
agronomy

Article

Hybrid Bermudagrass and Tall Fescue Turfgrass Irrigation in
Central California: II. Assessment of NDVI, CWSI, and Canopy
Temperature Dynamics

Amir Haghverdi 1,* , Maggie Reiter 2,3 , Amninder Singh 1 and Anish Sapkota 1

����������
�������

Citation: Haghverdi, A.; Reiter, M.;

Singh, A.; Sapkota, A. Hybrid

Bermudagrass and Tall Fescue

Turfgrass Irrigation in Central

California: II. Assessment of NDVI,

CWSI, and Canopy Temperature

Dynamics. Agronomy 2021, 11, 1733.

https://doi.org/10.3390/

agronomy11091733

Academic Editors:

Aliasghar Montazar and Jose Beltrao

Received: 22 June 2021

Accepted: 26 August 2021

Published: 29 August 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Environmental Sciences Department, University of California Riverside, Riverside, CA 92521, USA;
asing075@ucr.edu (A.S.); asapk001@ucr.edu (A.S.)

2 Division of Agriculture and Natural Resources, University of California, Cooperative Extension,
Fresno, CA 93710, USA; reit0215@umn.edu

3 Department of Horticultural Science, University of Minnesota, St. Paul, MN 55108, USA
* Correspondence: amirh@ucr.edu

Abstract: As the drought conditions persist in California and water continues to become less available,
the development of methods to reduce water inputs is extremely important. Therefore, improving
irrigation water use efficiency and developing water conservation strategies is crucial for maintain-
ing urban green infrastructure. This two-year field irrigation project (2018–2019) focused on the
application of optical and thermal remote sensing for turfgrass irrigation management in central
California. We monitored the response of hybrid bermudagrass and tall fescue to varying irrigation
treatments, including irrigation levels (percentages of reference evapotranspiration, ETo) and irri-
gation frequency. The ground-based remote sensing data included NDVI and canopy temperature,
which was subsequently used to calculate the crop water stress index (CWSI). The measurements
were done within two hours of solar noon under cloud-free conditions. The NDVI and canopy
temperature data were collected 21 times in 2018 and 10 times in 2019. For the tall fescue, a strong
relationship was observed between NDVI and visual rating (VR) values in both 2018 (r = 0.92) and
2019 (r = 0.83). For the hybrid bermudagrass, there was no correlation in 2018 and a moderate
correlation (r = 0.72) in 2019. There was a moderate correlation of 0.64 and 0.88 in 2018 and 2019
between tall fescue canopy minus air temperature difference (dt) and vapor pressure deficit (VPD)
for the lower CWSI baseline. The correlation between hybrid bermudagrass dt and VPD for the lower
baseline was 0.69 in 2018 and 0.64 in 2019. Irrigation levels significantly impacted tall fescue canopy
temperature but showed no significant effect on hybrid bermudagrass canopy temperature. For the
same irrigation levels, increasing irrigation frequency slightly but consistently decreased canopy
temperature without compromising the turfgrass quality. The empirical CWSI values violated the
minimum expected value (of 0) 38% of the time. Our results suggest NDVI thresholds of 0.6–0.65 for
tall fescue and 0.5 for hybrid bermudagrass to maintain acceptable quality in the central California
region. Further investigation is needed to verify the thresholds obtained in this study, particularly
for hybrid bermudagrass, as the recommendation is only based on 2019 data. No CWSI threshold
was determined to maintain turf quality in the acceptable range because of the high variability of
CWSI values over time and their low correlation with VR values.

Keywords: smart controller; evapotranspiration; autonomous landscape irrigation

1. Introduction

The western USA is generally arid and subject to droughts yet is home to some of
the largest cities across the nation. Consequently, it is vital to establish water conservation
strategies for metropolitan areas to enhance urban water use efficiency and guarantee
the long-term sustainability of water resources. Irrigation demand is usually the largest
component of total outdoor water use in urban sectors in this region. In the southwestern
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US, landscape water use in the summer months can reach up to 90% of the total municipal
water use [1]. Turfgrass is a large component of urban landscapes that provides valuable
recreation areas and ecosystem services [2]. Across the nation, the largest sector of turf-
grass is residential lawns. Therefore, developing recommendations for efficient irrigation
management of turfgrass is crucial for maintaining urban green infrastructure.

In the last two decades, documented research on urban irrigation management has
mainly focused on the implementation of irrigation technologies to enhance irrigation
water use efficiency [3–8], the use of low-quality water for irrigation to alleviate freshwater
demand [9–11], and the applications of remote sensing (RS) techniques to detect drought
injury and manage irrigation [12–14]. The latter is particularly timely considering the
rapidly emerging advancements in novel RS platforms. Some promising results have been
reported on the application of multispectral and thermal RS techniques to predict the green
leaf area index of turfgrass [12], estimate the crop water stress index (CWSI) [15], calculate
the location and rate of urban irrigation [13], and monitor turfgrass water stress and use [14].
For instance, Taghvaeian et al. [14] used ground-based optical and thermal RS to study
the quality response, water stress, and water consumption of multiple turfgrass species
under different soil and irrigation treatments in northern Colorado, USA. RS helps scale
the findings of plot-based research projects providing the decision-making information
necessary for assessing the urban irrigation footprint for large metropolitan areas. For
instance, Chen et al. [16] used RS techniques plus water use records to estimate that in
2005–2007, 7% of the postal carrier routes in Los Angeles, California were overwatered in
dry years and 43% were overwatered in wet years.

Monitoring canopy temperature can help quantify plant water stress in a fast and
non-destructive way, which could be used for efficient irrigation management [17]. In
addition, measuring canopy temperature variations due to deficit irrigation is necessary
to understand the tradeoffs between water conservation and the vital role of the irrigated
urban landscape to mitigate the urban heat island phenomenon. The irrigated landscape,
through the process of evapotranspiration, can reduce daytime heat storage and enhance
nighttime cooling, thereby moderating the climate of urban areas and creating localized
cool islands [18]. Bonfils and Lobell [19] showed the significant cooling effect that irrigation
expansion has had on summertime average daily daytime temperatures in California.
Broadbent et al. [20] studied the cooling benefits of irrigation in a suburb of Adelaide,
Australia and found that the diurnal average air temperature was reduced by up to 2.3 ◦C,
but that increasing irrigation had a non-linear effect on cooling. Wang et al. [21] reported
4.52 ± 0.77 mm day−1 ◦C−1 surface air cooling in urban areas over the contiguous United
States due to irrigation.

CWSI is a dimensionless temperature-based index [22] that has shown success in
quantifying turfgrass water stress [14]. The empirical approach of Idso et al. [22] requires
establishing the lower and upper-temperature baselines for non-water-stressed and non-
transpiring conditions, respectively. The reported CWSI baselines for turfgrass in the
literature vary widely. Therefore, specific baselines for each climatic region should be
developed.

In the first part of this study [23], we used a visual rating (VR) to assess turfgrass
response to a wide range of irrigation scenarios in central California. VR is the traditional
method of rating turfgrass quality ranging from 1 (worst) to 9 (best) that has been used
by researchers and turfgrass managers worldwide for turfgrass evaluation [24]. However,
it is subjective and can be inaccurate since different observers may rate the turfgrass dif-
ferently, or even an identical evaluator may give different ratings to the same plots over
time, and therefore, such quality ratings are nonreproducible [25,26]. RS is an alternative
approach that can provide a more accurate, consistent, and reliable evaluation of overall
turfgrass quality, growth, and health. In addition, the recent advancement in unmanned
aerial vehicles makes RS a superior method for scouting and identifying drought injury on
large irrigated turfgrass areas such as parks and golf courses. The normalized difference
vegetation index (NDVI) has been used as a replacement to assess the response of turfgrass
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to irrigation scenarios and has been shown to be well correlated with the visual rating of
different grass species, including ‘Dynasty’ tall fescue [27] and ‘Tifgreen’ hybrid bermuda-
grass [8]. In addition, Bremer et al. [28] reported high correlation values between NDVI
and percentage green cover (r = 0.91) and shoot density (r = 0.88) using data obtained from
multiple cool-season grass species.

This study was conducted to (i) monitor the changes in NDVI and canopy temperature
of tall fescue and hybrid bermudagrass under varying irrigation treatments (amount and
frequency) in central California, (ii) develop empirical CWSI and study its variability over
time for both turfgrass species, and (iii) investigate the relationship between NDVI and
visual rating values reported in the companion paper [23]. We focused on both cool-season
and warm-season turfgrass species in this study because they are grown in different settings
in urban areas in central California. Warm-season species are considered superior because
of their relatively lower water requirement, but they could be less appealing to certain
groups since they go dormant over the winter.

2. Materials and Methods
2.1. Experimental Site

This study was conducted at the University of California Agricultural and Natural
Resources Kearney Research and Extension Center (36◦36′02.2” N 119◦30′38.8” W) in
Parlier, California (Figure 1). The study site consisted of 36 plots. Each plot was roughly 14
m2 with an approximately 60 cm border between the adjacent plots.
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Figure 1. The location of the study area.

Figure 2a depicts the long-term mean cumulative reference evapotranspiration (ETo)
and precipitation data measured by the California Irrigation Management Information
System (CIMIS) weather station #75 located close to the study site. Long-term annual
weather data show that ETo is roughly five times greater than the precipitation received
in this area. Irrigation is necessary to keep the urban landscape species alive, particularly
during the summer months when evaporative demand is highest. The soil at the research
site is classified as Hanford fine sandy loam (websoilsurvey.sc.egov.usda.gov, accessed on
27 August 2021). The laboratory analysis of undisturbed samples collected from the top
20 cm revealed that the available soil water-holding capacity is 0.19 m3 m−3 for 10 and
1500 kPa that represent field capacity and permanent wilting point, respectively [29].

websoilsurvey.sc.egov.usda.gov
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2.2. Irrigation Trials

Two adjacent hybrid bermudagrass (‘Latitude 36’ Cynodon dactylon (L.) Pers. × C.
transvaalensis Burtt-Davy) and tall fescue (A blend of ‘PennRK4’, ‘Rebel XLR’, + ‘Firecracker
SLS’ Schedonorus arundinaceus (Schreb.) Dumort.) irrigation trials were arranged in a
factorial randomized complete block design with repeated measures of canopy temperature
and NDVI. Each trial consisted of 18 plots (3.7 m× 3.7 m) forming three blocks (replications)
to impose six irrigation treatments. To minimize evaporative loss and wind drift, irrigation
was done overnight and early morning. In addition, the smart controller performed an
automatic run/soak schedule to eliminate runoff and provide enough soak time. All three
replications for each treatment were irrigated at the same time by wiring to the same zone
on the controller. Each plot was equipped with a TORO 252 Series solenoid valve (Toro
Co., Bloomington, MN, USA) supplying water to four Toro O-T-12-QP corner-pop-up 6′ ′

sprinkler heads (152 mm tall). The sprinkler nozzles had an operating pressure range and
flow rate of 276–517 kPa and 0.02–9.08 L min−1, respectively. To achieve steady water
application, the sprinklers were equipped with factory-installed pressure-compensating
discs (Toro Co., Bloomington, MN, USA).

The irrigation treatments consisted of three ETo-based irrigation levels and two irriga-
tion frequencies (Table 1). A Weathermatic Smartline (SL) 4800 controller (Telsco Industries,
Inc., Garland, TX, USA) was used to control irrigation treatments and schedule irrigation
throughout the study autonomously. The controller used an onsite temperature sensor
and latitude-based solar radiation information to calculate ETo using the Hargreaves and
Samani equation [30]. Irrigation efficiency (i.e., low half distribution uniformity) of 0.78 and
irrigation precipitation rate of 23 mm h−1 was calculated using a catch-cans test performed
before conducting the trial in year 1. Irrigation was non-limiting to ensure actively growing,
non-stress turfgrass prior to initiating irrigation treatments. The experiment started on
4 May 2018, and data collection ended on 11 September 2018. All plots were switched
back to the uniform non-limiting irrigation for recovery before starting the trial on 22 June
2019. On 26 August 2019, the main irrigation pipe broke and flooded the field, forcing
the research team to terminate the trial. More information about the irrigation system
characteristics and establishment of the plots is provided in the companion paper [23].
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Table 1. Irrigation treatments throughout the 2-year tall fescue and hybrid bermudagrass irrigation research experiments at
the University of California Kearney Research and Extension Center.

2018 Trial, Start: 4 May 2018 | End: 11 September 2018

Target Irrigation Levels (% ETo): Tall Fescue: 50%, 65%, 80% | Hybrid Bermudagrass: 40%, 50%, 60%
Irrigation Efficiency: 78%
Watering Days: 2 days per week, 3 days per week

2019 Trial, Start: 22 June 2019 | End: 26 August 2019

Target Irrigation Levels (% ETo): Tall Fescue: 50%, 65%, 80% | Hybrid Bermudagrass: 40%, 50%, 60%
Irrigation Efficiency: 78%
Watering Days: 3 days per week, 7 days per week (no restriction)

The controller used the user-defined “plant type” information to convert ETo to irrigation application (irrigation application = plant
type × ETo). For each treatment, the plant type was calculated as the irrigation levels (% ETo) divided by the irrigation efficiency of the system.

Table 2 summarizes the irrigation application data. All treatments were over irrigated
mainly due to the inaccurate estimation of the irrigation precipitation rate using the catch-
cans method at the beginning of the trial. The actual applied irrigation rate was calculated
at the end of the trial based on the revised irrigation precipitation rate of 18 mm h−1. The
performance of the smart controller is discussed in detail in the companion paper [23].

Table 2. Target irrigation treatments (T1–T3) versus programmed and applied irrigation levels
throughout the 2-year tall fescue and hybrid bermudagrass irrigation research experiments conducted
at the University of California Kearney Research and Extension Center.

Tall Fescue Hybrid Bermudagrass

Irrigation T1 T2 T3 T1 T2 T3

Treatment 50% 65% 80% 40% 50% 60%
Programmed 64% 83% 100% 51% 64% 77%
Applied 83% 108% 129% 65% 84% 101%

Programmed irrigation levels are equal to target treatment levels divided by the irrigation efficiency of 0.78 (i.e.,
the low half distribution uniformity of the irrigation system). Applied irrigation levels were recalculated based
on the irrigation run time data retrieved from the controller and precipitation rate of 28 mm day−1 measured for
the system at the end of the trial.

2.3. Data Collection and Statistical Analysis

Figure 3 illustrates an overview of the sensors and tools used in this study and the
companion paper [8]. The active light source optical GreenSeeker handheld sensor (Trimble
Inc., Sunnyvale, CA, USA) was used to collect NDVI data. The sensor has a measurement
range of 0 to 0.99 and a roughly 51 cm wide oval field of view when held 122 cm above the
ground. Canopy temperature was recorded using the Fluke 64 Max Infrared Thermometer
(Fluke Corporation, Everett, WA, USA). According to the manufacturer, the thermometer
has a measurement range of −30 to 500 ◦C and a spectral band of 8–14 microns with an
accuracy of 1.5 ◦C or 1.5% of the reading. The resolution of the thermometer was 0.1 ◦C with
an 87 mm field of view when held 150 cm above the ground. During the data collection,
both sensors were held at approximately 1 m height and moved over the center of each
plot (≈3–4 m2) while the trigger remained engaged to continuously scan and obtain an
average representative value for each plot. The air temperature and relative humidity were
recorded using the Fluke 971 Temperature Humidity Meter (Fluke Corporation, Everett,
WA, USA) over each experimental plot during the data collection process. According to the
manufacturer, the Fluke 971 handheld sensor has a temperature measurement accuracy of
±0.5 ◦C in the 0 to 45 ◦C range and an RH measurement accuracy of ±2.5% in the 10% to
90% RH range. The resolution of the temperature/humidity meter was 0.1 ◦C and 0.1% RH.
The measurements were done within two hours of solar noon under cloud-free conditions.
The handheld data were collected roughly once a week throughout the trial, 21 times in
2018 (from 30 April to 22 September), and 10 times in 2019 (from 24 June to 26 August).
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The NDVI and canopy temperature data were statistically analyzed using PROC
GLIMMIX in SAS 9.4 software package (SAS Institute, 2014). The irrigation frequency
and duration of the experiment differed in years 1 and 2. Therefore, each year was inde-
pendently analyzed for the treatment effects to accommodate differences in experimental
duration and irrigation regimes. The fixed effects were the irrigation levels, irrigation
frequencies, and the date of data collection. The random effects were block and its in-
teraction with irrigation levels and irrigation frequencies. The treatment effects were
considered significant at p-values ≤ 0.05. The plotting software package Veusz 3.3.1
(https://veusz.github.io/, accessed on 27 August 2021) [31] was used to create all graphs.
The NDVI data were compared against the turfgrass visual rating (VR) values presented in
the companion study [23]. The rating was based on The National Turfgrass Evaluation Pro-
gram (NTEP) standards [32], with the minimum and maximum scores of 1 and 9 assigned
to dead and ideal turfgrass, respectively.

2.4. Crop Water Stress Index (CWSI)

The CWSI relies on the temperature difference between the canopy and air, dt ◦C
(Tc–Ta), and it is defined as:

CWSI =
dtm − dtlb
dtub − dtlb

(1)

where m, lb, and ub indicate the measured, lower baseline (non-water-stressed), and upper
baseline (non-transpiring) of dt, respectively.

The empirical CWSI is based on the linear relationship between the lower baseline
temperature difference and vapor pressure deficit (VPD) [22,33]:

dtlb = a(VPD) + b (2)

https://veusz.github.io/
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The VPD is calculated as follows:

VPD = es − ea (3)

where es is the saturation vapor pressure (kPa) and ea is the actual vapor pressure (kPa)
calculated as:

es = 0.6108 ∗ exp
(

17.27× Ta

237.3 + Ta

)
(4)

ea = (RH/100) ∗ es (5)

The CWSI was calculated for each species separately in this study. The mean canopy
temperature data obtained from the highest irrigation levels were used to estimate the
lower baselines over all the well-watered plots of each species. The mean air temperature
and RH values collected over all the plots using the handheld Fluke 971 m were used
to calculate VPD. The upper baseline was calculated as the mean temperature difference
between air and severely stressed tall fescue grass [17]. The baseline was established using
the canopy temperature data collected in both years from a plot of non-irrigated tall fescue
turfgrass adjacent to the study field. The non-transpiring canopy temperature was assumed
to be similar between tall fescue and hybrid bermudagrass species. This assumption is
based on the data collected by the research team from side-by-side non-transpiring tall
fescue and hybrid bermudagrass plots sprayed with glyphosate in southern California
(data not published). Different baselines were established for each year to determine their
stability over time.

3. Results
3.1. NDVI

Figure 4 shows the response of both species (dynamics of NDVI values) to the applied
irrigation treatments in 2018 and 2019. Table 3 summarizes the results of the statistical
analysis for both species in the years 2018 and 2019. For tall fescue, the NDVI values
ranged between 0.30 and 0.80 in 2018 and between 0.23 and 0.69 in 2019. The irrigation
level (p < 0.001) and frequency (p < 0.05) had significant effects on NDVI values in 2018.
In 2019, only the irrigation level had a significant effect (p < 0.01) on turfgrass quality.
The interaction between irrigation levels and frequency was not significant in neither
of the years. In 2018, the dynamics of NDVI values over time for all treatments were
somewhat similar, showing a slight decline as the trial progressed. However, for 83%
ETo treatment (2 d wk−1 frequency), a more noticeable reduction in NDVI values was
observed toward the end of the experimental period. In 2019, the NDVI values for the
lowest irrigation application of 83% ETo started to decline around mid-July for both 3 and
7 d w−1 irrigation frequency. The NDVI values showed no substantial change for the other
irrigation treatments.

For hybrid bermudagrass, the NDVI valued varied between 0.53 and 0.76 in 2018
and between 0.34 and 0.80 in 2019. The irrigation levels had no significant effect on
NDVI values in 2018 and 2019 (Table 3). The impact of irrigation frequency was only
significant (p < 0.01) in 2019. The interaction between irrigation levels and frequency was
not significant in either of the years. In 2018, the NDVI for all treatments stayed fairly
stable with no substantial fluctuations over time. In 2019, NDVI values increased over time
with no noticeable differences between the irrigation treatments (Figure 4).
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Table 3. Statistical analysis of the hybrid bermudagrass and tall fescue response (NDVI and canopy temperature) to
irrigation treatments imposed in years 2018 and 2019 (each year was analyzed separately).

Tall Fescue Hybrid Bermudagrass

NDVI Canopy Temp. NDVI Canopy Temp.

Treatment 2018 2019 2018 2019 Treatment 2018 2019 2018 2019

129% ETo 0.72a 0.59a 31.8b 37.2b 101% ETo 0.66a 0.62a 34.5a 39.4a
108% ETo 0.70a 0.58a 31.9b 37.4b 84% ETo 0.66a 0.62a 34.5a 39.4a
83% ETo 0.65b 0.51b 33.0a 38.1a 65% ETo 0.64a 0.59a 35.0a 39.5a

Frequency Frequency
2 d w−1 0.68b 32.5a 2 d w−1 0.65a 35.0a
3 d w−1 0.70a 0.55a 31.9b 37.8a 3 d w−1 0.66a 0.59b 34.3b 39.7a
7 d w−1 0.56a 37.4a 7 d w−1 0.63a 39.2b

Model effect 2018 2019 2018 2019 Model effect 2018 2019 2018 2019
I *** ** ** * I NS NS NS NS
F * NS * NS F NS ** * *

I × F NS NS NS NS I × F NS NS NS NS
T *** *** *** *** T *** *** *** ***

I × T *** *** NS NS I × T *** NS NS NS
F × T NS NS NS NS F × T NS NS *** NS

I × F × T NS NS NS NS I × F × T NS NS NS NS

NS, ***, **, and * are non-significant or significant at p≤ 0.001, 0.01, and 0.05, respectively. Means sharing a similar letter are not significantly
different, based on Turkey’s test at α = 0.05. I, F, and T in the table refer to irrigation levels, frequency, and time (i.e., repeated measures of
visual rating each year over time), respectively.
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3.2. Canopy Temperature and CWSI

Figure 5 illustrates the tall fescue and hybrid bermudagrass canopy temperature
fluctuations over time in response to the irrigation treatments imposed in 2018 and 2019.
Table 3 summarizes the results of the statistical analysis for both species in the years 2018
and 2019. The canopy temperature readings were very similar in early and mid-trials
in both years for both species across the treatments, while the fluctuations in canopy
temperature values over time were more pronounced in 2018. The non-irrigated plot
of turfgrass adjacent to the study field had on average 19 ◦C and 17 ◦C higher canopy
temperature than the irrigated plots in 2018 and 2019, respectively.
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For the tall fescue plots, the minimum and maximum canopy temperature values
were 24 ◦C and 49 ◦C in 2018 and 33 ◦C and 43 ◦C in 2019. Irrigation levels significantly
impacted the canopy temperature in 2018 (p < 0.01) and in 2019 (p < 0.05) (Table 3). On
average, there was a 1.2 ◦C in 2018 and 0.9 ◦C in 2019 temperature difference between the
highest (129% ETo) and lowest (83% ETo) irrigation levels. The irrigation frequency had
a significant effect in 2018 (p < 0.05) but not in 2019. However, in both years, the canopy
temperature was slightly lower for the greater irrigation frequencies. The interaction of the
irrigation level and irrigation frequency had no significant effect on canopy temperature
values. In both years, 83% ETo treatment started showing higher temperature values
toward the end of the trial compared to the other irrigation treatments (Figure 5).

For the hybrid bermudagrass plots, the minimum and maximum canopy temperature
values were 23 ◦C and 42 ◦C in 2018 and 36 ◦C and 43 ◦C in 2019. The irrigation levels had
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no significant effect on canopy temperature in neither of the years (Table 3). The irrigation
frequency significantly impacted the canopy temperature (p < 0.05) in both years, such that
more frequent irrigation reduced the canopy temperature. The mean canopy temperature
was 0.5 ◦C in 2018 and 0.1 ◦C in 2019 lower in 101% ETo than in 65% ETo treatment.
The interaction of the irrigation level and irrigation frequency had no significant effect
on canopy temperature values. The 65% ETo treatment in 2018 started showing higher
canopy temperature values toward the end of the trial compared to other irrigation levels
(Figure 5). However, in 2019, the 65% ETo treatment showed lower canopy temperature
early in the trial, but the temperature values were similar across the treatments toward the
end of the experiment.

Figure 6 illustrates the lower and upper CWSI baselines established for tall fescue
and hybrid bermudagrass in 2018 and 2019. Table 4 summarizes the coefficients for the
lower baselines. For the tall fescue plots and 129% ETo treatment, dt (i.e., canopy minus
air temperature) varied between −7.1 and 5.2 ◦C in 2018 and between −0.6 and 7.9 ◦C in
2019. For the 83% ETo treatment, dt varied between −3.8 and 6.4 ◦C in 2018 and −0.6 ◦C to
9.2 ◦C in 2019. There was a moderate correlation of 0.64 in 2018 and 0.88 in 2019 between
dt and VPD for the lower baseline. The slope of the lower baseline was −2.52 in 2018 and
−4.22 in 2019. The intercept was two times higher in 2019 compared to 2018.

Agronomy 2021, 11, x FOR PEER REVIEW  10  of  16 
 

 

had no significant effect on canopy temperature in neither of the years (Table 3). The irri‐

gation frequency significantly impacted the canopy temperature (p < 0.05) in both years, 

such  that more  frequent  irrigation reduced  the canopy  temperature. The mean canopy 

temperature was 0.5 °C  in 2018 and 0.1 °C  in 2019  lower  in 101% ETo than  in 65% ETo 

treatment. The interaction of the irrigation level and irrigation frequency had no signifi‐

cant effect on canopy temperature values. The 65% ETo treatment in 2018 started showing 

higher canopy temperature values toward the end of the trial compared to other irrigation 

levels (Figure 5). However, in 2019, the 65% ETo treatment showed lower canopy temper‐

ature early in the trial, but the temperature values were similar across the treatments to‐

ward the end of the experiment. 

Figure 6  illustrates the  lower and upper CWSI baselines established for tall fescue 

and hybrid bermudagrass in 2018 and 2019. Table 4 summarizes the coefficients for the 

lower baselines. For the tall fescue plots and 129% ETo treatment, dt (i.e., canopy minus 

air temperature) varied between −7.1 and 5.2 °C in 2018 and between −0.6 and 7.9 °C in 

2019. For the 83% ETo treatment, dt varied between −3.8 and 6.4 °C in 2018 and −0.6 °C to 

9.2 °C in 2019. There was a moderate correlation of 0.64 in 2018 and 0.88 in 2019 between 

dt and VPD for the lower baseline. The slope of the lower baseline was −2.52 in 2018 and 

−4.22 in 2019. The intercept was two times higher in 2019 compared to 2018. 

   

Figure 6. Graphical illustration of the lower (LB) and upper (UB) baselines of canopy temperature (Tc) minus air temper‐

ature (Ta) difference versus vapor pressure deficit for hybrid bermudagrass and tall fescue species in central California. 

For hybrid bermudagrass, dt varied between −2.0 and 9.2 °C for the 101% ETo level in 

2018 and between −0.9 and 7.8 °C in 2019. For the 65% ETo treatment, dt varied between 

0.5 and 8.9 °C in 2018 and between 0.6 and 7.7 °C in 2019. The correlation between dt and 

VPD for hybrid bermudagrass was 0.69 in 2018 and 0.64 in 2019. The lower CWSI baselines 

had a somewhat similar slope in both years, but the intercept was 3 °C higher in 2019. 

The upper baseline (set to mean dt for the severely stressed non‐irrigated tall fescue 

plot) was equal to 21.9 ± 4.7 °C (mean ±standard deviation, SD) in 2018 and 19.7 ± 5.3 °C 

in 2019. The combined upper baseline data for both years had a mean ± standard deviation 

dt of 21.1 ± 4.9 °C. 

 

 

Figure 6. Graphical illustration of the lower (LB) and upper (UB) baselines of canopy temperature (Tc) minus air temperature
(Ta) difference versus vapor pressure deficit for hybrid bermudagrass and tall fescue species in central California.

Table 4. Lower CWSI baselines for tall fescue and hybrid bermudagrass.

Tall Fescue Hybrid Bermudagrass

a b r a b r

2018 −2.52 9.42 0.64 −2.67 12.78 0.69
2019 −4.22 19.5 0.88 −2.78 15.82 0.64

r: correlation coefficient; a: slope, b: intercept.

For hybrid bermudagrass, dt varied between −2.0 and 9.2 ◦C for the 101% ETo level in
2018 and between −0.9 and 7.8 ◦C in 2019. For the 65% ETo treatment, dt varied between
0.5 and 8.9 ◦C in 2018 and between 0.6 and 7.7 ◦C in 2019. The correlation between dt and
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VPD for hybrid bermudagrass was 0.69 in 2018 and 0.64 in 2019. The lower CWSI baselines
had a somewhat similar slope in both years, but the intercept was 3 ◦C higher in 2019.

The upper baseline (set to mean dt for the severely stressed non-irrigated tall fescue
plot) was equal to 21.9 ± 4.7 ◦C (mean ± standard deviation, SD) in 2018 and 19.7 ± 5.3 ◦C
in 2019. The combined upper baseline data for both years had a mean± standard deviation
dt of 21.1 ± 4.9 ◦C.

Figure 7 depicts the dynamics of tall fescue and hybrid bermudagrass CWSI over time
in response to the irrigation treatments imposed in 2018 and 2019. The CWSI dynamics
over time for both species are similar to the canopy temperature fluctuations (Figure 8),
with minor differences mainly toward the end of 2019. For tall fescue, the CWSI values
varied between −0.3 and 0.29 in 2018 and between −0.59 and 0.27 in 2019. For hybrid
bermudagrass, the CWSI values ranged from −0.34 to 0.24 in 2018 and from −0.26 to 0.56
in 2019.
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Figure 8. Relationship between visual rating (VR) and NDVI data collected in 2018 and 2019 from hybrid bermudagrass (B)
and tall fescue (T) irrigation trials conducted at the University of California Kearney Research and Extension Center.

4. Discussion
4.1. NDVI and Visual Rating

For tall fescue, the NDVI values ranged between 0.30 and 0.80 in 2018 and between 0.23
and 0.69 in 2019. The lower NDVI values in 2019 agree with the lower VR values reported
in the companion paper [23]. This is attributed to the minimal fertilizer application in 2019,
diminishing growth and greenness of tall fescue. NDVI and VR were well correlated for
tall fescue in 2018 (r = 0.92) and in 2019 (r = 0.83). Bremer et al. [27] conducted a 3-year
study near Manhattan, Kansas and reported r-value of 0.75 between VR and NDVI values
of ‘Dynasty’ tall fescue. The slope of the intercept of fitted regression lines in our study
differed between 2018 and 2019. Bremer et al. [27] also obtained different models for each
turfgrass in each year of their study and mentioned that as a potential practical limitation
to estimate visual quality using NDVI values.

For hybrid bermudagrass, the NDVI values varied between 0.53 and 0.76 in 2018 and
between 0.34 and 0.8 in 2019. In 2019, the NDVI values increased as the trial progressed
in response to the late green-up of hybrid bermudagrass through June and a fertilizer
application in mid-July. This trend agrees with an increase in VR values reported in the
companion paper [23]. The correlation between NDVI and VR was moderate (r = 0.72) in
2019, which is on the lower end of the reported values in the literature. We [8] obtained
r = 0.84 between NDVI and VR values for hybrid bermudagrass based on a 3-year com-
posite dataset in Riverside, California. Bell et al. [34] conducted a two-year study and
reported an annual r of 0.8 between NDVI and VR of hybrid bermudagrass (49 cultivars)
in Stillwater, Oklahoma. Trenholm et al. [35] studied three hybrid bermudagrass cultivars
in Griffin, Georgia and reported r-values ranging from 0.70 to 0.90 between turfgrass VR
and NDVI.

In 2018, no meaningful correlation was observed between NDVI and VR values, which
is attributed to the narrow NDVI range of variation (0.53–0.76). However, the range of
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VR values was relatively wide (4–9) in 2018 [23]. We also noticed (data not presented in
this study) the mean coefficient of variation between replications of the same irrigation
treatment on average was 60% higher for VR values than NDVI values. The quality
variation among replications of the same irrigation treatment is expected to be minimal.
These results suggest that NDVI can be a more stable and repeatable parameter than VR to
assess the overall response of the turfgrass to irrigation regimes.

Our results suggest the NDVI values of 0.6–0.65 for tall fescue and 0.5 for hybrid
bermudagrass to maintain acceptable quality (VR = 6) in the central California region.
We [8] obtained NDVI of 6 as the minimum threshold for hybrid bermudagrass in inland
southern California. Further investigation is needed to verify the thresholds obtained in
this study, particularly for hybrid bermudagrass, since the recommendation is only based
on 2019 data.

4.2. Canopy Temperature and CWSI

The reported results in our companion paper [23] show that when water conservation
is concerned, hybrid bermudagrass is the superior species since it can sustain its quality
better than tall fescue when irrigation is limited, as expected. The tall fescue treatments
received more water (equal to roughly 20% ETo) than the hybrid bermudagrass and still
could not continuously maintain the same VR values during the summer months in central
California. Culpepper et al. [36] conducted two greenhouse trials in Texas, USA, to compare
the response of bermudagrass, buffalograss (Buchloe dactyloides (Nutt.) Engelm.), and tall
fescue to water deficit. They reported that tall fescue (a C3 cool-season turfgrass) under
heat and drought stress showed the most rapid decline in quality and photosynthetic rates
compared to the C4 warm-season grasses, demonstrating the benefits of the C4 versus C3
photosynthetic pathway.

On the other hand, the result of this study showed that the mean canopy temperature
was higher for hybrid bermudagrass than tall fescue across the treatments in both years.
On average, in both years, the hybrid bermudagrass plots were 1.6 ◦C warmer than tall
fescue plots when they received the same irrigation treatments of 83–84% ETo. Further
comparative studies are needed to evaluate the potential water conservation and cooling
benefits of irrigated warm-season and cool-season species versus alternative groundcover
species in California.

For the same irrigation levels, increasing irrigation frequency (number of watering
days) slightly (0.6 ◦C on average) but consistently decreased canopy temperature without
compromising the turfgrass quality. We attribute this to a more pronounced evaporative
cooling associated with higher irrigation frequencies while minimizing runoff and deep
percolation. Consequently, as suggested in the companion paper [23], when ET-based smart
controllers are used, we recommend no watering restrictions so the controller can adjust
the watering days based on the actual weather conditions and evaporative demand. Then,
a minimum deficit threshold should be programmed to avoid unnecessary evaporative
loss due to light irrigation applications.

The correlation between dt and VPD for well-watered treatments (lower baselines of
CWSI) was moderate in this study. We observed r-values of 0.64 and 0.88 for tall fescue
and 0.69 and 0.64 for hybrid bermudagrass in two years of our research. Jalali-Farahani
et al. [37] reported r = 0.87 between VPD and dt for well-watered hybrid bermudagrass in
Tucson, Arizona. Payero et al. [38] observed r-values ranging from 0.92 to 0.95 between
dt and VPD at different solar radiation levels for tall fescue grass at Kimberly, Idaho.
Taghvaiean et al. [14] conducted a field study in Berthoud, Colorado, on multiple turfgrass
species and mentioned that the effect of solar radiation is negligible when dt data are
collected under the clear sky and close to solar noon. On the other hand, multiple studies
reported a high correlation between CWSI and solar radiation [37,38]. We leave it to future
studies to determine the potential improvement in hybrid bermudagrass and tall fescue
CWSI lower baselines developed in this study when additional weather parameters such
as solar radiation are considered.
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The CWSI values are expected to vary from 0 to 1, representing no transpiration and
maximum transpiration rates, respectively. In our study, the CWSI values ranged from
−0.34 to 0.56 for hybrid bermudagrass and −0.59 to 0.29 for tall fescue. Jalali-Farahani [37]
reported violations of the theoretical range one-fourth of the time. In addition, Al-Faraj
et al. [39] studied the CWSI of ‘Falcon’ tall fescue in a controlled environment and concluded
that there is no easy way to ensure that the empirical CWSI consistently stays within the
theoretical range of zero (no stress) and one (severe water stress).

In our study, the mean ± SD CWSI values were 0 ± 0.13 and 0 ± 0.10 for well-
watered tall fescue (129% ETo) and hybrid bermudagrass (101% ETo), respectively. Jalali-
Farahani [37] reported a mean CWSI value of −0.02 and an SD of 0.28 for well-watered
hybrid bermudagrass. In our study, for the 65% ETo treatment, the mean ± SD hybrid
bermudagrass CWSI was 0.1 ± 0.12. Somewhat similar to our results, Emekli et al. [15]
reported 0.09 and 0.10 as seasonal mean CWSI of hybrid bermudagrass under 100% pan
evaporation (≈75% ETo) and 75% pan evaporation (≈56% ETo) irrigation treatments in
Antalya, Turkey. They reported a good relationship between VR and CWSI and suggested a
CWSI of approximately 0.1 to maintain hybrid bermudagrass quality. However, we can not
recommend a CWSI threshold to maintain turf quality in the acceptable range because of
the high variability of CWSI values over time and their low correlation with VR values (not
reported in this study). The canopy temperature and CWSI dynamics were very similar
in this study, and CWSI did not provide much extra information regarding the dynamic
impact of irrigation regimes on turfgrass quality.

5. Conclusions

It is vital to establish landscape irrigation water conservation strategies while deter-
mining its impact on the cooling effect of irrigated landscape in the US southwest. Our
two-year field study focused on ground-based remote sensing of hybrid bermudagrass
and tall fescue under varying irrigation scenarios autonomously imposed by an ET-based
smart irrigation controller in central California. When the NDVI range of variation was
high, it was well correlated to VR values for both species. Overall, the NDVI showed less
variability between replications of the same treatments for both species when compared to
VR. This finding suggests NDVI as a consistent and objective proxy of overall turfgrass
quality in response to varying irrigation regimes. Hybrid bermudagrass was a superior
species to tall fescue when water conservation was concerned. However, it showed 1.6 ◦C
higher canopy temperature than tall fescue when it received the same amount of water. Our
results suggested the NDVI values of 0.6–0.65 for tall fescue and 0.5 for hybrid bermuda-
grass to maintain acceptable quality (VR = 6) in the central California region. Further
investigation is needed to verify the thresholds obtained in this study, particularly for
hybrid bermudagrass, since the recommendation is only based on 2019 data. No CWSI
minimum threshold could be identified to maintain the quality of the selected species due
to its high variability and low correlation with VR. Given their ease of use for small plot
data collection, we selected handheld sensors in this study to measure canopy temperature
and NDVI. However, collecting data from larger irrigated areas in practice using handheld
sensors might be time-consuming and challenging. Further studies are needed to explore
the utility of unmanned aerial vehicles and advanced multispectral and thermal cameras
and compare their readings with handheld sensors used in this study.
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