET. Because of high spatial resolution UAS-based
thermal and multispectral imagery, TSEB can be employed to model ET over green urban environments.
To accomplish this, the main goal of this study was to evaluate the performance of the TSEB model
employing UAS information for the estimation of ETa over irrigated turfgrass and then validate these

estimates with EC measurements at a golf course near Roy, Utah, USA.

More specifically, the following questions were addressed:

(a) What are the daily ETa values for irrigated turfgrass over the summer irrigation season?

(b) How can LAI be quantified across a composite landscape of turfgrass and isolated trees?

(c) What is the accuracy of hourly and daily TSEB estimates of ET compared to EC measurements?
2 Materials and Methods

2.1 Study Area

The study was conducted at the Eagle Lake Golf Course in Roy, Utah, USA (41.15584 °N,112.050044 °W).
The golf course consists of a driving range surrounded by fairways, greens, and sand traps, with low-density
deciduous trees and various coniferous species. Buildings, a large parking lot, a miniature-golf course, and
a municipal pool line the northern edge of the golf course (Fig.1). The driving range is planted with a mixture

of Kentucky bluegrass (Poa pratensis L.) and perennial ryegrass (Lolium perenne L.) and is kept at a height
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of approximately 0.04 m. Figure 1a provides an aerial view of the golf course and the surrounding area,
along with a marker indicating where the EC tower was located. The golf course was automatically irrigated,
usually between the hours of 0000 and 0600 Mountain Standard Time (MST), but sometimes during the day
also as determined by the superintendent using the ETo value calculated by the onsite weather station

multiplied by a crop coefficient.

Eddy Covarance ,
Flux Yower

Fig 1. a) Map of Eagle Lake Golf Course and surrounding area, with the eddy covariance flux tower marked with a red circle, b)
eddy covariance flux tower, and c) surface energy balance system.

2.2  Methodology

In this study, ET was modeled using the TSEB model with the Priestley Taylor (TSEB — PT) optim for the
vegetation composited; and validated using EC measurements for a golf course in Roy, Utah, USA. A
protocol to estimate destructive LAI in urban turfgrass areas was developed and ground LAI measurements
were used to evaluate the empirical estimation of LAI using SVIs from high-resolution multispectral
imagery. A schematic diagram illustrating the flow of data collection and processing, creation of inputs for
the TSEB-PT model, and modeling and validation of the TSEB-PT model is shown in Fig. 2.
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Fig 2. Flowchart illustrating the process of the study for assessing factors that affect the estimation of evapotranspiration (ET) in
open green urban areas using high-resolution images captured by sUAS.
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2.2.1 Data
e Eddy-covariance and weather measurements

The EC and energy flux tower was installed to collect flux measurements from July to October 2021 and
April to October 2022, with prevailing winds at the site from the south-southwest during the growing season.
Latent heat and sensible heat flux were measured at 2.6 m and 2.0 m above the ground in 2021 and 2022
respectively with an open-path infrared gas analyzer (LI-7500A, LI-COR Biosciences, Lincoln, NE, USA)
and sonic anemometer (CSAT-3, Campbell Scientific, Logan, UT, USA). The CSAT-3 orientation was
214°. Sensor measurements were taken at a sampling rate of 20 Hz; and were stored in a high-performance
CR 3000 datalogger (Campbell Scientific, Logan, UT, USA). Soil heat flux was determined using two soil
heat flux plates (HFT-3.1; REBS, Seattle, WA, USA) at a depth of 0.06 m, four soil temperature sensors
(Campbell Scientific, Logan, UT, USA) at depths from 0.015 to 0.06 m, and two soil moisture sensors (TDR
-310H, Acclima, Inc., Meridian, ID) at depths of 0.04 and 0.1 m. Net radiation was measured using a four-
component radiometer (SN-500-SS, Apogee Instruments, Logan, UT, USA) mounted 1.2 m above the
6



surface in close proximity to the EC tower. Soil heat flux and net radiation measurements were averaged
over 15 min periods and stored in a CR1000 datalogger (Campbell Scientific, Logan, UT, USA).
Meteorological sensors were also placed at the EC tower. Air temperature, air humidity, wind speed,
precipitation, and incoming solar radiation were measured and stored every 15 min to the CR1000
datalogger, which is part of the Utah State Climate Center network of weather stations

(https://climate.usu.edu).

e Collection, processing, and calibration of remote sensing imagery

A rotary wing UAS DJI Matrice 600 Pro (DJI Technology Inc., Shenzhen, China) carrying an Altum camera
(AgEagle Sensor Systems, Wichita, KS, USA) was used to collect imagery data. The camera has five high-
resolution multispectral bands (blue, green, red, red edge, and near infrared) and an integrated long-wave
thermal infrared (TIR) sensor (based on the FLIR Lepton) which was aligned with the multispectral sensors.
Five flights were arranged via the AggieAir sUAS platform (https://uwrl.usu.edu/aggie air/) to acquire
spectral and thermal information considering weather conditions and the Federal Aviation Administration
(FAA) regulations for urban study locations. In Table 1, overpass time (MDT), sUAS altitude, multispectral

and thermal pixel resolution, and weather conditions are listed for the overpass dates.

Table 1. Dates, times, flight height, spatial resolution, and weather to capture images with UAS

Date Time (MDT) UAS Elevation (m) UAS Spatial Weather
Launch Landing AGL resolution (cm)
3-Sep-21 13:18 p.m 13:40 p.m 120 54 Sunny
21-Oct-21 12:59 p.m 13:21 p.m 120 54 Sunny
18-May-22 13:09 p.m 13:31 p.m 120 54 Sunny
20-Jul-22 14:15 p.m 14:40 p.m 120 54 Sunny
19-Sep-22 13:01 p.m 13:32 p.m 46 2.0 Sunny

For calibration of multispectral bands, images of the Altum calibration panel were taken before and after
each flight from a height of approximately 0.5 m, with the panel clear of shadows. For each flight, an
atmospheric correction of thermal data was computed to account for the effects of local weather and flight
height conditions (Torres-Rua 2017). For calibration of the thermal band, an image of the blackbody
temperature sensor (Fig. 3b) was taken and three infrared radiometers (Apogee Instruments, inc, Logan, UT,
USA) were mounted on a tripod approximately 2 m above the ground and aimed at the center of a 3 x 3 m?
reflectance panel (Fig. 3a). Nine AeroPoint ground control points (GCP) (Propeller Aero, Sydney, NSW,
Australia) were placed for georeferencing each flight. Altum images were processed in Agisoft Metashape
Professional v1.4.5 (Agisoft LLC, St. Petersburg, Russia) to create the point cloud data, digital elevation

model, and orthomosaic.


https://climate.usu.edu/

Fig 3. a) Reflectance panels and three infrared radiometers for thermal band calibration and b) Altum camera calibration using
reflectance panel and blackbody temperature sensor before the flight.

e Leaf area index in turfgrass and trees

A protocol was developed to estimate LAI in turfgrass. The LAI for Kentucky bluegrass was measured
using a destructive sampling method. Turfgrass samples were collected on four dates (October 21, 2021,
May 18, July 20, and September 19, 2022). For each date, green leaf samples were cut incorporating the
low, medium, and high turfgrass qualities (color, uniformity, leaf texture, and density), which allowed a
wide range of LAI value samples (Fig. 15 in Appendix). An AeroPoint GCP (Propeller Aero, Sydney, NSW,
Australia) was placed to get reference coordinates for the samples across the golf course. Four samples per
area of 3 x 3 m? were collected around the AeroPoint GCP, and a total of 216 green leaf samples were
collected. To get consistent samples, a circular turfgrass sampler with an area 78.54 cm? was used to collect
the green leaf samples (Fig. 16 in Appendix). The green leaf samples were cut from the plant and collected
in labeled plastic bags which were placed in a cooled container until samples were processed in the
laboratory. The green leaves were scanned at 300 dpi in an Epson Perfection V39 color scanner (Epson
American Inc., Long Beach, CA, USA). Scan area was defined as 8.5 X 11.7 in?. Leaf area was calculated
from the scanned images using the unsupervised classification algorithm K-means, which is reliable for
estimating the green cover in turfgrass plots (Wang et al., 2022). The mean value of each 3 x 3 m?area was
calculated, which was then used as mean LAI The LAl in turfgrass protocol and the python script developed
to estimate the leaf area is available in the Hydroshare repository (Meza et al. 2023).

The LAI for individual trees was measured with an LAI 2200 C plant canopy analyzer (Li-Cor Biosciences,
Lincoln, NE, USA). Data collection and processing of raw data were completed according to the protocol
developed and tested by the Environmental Remote Sensing and Spectroscopy Laboratory (Speclab
(Burchard-Levine et al. 2021). Tree LAI measurements were collected from 10:00 am to 12:00 pm under
clear sky conditions. The below-tree measurements were performed at two positions within each isolated
tree using the 90° cap as LAI measurements in isolated trees should avoid the solar azimuth angle and its
opposite angle when data is acquired under direct illumination conditions. To avoid the solar azimuth angle
and its opposite angle, a compass was fixed on the optical sensor wand for reading the azimuth angles for
each measurement point. In addition, a wooden ruler measuring 95 cm was attached to the plant canopy
analyzer using a zip tie for standardizing the sensor height below the trees. The above measurements were

taken two times per position at 6 m horizontally from the isolated tree using the 90° cap. A 3D reconstruction
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using an RGB camera on an UAS was conducted to delineate the tree crown and to obtain tree height. Photos
from the RGB camera were used to generate a canopy digital surface model. We acquired an oblique image
set 30° from the nadir. The overlap rate of the SUAS flight course heading and side direction was 80% and
75%, respectively, at a flying height of 60 m. Considering the particularity of the view of oblique
photography, we used an orthogonal flight to obtain oblique photos, which was implemented in two phases
(N-S and E-W). The images were processed in Agisoft Metashape Professional v1.4.5. Once the raw data
of LAI azimuth angles of the tree reading, zenith angles of a solar position, and coordinates of the tree
profile were collected, the dripline LAI for the isolated trees were determined using FV 2200 software (Li-
Cor Biosciences, Lincoln, NE, USA)

2.2.2 Daily actual evapotranspiration for irrigated turfgrass over the summer irrigation
season

e Eddy-covariance data processing and quality control

High-frequency raw data from 2021 and 2022 were processed with a 1 hr. averaging interval using Fortran
program developed by our laboratory. Before calculating the fluxes, low-quality raw data were screened out
based on automatic gain control (AGC) values from the infrared gas analyzer and diagnostic values from
the sonic anemometer (Pahari et al. 2018). A python script was accessed via a Jupyter Notebook for
removing raw data with values of AGC above 70. Abnormal AGC values were due to precipitation times
and accumulation of carbonates caused by secondary water used for irrigation. Elimination of spikes based
on standard deviation (SD) of slidiry windows was applied to raw data water vapor density, sonic
temperature, and wind speed (Uy , U, , U,). Data five times greater than the SD was removed as spikes using
the Fortran program. The latent and sensible heat fluxes were calculated with correcting including wind
coordinate rotation, Webb-Pearman-Leuning corrections for density effects (Webb et al. 1980), and the
frequency response and path length, of the sensors (Massman and Lee 2002). Gap-filling was performed
using the ReddyProc R package (Wutzler et al. 2018).

¢ Energy balance closure of eddy-covariance measurements

The surface energy balance at a surface obeys the following simplified equation:

R,—G —LE—H=0 Eq. 1
Where R, is the net radiation, G is ground heat flux, LE is latent heat flux, and H is sensible heat flux in
Wm™. The hourly flux data of the four terms were filtered considering the values of R,>50 Wm™. Where
values are large enough to check the balance of Eq. 1. These fluxes were used to calculate the ratio of the
sum of turbulent fluxes to the available energy. This ratio is called the energy balance closure (EBC) and

allows us to assess the reliability or quality of measurements of turbulent fluxes.

EBC = H+LE
R

— Eq.2

n

For EC measurements, typical closure ratios can range from 0.7 to 0.9, where higher closure ratios suggest

more consistency of measurements.



Most of the energy balance closure studies reported more assessments at daily, rather than hourly, timesteps
(Wilson et al. 2002; Foken 2008; Stoy et al. 2013). The Bowen-ratio (5) method was used for daytime fluxes,
considering the values of R¢> 0 Wm™. When the closure is forced, the extra flux will be assigned to both
the sensible and latent heat flux.

H
ﬁ =1F Eq.3
_Rn—G
LE = ey Eq. 4

e Daily actual evapotranspiration

The corrected daily ETa (ETp ) was calculated as the sum of daytime eddy covariance ET fluxes (LE . ;)

corrected by EBR partitioned based on a daily mean 3 plus the sum of nighttime eddy covariance ET fluxes

(LEyT) at positive values.

1 LE +LENT
ETD_C =EX% Eq5

Where p,, (kg m?) is the density of water, and A (MJkg™) is the latent heat of vaporization.

2.2.3 Spectral vegetation indices for LAI estimation in turfgrass

Six SVIs were selected based on their characteristics to study LAI. Different SVIs were computed, such as
OSAVI, NDRE, NDVI, MSR, and Ln(RVI), which are known as a predictors of LAI (Qi et al. 2020; Sarkar
etal. 2021; Verma et al. 2022; Du et al. 2022). Additionally, one SVI was generated by the Eureqa software
(Gashaw et al., 2022), which uses symbolic regression to select the best model for the given dataset.
Centered on the point where LAI was measured, regions of interest (ROIs) with a size of 3 x 3 m?> were
clipped from the digital image. The zonal statistics tool from ArcGIS PRO v3.0.2 (ESRI, Redlands, CA,
USA) was used to extract the red, red-edge, and NIR information of turfgrass and compute the SVI from
ROIs. Table 2 shows the selected SVIs and their equations.

Table 2. Spectral vegetation indices selected for estimation of LAI in turfgrass

Spectral Vegetation Index Equation References
Optimized Soil-Adjusted Vegetation 0SAV] = (14+0.16) X (NIR — Red Edge) Rondeaux et al.,1996
Index (OSAVI) B NIR + Red Edge
Normalized Difference Red — Edge NDRE = NIR — Red Edge Gitelson et al., 1994
Index (NDRE) " NIR + Red Edge
Normalized Difference Vegetation NDVI = NIR — Red Rouse et al.,1974
Index (NDVI) " NIR + Red
Modified Red- Edge Simple Ratio NIR 4 Chen et al.,1996
Index (MSR) MsR = RedEdge  ~

NIR
Red Edge +1
Ln - Ratio Vegetation Index NIR First used for this study
Ln(SR) = In(w—————=
n(SR) n(Red Edge))
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Eureqa Index First used for this study

EUR =(1.7X ————)—19
v ( ><RedEdge)

The six SVIs were used as independent variables and LAI ground measurements as dependent variables.
The linear regression method was applied to predict LAI in turfgrass, and the accuracy of the model was
evaluated by the R? and RMSE (Eqgs.6-7).

2 = q — ZizMiZED)”
R-=1 S (M) Eq.6
n —F:)2
RMSE = Zl:l(M—lEl) Eq.7

Where n is the number of records, M; is an observation, E; is the estimated value, and M, is the average
observation.

2.2.4 Two source energy balance and its validation
e Two source energy balance (TSEB) and Priestley Taylor (PT) model

The TSEB model was developed by Norman et al. and Kustas and Norman (1995; 1999). TSEB estimates
latent heat flux as the residual of the surface energy balance. Formulas and more details have been published
in previous research (Xia et al. 2016; Cheng and Kustas 2019; Nieto et al. 2019; Simpson et al. 2021; Gao
et al. 2022; Nassar et al. 2022) for agricultural and natural ecosystems. The TSEB - PT approach was used
to model ET in an wurban ecosystem (Fig4), and an open-source python repository
(https://github.com/hectornieto/pyTSEB (accessed on 2 September 2022)) was used to calculate energy
fluxes. R,, is net radiation, H is sensible heat flux, LE is the latent heat flux and G is the soil heat flux.

Subscripts “S” and “C” represent the soil and canopy components, respectively.

Table 3 contains the main list of inputs and data sources for trees and turfgrass cover. Land surface
temperature (LST), LAI, fractional cover (f.), and green ground cover (f,) raster were aggregated to 3m
resolution. The processing methods are explained in the following sections.

Tac-T
H= pC, -i;:-‘: He + Hy

:
Te = Tac @*
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Fig 4. Schematic representation of the Two-Source Energy Balance (TSEB) Priestley Taylor approach.
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Table 3. LST, biophysical, weather variables, and parameters for the TSEB-PT model.

Variable /parameter Turfgrass Trees
Radiometric composite temperature (K) Land Surface Temperature (LST)
Effective Leaf Area Index (m->m-?2) Empirical LAI model LAI-220CC measurements
Fractional cover (0-1) NDVI > 0.55, fractional cover (fc) =1
Green ground cover (0-1) (NDVI-NDVIuin/ NDVImax-NDVIin)
Average canopy height (m) 0.0345 12
Weather https://climate.usu.edu/
Leaf angle distribution 1 1
Canopy wide-to-height ratio (m/m) 1 1
Resistance parameter b 0.012 0.034
Resistance parameter ¢ (m s™! K-1/3) 0.0025 0.0025
Resistance parameter C' (s"2m'") 90 90
Effective leaf width (m) 0.01 0.05
Bare soil aerodynamic roughness length (m) 0.01 0.01
Priestley — Taylor parameter 1.26 1.26

e Land surface temperature, Leaf area index, Fractional cover, Green ground cover,
and Canopy height

The key TSEB-PT model input data from sUAS information included maps of LST, LAI, f., and f,. The
LST map was created using the thermal band corrected with an environment-able blackbody instrument and
infrared thermometer sensors (IRTs). The LST map contains radiometric surface temperature T4 (0) pixel
values that combine temperatures emitted by vegetation and the soil surface. Turfgrass canopy temperature

(T.) is important for understanding turfgrass physiological responses to the environment (Hong et al. 2019).

The TSEB-PT model requires vegetation biophysical properties such as LAL f., fg,and canopy height
(Table 3). The LAl-turfgrass imagery was estimated using an empirical LAI-SVI relation. LAI-tree
measurements were averaged, and an LAl-tree raster was created with the average LAI. This method for

estimating LAI has been explained in section 2.2.1 above, LAI data collection.

The high spatial resolution of multispectral imagery (Table 1) allows separation of turfgrass and tree
canopies from the impervious areas. Normalized difference vegetation index (NDVI) imagery was used to
estimate vegetation cover (French et al. 2003; Simpson et al. 2021; Nassar et al. 2022) and pixels were
classified into vegetation and vegetation categories by ArcGIS Pro image processing software. Fractional
cover, f., was calculated with NDVI. Pixels with NDVI values greater than 0.55 were assigned f,. equal to
1. f; is relevant for the partitioning of Tg4p(8) into component soil, Tg, and canopy temperature, T.. Green
ground cover, f,, was calculated following the approach of (Gutman and Ignatov 1998), which is based on
minimum and maximum NDVI. f, is the green fraction with active transpiration and photosynthesis; and is

part of the Priestley Taylor formulation.
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e TSEB-PT model parameters

The TSEB-PT model parameters such as leaf angle distribution, canopy wide-to-height ratio, resistance
parameters, effective leaf width, bare soil aerodynamic roughness length, and Priestley — Taylor parameter
are listed in Table 3.

The distribution and structure of foliage in the vegetative layer have a substantial influence on the dynamics
of radiation interception and transmission through the canopy. Sparse vegetation is generally clumped and
tends to intercept less radiation for the same LAI compared to vegetation randomly dispersed over the
surface. TSEB model estimates the clumping index, which quantifies the spatial distribution of foliage to
account for non-randomness in vegetated structures (Campbell and Norman 1998; Kustas and Norman
1999). Leaf angle distribution and canopy width-to-height ratio parameters were used to compute the

clumping index.

The TSEB-PT model requires aerodynamic resistance (Ra, Rs, Rx) parameterizations (Fig.4) for the flux
exchange above the canopy layer, within the canopy air space and at the soil/substrate surface. Resistance b
and c coefficients were used to compute the resistance to heat flux in the boundary layer above the soil
surface (Kustas and Norman 1999). Resistance parameter C' is derived from the weighting coefficient for
leaf boundary layer resistance over the height of the canopy (McNaughton and Van Den Hurk 1995). Bare
soil aerodynamic roughness length (zo) and effective leaf width were inputs to compute the aerodynamic

resistance Rx and Rs (Norman et al. 1995).

Priestley — Taylor parameter (apr) was used for the initial canopy transpiration estimate using the Priestley
— Taylor formulation. The apr =1.26 is used as a first estimate for the model initialization (Agam et al.
2010)

e Considerations for the creation of TSEB raster inputs
Flight times

sUAS flights were conducted on days with appropriate weather conditions: clear skies, moderate wind (fly
under 12 ms™), and atmospheric stability. The sSUAS imagery was collected around solar noon (between
1:00 pm and 2:40 pm) for capturing the period of highest ET in turfgrass and trees and for minimizing tree
canopy and building shadows. We also avoided times when activities (irrigation events, turfgrass mowing,

tree crow thinning, and others) and tournaments were occurring at the golf course.
Spatial resolution

High spatial and temporal resolutions are critical for accurately estimating ET in heterogeneous urban
landscapes with a combination of turfgrass and isolated trees in water-limited cities (Nouri et al. 2020; Feng
et al. 2022). The 3 m pixel size of the TSEB raster inputs was small enough to discriminate turfgrass, trees,
sidewalks, sand traps, and building signals. According to Burchard-Levine et al. (2021), the thermal
sharpening of less than 5 m was able to discriminate grassland and trees, and they reported that TSEB

accurately simulated hourly ET with Root Mean Square Deviation (RMSD) ~ 60Wm™.
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Thermal band calibration

Blackbody temperature and IRT sensors were used to correct the bias of the UAS thermal imagery. The first
thermal correction was made using a blackbody temperature sensor and; the correction values varied from
0.9 to 2.6 °C. The second thermal correction using IRT sensors showed a strong positive relationship with
R?=0.98 and RMSE=3.5 °C (Fig.18 in Appendix). This result agreed with studies reported by Brewer et al.
(2022) on the atmospheric correction of Micasense Altum thermal imagery using IRTs. ET estimations
using SEB models potentially have systematic errors due to inherent calibration bias of land surface
temperature data in urban regions (Liu Wenjuan et al. 2010). By increasing the accuracy of sUAS thermal
imagery, agricultural and urban studies that utilize this information for estimating ET will benefit greatly

and resulting in better water management decisions.
Land cover classification based on UAS data

Turfgrass and tree masks based on SUAS images were fundamental for running the TSEB model because
turfgrass and trees have different inputs for LAI, LST, and parameters for estimating ET. However, the golf
course also had high spatial variability, containing classes such as vegetation, sidewalks, sand traps,
buildings, and other non-vegetation objects. The UAS images, segmentation, and supervised classification
using the Random Trees model from ArcGIS Pro were applied to classify the golf course into five categories:
turfgrass, trees, non-turfgrass, sand, and shadows. This classification method required image segmentation
which was used to train the classifier (Park et al., 2022). Image segmentation used NIR, red, and blue bands
from UAS data was identified as the effective bands for classifying land cover types in an urban
environment. Segmented raster, thermal band, and 860 training sample polygons were inputs for training
the classifier. The classifier definition file and the thermal band were used for the classification of the raster.

Confusion matrix, kappa coefficient, and overall accuracy were used for accuracy assessment.

Figure 5a shows the classification map, the percentage for each class was: turfgrass (84%), trees (3%), non—
turfgrass (11%), sand (1%), and shadows (1%). NIR, red, blue, and LST were effective inputs for the land
cover map classification; turfgrass and trees were distinguished from non-turfgrass. Most previous studies
have used multispectral and LST images acquired from UAS for urban area classification (Hartling et al.
2021; Park et al. 2022; Lee et al. 2023). The classification accuracy results indicate that Random Trees
accuracy was 95% and Kappa was 0.94. This showcases the benefit of UAS data in complex urban green

areas to separate non-turfgrass features such as trees, sand traps, shadows, and impervious areas.
Shadows

Shadow classification over high-resolution UAS imagery is important to avoid a negative impact on the
supervised classification results and estimation of ET in almonds, vineyards, and peaches (Park et al. 2021;
Mokhtari et al. 2021; Lu et al. 2022) due to shadows in remote-sensing data degrading the quality of spectral
(Milas et al. 2017) and thermal information (Aboutalebi et al. 2019a; Mokhtari et al. 2021). As was
explained in the section above, supervised classification was computed for shadows (Fig. 5 a), which had

better performance than unsupervised classification or clustering, index-based, and physical-based methods
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applied in vineyards (Aboutalebi et al. 2019a). Figure 5 b, ¢, d, and e, illustrate the false color image in
which black pixels show shadows for the different flight dates and times. Shadow magnitude and direction

changed over time. Therefore, a supervised classification is recommended for each flight.
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Fig 5. a) Supervised classification map of the Eagle Lake Golf Course on May 18, 2022, b) UAS false color on 3 September 2021
¢)21 October 2021 d) 18 May 2022, and e) 20 July 2022

e TSEB-PT model and Eddy-Covariance Tower Energy Fluxes

Comparisons of remotely sensed ET versus the EC flux measurements were made using a flux footprint for
a sampling of pixels in the source area of the flux tower (Gao et al. 2021; Volk et al. 2023) The flux footprint
can be defined as the source (or sink) area of flux observation from EC measurements, the location and
extent of which depend primarily on measurements of height, wind direction, wind speed, atmospheric
stability, and roughness length (Kljun et al. 2015). The hourly flux footprints were computed with the Kljun
et al. (2015) 2-dimensional model using a Python version available at https://footprint.kljun.net/. The

footprint fetch was defined by the maximum distance from the EC tower location to the 90% footprint
climatology contour. The EC daytime hour data were selected for hourly flux footprint based on the UAS

flight time. The spatial resolution was 3 m, which is the same as the TSEB - ET raster.

The estimated energy fluxes Rn, H, LE, and G (W m) by TSEB-PT were extracted using the hourly flux
footprint model. These modeled energy fluxes were compared to the observed (non-closed and closed
energy balance) fluxes by the EC tower. To assess the TSEB-PT model’s accuracy and compare the model
results with the non-closed and closed energy balance, we use the R? and RMSE, mean absolute error
(MAE), and relative root mean square error (RRMSE) (Eqs.6-9).

_ Xt IMi—Eq
n

MAE Eq. 8
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RRMSE = R’;SE x 100  Eq.9

1

e Daily evapotranspiration from scaling model and observed daily actual
evapotranspiration

A scalar extrapolation technique based on incident solar radiation was used to compute daily ETa from the
hourly remote-sensed UAS-ET. This technique was developed by Jackson et al. (1983), who proposed that
ET is highly correlated to incoming solar radiation. According to Colaizzi et al. (2006), the best time for
extrapolating hourly ET to a daily scale is within 1 or 2 hours of solar noon. Other studies have reported
that the incoming solar radiation extrapolation technique worked relatively well for crops and describing
daily and hourly evapotranspiration (Wandera et al. 2017; Nassar et al. 2021).
ET,; = (%) (ﬁ) Rgy4 Eq. 10

Where ETyis daily (24 h) total ET (mm d!), LE is latent heat flux (W m™), R, is instantaneous incoming
solar radiation (W m), Ry is daily incoming solar radiation (MJ m™ day), p,, is the density of water (kg
m™), A is the latent heat of vaporization for water (MJ kg™!) and c is the numerical value of 1000, which is

used to convert meters to millimeters.

Daily weighted footprints were required for comparison between daily ETa extrapolated and EC
observations. A study conducted by Volk et al. (2023) proposed a protocol to create a daily weighted
footprint based on hourly flux footprints. They recommended selecting hourly flux footprints in the range
from 6:00 to 20:00 local time and a minimum of 5 hours of data per day. We selected hourly flux footprints
when the incoming solar radiation values were above zero, footprint fetch values a minimum of 100 m, and

flux footprints over vegetation.
3 Results and Discussion

3.1 Actual evapotranspiration (ETa) in turfgrass using the eddy covariance method
¢ Energy balance closure of eddy-covariance measurements

The surface energy balance before closure in 2021 and 2022 suggested that latent heat flux (LE) and sensible
heat flux (H) over turfgrass were underestimated. The slope of the correlation between daily fluxes of Rn-
G and LE+H was 0.8 and 0.9 in 2021 and 2022, respectively. These results concur with previous studies
around the world, reporting apparent underestimation of turbulent heat fluxes (Mauder et al. 2020; Volk et
al. 2023). Volk et al. (2023) analyzed 172 AmeriFlux EC stations and concluded that LE and H are
underestimated by 14% and 10% respectively. Another study analyzed 50 FLUXNET sites and found a 21%
underestimation of turbulent fluxes on average (Wilson et al. 2002). Instrument, and data processing errors,
additional sources of energy, sub-mesoscale transport/ secondary circulations, and landscape heterogeneity
in vegetation may be reasons for the surface energy balance closure problem (Stoy et al. 2013; Eshonkulov
etal. 2019; Mauder et al. 2020). The discrepancies in the energy balance can be addressed by forcing closure.

Figure 6 provides violin plots of EBC from the daily average per month. These values varied by month in

16



2021 and 2022. While in 2021, the highest EBC was observed in July, in 2022 the highest closure was
obtained in June. However, the energy imbalance was lower in October 2021 and 2022. In general, monthly
closure values ranged from 0.75-0.90. In summer, the spatial variability of the turfgrass was more evident
and was quantified with an NDVI map (Fig. 12). In Figure 7, the different conditions for the energy flux
measurements are visible as brown and green turfgrass around the EC tower and net radiometer,
respectively. This difference in condition may explain the lower EBC in July and August. For instance, on
July 27, 2022, the average hourly net radiation was 533.1 W/m2 and 595.0 W/m2 for brown and green
turfgrass respectively. This would also effect the soil heat fluxes for these two patches. Previous studies
have reported that instrumental errors and net radiation measurement problems are potential reasons for
surface energy imbalance (Wilson et al. 2002; Foken 2008). Another explanation for the EBC gap may be
the landscape-level heterogeneity (Stoy et al. 2013). Summer months showed high spatial variability across

the golf course due to water supply and storage limitations.
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Fig 6. Daily energy balance closure in 2021 and 2022, the horizontal dark blue line shows the monthly average.

August 2021 May 2022 July 2022
Fig 7. Aerial views of turfgrass and tree canopy on August 01, 2021, May 02, and July 27, 2022. The eddy covariance flux
tower is marked with a red circle, the net radiometer and soil heat flux plates are marked with a yellow circle, and the
predominant wind direction is marked with a blue arrow.

¢ Daily actual evapotranspiration in urban turfgrass

Figure 8 illustrates the daily ETa comparisons before and after the closure of ETa in 2021 and 2022. The
daily ETa was high in May, June, July, August, and September and very low during April and October. The
average of corrected daily ETa values was evaluated during the summer months of 2021 and 2022. The
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corrected daily ETa values in July and August in 2021 was slightly higher than in 2022 with values ranging
from about 4.6 mm to 5.9 mm in 2021 and 4.6 mm to 5.0 mm in 2022. The higher values of daily ETa
generally occurred in July when the days were warmer and dry. The total ET for July and August 2021 was
278.0 mm unforced, and 315.7 mm forced. The total ET for July and August 2022 was 252.5 mm unforced
and 285.4 mm forced. The data set has some missing values for 2021 (3 red flags) and 2022 (9 red flags)
due to precipitation events during those days.

In the literature, few studies have measured ETa using the EC method in urban turfgrass areas. In North
Dakota, Niaghi et al. (2019) reported ETa for Kentucky bluegrass. The monthly average ETa was 4.7, 3.7,
and 4.6 mm day™! for July 2011, July 2012, and June 2013 respectively. In Florida, Jia et al. (2009)
determined Kc and ETa for bahiagrass with the highest average monthly value of 4.22 mm day! occurring

in May.
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Fig 8. Daily comparisons before and after the forced closure of ETa amounts in 2021 and 2022.

3.2 Leaf Area Index in Turfgrass and Trees

The measured LAI in turfgrass ranged from 0.3 to 4.6, which included differing levels of turfgrass quality
(low, intermediate, and high). The OSAVI, NDRE, NDVI, MSR, Ln(RVI), and EUR spectral vegetation
indices were used to predict LAl in turfgrass. Figure 9 shows six LAI models, the “x” and “y” axes of which
show the spectral vegetation indices selected and the measured LAI, respectively. The linear regression
models were evaluated with R?> and RSME, where R?ranged from 0.76 to 0.84, and RMSE ranged from
0.50 to 0.61 cm? cm™. The SVIs EUR and MSR using the red-edge and NIR reflectance bands at 717 nm

and 842 nm, respectively were found to be highly responsive to LAI in turfgrass and their high spatial
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resolution showed the best performance for LAI estimation with the highest R? and lowest RMSE. Previous
research has shown the response of the red-edge and NIR bands provide more crucial information on leaf
chlorophyll content (Dong et al. 2019) and fresh biomass amount (Verma et al., 2022) than other blue, green,
and red reflectance bands. In this study, the high spatial resolution of UAS data has been recognized as a
prospective approach for estimating LAl in turfgrass. Previous studies have shown the impact of high spatial
resolution of remote sensing data on LAI estimation in crops (Du et al., 2022; Qi et al., 2020; Verma et al.,
2022), and simultaneous changes in SVI associated with water content, leaf pigment, and canopy structure
in urban turfgrass areas and trees under drought conditions (Miller et al. 2020).
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Fig 9. Comparisons between measured leaf area index and spectral vegetation indices with different regression models.

Trees represented 3% of the total area at the golf course, so 13 isolated trees were selected randomly to
measure LAI, most of which were coniferous species. The measurements below the canopy were at a
distance from 0.5 m to 1 m and a height of 0.95 cm. Our approach also agreed with Wei et al. (2020), who
reported good accuracy of LAI values using an LAI 2200 C plant canopy analyzer at a similar sensor
position. Crown shape information is relevant for the estimation of LAI of isolated trees and requires a
simple, cost-effective, and portable device to generate a crown shape (Wei et al. 2020). 3D reconstruction
using SUAS was used to generate crown profiles and improve LAI estimations (Fig.17 in Appendix). The
selected isolated trees had heights from 5.1 m to 17 m, with a mean value of 12 m. The LAI mostly falls
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between 2.2 and 4.3, similar to Xing et al. (2019). Other studies reported that LAl measurements made with
the LAI 2200 C sensor were consistent and accurate when LAI was less than 5 (Wei et al. 2020).

3.3 Two Source energy balance and eddy covariance comparison

This section presents an assessment of the TSEB model combining sUAS imagery, an LAI model, hourly
flux footprints, daily ET scalar extrapolation techniques, and daily flux footprints to accurately model urban

turfgrass ETa at hourly and daily scales.

e Land surface temperature, Leaf area index (LAI), Fractional cover (fc) and Green
ground cover (fg)

Figure 10 shows an example of LAI, LST, f. and f, rasters for the TSEB model. High spatial resolution
UAS allows for distinguishing small-scale heterogeneity. An LAI map was created using the EUR
vegetation index. This map shows the LAI range from O to 4.3, where LAI equal to zero corresponds to
impervious surfaces, LAI in the range 0 < LAI < 4.3 is turfgrass and LAI ~4.3 corresponds to trees. The
landscape type and LAI are a good indicators of ET (Saher et al. 2022) with R? ranging from 0.43 to 0.87
(Wei et al. 2017). However, unreliable estimations of LAI may create uncertainties on model results and a
0.1 m*m? change in LAl is associated with a 3% change in simulated H with TSEB (Burchard-Levine et al.
2020).

The LST map shows warm and cold areas. The lowest LST values were observed for actively growing
turfgrass, trees, and reservoirs surfaces. In contrast, the highest LST values were observed for buildings and
dormant turfgrass. As pointed out by Wang et al. (2018), LST is decreased by increasing tree cover, tree
density, LAI, and water covers in urban parks. This is because green urban surfaces shade and absorb
radiation energy via transpiration and photosynthesis which decreases LST. For example, irrigated turfgrass,
trees, and shrubs have an efficient cooling effect in urban parks in Salt Lake (Gémez-Navarro et al. 2021) ,
Las Vegas, and Phoenix (Saher et al. 2022). TSEB model results were more sensitive to LST compared to
LAI, where 1K change is associated with ~12-25 W m™ (Gan and Gao 2015; Burchard-Levine et al. 2020).

The fractional cover map shows the areas of vegetation and non-vegetation, with the highest values of f.
observed in turfgrass and tree areas. The green fractional cover map shows a range from 0 to 0.9. This map
reflects the range of highest values for active transpiration and photosynthesis. These biophysical variables
have an important role in turfgrass — tree ecosystem energy fluxes, of which fractional cover was the most
influential parameter on the TSEB model performance (Burchard-Levine et al. 2020). Of the different
predictors, NDVI was relevant for modeling ET of urban vegetation such as trees and turfgrass (Nouri et al.
2013; Vulova et al. 2021).
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Fig 10. Example of raster inputs for TSEB-PT model. a) Leaf area index, b) land surface temperature, c¢) fractional cover, and d)

green ground cover at the 3m resolution on May 18, 2022.

e Assessing the Hourly TSEB - PT versus EC Measurements

Hourly energy fluxes were modeled for turfgrass and trees by the TSEB-PT model at 3 m resolution using

the aggregated UAS-based remotely sensed observations. Figure 11 shows the energy flux maps for the
study area on May 18, 2022.
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Fig 11. Net radiation, sensible heat flux, latent heat flux, and ground heat flux map on May 18, 2022

A two-dimensional flux footprint model was used to compute footprint-weighted aggregated model outputs
for comparison of TSEB-PT results with EC data. Figure 12 illustrates the footprint source areas for the
flight dates in October 2021, May 2022, and July 2022. The footprint fetch (blue lines) identifies the
maximum distance between the EC tower and the extent of the source area. The orientation and dimensions
of the flux footprint depended on the height of the instrumentation, surface roughness length, wind speed
and direction, and atmospheric stability (Chen et al. 2009), as shown in Table 6 in the Appendix. It can be
seen that the flux footprint fetch in October 2021 was higher than in May 2022 and July 2022. This change
is attributed to the reduction in the sensor height from 2.6 m in 2021 to 2 m in 2022. In order to get a footprint
of the homogenous turfgrass area, the location and height of the instrumentation must be considered due to
high spatial variability (turfgrass, trees, sand traps, sidewalks, reservoirs, etc).
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Fig 12. Maps of hourly flux footprint at the golf course. In each panel, an NDVI map with an eddy covariance flux tower (marked

with a yellow cross) was overlaid with an hourly flux footprint. Blue lines denote the distance and angle of the flux footprint fetch.

To assess the utility of the TSEB-PT model, hourly modeled fluxes were compared with EC measurements
both closed and unclosed. Figure 13 illustrates five comparisons that were made between the surface energy
fluxes modeled using the TSEB-PT and field measurements from the EC for non-closed and closed energy
balance. In Table 4, the performance of the TSEB model for each energy flux component is associated with
the statistical metric MAE, RMSE, and RMSE for both EC closed and unclosed fluxes within the footprint.
We found a strong R? of 0.95 and RMSE for Rn estimates of 32 W m™. According to other studies (Nassar
et al. 2021; Simpson et al. 2021; Burchard-Levine et al. 2021; Gao et al. 2022), TSEB estimates of R, have
good agreement with measurements. High-resolution imagery (< 5 m) allows for the discrimination between
grass and tree pixels and achieves better accuracy of estimated ET with RMSE ~50 Wm™ (Burchard-Levine
etal., 2021b). The EC-TSEB agreement in H and LE with forced closure has RMSE values of 35 W m? and
50 W m? respectively, which is considered acceptable and similar to prior studies (e.g., Aboutalebi et al.
2019b; Burchard-Levine et al. 2021; Simpson et al. 2022). On July 20, 2022, there is an H overestimation
of nearly 65 Wm™ due to a lack of uniform green turfgrass within the footprint. Figure 12 shows that the
average NDVI was equal to 0.3 within the footprint, which explains the present of dead turfgrass on July
20, 2022. In a natural ecosystem, an overestimation of H was found when the area included soil and tree
surfaces (Burchard-Levine et al. 2021).
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Fig 13. Energy flux comparisons using uncorrected EC station (observed) and UAS-derived (modeled) data.

Table 4. Performance of the TSEB model for non closed and closed energy balance (units in W m2).

Variable MAE RMSE RRMSE
Rn 29 32 7
G 17 18 48
Non Closed H 31 43 64
LE 68 82 27
Closed H 28 35 44
LE 46 50 14

Modeled urban ET has been reported using integrated SEB models, remote sensing, and spectral vegetation
indices (Vulova Stenka et al. 2018; Nouri et al. 2020; Feng et al. 2022). However, ET models may be verify
using instrumentation to measure ETa (Feng et al. 2022). Recently urban ET studies have used remote
sensing, GIS, flux modeling, artificial intelligence, and meteorological data (Vulova et al. 2021). In this
research, modeling ETa in golf courses was required for developing decision support system tools (Carlson
et al. 2022). The TSEB-PT model was tested in an urban turfgrass area at a golf course in Utah, at the local
scale (20 hectares).

e Solar radiation scaling model (RS) and observed daily actual evapotranspiration

The remote ETa estimates acquired with SUAS are near instantaneous data during the day and have to be
upscaled to daily total ETa to become useful for water managers (Cammalleri et al. 2014). This is because
EC measurements may provide spatial ET values within the flux footprint but not for the entire golf course.
The solar radiation scaling model (RS) was suggested as a robust method for daytime upscaling of ET in
heterogeneous natural landscapes (Awada et al. 2021), vineyards (Semmens et al. 2016; Nassar et al. 2021),
croplands, and grasslands (Chdvez et al. 2008; Cammalleri et al. 2014; Xu et al. 2015). In this study, the RS
method was applied, and the daily flux footprint model was computed (Fig.14) for the comparison between
the extrapolated daily ET (UAS-ET) and directly measured ETa values (Table 5). The difference between
the daily ET from TSEB versus measured with closure varied from 0.54 to 0.84 mm day™' with RMSE a 0.6
mm day'. This result agrees with the magnitude of RMSE from 0.37 to 0.79 mm day' in corn and soybean
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fields (Chdvez et al. 2008). Other studies reported an RMSE of 0.58 mm day! in wheat, maize, and corn
(Xu et al. 2015); and ~0.5 mm day' in vineyards (Semmens et al. 2016; Nassar et al. 2021).

Ocrober 21, 2021 L July 20, 2022

,-‘_5/

Q

Fig 14. Contour maps of daily flux footprint at the golf course. In each panel, a false color map with an eddy covariance flux

tower (marked with a yellow cross) was overlaid with a daily flux footprint.

Table 5. Daily evapotranspiration from scaling model (RS) and eddy covariance measurements (EC), and root mean square error

(RMSE) (units in mm day™")

ETa
Date DOY RMSE
RS EC
21-Oct-21 204 2.7 22
18-May-22 138 6.1 53 0.6
20-Jul-22 201 3.4 4.1 :
19-Sep-22 262 38 43
4 Conclusions

Urban turfgrass evapotranspiration plays an important role in irrigation water management but ET is
difficult to measure and estimate in urban landscapes due to large spatial variability in land cover and land
use. This study demonstrated the application of the Two-Source Energy Balance model using the Priestley-
Taylor approach (TSEB - PT) and sUAS imagery data for deriving gridded ETa estimates for urban
turfgrass, which was validated with EC measurements. Results from EC measurements and the energy
balance closure (Bowen Ratio) showed that the ETa average for urban turfgrass in drought summer ranged
from about 4.6 mm to 5.9 mm in 2021 and 5.2 mm to 5.6 mm in 2022.

The LAIs of turfgrass and isolated trees were used to model ETa. Utilizing high-resolution multispectral
imagery collected from a sUAS, we demonstrated the potential for using near infrared and red edge
reflectance-based spectral vegetation indices such as OSAVI, NDRE, NDVI, MSR, EUR, and Ln(NIR/Red
Edge) to establish a LAI empirical model applicable to urban turfgrass. The linear regression model had the
highest accuracy for LAI estimation with R?ranging from 0.76 to 0.84 and the lowest RMSE ranging from
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0.5 to 0.6. However, 3D reconstruction using sUAS point cloud data was useful for post-processing LAI of
isolated coniferous trees, showing the LAI in trees mostly falls between the range of 2.2 and 4.3.

The high-resolution multispectral and thermal imagery collected from UAS around solar noon, the LAI
protocol development, supervised classification of land use/cover, and thermal band calibration gave
reliable estimates of energy fluxes for urban turfgrass and trees. The TSEB —PT model validation and energy
balance closure results showed that latent and sensible heat flux retrievals were accurate with an overall
RMSE of ~50.5 W m?.

The RS-ET estimations were extrapolated from hourly to daily values yielding a RMSE of 0.6 mm day'.
This study highlights the ability of the TSEB-PT model using sUAS imagery to estimate the spatial variation
of daily ETa for an urban turfgrass surface, which is useful for landscape irrigation management in arid and
semi-arid areas. The UAS-ET spatial map is a support tool for implementing precision irrigation and
irrigation scheduling at field scale. In addition, ET (latent heat flux) spatial maps of urban turfgrass may
useful in determining large scale energy balances in urban environments.
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6 Appendix

Fig 15. a) High, b) intermediate, and c) low turfgrass quality for sampling leaves.
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Fig 17. Crow profile from a 3D reconstruction using sUAS point cloud data.
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Fig 19. Time series of net radiation (Rn), sensible heat flux (H), latent heat flux (LE), and ground heat flux (G) from

closed energy balance in 2022.

Table 6. Inputs required for deriving an hourly flux footprint model.

Wind umean ustar Sigmav

Date Time Dir (ms-1) (ms-1) L@m) zm(@m) z0(m) (ms-1)
21-Oct-21  13:00 -14:00 pm 224 1.7 0.2 -10.2 2.6 0.01 0.70
18-May-22  13:00 -14:00 pm 257 2.1 0.2 -7.3 2.0 0.01 0.72
20-Jul-22 14:00 -15:00 pm 277 14 0.2 -6.1 2.0 0.01 0.68

wind_dir=Vector of wind direction in degrees (of 360) for rotation of the footprint, umean=Vector of mean wind speed, ustar=
Vector of friction velocity, L = Vector of Obukhov length, zm = Measurement height above displacement height, z0 =Roughness

length, sigmav=Vector of standard deviation of lateral velocity fluctuations.
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